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This article aims to expose a new global strategy for the validation of analytical methods and the estima-
tion of measurement uncertainty. Our purpose is to allow to researchers in the field of analytical chemistry
get access to a powerful tool for the evaluation of quantitative analytical procedures. Indeed, the pro-
posed strategy facilitates analytical validation by providing a decision tool based on the uncertainty
profile and the B-content tolerance interval. Equally important, this approach allows a good estimate of
measurement uncertainty by using data validation and without recourse to other additional experiments.

In the example below, we confirmed the applicability of this new strategy for the validation of a
chromatographic bioanalytical method and the good estimate of the measurement uncertainty without
referring to any extra effort and additional experiments. A comparative study with the SFSTP approach
[1] showed that both strategies have selected the same calibration functions.

The holistic character of the measurement uncertainty compared to the total error was influenced
by our choice of profile uncertainty. Nevertheless, we think that the adoption of the uncertainty in the
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validation stage controls the risk of using the analytical method in routine phase.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Nowadays, an analytical result is indispensible to take decisions.
It has a significant impact on our society. For this reason, several
standards and guides have been written and established for the
sole purpose of ensuring the quality of results returned. All sci-
entists know that a measure and particularly an analytical result
must be necessarily accompanied by a measurement uncertainty.
Indeed, the expression of the uncertainty associated with measure-
ment results becomes an important parameter of performance of
an analytical method so as to be considered as the analytical val-
idation. However, the question to be asked with intensity now is:
“how to quantify the uncertainty with certainty?”

To resolve this problem, standards, guidelines and guidance
have been developed to offer practical concepts for estimating
uncertainty [2-6]. These documents are mandatory passages for
laboratories attempting to be accredited and certified. Despite
these efforts, the above approaches are complex, costly and often
cumbersome for daily practice laboratories.In fact, the practical
implementation of the normative documents cited above is a major
problem for industries which are trying to ensure quality results
and satisfy their customers. Generally, the problems are technical
and economic order. For example, a quality control laboratory of
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a pharmaceutical industry produces each year more than 10,000
analysis. With such figures, one can imagine an enormous cost,
generated by the implementation of guides, as EURACHEM [3] and
GUM [4].

To treat these drawbacks, researchers have attempted to offer
simpler approaches to estimate the measurement uncertainty from
validation data. A recent draft of guide ISO/DTS 21748 [2] suggests
using repeatability, reproducibility and trueness to estimate mea-
surement uncertainty. In 2000, Barwick and Ellison have published
a guide through the VAM project [6] entitled “Protocol for uncer-
tainty evaluation from validation data”. This manual and the ISO
Guide have provided an important service for analysts.Recently,
SESTP published an interesting document on the validation of
quantitative analytical procedures [1]. It attempted in this man-
ual to harmonize the procedures to follow to validate an analytical
method by introducing the concept of accuracy profiles based on
the concept of total error and the (3-expectation tolerance inter-
val. Feinberg et al. [7] are the first who proposed a relationship
between the measurement uncertainty and the [3-expectation tol-
erance interval. In 2006, Gonzalez and Herrador [8], through a very
interesting publication have tried to make, a double cost. Indeed,
they developed a validation strategy based on the notion of accu-
racy profiles and measurement uncertainty.

The goal of this publication is to propose a new strategy for
the analytical validation using the uncertainty profile as a decision
tool as well as to describe an original method to estimate uncer-
tainty of measurement. The formula that we offer to assess the
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uncertainty is based on the calculation of the 3-content tolerance
interval by two different procedures. The power and efficiency of
the proposed approach is demonstrated by application to evaluate
the performance of a chromatographic bioanalytical method.

2. Theory and computation
2.1. B-Content tolerance intervals

The theory and computation of tolerance intervals has been
developed at an exponential rate in recent decades. Nowadays, the
statistical tolerance regions are applied in areas including qual-
ity control, environment, industry, health and other. .. Three basic
types of tolerance intervals have received considerable attention:
(i) B-content tolerance intervals, (ii) 3-expectation tolerance inter-
vals and (iii) fixed-in-advance tolerance interval.

In this section, we discuss procedures for computing two sided
[3-content tolerance intervals for balanced one-way random effects
models by using Mee’s method [9,10] and Liao’s approach [11].

2.1.1. Mee’s approach

During the validation of analytical methods, the experimen-
tal design involves to make measurements in different days, with
replicate determinations within each day. A statistical model to
describe the measured values is given by:

Yij:M+bi+eij; j:1,2,...,n; i:1,2,...,a (1)

where Y; denotes the jth replicate observation corresponding
to ith run, p is an unknown general mean, b;’s repre-
sent random effects and e;'s represent error terms. It is
assumed that b;'s and ej;'s are all independent having the
distributions b;~N(0,07) and e;~N(0, o2). Thus, Y;~N(0, 02 +
0?) and o} and o7 represent the two variance components in
the model.
We define

Also we identify the expected mean squares under the model

(1):

wis, — S5

a-1

SSe

and MS, = m

(3)
The ANOVA estimators of 67 and o7 are given by
52 = %(Ms,, _MSe) and 62 = MS. (4)

The two—s_ided tolerance limits that we shall construct will be
functions of ¥, &2 and o2. It will be as follows:

b
Y + kém (5)
where
62 =62 + 62 (6)

and k is the tolerance factor to be determined. Thus, k should satisfy
the condition

P?ﬁ,fﬁez {Py [}_’— kém <Y<Y+ k&m| Y, 6m] > ,8} =y (7)

The constants B8 and y are the interval content and coverage,
respectively.

If we use the Satterthwaite approximation to get an approxi-

mate Chi-square distribution associated with 62. We write
2
R=b
oz

o2 + 02 R+1
and R :MZ 8
0 ngg.l,_gg nR+1 (8)

We note that

_ no? + o2 SS SS,
Ve b % b .2 S5e o
N (,u, an ) ’ nog + o¢ Xa-1 and o? Xa(n-1) ©)

where x2 denotes the chi-square distribution with v degrees of
freedom.
Then we conclude that

~2 XZ
Om _f
Zm 2L 10
37 (10)
where
R+1)
f= &+ D (11)
(R+n-1)°/(a—1)+(1-n-1)/(an)
Thus, Eq. (7) can be written as
2
V4 X5 V4
P, 2= |® +k\ = | -@
“x; \/anRg f (w/anRo
2
X
—k Tf =Bl =y (12)

where ®( ) denotes the standard normal distribution function and
Zis a standardized normal variable.

Since R is unknown, R* is used in its place. Where R* is an upper
100n% confidence bound for R; that is

M} (13)

R* = max [O,
where F is the MS ratio MSy/MS,. and F;, is the 1001 percentile of an
F distribution with v; =a(n — 1) and v, =(a — 1). However, based on
numerical results, the recommended values of 7y are 0.85, 0.905 and
0.975, corresponding to y =0.90, 0.95 and 0.99, respectively. Then
k is computed from

[ 2

Z X5
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X
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The estimation of k requires solving the following integral

2 (42
[2 [ X31.5(%%)
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X
——— and L= -+ 15
anRy f (15)
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with h=

where x2.,(t) denotes the « quantile of a noncentral chi-square
distribution with dfv and noncentrality parameter t.

An approximation to k, called ks, which satisfies the integral
above is given by

2. 5(h)

ks ~
2
Xf*:l—y

(16)
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Note that f* and Rf are estimate of f and Ry that can be
obtained by replacing the R by R*.
Finally, the two sided (3-content tolerance interval provided by

Y + ksm (17)

2.1.2. Liao’s approach

In order to estimate the [3-content tolerance intervals, Liao et al.
have used the generalized pivotal confidence interval idea. In fact,
the generalized p-value approach for hypothesis testing has been
introduced by Tsui and Weerahandi [12] and the generalized con-
fidence interval by Weerahandi [13]. Together, these are referred
to as the generalized variable approach or generalized inference
procedure. The concepts of generalized p-values and generalized
confidence intervals have turned out to be extremely fruitful for
obtaining tests and confidence intervals for some complex prob-
lems where standard procedures are difficult to apply. Thus, Liao
et al. have exploited this procedure to compute the two-sided tol-
erance interval for the normal distribution with several variance
components.

Let us now consider the case of one-way random model with
balanced data; Note that, in order to derive a two-sided tolerance
interval, we have to obtain a margin of error statistic D, a function
of o} and o, so that

Py 52 62 {Py[Y-D<Y<Y+D|V,6m| =8} =y (18)

where Y~N(u, og + 02). Once D is obtained, the tolerance interval
is given by

Y+D (19)
We define
no? + o?
ol +of+o? and o = % (20)

From Eq. (20), we can write

1\ no? +ao? 1
To calculate D, we must determine y upper confidence limit for
012 + o% using the generalized confidence interval idea.
The following algorithm can be used to compute D and, conse-
quently, to estimate the two-sided 3-content tolerance interval.

Algorithm.

1. Once the data are obtained, compute the observed values
Y,ss, and sse.

2. Let M denotes the number of simulation runs. Fori=1,2,..., M,
perform the following steps.

3. Generate independent random variables
2 2 2 o2
Tb,iNXa—l and Te,iwxa(n—l)
4. Compute
_ (1/n)(1 +1/a)ss, , (1 —1/n)sse

Dl’i TZ TZ
b,i e,i

The y quantile of the Dy ; values gives an estimate of the y upper
confidence limit for 02 + o

The square root of this upper confidence limit, multiplied by
Z(1+p)j2 Provides a margin of error statistic D needed for computing
the two-sided (3-content tolerance interval.

In the above, Z(1. gy, denotes the (1+ 8)/2 quantile of a standard
normal distribution.

3. Uncertainty profile

Several approaches are proposed for estimating measurement
uncertainty. They are normative documents, guides and guidances
or articles published by researchers in the field of Analytical Chem-
istry [19-25]. The VAM (Valid Analytical Measurement) [6] is the
first protocol used to evaluate the measurement uncertainty from
validation data. As well, after that, SFSTP had adopted the concept
of profile accuracy to validate analytical methods; Feinberg [7] has
exploited this concept to estimate the measurement uncertainty.
Although his method is original, but it presents an underestima-
tion of uncertainty by the negligence of terms that can be sources
of errors for the measurand. Gonzalez [8] has proposed a new
approach for estimating uncertainty and validation of analytical
procedures based on the work of Feinberg. Indeed, he proposes to
estimate the measurement uncertainty from validation data and
robustness study. Even though, his approach gives a more or less
correct estimate of the uncertainty, it has disadvantages of a tech-
nical and economic nature in the practical implementation.

In this section, we present an original method so as to validate
first the analytical procedures and second, to estimate correctly
the measurement uncertainty from validation data without having
recourse to other experiments.

3.1. Uncertainty profile: principle

According to the LGC/VAM protocol [6] and the recommen-
dations of the ISO/DTS 21748 guide [2], a basic model for the
uncertainty of the measurand Z, can be expressed by Eq. (22):

W(2) =g+ u2®)+ Y Fud(x) (22)
where Sk is the reproducibility standard deviation, u(S) is the uncer-
tainty associated with the bias of the method, and Zc?u?(x;) is the
sum of all of the effects due to other deviations.

When Feinberg has used the concept of accuracy profile and
validation data to estimate the measurement uncertainty, he has
ignored the third term of Eq. (22). Well, uncertainty can be
expressed by the following equation:

u%(Z) = S2 + u?(8) (23)

The accuracy profile can be built using the 3-expectation tol-
erance interval, according to Mee’s method. This interval is equal
to:

Y + t(v)kéy (24)
Thus, one can verify that:

u?(2) = k*6%, (25)
And the mathematical model that brings the uncertainty and

the [3-expectation tolerance interval is given by:

Y + t(v)u(2) (26)

Note that: ) = Sg
Gonzalez [8] has proposed a formula of three terms to estimate
the measurement uncertainty, it can be expressed by:

u?(Z) = S+ u?(8) + u2, (2) (27)

where u,qp is the uncertainty coming from the robustness study.

To estimate u,,},, the authors have employed the landmark pro-
cedure based on the experimental design of Plackett—-Burmann.
Thus, they have suggested to validate analytical methods by the
construction of accuracy profile across the uncertainty using the
following equation:

Y + ku(2) (28)
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With regard to the strategy that we propose for the analytical
validation and estimation of measurement uncertainty, is a holistic
approach that takes the analytical procedure as a whole. Indeed,
it is not necessary to pass by the bias, reproducibility, and robust-
ness study to validate first the methods and second, to estimate
uncertainty. Simply, to calculate the tolerance limits by using the
[3-content tolerance intervals.

The basic idea is simple, according to Eq. (26), we can write that

U=Y +tvu2) (29)
And
L=Y —t(v)u(Z) (30)

where U is upper tolerance interval; L is lower tolerance interval;
Finally, the Uncertainty can be expressed as:
_Uu-1L
T~ 2t(v)

uz) (31)
It should be noted that there are two scenarios to calculate the
uncertainty according to Eq. (31):

1. If one considers that the uncertainty can be expressed by Eq.
(23), and then the tolerance interval [L, U] is calculated using
the B-expectation tolerance intervals. Where t(v) is the (1+[3)/2
quantile of the student t distribution with v degrees of freedom.

2. If one considers that the uncertainty is expressed by Eq. (22),
that is to say, we take into account other terms that affect the
measurand errors such as robustness. In this case, we use the
[3-content tolerance intervals to calculate U and L.

Where:
e f(v) is the (1+)/2 quantile of the student t distribution with
v degrees of freedom.

- 2

v _ . (R+1) (32)
(R+n=1)"/(a=1)+ (1 =n-1)/(an)

R = max {O, (11\\3?; - l) H (33)

Therefore, we propose the following equation to build the
uncertainty profile and as a decision tool for the validation of
analytical methods.

Y +ku(Z)| < A (34)
| |

where k is a Coverage factor. The choice of the factor k is based
on the level of desired confidence. For an approximate level of
confidence of 95%, k=2 [3].

It should be noted that the calculation of u (z) by the first case
of Eq. (31) is equivalent to the uncertainty calculated by Fein-
berg’s method [7], according to Eq. (23). However, Marini et al.
[14] have been able to demonstrate through a comparative study
that:
¢ The uncertainties estimated by the inter-laboratory approach,

or the robustness study are statistically different from uncer-

tainties calculated by Feinberg’s method.
¢ The inter-laboratory and robustness uncertainties are always
higher than calculated in the Feinberg’s method.

For this reason, we adopted the second case of Eq. (31), to assess
correctly the uncertainty and then to use it in Eq. (34), so as to
adjudicate on the decision of validating or not analytical methods.

In order to demonstrate the power and efficiency of our
approach in estimating measurement uncertainty and analytical
validation, the following paragraph, will be dedicated to implement
our strategy to a chromatographic bioanalytical method.

Table 1
Experimental data used to illustrate the calculation of the uncertainty profile.

Concentration (ng mL~1) Signal (ratio)

Series 1 Series 2 Series 3
Calibration standards
25.3533 0.0485 0.0358 0.0449
25.3533 0.0448 0.0402 0.0415
48.2417 0.0959 0.1025 0.0987
48.2417 0.087 0.0993 0.0892
96.4833 0.1974 0.2046 0.2036
96.4833 0.2057 0.1996 0.2082
223.8496 0.5589 0.5371 0.5095
223.8496 0.5667 0.5066 0.5756
437.8235 1.1041 0.9963 1.1726
437.8235 1.0961 1.0568 1.1772
964.8233 2.396 2.2877 2.4528
964.8233 2.3861 2.25 2.3147
Validation standards
25.3533 0.0439 0.0371 0.0444
25.3533 0.0488 0.0422 0.0457
25.3533 0.048 0.0461 0.0502
25.3533 0.0484 0.0448 0.0475
48.2417 0.0949 0.0922 0.0956
48.2417 0.0927 0.0916 0.1023
48.2417 0.0887 0.0854 0.1007
48.2417 0.1015 0.0918 0.1092
437.8235 0.9873 0.9718 1.0392
437.8235 1.0136 1.0322 1.1132
437.8235 1.0288 1.0342 1.1419
437.8235 1.0173 1.0319 1.0751
838.6479 2.022 1.9252 2.1272
838.6479 1.9901 2.0284 2.2127
838.6479 2.0937 2.0127 2.2699
838.6479 2.0189 2.0273 2.2546

4. Illustrative example

To illustrate our strategy, the statistical methodology which
allows us to conclude correctly about the validity of a procedure is
proposed in this section. In fact, all the steps to attain the decision
tool, namely the uncertainty profile, are described and illustrated
step by step by a numerical example.

The example, which has been the object of this illustration, con-
cerns the validation of a method for the determination of sotalol in
plasma by HPLC using atenolol as an internal standard. The data of
this method is taken from SFSTP guide [15].

Table 1 summarizes all results obtained in the validation phase.
The concentrations are expressed as ng mL~!, and the instrumental
signal is a ratio between the peak areas of sotalol and atenolol.

In the purpose of testing our approach to select the best regres-
sion model and at the same time to make a comparison with
the strategy based on the profile accuracy, we have generated all
responses functions adopted by SFSTP. For details see article 15. In
fact, eight regression models have been fitted in order to analyze
the relationship between concentrations an analytical response.

4.1. Uncertainty profile: computation and building procedure

Uncertainty profile is a graphical decision tool to help the analyst
in deciding whether an analytical procedure is valid. It is based on
the combination in the same graphic of the uncertainty interval
and the acceptability limit. Whereas, validation must cover up the
complete application domain of the method, the uncertainty profile
combines several tolerance intervals computed at several levels of
concentration.

Therefore, the building of the uncertainty profile can be achieved
through the following steps:
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Fig. 1. Uncertainty profile of the analytical procedure results when the linear regression after square root transformation model is chosen as response function. Acceptance

limits are set at +20%.

Table 2
Point estimates of the relative expanded uncertainty and uncertainty limits obtained with each response function using the 3-content tolerance interval computed by Mee’s
method.

Model Concentration level Uncertainty Expanded uncertainty Relative expanded Relative

(ngmL-1) (ngmL-1) (ngmL-1) uncertainty (%) uncertainty limits
%)
Lower Upper
Linear 0-max 25.3533 1.31 2.62 10.34 -36.49 -15.8
48.2417 345 6.91 14.32 -32.95 -4.32
437.8235 30.19 60.39 13.79 -16.11 11.48
838.6479 59.8 119.6 14.26 -12.26 16.27
Linear 0-223 25.3533 1.33 2.67 10.53 -36.34 -15.29
48.2417 4.18 8.37 17.34 —35.57 -0.89
437.8235 37.85 75.7 17.29 -19.11 15.47
838.6479 74.61 149.23 17.79 -15.27 20.32
Linear 25.3533 23 4.61 18.17 -18.24 18.09
48.2417 1.54 3.08 6.39 -11.92 0.86
437.8235 27.86 55.72 12.73 -14.83 10.63
838.6479 54.47 108.94 12.99 -11.59 14.39
Weighted linear, 1/X 25.3533 2.06 4.13 16.29 -7.85 24.72
48.2417 3.63 7.27 15.07 -16.47 13.67
437.8235 27.21 54.42 12.43 -14.77 10.09
838.6479 51.11 102.22 12.19 -11.32 13.06
Linear regression after 253533 1.77 3.53 13.93 -13.83 14.02
logarithm 48.2417 4.38 8.76 18.16 -154 20.91
transformation 437.8235 23.66 47.31 10.81 -12.63 8.98
838.6479 39.97 79.93 9.53 -13.6 5.46
Linear regression after 253533 2.14 4.28 16.88 -16.94 16.83
square root 48.2417 3.85 7.7 15.97 -17.34 14.59
transformation 437.8235 26.99 53.97 12.33 -13.84 10.81
838.6479 50.22 100.45 11.98 -11.67 12.29
Quadratic 253533 5.05 10.11 39.86 -19.24 60.49
48.2417 5.37 10.73 22.25 -19.66 24.84
437.8235 27.55 55.11 12.59 -17.18 8
838.6479 57.99 115.99 13.83 -12.49 15.17
Weighted quadratic, 25.3533 249 4.99 19.68 -8.91 30.44
1/X 48.2417 3.59 7.18 14.87 -16.17 13.58
437.8235 25.89 51.77 11.83 -15.17 8.48
838.6479 55.98 111.97 13.35 -11.98 14.72
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Table 3
Point estimates of the relative expanded uncertainty and uncertainty limits obtained with each response function using the 3-content tolerance interval computed by Liao’s
method.
Model Concentration level Uncertainty (ngmL-1) Expanded uncertainty Relative expanded Relative uncertainty
(ngmL-1) (ngmL-1) uncertainty (%) limits (%)
Lower Upper
Linear 0-max 25.3533 1.29 2.59 10.2 -36.34 -15.94
48.2417 3.29 6.57 13.62 -32.26 -5.01
437.8235 28.96 57.92 13.23 —15.54 10.91
838.6479 58.05 116.11 13.84 -11.84 15.85
Linear 0-223 25.3533 1.32 2.64 10.4 -36.21 -15.42
48.2417 4.01 8.01 16.61 —34.84 -1.62
437.8235 36.84 73.68 16.83 -18.65 15.01
838.6479 71.93 143.86 17.15 -14.63 19.68
Linear 25.3533 2.2 4.39 17.32 -174 17.24
48.2417 1.48 2.95 6.12 -11.65 0.58
437.8235 26.65 533 12.17 -14.27 10.07
838.6479 52.85 105.69 12.6 -11.2 14
Weighted linear, 1/X 25.3533 1.97 3.94 15.55 -7.11 23.98
48.2417 3.46 6.92 14.34 -15.74 12.94
437.8235 26.03 52.05 11.89 -14.23 9.55
838.6479 49.11 98.22 11.71 -10.84 12.58
Linear regression after 25.3533 1.75 3.49 13.79 -13.69 13.88
logarithm 48.2417 4.17 8.35 17.3 —14.55 20.06
transformation 437.8235 22.59 45.18 10.32 -12.14 8.5
838.6479 38.27 76.54 9.13 -13.19 5.06
Linear regression after 25.3533 2.05 4.1 16.16 -16.22 16.11
square root 48.2417 3.67 7.35 15.24 —-16.61 13.86
transformation 437.8235 25.87 51.74 11.82 -13.33 10.3
838.6479 48.51 97.01 11.57 -11.26 11.88
Quadratic 25.3533 4.94 9.87 38.93 -18.31 59.56
48.2417 5.22 10.45 21.65 -19.07 24.24
437.8235 26.19 52.38 11.96 -16.55 7.37
838.6479 55.57 111.14 13.25 -11.91 14.6
Weighted quadratic, 25.3533 2.39 478 18.86 -8.09 29.62
1/X 48.2417 343 6.86 14.21 -15.51 12.92
437.8235 24.78 49.56 11.32 —14.66 7.97
838.6479 53.96 107.91 12.87 -11.5 14.24

e Define the limits of acceptance of the method. For the chosen
example, the acceptance limit was set at +20%. This value was
used because the method is a bioanalytical technique [15].

e Generate all possible calibration models, using the calibration
data. Then, calculate the concentrations of validation standards
using the inverse prediction equation.

e Compute the 3-content tolerance intervals for each level, accord-
ing to Eq. (17) or (19).

¢ Compute the uncertainty for each level using Eq. (31).

e Compute the uncertainty profile according to Eq. (34) and make
2D-graphical representation results for the acceptability limit
and uncertainty;

All the steps listed below have been applied successfully to eval-
uate the performance of a chromatographic bioanalytical method.
As decision rule, we have selected 4-6-20 rule (i.e. 8=66.7% and
y=90%) [16-18].

The whole uncertainties estimated and intervals calcu-
lated by generating different calibration model are reported in
Tables 2 and 3. As well, an example of a plot of uncertainty profile
is illustrated in Fig. 1.

The analysis of all results in Tables 2 and 3 have shown that:

e Some response functions are better than others (i.e., calibra-
tion models most appropriate to quantify, with uncertainties not
exceeding the limits of acceptability are: the linear regression
model and the linear regression after square root transformation).

e A comparison of our approach and that developed by SFSTP has
shown that both approaches select the same functions of calibra-
tions (see Table 4).

¢ It should be noted that the calculation of tolerance intervals pre-
sented by the commission SFSTP [15] corresponds to 8=90%.
Whereas, tolerance intervals reported in Table 4 corresponds to
B=95%.

e Uncertainty as estimated by our approach is always greater than
that estimated by the Feinberg’s method. (see Table 5).

5. Discussion

Before building the uncertainty profile, it is necessary, firstly, to
generate all possible response functions. Indeed, this step is of great
importance since the reliability of the validation results depend on
the selected regression model.

In this direction, the FDA guidance on Bioanalytical Method
Validation [18] requires that “The simplest model that ade-
quately describes the concentration-response relationship should
be used.” For that, we have introduced the use of the uncer-
tainty profile based on the statistical tolerance intervals to decide
if a calibration model will give sufficient quality results. The
models based on the accuracy of the back-calculated results
regardless of the statistical properties should be retained or
rejected.

Concerning our example for the determination of sotalol in
human plasma, the response function was evaluated from three
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Table 4

Estimates of error limits and uncertainty limits obtained with each response function.
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Model Concentrationlevel Relative error Relative uncertainty Relative uncertainty
(ngmL-1) limits (%) limits (%) (66.7, 90) limits (%)(66.7, 90)
(95-expectation tolerance interval)® tolerance interval)®
tolerance interval)?
Lower Upper Lower Upper Lower Upper
Linear 0-max 25.3533 —37.54 —14.75 -36.34 -15.94 -36.49 -15.8
48.2417 -31.87 -54 -32.26 -5.01 -32.95 —4.32
437.8235 -17.09 12.47 -15.54 1091 -16.11 11.48
838.6479 —16.48 20.49 -11.84 15.85 -12.26 16.27
Linear 0-223 253533 -37.29 -14.34 —36.21 -15.42 -36.34 -15.29
48.2417 -35.91 -0.55 -34.84 -1.62 —35.57 -0.89
437.8235 —24.44 20.8 —18.65 15.01 -19.11 15.47
838.6479 —24.65 29.7 -14.63 19.68 -15.27 20.32
Linear 25.3533 -17.23 17.08 -17.4 17.24 -18.24 18.09
48.2417 -14.82 3.75 -11.65 0.58 -11.92 0.86
437.8235 -15.04 10.83 -14.27 10.07 -14.83 10.63
838.6479 -14.24 17.04 -11.2 14 -11.59 14.39
Weighted linear, 1/X 253533 -6.5 23.37 -7.11 23.98 -7.85 24.72
48.2417 -15.72 12.92 -15.74 12.94 -16.47 13.67
437.8235 -14.85 10.17 -14.23 9.55 -14.77 10.09
838.6479 -13.06 14.81 -10.84 12.58 -11.32 13.06
Linear regression after logarithm transformation 25.3533 -13.99 14.19 -13.69 13.88 -13.83 14.02
48.2417 -14.77 20.28 —14.55 20.06 -154 20.91
437.8235 -12.27 8.63 -12.14 8.5 -12.63 8.98
838.6479 -14 5.86 -13.19 5.06 -13.6 5.46
Linear regression after square root transformation 253533 —15.52 15.41 -16.22 16.11 -16.94 16.83
48.2417 -16.39 13.64 -16.61 13.86 -17.34 14.59
437.8235 —13.96 10.93 -13.33 103 -13.84 10.81
838.6479 —-13.48 141 -11.26 11.88 -11.67 12.29
Quadratic 25.3533 —47.87 89.12 -18.31 59.56 -19.24 60.49
48.2417 —28.35 33.52 -19.07 24.24 -19.66 24.84
437.8235 -17.42 8.24 -16.55 7.37 -17.18 8
838.6479 -15.11 17.8 -11.91 14.6 -12.49 15.17
Weighted quadratic, 1/X 25.3533 -9 30.54 -8.09 29.62 -8.91 30.44
48.2417 -15.54 12.95 -15.51 12.92 -16.17 13.58
437.8235 -14.83 8.14 -14.66 7.97 -15.17 8.48
838.6479 —-14.6 17.34 -11.5 14.24 —-11.98 14.72

2 Approach adopted by SFSTP.
b B-Content tolerance interval computed by Liao’s method.
¢ B-Content tolerance interval computed by Mee’s method.

calibration curves constructed from the calibration standards by
using six concentration levels (Table 1). Then, several regression
models were fitted in order to analyze the relationship between
concentration and analytical response.

From every obtained response function, the concentrations of
the validation standards were back-calculated in order to deter-
mine, by concentration level, the upper and the lower 3 content

Table 5

tolerance limits, the expanded uncertainty and the relative uncer-
tainty limits.

From these data, different uncertainty profiles were plotted
to select the most suitable regression model for the intended
use of the analytical method. The acceptance limits were set
at +20%. Although we have adopted two methods to calculate
the tolerance interval we have found that only two response

Point estimates of the different uncertainties obtained by Eq. (31) using the B-content tolerance interval and -expectation tolerance interval by considering the linear

regression after square root transformation.

Statistical model Concentration level

Uncertainty (ngmL-") Expanded uncertainty Relative expanded

(ngmL-1)) (ngmL-1) uncertainty (%)
[B-Expectation tolerance intervals 25.3533 1.7 34 13.43
48.2417 293 5.87 12.16
437.8235 20.61 41.21 9.41
838.6479 39.54 79.08 9.43
[3-Content tolerance intervals (Mee’s method) 25.3533 2.14 4.28 16.88
48.2417 3.85 7.7 15.97
437.8235 26.99 53.97 12.33
838.6479 50.22 100.45 11.98
B-Content tolerance intervals (Liao’s method) 25.3533 2.05 4.1 16.16
48.2417 3.67 7.35 15.24
437.8235 25.87 51.74 11.82
838.6479 48.51 97.01 11.57
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functions allow demonstrating the capability of the method to
quantify sotalol over the whole concentration range consid-
ered, since the uncertainty limits were totally included inside
the acceptance limits. These functions are the linear regression
model and the linear regression after square root transforma-
tion.

In addition, we have used the SFSTP strategy to assess the same
response functions. In fact, this strategy is founded on the concept
of accuracy profiles based on the notion of total error and the 3-
expectation tolerance interval. As illustrated in Table 4, the upper
and the lower [3 expectation tolerance limits would not exceed the
acceptance limits settled at 20% only if we selected two response
functions, namely the linear regression model and the linear regres-
sion after square root transformation. Consequently, if we adopt
the selected calibration curves, the method can be considered as
accurate over the concentration range investigated.

On the other hand, the proposed strategy allows a good estimate
of measurement uncertainty by using data validation and without
having recourse to other experiments (Tables 2 and 3). We have
proposed an original formula for estimating uncertainty based on
the -content tolerance interval and computed by two different
methods. As shown in Table 5, whatever the method adopted to
calculate the tolerance interval, the uncertainty as estimated by
our approach is always greater than that estimated by the Fein-
berg’s method. This can be explained by the following reasons:
Feinberg method'’s is based on the (3-expectation tolerance inter-
val while our approach relies on the 3-content tolerance. Indeed,
the [B-expectation tolerance interval is an interval covers on aver-
age 1003% of the distribution given the estimated parameters. This
interval is referred to by Mee [26] as a “mean-coverage” tolerance
interval. On the contrary, the (3-content tolerance interval is an
interval that contains at least 1003% of the population with given
confidence level v. This interval is referred to by Mee [26] as a
“guaranteed-coverage” tolerance interval. As a result, 3-content
tolerance intervals are much wider than (3-expectation tolerance
intervals [27]. Accordingly, the proposed method resulted in the
greater uncertainty compared with the previous method. These
outcomes, prompt us to say that Feinberg’s method underestimates
the measurement uncertainty. Moreover, this finding has been con-
firmed by Marini et al. in a collaborative study [14].

Finally, it should be noted that the proposed strategy is prin-
cipally destined for chromatographic methods, but it could also
be applied for other analytical methods based on techniques such
as spectrofluorimetry, polarography, spectrophotometry, capillary
electrophoresis, etc.

6. Conclusion

In this article we have tried to propose a global strategy for the
validation of analytical methods and estimation of measurement
uncertainty. Indeed, the proposed strategy facilitates analytical val-
idation by providing a decision tool based on both the uncertainty
profile and the [3-content tolerance interval. Equally important,

this approach has allowed a good estimate of measurement uncer-
tainty by using data validation and without having recourse to other
experiments in addition.

The holistic character of the measurement uncertainty com-
pared to the total error was influenced by our choice of profile
uncertainty. Nevertheless, we think that the adoption of the uncer-
tainty in the validation stage controls the risk of using the analytical
method in routine phase.
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