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The Role of the Robustness/Ruggedness and
Inertia Studies in Research and Development of
Analytical Processes

L. Cuadros-Rodrı́guez, R. Romero, and J. M. Bosque-Sendra
School of Qualimetrics, Department of Analytical Chemistry, University of Granada, Granada, Spain

The knowledge of the robustness/ruggedness of analytical processes is an essential feature in
the analytical validation. The definitions and the different aims of such studies are given. A
dual general procedure for checking robustness/ruggedness in both intrinsic and extrinsic val-
idation is presented and the different steps are discussed. The denomination of “inertia study”
is introduced to designate this methodology in extrinsic validation and precision and trueness
tests are proposed inside the inertia study. Several experimental designs, depending on the
goal of robustness/ruggedness study and the type of variables (quantitative or qualitative) are
considered.

Keywords inertia study, intrinsic and extrinsic validation, precision test, robustness and ruggedness
study, trueness test, variable effect

INTRODUCTION
Over the last few years, there has been much development

in analytical processes. With this in mind, aside from technique
selection, it was necessary to select the procedural conditions
for this study, so that they could be established using optimiza-
tion strategies. Finally, the method was applied to real samples,
ensuring the quality and correct interpretation of the analytical
results. Lately, there has been an emphasis on the principles and
approaches to the validation of analytical methods to ensure the
quality and integrity measurements and results.

In order to validate the analytical process, it is necessary to
know if the analytical properties are appropriate to characterize
apply the process. There are different approaches related to val-
idation in analytical chemistry, and the each situation should be
clarified. In a recent paper Valcárcel et al. (1) offer a basic ap-
proach of validation, taking into account its meaning in generic
and quality domain, to establish the convergent and divergent
facets with other relevant keywords used in analytical quality,
such as qualification, verification or inspection.

In the technical domain, validation of either processes or ob-
jects is synonymous with its demonstration of suitability for
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intended use, and it is generally defined as “the confirmation via
examination and provision of objective evidence that the partic-
ular requisites for a specific utilization have been fulfilled” (2).

In this sense, the feature of analytical process validation can
be applied with two aims (1): On the one hand, the validation
process allows characterizing the elements of the analytical pro-
cess and the analytical process itself, and implies to establish its
performance characteristics, fully related to analytical quality
properties; in this case, the validation is termed “intrinsic.” On
the other hand, it can be considered as the process to ensure that
the performance characteristics obtained are “fit-for-purpose”
to the intended use required by routine acceptance criteria, legis-
lation limits and/or client requirements, and, now, the validation
is designated “extrinsic.” “Integral” validation is the sequential
combination of both alternatives (intrinsic and extrinsic).

The validation of an analytical method has been defined
in a more restrictive way as “the process by it is established,
by laboratory study, that the performance characteristics of the
method meet the requirements for the intended analytical appli-
cations” (3) or the “checks to ensure that the performance char-
acteristics of the method are understood and demonstrate that
the method is scientifically sound under the conditions which
it is to be applied” (4). In this particular approach, the vali-
dation of an analytical process consists in the verification, by
means of experimental work, of the two fundamental analytical
properties (5), representativeness (related to activities outside
the laboratory) and accuracy (mainly related to intralaboratory
work).
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58 L. CUADROS-RODRÍGUEZ ET AL.

Representativeness is achieved through correct sampling,
sample conditioning, and sample storage; it can be defined as
“the consistency between the analytical results and the compo-
sition of the bulk sample studied” (6). This analytical property is
not usually involved in the set of attributes of a validated method.

Accuracy is a qualitative concept concerned to analytical re-
sults produced by the method to be validated and it can be char-
acterized in terms of trueness and precision of the analytical
process (7). Although, for single laboratories, the evaluation of
the precision and a verification of the trueness should be enough,
a complete validation also implies the estimation of the quality
parameters associated with the performance characteristics de-
rived of such basic analytical properties (8).

Furthermore, another performance characteristic of the an-
alytical validation termed ruggedness and/or robustness must
be checked (8). Although ruggedness and/or robustness are fre-
quently used interchangeably, a distinction between these two
terms must be made (9). Ruggedness is defined as “the degree
of reproducibility when the procedure is subjected to changes
in external conditions such as different laboratories, analysts,
instruments” (3): robustness is defined as “the capacity of an
analytical procedure to remain unaffected by small but deliber-
ately introduced variations in method parameter and provides
an indication of its reliability during normal usage” (10).

In our opinion, the difference between both terms should be
discussed because different information from analytical meth-
ods can be obtained. Whereas ruggedness would be reserved to
check the analytical method when a noninherent aspect of the an-
alytical process is changed (i.e., column, supplies, brands and/or
chemicals, equipment and/or instrument, operators, laboratories,
experimental periods, etc.) (11, 12), robustness would charac-
terize the behavior of the analytical method when experimental
variables inherent to the analytical process are slightly modified.
Here, we should take into account the definition given by Green
for chromatographic analytical methods (13): “its ability to re-
main unaffected by small changes in parameters such as percent
organic content and pH of the mobile phase, buffer concentra-
tion, temperature, and injection volume.” Therefore, ruggedness
would inform on the interlaboratory method transferability and
robustness would advise on the method practicability and sta-
bility related to experimental physico-chemical variables.

Another term, inertia, has been proposed by Cuadros-
Rodrı́guez et al. (8). It is defined as “the capacity of the method
to generate inaccurate results when the nominal experimental
and/or habitual working conditions are slightly modified.” This
definition, although more general, is in agreement with the defi-
nition given by the French SFSTP for robustness of an analytical
methods (14), which states that, it “is its capacity to yield ac-
curate results in the presence of small changes of experimental
conditions such as might occur during the utilization of these
procedures,” where small changes in experimental conditions
are meant as “any deviation of a parameter of the procedure
compared to its nominal value as described in the procedure of
analysis.” (English translation from Vander Heyden (15)).

Consequently, for intrinsic validation, robustness/ruggedness
identifies the procedural variables, which have a significant ef-
fect on the outcome of the analytical process, providing an indi-
cation of its reliability during normal usage. Nevertheless, when
extrinsic validation is applied, the inertia study is more able to
determine if trueness and precision are still satisfactory for a
particular analytical problem; in other words, if these analytical
properties change significantly when there are small variations
of the procedural conditions.

That is why not only the robustness/ruggedness conclusion
must be used to indicate the factors that can significantly in-
fluence on the outcome of an analytical method, but the inertia
study results might be used to know if the trueness and precision
change when there is a slightly variation of the variable from the
optimal (nominal) values.

Robustness/ruggedness can be partly assured by good system
suitability specifications, that is, a series of system suitability pa-
rameters should be established to ensure that the validity of the
analytical procedure is maintained whenever used (11, 16, 17).
System suitability testing is an integral part of many analytical
procedures. The test is based on the concept that the equipment,
electronics, analytical operations, and samples to be analyzed
constitute an integral system that can be evaluated as such. Sys-
tem suitability test parameters to be established for a particular
procedure depend on the type of procedure being validated (18).

The robustness/ruggedness tests were originally performed
at the end of the method validation process (3), however this
involved the risk that when a method is found not to be robust, it
should be reoptimized; thus, it is recommended to perform ro-
bustness much earlier in the life cycle of the method development
(18), by implementing a prevalidation process (19), because the
development of an analytical process are not independent of
the validation process (1, 20). However, the inertia study must
be performed when the analytical method has been definitively
optimized, as the authors have expressed in a previous article
(8). The flow diagram of the integral validation of an analytical
process, according to Garcı́a-Campaña et al. (8), is showed in
Figure 1.

From a metrological point of view, the robustness/ruggedness
measures the ability of an optimum to produce truthful and pre-
cise results, thus, this study might be suitable to determine the
experimental conditions for the recommended procedure (21).
Indeed, these performance characteristics are geometrically re-
lated with the profile of the response surface (where the real
functional relationship between the response and the factors is
drawn) in the neighborhood of the studied optimum. In this
sense, if the optimum is located in a plateau (Figure 2a), the an-
alytical process will be more robust than if it is in a sharp curve
(Figure 2b), where the variation on the response are bigger when
the variables change. In this case, the analytical process will not
be robust. In the same way, if there are two optimums with same
instrumental response value, and one is very pointed (nonrobust)
(Figure 2c) and the second one has a “plateau” sufficiently broad
(Figure 2d) for comfortable experimental work (very robust), the
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ROBUSTNESS/RUGGEDNESS AND INERTIA STUDIES IN R&D 59

FIG. 1. Flow diagram of the integral validation of analytical processes.

experimental conditions for the second one must be selected as
procedural conditions. In this sense, a method is robust toward
those variables whose response curves present flatness in the
region close to the nominal value.

Different criteria to obtain a robust/rugged optimum in mix-
ture design and HPLC optimization have been proposed, some
of them use a Multi Criteria Decision Making (MCDM) tech-
nique (22–25) and Taguchi methods (26–28) to select the opti-
mum. However, other criteria, where no MCDM is needed, have
been developed (29). In addition, several applications of robust-
ness/ruggedness test for different analytical techniques: capil-
lary electrophoresis (30–33), GCMS (34), size-exclusion chro-
matography (35), ion-exclusion chromatography (36), HPLC
(37–39), HPLC-ICP-MS (40), flow injection analysis (41–43),
molecular spectrofluorimetry (44, 45), solid-phase spectropho-
tometry (46), adsortive stripping voltammetric (47), polarogra-
phy with multivariate calibration (48) and 1H-NMR (49) has
been proposed. On the other hand, other robustness/ruggedness
approaches based on the stability of the lineal range (36) or of
the calibration curves have also been recently published (50).

A general methodology to study robustness/ruggedness has
been established in few papers. The first one was proposed by
Youden (51), in which a Plackett-Burman design and the appro-
priate statistical treatment was used. The following proposed

methodologies, which are based on the Youden procedure, use
different experimental designs (52–54) or different statistical in-
terpretations (55, 56). A review covering the use of robustness
and ruggedness in Analytical Chemistry has been edited (57) and
a guidance for Robustness/Ruggedness Tests in Method Valida-
tion has been published (58). Finally, expert systems for the study
of ruggedness in HPLC method validation were also developed
(59–61).

In this article, the robustness/ruggedness is examined, giving
the essential features of a general methodology inside the vali-
dation process, increasing the amount of information available
regarding the quality of the analytical process, which allows us
to test the presence of main total effects, curvature, and main
sided effects of the different variables. Also, the inertia study
is implemented in the validation framework and statistical tests
to check globally both precision and trueness of the analytical
process are suggested.

THEORETICAL ASPECTS
The robustness/ruggedness test is usually carried out using

Experimental Design Methodology. In this sense, an experimen-
tation plan is defined as the experimental strategy constituted by
the experiences in relation to the selected variables (factors)
so the realization of each experience implies that each variable
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60 L. CUADROS-RODRÍGUEZ ET AL.

FIG. 2. Geometrical relationship between robustness and the re-
sponse surface profile: (a) optimum located in a plateau, (b) op-
timum located in a sharp curve, (c) nonrobust maximum, and
(d) robust maximum.

takes a certain value (level), which is defined by the structure
of the design, and depends on the type of design. Taking into
account that the matrix of experiences is the table that gathers
the characteristics of each experience in relation to the different
levels of the factor, the experimentation plan is the application
of the formal structure of the matrix to a particular problem.

Two types of variables can be distinguished in the experi-
mental design context: quantitative and qualitative. The values
of quantitative variables are associated with points on a numeric
scale. As well, they are divided in continuous (associated with
any value on that scale) or discrete (associated with certain val-
ues on the scale). Qualitative variables cannot be characterized
by an order of magnitude. Also, they can be distinguished in
binary (yes/no, lower/higher) and manifold (more than two pos-
sibilities, such as type of column used for a chromatographic
separation).

The different levels of the variables, used in the experimenta-
tion plan, are expressed as coded values, such as 0, +1, −1, in the
matrix of experiences. The nominal level is usually 0, whereas
the positive (+1) and negative (−1) values are deviations from
this nominal level in the system under test.

The experimental strategy is used to establish a relation be-
tween the responses and the variables, and the target can be to
explore an experimental field (exploratory) or to elaborate the
best possible descriptive models of the studied phenomenon. If
the mathematical model cannot be theoretical (it does not come
from a physical law), polynomial functions are usually used to

fit the experimental data, applying the regression by ordinary
least squares.

To be able to fit the model, the number of experiences, N, must
be equal or greater than the number of terms, p, of the polynomial
function. The order of the polynomial function selected to fit the
experimental data, depends on the number of levels, l, studied
by each variable, being k the number of variables. For two level
designs, only a linear model can be fit, whereas if a three level
design is used, quadratic models can be fit.

Main Total and Main Sided Effects of the Variables
For the robustness test, a mathematical model of additives

effects is generally used, expressed as:

Rp = R(0) + E1 + E2 + · · · · · + Ek + �, [1]

where Rp is the predicted response by the model; R(0) is the
expected response of the analytical system when a experience
is performed under nominal conditions (i.e., nominal response);
Ej indicates the main effect of the j variable and it represents
the variation introduced in the response when the value of the
variable j changes in relation to the nominal value; and � is the
total error of prediction (� = Rreal − Rp), which can be seen
as the sum of two contributions, random or experimental error,
which are unidentified and normally distributed and systematic
error or bias, understood as a persistent positive or negative
deviation from the accepted reference value.

The effect of each variable can be positive or negative ac-
cording to the response increases or decreases with regard to the
nominal response. These main effects could be estimated from
(see Figure 2):

Ej = R(1)j − R(0), [2]

where R(1)j indicates the found response when the experience is
carried out for the modified value of the j variable.

New effects, denominated interaction terms, could be taken
into account when the effect of a variable on the response de-
pends on the value of the others. In these cases, the model is:

Rp = R(0) + E1 + E2 + · · · · · + Ek + E1,2

+ E1,3 + · · · · · + Ek−1,k + �, [3]

where, for instance, E1,2 indicates the effect of the interaction
of the variable 1 with the variable 2. In general, the robustness
study is mainly concerned about the main effects of variables,
since the range of the factor levels is so small that the interaction
terms are negligible.

On the other hand, when the value of the variables is decreased
(−1) and increased (+1) respect to the nominal value (0) in the
same experiment, it can be possible to distinguish between the
main effects. Main total effects, Ej, indicates the total variation
that is introduced in the response, when the factor changes its
value from lower (−1) until upper (+1), whereas main sided
effects, E(+)j and E(–)j, are denominated when the variable is
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modified from the nominal value (0) to the upper or lower,
where:

Ej = R(+1)j − R(−1)j; E(−1)j = R(−1)j − R(0);

E(+)j = R(+1)j − R(0) [4]

Ej = |E(−)j| + |E(+)j| [5]

These two sided main effects usually have opposite signs, and
they can be equals or different in magnitude (Figure 3). If the
effect of a factor is linearly related to their levels (linear model),
and if the nominal level is situated in the middle of the interval,
E(−)j and E(+)j will be uniform (Figure 3a), and they will only
differ due to experimental error. On the other hand, if the effect
of a factor is not linearly related to their levels (nonlinear model),
the two main sided effects will be nonuniform, being E(–)j and
E(+)j (Figure 3b). In this case, the difference between these two
main sided effects will be higher than experimental error.

When these main sided effects are included in the mathemat-
ical model, this one is given by:

Rp = R(0) + [E(−)1 or E(+)1] + · · · · · + [E(−)k or E(+)k] + �,

[6]

FIG. 3. Difference among main sided effects in: (a) linear
model, (b) nonlinear model.

where each j main sided effect must be selected according to the
j variable has been increased or decreased.

To calculate these main effects, two level experimental de-
signs are efficient enough to estimate just the main total effects
(44, 55), but for the simultaneous estimation of main sided ef-
fects, it requires a three level design (44, 46, 54).

In general, it would be more coherent to interpret the ana-
lytical effect as the deviation that takes place in the response
from the modified value (−1 or +1) in relation to the nom-
inal value (0). In this case, and when the main sided effects
are uniforms, the analytical effect and the main sided effect
are equals and these ones coincide with half of the main total
effect.

Regression Coefficients and Effects
It is also possible to apply Multiple Linear Regression (MLR)

to estimate each effect (30), and therefore, the mathematical
model are given by:

Rp = b0 + b1X1 + b2X2 + · · · · · + bkXk + �, [7]

where bj represents the regression coefficients and the Xj terms
are the variables. Each term can be identified with its homol-
ogous one in the effects model, thus, b0 is the nominal re-
sponse (all Xj terms are zero), and the bjXj terms are the main
effects.

The regression coefficients provide information on the be-
havior of the analytical system close to the nominal value, since
they measure the sensitivity of the response in relation to the con-
sidered variables. In fact, the estimated regression coefficients
obtained, represent the change that takes place in the response
for each variable unit that it is modified (62). The regression
coefficients are always identified with the analytical effects, and
their numerical value agree with the effect when the experimen-
tation plan has been carried out from a two levels matrix, in
which the variables are codified with 0 and +1 (or 0 and −1),
whereas the value of the main total effect is the double that the
corresponding regression coefficient, due to the own definition
of analytical effect:

Ej = 2bj. [8]

If the main sided effects are nonuniforms, a quadratic model
must be considered:

Rp = b0 + b1X1 + b11X2
1 + · · · · +bkXk + bkkX2

k + �, [9]

which can be also expressed as:

Rp = b0 + (b1 + b11X1) · X1 + · · · · + (bk + bkkXk) · Xk + �,

[10]

where it can be appreciated that the main effect, given by the
coefficient of each variable in brackets, depends on the value of
the own variable and therefore it is different to lower or upper
values than the nominal value.
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As it has been quoted above, other nonlinear terms, which are
different from the quadratics, can take place when interactions
are not negligible:

Rp = b0 + b1X1 + b2X2 + · · · · + bkXk + b12X1X2 + · · · ·
+ bk−1,kXk−1Xk + � [11]

and the same as before:

Rp = b0 + (b1 + b12X2) · X1 + · · · · + (bk−1 + bk−1,kXk) · Xk−1

+ bkXk + �, [12]

where it can be observed that the effect of a variable (in brackets)
depends on the value of another variable.

Curvature of the Model
When main-sided effects are nonuniforms, the mathematical

model must be completed with nonlinear terms, and a response
surface with curvature appears. Consequently, if curvature is
demonstrated, nonuniform effects can be expected, taking into
account that the interactions are usually negligible in a robust-
ness study.

If both main sided effects are equals in magnitude, its sign is
opposite, and therefore, the differences of their absolute values
are equal to zero. As a result, when experiences are carried out
at both modified values (upper and lower) of the variables, the
average response (Raver) is the same than the response at nominal
conditions (response in the central point (Rcent) (see Figure 3).
When curvature exits, the main sided effects are different to each
other and, now, the difference of its absolute values is different to
zero. Likewise, the average response is not equal to the response
at central point, and this fact will be taken advantage of to study
the existence of curvature in the model (44, 46)].

As example to explain it, let us to consider one-variable model
(Table 1 indicates the calculations and shows the found results).
Assuming a linear relationship between the response and the

TABLE 1
Estimation of main total effect, main-sided effects, average response, and central response from a one-variable mathematical

model using regression coefficients

Model Feature Calculation Result

Linear Ej R(+1) − R(−1) = [b0 + b1 · (+1)] − [b0 + b1 · (−1)] 2b1

(Rp = b0 + b1X1) E(+)j R(+1) − R(0) = [b0 + b1 · (+1)] − [b0 + b1 · (0)] b1

E(−)j R(−1) − R(0) = [b0 + b1 · (−1)] − [b0 + b1 · (0)] −b1

Raver 1/2 {R(+1) − R(−1)} = 1/2{[b0 + b1 · (+1)] + [b0 + b1 · (−1)]} b0

Rcent R(0) = b0 + b1 · (0) b0

Quadratic Ej R(+1) − R(−1) = [b0 + b1 · (+1) + b11 · (+1)2] − [b0 + b1 · (−1) + b11 · (−1)2] 2b1

(Rp = b0 + b1X+ E(+)j R(+1) − R(0) = [b0 + b1 · (+1) + b11 · (+1)2] − [b0 + b1 · (0) + b11 · (0)2] b1 + b11

b11X2
1) E(−)j R(−1) − R(0) = [b0 + b1 · (−1) + b11 · (−1)2] − [b0 + b1 · (0) + b11 · (0)2] −b1 + b11

Raver 1/2 {R(+1) − R(−1)} = 1/2{[b0 + b1 · (+1) + b1 · (+1)2] + [b0 + b1 · (−1) b0 + b11

+ b1 · (−1)2]}
Rcent R(0) = b0 + b1 · (0) + b1 · (0)2 b0

factor, R = b0 + b1X1, the main total effect is 2b1 and the main
sided effects are b1 and −b1, respectively, and both responses,
Raver and Rcent, are similar to b0.

When curvature exists, a second order model must be applied,
R = b0 + b1X1 + b11X2

1. The main total effect is the same than
the prior case but the main sided effects are now nonuniforms
(they are b1 + b11 and −b1 + b11, respectively). Consequently,
the average response and the central response are now different
and their values are b0+b11 and b0, respectively (if in fact, they
differ in the value of the coefficient of the quadratic term).

General Model with Qualitative Variables
The qualitative factors can be varied only in discrete steps

and the levels must be specified, disappearing the distinction
between upper and lower. Whereas for quantitative factors, one
total effect can be calculated, for qualitative factors, more than
one effect must be calculated. For example, if a qualitative factor
is defined at three levels (L1, L2, L3), three “effects” (56) may be
present: the effect caused by the change from L1 to L2, from L1

to L3 or from L2 to L3. The general effect model can be defined
for one qualitative factor L as:

Rp = R(0) + EL1,L2
+ EL1,L3

+ EL2,L3
+ �, [13]

where each ELi,Lj is calculated according to:

ELi,Lj = �R(Li)

nLi

− �R(Lj)

nLj

, [14]

and �R(Li) and �R(Lj) are the sums of the responses where the
factor L is at levels i and j respectively, and nLi and nLj are the
number of runs with factor L at level i and j, respectively.

If qualitative and quantitative variables are used in the ro-
bustness study, when interaction and quadratic terms have been
considered negligible, the model is performed with both types
of variables as:

Rp = R(0) + E1 + · · · · +Ek + EL1,L2 + EL1,L3 + EL2,L3 + �.

[15]
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When qualitative factors are used, only conclusions respect
to the examined levels selected can be made and it does not
allow drawing any conclusion about the total population. For
example, if the type of column is examined using three different
types of column, only conclusions about the selected columns
can be made.

METHODOLOGY
The methodology of the robustness/ruggedness test is dif-

ferent according to the type of validation (intrinsic or extrinsic)
used. In this sense, if intrinsic validation is used, the main goal is
to identify the experimental variables, which affect significantly
to response variables, and to anticipate the problems that may
arise during its application, so an effect signification test must be
applied in order to know the significant experimental variables
which require a strict control.

On the other hand, if extrinsic validation is applied, the goal
is to verify if the performance characteristics (trueness and pre-
cision) are changed or not, so the global precision and trueness
test (explained below) must be used. If at least one of these tests
is significant, an intrinsic validation can be applied in order to
identify the significant variables. In this sense, depending on
the type of validation, there are different possibilities to apply
a robustness study, as can be observed in Figure 4, but both of
them can be made at the same time if the analyst needs it.

Intrinsic Validation: Robustness and Ruggedness Study
The first step is the selection of variables and their levels.

The variables (quantitative or qualitative) must be related to the
analytical procedure and are selected for the description of the
analytical method (63). These factors are related to the sam-
ple preparation, separation, and/or detection steps. The number
of factors selected is usually limited for practical reasons. In
general, when the number of factors is higher than eight, it is
recommended to split the set of factors into two or three groups
(64), provided that interactions between variables of different
groups are not suspected.

For robustness study, quantitative variables are mainly con-
sidered. The factor levels are usually defined symmetrically
around the nominal level prescribed in the operating procedure
although asymmetrical intervals around the nominal level can
be also examined (65). The selection of the levels can be based
in the precision or the uncertainty (66), or in a percentage previ-
ously selected (similar or different for each variables) (44, 46).
The number of levels tested for each factor could be three (low,
high, and nominal levels) but, for a economy of work, is better
to performance a design with two levels (low and high) and at
least three central points (nominal level).

The responses, defined by the analyst, can describe a quan-
tity such as the content of a substance, peak area in chromato-
graphic methods, absorbance in spectrophotometric methods,
or it should consider quality parameters such as resolution and
migration times.

After the selection of factors, their levels and response vari-
ables, a design must be selected. These designs are usually sat-
urated designs, such as two-level saturated fractional designs
(46) or Plackett-Burmann designs (55, 67). In the saturated de-
signs, the number of experiments required, without counting
the central points, is equal to the number of variables plus one
(N = k + 1), and all main effects are not confounded with each
other. For large number of variables, supersaturated designs are
used (68), in which the number of factors examined exceeds the
number of experiments. These designs do not allow estimating
the effects of the individual factors because of confounding be-
tween the main effects, but the total variance of the responses
in them could be used as a measure for the robustness of the
method.

After the main total effects are calculated (55, 64), it is nec-
essary to identify the significant main total effects (see below),
using an analysis of variance (44, 69), or a t-test (46, 64, 70)
(see the next section). In this last one, it must be verified the
existence of a linear relationship between the factor and the re-
sponse. When there is curvature, the main-sided effects needs to
be estimated (44, 46) using three-level designs, such as reflected
two-level designs [15], three-level Plackett-Burmann designs
(54, 67), three-level factorial designs (31, 44), Box-Behnken
designs (71), or D-optimal desings (47).

On the other hand, qualitative and quantitative variables are
habitually included in the ruggedness study and different types
of designs can be used. One choice is the use of nested designs for
qualitative variables (15, 72), whereas quantitative variables can
be studied by factorial designs. However both types of variables
can be studied in the same design using asymmetrical factorial
designs (70), which contain factors examined at different lev-
els. It is clear that the number of experiments increases when
qualitative factors are included.

In all the cases, the different experiments must be carried out
in a random order, especially if central points are used, to take
into account uncontrolled factors. Sometimes, if drift occurs,
it is necessary to correct the response results to obtain a real
estimation of factors (73).

The conclusions obtained from the statistical analysis of the
experimental data set can be distorted by the presence of outliers,
so a previous detection and removing process of them is needed
(46, 74). The presence of outliers requires a new realization of
experimental design, or at least, the runs that give outliers must
be repeated.

Finally, when the factors that cause significant determination
in performance are identified, the system suitability limits can
be established (75, 76). In this way, Vander Heyden et al. (69)
proposed the use of the worst-case situation to define the system
suitability limits. In this case, only main total or linear effects
are considered in the prediction of the worst-case situation, as-
suming a linear relationship between the variables and response.
This approach is only valid when the curvature test is not signif-
icant because, on the contrary, the significant main sided effects
might be used to obtain the system suitability limits.
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FIG. 4. Flow chart of the general methodology of the robustness/ruggedness and inertia study to validate analytical processes.
(S = significant conclusion; NS = non significant conclusion).
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Effect Signification Test
In order to identify statistically significant effects, a t-test

is usually used. The statistic is |Ex|/(SE)E, where (SE)E is the
standard error associated to the effect, and this value is com-
pared with the critical two-tailed Student-t value, tcrit(α, f), for
a confidence level normally 95 percent (α = 0.05) with f de-
grees of freedom. A variable is considered to be significant if
the calculated t-test value is lower than the tabulated one. This
test determines whether the modification of the instrumental re-
sponse due to the effect of the variation of each experimental
variable is less or equal than the random error of the proce-
dure, that is, if a bias takes place, in which case it is considered
not significant, and if it is greater, the effect is significant. In
this sense, the obtained P-value indicates the probability that the
bias found for the effect is only because of random experimental
errors, and thus a high value for P-value corroborates the null
hypothesis, while values of less 0.05 might indicate the effect is
significant.

The conclusions of this test are different, depending on the
way to estimate (SE)E , which represents the experimental vari-
ability within the design, and can be estimated:

(1) from the residual standard deviation obtained for all the data
set (42, 55);

(2) from the effects of the two-factor interactions (55, 77);
(3) using dummy factor chosen in such way they are confounded

with the most probable chemically consistent interactions,
and having no influence on the design structure (45, 55, 67,
78);

(4) from the standard deviation on predicted response estimated
from calibration data set (44–46);

(5) from replicates of any experimental run of the design (45,
62);

(6) from randomized replicate measurements at the nominal
level of the procedure-related variables (67);

(7) from the distribution of effects (algorithm of Dong) (56).
The number of freedom degrees depends on the way to es-
timated (SE)E.

In this sense, (SE)E obtained from replicate measurements
at nominal level or from replicates at any experimental run of
the design, underestimates the experimental error, since it can be
considered as a measure of variability determined under repeata-
bility conditions. On the other hand, if the standard deviation
from all the data set is used, (SE)E is an overestimation of the
experimental error (55). However, the best choices to calculate
(SE)E are dummy factors, randomized replicates at nominal level
in the design, or using the effects of the two-factor interactions
(67).

Curvature Test
When a-two level design is chosen for the robustness study,

it assumes that a linear relationship between the factors and
the responses exists. This assumption must be verified using a
curvature test and it must be only applied if there are significant

main total effects, since if there are not significant effects, the
linear relationship can be assumed, and therefore, the main sided
effects are similar.

This test is based on determining whether or not the mean of
the observed responses, Raver, belongs to the confidence interval
for the response at nominal condition, Rcent:

Raver ∈ Rcent ± t · sd. [16]

In this equation, t is the tabulated two-tailed Student t-value with
r − 1 freedom degrees and α = 0.05, where r is the number of
replicate measurements at nominal level. It can be observed that
this test is similar to the trueness one (following), where it will
be explained.

A significant conclusion implies curvature in the global math-
ematical model, and not necessarily in a particular effect, and for
this, a subsequent individual study of the sided effects should be
carried out. For this study, three-level designs must be used (44,
54), examining the factors that have significant total effects.

Extrinsic Validation: Inertia Study
This type of validation requires the same experimental work

than before, but the goal is not the same. That is why, after the
detection of outliers, the methodology is different (Figure 4),
and now, the inertia study is a robustness/ruggedness study just
minimized to ensure that precision and trueness (performance
characteristics) are still satisfactory, so a precision and trueness
test must be applied. These two tests have not been described in
bibliography previously and they will be considered below with
a deeper rigor.

Precision Test
The purpose of this test is to establish if slight modifications

in the factors, when an inertia study is carried out, causes a lost
in the precision of the analytical process in nominal conditions.
The uncertainty associated with the robustness experiments, ex-
pressed as standard deviation (sexp

R ), is given by:

sexp
R =

√
�E2

j

k
, [17]

where Ej is the effect of each factor and k is the number of main
estimated effects. The associated freedom degrees are k.

On the other hand, the uncertainty associated with the nomi-
nal procedure is needed, and it can be obtained from a repeatabil-
ity test (using central points); the standard deviation is calculated
by:

scent
R =

√
�

(
Rcent

i − R̄cent
)2

r − 1
, [18]

where Rcent
i is each of the responses obtained at nominal level,

R̄cent is the mean of these values and r is the number of replicate
measurements at nominal level. The associated freedom degrees
are r − 1.
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If it is possible, it could be better to calculate this uncertainty
as standard deviation of the predicted response in the central
point from the linear regression analysis on the calibration data
set of the analytical method (sreg

R ) (44, 46):

sreg
R =

√
s2

resid

n
+ s2

b

b2
· d2

R =
√

s2
resid

n
+ SRD2

b · d2
R, [19]

where sresid is the standard deviation of the residuals; n, the total
number of pairs of points used to calculate the regression line; b,
the slope of calibration (or sensitivity); sb, the standard deviation
of the slope; SDRb, the relative standard deviation of the slope
(SDRb = sb/b); and dR, the distance (or difference), in response
units, between the predicted response and the mean response of
the calibration data set. In this case, the freedom degrees are
n − 2.

The analyst can also establish this uncertainty based on the
knowledge of the analytical procedure. In this case, the freedom
degrees are infinity.

The variances are then compared in a F-test. The statistic
with (k, r − 1) freedom degrees, if variance from a repeatability
measurements is used, is calculated to the following expression:

Fcalc =
(
s

exp
R

)2

(
s

cent
R

)2 [20]

or, if variance is estimated from a regression analysis, from:

Fcalc =
(
s

exp
R

)2

(
s

reg
R

)2 [21]

with (k, n − 2) freedom degrees.
If the test is significant, it means that at least one factor is

significant and, when its nominal level is changed, the uncer-
tainty increases. If the test is not significant, the precision of the
analytical procedure does not vary although the studied factors
change slightly.

Trueness Test
This test evaluates the probability that bias is not zero

(whereby systematic error is present) when the inertia study is
applied. The trueness test requires to determine whether or not
the average response of the N experiments of the design used
in the inertia study, Raver, Eq. (22), belong to the confidence
interval for the response at nominal conditions or predicted by
the calibration curve, Eq. (23), where Ri is the response of each
experiment.

Raver = �Ri

N
[22]

Raver ∈ R̄cent ± t · sd [23]

The calculation of sd depends on the results of the previous
precision test:

1) If the result of the precision test confirms that the precision
does not change, a pooled standard deviation is calculated:

sd =
√(

k · (sexp)2 + (r − 1)(scent)2

k + r − 1

)(
1

k
+ 1

r − 1

)
[24]

In this case, the freedom degrees are k + r − 1.
2) If the variances are different, sd is calculated by Welch-

Satterthwaite approximation (79):

sd =
√

(sexp)2

k
+ (scent)2

r − 1
[25]

The freedom degrees are now obtained using Eq. [26].

νd = s4
d

((sexp)2/N)2

k + ((scent)2/r)2

r−1

[26]

If the result of this test is not significant, with a significance
level of 95 percent (α = 0.05), it means that the difference be-
tween Raver and Rcent is due to random error, and the trueness
does not change when the slight variation of the studied factors
are produced. If the test is significant, it means that, as the preci-
sion test, at least, one factor is significant, and it can be detected,
applying the previous methodology.

CONCLUSIONS
The robustness/ruggedness study is an essential subject in

the validation of the analytical processes. The purpose of these
studies in intrinsic and extrinsic validation is different. The ro-
bustness/ruggedness study allows us to estimate the main total
effects, to check the curvature of the model around the proce-
dural conditions and to determine the main sided effects for an
intrinsic validation, that is, to characterize the behavior of the
analytical process. On the other hand, the inertia study in an ex-
trinsic validation permits to check performance characteristics
of the analytical process, obtaining useful information, which
must be a fundamental part of a method validation.
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45. J. Aybar Muñoz, A. Garcı́a-Campaña, and L. Cuadros-Rodrı́guez,
Evaluating the significance threshold in robutness testing. A crit-
ical discussion on the influence of time in molecular florescence
spectrometry. Talanta 56 (2002):123–136.

46. J. M. Bosque-Sendra, M. Nechar, and L. Cuadros-Rodrı́guez,
Decision protocol for checking robustness with previous outlier
detection in the validation of analytical method. Fresenius J. Anal.
Chem. 365 (1999):480–488.

47. S. Furlanetto, S. Pinzauti, P. Gratteri, E. La Porta, and G.
Calzeroni, Experimental design strategies in the optimization and
robustness testing of adsorptive stripping voltammetric conditions
for kynurenic acid determination. J. Pharm. Biomed. Anal. 15
(1997):1585–1594.

48. M. B. Sanz, L. A. Sarabia, A. Herrero, and M. C. Ortiz, A study of
robustness with multivariate calibration. Application to the polaro-
graphic determination of benzaldehyde. Talanta 56 (2002):1039–
1048.

49. M. Lavertu, Z. Xia, A. N. Serreqi, M. Berrada, A. Rodrigues,
D. Wang, M. D. Buschmann, and A. Gupta, A validated 1H
NMR method for the determination of the degree of deacety-
lation of chitosan. J. Pharm. Biomed. Anal. 32 (2003):1149–
1158.
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