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Abstract
The World Anti-doping Agency (WADA) International Standard for Laboratories (ISL), developed as part of the World Anti-
Doping Program, requires satisfactory laboratory performance in the WADA External Quality Assessment Scheme (EQAS) 
in order to obtain and maintain WADA accreditation. Under this mandate, WADA regularly distributes urine and blood test 
samples to anti-doping laboratories to continuously monitor their proficiency. Over the years, WADA has employed classical, 
generic statistical methods, in accordance to ISO 13528, to evaluate quantitative EQAS results. Here, we set out the rationale 
for a modern statistical approach that recognizes and addresses the particular features of the measurement results typically 
obtained in such tests and present an approach involving Bayesian measurement models and statistical data analysis that is 
tailored specifically to anti-doping testing.

Keywords  Interlaboratory comparisons · Proficiency tests · Bayesian methods · Quality assurance · Anti-doping testing

Introduction

The main goals of the External Quality Assessment 
Scheme (EQAS) administered by the World Anti-doping 
Agency (WADA) include the following: (i) to evaluate 
the testing proficiency of WADA-accredited laboratories; 
(ii) to improve the uniformity and mutual consistency of 
test results between these laboratories; and (iii) to provide 

educational opportunities to them. There are currently 30 
WADA-accredited anti-doping testing laboratories world-
wide, which enables data-rich intercomparisons of their 
measurement results.

The WADA EQAS framework consists of three types of 
regular interlaboratory proficiency testing activities [3, 45]:

i) Blind EQAS, where laboratories are aware that the sam-
ples originate from EQAS because the samples are delivered 
to the laboratories by the WADA EQAS sample provider. 
However, the laboratories do not know the composition of 
the samples. Typically, there are three rounds of blind EQAS 
tests per year, each comprising five samples, for a total of 
15 samples per year. Such comparisons are similar to those 
organized frequently by Consultative Committees of the 
International Committee for Weights and Measures (CIPM), 
under the Mutual Recognition Arrangement (CIPM MRA) 
— a framework through which National Metrology Institutes 
regularly demonstrate the equivalence of their measurement 
capabilities [42].

ii) Double-blind EQAS, where laboratories are not aware 
that the samples are EQAS samples since they are delivered 
by Anti-doping Organizations acting as testing authorities 
and are indistinguishable from routine anti-doping sam-
ples. Neither do the laboratories know the composition of 
the samples. Such a testing scheme is also adopted in some 
forensic laboratory testing [27]. These testing samples are 
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delivered by the WADA EQAS sample provider to Anti-
doping Organizations, which incorporate them into their 
regular testing missions for delivery to the laboratories. 
The double-blind EQAS typically consists of five samples 
per year delivered over three rounds. However, laboratories 
providing services during major sports events, such as the 
Olympic and Paralympic Games, receive additional sets of 
double-blind EQAS samples during the games [47].

iii) Educational EQAS, where samples may be provided 
as non-blinded samples, in which case both the provenance 
and contents of the EQAS sample are known, or as blind or 
double-blind samples. This approach is used for educational 
purposes or for data gathering and involves 2–3 samples 
each year.

A typical, regular EQAS round consists of several urine 
samples containing prohibited substances and/or their 
metabolites or precursors. EQAS samples are prepared 
either through spiking the substances of interest into a blank 
urine matrix or, preferentially (especially for the double-
blind EQAS), are obtained from human excretion studies. 
WADA follows the ISO/IEC 17043 requirements for the pro-
duction of EQAS samples. Therefore, the suitability of the 
EQAS samples is evaluated beforehand, which includes test-
ing for batch homogeneity, stability assessment at different 
temperatures ( −20 °C, +4 °C, +20 °C, and +40 °C) aimed 
at simulating the sample storage and transportation condi-
tions, and determining the levels of prohibited substances 
in them. Blank urine samples are also routinely distributed 
as part of EQAS.

Testing reports for EQAS samples include qualitative 
results (attesting the presence or absence of prohibited sub-
stances) and quantitative results for prohibited threshold 
substances, markers of the urinary steroid profile, specific 
gravity of urine (SG), and isotopic composition of carbon 
as determined by gas chromatography-combustion-isotope 
ratio mass spectrometry (GC/C/IRMS). This study concerns 
only the evaluation of the quantitative results.

Rationale for change

The statistical evaluation of the quantitative results from 
WADA EQAS tests has traditionally relied on the statistical 
methods that ISO 13528:2022 [15] recommends for use in 
proficiency testing by interlaboratory comparison. The first 
edition of this ISO guide was published in 2005, 12 years 
after the publication of an International Harmonized Pro-
tocol for Proficiency Testing of Laboratories of Analytical 
Chemistry, as a Technical Report of the International Union 
of Pure and Applied Chemistry (IUPAC) [37], which has 
since been updated [39].

The main reason to deviate from the recommendations 
presented in the Annex C of ISO 13528 is that these involve 

ad hoc statistical methods motivated by generic considera-
tions of “robustness,” rather than being based on explicit 
statistical measurement models that can be tuned to be 
responsive to the specific features of the measurement 
results obtained for samples relevant to the WADA mission 
and satisfy criteria of transparency and scientific rigor that 
WADA abides by.

In addition to inadequate statistical modeling, current sta-
tistical data evaluations (often described as “data reduction”) 
pay little attention to data structure and ignore informative 
parts of the data. For example, traditional data reduction 
methods do not take into account the measurement uncer-
tainty associated with the reported measured values, most 
notably for prohibited threshold substances and carbon iso-
tope ratio measurements, whose associated measurement 
uncertainties are simply ignored (left panel of Fig. 1).

The left panel of Fig. 1 also shows that the measurement 
results that the laboratories provide for the same measurand, 
which is carbon-13 isotope delta for pregnanediol in this 
example, can be mutually inconsistent, in the sense that the 
laboratory results are more dispersed than what their asso-
ciated uncertainties suggest they should be. Such mutual 
inconsistency is a source of uncertainty that the current pro-
cedures of data reduction ignore. This is the dark uncertainty 
[36] that reveals itself only once the results from the differ-
ent laboratories are intercompared.

The traditional data reductions also ignore the fact that 
the measurement errors affecting the determinations of 
most steroid profile markers and threshold substances are 
approximately proportional to the measured values (center 
panel of Fig. 1) and proceed on the unrealistic assumption 
that measurement errors are unrelated to the levels of the 
measurands of interest.

Finally, the current data reduction methods do not take 
into account the rounding that the Technical Document on 
Decision Limits (TD DL) [48] requires for some measured 
values. For example, the urine SG must be reported to three 
decimal digits. The right panel of Fig. 1 shows that this 
rounding can be a source of uncertainty that the traditional 
methods of data analysis are unable to take into account.

Besides addressing the aforementioned deficiencies, we 
also show that the rank-sum analysis of the steroid profile 
marker results, which WADA currently employs to identify 
persistent laboratory biases, is unnecessary.

New statistical framework

The EQAS interlaboratory comparison data are modeled 
using what ISO 5725-1 calls a “basic statistical model” 
(ISO  5725-1:1994 Art. 5.1), by considering that every 
measured value in a sample is the sum of three compo-
nents: the true quantity value of the analyte in the sample, 
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the laboratory bias, and the measurement error. However, 
neither ISO 5725-1:1994 nor ISO 13528 links the assump-
tions made about the components of that “basic model” to 
procedures of data reduction consistent with these assump-
tions. ISO 13528 recommends generic “robust” procedures 
intended to produce valid inferences across a broad spectrum 
of assumptions [15] without considering explicit statistical 
measurement models tailored to the data at hand.

Instead, we adopt explicit models that can recognize and 
take into account the specific features of the data obtained 
in WADA interlaboratory studies, which are mixed effects 
models [29], including laboratory random effects models 
[40, 41], which have a long history of use in measurement 
science, in the context of interlaboratory studies [23, 24] and 
of round-robins [8].

In each round of EQAS interlaboratory studies, the par-
ticipating laboratories measure the levels of six steroids 
and the testosterone to epitestosterone ratio (markers of the 
urinary steroid profile) in several, typically five, samples 
that generally have different steroid profiles. Similarly, each 
laboratory also provides measurement results for the SG of 
all urine samples.

The mixed effects measurement models that we employ 
can leverage measurements that each laboratory makes of 
the same analyte in the several samples of interest, to assess 
the relative measurement repeatability of each laboratory.

Data reduction methods outlined in ISO 13528 give pride 
of place to the median [15, Annex C] in multiple roles. 
Indeed, the median is often employed to summarize the 
interlaboratory comparisons conducted by the CIPM Con-
sultative Committee for Amount of Substance (CCQM) [25]. 
Modeling laboratory biases and measurement errors as ran-
dom variables with Laplace distributions affords a similar 

outcome because the resulting estimates of consensus values 
are approximately weighted medians [34]. We call “consen-
sus value” an estimate of a true value like � in Equation (1) 
and in subsequent statistical measurement models.

We adopt Bayesian methods not only because they rely 
on explicit statistical modeling, but also because they deliver 
robust performance. Typically, two facets of robustness are 
relevant: robustness of validity and robustness of efficiency 
[28, p.16]. The former concerns the accuracy of confidence 
intervals, for example, while the latter concerns the length 
of the same intervals (the shorter the better, provided they 
are similarly accurate). Properly selected and calibrated 
Bayesian models can deliver both these aspects of robust-
ness similar to conventional robust procedures, while also 
accomplishing so much more than these conventional pro-
cedures can accomplish.

For example, Bayesian models offer the means to express 
prior knowledge not only about parameters in the statisti-
cal model, while recognizing the particular constraints that 
they must satisfy, but also about measurement uncertainty 
[30, p.214]. In addition, Bayesian models excel at propagat-
ing contributions from sources of uncertainty, including the 
presence of dark uncertainty that expresses laboratory biases 
[26], as previously demonstrated in the context of interlabo-
ratory studies that function as proficiency tests [9]. Refer-
ence [26] provides an overview of Bayesian models and 
methods and describes the underlying concepts, illustrated 
with examples of application to measurement problems.

Threshold substances

Some prohibited substances are subjected to threshold lev-
els that represent the maximum permissible levels of the 
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Fig. 1   Features of the WADA EQAS results that the current data 
reduction methods neither recognize nor address. Left panel: The 
standard uncertainties associated with the carbon isotope ratio meas-
urements for pregnanediol (half the length of each vertical line) and 
the dark uncertainty [36] attributable to the “excess” dispersion of 
the reported results above and beyond what their standard uncertain-
ties suggest, are both ignored. Center panel: The dispersion around 

the median results of steroid profile marker measurements is propor-
tional to the median concentration of the steroid markers in the ana-
lyzed samples. Right panel: The specific gravity (or, relative density) 
measurements of urine samples are reported to three decimal digits, 
which is an appreciable, yet disregarded source of uncertainty. The 
panels show anonymized results from the blind EQAS-2017-2 (left) 
and EQAS-2023-1 (center, right) intercomparison rounds
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substance in a doping control sample. This includes stimulants 
(such as ephedrine or methamphetamine), opioids (morphine), 
beta-2 agonists (such as salbutamol or formoterol), cannabi-
noids (carboxy-THC), and peptide hormones such as human 
growth hormone (hGH) and chorionic gonadotrophin (hCG) 
[48]. Therefore, the determinations of these substances in dop-
ing control require the application of quantitative analytical 
procedures.

The ISL requires that results from quantitative confirma-
tion procedures applied to threshold substances be based on 
the mean of three independent determinations [45]. In this 
vein, averages of replicated determinations of concentrations 
of threshold substances reported by each laboratory ( Xl ) are 
described using mixed effects statistical models with propor-
tional laboratory biases and measurement errors:

where L denotes the number of laboratories, � represents 
the true value of the threshold substance concentration in 
the distributed EQAS sample, Bl is the laboratory-specific 
relative bias, and El is the laboratory-specific relative meas-
urement error. The true value, � , is treated as a fixed (or, 
persistent) effect, and Bl and El are both treated as random 
(or, volatile) effects.

We use a weakly informative, zero-truncated Gaussian 
prior distribution for � , centered at the median of the reported 
measured values, and with coefficient of variation (relative 
standard deviation) of 50%, a choice recognizing that � cannot 
be negative and that it is believed to lie in the general vicinity 
of the reported results:

Relative laboratory biases, Bl , are modeled as outcomes of 
a truncated Laplace distribution whose mean and standard 
deviation (before truncation) are 0 and � (both with the same 
units as Xl ) :

The choice of Laplace distribution for the laboratory biases 
ensures that the consensus value, which is the estimate of 
� , is approximately a weighted median of the measurement 

(1)Xl = � ⋅ (1 + Bl + El), for l = 1,… , L,

(2)
� ∼ GAUSS(mean = median(X), sd = median(X)∕2)

(� ≥ 0).

(3)Bl ∼ LAPLACE(mean = 0, sd = �) (Bl ≥ −100%).

results, with data-dependent weights estimated in the pro-
cess of fitting the model to the data. In addition, the relative 
bias cannot be smaller than −100% because the threshold 
substance concentrations cannot be negative.

The prior distribution for the standard deviation of the 
relative laboratory biases (the parameter � that quantifies the 
dark uncertainty) is modeled with a half-Cauchy distribu-
tion whose median is set to half of the maximum allowed 
relative measurement uncertainty established by WADA in 
the TD DL [48]:

The use of the half-Cauchy distribution to model variance 
components and the choices for the prior distribution of 
the laboratory biases are as recommended by [13], widely 
accepted [30], and adopted and implemented in the NIST 
Consensus Builder [18].

Relative measurement errors are also modeled as out-
comes of a truncated Laplace distribution with zero mean 
and laboratory-specific relative standard deviation, uc,l:

The relative laboratory-specific measurement uncertainty, 
uc,l , is provided by the laboratories, and the input data and 
the parameters of this statistical measurement model are 
summarized in Table 1.

In some cases, a classical linear mixed effects model [29] 
of the form Yl = � + Bl + El , where Yl = Xl or Yl = log(Xl) 
delivers results similar to those corresponding to the model 
in Equation (1), when such linear model is fitted to the same 
data using the method of restricted maximum likelihood 
(REML), for example as implemented in the R function 
lmer of package lme4 [2]. The Bayesian counterparts of 
this classical model, for example as implemented in R func-
tion stan_lmer defined in R package rstanarm [4, 14], 
can also deliver similar results.

Steroid profile

All urine samples are subjected to the measurement of ste-
roidal markers, including the following six endogenous ana-
bolic androgenic steroids (EAAS) in the Urinary Steroid 

(4)� ∼ CAUCHY(median = uc,Max∕2) (� ≥ 0)

(5)El ∼ LAPLACE(mean = 0, sd = uc,l) (El ≥ −100%).

Table 1   Overview of the 
input data and measurement 
model parameters for threshold 
substance measurements

Type Symbol Description

Data Xl Measured value reported by laboratory l ( l = 1,… ,L)
Data uc,l Relative measurement uncertainty reported by laboratory l
Data uc,Max Maximum allowed relative measurement uncertainty set by WADA
Parameter � Consensus value
Parameter Bl Relative laboratory bias for laboratory l
Parameter � Standard deviation of the relative laboratory biases B1,… ,BL
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Profile of the Athlete Biological Passport [46]: androsterone, 
etiocholanolone, 5 �-androstane-3�,17�-diol, 5 �-andros-
tane-3�,17�-diol, testosterone (T), and epitestosterone (E). 
In addition, the T/E ratio is also reported by laboratories.

Unlike for threshold substances, a single reported value 
for each steroid profile marker is reported for each urine 
sample. These reported results are modeled as follows:

for each sample s and laboratory l, where �s denotes the 
true steroid concentration in the distributed urine sample 
s = 1… S , Bl is the laboratory-specific relative bias for labo-
ratory l = 1…L , and Es,l is the laboratory-specific relative 
measurement error incurred by laboratory l when measuring 
sample s for a particular steroid.

This statistical model assumes that the relative labora-
tory biases and the relative measurement errors are the same 
across all samples for each particular steroid—an assump-
tion that is corroborated by the historical data from previ-
ous EQAS rounds. In other words, the laboratory biases and 
measurement errors for each steroid are proportional to the 
concentrations of the steroid markers. The choice of propor-
tional errors is also supported by comparing the adequacy 
to the data obtained with several alternative measurement 
models. The assumption of proportional errors can easily be 
extended to allow for constant errors at low analyte levels 
[33].

We use a weakly informative, zero-truncated Gaussian 
prior distribution for the consensus values �s centered at the 
median of the reported measured values, with a large relative 
standard deviation (50%):

(6)Xs,l = �s ⋅ (1 + Bl + Es,l),

(7)
�s ∼ GAUSS(mean = median(Xs), sd = median(Xs)∕2) (�s ≥ 0).

The same as before, this choice recognizes that the true 
values of the mass concentrations cannot be negative and 
that they lie in the general vicinity of the reported measured 
values.

Relative laboratory biases are modeled as outcomes of a 
truncated Laplace distribution with zero mean and standard 
deviation � (before truncation), to prevent steroid marker 
concentrations from being negative:

This Laplace distribution for the laboratory biases ensures 
that the consensus values are approximately weighted medi-
ans of the measured values, and the truncation is applied to 
reflect that steroid marker concentrations cannot be negative.

The prior distribution for the standard deviation of rela-
tive laboratory biases is modeled with a half-Cauchy distri-
bution whose median is set to half of the maximum allowed 
relative measurement uncertainty established by WADA 
[46]:

Since the the half-Cauchy distribution has a very heavy 
right tail, the aforementioned prior distribution amounts to 
an order-of-magnitude guess for the prior distribution of �.

Since each laboratory provides a single measured value 
for each sample, to evaluate the dispersion of the relative 
biases of the laboratories one leverages the fact, illustrated 
in the two examples shown in Fig. 2, that laboratories that 
produce biased results for a particular steroid, tend to do so 
consistently across all urine samples analyzed in the same 
round. The mixed effects model can then effectively assess 
the laboratory biases, which are persistent across samples, 
separately from the volatile measurement errors.

(8)Bl ∼ LAPLACE(mean = 0, sd = �) (Bl ≥ −100%).

(9)� ∼ CAUCHY(median = uc,Max∕2) (� ≥ 0).

5 -androstanediol
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Fig. 2   Relative deviation of the reported steroid results from their 
median (laboratory bias) across five urine samples. Each dot repre-
sents a relative difference, (Xl,s − As)∕Xl,s , between the value, Xl,s , 
that laboratory l = 1,… , 30 reported for sample s = 1,… , 5 , and 
the median As of the values of all the laboratories for sample s. In 

these particular examples from EQAS-2023-1, laboratories 13 and 
14 measured the mass concentration of both 5�-androstanediol and 
epitestosterone persistently low in all five samples, and laboratories 
16 and 17 measured the same measurands persistently high
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Relative measurement errors are modeled as outcomes 
of a Laplace distribution with zero mean and a laboratory-
specific relative standard deviation ul:

The prior distribution for the relative measurement uncer-
tainties is a half-Cauchy distribution whose median equals 
half the maximum relative uncertainty established by 
WADA in the TD EAAS [46]:

These statistical measurement models for the steroid marker 
concentrations are somewhat different from the models for 
the threshold substance results because the laboratories do 
not report laboratory-specific measurement uncertainty eval-
uations. The input data and the parameters of this statistical 
measurement model are summarized in Table 2.

It would be very beneficial if the reporting requirements 
would include the specification of such uncertainties, and, in 
addition, would provide sufficient information to extend the 
model so that it could take into account correlations between 
laboratory biases, and between laboratory-specific measure-
ment errors, for different steroid markers. In addition, a more 
elaborate error model could be adopted to recognize meas-
urement errors near quantification limits [44].

Carbon isotope ratio measurements

Measurements of carbon isotope delta values, �(13C), for 
steroids, made using GC/C/IRMS, are reported for urine 
samples which require the application of this procedure 
[49]. These results are expressed on the international VPDB 
scale as parts-per-thousand (permille, ‰) deviations [6] and, 
like threshold substance measurements, are accompanied by 
explicit measurement uncertainties.

In addition to evaluating �(13 C) measurements of tar-
get compounds (such as androsterone or testosterone) and 
endogenous reference compounds (such as pregnanediol), 
the difference in the �(13 C) values between target compounds 
and endogenous reference compounds is also evaluated [49].

(10)
Es,l ∼ LAPLACE(mean = 0, sd = ul) (Es,l ≥ −100%).

(11)ul ∼ CAUCHY(median = uc,Max∕2) (ul ≥ 0).

The results for a given steroid are modeled with a linear 
mixed effects statistical model:

where � denotes the true value for the given steroid, Bl is 
the laboratory bias for measurements of that same steroid, 
and El is the laboratory-specific measurement error incurred 
by laboratory l when measuring that steroid. This statistical 
model recognizes that the laboratory biases and measure-
ment errors are largely unaffected by the magnitude of �(13
C).

We use a weakly informative Gaussian prior distribution 
for � that is centered at the median of the reported results for 
each sample, with a large standard deviation:

This choice of prior distribution for � serves simply to place 
the consensus value, which is the estimate of � , in the gen-
eral vicinity of the measured values, the implied assumption 
being that, as a group, the participating laboratories are well 
calibrated.

Laboratory biases are modeled as outcomes of a Laplace 
distribution with zero mean and standard deviation �:

As before, this Laplace distribution for the laboratory 
biases ensures that the consensus values are approximately 
weighted medians of the measured values. No truncation is 
applied here since isotope delta values can be negative or 
positive.

The prior distribution for the standard deviation of labora-
tory biases is modeled with a half-Cauchy distribution whose 
median is set to half of the maximum allowed relative meas-
urement uncertainty established by WADA [46]:

Laboratory-specific measurement errors are modeled as 
outcomes of a Laplace distribution with zero mean and 
laboratory-specific standard deviation, uc,l:

(12)Xl = � + Bl + El,

(13)

(14)Bl ∼ LAPLACE(mean = 0, sd = �).

(15)� ∼ CAUCHY(median = uc,Max∕2) (� ≥ 0).

(16)El ∼ LAPLACE(mean = 0, sd = uc,l).

Table 2   Overview of the input 
data and measurement model 
parameters for steroid profile 
measurements

Type Symbol Description

Data Xs,l Reported value measured by laboratory l for sample s
Data uc,Max Maximum allowed relative measurement uncertainty set by WADA
Parameter �s True steroid marker concentration for sample s
Parameter Bl Relative bias of laboratory l
Parameter � Standard deviation of relative laboratory biases
Parameter ul Standard deviations of relative measurement errors for laboratory l
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The laboratory-specific measurement uncertainty, uc,l , is 
reported by the laboratories. The input data and the param-
eters of this statistical measurement model are summarized 
in Table 3. The statistical model adopted here for carbon 
isotope delta measurements follows closely the Laplace ran-
dom effects model for interlaboratory studies [34] which has 
been implemented in the NIST Consensus Builder [17, 18].

Specific gravity (SG) of urine

SG of urine (which is the ratio of its density to that of water 
at 4 °C, and that IUPAC calls relative density, d) plays an 
important role in anti-doping analysis because the decision 
limits (DL) established for threshold substances, and the 
estimated concentrations of non-threshold substances for 
which WADA has established minimum reporting levels 
(MRLs), are adjusted when the SG of a sample, ds , exceeds 
1.018 [48]. This adjustment involves a factor,

which makes the SG measurements particularly influential.
SG measurements are reported as a single value for each 

sample and rounded to three decimal digits. These results are 
modeled using a linear mixed effects statistical measurement 
model with an added consideration for the effect of round-
ing, which is imposed on all laboratories in accordance with 
the TD DL [48]:

Here, �s is the true value of the specific gravity for urine 
sample s, Bl is the bias of laboratory l, Es,l is the laboratory-
specific measurement error incurred when laboratory l meas-
ures sample s, and Rs,l is the effect of rounding.

We use a weakly informative, zero-truncated Gaussian 
prior distribution for �s , centered at the median of the values 
measured for each sample, with large standard deviation that 
covers the SG values normally seen in the population [19]:

ks =
1.020 − 1.000

ds + 2uc,Max − 1.000
,

(17)Xs,l = �s + Bl + Es,l + Rs,l.

(18)
�s ∼ GAUSS(mean = median(Xs), sd = 0.020) (�s ≥ 0).

The same as before, this choice recognizes that the consen-
sus values cannot be negative and that they lie in the general 
vicinity of the reported measured values.

The laboratory biases are modeled as outcomes of a 
Laplace distribution with zero mean and standard deviation 
�:

The choice of a Laplace distribution for the laboratory 
biases ensures that the consensus values are approximately 
weighted medians of the corresponding measured values.

The prior distribution for the standard deviation of labora-
tory biases is a half-Cauchy distribution whose median is set 
to half of the maximum allowed measurement uncertainty 
established by WADA (currently, uc,Max = 0.001 ) [48]:

The joint analysis of specific gravity measurements from 
multiple samples, under the assumption that the standard 
uncertainty of such errors is largely independent of the sam-
ple, enables the assessment of measurement uncertainty. 
This is made possible by evaluating the dispersion of biases 
of each laboratory’s results from the consensus values across 
the multiple analyzed samples whose specific gravity the 
laboratory measured. Measurement errors are modeled as 
outcomes of a Laplace distribution with zero mean and a 
laboratory-specific standard deviation ul:

The same as with the laboratory biases, the prior distribution 
for the measurement uncertainty is a half-Cauchy distribu-
tion whose median equals half the maximum allowed value 
set by WADA in the TD DL [48]:

The effect of rounding is modeled using a uniform (or, rec-
tangular) distribution:

The input data and the parameters of this statistical measure-
ment model are summarized in Table 4.

(19)Bl ∼ LAPLACE(mean = 0, sd = �).

(20)� ∼ CAUCHY(median = uc,Max∕2) (� ≥ 0).

(21)Es,l ∼ LAPLACE(mean = 0, sd = ul).

(22)ul ∼ CAUCHY(median = uc,Max∕2) (ul ≥ 0).

(23)Rs,l ∼ UNIFORM(−0.001∕2,+0.001∕2).

Table 3   Overview of the input 
data and measurement model 
parameters for carbon isotope 
ratio measurements in steroid 
profile markers

Type Symbol Description

Data Xl Reported value measured by laboratory l
Data uc,l Measurement uncertainty reported by laboratory l
Data uc,Max Maximum allowed measurement uncertainty set by WADA
Parameter � Consensus value
Parameter Bl Bias for laboratory l
Parameter � Standard deviation of the laboratory biases B1 …BL
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Data format

To facilitate automated uptake of the results from an 
interlaboratory study, quantitative EQAS results are tran-
scribed in the form of a wide-format database (Table 5) 
where each row corresponds to an entry by an individual 
participating laboratory and each column, in turn, con-
tains the reported outcome along with the associated 
descriptors (metadata). This approach ensures sufficient 
level of annotation and machine readability.

Model fitting

Modern data analysis cannot be conducted without mod-
ern software tools. Indeed, many requirements in mod-
ern data analysis necessitate tools that go beyond Excel 
spreadsheets.

Working with the aforementioned custom-tailored 
statistical models requires great flexibility, and we have 
adopted Markov chain Monte Carlo (MCMC) methods 
to perform the parameter fitting and to obtain random 
draws from the posterior distributions of the fitted model 
parameters [26].

These tasks can be performed using any one of the sev-
eral open-source software platforms for statistical mod-
eling, such as BUGS [20], Stan [5], or JAGS [10]. We 
have adopted the latter and executed the MCMC sampling 
using the R environment for statistical modeling, comput-
ing, and graphics [32].

The entire process of data uptake, fitting, and sampling 
from the posterior distribution was developed as a Shiny 
application in R which provides a web-based user inter-
face for data retrieval and visualization [12]. The result-
ing tables and figures are generated programmatically.

Outlier handling

In the context of key comparisons carried out under the 
purview of the CIPM, “automatic” identification and sup-
pression of apparent outliers is frowned upon for reasons 
articulated in [18] and [31]. However, in a production envi-
ronment as prevails for WADA EQAS, greater freedom is 
warranted to set aside occasional, suspicious reported val-
ues, especially if this is done as conservatively as described 
next. Thus, the quantitative EQAS data reduction proceeds 
first by fitting the mixed effects model to the data using con-
ventional approaches (based on the method of maximum 
likelihood estimation [30, p.191]) and obtain predicted val-
ues for each observation. Values that are more than 5� apart 
from their model predictions are considered anomalous, and 
the subsequent calculation of the consensus values with the 
Bayesian methods will not include the anomalous values 
identified above.

More specifically, for each measured value, one calculates 
the difference between the reported and predicted values 
and divides this difference by the robust estimate (scaled 
mean absolute deviation about the median, mad in R) of 
the standard deviation of the residuals. However, z-scores 
are still calculated for these anomalous value(s) using the 
“clean” consensus value and the maximum allowed com-
bined standard measurement uncertainty ( uc,Max ). While the 
5� threshold is arbitrary, it follows established practices of 
data rejection for proficiency test data [16].

Evaluation of laboratory bias

The evaluation of laboratory biases constitutes a major task 
when conducting interlaboratory studies for proficiency test-
ing. Depending on the analyte, laboratory bias takes either 
an absolute or a relative form:

Table 4   Overview of the input 
data and measurement model 
parameters for urine-specific 
gravity measurements

Type Symbol Description

Data Xs,l Reported value measured by laboratory l for sample s
Data uc,Max Maximum allowed relative measurement uncertainty set by WADA
Parameter �s True SG value for sample s
Parameter Bl Bias of laboratory l
Parameter � Standard deviation of laboratory biases
Parameter ul Standard deviations of measurement errors for laboratory l

Table 5   An example of a wide-
format database of quantitative 
EQAS results

Eqas Lab Sample Analyte Type Value Unit uc (%) uc,Max (%)

2023-1 L1 S1 Morphine TS 1.36 μg/mL 9.9 15
2023-1 L2 S1 Morphine TS 1.81 μg/mL 13 15
2023-1 L3 S1 Morphine TS 1.56 μg/mL 8.3 15
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In all cases, we use the posterior means of laboratory biases 
which are the best estimates in the context of the statistical 
measurement models used, and from the viewpoint of mean 
squared error. These best estimates of laboratory bias will 
invariably differ from the apparent (naïve) laboratory biases, 
resulting from the simple calculations that we discuss in the 
results section.

The uncertainty associated with the laboratory bias, u(Bl) , 
takes a form of a predictive uncertainty and includes the 
uncertainty contributions associated with the consensus 
value u(�) , and the repeatability of the replicate determina-
tions used to evaluate the bias, the dark uncertainty � , as well 
as the correlation between Xl and � . The uncertainty associ-
ated with the laboratory bias is determined as the standard 
deviation of the Markov Chain Monte Carlo draws from the 
posterior distribution of Bl.

Measurements of steroid profile markers and SG are per-
formed for multiple samples and therefore present an oppor-
tunity to evaluate the overall laboratory performance. While 
various methods have been used to assess the laboratory bias 
in such cases, including rank-sum analysis [35] or pooling 
the z-scores [39, 43], the use of a mixed effects model pro-
vides a direct assessment of the bias of each laboratory and 
its uncertainty without the need for further analysis.

Standard deviation for proficiency assessment

An important part of proficiency testing is to determine the 
scaling factor �PT , formally known as the standard deviation 
for proficiency assessment [39, 3.5], which is used to deter-
mine the z-scores for the results reported by each laboratory:

The z-scores of the participating laboratories are critical out-
puts of the intercomparison since z-scores |z| ≥ 3.0 may lead 
to the assignment of penalty points against the correspond-
ing laboratories, which, in turn, can lead to sanctions against 
them [45, Clause 7.3].

Traditionally, the value of �PT has been set by WADA to 
be equal to the maximum allowed combined standard meas-
urement uncertainty, uc,Max [45, Clause 7.1.2.1]. In addition, 
the ISL:2021 notes that �PT can also be set as the robust 
estimate of the reproducibility of the results from all the 
participating laboratories ( sR ) [45].

In this vein, we estimate the value of sR using the statis-
tical model that we propose, and use it to regularly assess 
the fitness-for-purpose of the uc,Max values adopted by 

(24)Bl = Xl − � (for SG, GC/C/IRMS),

(25)Bl = (Xl − �)∕� (for TS, SP).

(26)zl =
Bl

�PT
.

WADA. For this purpose, we calculate the model-based 
predictive reproducibility standard deviation for each 
analyte — an overall posterior estimate of dispersion that 
combines all the random effects recognized in the statisti-
cal measurement model.

Validation of calculations

The EQAS calculator developed to support this work is 
built on the same basic modeling principles as the NIST 
Consensus Builder [18], and its results have been validated 
using several benchmark datasets and calculations as out-
lined in Table 6.

The steroid module results were evaluated using data-
sets from the Appendix 3 of the IUPAC Technical Report 
on Proficiency Testing [39] and datasets from the Appen-
dix E of ISO 13528:2022 [15]. Since the methods outlined 
in IUPAC and ISO guidance documents rely on different 
statistical models, the goal of the comparison is simply 
to demonstrate that the results obtained are in reason-
able mutual agreement. In all cases, the consensus values 
obtained are consistent with those from the IUPAC and 
ISO guides to within 2� uncertainty despite the fact that 
some datasets include results with apparently bimodal and 
skewed distributions.

The threshold substance module results were validated 
using the dataset for arsenic in kudzu with triplicate meas-
urement results from 22 laboratories [30, p.151]. Here, 
our results are compared against those obtained with a 
different probabilistic programming language, Stan [5], 
which is widely considered a benchmark implementation 
of Bayesian modeling and computation. In this particular 
case, both calculations rely on the same statistical model 
and produce identical results, differing numerically only 
by insignificant amounts due to the stochastic nature of 
Monte Carlo estimates.

Table 6   Comparison of the published consensus value estimates from 
benchmark interlaboratory datasets [39] with the Bayesian approach 
described in the foregoing

The numbers in parentheses denote standard uncertainties and 
apply to the least significant digits. For instance, 53.24(8) stands for 
� = 53.24 and u(�) = 0.08

a. The uncertainty was reduced by 25% to adhere to IUPAC recom-
mendation u(�) = sR∕

√
L instead of u(�) = 1.25 ⋅ sR∕

√
L

Dataset Size �classical �Bayes

IUPAC/A3.1 L = 68 53.24(8) 53.28(9)
IUPAC/A3.2 L = 32 85(2) 88(3)
IUPAC/A3.3 L = 65 101.5(16) 98.4(17)
ISO 13528/E.3 L = 34 0.2570(68)a 0.2596(90)



	 Accreditation and Quality Assurance

Results

Consensus values

Here, we use the results from the blind EQAS-2023-1 
round to compare the results of the currently conven-
tional approach with the proposed Bayesian approach. 
Under the current WADA approach, the consensus value 
�classical is the robust (Huber H15) mean, and the uncer-
tainty associated with the consensus value is taken as 
u(�classical) = k ⋅ sR∕

√
L where sR is the robust (Huber H15) 

standard deviation of the L laboratory results and k = 1 . 
Note that the choice of k itself has been questioned in the 
literature: ISO recommends k = 1.25 [15] as an approxi-
mation to the k =

√
�∕2 that corresponds to the median 

as an estimate of � based on a large sample drawn from a 
Gaussian distribution [7, p.369], whereas IUPAC recom-
mends k = 1.00 [39], which is the more appropriate choice 
for the robust mean as an estimate of �.

In addition to the controversial nature of the factor k, 
obtaining the H15 estimates of location and scale can be a 
tedious process [1] and most users, like WADA, rely on the 
widely used Excel macro created by the Analytical Meth-
ods Committee (AMC) of the Royal Society of Chemistry 
Analytical Science Community. (An implementation in R 
function huberM, which is defined in the robustbase 
package [21], streamlines the process, yet involves choices 
of tuning constants.)

In most cases, we observe that the  classical robust 
statistical method provides similar consensus values and 
their associated uncertainties, with both methods differing 
by ±1u(�) in most of the cases (Table 7). In addition, as 
shown in the last line of Table 7, the classical robust meth-
ods can fail to evaluate the uncertainty associated with 
the consensus value of SG (by giving it a zero estimate). 

Such shortcomings of classical statistical methods are not 
unique to this example [26].

Laboratory bias

Traditional interlaboratory comparisons provide a simple 
estimate of the bias by calculating the difference (or rela-
tive difference) between the reported value and the consen-
sus value — the apparent laboratory bias. In the Bayesian 
model framework, this is not the best estimate of the bias. 
Instead, the mean posterior estimate of the laboratory bias 
effect, Bl , is. The latter tend to be smaller than the aforemen-
tioned apparent estimates of bias as they are shifted toward 
their prior estimates which are set to zero (Fig. 3). Formally 
known as shrinkage, this effect was discovered in a classical 
(non-Bayesian) setting when Charles Stein stunned the world 
of statistics by proving that the sample mean is not the best 
estimate of the mean of a multivariate Gaussian distribu-
tion (in more than two dimensions) according to the mean 
squared error criterion [11].

Overall, the use of Bayesian measurement models is very 
appropriate in regulatory performance assessments, such as 
the WADA EQAS, because our Bayesian model starts out 
by assuming that all laboratories are performing well. Thus, 
the prior distribution assigned to each laboratory bias is cen-
tered at zero and acts as a mathematical device to convey 
the assumption that all the laboratories are performing well 
unless the data reveal cogent evidence to the contrary.

Measurement uncertainty

Evaluation of measurement uncertainty for each participat-
ing laboratory is an integral part of EQAS intercomparisons. 
Since the estimated laboratory biases are not used to correct 
any future results, we adopt the view that the bias should 
be part of the combined measurement uncertainty [22, 38]:

Table 7   Comparison of the 
consensus value estimates 
obtained by classical robust 
method ( k = 1.00 ) and by the 
Bayesian method developed 
herein using the results from 
blind EQAS intercomparisons

The numbers in parentheses denote standard uncertainties and apply to the least significant digits. For 
instance, 0.776(9) stands for � = 0.776 and u(�) = 0.009

Analyte Quantity eqas �classical �Bayes Unit

Pregnanediol �VPDB(13C) 2017-2/S6 −22.59(12) −22.69(13) ‰ vs VPDB
Androsterone �VPDB(13C) 2017-2/S6 −26.69(12) −26.80(10) ‰ vs VPDB
Morphine Concentration 2023-1/S1 1.61(2) 1.61(2) mg/L
5�-androstanediol Concentration 2023-1/S1 51.2(8) 50.2(7) ng/mL
5�-androstanediol Concentration 2023-1/S1 195.6(2.7) 194.5(2.4) ng/mL
Androsterone Concentration 2023-1/S1 2126(33) 2130(22) ng/mL
Etiocholanone Concentration 2023-1/S1 1712(21) 1706(20) ng/mL
Testosterone (T) Concentration 2023-1/S1 29.5(3) 29.8(3) ng/mL
Epitestosterone (E) Concentration 2023-1/S1 38.3(5) 37.9(5) ng/mL
T/E ratio Amount ratio 2023-1/S1 0.776(9) 0.786(9) 1
Urine Specific gravity 2023-1/S1 1.016(0) 1.0162(1) 1
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To estimate the combined measurement uncertainty for each 
laboratory, we take the draws from the posterior distribution 
of measurement errors (E) and biases (B) and combine them 
in quadrature:

The approach of combining the individual MCMC draws 
incorporates the uncertainty surrounding the estimates of 
laboratory biases as well as the uncertainty surrounding the 
estimates of umeas itself. The median of {UMCMC,i} is used 
as the estimate of the combined measurement uncertainty 
and the lower 5 % quantile of UMCMC,i is used to determine 
whether uc ≤ uc,Max.

Overall performance

As noted above, fitting the statistical models to the EQAS 
data provides, among other results, the overall predictive 
reproducibility standard deviation ( sR ) for each analyte. This 
measure of dispersion combines the standard deviation of 
laboratory biases ( � ) and median measurement uncertainty 
of all laboratories:

(27)uc =

√
u2
meas

+ B2 + u2(B).

(28)U
2
MCMC,i

= E
2
MCMC,i

+ B
2
MCMC,i

(i = 1…NMCMC).

(29)B ∼ LAPLACE(mean = 0, sd = �),

(30)E ∼ CAUCHY(median = median(umeas)),

(31)U = E + B.

The estimate of sR is then obtained as the robust standard 
deviation of the combined draws (U) representing the over-
all laboratory bias and typical measurement errors. For SG, 
the calculation of sR also includes the rounding error com-
ponent. Table 8 shows the comparison for steroid profile 
analysis from two blind EQAS rounds. In most cases, the sR 
is approximately half of the maximum allowed uncertainty, 
as expected.

Conclusions

We have outlined a data-driven statistical measurement 
model for interlaboratory comparisons conducted regularly 
by WADA. By embracing modern statistical methods and 
tools, we are able to employ finely tuned models that deliver 
reliable estimates of performance (z-scores) and realistic 
uncertainty evaluations, making the most efficacious use of 
the data.
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Fig. 3   Evaluating the Laboratory bias using Bayesian mixed effects 
measurement models. Panel A shows the estimated absolute labora-
tory biases for morphine measurements in urine using Bayesian and 
classical methods. It is evident that the Bayesian method provides 
lower estimates of the laboratory bias—an effect known as shrinkage. 
Panel B shows the same effect for 5 �-androstanediol measurements 
in urine. In addition, Panel C illustrates the workings of the mixed 

effect model where black dots represent the individual laboratory 
biases observed for each of the five analyzed urine samples. Red dia-
monds represent the corresponding Bayesian estimates whereas the 
blue crosses represent the (classical) medians of the individual biases. 
All panels show the anonymized results from the blind EQAS-2023-1 
intercomparison round

Table 8   Comparison of the maximum allowed measurement uncer-
tainty and the overall predictive reproducibility standard deviation 
( sR ) for steroid profile marker measurements from blind EQAS-
2023-1 ( sR,1 ) and EQAS-2023-2 ( sR,2 ) intercomparisons

Analyte uc,Max (%) sR,1 (%) sR,2 (%)

5�-androstanediol 25 12 14
5�-androstanediol 25 12 12
Androsterone 20 10 10
Etiocholanone 20 10 11
Testosterone (T) 20 10 11
Epitestosterone (E) 20 10 11
T/E 15 10 11
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Despite the nearly identical consensus values obtained 
by the classical robust methods and the Bayesian method, 
the latter is open to data-driven tuning of the underlying 
model assumptions and provides easy access to uncertainties 
associated with every model parameter and derived quanti-
ties. The method developed herein can be further explored 
in proficiency testing as a data-driven decision-making tool 
to evaluate the performance of analytical methods in other 
fields.
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