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Environmental surveys are performed regularly in environmental monitoring of possible industrial

pollution. The seabed pollution from industry in or near water, e.g. offshore oil production, can be

biologically monitored as benthic species, and their diversity can be used as indicators of pollution.

The community disturbance index (CDI) was recently proposed as a quantitative measure of

pollution calculated from the benthic data. However, the CDI and other measurements are not

optimal for quantifying the changes in level of environmental stress over several years. In this work

it is suggested that the total environmental stress over several monitoring surveys can be determined

by modelling the natural variation for a set of non-polluted sites. The suggested approach uses a

multiway method (Tucker3) to describe the natural variation, and the three-way extension of CDI to

quantify the pollution. Implicitly, the traditional soft independent modelling of class analogies

(SIMCA) classification is extended to its three-way counterpart. The proposed method is tested on

the data from four subsequent surveys performed at the North Sea oil field Embla. Copyright# 2004

John Wiley & Sons, Ltd.
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1. INTRODUCTION

Benthic species and their diversity can be used as indicators

of pollution [1], and this is used to monitor environmental

stress near possible pollution sources. One example is the oil

production fields in Norwegian waters, where the Norwe-

gian Pollution Control Authority (SFT) demands that benthic

samples are collected regularly [2]. This results in a data

matrix containing the number of each observed species at

every sampling site, which can be used to determine the

environmental stress for the different sites. However, as the

monitoring surveys are performed regularly, a series of data

matrices is obtained. These can be put together in a three-

way array which contains the number of each species at

every sampling site for all surveys. Hence the data array has

three directions or modes of information: (i) the sampling

site mode, (ii) the species mode and (iii) the time (survey)

mode. The question is whether it is possible to extract and

quantify the environmental stress for the different sites and

possible changes over time.

Massart and co-workers [3,4] have suggested an approach

for quantifying the level of disturbance in environmental

surveys. Their approach is based on soft independent mod-

elling of class analogies (SIMCA) [5]. Massart et al. suggested

to use the samples collected far from the oil rig as a reference

set representing the natural variation in the area, and this

reference set is decomposed by principal component analy-

sis (PCA) [6,7], providing a reference model that describes

the natural variation. Subsequently, the remaining samples

are compared with the reference model, and the degree of

similarity, quantified as the community disturbance index

(CDI), is used as an estimate for the pollution level. Ob-

viously, the estimate measures the similarity to the chosen

reference set, so natural differences and pollution are de-

tected and quantified together. Thus these two sources of

variation cannot be separated without additional informa-

tion, e.g. study of abundance tables and identification of

opportunistic species.

There is a natural exchange of species in benthic commu-

nities even without any anthropogenic impact. It is assumed

that this natural exchange is similar for all non-polluted sites

in a survey area. The motivation for the assumption is that,

as there is a normal species community structure at an

undisturbed site, it is also reasonable to expect that there is

a normal change in the community structure, which is likely

to be similar in a constrained survey area. Based on this

assumption, the two-way approach suggested by Massart

et al. can be extended to a three-way approach where the

multiway reference model describes the natural variation for

the chosen reference set over time. Hence an estimate for the
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environmental stress over several surveys can be obtained.

The reference model is calculated by Tucker3, which can be

seen as a three-way extension of PCA. PCA decomposes a

two-way data matrix into one set of scores and one set of

loadings which, for benthic data, describe variation patterns

for the sampling sites and species respectively. Analogously,

Tucker3 decomposes a three-way array into one set of scores

and two sets of loadings which describe variation patterns

for the sampling sites, species and time.

It has been shown [8] that multiway analysis can be used

for analysing data from a series of monitoring surveys to

explore changes in species composition and relative changes

in environmental stress for different sites. However, in order

to quantify the environmental stress as outlined in the

previous paragraph, it is necessary to extend Massart et al.’s

approach [3,4] to three-way data. To our knowledge, this

type of multiway modelling has not been applied before in

any field, but several works are using multiway predictions.

In general, they discuss the regression problem, i.e. an N-

way array of observations is modelled and, subsequently,

response values for new samples are predicted using this

N-way model [9–11]. Louwerse et al. [12] predict left-out

samples from the remaining ones in a three-way array by

treating left-out samples as missing values. In an alternative

approach, Louwerse et al. [12] suggest to successively leave

out parts of the three information directions and to use a

combination of all possible models to estimate the-left out

parts. Neither of these approaches is suitable for our

purpose, although the way of extending two-way theory to

N-way modelling is adopted.

The present paper gives an introduction to the approach

for analysing survey data as outlined by Massart and co-

workers [3,4]. Secondly, the two-way approach is extended

to the three-dimensional case, and certain difficulties con-

cerning three-way (N-way) modelling are discussed. Finally,

the suggested approach is tested on a series of monitoring

surveys performed in four subsequent years at the North Sea

oil field Embla.

2. THEORY/METHODS

2.1. Notation and terminology
Italics are used to represent scalars, bold lower-case letters

indicate vectors and bold upper-case letters represent ma-

trices (two-dimensional). The three-way data arrays are

labelled by underlined bold capitals, e.g. the core array is

labelled G, and the term ‘mode’ denotes a direction in the

three-way array. Vectors are column vectors, and superscript

‘t’ signifies transposition. Subscripts are used as indices for

vectors, matrices or three-way arrays. Subscripts ‘a’, ‘b’ and

‘c’ indicate how the three-way arrays are matricized. Matri-

cization is the term for unfolding, i.e. the two-dimensional

representation of the three-dimensional data arrays [13]. ‘A’

matricized arrays have the B mode objects (or variables) as

row vectors in a (two-way) matrix; thus each row vector

contains both the B mode and the C mode observations/

measurements for the corresponding object. ‘A’, ‘B’ and ‘C’

correspond to the sampling site mode, the species mode and

the survey (year) mode respectively. The symbol ‘�’ denotes

the Kronecker product.

2.2. Two-way modelling
In the two-dimensional case the data are organized in an

I � J matrix X, where I is the number of samples and J is the

number of observed species. The first step is to select the R

samples to include in the reference set Xref. Subsequently the

reference set is decomposed by PCA as

Xref ¼ TrefP
t
ref þ E ð1Þ

Tref is an R� L matrix containing the L score vectors, and Pref

is a J � L matrix containing the L loading vectors. In two-way

PCA the number of components L is often decided by cross-

validation [14]. The I � J matrix E contains the residuals, i.e.

the variation in Xref not explained by the model.

When the model is established, the samples are fitted to it.

The corresponding score values tfit are calculated as

ttfit ¼ xt
iPref ð2Þ

where xt
i is the 1 � J vector of observations for sample i. The

vector ttfit contains a score for each of the L components in the

model for sample i.

Fitted score values are calculated for all I samples. Subse-

quently the deviations from the model (residuals) are calcu-

lated as

et
i ¼ xt

i � ttfitP
t
ref ð3Þ

where the vector et
i represents the 1 � J residual vector for

sample i.

The residual vectors are used to calculate the residual

standard deviation (RSD):

RSDi ¼

ffiffiffiffiffiffiffiffiffiffiffi
et
iei

J � L

s
ð4Þ

where RSDi is the RSD value for sample i. The denominator

represents the degrees of freedom. In Equation (5) the

calculation of RSD values for the R samples belonging to

the reference set is shown for sample r. The expressions are

similar, except that the degrees of freedom are modified [5]:

RSDref;r ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
et
rer

J � L

R� 1

R� L� 1

s
ð5Þ

After calculating the RSDi and RSDref;r values, it is possible

to evaluate whether the tested samples are similar to those of

the reference set. This is done by a regular F-test [5]. Firstly

the critical F value Fcrit is calculated at the selected signifi-

cance level, here F0:9;ðJ�LÞ;ðJ�LÞðR�L�1Þ. Secondly the F value is

combined with the mean RSD value for the reference set,

RSDref:

RSD2
crit ¼ RSD2

ref Fcrit ð6Þ

This gives RSDcrit, which can be interpreted as the border of

the model. Samples with RSD values larger than RSDcrit do

not belong to the model, while samples belonging to the

model have RSD values smaller than or equal to RSDcrit.

Massart [4] interpreted the ratio of the RSDi value to the

RSDcrit value as a measurement of the disturbance (pollu-

tion) of sample i. He labelled this ratio the community

disturbance index (CDI), and the calculation of the CDI

value for sample i is

CDIi ¼
RSDi

RSDcrit
ð7Þ
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2.3. Three-way modelling
In the three-way case the data are organized in a three-

dimensional array X with dimensions I � J � K. The A mode

contains the I samples, the B mode contains the J observed

species and the C mode contains the K survey years.

Just as in two-way modelling, a reference set Xref

is selected and a model describing this reference set

is calculated. Tucker3 [15,16], which is a three-way

generalization of PCA, is used to decompose the

reference set. The Tucker3 model for element xijk in the

data array X is

xijk ¼
XL
l¼1

XM
m¼1

XN
n¼1

ailbjmcknglmn þ eijk ð8Þ

where a, b and c are the loadings for the element in the

respective modes, while L, M and N are the numbers of

components in the A, B and C modes respectively. Contrary

to two-way PCA, the number of components can differ in

the different modes. glmn is the core element giving the

relative importance of the loading combination ailbjmckn.

There are no constraints on the loading combinations that

are allowed in the general Tucker model, as opposed to

PCA where the first score vector corresponds to the first

loading vector and so forth. The scalar eijk is the residual for

element ijk.

Analogously to PCA the Tucker loadings a, b and c

describe the variation in the A, B and C modes respectively.

Hence, by studying e.g. the a loadings, it is possible to learn

about patterns and trends in the A mode. Also in most other

ways the Tucker model can be interpreted and used as a

three-way PCA. The only exception is studies of interaction

effects between the three modes, because there are no con-

straints on loading combinations, as noted above.

The Tucker3 model for the A mode matricized data, i.e. the

I � J � K data unfolded to I � JK, Xa, implies

Xa ¼ A ðC� BÞGt
a

� �t þ Ea ð9Þ

where A, B and C correspond to the loadings in the respec-

tive modes and Ga is the L�MN A mode matricized core

array. The core array G has the dimensions L�M�N and

analogously to X it can be unfolded along each of the three

modes to give equivalent representations.

The dimensions of the loading matrices A, B and C and the

matricized core array are I� L, J�M, K�N and L�MN

respectively. Ea is the I� JK A mode matricized residual

array.

Introducing Wa � ðC� BÞGt
a simplifies the discussion

and makes the similarities to the two-way approach more

apparent:

Xa ¼ AWt
a þ Ea ð10Þ

Assume that the R samples in the reference set Xref

are selected. The reference set is decomposed by Tucker3,

giving the loading matrices Aref, Bref and Cref and the A

matricized core array Ga;ref. Then the model for the A mode

matricized reference set Xa;ref can be formulated analogously

to Equation (10) by defining Wa;ref � ðCref � BrefÞGt
a;ref.

Using the simplified three-way expression from Equation

(10), the extension of two way SIMCA is straightforward.

When the model of the reference set is established, any new

sample xa;i can be fitted to it:

at
fit;i ¼ xt

a;iWrefðWt
refWrefÞ�1 ð11Þ

The selected definition of W implies that the core array, G

is ‘frozen’ after the model is established. The fitted samples

afit thus have the same core as the R reference samples. This

can be motivated by Equation (8): in a two-way model with

two components in both the A and B modes the equation

reads xijk ¼
P2

l¼1

P2
m¼1 ailbjmglm þ eij, which means that the

core array G is a 2� 2 matrix. The general Tucker model has

no constraints on the core array; however, in the special case

which corresponds to the PCA model, G is a unitary matrix,

i.e. a diagonal matrix with ones on the diagonal. In the

general Tucker model, as in the PCA model, the core

elements give the relations between the different compo-

nents, but in the Tucker model the core also gives the

components’ importance, as they usually are normalized,

while the size information in a PCA model is usually given

by the A mode components.

A central issue in SIMCA modelling is to describe the

variation for a group of samples by PCA and to later

compare new samples with this model to determine their

similarity to the reference set. Applying the Tucker termi-

nology, the model can be formulated as AGBt. The scores for

new samples are found by a projection on GBt, which equals

Bt as G is a unitary matrix. However, if the general two-way

Tucker model was to be used instead of PCA, the interrela-

tion between the components could be different from the

unitary matrix and it would be necessary to project new

samples on GBt. In this case it would make sense to normal-

ize G and put the size information in A in order to be able to

compare sizes between reference samples and new samples.

The other option for using general Tucker in SIMCA would

be to group the core matrix with A; hence scores for new

samples would be determined by projection on Bt, but the

new scores would be the product AG. The size information

is kept, but in the general Tucker model the components can

be non-orthogonal and, as the components’ interrelation-

ships are determined by the core matrix, differences between

the reference set and new samples could occur. Clearly this is

a non-desirable situation. Thus it makes sense to ‘freeze’ the

core array after calculating the model for the reference set. In

this work the core array is also normalized and all size

information is put in the A mode components A.

The sample to be fitted in Equation (11) is A mode

matricized. The distance to the model for sample i is calcu-

lated as

et
a;i ¼ xt

a;i � at
fit;iW

t
ref ð12Þ

The dimension of et
a;i is 1 � JK, i.e. a vector with one element

for each species each year.

The three-way RSD values for sample i can be calculated

as

RSDi ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
et
a;iea;i

ðJ �MÞðK �NÞ

s
ð13Þ

The correction for degrees of freedom is a direct extension of

the correction used in the two-way analysis, Equation (4), i.e.
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the degrees of freedom is the number of variables minus the

number of components in the model. Just as in the two-way

approach, the RSD values for the R samples in the reference

set are different with respect to the correction term [5] for

degrees of freedom:

RSDref;r ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
et
a;rea;r

ðJ �MÞðK �NÞ
R� 1

R� L� 1

s
ð14Þ

If the variation in the fitted samples is equal to that in the

modelled ones (reference set), their residuals will be similar

to the residuals of the reference samples. This can be tested

by means of an F-test, and a border RSDcrit can be established

for the model, in analogy with Equation (5):

RSD2
crit ¼ RSD2

ref Fcrit ð15Þ

RSDref is the mean of the RSD values for the samples in the

reference set and Fcrit is the critical F value adjusted for

degrees of freedom at the selected level of significance, here

F0:9;ðJ�MÞðK�NÞ;ðR�L�1ÞðJ�MÞðK�NÞ.

2.3.1. Missing values
In the studied data set there are some missing values due to

minor changes in the sampling sites from one year to

another. The standard approach to handling missing values

is the expectation maximization (EM) algorithm [17], and it is

for example used by Andersson and Bro [18] in their N-way

toolbox. The EM algorithm is also implemented in the in-

house algorithms developed in this project. Obviously, miss-

ing values always introduce some extra uncertainty into the

analyses. This results in less reliable predictions for new

samples, which can be taken into account in the interpreta-

tion of the analysis results, as missing values correspond to

sites which are not measured in a particular year. Missing

values in the reference set, however, affect the model and

thus all predictions, so missing values should be avoided in

the reference set.

2.3.2. Plotting procedures
In a recent work, Kiers [19] suggested plotting procedures

for multiway models which take into account that compo-

nents might not be orthonormal. He also shows how differ-

ent modes should be visualized in other mode spaces.

Basically he suggests routines for finding orthonormal bases

and corresponding co-ordinates. Herein his approach to

representing combinations of loadings from two modes is

utilized. The objective is to visualize the changes in the

benthic communities at the different sampling sites during

the surveys. This can be achieved by plotting the combina-

tion of A mode (sampling sites) and C mode (survey years)

loadings in a B mode (species) space. The tracks that arise in

the B mode space are called trajectories and give information

about the changes in species composition for the different

sampling sites over time. It is also possible to visualize the

trajectories for both the fitted samples and the reference

samples in one figure by using Kiers’ routines. Details of

the procedure are given in the Appendix.

2.4. Software
All calculations were performed in MATLAB 6.5

(MathWorks Inc., Natick, MA, USA) using a combination

of in-house routines and the N-way toolbox [18]. The in-

house modelling and prediction routines utilize Gram–

Schmidt iterations as proposed by Kroonenberg et al. [20].

3. DATA

The proposed approach is tested on a benthic microfauna

data set from the Embla oil field, which is located on the

Norwegian continental shelf. The faunal samples are col-

lected and handled according to the prescriptions given

by the Norwegian Pollution Control Authority [2,21]. The

monitoring surveys from 1990, 1991, 1992 and 1993 are used.

Each survey gives a data matrix with the observed species

and their abundance at each sampling site. These matrices

are collected in a three-way data array. In all but the 1993

survey, 20 sampling sites were monitored and five replicates

were taken at each site. All calculations were performed

using the replicates, but all results are reported as median

values for each site. In 1993 the sites 315/250, 45/250, 135/

250, and 225/250* were not monitored. In the three-way

array these are labelled as missing values and they are

treated as such in the analyses. Over the years the observed

species can change owing to natural factors or anthropogenic

impact. The total number of species observed for all four

surveys is 357, while the highest number observed in a single

year is 182. The species not observed in a survey are set to

zero for all sampling sites that year in the data array.

Additionally, all juvenile species are removed to stabilize

the data [22].

4. RESULTS AND DISCUSSION

The first step in the proposed analytical approach is to

choose which samples to include in the reference set. Ob-

viously this is a crucial step, as the reference set is the

reference for later detection of abnormal variation in the

sampling area, i.e. possible pollution. The inclusion of too

many samples in the reference set leads to detection of too

few abnormal samples, while the inclusion of too few

samples leads to detection of too many abnormal samples.

The consequences are that possible polluted samples are not

detected or that normal samples are classified as polluted

respectively. In SIMCA the reference set is usually chosen by

using a priori information, likewise the approach suggested

in this work is a type of supervised classification. In the case

of monitoring around an oil field, there is a set of sampling

sites located at various distances from the oil rig, which is the

suspected pollution source. That the pollution decreases

with increasing distance from the source is a reasonable

assumption, and the distance from the oil rig is therefore

used as the main criterion for choosing the reference set.

Additionally, in the regulations given by the Norwegian

Pollution Control Authority it is stated that in environmental

surveys on the Norwegian continental shelf at least one of

the sampling sites along each of the sampling bearings

should be unpolluted (Reference [2], p. 30), otherwise the

outer sampling sites have to be moved further away from the

*The sampling sites are labelled aa/bb, where aa gives the direction
in degrees with respect to the north and bb gives the distance in
metres to the oil platform along the given direction.
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oil rig. The validity of the reference set is checked by

ordination methods, e.g. PCA.

The sampling sites located 1000 m or more away from the

oil rig were included in the reference set, and it was vali-

dated by PCA ordination, i.e. the sampling sites were ver-

ified to be a homogeneous group of samples. The analysis

reported later in this paper confirms that the chosen refer-

ence set is reasonable.

In Figure 1 the trajectory plot for the Embla data is shown.

A (2,3,2) Tucker3 model explaining 57.1% of the variation

in the centred reference set was used to produce the plot.

In the further analyses a (2,2,2) Tucker3 model is used, but

the trajectory plot is more informative for the (2,3,2) model.

The trajectory plot depicts, as mentioned earlier, the change

in the samples over time in the species space. Hence both

differences in species composition and differences in

changes in species composition are detectable. The trajec-

tories for the samples not belonging to the reference set are

indicated by dotted lines in Figure 1. A first observation is

that the reference samples and the non-reference samples

are located in different regions of the plot. Obviously this is

partly due to the model being built from the reference set,

but it also confirms that the chosen reference set is reason-

ably homogeneous.

Unfortunately the two-dimensional representation of

Figure 1 is hard to read, but using a graphical tool with a

rotation option gives more information. For instance, the

trajectories for the reference samples are generally similar in

shape to the one visible in the lower left of the plot. A

possible interpretation is that, although the species composi-

tion can be slightly different among the reference stations, as

indicated by different locations in the species space, there are

similarities in the changes over time. In order to investigate

this further, it is necessary to study the species abundance

tables which were used when building the model. In Table I

the 10 most abundant species for sites 180/2000 and 270/

1000 in each of the four surveys are shown. Looking at the

most abundant species, Galathowenia oculata, the figures

show that at both stations the highest abundance is found

in 1990 and the second highest in 1992, while the abundance

is less in 1991 and 1993. Mysella bidentata is only ranked

among the 10 most abundant species in the 1991–1993

surveys at both sites, while Phoronis sp. only makes it to the

10 most abundant species in the years 1990–1992. Ampharete

falcata shows yet another pattern and is only among the 10

most abundant species in 1991 and 1993 at both sites. Hence,

there are some similarities in the changes in species abun-

dance and composition, and, combining the listed and

similar observations with knowledge of benthic commu-

nities, the nature of the changes over the years can be

determined, e.g. it can be determined whether the change

over the years is due to normal variation or anthropogenic

impact.

A (2,2,2) Tucker3 model explaining 56.9% of the variance

in the centred reference set was constructed, and the

RSDi=RSDcrit ratios were calculated, Equations (11)–(15).

The results are shown in Figure 2. The white bars denote

reference samples and each bar is labelled with the distance

to the oil rig and the direction with respect to the north.

The ratios reported in Figure 2 comprise the deviation

from the model through all the surveys included in the

model. Thus they can be interpreted as a measurement of

how well the changes in the benthic community at a certain

sampling site agree with the overall natural variation, which

is described by the model. RSDi=RSDcrit ratios higher than

one imply that the corresponding samples are different from

the natural variation described by the model, Equation (15).

Changes at a certain sampling site that do not correspond to

the natural variation, as described by the model, indicate a

disturbance (pollution). Natural effects, e.g. landslides, may

Figure 1. The trajectories for all the samples collected at the Embla field plotted in a
species space defined by a (2,3,2) Tucker3 model describing the reference samples.The
model explains 49.5% of the variation in the reference set.The lines connect the samples
fromdifferentyearsforeachsite,andthenon-referencetrajectoriesareindicatedbybroken
lines.
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occur at certain sites in the sampling area, but usually such

effects can be distinguished from pollution effects by con-

sidering the list of observed species and their abundance.

Inspection of this list is of course mandatory in the analysis

of benthic count data.

As can be seen in Figure 2, 270/250 is the sampling site

most different from the model, implying that the benthic

community at this site differs most from the common fea-

tures of the reference set as captured by the model. From this

it can be interpreted that 270/250 is the overall most dis-

turbed site in the surveys, or that it is the site most influenced

by non-natural effects during the monitoring period, e.g. the

site with the highest increase in pollution. Whether the

deviation from the model is due to pollution can only be

confirmed by consulting the species abundance tables, and

the 10 most abundant species at 270/250 in the four surveys

are listed in Table II. A detailed discussion of the abundance

tables is not included here, but a few observations are

evident from Table II. Look for instance at the most abundant

species, Chaetozone setosa, which is known to be an opportu-

nistic species, i.e. it survives in environments with stress

levels that would remove other species. The number of

observed Chaetozone setosa in 1992 is almost six times as

high as in 1991, while there is a decline for most of the other

species. The Chaetozone setosa abundance remains high in the

1993 survey.

Most of the other sites located 250 m away from the oil rig

are also clearly different from the model, which indicates

that they may be polluted. Generally the sites become more

similar to the model the further away from the oil rig they

are located. This supports the proposed hypothesis that the

pollution is more severe near the oil rig. However, care must

be taken, as the model is built using the samples furthest

away from the oil rig. If there is a change in the natural

environment with increasing distance to the oil rig, such as

seabed changes, depth changes or similar changes, the

difference reported by the model is just a natural difference

and not pollution. Again, pollution can only be confirmed by

consulting the species abundance tables or other additional

measurements.

The RSDi=RSDcrit ratios depict, as mentioned, the differ-

ences between the variation of the non-reference samples

and the natural variation over all survey years as described

by the model. A natural next question is whether the multi-

way model also can be used to diagnose the pollution levels

for each year. This can be tested by splitting the 1 x JK

residual vectors into 1 x J survey-specific vectors. The 1 x J

residual vectors are used to calculate RSD values according

to Equations (13) and (14), and the survey specific

RSDi=RSDcrit ratios are calculated.

The annual RSDi=RSDcrit ratios for the four survey years are

shown in Figure 3, where each subfigure is labelled with the

corresponding survey year, and the bars corresponding to the

reference samples are indicated in white. There are no bars for

the last four sites in Figure 3(d), as these sites were not

monitored in 1993. Clearly, 1990 is the year with the lowest

overall disturbance, Figure 3(a), and for this year only 135/

250 is disturbed, i.e. has an RSDi=RSDcrit ratio higher than

one. For the other survey years the sites located 250 and 500 m

away from the oil rig are disturbed. The exception to this

trend is 90/500 in the 1991 survey, which apparently is not

disturbed. The 270/250 site, which is the most disturbed site

according to the RSDi=RSDcrit ratios for all the years, Figure 2,

has low annual RSDi=RSDcrit ratios for both 1990 and 1991.

However, in 1992 and 1993 this site is clearly the one which is

most different from the model. This strengthens the earlier

hypothesis that 270/250 was the sampling site which had the

most different changes in species abundance and composition

compared with the reference set over the monitoring period.

Possibly there is a general trend towards higher RSDi=RSDcrit

ratios over the years, and this can indicate that there was an

increase in experienced stress on the benthic communities,

but, as mentioned earlier such conclusions need to be tested

by e.g. consulting the species abundance tables.

The annual RSDi=RSDcrit ratios are not identical to the CDI

values proposed by Massart et al., Equation (6), as the

multiway model comprises the variation for all the surveys

(see previous discussion). CDI values, on the other hand,

report deviations from a model describing the natural

Table I. The 10 most abundant species at the 180/2000 and
270/1000 sampling sites for all four surveys. The listed numbers

indicate theabundancesfor the correspondingspecies

Year 180/2000 270/1000

1990 Galathowenia oculata (136) Galathowenia oculata (148)
Amphiura filiformis (69) Amphiura filiformis (44)
Phoronis sp. (34) Scoloplos armiger (28)
Scoloplos armiger (33) Goniada maculata (28)
Levinsenia gracilis (26) Sthenelais limicola (20)
Goniada maculata (25) Nephtys longosetosa (14)
Spiophanes bombyx (22) Phoronis sp. (14)
Chaetoderma nitidilum (21) Levinsenia gracilis (12)
Chaetozone setosa (17) Eudorellopsis deformis (11)
Eudorellopsis deformis (13) Harpinia antennaria (11)

1991 Mysella bidentata (91) Amphiura filiformis (78)
Amphiura filiformis (72) Galathowenia oculata (72)
Galathowenia oculata (67) Mysella bidentata (41)
Phoronis sp. (35) Phoronis sp. (31)
Chaetozone setosa (32) Goniada maculata (24)
Goniada maculata (28) Ampharete falcata (22)
Scoloplos armiger (19) Scoloplos armiger (15)
Chaetoderma nitidilum (16) Chaetozone setosa (15)
Sthenelais limicola (14) Sthenelais limicola (12)
Ampharete falcata (13) Chaetoderma nitidilum (11)

1992 Galathowenia oculata (107) Galathowenia oculata (157)
Amphiura filiformis (60) Chaetozone setosa (68)
Mysella bidentata (50) Amphiura filiformis (50)
Chaetozone setosa (38) Mysella bidentata (36)
Harpinia antennaria (27) Phoronis sp. (27)
Goniada maculata (23) Goniada maculata (26)
Phoronis sp. (23) Harpinia antennaria (22)
Chaetoderma nitidilum (18) Sthenelais limicola (15)
Eudorellopsis deformis (16) Tharyx/Caulleriella sp. (14)
Nemertini indet. (14) Levinsenia gracilis (13)

1993 Galathowenia oculata (75) Galathowenia oculata (90)
Amphiura filiformis (49) Amphiura filiformis (58)
Harpinia antennaria (24) Mysella bidentata (40)
Chaetozone setosa (23) Ampharete falcata (27)
Mysella bidentata (22) Scopelocheirus hopei (27)
Goniada maculata (19) Chaetozone setosa (22)
Sthenelais limicola (18) Sthenelais limicola (21)
Ampharete falcata (14) Goniada maculata (21)
Eudorellopsis deformis (14) Harpinia antennaria (19)
Trichobranchus roseus (13) Chaetoderma nitidilum (13)
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variation for a single year. Nevertheless, to compare them

with corresponding CDI values is an interesting validation

of the annual RSDi=RSDcrit ratios. Hence the CDI values for

each survey were calculated according to Equations (1)–(6).

The same reference set as used in the three-way modelling

was employed and all the models were composed of two

PCA components. In Figure 4 the annual RSDi=RSDcrit ratios

are plotted versus the CDI values for the four survey years.

The symbols denoting the different years are specified in the

legend of the figure.

Figure 4 shows that for all surveys except the 1990 survey

the correlation between the annual RSDi=RSDcrit ratios and

the CDI values is 0.91 or higher. However, it is clear that the

correspondence between the two measurements is best for

the 1991 survey. The 1992 survey also has a fairly good

correspondence, but it seems like the less disturbed samples

generally have lower CDI values than RSDi=RSDcrit ratios,

while for the most disturbed samples the CDI values are the

highest. The results from the 1993 survey are biased towards

higher CDI values than RSDi=RSDcrit ratios. The observed

deviations for all surveys can be explained by the differences

in the two underlying models, as describing the natural

variation over several years is likely to incorporate some

natural benthic community dynamics which are not cap-

tured by a single-year model. A closer look at the 1990

survey demonstrates this point well. In Figure 5 the leverage

values for two-way (top) and three-way (bottom) models are

shown together with the sum of abundances (middle) for the

species observed in the 1990 survey. Leverage values can in

this context be regarded as the respective species’ impor-

tance or weight in the model, and a high value reflects large

importance. In the 1990 survey, Figure 5 (middle), Amphiura

filiformis and Chaetozone setosa have similar abundances.

However, in the two-way model (top), Amphiura filiformis

has high importance while Chaetozone setosa has lower im-

portance. In the three-way model (bottom) the situation is

the opposite: Amphiura filiformis has low importance while

Chaetozone setosa has higher importance. The two-way model

also gives a better representation of the characteristics parti-

cular to the 1990 species composition, which was expected.

5. CONCLUSION

An approach to multiway modelling of natural variation and

quantification of deviations (pollution) from this natural

variation is proposed. The multiway approach is deduced

Figure 2. TheRSDi/RSDcrit ratios for the stationsat the Embla field.Eachbar is
labelledwith the correspondingsamplingsite.

Table II. The10most abundant speciesat the 270/250 samplingsite forall foursurveys.Thelistednumbersindicate theabundancesfor the
correspondingspecies

1990 1991 1992 1993

Chaetozone setosa (188) Chaetozone setosa (135) Chaetozone setosa (682) Chaetozone setosa (479)
Galathowenia oculata (70) Galathowenia oculata (129) Galathowenia oculata (84) Nemertini indet. (101)
Nemertini indet. (15) Phoronis sp. (68) Nemertini indet. (48) Galathowenia oculata (82)
Levinsenia gracilis (15) Mysella bidentata (55) Arctica islandica (46) Tharyx/Caulleriella sp. (32)
Glycera alba (14) Amphiura filiformis (47) Glycera alba (26) Timoclea ovata (22)
Ampharete falcata (13) Goniada maculata (25) Mysella bidentata (24) Ampharete falcata (21)
Cephalaspidea indet. (12) Ampharete falcata (20) Goniada maculata (16) Goniada maculata (19)
Phoronis sp. (10) Levinsenia gracilis (12) Ampharete falcata (15) Thyasira flexuosa (17)
Chaetoderma nitidilum (8) Arctica islandica (12) Phaxas pellucidus (15) Levinsenia gracilis (15)
Philine scabra (8) Nemertini indet. (8) Tharyx/Caulleriella sp. (14) Glycera alba (11)
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from existing two-way theory and tested on a data set

consisting of four monitoring surveys performed on an

offshore oil field in four subsequent years.

Clearly the proposed method highlights and describes

changes that can be confirmed by consulting the species

abundance tables. Thus it is a good explorative tool which

can be used to spot similarities and differences between sites

and the changes in their species composition over time.

Additionally, the RSDi=RSDcrit ratios give a quantification

of the differences between sampling sites, and, as the

RSDi=RSDcrit ratio is the statistic from an F-test, a statistical

limit for polluted samples is obtained. However, care must

be taken, as the RSDi=RSDcrit ratios report differences in

general, so it is necessary to confirm that the observed

differences are due to pollution by consulting species abun-

dance tables or other additional measurements.

The RSDi=RSDcrit ratios were compared with the CDI

values, and generally the correlation between the two mea-

surements was high, more than 0.9. However, there were

some deviations, and especially for the 1990 data set the

correlation was poor, �0.3. A closer study showed that the

deviations were most likely due to different species having

Figure 3. The survey-specific RSDi/RSDcrit ratios for the Embla data.The reference samples are indicatedby
whitebars.

Figure 4. The annual RSDi/RSDcrit ratios plotted against the CDI
valuesfor thesamplescollectedat theEmblafield.Thedottedlines
show theborderof themodels.
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different importance in the three-way and two-way models.

Hence, if the environmental stress for a single survey is

studied, it is advisable to use the CDI values.
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APPENDIX. KIERS’ PLOTTING PROCEDURE

Kiers [19] recently suggested plotting procedures for multi-

way models. Below, his procedure for ‘trajectory plots’, i.e.

the combinations of loadings from two modes plotted in the

third mode’s space, is outlined for the plot of the combina-

tion of A mode (sampling sites) and C mode (survey years)

loadings in the B mode (species) space.

Wb is introduced:

Wb � ðA� CÞGt
b ð16Þ

where A and C are the A and C mode loadings, respectively

and Gt
b is the B mode matricized core array.

Kiers’ procedure requires that an orthogonal basis for B

is found. Subsequently the combinations of A and C

mode loadings, Wb, are plotted utilizing this orthogonal

basis.

1. Find H such that, for ~BB ¼ BH; ~BBt~BB ¼ I holds. The trans-

formation matrix H can be found by Gram–Schmidt

orthonormalization, for instance.

2. Plot rows of ~WWb ¼ WbðHtÞ�1 to display the IK combina-

tions of A and C mode entities (trajectories).

3. Plot rows of ~BB to display projections of the J original axes

onto the subspace.

When ‘new’ samples are fitted to the existing model, we

obtain new values for the sampling site scores at
fit. The ‘new’

Wb value Wb;fit, is defined as

Wb;fit ¼ ðat
fit � CÞGt

b ð17Þ

Apart from exchanging Wb and Wb;fit, the plotting proce-

dure remains unchanged. Accordingly the same orthogonal

basis is used, implying that the trajectories for both the fitted

samples and the reference samples can be shown in one

figure.
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