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Abstract

In this paper, a new approach for the quality assessment of routinely used reversed-phase high performance liquid chro-
matography columnsis presented. A used column is not directly considered deteriorated when changes in retention occur. If
attention is paid to the type and magnitude of the changes, columns often can still be used. Therefore, columns have to be
monitored at regular time points. This means that, in the first place, a few well chosen measurements have to be done on the
used column. With statistical techniques, Hotelling's T2 statistic in combination with three-way analysis, the type and mag-
nitude of changes in retention then can be detected. The type of changes can be divided in hydrophobicity changes, selectiv-
ity changes and both hydrophobicity and selectivity changes. This paper describes the approach in theory, completed with
examples. At the end, a strategy for monitoring during routine use is proposed, which is visualized in a monitoring scheme.
© 1999 Elsevier Science B.V. All rights reserved.
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1. Introduction

One of the problems in modern chromatography,
especially in reversed-phase high performance liquid
chromatography (RP-HPLC), is the change (ageing)
of stationary phases during routine use. The inner
structure of the stationary phase changes, which re-
sults in a change of chromatographic properties such
as retention, selectivity and efficiency [1]. This does
not necessarily make an aged column worthless. Of-
ten a column can still be used if attention is paid to
changed chromatographic properties. It is important
to know what properties are changed and how much
they are changed. Then, the aged stationary phase can
be calibrated. On the calibrated column new optimal
circumstances can be found such that the column can
still be used.

Of course, an aged column can also be replaced by
a new one. This can however be more costly, be-
cause more measurements have to be done to opti-
mize the column than on an aged column. On an aged
column only a few new measurements, according to
the approach which will be presented in this paper,
have to be done to find new optimal conditions. In all
cases it isimportant to assess the quality of a column
to detect whether a column is changed.

In practice, the quality assessment of columns
during routine use mostly is done visually. Usualy, a
few standard solutes are injected. If their chromato-
graphic peaks are too skewed, tailed, too broad
and/or the resolution between two solutes is too low
it is decided that the column is deteriorated. In this
cases the column is replaced. Besides the fact that it
is difficult to decide what is too broad and what reso-
lution is too low, updating, to be able to continue the
use of the column, is not often considered.

The approach for the quality assessment of used
columns presented in this paper incorporates the pos-
sibility of continuation of use with some kind of up-
dating. A first screening is still done visualy. If bad

separations are caused by visual large changesin peak
shape this can be solved best by replacing the aged
column. If the bad separations, however, are caused
by changes in retention an appeal is made on moni-
toring with statistical quality control based on three-
way analysis. This approach can easily be combined
with calibration models for updating mobile phases
(that is, the data needed for monitoring can also be
used for calibration). This can be valuable for the
construction of integrated software for quality as-
sessment, calibration and updating.

Monitoring is not performed on all solutes, but on
a small selection of solutes and mobile phases. Mea-
suring and analysing a large number of variables (so-
lutes at different mobile phases), such as needed for
the optimization of a new column, is too time-con-
suming for monitoring in practice. With the use of
statistical variable selection techniques, solutes and
mobile phases will be selected in such away that they
represent the structure in retention data. This means
that these ‘ markers' are chosen in such a way that
they explain most of the variation in the data.

To detect changes in retention, in former research
Bolck2, monitoring based on two-way analysis was
used. In this paper, it will be shown how the type and
magnitude of changes can be detected with three-way
analysis. Different types of changes in retention will
be distinguished. In the first place, a change in hy-
drophobicity causing only a shift in retention which
is the same for all solutes. Furthermore, a change in
selectivity causing retentions of all solutes to change
differently. Finally a combination of these two
changes will be considered.

Three-way analysis will be used to find underly-
ing variables that represent structure in retention data
of the markers. Often two underlying variables can
represent as much as 4 (or more) markers. The dif-
ference between the values of the underlying vari-
ables of fresh and that of used columns, corrected for
the random variation, al denoted in the so caled
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Hotelling's T2 statistic, gives information on the
most important aspects of the differences between
fresh and aged columns. This can be visualized in
control charts, which can give an idea about the type
and magnitude of the changes at different time points
during use of a column. Depending on the type and
magnitude of changes different calibration models are
needed for continuation of use of the changed col-
umn.

The paper starts with Section 2 describing the ex-
periments done for the examples, followed by a brief
description of the statistical theory behind three-way
analysis and Hotelling's T2. After that, a description
of the three phases, that will be distinguished in
monitoring, is given. This is illustrated with simula-
tions. The reference data used in the smulations are
based on rea data, while various types and magni-
tude of changes are simulated. This, to get a clear
picture how magnitude and type of changes can be
detected. In addition, an example with artificially
aged columnsis given. Finally, a scheme is provided
for the monitoring of columns during routine use.

2. Experimental

Theory in this paper is illustrated with real data
and half real data half simulation examples. These
examples make use of stationary phases of difunc-
tional octylsilane synthesized on LiChrospher Si 100
silica packed in two columns (125 mm X 4 mm |.D.)
according to a standard packing procedure. The sta-
tionary phase was prepared at the R & D chromatog-
raphy department of E. Merck (Darmstadt, Germany).

Retention values of 4 marker solutes n-butyl p-
aminobenzoate (BAB), ethylbenzene (ETB), p-nitro-
benzaldehyde (NBA), and prednisone (PRE) were
measured at 3 (marker) mobile phases. On the first of
the two columns these measurements were repeated
8 times, to get an idea of the repeatability. On the
second column measurements were only duplicated.
The mobile phases are coded: wa3 (46% acetonitrile
and 54% water), wam2 (19% acetonitrile, 24%
methanol and 57% water), and wm1 (40% methanol
and 60% water). The marker solutes and mobile
phases are a selection from a larger number of so-
|utes and mobile phases used in former research [2,3].
Measurements were performed at a flow rate of 1

ml/min. The column was thermostated at 30°
(+0.1). Sodium nitrate was used as the dead time
marker.

The 8 repeated measurements on the first column
of, for instance, In k values of the 4 test solutes
measured at 3 mobile phases are stored in a(8 X 4 X
3) data cube of reference measurements (Fig. 1). The
second column only has a (2 X 4 X 3) data cube of
reference measurements.

After measuring the fresh columns, a 0.05 M
phosphate buffer solution was prepared by mixing
0.05 M solutions of analytical grade (Merck) potas-
sium dihydrogen phosphate and disodium hydrogen
phosphate. For the real data example, the columns
were aged for one day with an eluent containing this
phosphate buffer of pH 8.0 in 100% water at a flow
rate of 0.5 ml /min at 20°C. After ageing the column
were rinsed with water, water /methanol and
methanol. Then the 4 solutes were measured 2 times
a the 3 mobile phases. The columns were aged for
another day, followed by the rinsing and measuring,
and so on. The intention was to age both columns for
8 days.

The first column showed a hole of 6 mm in the
packing after 4 days of ageing. While the second col-
umn, which had only duplicated measurements be-
fore ageing instead of 8 replicated measurements,
could be aged for the intended 8 days. The holed col-
umn could not be used any more because the chro-
matographic peaks would become distorted and be-
sides that the pump simply could not deliver the nec-
essary pressure to maintain the flow rate of 1 ml /min
as used for the measurements. It appeared that the
silica particles were cracked. We could not find a
reasonable explanation for this premature collapse of
the first column.

Fig. 1. A (8x4x3) data cube of In k values on 8 fresh columns
of one stationary phase type.
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3. Theory
3.1. Three-way analysis

Three-way analysis is an extension of PCA [4].
Instead of a decomposition of a two-way data matrix
in two directions a three-way data matrix is decom-
posed in three directions. Investigations on three-way
analysis and three-way data tables are done by Law
et al. [5], Carall et al. [6], Kroonenberg and de Leeuw
[7], Harshman [8], and Tucker [9]. Applications in
chemistry are given by Wold et al. [10], de Ligny et
al. [11], Ohman et d. [12,13], Smilde et a. [14,15].

Let X be a (nXpXxm) threeeway data matrix
(see for instance the cube in Fig. 1). This three-way
data matrix can be decomposed in three directions.
The difference between object and variable is not al-
ways clear, that is why the three directions are all
caled modes. The three modes can, for instance,
correspond to the solutes, the mobile phases and the
stationary phases. X is often centred in the direction
of the mode in which the differences which are of
primary interest.

In order to analyze a three-way data matrix, a
generalization of the PCA model is needed. Such a
generalization is obtained by applying the principle of
unfolding [10]. Thisis shown in Fig. 2. The unfolded
form of an (n X p X m) three-way matrix X (left part
of Fig. 2) is the (n X pm) two-way data matrix X
(right part of Fig. 2).

A three-way data matrix can be unfolded in three
directions. Usualy the matrix will be unfolded in
such adirection that the mode of primary interest will
form the aobjects in the unfolded matrix. PCA is per-
formed on the unfolded two-way data matrix (U-
PCA). The generalization can be written as:

g

Xjjk = Ztispsjk—"_eijk’ (1)
s=1

where t; ; is an element of the (n X g) score matrix

P pm —

n

Fig. 2. The principle of unfolding.

]
I

+
=

Fig. 3. Decomposition of a three-way data matrix; U-PCA.

T, containing the first g factors or Principal Compo-
nents (PCs) and pg;, an element of the three-way (g
X px m) loading matrix P (or the two-way (g X
pm) loading matrix Py). Here, T and P are calcu-
lated in such a way that the residua sum of sguares
is minimized. The solution is not unique. Eqg. (1) is
visualized in Fig. 3.

Another generalization is given by the parallel
factor analysis (PARAFAC) model [5,8]

g
Xijk = 2 3sbjsCus T+ Eijks (2)
s=1

with x;;, an element of X, €;, an element of the
residua matrix E and a;,, b, and ¢, are elements
of the loading matrices A (nx g) of the first mode,
B (p X g) of the second mode and C (m X g) of the
third mode. A, B and C are chosen such that the sum
of the squared residualsis minimized. Like with PCA,
this means that the ‘ factors' are chosen such that they
explain as much of the variation of X as possible.
Contrary to PCA the solutions are unique.

Other generalization do exist, but are not de-
scribed in this paper.

3.2. Monitoring with three-way analysis

Monitoring with three-way analysis is described
for the three-way analysis technique U-PCA. Let x{?,
arayed as (In ky, In kj,...In k), denote a refer-
ence vector of In k values of p solutes measured at
m mobile phases on a fresh column. The vector x(¥
can be considered as the ith row from the unfolded
(nx pm) data matrix, with n the number of mea
surements. In the simulations and examples measure-
ments (on the first column) were replicated 8 times,
therefore n = 8. It is assumed that x{® ~
N, ( ¥, 3). The mean of the reference vectors, u©,
is estimated by the sample mean of the 8 measure-
ments, X@, and the covariance matrix, 3, by the
sample covariance of the 8 measurements, S. Let x)
be a vector of In k values of p solutes measured at
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m mobile phases on an used column. It is assumed
that x ~ N, (D, 3), with the same 3 as x{?,
which is estimated by S. Hotelling's T2 [16] statistic
can now be used to compare the In k values mea
sured on an used column with mean In k values
measured on reference columns. In this case it is
written as

T2= (X(J) — )-((0))’371()((]) — )-((0)) (3)

This Hotelling’'s T2 is the multivariate analogue of
the Student t-statistic [17]. It is used in the same way
to compare (mean) values with reference (mean) val-
ues when the variance is unknown and has to be esti-
mated.

Hotelling's T2 statistic can be applied on the In k
values of the markers, but also on their underlying
factors obtained by U-PCA 2, 18-21]. In that case,
not the original variables x), but principal compo-
nents, té, that represent the original data are used.
Hotelling's T2 statistic can now be written as

T (1)) @

with t g the vector of the first g principal components
(PCs) of the measurements on the used column after
mean centring, and S; the covariance matrix corre-
sponding to the PCs. Because of the mean centring
the mean of the reference scores (on the fresh col-
umn) is zero.

The T2 values can be compared with a probabil-
ity limit with, for instance « = 0.05. This means that
the probability is 5% that observations on the refer-
ence column fall outside the probability limit. For two
PC’s the limit is an €ellipse. The ellipse can be calcu-
lated with the distribution of Hotelling's T2 statistic.
If XEO) ~ N m( M(O),E) and xM ~ Npm( M(J),Z)
Hotelling's T statigtic is distributed according to
T?~(n+1)(n—1)pm/n(n—pmF" . (5)
The Hotelling T2 statistic based on principal compo-
nents is distributed according to [2,18—21]

T?~(n-1)g/(n-9g)F%, (6)

Monitoring T2 on the first g PCswill only detect
whether or not the variation in the plane of the first
g PCs is greater than can be explained by random
variation. When a totally new type of variation oc-

curs corresponding to new underlying factors this can
be detected with the squared prediction error (SPE).

SPE = £ (X — &)%) (7)
with

() —+(DHpr

XV =ty'R;.

The SPE is often referred to as the Q-statistic [19],
and again this can be used in combination with a
control chart with a control limit based on a chosen
level of significance.

4. A strategy

The strategy presented in this paper for the moni-
toring of columns during routine use consists of three
phases. The first phase is the creation of areference
data set. If only afew analytes are used, these can be
used as reference data when measured at various mo-
bile phases. If more analytes are used a selection of
solute/mobile phase combinations has to be made.
Ageing is a difficult process to describe, because it
has several systematic effects on the retention times.
Therefore, a number of selected marker solutes have
to be measured at various mobile phases to represent
all effects. These so-called markers can be selected
with variable selection techniques [14,15,22]. The
markers have to represent the other solutes with re-
spect to the different kind of changes. Some
solute/mobile phase combinations should represent
the hydrophobic changes and other combinations
should represent selectivity changes or both changes.

The second phase is the construction of a refer-
ence situation. This concerns the construction of a
reference model with three-way analysis. It aso in-
cludes the notation of the reference scores, based on
thismodel, in a plot of the first (2) components. With
these scores, values on used columns can be com-
pared.

The third phase is the monitoring during routine
use itself. The markers are measured on a used col-
umn, at different time points, to investigate if it is
aged or not. It is assumed that the peak shapes of the
chromatograms of columns are first checked visu-
aly. Subsequently, three-way scores for the used
column are calculated with the reference model and
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the measurements on the used column. Hotelling's T?2
statistic, that gives an indication of the differences
between the used column and the reference column,
is calculated and denoted in the reference plots to de-
tect if the differences with the reference situations are
such that can be concluded that the column did age.

5. Reaults
5.1. Introduction

The theory in the previous sections can be used for
monitoring columns during routine use. Thisis illus-
trated with the data obtained from the two columns
described in Section 2. The first phase of construct-
ing the reference data, including marker selection,
was dready performed in former research [2,3]. The
resulting reference data are described in Section 2.
Summarized, on the first column 8 replicated mea-
surements of the marker solutes (BAB, PRE, ETB,
NBA) at 3 mobile phases (wml, wam2, wa3) were
performed before ageing. On the second column du-
plicated measurements of the marker solutes at 3
mobile phases were performed before ageing.

The second phase concerns three-way analysis on
the reference data. In the U-PCA case, this resultsin
a score and loading plot for the reference data. The
score plot will be used in the monitoring. Examples

0.5

1 0.5 0 05
tl

15, 1.5
1r T 1 ‘
o 0.5 ) 05 1‘
0 % of |
\
03, 05 [} 0.5 0% 01 o0z o3 o4 J

t SPE

Fig. 4. Score plot based on the first two PCs (t1 and t2) and SPE
plots, relative to t1 and t2, of a column with simulated hydropho-
bicity changes (—) compared to measurements when the column
was still fresh ().

-0.2 -0.
-0.4 -0.2 0 0.2 04 0 0.05 0.1
t SPE

Fig. 5. Score plot based on the first two PCs (t1 and t2) and SPE
plots, relative to t1 and t2, of a column with simulated selectivity
changes (+ ) compared to measurements when the column was still
fresh ().

of score plots of reference data can be found in the
figures of the next sections. For instance, Fig. 4 con-
tainsin the lower |eft aplot of the 8 reference scores,
denoted by *, on the first column. Subsequently, SPE
plots can be constructed. Examples can be found in
Figs. 4-9, with = representing the scores on the fresh
column.

The third phase, concerning monitoring of used
columns itself is illustrated in the sections below by
some simulation experiments and a practical exam-
ple with artificial aged columns. They are provided to

02 —‘

-0.2 -0.2
-0.4 -0.2 0 0.2 0.4 0 0.05 0.1 0.15 0.2

t SPE

Fig. 6. Score plot and SPE plot of a column with simulated hy-
drophobicity and selectivity changes compared to measurements of
the column before ageing.
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show how various types and magnitudes of changes
in retention can be detected during routine use with
the use of plots based on three-way analysis and
Hotelling's T2 statistic. On certain time points, for
instance every week before the column is used, the
marker solutes are measured at the selected mobile
phases. First, the chromatograms are checked visu-
aly. Here it is assumed, that the columns are not
considered deteriorated based on this check. After
that, scores and SPE values are calculated with the
reference model for the measurements on the used
column. The scores are denoted in a score plot and
the SPE vaues in a SPE plot. These plots contain al-
ready the reference values with, eventually, control
limits (phase 1 and 2). The position of the values in
the plots of the used column tells something about the
state of the columns. An idea can be formed of the
type and magnitude of the changes in retention.

5.2. Smulation experiments

The simulation experiments are only partly simu-
lated. The reference data set for the simulations con-
tains real data. It consists of In k values of the 8 ob-
servations of 4 solutes at 3 mobile phases (wmi,
wam2, wa3) on the first column. For U-PCA this data
cube is unfolded such that the direction of the 8 mea-
surements stays the same. The aged In k values are
simulated. The height of the simulated aged In k is of

.5 0 0.5

0.6

o
o
o

o

o
(]

| ©
0.4] 1 04f 7
o ovzl ° 1 o 02/
* X
02! 02
%4 02 0 02 04 )
t

000

0.05 0.1 0.15 0.2
SPE

Fig. 7. Score plot and SPE plot of a column with simulated hy-
drophobicity changes compared to measurements on the column
before ageing; A hydrophobicity line representing growing hy-
drophobicity changes is drawn in the SPE plots.

0.08}
W 0.08f
&
004; 44,"3
0.02‘[ 2
0 '\ku*h
05 0 05
tl
02 3 02 : 3 ‘
4 2 R 2 4
01 “ 0.1 ‘
| * X
) 1 * 8 ox !
E
« |
-0.1“" \\ * 0.1
0.2 0.2
04 02 0 02 04 0 0.05 01
t1

SPE

Fig. 8. U-PCA score plot and SPE plot of a column before and af-
ter ageing for 1, 2, 3 and 4 days with an eluent consisting of a
phosphate buffer of pH 8 in 100% water.

the same order as the values of real measurements,
found in former research [2,3]. For the simulations a
distinction is made between i) a situation in which the
column only shows hydrophobicity changes (a shiftin
retention which is the same for al solutes), ii) a situ-
ation in which the column only shows selectivity
changes (causing retentions of all solutes to change
differently) and iii) a situation in which a column
shows both hydrophobicity and selectivity changes.
Thefirst situation concerns a column which shows
a simulated increase in hydrophobicity changes.
Starting point is the observation out of the 8 observa-
tions of the reference data set that is closest to the

0.1

0.08

0.06

SPE

L5
0.04 6 23
0.02 42
0 Saal
1 0.5 0 0.5
t1
0.4 0.4
78 . 78
0.2 6 0.2} 6
E %
[N S o
=
0.2 0.2 o
5
0.4 0.4
K] 0.5 0 0.5 0 0.05 0.1

t SPE

Fig. 9. U-PCA score plot and SPE plot of a fresh column and an-
other column after 1 to 8 days of ageing.
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average. From this (multivariate) observation of 4 so-
lutes at the 3 mobile phases constant values are sub-
tracted, each representing the columns after some
time of ageing. In this way new, observations on the
‘aged’ column with the same shift (decrease) in re-
tention for all solutes, are created. The subtracting
constants vary from 0.05 to 0.4 by steps of 0.05. This
means that 8 ‘aged’ observations are created. As
stated before, the height of the substraction constants
is based on the results from former research [2,3]. The
lowest subtraction constant is realistic when compar-
ing with artificially aged columnsin former research.
The highest one (0.4) is quite large, but is used to give
a good impression of the trend if retentions keep on
decreasing with the same speed.

The lower left of Fig. 4, shows the PCA score plot
with the scores of the reference data (+) and the
scores of the column with simulated hydrophobicity
changes (—). A probability ellipse for « = 0.05
around the reference data is also presented. The dis-
tance of the scores of the simulated aged column to
the reference data is larger when the subtraction con-
stant (change in hydrophobicity) is increased. A sub-
traction constant of 0.1 already has a score that fals
outside the probability limit, indicating a significant
change at the 5% level.

Fig. 4, shows two other plots, containing predic-
tion errors (SPE values) of the reference data () and
the simulated aged columns (—) presented relative to
the first PC (upper left) and second PC (lower right).
Probability limits could have been given, but are not
considered informative. All the presented aged
columns would fall outside it. A clear deviation from
the fresh scores shows that hydrophobicity changes
cause changes in SPE values.

The second situation concerns a column that shows
an increase in selectivity changes. This is simulated
in a simple way by taking the same reference obser-
vation asin the first situation and add a constant value
to the measured value of one of the markers (e.g.,
PRE). In this way, 8 measurements on an ‘aged’ col-
umn are simulated, with an increase in selectivity
changes. The summation constant varies from 0.02 to
0.16. These are redlistic constants, when compared
with former research and when compared to the size
of the hydrophobicity changes.

Fig. 5, shows the score plot with the scores of the
reference data (=) and the scores of the columns with

simulated selectivity changes (+) in the lower left. A
probability ellipse for o = 0.05 around the reference
datais also presented. The scores of the column with
simulated selectivity lie between the scores of the
reference data measured, in contrast to the smulated
hydrophobicity changes. At afirst glance, one might
think that a reason for this lies in the fact that the
substraction constants for the simulation of hy-
drophobicity changes are larger than the summation
constants for the simulation of selectivity changesand
that the substraction concerns all solutes instead of
one. However, if score plots are created of simulated
aged columns with different summation constants
(positive or negative) for each solute, the scores still
will lie between the reference data. Only when the
summation constants are increased more than the size
of the hydrophobicity changes the scores start to fall
outside t he probability ellipse. These latter constants
are not realistic. In reality, the hydrophobicity
changes are larger in absolute values than the subtle
changes in selectivity. Therefore, it seems that if
scores fall outside the probability ellipse thisis most
likely due to hydrophobicity changes.

Fig. 5, also shows two SPE plots of the reference
data () and the columns with simulated selectivity
changes (+), presented relative to the first PC (up-
per left) and second PC (lower right). In these plots
it can easily be seen that the SPE values of the col-
umn with simulated selectivity changes behave dif-
ferent from the values on the fresh column. The SPE
values are lower than the SPE values of the simu-
lated hydrophobicity changes, but they can be distin-
guished from the values on the fresh column and
therefore detect changes.

The third situation concerns a column that shows
an increase in both hydrophobicity and selectivity
changes. This is simulated by subtracting a constant
of al the fresh measurements used in the first two
situations and adding a positive constant on one of the
markers (e.g., PRE) and a negative constant on an-
other marker (e.g., NBA). The measurements on the
column are simulated, with an increase of the sub-
traction constant for all measurements from 0.05 to
0.4 and a positive summation constant for PRE from
0.02 to 0.16, and a decrease from the negative sum-
mation constant for NBA from —0.16 to —0.02.

Fig. 6, shows the score plot with the scores of the
reference data (=) and the scores of the column with



A. Bolck et al. / Chemometrics and Intelligent Laboratory Systems 46 (1999) 1-12 9

simulated hydrophobicity and selectivity changes (o)
in the lower left. A probability elipse for o = 0.05
around the reference data is also presented. The
scores of the columns with simulated changes fall
outside the probability limit. This indicates that, ac-
cording to situation 1, there are hydrophobicity
changes.

Fig. 6, shows also two SPE plots of the reference
data (*) and the columns with simulated changes (o)
presented relative to the first PC (upper left) and sec-
ond PC (lower right). In these plots it can easily be
seen that the SPE values of the columns with simu-
lated hydrophobicity and selectivity changes behave
different compared to the fresh column. The curve-
ture in the trend can be explained by opposite in-
crease (decrease) of the positive and negative sum-
mation constant. The difference between reference
SPE values and SPE values corresponding to the aged
column can possibly be explained by hydrophobicity
changes as well as selectivity changes.

Plots like Fig. 6 in practice, can point to columns
that only show hydrophobicity changes or columns
that show both hydrophobicity and selectivity
changes. To detect, in practice, if there are only hy-
drophobicity changes or also selectivity changes, a
“hydrophobicity line' can be drawn in the SPE plots.
Fig. 7, is the same as Fig. 6 except for a so called
“h(ydrophobicity)-line’, denoted by dots. This line
represents all possible SPE values that can be calcu-
lated if an arbitrary constant between 0 and 1 is sub-
tracted from the reference value. An aged column that
only shows a shift in retention or in other words that
only shows hydrophobicity changes, will in theory
have SPE values on this line. Therefore, if a SPE
value of a rea aged column is far from this line it
probably shows selectivity changes. If one SPE value
of a column is near to this line not much can be said
of the column, unless the course of SPE values of a
column during routine use is about the same as this
h-line. In this last case, there are probably only hy-
drophobicity changes. If the trend is completely dif-
ferent there are probably also selectivity changes.

Some remarks have to be made with respect to the
simulations. No simulations were shown with sub-
traction or summation constants that varied over the
mobile phases. This aspect, however, was studied and
it was found that results did not differ much if differ-
ent effects at various mobile phases were incorpo-

rated, as long as the effects were not too large. How-
ever, large differences in effects at various mobile
phases are not realistic in practice. A decrease in
overall retention at one mobile phase is often accom-
panied by a comparable decrease at another mobile
phase. With respect to above mentioned remarks it
has to be noted that the h-line should not be consid-
ered as an exact line; it can only be used as a good
indicator.

5.3. Practical example

In this example artificially aged columns are mon-
itored. The reference data are the same as in the sim-
ulation experiments described in Section 2. The first
column with 8 replicated measurements before age-
ing was artificially aged for 1, 2, 3 and 4 days, with
an eluent containing a phosphate buffer of pH 8 in
100% water. After each ageing day, duplicated mea-
surements were done on the 4 marker solutes at the 3
marker mobile phases. The reference measurements
and the measurements after ageing are denoted in Fig.
8. The reference model, including the probability el-
lipse and the scores () for the reference data, are the
same as in Figs. 4—7. The scores of the columns af-
ter ageing are denoted by a number referring to the
days of ageing.

In former research [2,3] the above mentioned and
other columns were investigated, after ageing, based
on a large number of measurements (14 solutes at 9
mobile phases). The investigation resulted in a cate-
gorization of the columns in 5 categories. not aged,
only hydrophobicity changes, only selectivity
changes, both selectivity changes and hydrophobicity
changes, and aged too much. The above mentioned
column was after 1 and 2 days categorized as show-
ing only selectivity changes, and after 3 and 4 days
as showing both selectivity and hydrophobicity
changes. In Fig. 8 it can be seen very clear that only
when the column shows large hydrophobicity changes
the T2 value fals outside the probability ellipse,
while all columns have high SPE values. In the SPE
plot relative to the second PC it can be seen that the
course of the column is not the same as the course of
a column that only shows hydrophobicity changes,
because this column would have a course similar to
the dotted h-line. These results corroborate the simu-
lations.
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Unfortunately, the column showed a large hole af-
ter 4 days of ageing and could not be used any more.
Therefore, another column, packed with the same
stationary phase, was also aged for several days. Fig.
9 shows the score plot and SPE plots of this column.
The reference data are the data measured on the first
column and thus the same as in Fig. 8 and the same
as used in the simulations, but the data representing
ageing are measured on the second column. Because,
only duplicated measurements were performed on the
second fresh column, the fresh measurements on the
first column are used as reference data. One of the
measurements in Fig. 9 is denoted by the number 0.
This represents the fresh measurement on the second
column. The (second) column was aged for 8 days
and measured after every day of ageing. The num-
bers refer to the days of ageing.

The measurement before ageing lies just under the
probability ellipse of the fresh measurements on the
first column. This indicates that the probability el-
lipse for the second column is probably too small.
There is extra variation, because two columns were
used; one as reference column and one in the ageing
experiments. Till 5 days of ageing the T2 values lie
however in the probability elipse. After 5 days the
values start falling outside the ellipse. The SPE val-
ues also grow from O to 8 days of ageing. A nice
course through time can be noted. After 5 days of
ageing there were some problems. Probably there
were some air bubbles in the pump. The chromato-
grams showed a lot of noise. It can be seen that the
T2 and SPE values are deviant from the other mea-
surements. From Fig. 9 it can be concluded that in
practice the state of a column can be followed very
well through time. This can be used to decide if and
what kind of calibration models are needed for opti-
mal mobile phase updating. Suggestions when updat-
ing is needed with what kind of models, are pre-
sented in Section 6.

6. Conclusions and proposed strategy

In this paper a new approach for the quality as-
sessment of aged columns in practice is presented.
The approach is based on a first visual check of
chromatograms followed by a monitoring with statis-
tical quality control charts based on three-way analy-
sis. At the end of this section, a proposed strategy for

dealing with this in practice, visualized in a monitor-
ing scheme, will be presented.

Important in the strategy are three phases. The first
phase concerns the construction of the reference data.
These are retention values of awell chosen selection
of all analytes (markers) measured on the fresh (not
used) column. The second phase concerns the con-
struction of the reference situation including the ref-
erence model. Scores and prediction errors (of the
reference data) of athree-way analysis are denoted in
charts, and a Hotelling's T2 probability ellipse is
calculated and also denoted in the score chart. The
third phase concerns the measuring of the markers on
the used column at certain time points, the calcula
tion of the scores and predictions errors (SPE values)
of the used columns with the reference model, and the
notation of these in the charts. When this is done,
changes in retention can be detected by use of the
values of Hotelling's T2 and the SPE values.

If the value of Hotelling's T2 statistic and the
prediction error for an aged column do not deviate
much from these values for the fresh column, the aged
column can be considered as showing only minor
changes.

If the value of the prediction error for an aged
column deviates much from the values for the fresh
column and Hotelling's T2 does not deviate, the aged
column can be considered as showing mainly selec-
tivity changes.

If the value of Hotelling's T2 statistic deviates
from the values for the fresh column independent of
the prediction error, the aged column can be consid-
ered as showing at least (large) hydrophobicity
changes.

If the value of Hotelling's T2 statistic and the
prediction error for an aged column deviate both from
the values of the fresh column, the aged column can
be considered as showing only hydrophobicity
changes or showing hydrophobicity and selectivity
changes. An ‘h-lin€’, representing a same shift in re-
tention for all solutes and mobile phases of different
size, can give an indication of the trend of a column
that only shows hydrophobicity changes. If the course
of the SPE values on an aged column deviates much
from this line, probably some selectivity changes ex-
ist.

With the rules above it is shown that it is more or
less possible to make a distinction between large hy-
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few analytes a lot of analytes

replicate measurements of analytes or markers on fresh columﬂ

phase 1: Construction of reference data

‘construct three-way model, charts and limitsl

phase 2: Construction of the reference model
phase 3: Quality assessment of aged columns

lcheck chromatograms visually

‘pea.ks too skewed or broad} ‘peaks not too skewed or broad]

replace IHoteHing’s T? and SPE after three-way analysis‘

low SPE high SPE

lno fundamental changes—‘ is. changes

v
complex calibration models
for new optimal M.Ph.

no updating simple models

Fig. 10. Monitoring scheme for the quality assessment of columns
during routine use.

drophobicity changes, selectivity changes and no
changes at al. These different types of changes have
to be handled differently in further usage of the
columns. Columns that did hardly change compared
to the fresh columns can be considered as fresh
columns. Columns with only hydrophobicity changes
can do with a simple linear updating. Columns with
changes in selectivity need calibration models (e.g.,
PLS models) to predict retention values and update
mobile phase compositions [3].

For the calibration and mobile phase optimization
the same measurements can be used as for the moni-
toring. Besides that this saves a lot of work, it makes
it easy, in future, to construct a computer program for
monitoring used columns as well as for their calibra-
tion and updating (mobile phase optimization).

In this paper, theory and examples were based on
U-PCA.. In practice, however, other three-way tech-
niques, such as PARAFAC are as easy to work with
as U-PCA ! In fact PARAFAC has some advantages

1 Inthe PARAFAC model, the factors ag are used instead of the
factorst in U-PCA.

above U-PCA. If the models are also used to get an
overview of the structure in the data (before monitor-
ing), PARAFAC gives a more clear overview than
U-PCA. PARAFAC can show the effectsin all direc-
tions separately, while U-PCA combines directions.
Moreover, PARAFAC gives unique solutions and
therefore does not show rotation problems as U-PCA
plots do. Finally, PARAFAC is more efficient, be-
cause less parameters have to be estimated. How-
ever, the PARAFAC pictures for the examples used
in this paper do not differ that much from U-PCA
pictures that other conclusions could be drawn.
Therefore, the U-PCA pictures are here as illustrative
as PARAFAC pictures would be.

Based on the foregoing a strategy is proposed for
monitoring used columns in practice. This proposed
strategy is visualized in Fig. 10.
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