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The background of the study 

• The official food and feed control regulation (EC) No 882/2004 
requires that analytical method have been validatedprior to their use 

• By the means of validation method performance characteristicsare 
assessed in order to establish, whether the method is fit for the intended 
purpose

• Methods delivering a qualitativeresult are becoming more and more an 
important element of food and feed analysis

• An IUPAC project has started to develop an appropriate guidelinefor 
the organisation and evaluation of interlaboratory studiesof qualitative
methods

• This project is conducted in close cooperation with the EU FP 6 project 
“MoniQA” ( Monitoring and Quality Assurance in the Food Supply Chain )
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Current situation

• For quantitativemethods there are suitable guidelines
available
– Harmonized Guidelines for Single Laboratory Validationof Methods of Analysis 

(IUPAC Technical Report). Pure Appl. Chem., Vol. 74, No. 5, pp. 835–855

– Protocol for the design, conduct and interpretation of method-performance 
studies. Pure and Applied Chemistry 67:331–343

• List of method performance characteristicsto be determined: Precision, 
Trueness, limit of quantification, ....

• Application of “basic statistical tools” such as Analysis of Variance

• For interlaboratory studies, the study designand the statistical 
evaluationare specified

– Number of laboratories and matrix/analyte/concentration combinations

– ANOVA, outlier tests
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• Methods delivering a qualitativeresult are becoming more 
and more an important element of food and feed analysis

• Qualitativemethods indicate the presenceor the absenceof 
the target analyte

• The interlaboratory validation study: There is no
international guideline for qualitativetests that specifies 

– the study design: Number of laboratories, samples, ..

– the statistics to be used

• The purpose of the current work is to fill the gap

Current situation cont.
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Examples of qualitative tests

• Qualitative methods are used for screening and confirmatory purposes
• They are based on “visual” inspections or on measurements

Analytical 
method

Purpose Target analytes Figure for 
statistical 
analysis Present/not-

present
Based on cut-off 

value

Microbiological 
Inhibition tests

Screening Banned antibiotics in 
feed

Diameter of 
inhibition zone

X X

Immunoassay 
analysis of feed 
(dip stick and 
ELISA)

Screening Specific proteins as 
marker for allergens

Reading of the 
instrument or 
only visual 
evaluation

X X

Classical PCR Confirmation Specific DNA as marker 
for GMO, MBM

Visual evaluation X

RT-PCR Confirmation Specific DNA as marker 
for allergens

Ct value X

Type of statistical
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Specific aspects of qualitativemethods 

• The results are categoricalvariables (present or absent)

• Well known statistics that work well for continuous variables (e.g. the 
concentration) do not directly apply to categorical variables

• The information content of results from categorical variables isless
compared to those from numerical results

Number of measurements and 
precision of estimate
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Purpose of validation: qualitative methods

• “To provide evidence that the method produces results 
that are fit for the intended purpose”

•A positive result is very unlikely if the target analyte is 
absent.

• A negative result is very unlikely if the target analyte 
is present at a specific concentration.

LD

b

a
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Purpose of validation: qualitative methods

• “To provide evidence that the method produces results 
that are fit for the intended purpose”

•False positive probability smaller than <

• False negative probability < 

......at a concentration of LD

b
a
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Simplest option: aaaa bbbb LD

• Analyse n true blank samples.

• Observe x false positive results.

• Estimate false positive probability (x/n)

• Estimate upper end of confidence interval. 

• ‘Wilson interval’ is recommended.

aaaa<upper end of C.I.

Need to test at least 3/a true blank samples (for a = 0.05, analyse 60 
samples)
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Simplest option: aaaa bbbb LD

• Analyse n samples containing � LD.
• Observe x false negative results.
• Estimate false negative probability (x/n)
• Estimate upper end of confidence interval. 
• ‘Wilson interval’ is recommended.

bbbb<upper end of C.I.

Need to test at least 3/b samples containing � LD
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Simplest option: pros / cons

•Simple analysis.

•Might not be most efficient use of samples.

•Might not give useful information if the limit of 
detection is far away from the expected value
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Real world example: Determination peanut 
proteins using a dipstick*

• Outline of the interlaboratory
study:
– 18 laboratories 
– Each laboratory analysed 5 

replicates
– For each concentration level 90 

results available
– 5 concentration levels and one 

blank
• Estimation of the LOD by 
regression ?

*data taken from: van Hengel et al. (2006) J AOAC Int89, 2, 462ff

Qualitative test: Results
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Analysis of samples across a range of concentrations

Number of positive responses per 5 tests
Concentration Lab 1 Lab 2 Lab 3 Lab 4 Lab 5 ... Lab 18

0 mg/kg 0 0 0 0 0 ... 0 89

1 mg/kg 0 0 0 0 0 ... 0 90

2 mg/kg 1 0 0 0 0 ... 0 90

5 mg/kg 3 3 2 1 0 ... 0 90

10 mg/kg  4 2 4 5 5 ... 1 90

25 mg/kg 5 5 5 5 5 ... 5 90

50 mg/kg  5 5 5 5 5 ... 5 90

35 35 35 35 35 ... 35 629

• Dipstick for allergen: 18 laboratories, samples at 6 concentrations plus 
blank, 5 analyses per concentration

• Each laboratory had to analyse 35 samples
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Analysis of samples across a range of concentrations

Assume that:
– There is a ‘true’ probability of detection associated with each 

concentration of analyte.
– The result of each analysis is independent of other results.

Then
– Analyse results to estimate relation between concentration and true 

probability of detection.
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Reflections on errors in collaborative trials

We use the trial to estimate the method performance 
(probability of a positive response at concentration)

Two types of errors

– Error in estimating probability of a positive response 
related to the limited number of analyses

– Analytical error

• Variation of laboratories’ proficiency

Total error is the sum of both
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Reflections on errors in collaborative trials

We use the trial to estimate the method performance 
(probability of a positive response at concentration)

Two types of errors
– Error in estimating probability of a positive response 

related to the limited number of analyses

– Analytical error
• Variation of laboratories’ proficiency

A well designed trial minimises the effects of the 
errors on our estimate of performance
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Effect of trial size on performance
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• Confidence interval for estimated   
concentration LOD versus number of 
analyses per laboratory

• 15 laboratories in the trial
• No analytical error
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Proportion of regression failures
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• Inclusion of analytical error

• Impact of large analytical error

– Regression may be impossible

– Increasing sample number may not help

– Look for good laboratories
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Evaluation of replicate analyses 
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Implications for trial design

•Design the trial to provide information for 
regression.

•Approximately 100 analyses per laboratory??

•Use ‘maximum likelihood approach’ if results don’t 
allow regression.



26

Future activities

•Cooperation with another FP 6 European project 
(http://safeedpap.feedsafety.org/)

•Contribution to 
– the design of a current validation study of a qualitative RT-

PCR method 
– the evaluation of the analytical results

•Using the results for drafting the guideline
•Mutual benefit
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