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The  aim  of  this  paper  is to  apply  a new  technique  for the  validation  of  quantitative  analytical  procedures
based  on  Bayesian  simulation  and accuracy  profile.  Also,  an original  strategy  for  estimating  measurement
uncertainty  by the  same  approach  has been  developed.  The  performance  of our proposal  was  confirmed
by  application  to  analytical  and  bio-analytical  methods.  Compared  to the  classical  strategy,  the  new
approach  has a more  holistic  character.  It means  that  it is  no  longer  necessary  to know  the  various
individual  steps  into  which  the  analytical  method  can  be  broken  down  since  this  latter  is taken  as a
eywords:
ethod validation

ayesian simulation
ccuracy profile
-Expectation tolerance interval
easurement uncertainty

whole.
Furthermore,  the  Bayesian  accuracy  profile  procedure  allows  to  control  the  risk  associated  with  the

future  use  of  the  analytical  method.
© 2011 Elsevier B.V. All rights reserved.
. Introduction

Analytical validation is a topic that has attracted many
esearchers in different fields of analytical chemistry. However,
he question of acceptability of a quantitative analytical proce-
ure remains unevenly and incompletely resolved. Indeed, several
trategies by different standards and guides (ISO, ICH, FDA, AOAC,
URACHEM etc.) [1–10] have been proposed to carry out the analyt-
cal validation; the latest is based on the accuracy profiles estimated
y tolerance interval [1].

Statistical  tolerance intervals are useful in validation of
nalytical procedures, life-testing, process reliability studies, phar-
aceutical engineering, and many other areas. Three basic types

f tolerance intervals have received considerable attention: (i) �-
ontent tolerance intervals, (ii) �-expectation tolerance intervals
nd (iii) fixed-in-advance tolerance intervals. The problem of con-
tructing tolerance limits in the balanced one way  random-effects
odel, and simple random sample (SRS) has been investigated by

everal authors.

For  univariate normal distribution, tolerance intervals have

een first discussed by Wilks [11] and Paulson [12]. Fur-
her, Fraser and Guttman [13] defined and constructed “good”

∗ Corresponding author at: Centre Universitaire Régional d’Interface, Université
idi  Mohamed Ben Abdallah, BP 2626, route d’Imouzzar-Fès, Morocco.

E-mail  address: saffajt@gmail.com (T. Saffaj).

039-9140/$ – see front matter ©  2011 Elsevier B.V. All rights reserved.
oi:10.1016/j.talanta.2011.11.077
tolerance intervals. Mee  considers the �-expectation tolerance
interval for balanced one-way random effects models and pro-
poses an analytical approximate method based on the result of
Wilks [14,15]. Indeed, the Mee’s method has been adopted by
the Société Francaise des Sciences et Techniques Pharmaceutiques
(SFSTP2003) for the validation of quantitative analytical procedure
[1,2].

Recently, Lin and Liao developed a �-expectation tolerance
interval procedure for all mixed linear models [17]. Their method is
based on the concept of generalized pivotal quantity, presented in
Weerahandi [18]. We  can define the �-expectation tolerance inter-
val as an interval covers on average 100�% of the distribution given
the estimated parameters. This interval is referred to by Mee  [14]
as a “mean-coverage” tolerance interval.

The derivation of tolerance interval in a Bayesian framework
is first introduced by Aitchison [23,24], and the results are also
given in Guttman [19]. Wolfinger has presented a simulation-based
approach for determining Bayesian tolerance intervals in a bal-
anced one-way random effects model [20]. The theory and results of
Wolfinger have been extended to the balanced two-factor nested
random effects model in Van der Merwe  [21]. Also, a simulation
approach for constructing Bayesian tolerance intervals in an unbal-
anced one-way random effects model are treated by the same

author [22].

This  article aims to exploit the Bayesian simulation given by
Wolfinger for share validated analytical methods and to estimate
the measurement uncertainty.
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At first, a reminder and mathematical definitions are presented
or the construction of Bayesian tolerance interval. Secondly, the
pplicability of the proposed tolerance intervals is demonstrated in
ection 3 by application to the problem of quantitative analytical
ethod validation based on the accuracy profile and evidence of

he interest of the method is provided by illustrative examples.

.  Chemometrical development

.1.  Bayesian tolerance intervals

.1.1. One-way random effects model
During pre-study method validation, measurements are made

ver multiple independent assay runs with replicate determina-
ions within each run. A statistical model to describe the measured
alues is given by [26]:

ij = � + bi + eij; j = 1, 2, . . . , n; i = 1, 2, . . . , a (1)

here  Yij denotes the jth replicate observation corresponding to ith
un, � is an unknown general mean, bi’s represents random effects
nd eij’s represent error terms. It is assumed that bi’s and eij’s are all
ndependent having the distributions bi∼N(0, �2

b
) �i∼N(0, �2

� ) and

ij∼N(0, �2
e ). Thus, Yij∼N(0, �2

� + �2
e ) and �2

b
�2

� and �2
e represent the

wo variance components in the model.
We define

¯
 = 1

an

a∑
i=1

n∑
j=1

Yij, Ȳi = 1
n

n∑
j=1

Yij, SSb = n

a∑
i=1

(Ȳi − Ȳ)
2

and SSe

=
a∑

i=1

n∑
j=1

(Yij − Ȳi)
2

(2)

able  1 gives the analysis of variance (ANOVA) and the expected
ean squares under the model (1).

.1.2. Bayesian ˇ-expectation tolerance interval
In order to introduce the key idea about Bayesian �-expectation

olerance interval, let X denotes a random variable whose distri-
ution depends on a parameter �, and the realization of X give the
bserved data. Here � could be a vector. Let x be a vector represent-
ng realizations of X, and let L(x|�) be the likelihood function. If �(�)
enotes a prior distribution for �, then the posterior distribution of
, say P(�|x), is given by

(�|x)  = L(x|�)�(�)∫
L(x|�)�(�)d�

(3)

 Bayesian tolerance interval for the univariate normal distribution
as been originally derived by Aitchison [23,24], and the results are
lso given in Guttman [19].

Let’s now consider the derivation of tolerance intervals for
ne-way random model with balanced data. Let Ȳ ,  SSb and SSe are
ndependently distributed with

¯ ∼N

(
�,

n�2
b

+ �2
e

an

)
,

SSb

n�2
b

+ �2
e

∼�2
a−1 and

SSe

�2
e

∼�2
a(n−1) (4)

he  likelihood is taken to be joint density of the above three
andom variables, to be denoted by L(ȳ,  ssb, sse|�, �2

b
, �2

e ), where
¯ ,  ssb and sse denote the observed values of Ȳ  and SSe respectively.

Let’s now consider the derivation of Bayesian �-expectation tol-

rance intervals under the non-informative prior (5) for (�, �2

b
, �2

e ).

(�, �2
b , �2

e ) ∝ 1

�2
e (n�2

b
+ �2

e )
(5)
ta 92 (2012) 15– 25

If we define

˝b = n�2
b + �2

e and ˝e = �2
e (6)

Then  the marginal posterior distributions of ˝b and ˝e are propor-
tional to an inverse gamma distribution and can be easily worked
out if we ignore the restricted parameter space ˝b ≥ ˝e. These pos-
terior distributions and the conditional posterior distribution of �
are given by

˝b|ȳ, ssb, sse∼IG
(

a − 1
2

,
ssb

2

)
(7)

˝e|ȳ, ssb, sse∼IG
(

a(n − 1)
2

,
sse

2

)
(8)

and

�|ȳ,  ssb, sse, ˝b, ˝e∼N

(
ȳ,

˝b

an

)
(9)

where  IG(d,s) is the inverted gamma  density with parameters d and
s.

Furthermore, if the restrictions did not apply, the joint posterior
distribution of (�, ˝b, ˝e) would be the product of these three dis-
tributions. But the restrictions ˝b ≥ ˝e do apply. The procedure
consists of generating (˝b, ˝e) from the independent inverted
gamma distributions in (6), and (7), and retaining only those pairs
(˝b, ˝e) that satisfy ˝b ≥ ˝e the required Bayesian �-expectation
tolerance intervals for N(�, �2

b
+ �2

e ) may  be estimated with the
following algorithm:

Algorithm 1

(1)  Choose T0, the number of Bayesian simulation, say 10 000;
(2)  (a) Generate T0 values from the distribution of (˝b, ˝e) speci-

fied  in (7) and (8); (b) Retain those sets of values that obey the
restricted  parameter space ˝b ≥ ˝e; Suppose there are T such
pairs

(3) Generate T values from the normal distribution of � given in
(9)

(4) For each of the T values of (�, ˝b, ˝e), generate a pseudo-
random normal observation with mean � and variance �2

b
+ �2

e
(5) The ˇ1th and the ˇ2th percentile of the T values of this

pseudo-random normal distribution gives Bayesian two-sided
�-expectation tolerance intervals.

Note that:

�2
b = ˝b − ˝e

n
and ˝e = �2

e (10)

and

 ̌ = ˇ2 − ˇ1 (11)

2.2. Bayesian uncertainty

Since  2000, ISO 17025 requires different sectors such as reg-
ulatory bodies, the official quality laboratories the corporation’s
contractors of services and the industries of various sectors,
namely: chemistry, pharmacy, biopharmacy, food processing, envi-
ronment, cosmetology, etc. to apply procedures for estimating
measurement uncertainty [39].

The correct interpretation of a measurement result requires
knowledge about its uncertainty. In this context, several
approaches for estimating uncertainty in analytical measurements
are proposed, the most important ones are:
• The  International Organisation for Standardisation (ISO)
approach (commonly known as “bottom-up” approach) pub-
lished  in the Guide of Uncertainty of measurement (GUM)
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Table 1
Analysis of variance table for balanced one-way random effects model.

Source Sum of squares df Mean square Expected mean square

Factor SSb = n

a∑
i=1

(Ȳi − Ȳ)
2

a − 1 MSb = SSb
a−1 n�2

b
+ �2

e

Error SSe =
a∑

i=1

n∑
j=1

(Yij − Ȳi)
2

a(n − 1) MSe = SSe
a(n−1) �2

e

a∑ n∑
1
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Total SST =
i=1 j=1

(Yij − Ȳ)
2

an −

[41,42]; The ISO or GUM approach was originally proposed
for  quantifying uncertainty in physical measurements. It is
based  on identifying, quantifying and combining all sources
of  uncertainty on the measurement. This guideline proposes
an  error-propagation or error-budget approach to estimate the
uncertainty  related to a measurement result. Nevertheless, direct
application  of the GUM in analytical, bioanalytical laboratories
is  found tedious and laborious. Horwitz and Albert [48] states
that  the error-budget is not generally accepted as the most
suitable  and practical way to evaluate the uncertainty related to
a measurement result in analytical chemistry. For this reason,
the  EURACHEM guideline was published in order to make a
compromise  between the requirements of the GUM and the
needs  of analytical chemists. Indeed, Analytical chemists are
used  to determining error by what they call ‘method validation’,
and  would like to use this for determining uncertainty. When,
Metrologists have a different approach, which they apply to
physical  methods and would like to see applied also in analytical
chemistry.
The  Analytical Methods Committee (commonly known as
“top–down”  approach) [47]. This document has been proposed
as  an alternative method to evaluate the uncertainty related
to  each component of an analytical measurement result. The
top–down  approach is based on precision data assessed in an
inter-laboratory study.

Depending on the conditions under which the analyst is oper-
ting, different operational definitions of uncertainty have been
roposed. They comprise: within-laboratory uncertainty, repro-
ucibility uncertainty, bias-included uncertainty and absolute
ncertainty. At this point, we consider the evaluation of the
easurement uncertainty derived from the results obtained in a

alidation experiment.
Although  few approaches have been described for the estima-

ion of uncertainty from validation process [27–35], there is still a
eed to clarify the relationship between validation and uncertainty

or many analysts and particularly to show how the validation data
an be practically used to estimate the uncertainty measurement. A
ecent draft of guide ISO/DTS [36] suggests that experimental data
btained from repeatability, reproducibility and trueness studies
ould be used to determine uncertainty measurement. Further-
ore, by considering the validation strategy adopted by SFSTP2003,

einberg et al. [34] put into practice the possibility to estimate the
ncertainty using the validation data and accuracy profiles.

This  section will be devoted to expose a new strategy for esti-
ating measurement uncertainty using the Bayesian strategy and

alidation data.
According to the LGC/VAM protocol [27] and the recommen-
ations of the ISO/DTS 21748 guide [36], a basic model for the
ncertainty of the measure and Z, can be expressed by Eq. (12):

2(Z) = S2
R + u2(ı̂)  +

∑
c2

i u2(xi) (12)
where SR is the reproducibility standard deviation, u(ı̂) is the uncer-
tainty associated with the bias of the method, and

∑
c2

i
u2(xi) is the

sum of all of the effects due to other deviations.
If the validation data via the accuracy profile are used to esti-

mate measurement uncertainty, the third term of Eq. (12) can be
eliminated and uncertainty may  be estimated with the following
equation:

u2(Z) = S2
R + u2(ı̂)  (13)

According to Mee  procedure, the �-expectation tolerance interval
is equal to:

�̂M ± t(v)k �̂M

It can be easily verified that

u2(Z) = k2�̂2
M

and a mathematical model to describe the �-expectation tolerance
interval is given now by

�̂M ± t(v)u(Z) (14)

If we assume that Bayesian �-expectation tolerance interval is
equal to Mee’s formula, the following expression can be used:

UB = �̂M + t(v)u(Z) (15)

or

LB = �̂M − t(v)u(Z) (16)

where UB is upper Bayesian tolerance interval. LB is lower
Bayesian tolerance interval. Finally, the Bayesian Uncertainty can
be expressed as:

u(Z)  = UB − LB

2t(v)
(17)

The Bayesian uncertainty calculated using Eq. (17) must be multi-
plied by an appropriate coverage factor, k, to give the expanded
uncertainty U(Z). For normal distribution a coverage factor of 2
gives an interval containing approximately 95% of the distribution
of values [37,40].

3.  Illustrative examples

In  order to demonstrate the applicability of the Bayesian
approach, to evaluate the performance of quantitative analytical
procedures on the one hand and the assessment of measure-
ment uncertainty on the other hand, we  have selected from the

bibliography of methods, which use different instrumental tech-
niques such as spectrofluorimetry, liquid chromatography (LC–UV,
LC–MS), Capillary electrophoresis and enzyme-linked immunosor-
bent assay (ELISA).
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Table 2
Calculated concentrations of quinine, expressed as mg  L−1.

Replicate Theoretical concentration Day

1 2 3 4 5

1 66 65.33 66.81 67.44 65.72 66.61
2  65.38 66.79 67.48 65.70 66.36
3  65.22 66.72 67.48 65.88 66.70
1 83 84.49  82.83 82.65 82.30 83.74
2 84.53  82.77 82.70 82.51 83.82
3  84.60 82.92 82.56 82.48 83.65
1  100 100.25 101.36 99.98 98.84 99.60
2  100.20 101.44 100.02 98.93 99.77
3  100.32 101.50 99.87 98.75 99.82

Table 3
The  observed values of Ȳ ,  SSb and SSe for the quinine data.

Level Theoretical concentration Ȳ SSb SSe

1 66 66.3747 8.6631 0.1005
2  83 83.2367 9.3502 0.0679
3 100  100.0433 10.5939 0.072

Table 4
Calculated two-sided �-expectation tolerance intervals of the fluorimetric determi-
nation of quinine, using Bayesian approach and Mee’s method.

Theoretical
concentration (mg  L−1)

Bayesian  �-expectation
tolerance limit in
mg  L−1

Bayesian �-expectation
tolerance limit in %

66 [63.97, 68.94] [−3.07, 4.46]
83 [80.71, 85.86] [−2.76, 3.45]

100 [97.34, 102.78] [−2.66, 2.78]
Mee  �-expectation
tolerance limit in
mg  L−1

Mee  �-expectation
tolerance limit in %

66 [63.80,  68.95] [−3.33, 4.47]
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Table 6
Validation results of the UHPLC method for the determination of folic acid in phar-
maceutical preparation using Bayesian approach (acceptance limits � = ±10%).

Level Relative
bias (%)

Repeatability
(%)

Intermediate
precision (%)

1 −0.87 0.64 1.62
2 0.36 0.84 2.06
3 −0.38 0.45 1.47
4 0.48 0.19 0.62
5 0.2 0.16 1.9

Accuracy
Bayesian expectation
tolerance interval (%)

Mee  expectation
tolerance interval (%)

1  [−5.46, 3.72] [−5.71, 3.97]
2 [−5.21, 5.97] [−5.40, 6.13]
3 [−4.79, 3.84] [−4.81, 4.04]
4 [−1.24, 2.29] [−1.41, 2.37]
5 [−4.95, 5.88] [−5.58, 5.98]

Bayesian  uncertainty
(%)

Bayesian expanded
uncertainty (%)

1 1.78 3.56
2 2.18 4.36

T
B

83 [80.56, 85.92] [−2.94, 3.51]
100 [97.19, 102.90] [−2.81, 2.90]

.1. Fluorescence method for the determination of quinine in
onic  water

Gonzalez and Herrador [25] describe and validate a fluorescence
pectrometry method for the determination of quinine in tonic
ater.

According to the Food and Drug Administration (FDA)
uidelines, the validation standards were prepared covering
pproximately the 80%, 100% and 120% of the target amount,
3 mg  L−1 quinine. Each concentration level was analyzed 3 times
n = 3) for 5 days (a = 5). The data is given in Table 2.

The  fluorescence method will be judged valid if the entire two-
ided 95%-expectation tolerance is within the acceptability limits
±5%), an application range of [66, 100] mg  L−1.

The Bayesian tolerance interval can be easily estimated by
arkov chain Monte Carlo (MCMC) method, and the Algorithm 1

an be easily specified for doing this computation.
We shall compute Bayesian �-expectation tolerance intervals
or the distributions N(�, �2
b

+ �2
e ) in the context of the fluores-

ence spectrometry method for the determination of quinine in
onic water, reported in Table 2, using the non-informative prior
istributions. In this example, we have the one-way random model

able 5
ayesian uncertainty of the fluorimetric determination of quinine.

Theoretical concentration (mg  L−1) LB UB

66 63.97  68.94 

83  80.71 85.86 

100 97.34  102.78 
3 1.63 3.26
4 0.66 1.33
5 1.96 3.92

and balanced data, with a = 5 and n = 3. The observed values of
Ȳ ,  SSb and SSe are reported in Table 3:

Using  Algorithm 1, we computes a Bayesian two sided
95%-expectation tolerance limit for N(�, �2

b
+ �2

e ) using 10 000
simulated samples from the posterior distribution of (�, ˝b, ˝e).
Rejection sampling is employed to generate the samples, as pointed
out earlier. All results are reported in Table 4

With the aim to calculate the Bayesian measurement uncer-
tainty, we first estimate t(v) the � quantile of the student t
distribution with 	 degrees of freedom using the Satterthwaite

approximation [38]. As can be seen from Eq. (17), the Bayesian
Uncertainty of the fluorimetric method, is assessed and sum-
marized in Table 5. Note that the expanded uncertainty U(Z) is
computed using a coverage factor of k = 2.

t(	) u(Z) U(Z) (mg  L−1) U (%)

2.7566 0.901 1.802 2.73
2.7639 0.932 1.864 2.25
2.7647 0.984 1.968 1.97
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ig. 1. Two-sided �-expectation tolerance intervals of the fluorimetric determinat
5%.

All results achieved are given in Table 5. As shown in Fig. 1.
he Bayesian accuracy profiles are included inside the acceptability
imits (5%), at all concentration levels. Accordingly, the method is
onsidered as accurate.

.2.  UHPLC method for the determination of folic acid in
harmaceuticals preparations

Deconinck  et al. [43] have described and validated a fully ultra
igh pressure liquid chromatographic method for qualification and
uantification of folic acid in pharmaceutical preparations. After
ptimization and robustness steps, the authors have been vali-
ated their method according to the new SFSTP strategy based

n the accuracy profile and the �-expectation tolerance interval.
he validation standards at five concentration levels were used.
very sample was prepared in triple and analyzed for five consecu-
ive days. Knowing the sample theoretical concentrations, trueness,

ig. 2. Accuracy profiles of the UHPLC method for the determination of folic acid in pha
imits are set at ±10%.
 quinine, using Bayesian approach and Mee’s method. Acceptance limits are set at

repeatability  and intermediate precision, the Bayesian tolerance
interval has been computed for each concentration level (Table 6).
The Bayesian accuracy profile is presented in Fig. 2. As can be seen
from the results, the method is valid, since the different tolerance
limits did not exceed the acceptance limits (±10%) for all the con-
centration levels tested.

3.3.  SPE-LC–MS method for the determination of cyproterone
acetate in human plasma

Christiaens  et al. [44] have developed a SPE-LC–MS method
for the determination of cyproterone acetate in human plasma.

To demonstrate the performance of their method, the authors
have validated this procedure according to a new approach using
accuracy profiles as a decision tool. In fact, they have adopted
the following experimental design 6 × 3 × 3 = 54 that to either the

rmaceutical preparation using Bayesian approach and Mee’s method. Acceptance
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Table 7
Validation results of the SPE-LC–MS method for the determination of cyproterone
acetate  in human plasma using Bayesian approach (acceptance limits � = ±15%).

Concentration
(ng mL−1)

Relative
bias  (%)

Repeatability
(%)

Intermediate
precision (%)

0.3 1.2 1.5 1.5
0.5  −0.1 0.9 1.2
1  1.6 1.2 1.6

10  −6.0 0.5 0.5
25  2.5 0.4 0.4
50 4.1 0.4 0.4

Accuracy
Bayesian expectation
tolerance interval (%)

Mee  expectation
tolerance interval
(%)

0.3  [−4.35, 6.99] [−2.4, 4.7]
0.5 [−4.49, 4.6] [−3.4, 3.1]
1 [−4.57, 7.99] [−3.2, 6.5]

10 [−7.94, −4.16] [−7.2, −4.7]
25 [0.99,4.02] [1.6, 3.3]
50 [2.54, 5.59] [3.1, 5.1]

Bayesian
uncertainty (%)

Bayesian expanded
uncertainty (%)

0.3  2.44 4.89
0.5 1.72 3.44
1 2.37 4.75

10 0.82 1.65

v
p

t
r
g
i
l
l

3
b
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Table 8
Validation results of the ELISA method for the determination of a neurological dis-
ease biomarker protein using Bayesian approach (acceptance limits � = ±30%).

Concentration
(ng mL−1)

Relative
bias (%)

Repeatability
(%)

Intermediate
precision (%)

3.5 14.82 38.41 38.41
7 16.91  17.04 22.69

14.1  6.225 13.47 14.21
28 4.647  4.238 8.229
56  3.246 3.168 6.349

113  3.192 3.191 6.307
225  6.294 4.047 5.696
450 −0.9705  5.185 9.01

Accuracy
Bayesian  expectation
tolerance interval (%)

Mee  expectation
tolerance interval
(%)

3.5  [−96.08, 124.48] [−66.33, 95.97]
7 [−51.37, 85.48] [−37.22, 71.05]

14.1 [−35.22, 47.75] [−24.3, 36.75]
28 [−20.71, 29.89] [−18.64, 27.93]
56 [−16.97, 23.14] [−14.93, 21.42]

113 [−16.62,  22.99] [−14.78, 21.16]
225  [−11.03, 23.41] [−7.678, 20.27]
450 [−26.66, 29.26] [−25.35, 23.41]

Bayesian
uncertainty
(%)

Bayesian expanded
uncertainty (%)

3.5 49.99 99.99
7 28.75  57.50

14.1  18.66 37.32
28 9.49  18.97
56  7.39 14.78

113  7.33 14.65
225 7.09  14.19

F
l

25 0.65 1.31
50 0.66 1.32

alidation standards or the calibration standards. The tolerance
robability � was  set at 95% and the acceptance limit at ±15%.

By  application of Bayesian approach, the validation results of
he response function are presented in Table 7. A weighted linear
egression (1/�2) with six concentration levels was  used and its
oodness of fit is illustrated in Fig. 3. As can be seen from the results
n Table 7, the different limits of Bayesian tolerance (the upper and
ower �-expectation tolerance limits) do not exceed the acceptance
imits settled at ±15% for each concentration level.

.4. ELISA method for the determination of a neurological disease

iomarker  protein

In  this example we consider the enzyme-linked immunosorbent
ssay (ELISA) presented in the new guide SFSTP2003 [45]. ELISA test

ig. 3. Accuracy profiles of the SPE-LC–MS method for the determination of cyproterone
imits are set at ±15%.
450  10.74 21.48

has been developed in order to exactly quantify a protein likely to be
a biomarker and used for a neurological disease-related therapeutic
project. To validate this technique, the calibration standards and
the validation standards were prepared in appropriate matrices,
from protein stock solutions by serial dilution in four independent
series, with two plates by trial, over 4 days. All the trials – either

for calibration or validation standards – have been conducted in
triplicates. As response function, the Commission had selected the
logistic model with four parameters.

 acetate in human plasma using Bayesian approach and Mee’s method. Acceptance
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ig. 4. Accuracy profiles of the ELISA method for the determination of a neurolog
imits are set at ±30%.

Since we have sufficient statistics, we performed the val-
dation of ELISA test and the estimation of measurement
ncertainty.

All results achieved are given in Table 8. As shown in Fig. 4.
he Bayesian accuracy profiles are included inside the acceptability
imits (30%), at all concentration levels, except at levels lower than
8 ng mL−1. Consequently, the method can be considered as giving
ccurate results between 24 and 450 ng mL−1.

.5. Capillary electrophoresis method for the determination of
uinine,  furosemide and the combination
rimethoprime/sulfamethoxazole
Reliable low-cost capillary electrophoresis device for drug
uality control and counterfeit medicines has been proposed by
arini et al. [46]. Indeed, the electrophoretic technique has been

pplied for the determination of quinine, furosemide and the

ig. 5. Accuracy profiles of the EC method for the determination of quinine in pharmace
re  set at ±10%.
sease biomarker protein using Bayesian approach and Mee’s method. Acceptance

combination  trimethoprime/sulfamethoxazol in the medicament
forms.

The method validation has been performed according to the rec-
ommendations of the SFSTP2003 regarding total error concept and
the last FDA proposal. The selectivity, trueness, repeatability and
intermediate precision have been evaluated on four different val-
idation series. Accuracy profile based on tolerance intervals was
used to select the best calibration function and to determine the val-
idated concentration ranges. The tolerance probability � has been
set at 95% and the acceptance limit at ±10%.

The upper and lower Bayesian tolerance limits expressed in
relative value (%) are presented in Figs. 5–8 as a function of
the introduced concentrations. As can be seen from the results
(Table 9), the method is considered as accurate, since the toler-

ance intervals are included in the ±10% acceptance limits for all
the concentration levels tested except the lowest one (80% for sul-
famethoxazole).

utical preparation using Bayesian approach and Mee’s method. Acceptance limits
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ig. 6. Accuracy profiles of the EC method for the determination of furosemide in ph
re  set at ±10%.

. Discussion

According to the intervals assembled in Tables 4–9, we can
tate that the quantitative analytical and bioanalytical methods
hat have been the subject of this study as valid, since the two sided
-expectation tolerance limit estimated, by either the Bayesian
pproach or Mee’s method fall inside the acceptance limits. More-
ver, we have found that intervals calculated by the conventional
ethod adopted by SFSTP2003 [16] and the Bayesian strategy

re almost the same. Through the selected examples, we have
emonstrated clearly that the proposed approach is applicable to
ssess the performance of analytical procedures which can use

ifferent instrumental techniques such as spectrofluorimetry, liq-
id chromatography (LC–V, LC–S), Capillary electrophoresis and
nzyme-linked immunosorbent assay (ELISA). Also, it is noted that
e have the opportunity to use various calibration models even

ig. 7. Accuracy profiles of the EC method for the determination of sulfamethoxazole in p
imits are set at ±10%.
ceutical preparation using Bayesian approach and Mee’s method. Acceptance limits

non  linear, like four-parameter logistic model frequently applied to
ELISA techniques. Indeed, the objective of an analytical procedure
is to give accurate measurements. Accordingly a calibration curve
must be evaluated on its ability to provide accurate measurements.
A significant source of bias and imprecision in analytical measure-
ments can be caused by the inadequate choice of the statistical
model for the calibration curve. For this reason, we  have introduced
the use of the accuracy profile based on the Bayesian tolerance
intervals to decide if a calibration model will give results of suf-
ficient quality. The models should be retained or rejected based on
the accuracy of the back-calculated results regardless of the statis-
tical properties. Throughout the chosen examples we can state that,

the proposed strategy can support all possible response functions.
Only requires that the selected model is able to provide accurate
results. This can be translated by the Bayesian accuracy limits which
fall totally within the acceptance limits.

harmaceutical preparation using Bayesian approach and Mee’s method. Acceptance
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Table 9
Validation results of the EC method for the determination of quinine, furosemide, sulfamethoxazole and trimethoprime in pharmaceutical preparation using Bayesian approach (acceptance limits � = ±10%).

Quinine Sulfamethoxazole

Concentration (%) Relative bias (%) Repeatability (%) Intermediate
precision (%)

Concentration (%) Relative bias (%) Repeatability (%) Intermediate
precision (%)

80 2.3 2 2 80 −2.3 1.7 2.5
100  1.2 1.2 1.5 100 −1.9 2.1 2.1
120  0.6 1.4 1.9 120 −1.6 1.8 1.6

Bayesian  expectation
tolerance interval (%)

Mee expectation
tolerance interval (%)

Bayesian expectation
tolerance interval (%)

Mee expectation
tolerance interval (%)

80 [−3.02, 7.62] [−2.3, 6.8] 80 [−12.12, 7.79] [−13.6, 8.9]
100  [−2.98, 5.46] [−2.9, 5.3] 100 [−9.79, 5.97] [−7.1, 3.3]
120  [−4.93, 6.11] [−4.4, 5.6] 120 [−8.57, 5.20] [−6.1, 3.0]

Bayesian  uncertainty (%) Bayesian expanded
uncertainty (%)

Bayesian uncertainty (%) Bayesian expanded
uncertainty (%)

80  2.49 4.99 80 3.56 7.12
100  1.87 3.74 100 3.39 6.79
120  2.38 4.75 120 2.85 5.70
Furosemide Trimethoprime
Concentration (%) Relative bias (%) Repeatability (%) Intermediate

precision (%)
Concentration (%) Relative bias (%) Repeatability (%) Intermediate

precision (%)
80  1.3 1.2 1.2 80 1.9 1.8 1.8

100  1.2 1.2 1.7 100 1.6 1.2 1.2
120  1.9 1.6 1.7 120 0.8 0.8 0.8

Bayesian  expectation
tolerance interval (%)

Mee expectation
tolerance interval (%)

Bayesian expectation
tolerance interval (%)

Mee expectation
tolerance interval (%)

80 [−2.15, 4.74] [−1.5, 4.2] 80 [−4.77, 8.66] [−2.6, 6.3]
100  [−3.96, 6.28] [−3.6, 6.1] 100 [−2.96, 6.14] [−1.5, 4.6]
120  [−3.05, 6.88] [−2.0, 6.0] 120 [−2.27, 3.79] [−1.1, 2.8]

Bayesian  uncertainty (%) Bayesian expanded
uncertainty (%)

Bayesian uncertainty (%) Bayesian expanded
uncertainty (%)

80  1.56 3.12 80 2.89 5.79
100  2.11 4.21 100 1.96 3.92
120  2.23 4.46 120 1.31 2.61
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Fig. 8. Accuracy profiles of the EC method for the determination of trimethoprime in pharmaceutical preparation using Bayesian approach and Mee’s method. Acceptance
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imits are set at ±10%.

Most importantly, the measurement uncertainty is as an essen-
ial subject as analytical validation or even more. In fact, the
stimation of measurement uncertainty is considered the major
roblem for laboratories because it requires a higher degree of tech-
icality and mastery of statistical tools. In order to assist analysts

n this direction, we have developed an original formula based on
he Bayesian �-expectation tolerance interval for assessing uncer-
ainty. One major advantage of the proposed methodology is that
t can, without any additional experiments, give an estimation of
ncertainty of measurements based on the information from vali-
ation stage. In this way, the data used to carry out the validation
sing the accuracy profiles have also been used for the estimation
f measurements uncertainty. Indeed, the uncertainty is derived
rom the Algorithm 1 used to construct the Bayesian �-expectation
olerance limits. On this basis, several uncertainty results were gen-
rated and are presented in Tables 4–9. It must be reminded that
he expanded uncertainty has been computed using a coverage
actor of k = 2 representing an interval around the results where
he unknown true value can be observed with a confidence level
f 95%.

In light of the obtained results, we can conclude that the
ayesian approach can be applied to estimate the tolerance inter-
als, and, consequently validate the quantitative analytical and
ioanalytical procedures. We  believe that the proposed approach is
n effective tool which can be used as a fitness of purpose criterion
f measurement methods as well as to give a good estimate of the
easurement uncertainty.
The  Bayesian accuracy profile procedure allows us without diffi-

ulty to evaluate the capability of an analytical method to quantify
amples with a known accuracy and a fixed risk according to that
ethod’s objective.
Compared to the classical strategy, the new proposal has a

ore holistic character. It means that it is no longer necessary
o know the various individual steps into which the analytical

ethod can be broken down since the analytical procedure is
aken as a whole. It is not necessary to know the bias and repro-

ucibility of the method for assessing uncertainty. Not only does
his approach simplify the validation process of an analytical

ethod, but also allows the monitoring of risk associated to its
mployment.
5. Conclusion

In this paper, we have managed to implement a new technique
to validate the quantitative analytical and bioanalytical procedures
based on the Bayesian simulation and accuracy profiles. As well, an
original method for estimating measurement uncertainty by the
same approach is proposed. By means the selected examples, we
have indeed demonstrated the possibility to apply our concept to
diverse activity sectors such as pharmacy, biopharmacy or food
processing.

In conclusion, this strategy offers the opportunity to validate the
analytical procedure as well as to assess its uncertainty in the same
way in which it will be used in the routine. It is therefore possible
with the Bayesian tolerance interval to minimize considerably the
risk to accept a procedure that would not be sufficiently accurate
or, on the contrary, to reject a procedure that would be appropriate.

Acknowledgements

The authors thank Y. Ben Abderrazik of the University of Sidi
Mohamed Ben Abdallah for reviewing the manuscript. Many thanks
are also due to the anonymous reviewers for providing important
comments that led to clarify a number of points in this article.

References

[1] Ph. Hubert, J.-J. Nguyen-Huu, B. Boulanger, E. Chapuzet, P. Chiap, N. Cohen, P.-
A. Compagnon, W.  Dewe, M.  Feinberg, M.  Lallier, M.  Laurentie, N. Mercier, G.
Muzard, C. Nivet, L. Valat, STP Pharma Pratiques 13 (2003) 101.

[2] Ph. Hubert, J.-J. Nguyen-Huu, B. Boulanger, E. Chapuzet, N. Cohen, P.-A. Com-
pagnon, W.  Dewé, M.  Feinberg, M.  Laurentie, N. Mercier, G. Muzard, L. Valat, E.
Rozet, J. Pharm. Biomed. Anal. 45 (2007) 82.

[3]  J. Caporal-Gautier, J.M. Nivet, P. Algranti, M.  Guilloteau, M.  Histe, M.
Lallier, J.J. N’guyen-Huu, R. Russoto, STP Pharma Pratiques 2 (1992)
205–226.

[4] E. Chapuzet, N. Mercier, S. Bervoas-Martin, B. Boulanger, P. Chevalier, P. Chiap,
D. Grandjean, Ph. Hubert, P. Lagorce, M.  Lallier, M.C. Laparra, M.  Laurentie, J.C.
Nivet, STP Pharma Pratiques 7 (1997) 169.
[5]  International Conference on Harmonization (ICH) of Technical Require-
ments for Registration of Pharmaceuticals for Human Use, Topic Q2 (R1):
Validation of Analytical Procedures: Text and Methodology, Geneva,
Switzerland, 2005. Available from the website: http://www.ich.org/
products/guidelines/quality/article/quality-guidelines.html.



 Talan

[

[
[
[
[
[
[

[
[
[

[
[
[
[
[
[
[
[

[
[

[

[
[
[
[

[
[

[

[
[

[

[

[

[

[

[

T. Saffaj, B. Ihssane /

[6] Guidance for Industry (draft), Analytical Procedures and Methods Validation,
US Department of Health and Human Services Food and Drug Administra-
tion, Center for Drug Evaluation and Research (CDER), Center for Biologics
Evaluation and Research (CBER), Rockville, USA, 2000. Available from the web-
site: http://www.fda.gov/downloads/Drugs/GuidanceComplianceRegulatory
Information/Guidances/ucm122858.pdf.

[7]  Guidance for Industry, Bioanalytical Method Validation, US Department
of Health and Human Services Food and Drug Administration, Cen-
ter for Drug Evaluation and Research (CDER), Rockville, USA, 2001.
Available from the website: http://www.fda.gov/downloads/Drugs/Guidance
ComplianceRegulatoryInformation/Guidances/ucm070107.pdf.

[8] International Organization for Standardization (ISO), ISO-5725-2. Accuracy
(Trueness and Precision) of Measurement Methods and Results – Part 2: Basic
Method for the Determination of Repeatability and Reproducibility of a Stan-
dard Measurement Method, ISO, Geneva, Switzerland, 1994.

[9] AOAC International, Method Validation Programs (OMA/PVM Depart-
ment), including Appendix D: Guidelines for Collaborative Study
Procedures to Validate Characteristics of a Method of Analysis, 2000
http://www.aoac.org/vmeth/devmethno.htm.

10] Eurachem Guide: The Fitness for Purpose of Analytical Methods, Laboratory of
the Government Chemist, Teddington, 1998.

11]  S.S. Wilks, Ann. Math. Stat. 12 (1941) 91.
12]  E. Paulson, Ann. Math. Stat. 14 (1943) 90.
13]  D.A.S. Fraser, I. Guttman, Ann. Math. Stat. 27 (1956) 162.
14] R. Mee, Technometrics 26 (1984) 251.
15]  R. Mee, D.B. Owen, J. Am.  Stat. Assoc. 78 (1983) 901.
16] B. Boulanger, P. Chiap, W.  Dewe, J. Crommen, Ph. Hubert, J. Pharm. Biomed.

Anal. 32 (2003) 753.
17] T.-Y. Lin, C.-T. Liao, Comput. Stat. Data Anal. 50 (2006) 911.
18] S.J. Weerahandi, Am.  Stat. Assoc. 88 (1993) 899.
19]  I. Guttman, Statistical Tolerance Regions: Classical and Bayesian, Charles W.

Griffin and Co., London, 1970.
20] R.D. Wolfinger, J. Qual. Technol. 301 (1998) 8.
21]  A.J. Van der Merwe, J. Hugo. Test 16 (2007) 598.
22]  A.J. Van der Merwe, A.L. Pretorius, J.H. Meyer, J. Qual. Technol. 38 (2006) 280.
23] J. Aitchison, J. Roy, Stat. Soc. Ser. B 26 (1964) 161.

24]  J. Aitchison, J. Roy, Stat. Soc. Ser. B 28 (1966) 57.
25]  A.G. Gonzalez, M.A. Herrador, Talanta 70 (2006) 896.
26] D. Hoffman, R. Kringle, Pharm. Res. 24 (2007) 1157.
27] V.J. Barwick, and L.R. Ellison. 2000. VAM Project 3.2.1, Development and

Harmonisation of Measurement Uncertainty Principles. Part D: Protocol

[

[
[

ta 92 (2012) 15– 25 25

Uncertainty  for Evaluation from Validation Data, January 2000. Report No.:
LGC/VAM/1998/088.

28]  E. Hund, D.L. Massart, J. Smeyers-Verbeke, Anal. Chim. Acta 480 (2003) 39.
29]  J.O. De Beer, P. Baten, C. Nsengyumva, J. Smeyers-Verbeke, J. Pharm. Biomed.

Anal. 32 (2003) 767.
30] P. Dehouck, Y. Vander Heyden, J. Smeyers-Verbeke, D.L. Massart, J. Crommen,

Ph. Hubert, R.D. Marini, O.S.N.M. Smeets, G. Decristoforo, W.  Van de Wauw,  J.
De Beer, M.G. Quaglia, C. Stella, J.-L. Veuthey, O. Estevenon, A. Van Schepdael,
E. Roets, J. Hoogmartens, Anal. Chim. Acta 481 (2003) 261.

31] A.G. Gonzalez, M.A. Herrador, A.G. Asuero, Talanta 65 (2005) 1022.
32] A. Dıaz, L. Vazquez, F. Ventura, M.T. Galceran, Anal. Chim. Acta 506 (2004) 71.
33] A. Maroto, J. Riu, R. Boque, F.X. Rius, Anal. Chim. Acta 391 (1999) 173.
34] M.  Feinberg, B. Boulanger, W.  Dewé, Ph. Hubert, Anal. Bioanal. Chem. 380 (2004)

502.
35]  A.G. Gonzalez, M.A. Herrador, TrAC Trends Anal. Chem. 26 (2007) 227.
36] ISO/DTS. 21748, Guide to the Use of Repeatability Reproducibility and Trueness

Estimates in Measurement Uncertainty Estimation, ISO, Geneva, 2003.
37] EURACHEM/CITAC Guide: Quantifying Uncertainty in Analytical Measurement,

2nd. edn., EURACHEM/CITAC, Budapest, 2000. http://www.eurachem.org/.
38] F.E.  Satterthwaite, Biometr. Bull. 2 (1946) 110–114.
39] ISO/DIS. 17025, General Requirements for the Competence of Calibration and

Testing Laboratories, ISO, Geneva, Switzerland, 2000.
40] EA-4/16, EA Guidelines on the Expression of Uncertainty in Quantitative Test-

ing, 2004. http://www.european-accreditation.org/.
41] Guide to the Expression of Uncertainty in Measurement, International Organ-

isation for Standardization, Geneva, Switzerland, 1995.
42] JCGM 100:2008, Evaluation of Measurement Data – Guide to the Expres-

sion of Uncertainty in Measurement (GUM), 2008. http://www.bipm.org/
utils/common/documents/jcgm/JCGM 100 2008 F.pdf.

43] E. Deconinck, S. Crevits, P. Baten, P. Courselle, J. De Beer, J. Pharm. Biomed. Anal.
54 (2011) 995.

44] B. Christiaens, M. Fillet, P. Chiap, O. Rbeida, A. Ceccato, B. Streel, J. De Graeve, J.
Crommen, Ph. Hubert, J. Chromatogr. A 1056 (2004) 105.

45] Ph. Hubert, J.-J. Nguyen-Huu, B. Boulanger, E. Chapuzet, N. Cohen, P.-A. Com-
pagnon, W.  Dewé, M.  Feinberg, M.  Laurentie, N. Mercier, G. Muzard, L. Valat, E.
Rozet, J. Pharm. Biomed. Anal. 48 (2008) 760.
46]  R.D. Marini, E. Rozet, M.L.A. Montes, C. Rohrbasser, S. Roht, D. Rhème, P.
Bonnabry, J. Schappler, J.-L. Veuthey, Ph. Hubert, S. Rudaz, J. Pharm. Biomed.
Anal. 53 (2010) 1278.

47] Analytical Method Committee, Analyst 120 (1995) 2303.
48] W.  Horwitz, R. Albert, Analyst 122 (1997) 615.


	A Bayesian approach for application to method validation and measurement uncertainty
	1 Introduction
	2 Chemometrical development
	2.1 Bayesian tolerance intervals
	2.1.1 One-way random effects model
	2.1.2 Bayesian β-expectation tolerance interval

	2.2 Bayesian uncertainty

	3 Illustrative examples
	3.1 Fluorescence method for the determination of quinine in tonic water
	3.2 UHPLC method for the determination of folic acid in pharmaceuticals preparations
	3.3 SPE-LC–MS method for the determination of cyproterone acetate in human plasma
	3.4 ELISA method for the determination of a neurological disease biomarker protein
	3.5 Capillary electrophoresis method for the determination of quinine, furosemide and the combination trimethoprime/sulfam...

	4 Discussion
	5 Conclusion
	Acknowledgements
	References


