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Background 
HELCOM and OSPAR are seeking synergies in relation to indicator work. Comparisons of the assessment 

protocol methods applied to monitoring data in order to produce indicator evaluations was initiated during 

CORESET II with the aim to establish whether HELCOM could apply the methods developed by OSPAR 

MIME on the core indicators. OSPAR and ICES have developed so called ‘data views’ which are produced 

using the R-script developed by OSPAR MIME. If HELCOM could apply the same assessment protocol 

methods, it would also enable the use of the script reducing the workload for data-processing when 

evaluating the indicators based on monitoring data stored in the COMBINE database hosted at ICES. 

The method comparison has been carried out by Swedish experts in cooperation with Danish- and OSPAR 

MIME experts. The comparison shows that there are differences in some of the steps of the two methods in 

which both advantages and disadvantages regarding the alternative approaches can be discussed. In 

conclusion, the experts express full confidence in the method used by OSPAR for assessment of 

environmental contaminants and see no obstacles in HELCOM exploring ways to use the same method to 

evaluate contaminant data generated within the HELCOM area. The method is constantly developed within 

the OSPAR MIME-group to accommodate new data and new objectives, which also opens up opportunities 

for improvement. 

This document summarizes the method comparison.  

 

Action required 
The workshop is invited to consider and discuss the outcome of the method comparison and conclude on 

next steps for testing and applying the method in the HELCOM framework. 
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Method comparison of HELCOM and OSPAR MIME indicator assessment 

protocols 
 

Statistical treatment  
 
The aim with this document is to compare the different methods used by OSPAR MIME and the method 

earlier used in the HELCOM fact-sheets for contaminants in biota also used within the Swedish National 

Monitoring of Contaminants in biota (SNMP). Both methods are described in this document  

Within the OSPAR MIME group (Working Groups on Monitoring and on Trends and Effects of Substances in 

the Marine Environment), an annual assessments of contaminant data are produced and presented in an 

on-line tool. The assessment is based upon contaminant data from contracting parties extracted from the 

ICES database. 

Here follows descriptions of the methods with the differences brought up and commented on in the table. 

Data treatment: 

 SE assessment method OSPAR MIME 

Annual mean value At present, geometric mean 

concentrations are used. 

 

Comment NRM: Medians are 
more robust but not straight 
forward to use when adjusting 
for confounding factors. 
Medians are particularly useful 
when dealing with LOQs if more 
than 50% are > LOQ. We have 
other methods to replace LOQs 

Median log concentrations 

Comment Rob (MIME 

WG):Would be interested in 

how you do this.  Does this only 

work when you have a small 

percentage of LOQs each 

year?  What about time series 

with a single observation each 

year – we have plenty of those 

(often shellfish) in the OSPAR 

data 

Data treatment, weighted 

values 

No weighting are applied to the 
annual indices.  

 

Comment NRM: We generally 
don’t have the necessary 
information from the past. We 
also believe that other factors 
(i.e. confounding factors) than 
the analytical precision 
contribute far more to the total 
within-year variation, hence 
making the weighting solely on 
analytical error unfair and 
possibly misleading. 

 

A weight is assigned to each 

annual median that 

incorporates information of the 

analytical quality 

Comment Rob (MIME 

WG):Agreed, but the analytical 

weights are only the first step in 

the process.  These are then 

used to construct statistical 

weights which are an 

‘appropriate’ balance between 

the analytical weights and the 

rest of the residual between-

year variation.  If the analytical 

variation is small compared to 

the residual between-year 
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variation, then effectively all 

points get equal weight. 

Trend analysis < 5 years mean value in map 

> 4 years of data: both log-linear 
regression and smoother are 
applied, and compared within an 
ANOVA to find out if the smoother 
and/or the log-linear regression 
line are significant.   

For the shorter time series the 
smoother is generally based on a 
three year window while a larger 
window is used for the longer time 
series  

A non-parametric trend test is also 
carried out and compared with the 
regression and checked for 
explanations in case the results 
differ much, this to see possible 
effects of outliers. 

 

Comment NRM: methods are 
similar with small 
modifications.  

 

Log-linear regression analysis 
enables quantitative trend 
estimates (e.g. the average 
annual decrease, half-times 
etc.)   

 

 

A weighted regression model is 

fitted to the annual 

contaminant indices. The type 

of model depends on the 

number of years of data:  

 1-2 years: no model 

 3-4 years: mean 

 5-6 years: linear trend 

 7+ years: smoother 
(decomposed into a 
nonlinear and linear 
component) 

The smoother is based on 

either 7, 9 or 11 years 

according to Akaike’s 

Information Criterion (AIC). 

 

Comment Rob (MIME WG): This 

was changed this year and is 

now similar to what you 

do.  Still only fit a smoother to 

7+years, but also compare this 

with a log-linear trend and used 

the log-linear trend if better 

than the smoother.  Use AICc 

for model choice.  We now also 

consider a wider range of 

windows (7, 9, 11, etc) to give 

both wiggly and smoother 

smoothers!  The type of 

window is now more like that 

originally proposed by 

Cleveland, so deals with year-

skipping monitoring strategies 

better.   

Compliance with assessment 

criteria 

One-tailed One-sample t-tests 

based on the average 

concentrations for the last 6 

years (if samples were 

collected). 

Environmental status is 

assessed by comparing the 

upper one-sided 95% 

confidence limit on the fitted 

value in the most recent 

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#ModelFitting
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The power of the test depends 

on the variance in the sample, 

the distance to the target value 

and the sample size. 

 

Comment: ?? 

monitoring year to the 

available assessment criteria.  

For example, if the upper 

confidence limit is below the 

Background Assessment 

Concentration (BAC), then the 

mean contaminant index in the 

most recent monitoring year is 

significantly below the BAC and 

concentrations are said to be 

'at background'. 

No formal assessment of status 

is made when there are only 1 

or 2 years of data. However, an 

ad-hoc assessment is made by 

comparing the contaminant 

index (1 year) or the larger of 

the two contaminant indices (2 

years) to the assessment 

criteria. 

 

 
Method earlier used in the HELCOM fact-sheets on contaminants in biota.  
 
Trend detection 
The trend detection is carried out in three steps. 
 

1. Log-linear regression analyses 
Log-linear regression analyses are performed for the entire investigated time period and also for the most 
recent 10 years for the longer time series.  
 
The slope of the line describes the yearly percentage change. A slope of 5% implies that the concentration 
is halved in 14 years, whereas a slope of 10% corresponds to a similar reduction in 7 years, and 2% in 35 
years. (Table 7.1). 
 
The approximate number of years required to double or half the initial concentration, assuming a 
continuous annual change of 1, 2, 3, 4, 5, 7, 10, 15 or 20% a year. 

 1% 2% 3% 4% 5% 7% 10% 12% 15% 20% 

Increase 70 35 24 18 14 10 7 6 5 4 
Decrease 69 35 23 17 14 10 7 6 4 3 

 
2. Non-parametric trend test  

The regression analysis assumes, among other things, that the regression line gives a good description of 
the trend. The leverage affect of points at the end of the line is also a well-known fact. An exaggerated 
slope, caused 'by chance' by a single or a few points at the end of the line, increases the risk of a false 
significant result when no real trend exist. A non-parametric alternative to the regression analysis is the 
Mann-Kendall trend test (Gilbert, 1987, Helsel D.R. and Hirsch R.M., 1992c, ICES, 1995). This test generally 
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has lower power than the regression analysis, and does not take into account differences in magnitude of 
concentrations; it only counts the number of consecutive years where the concentration increases or 
decreases compared with the year before. If the regression analysis yields a significant result but the Mann-
Kendall test does not, the explanation could be either that the latter test had lower power, or that the 
influence of end points in the time series has become unjustifiably high on the slope. Hence, the eighth line 

reports Kendall's '', and the corresponding p-value. The Kendall's '' range from 0 to 1 like the traditional 
correlation coefficient ‘r’, but will generally be lower. ‘Strong’ linear correlations of 0.9 or above correspond 

to -values of about 0.7 or above (Helsel D.R. and Hirsch R.M., 1992a). This test was recommended by the 
US Environmental Protection Agency (EPA) for use in water quality monitoring programmes with annual 
samples, in an evaluation comparing several other trend tests (Loftis J.C. et al., 1989). 
 

3. Non-linear trend components  
In order to describe development over time, an alternative to the regression line is a type of smoothed line. 
The smoother applied here is a simple 3-point running mean smoother fitted to the annual geometric mean 
values. In cases where the regression line is a poor fit, the smoothed line may be more appropriate. The 
significance of this line is tested by means of an Analysis of Variance, where the variance is explained by the 
smoother line, and the regression line is compared with the total variance. This procedure has been used in 
assessments at ICES and is described by Nicholson and co-workers (Nicholson et al., 1998). 
 
Adjustments for covariables 
It has been shown that metal concentrations in cod liver are influenced by fat content (Grimås et al., 1985). 
Consequently, the metal concentrations in cod liver are adjusted for fat content. On some occasions (when 
the average fat content differs between years) this is of major importance and might change the direction 
of the slope and decrease the between-year variation considerably. For the same reasons, organochlorines 
in spring-caught herring muscle tissue are adjusted for fat content (Bignert et al., 1993) where appropriate 
(indicated in the header text of the figures). 
 
Outliers and values below the quantification limit 
Observations further from the regression line than expected from the residual variance around the line are 
subject to special concern. These deviations may be caused by an atypical occurrence of something in the 
physical environment, a change in pollution load, or errors in the sampling or analytical procedure. The 
procedure used to detect suspected outliers in this report is described by (Hoaglin and Welsch, 1978). It 
makes use of the leverage coefficients and the standardised residuals. The standardised residuals are tested 
against a t.05 distribution with n-2 degrees of freedom. When calculating the ith standardised residual the 
current observation is left out, implying that the ith observation does not influence the slope or the 
variance around the regression line. The suspected outliers are merely indicated in the figures and are 
included in the statistical calculations except in a few cases, as indicated in the figures. 
 
Values reported that are below the quantification limit are substituted using the reported LOQ divided by 
the square root of 2. 
 
In time series where all values in one year are below LOQ, a gray bar show the maximum LOQ and a dot 
represent the geometric mean value estimated from the individual LOQs divided by the square root of 2. In 
earlier years the LOQ were not reported. In these cases when at least one analysis showed a concentration 
above LOQ, a blue bar represents the minimum value above LOQ. The dot in these cases is estimated from 
the minimum value divided by 2 
 
Plot Legends 
The analytical results from each of the investigated elements are displayed in figures. A selection of sites 
and species are presented in the plots; no time series are shorter than four years. 
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The plot displays the geometric mean concentration of each year (circles) together with the individual 
analyses (small dots) and the 95% confidence intervals of the geometric means. 
 
The overall geometric mean value for the time series is depicted as a horizontal, thin line.  
 
The trend for the whole time period is presented by a regression line (plotted if p < 0.10, two-sided 
regression analysis); p < 0.05 is presented by a red line and 0.05 < p < 0.10 is presented by a dashed blue 
line. The trend for the last ten years is plotted if p < 0.2 and p < 0.05 is presented by a red line and 0.05 < p 
< 0.2 is presented by a dashed light blue line. Ten years is often a too short period to statistically detect a 
trend unless it is of considerable magnitude. Nevertheless, the ten year regression line will indicate a 
possible change in the direction of a trend. Furthermore, the residual variance around the line compared to 
the residual variance for the entire period will indicate if the sensitivity has increased as a result of, for 
example, improved sampling techniques or that problems in the chemical analysis have disappeared. 
 
A smoother is applied to test for non-linear trend components (see section 7.1.3). The smoothed line is 
plotted if p < 0.10, as a red line if p < 0.05 and as a dashed blue line if p >0.05 but < 0.10. A broken line 
segment indicates a gap in the time series with a missing year. 
 
The log-linear regression lines fitted through the geometric mean concentrations follow smooth 
exponential functions.  
 
A cross inside a circle, indicates a suspected outlier (see section 7.3). Suspected outliers are indicated in the 
figures and are included in the statistical calculations, except in a few cases, and pointed out in the figures. 
 
Each plot has a header with species name, age class and sampling locality. Age class may be replaced by 
shell length for blue mussels. Below the header of each plot the results from several statistical calculations 
are reported: 
 
Tv=…,lp% or dp%=… Tv is the target level (see Chapter 10) calculated on a lipid weight base (lp%=) or on 
dry weight base (dp%=), original target value was given on a wet weight basis. 
 
n(tot)= The first line reports the total number of analyses included together with the number of years 
(n(yrs)= ).  
 
m= The overall geometric mean value together with its 95% confidence interval is reported on the second 
line of the plot (N.B. d.f.= n of years - 1). 
 
slope= reports the slope, expressed as the yearly percentage change together with its 95% confidence 
interval. 
 
CV(lr)=  reports the coefficient of variation around the regression line as a measure of between-year 
variation, together with the lowest detectable change in the current time series with a power of 80%, one-
sided test, α=0.05. The last figure on this line is the estimated number of years required to detect an annual 
change of 10% with a power of 80%, one-sided test, α=0.05. 
 
power=  reports the power to detect a log-linear trend in the time series (Nicholson and Fryer, 1992). The 
first figure represents the power to detect an annual change of 10% with the number of years in the 
current time series. The second figure is the power estimated as if the slope were 10% a year and the 
number of years were ten. The third figure is the lowest detectable change (given in percent per year) for a 
ten year period, with the current between-year variation at a power of 80%. The results of the power 
analyses from the various time series are summarised in chapter nine. 
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r2=  reports the coefficient of determination (r2) together with a p-value for a two-sided test (H0: slope = 0) 
i.e. a significant value is interpreted as a true change, provided that the assumptions of the regression 
analysis are fulfilled. 
 
Y(10)=  reports the concentration estimated from the regression line for the last year together with a 95% 
confidence interval, e.g.  y(10)=2.55(2.17,3.01) is the estimated concentration for the year 2010, where the 
residual variance around the regression line is used to calculate the confidence interval. Provided that the 
regression line is relevant to describe the trend, the residual variance might be more appropriate than the 
within-year variance in this respect. 
 

tao= reports Kendall's '', and the corresponding p-value. 
 
CV(sm)= reports the coefficient of variation around the smoothed line. The significance of this line could be 
tested by means of an Analysis of Variance (see section 7.1.3). The p-value is reported for this test. A 
significant result will indicate a non-linear trend component. After the p-value, the minimum trend 
(%/year), likely to be detected, at a power of 80%, during a period of 10 years, should a log-linear trend 
occur, is shown. This estimate is compensated for by the loss of degrees of freedom, considering the 
smoother. 
 
Below these nine lines are additional lines with information concerning the regression of the last 10 years. 
 
In some cases where an extreme outlying observation may decrease confidence in the regression line, the 
ordinary regression line is replaced by the ‘Kendall-Theil Robust line’, (Helsel D.R. and Hirsch R.M., 1992b). 

In these cases only the ‘Theil’-slope and Kendall’s ‘‘ are reported. 
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Compliance monitoring  

(possible method to test for GES or sub GES) 

 
In the past, the Swedish national programme for contaminant monitoring in biological samples (SCMBP) 

were very much focused on temporal trend detection and also to some extent to show large scale 

geographical patterns. During recent years, compliance monitoring, i.e. to investigate or show that 

measured concentrations comply with target values e.g. Environmental Quality Standard presented by EU 

as a part of the Water Frame and the Marine Strategy Directives. Compliance should be reported every 6 

years period. 

Compliance can be checked by means of one-tailed One-sample t-tests. In Fig. 1 a hypothetical example 

with mercury, CB-153 and BDE-47 is shown where the average concentrations for the last 6 years (if 

samples were collected) have been selected. The power of the test depends on the variance in the sample, 

the distance to the target value and the sample size. Despite the fact that all three observations of mercury 

in herring muscle are below the target, the low power of the test, due to the small sample size, fails to 

show that the mean concentration is significantly below the target. The mean concentrations of the two 

other contaminants are significantly below the target although a single mean concentration for a particular 

year may fall very close to the target.  

The power is not linearly related to the sample size, every extra measurement is important if the sample 

size is small (Fig.2A), to the distance to the target, a small increase of the distance will improve the power 

more in the proximity of the target (Fig. 2B), an increase of the variance will decrease the power (Fig. 2C). 

The relationships between the minimum distance to be detected, the standard deviation and the sample 

size at a fixed power of 80% are shown in Figure 3A-D. E.g. as the target limit is approaching the sample size 

needs to be increased dramatically to show compliance at a power of 80% (Fig. 3A). 

(In the next version SD will be replaced by Coefficient of Variation and the Distance to target will be 

expressed as a percentage)  
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Figure 1. Compliance check for a) mercury, b) CB-153 and c) BDE-47. The data are real but the target values 

are made up. 

 

Figure 2. Statistical power vs a) sample size, Standard Deviation SD=10, Least detectable distance to target, 

LSD=10, b) LSD, SD=20, n=6, c) SD, n=6 
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Figure 3. At a fixed power of 80%. Min distance to target (LSD) vs a) sample size, SD=20, b) SD, n=6, c) 

Sample size n vs. LSD, SD=20, d) SD, LSD=10 

 

 

Sweden: herring (only) from 16 stations, Denmark: flounder and eelpout from various stations 
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Assessment methodology for contaminants in biota, OSPAR method. (method taken from the on-line 

assessment 20160113) 

Overview 

Time series of contaminant concentrations are assessed in four stages: 

1. The concentration measurements each year are summarised by an annual contaminant index. A 
weight is assigned to each index, scaled to lie between 0 and 1, that incorporates information 
about the analytical quality of the index. 

2. The scaled weights are converted into statistical weights that account for the relative magnitudes 
of the analytical and environmental variability in the data. 

3. A weighted regression model is fitted to the annual contaminant indices. The type of model 
depends on the number of years of data:  

 1-2 years: no model 
 3-4 years: mean 
 5-6 years: linear trend 
 7+ years: smoother 

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#biotaIndices
http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#StatWeights
http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#ModelFitting


HELCOM BalticBOOST HZ WS 1-2016, Provisional Agenda 

 

  
 

  Page 13 of 23 
 

 

4. The fitted models are used to assess environmental status against available assessment criteria and 
evidence of temporal change in contaminant levels in the last ten years 

Calculating annual contaminant indices 

Let cti, i = 1 ... nt be the concentrations measured in year t, t = 1 ... T. The annual contaminant index 

in year t is the median log concentration: 

yt=median{log(cti),i=1...nt} 

The scaled weight associated with yt is based on the available quality assurance information and 

reflects the analytical quality of the index. A weight of 1 indicates good quality and 0 indicates 

atrocious quality. However, the weight is 'intuitive', rather than arising from some formal statistical 

procedure. Some justification can be found in Nicholson & Fryer (2002) and arises from the need to 

deal with historic data for which there is no analytical quality information. Statistical weights that 

provide a sensible balance between the scaled weights and the environmental variability in the data 

are found before fitting the temporal trend models. 

The scaled weight is based on the analytical standard deviations of the concentration measurements, 

also known as the uncertainties, when these are reported to the ICES database. Let σti be the 

analytical standard deviation of cti. The scaled weight in year t is then: 

wt=⎧⎩⎨⎪⎪10.2ifmax{σticti,i=1...nt}<0.125otherwise 

This can be interpreted as the index having good analytical quality if the coefficient of variation of 

each measurement is less than 12.5%. 

When the analytical standard deviations are unavailable (reporting them has only been mandatory 

since 2011), the scaled weights are based on QUASIMEME Z-scores supplied to ICES on CD by 

analytical laboratories and Certified Reference Material (CRM) concentrations held in the ICES 

database. The QUASIMEME Z-scores (for the contaminant, matrix and year) are considered to 

indicate acceptable performance (pass) if 

∑iZ2i<χ2n(0.95) 

where n is the number of Z-scores and χ2n(0.95) is the 95 percentile of a χ2 distribution on n degrees 

of freedom. Similarly, the CRM concentrations are converted to Z-scores, assuming a coefficient of 

variation of 12.5%, as 

Zi=Mi−Ai0.125Ai 

where Mi are the measured concentrations and Ai are the certified reference values, and considered 

to indicate acceptable performance if  

∑iZ2i<χ2n(0.95) 

The scaled weight is then given by  

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#Assessment
http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#StatWeights
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Performance  

QUASIMEME CRM scaled weight wt 

pass pass 1.0 

pass fail / absent 1.0 

absent pass 1.0 

fail pass 0.7 

fail / absent fail / absent 0.2 

 

The minimum scaled weight assigned is 0.2, and corresponds to poor analytical quality in the 

reported quality assurance information, or no quality assurance information at all (typically the case 

for historic data, submitted before the reporting of quality assurance information became 

mandatory). 

Nicholson MD, Fryer RJ, 2002. Weighted smoothers for assessing trend data of variable analytical 

quality. ICES Working Group on Statistical Aspects of Environmental Monitoring 2002. 

ICES CM 2002/E:04. 

[Back to top] 

Converting scaled weights to statistical weights 

The contaminant time series are assessed for temporal trends by fitting a weighted regression model 

to the annual contaminant indices. Doing so is straightforward if the statistical weights are known 

beforehand. The statistical weights should be inversely related to the total environmental and 

analytical variance each year. However, many time series are not supported by analytical quality 

information for all years, so optimal weights can not be calculated. 

The absence of quality assurance information is one of the reasons for constructing the scaled 

weights. The scaled weights reflect the analytical quality of the annual contaminant indices, but the 

actual values chosen are arbitrary and take no account of the relative importance of the analytical 

variance to the total environmental and analytical variance. Using the scaled weights directly in a 

trend assessment might be inappropriate. For example, all data with ‘poor’ analytical quality will 

have the same statistical weight, even though such data should be down-weighted less when the 

environmental variance dominates the analytical variance (when poor analytical quality doesn’t 

matter so much). An iterative procedure is used to convert the scaled weights to statistical weights 

that account for the relative magnitudes of the environmental and analytical variances. 

Assume that the contaminant time series can be described by the model: 

yt=f(t)+ɛt 

where yt is the annual contaminant index in year t, f(t) is a smooth function of time (possibly linear) 

describing the underlying trend in contaminant levels, and εt is the ‘noise’ in year t from both 

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#Overview
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environmental and analytical variation. Further, assume that the noise can be decomposed into two 

terms: 

ɛt=τt+δt 

where τt is the noise due to analytical variation and δt is the noise due to all remaining sources of 

environmental variation. Finally, assume that the noise terms are mutually independent and 

normally distributed: 

τt~N(0,σ2twt) 

δ~N(0,σ2δ) 

where wt is the scaled weight for year t. Given this model, the appropriate statistical weights are: 

Wt=(σ2δ+σ2τ)(σ2σ+σ2τwt)−1 

The statistical weights provide an appropriate balance between the two variance components and 

satisfy 0 ≤ wt ≤ Wt ≤ 1. 

The variance components σ2δ and σ2τ are unknown, so must be estimated to give the statistical 

weights. The approach used relies on the fact that the residuals rt from an unweighted fit to the data 

should become more variable as the scaled weights decrease (for example as analytical quality 

degrades). To a first approximation, the squared residuals r2t have mean σ2δ+σ2τ/wt. Thus, if the 

squared residuals r2t are regressed against 1 / wt the intercept and slope should provide estimates of 

σ2δ and σ2τ respectively. Formally, the regression is done using a generalised linear model with 

gamma errors and identity link. The estimates of σ2δ and σ2τ are then plugged into the formula for 

the statistical weights. Sometimes, the approach will give negative variance estimates, in which case 

the relevant estimates are taken to be zero. 

[Back to top] 

Modelling the annual contaminant indices 

The annual contaminant indices are modelled as: 

yt=f(t)+εt 

where yt is the annual contaminant index in year t, f(t) is a smooth function of time (possibly linear) 

describing the underlying trend in contaminant levels, and εt is an error term assumed to be 

independent and normally distributed with variance σ2 / Wt, where Wt are appropriate statistical 

weights. 

The form of f(t) depends on the number of years of data: 

1-2 years 

no model is fitted as there are too few years for formal statistical analysis 

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#Overview
http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#StatWeights
http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#StatWeights
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3-4 years 

mean model f(t) = µ 

there are too few years for a formal trend assessment, but the mean level is summarised by µ and 

is used to assess status 

5-6 years 

linear trend f(t) = µ + βt 

the contaminant indices vary linearly with time; the fitted model is used to assess status and 

evidence of temporal change 

7+ years 

smoother f(t) = smooth function of time 

a loess smoother is fitted to the contaminant indices with a fixed window width (Fryer & Nicholson, 

1999) of either 7, 9 or 11 years; the choice of window width is based on Akaike's Information 

Criteron (AIC); the fitted model is used to assess status and evidence of temporal change 

Weighted linear regression is described by e.g. Draper & Smith (1998). Loess smoothers were 

developed by Cleveland (1979). The application of loess smoothers to contaminant time series is 

described by Fryer & Nicholson (1999). 

Cleveland WS, 1979. Robust locally-weighted regression and smoothing scatterplots. Journal of the 

American Statistical Association 74: 829-836. 

Draper NR & Smith H, 1998. Applied regression analysis, 3rd edition. Wiley 

Fryer RJ & Nicholson MD, 1999. Using smoothers for comprehensive assessments of contaminant 

time series in marine biota. ICES Journal of Marine Science 56: 779-790. 

[Back to top] 

Assessing environmental status and temporal trends 

Environmental status and temporal trends are assessed using the model fitted to the annual 

contaminant indices. 

Environmental status is assessed by comparing the upper one-sided 95% confidence limit on the 

fitted value in the most recent monitoring year to the available assessment criteria. For example, if 

the upper confidence limit is below the Background Assessment Concentration (BAC), then the 

mean contaminant index in the most recent monitoring year is significantly below the BAC and 

concentrations are said to be 'at background'. 

No formal assessment of status is made when there are only 1 or 2 years of data. However, an ad-

hoc assessment is made by comparing the contaminant index (1 year) or the larger of the two 

contaminant indices (2 years) to the assessment criteria. 

Temporal trends are assessed for all time series with at least five years of data. When there are 5-6 

years, there is evidence of a temporal trend if the slope β of the linear regression of yt on t is 

significant at the 5% level. When there are 7 or more years of data, the fitted smoother is used to 
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test for evidence of any systematic change in contaminant levels over time; this test is also 

decomposed into both a nonlinear and linear component. The results for each time series can be 

found in the statistical analysis output on the right hand side of the map under Graphics. Details of 

the methodology are in Fryer & Nicholson (1999). However, the summary maps focus on changes 

in contaminant levels in the most recent ten monitoring years (i.e. between 2003 and 2012, since the 

assessment only includes data up to 2012). For this, the fitted value of the smoother in 2012 is 

compared to the fitted value in 2003 using a t-test, with significance assessed at the 5% level. The 

correlation between the two fitted values is accounted for by the t-test. If the time series does not 

extend to 2012 then the fitted value in the last monitoring year is used instead. 

Fryer RJ & Nicholson MD, 1999. Using smoothers for comprehensive assessments of contaminant 

time series in marine biota. ICES Journal of Marine Science 56: 779-790. 

[Back to top] 

Assessment methodology for contaminants in biota, OSPAR method. (method taken from the on-line 

assessment, will be updated this year for some details) 

Overview 

Time series of contaminant concentrations are assessed in four stages: 

1. The concentration measurements each year are summarised by an annual contaminant index. A 
weight is assigned to each index, scaled to lie between 0 and 1, that incorporates information 
about the analytical quality of the index. 

2. The scaled weights are converted into statistical weights that account for the relative magnitudes 
of the analytical and environmental variability in the data. 

3. A weighted regression model is fitted to the annual contaminant indices. The type of model 
depends on the number of years of data:  

 1-2 years: no model 
 3-4 years: mean 
 5-6 years: linear trend 
 7+ years: smoother 

4. The fitted models are used to assess environmental status against available assessment criteria and 
evidence of temporal change in contaminant levels in the last ten years 

Calculating annual contaminant indices 

Let cti, i = 1 ... nt be the concentrations measured in year t, t = 1 ... T. The annual contaminant index in year t 

is the median log concentration: 

yt=median{log(cti),i=1...nt} 

The scaled weight associated with yt is based on the available quality assurance information and reflects 

the analytical quality of the index. A weight of 1 indicates good quality and 0 indicates atrocious quality. 

However, the weight is 'intuitive', rather than arising from some formal statistical procedure. Some 

justification can be found in Nicholson & Fryer (2002) and arises from the need to deal with historic data for 

Commented [F1]: SE/HELCOM method doesn’t weight the 
annual indices. Generally the necessary information from the past 
isn’t available. Other factors (i.e. confounding factors) than the 
analytical precision are also considered to contribute far more to the 
total within-year variation, hence making the weighting solely on 
analytical error unfair and possibly misleading. 

Commented [F2]: If the number of years exceeds 4 (?) the 
SE/HELCOM method applies both log-linear regression and 
smoother and compare 1) with the mean (Both regression and 
smoother) 2) the smoother versus the regression 
 
Also, a non-parametric trend test is carried out and compared with 
the regression and checked for explanations in case the results differ 
much, this to see possible effects of outliers. 
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instead geometric means are used. 
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methods to replace LOQs 
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which there is no analytical quality information. Statistical weights that provide a sensible balance between 

the scaled weights and the environmental variability in the data are found before fitting the temporal trend 

models. 

The scaled weight is based on the analytical standard deviations of the concentration measurements, also 

known as the uncertainties, when these are reported to the ICES database. Let σti be the analytical standard 

deviation of cti. The scaled weight in year t is then: 

wt=⎧⎩⎨⎪⎪10.2ifmax{σticti,i=1...nt}<0.125otherwise 

This can be interpreted as the index having good analytical quality if the coefficient of variation of each 

measurement is less than 12.5%. 

When the analytical standard deviations are unavailable (reporting them has only been mandatory since 

2011), the scaled weights are based on QUASIMEME Z-scores supplied to ICES on CD by analytical 

laboratories and Certified Reference Material (CRM) concentrations held in the ICES database. The 

QUASIMEME Z-scores (for the contaminant, matrix and year) are considered to indicate acceptable 

performance (pass) if 

∑iZ2i<χ2n(0.95) 

where n is the number of Z-scores and χ2n(0.95) is the 95 percentile of a χ2 distribution on n degrees of 

freedom. Similarly, the CRM concentrations are converted to Z-scores, assuming a coefficient of variation of 

12.5%, as 

Zi=Mi−Ai0.125Ai 

where Mi are the measured concentrations and Ai are the certified reference values, and considered to 

indicate acceptable performance if  

∑iZ2i<χ2n(0.95) 

The scaled weight is then given by  

Performance  

QUASIMEME CRM scaled weight wt 

pass pass 1.0 

pass fail / absent 1.0 

absent pass 1.0 

fail pass 0.7 

fail / absent fail / absent 0.2 
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The minimum scaled weight assigned is 0.2, and corresponds to poor analytical quality in the reported 

quality assurance information, or no quality assurance information at all (typically the case for historic data, 

submitted before the reporting of quality assurance information became mandatory). 

Nicholson MD, Fryer RJ, 2002. Weighted smoothers for assessing trend data of variable analytical quality. 

ICES Working Group on Statistical Aspects of Environmental Monitoring 2002. ICES CM 2002/E:04. 

[Back to top] 

Converting scaled weights to statistical weights 

The contaminant time series are assessed for temporal trends by fitting a weighted regression model to the 

annual contaminant indices. Doing so is straightforward if the statistical weights are known beforehand. 

The statistical weights should be inversely related to the total environmental and analytical variance each 

year. However, many time series are not supported by analytical quality information for all years, so 

optimal weights can not be calculated. 

The absence of quality assurance information is one of the reasons for constructing the scaled weights. The 

scaled weights reflect the analytical quality of the annual contaminant indices, but the actual values chosen 

are arbitrary and take no account of the relative importance of the analytical variance to the total 

environmental and analytical variance. Using the scaled weights directly in a trend assessment might be 

inappropriate. For example, all data with ‘poor’ analytical quality will have the same statistical weight, even 

though such data should be down-weighted less when the environmental variance dominates the analytical 

variance (when poor analytical quality doesn’t matter so much). An iterative procedure is used to convert 

the scaled weights to statistical weights that account for the relative magnitudes of the environmental and 

analytical variances. 

Assume that the contaminant time series can be described by the model: 

yt=f(t)+ɛt 

where yt is the annual contaminant index in year t, f(t) is a smooth function of time (possibly linear) 

describing the underlying trend in contaminant levels, and εt is the ‘noise’ in year t from both 

environmental and analytical variation. Further, assume that the noise can be decomposed into two terms: 

ɛt=τt+δt 

where τt is the noise due to analytical variation and δt is the noise due to all remaining sources of 

environmental variation. Finally, assume that the noise terms are mutually independent and normally 

distributed: 

τt~N(0,σ2twt) 

δ~N(0,σ2δ) 

where wt is the scaled weight for year t. Given this model, the appropriate statistical weights are: 

http://dome.ices.dk/osparmime2014_DecUpdate/help_methods_biota_metals.html#Overview


HELCOM BalticBOOST HZ WS 1-2016, 1-5 

 

 

 Page 20 of 23  
 

Wt=(σ2δ+σ2τ)(σ2σ+σ2τwt)−1 

The statistical weights provide an appropriate balance between the two variance components and satisfy 

0 ≤ wt ≤ Wt ≤ 1. 

The variance components σ2δ and σ2τ are unknown, so must be estimated to give the statistical weights. 

The approach used relies on the fact that the residuals rt from an unweighted fit to the data should become 

more variable as the scaled weights decrease (for example as analytical quality degrades). To a first 

approximation, the squared residuals r2t have mean σ2δ+σ2τ/wt. Thus, if the squared residuals r2t are 

regressed against 1 / wt the intercept and slope should provide estimates of σ2δ and σ2τ respectively. 

Formally, the regression is done using a generalised linear model with gamma errors and identity link. The 

estimates of σ2δ and σ2τ are then plugged into the formula for the statistical weights. Sometimes, the 

approach will give negative variance estimates, in which case the relevant estimates are taken to be zero. 

[Back to top] 

Modelling the annual contaminant indices 

The annual contaminant indices are modelled as: 

yt=f(t)+εt 

where yt is the annual contaminant index in year t, f(t) is a smooth function of time (possibly linear) 

describing the underlying trend in contaminant levels, and εt is an error term assumed to be independent 

and normally distributed with variance σ2 / Wt, where Wt are appropriate statistical weights. 

The form of f(t) depends on the number of years of data: 

1-2 years 

no model is fitted as there are too few years for formal statistical analysis 

3-4 years 

mean model f(t) = µ 

there are too few years for a formal trend assessment, but the mean level is summarised by µ and 

is used to assess status 

5-6 years 

linear trend f(t) = µ + βt 

the contaminant indices vary linearly with time; the fitted model is used to assess status and 

evidence of temporal change 

7+ years 

smoother f(t) = smooth function of time 

a loess smoother is fitted to the contaminant indices with a fixed window width (Fryer & Nicholson, 

1999) of either 7, 9 or 11 years; the choice of window width is based on Akaike's Information 

Criteron (AIC); the fitted model is used to assess status and evidence of temporal change 

Weighted linear regression is described by e.g. Draper & Smith (1998). Loess smoothers were developed by 

Cleveland (1979). The application of loess smoothers to contaminant time series is described by Fryer & 

Nicholson (1999). 

Commented [F4]: Residuals are generally assumed to be log-
normally distributed (this is generally possible to show when we 
have a sufficient n of measurements within one-year, n>15-20). 
If medians are used, the data should still be logged. 
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Cleveland WS, 1979. Robust locally-weighted regression and smoothing scatterplots. Journal of the 

American Statistical Association 74: 829-836. 

Draper NR & Smith H, 1998. Applied regression analysis, 3rd edition. Wiley 

Fryer RJ & Nicholson MD, 1999. Using smoothers for comprehensive assessments of contaminant time 

series in marine biota. ICES Journal of Marine Science 56: 779-790. 

[Back to top] 

Assessing environmental status and temporal trends 

Environmental status and temporal trends are assessed using the model fitted to the annual contaminant 

indices. 

Environmental status is assessed by comparing the upper one-sided 95% confidence limit on the fitted 

value in the most recent monitoring year to the available assessment criteria. For example, if the upper 

confidence limit is below the Background Assessment Concentration (BAC), then the mean contaminant 

index in the most recent monitoring year is significantly below the BAC and concentrations are said to be 

'at background'. 

No formal assessment of status is made when there are only 1 or 2 years of data. However, an ad-hoc 

assessment is made by comparing the contaminant index (1 year) or the larger of the two contaminant 

indices (2 years) to the assessment criteria. 

Temporal trends are assessed for all time series with at least five years of data. When there are 5-6 years, 

there is evidence of a temporal trend if the slope β of the linear regression of yt on t is significant at the 5% 

level. When there are 7 or more years of data, the fitted smoother is used to test for evidence of any 

systematic change in contaminant levels over time; this test is also decomposed into both a nonlinear and 

linear component. The results for each time series can be found in the statistical analysis output on the 

right hand side of the map under Graphics. Details of the methodology are in Fryer & Nicholson (1999). 

However, the summary maps focus on changes in contaminant levels in the most recent ten monitoring 

years (i.e. between 2003 and 2012, since the assessment only includes data up to 2012. For this, the fitted 

value of the smoother in 2012 is compared to the fitted value in 2003 using a t-test, with significance 

assessed at the 5% level. The correlation between the two fitted values is accounted for by the t-test. If the 

time series does not extend to 2012 then the fitted value in the last monitoring year is used instead. 

Fryer RJ & Nicholson MD, 1999. Using smoothers for comprehensive assessments of contaminant time 

series in marine biota. ICES Journal of Marine Science 56: 779-790. 
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