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Modified secured principal component regression for detection of
unexpected chromatographic features in herbal fingerprints
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Secured principal component regression is modified for the qualitative analysis of
chromatographic fingerprint data sets of herbal samples with residual concentrations. After
chromatographic shift-correction and autoscaling are performed on the data, this modified
secured principal component regression (msPCR) can detect unexpected chromatographic
features in various herbal fingerprints. The successful application of msPCR to two real herbal
medicines of Erigeron breviscapus from different geographical origins and Ginkgo biloba from
various sources or vendors demonstrates that the proposed method can detect reasonably
unexpected features differing from the regulars or not being modeled. From a chemical point of
view, the causes have also been explained to corroborate the results. Moreover, it presents a viable
approach for the qualitative evaluation of diverse herbal objects with a regular class of

chromatographic fingerprints.

Introduction

Despite its existence and continuing use over many centuries,
and its popularity and extensive use during the last decade,
traditional herbal medicine has not been officially recognized
in most countries due not only to the lack of research data to
support its safety and efficacy but also to a lack of adequate or
accepted research methodology for its evaluation.! Because a
herbal medicine or formula often consists of many complex
phytochemicals, sometimes it becomes imprecise or difficult
for conventional approaches to fulfil its practical quality
assessment.>™ There are two major trends for quality control
of traditional medicine. One quality control mode is originally
from chemically synthesized pharmaceuticals, namely, select-
ing a known active constituent or a marker compound from
the herbal drug as the qualitative and quantitative target to
assess its authenticity and inherent quality. Several decades
have passed with such a quality control mode being applied
to herbal medicines with no significant changes except for
renewing and advancing the analytical technologies. However,
for natural products derived from herbal medicines with the
inherent uncertainty feature of their secondary metabolic
substances, the drawback of such a quality control mode has
surfaced more and more obviously. Therefore, another
practical approach, generated from a comprehensive mode, is
necessary to control the quality of herbal products, and the
complex formulation of herbal medicine in particular. As
demanded, fingerprinting procedures have emerged which
appear efficient for serial analyses in quality control and
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stability tests of herbal medicine.® Chromatography finger-
printing emphasizes an integral formulation of pharmaco-
logically active and phytopharmaceutically characteristic
components of samples with similar or different attribu-
tions.> ! The quality consistency and stability of herbal
extracts or products can be assessed by their integral
fingerprint patterns in quantified operation procedures.
Therefore, it was formally introduced by WHO in Munich in
1991,'2 and subsequently accepted.

Fingerprinting is a logical result of both the development
of herbal medicine and the progress of relevant research for
quality assessment,"!! and also a demand of both the
compilation of pharmaceutical attributes and the comparison
of componential distributions of herbal samples.>-!!:13-16
With respect to its uncertainty and inclusion, the multiple-
level and integral information of a chromatographic
fingerprint is more interesting for quality control than
the information from the conventional mode. Moreover,
fingerprinting makes the inherent quality of herbal
medicine visible through observing and comparing fingerprint
patterns.”

There have been only a few methods to evaluate the
fingerprint quality of herbal materials or pharmaceutical
products, such as correlative chromatography,*!'® comparative
analysis,*!” wavelet analysis and artificial neural networks
(ANN).>181 Either taking advantage of spectral correlation
and chromatographic features or using chemometric methods
and pattern recognition techniques such as K-nearest
neighbors (KNN)®!7 and soft independent modeling of class
analogy (SIMCA),’ these techniques distinguish which are of
good quality and which not within chromatographic finger-
print sets.

The relationship of the fingerprints could be commonly
analyzed through comparison with a certain reference, in terms
of similarity or dissimilarity, presented as correlation coeffi-
cient or congruence coefficient ezc.*!” However, it is apparent
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that two problems with this comparison exist: how to achieve a
reasonable reference and to what extent the objects are similar
to such a reference. Popularly, the reference may be derived
either from the extracts of a standard herbal medicine or
proportioned mixtures of herbal medicines (e.g. EGb761)* or
from computation with some mathematical method.* The
(dis)similarities between herbal objects and the reference often
undertake themselves to a qualified threshold."' Although
such comparison attaches importance to the integral relation-
ship of the fingerprints, sometimes masking and swamping
effects might occur either explicitly or implicitly. The masking
effect means that an unexpected sample could not be identified
due to its high similarity to the reference (e.g. the identification
of three species of Coptis chinensis, C. teet-Oides C. Y. Cheng,
and C. deltoidea C. Y. Cheng et Hsiao from herb Rhizoma
Coptidis). The swamping effect encompasses wrongly discri-
minating a desirable sample illegal on account of its low
similar value, which is usually influenced by the diversity of
chromatographic compositional distribution (e.g. the determi-
nation of herb Houttuynia cordata Thunb. from different
sources).

In the present study, modified secured principal component
regression (msPCR) is introduced. It is flexible to detect
unexpected chromatographic features, by means of the
systematic fit error compensation within a series of interval
moving windows. msPCR is based on but different to secured
principal component regression (sSPCR).>*?! The latter was
originally developed to detect and characterize the uncali-
brated spectral features in measured spectra. It includes a
series of steps, such as two-step denoise, linear or nonlinear
residual decision, reflecting-line estimate, and so forth, for the
approximate compensation of systematic fit errors and the
correction of the disturbances. Therefore, when the investi-
gated objects are diverse chromatographic fingerprints in
compositional distribution, it is not friendly to use and the
results are also not satisfactory. However, the residual
concentrations after the systematic fit error compensation via
msPCR can provide qualitative information about these
features with respect to chromatographic peaks and positions,
which is valuable for quality evaluation of herbal samples.
This method allows one to avoid the above effects as much
as possible.

Two real chromatographic fingerprint data sets of Erigeron
breviscapus and Ginkgo biloba herbal samples are analyzed
via msPCR with residual discrimination, and the results
are demonstrated from a chemical point of view, paralleled
with a characteristic trial of the phytochemicals of herbal
samples.

Modified secured principal component regression
algorithm

Throughout the remainder, matrices will be noted in capital
boldface letters and column vectors in lower-case italic
boldface letters. Transposed objects are indicated by super-
script T. Subscripts cal and meas specify calibration and
measurement items, respectively. Elements of matrices or
vectors are denoted with lower-case non-bold letters with
italic subscript characters.

Principal component regression

Principal component analysis (PCA) and principal component
regression (PCR)* 2 are popular techniques for multivariate
data analysis and evaluation of unknown measurements. In
this study, with known regular samples PCR first builds
an appropriate calibration model for herbal fingerprints and
then uses this model to evaluate unknown measurements
and detect unexpected fingerprints via their residual concen-
trations in the resulting scores from their projection onto
significant principal components (PCs), which can be sum-
marized as follows.

Suppose a calibration matrix X, consists of k-column
regular fingerprints and m chromatographic absorptions
measured at regular time intervals. Then, PCA is conducted
by singular value decomposition (SVD) of Xca,>>%¢

_ _ T_
Xeaion x &) = [*1 X6]= U < 19S;k < 0V @ x 0 = n

T
Pow « 0T & x 1

where P = [p; ... pi] is defined as the score matrix, T = [#; ... #;]
the loading matrix. Due to noise in the actual system, the rank
r of Xca 1s decided as the number of relevant PCs different
from noise, usually » < k. Hence, eqn (1) is expressed with two
blocks,

Xcal(m x k) = [Xcal(m X r) Xnoise(m X (k*r))]: (2)

T
[Pcal(m X r) Pnoise(m x (k*r))]T(k x k)

where Peyon « » = [p1 ... ps] involves information of the r
relevant PCs. This will be used for regression calibration.
... pr] encompasses noise. Then,
[¥meas_1 - Xmeas j -~ Xmeas_n] consisting of
n-column measured fingerprints can be analyzed by multi-
variate least squares fit to obtain measurement T,

Pnoise(m x  (k—r)) = [pr+1

Xmeas(m X n) =

— T
Xmeas(m X n) — Pcal(m x r)Tmeas(n X r) +E (3)
Tmcas(n X F) = (4)

T -1 T
(Pcal(m X r) Pcal(m X r)) Pcal(m X r) Xmeas (m x n)
In view of the orthogonality of the PCs, namely
T _ .
Pcal(m X 1) Pcal(m x r)y = 1> we rewrite eqn (4)’
— T

Tmeas(n x r)y = Xmeas(m X n) Pcal(m X r) (5)

Then, the residuals of each measurement are derived by use
of calibration Py, x ) and measurement Tocasn x 1)

— T_
E = Xmeas(m x n) Pcal(m X r)Tmeas(n x r)y =
T —
Xmeas(m x n) Pcal(m x r)Pcal(m X r) Xmeas(m x n)— (6)
T
(I(m x m) Pcal(m x r)Pcal(m X 1) )Xmeas(m X n)

The residual matrix E = [emeas 1 - €meas_j --- €meas_n] CONtains
errors and the part of the data set X;,..s not explained by r
PCs, I denotes a unit matrix of size (m x m). If there are no
unexpected chromatographic features presenting in the mea-
sured herbal samples, all the residual concentrations of E will
merely consist of noise. Otherwise, high concentrations of
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some residuals will feature additional chromatographic pro-
files of unexpected samples.

Secured compensation for systematic fitting errors

Although this conventional PCR is able to elucidate implicitly
the chromatographic occurrences in the calibration data,?’ its
procedure cannot handle the unexpected features not being
contained in calibrations but emerging during measurements.
Moreover, this unexpected emergence indicates the quality
problem of diverse herbal objects, and these unexpected
features need to be taken care of and detected. Generally, the
residuals E are disturbed by real unexpected measurements,
unavoidable noise and systematic fit errors from the regression
model. However, factually, it is impossible to split up of the
residuals into individual disturbances just as described in the
literature.”>>! In order to correctly detect unexpected profiles
and securely evaluate residual concentrations, a compensation
for systematic fit errors is necessarily performed on E. Vogt and
Mizaikoff developed an sPCR method for this compensation,
and applied it to detect and correct uncalibrated spectral
features. In contrast to spectra, herbal fingerprints comprise a
multitude of ingredients and their relative contents are diverse.
Therefore, such diversity being considered, sPCR is modified for
detection of unexpected features and evaluation of chromato-
graphic measurements in our practice. The residual profiles
within a certain narrow interval chromatographic window are
compared with the parts of the r PCs located inside the same
chromatographic window. If the residuals are found to be
linearly dependent on the parts of the r PCs inside the same
window, it can be concluded that the residuals are systematic
fit errors, for which approximate compensations are conducted
as described in the following section. If the residuals are
independent of the parts of the r PCs, high residuals indicate
unexpected chromatographic features.

Modification of secured principal component regression

sPCR compensates approximately the systematic fit errors in
the residuals by means of many so-called reflecting-line esti-
mates in terms of three necessary requirements, as documented
in ref. 20 and 21. Moreover, this compensation involves a prior
two-step denoise and as well decision about the residuals being
linearly dependent on or independent of the PCs, based on the
largest singular value ratio of two submatrices. Therefore, it is
not easy to use when there are a lot of diverse objects in
compositional distribution. Analogous to this compensation,
we develop a flexible method. First, we split the data set
Ximeason = m) in the chromatographic direction into a series of
narrow windows with a certain width, say X; winsize Of size
(winsize X n). In the subscript, winsize indicates the width of
the chromatographic window, i be the i narrow window,
ranging from 1 to ¢, and ¢ is the last of all the windows.
Moreover, these narrow windows are equi-interval and con-
secutive. Thus, the residual profiles are recalculated as a second
matrix D = [dicas 1 - dmeas_j - @meas_n] by adding appropriate
compensation of the systematic fit errors to the original residuals
E = [emeas 1 - €meas J - €meas_n] 1N @ piecewise manner,

Di_winsize = (I - Pi_winsizePi_winsizeT)Ei_Winsize(i = 1: 27 ceey l]) (7)

In eqn (7), the matrix E; winsize denotes the part of original
residuals E inside the i narrow window, P, winsize cOntains the
parts of the PCs inside the same window, I is a unit matrix of
size (winsize x winsize), D; winsize 18 the recalculated residuals
corresponding to the residuals E; yinsize after compensation
for the systematic fit errors. Compared with sPCR, this
modified algorithm is friendly to use, and the results are more
reasonable. Of sPCR, there is a limitation for detecting
uncalibrated absorptions, ie. it does not work when some
uncalibrated measurements fall completely into the calibration
model. msPCR does not have this limitation, on the contrary,
it would rather concern unexpected chromatographic features
in a set data of herbal fingerprints for quality control.

Assessment of residuals with variance discriminant

When X,..s is regressed into the calibration model, the
residual profiles D have to be evaluated as to whether they
contain only noise or some unexpected chromatographic
features. For this purpose, a decision threshold is necessarily
defined for the noise level of data. On the assumptions that
the experimental noise of herbal fingerprints is subject to a
statistical distribution and the noise level remains stable over
time under the same experimental conditions and allowing
for the (k — r) noise PCs of the calibration data, namely
Pooiseon x (k=) = [Pre1 ... Pr], We may obtain the noise
Xnoise(m X n) with Xcal(m x k) and Pnoise(m x (k=r))»

— T
Xnoise(m x k) — Pnoise(m X (kfr))Pnoise(m X (k—r)) Xcal(m x k) (8)

From this, the noise level is deduced as the average of
standard deviation of the noise Xoise(n x &)»

, 1
st = > (var(Xpgise (m x k)))'/? 9)
Based on this noise level, the decision threshold is defined as,
i 3
thre =3std""** = p Z (var (Xnoise (m x k))) '/ (10)
In the same way, the standard deviations of the measure-

ment residuals D = [dyeas 1 .- dineas_n) can also be
calculated,

dmeas_j

std® = (var(D,, « »))"* = [std,” ... std,” ... std,”]  (11)

Concerning the detection of unexpected features, stde is
compared with the decision thre, respectively. If stde < thre,
it is concluded that the column residual di,e,s ; consists only of
noise. Otherwise, there is more than noise in the residual
dycas_j> Which indicates unexpected chromatographic features.
Hence, msPCR accomplishes all its procedures consequently.

Experimental®**3

Plant materials and reagents

Erigeron breviscapus materials were collected from different
geographical origins or producing fields in Yunnan province,
P. R. China. Ginkgo biloba samples were purchased
from several pharmaceutical stores, vendors/companies and
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collected from various producing areas in the mainland,
P. R. China. All of these samples were identified by one of
authors (advanced pharmaceutist) from Guangzhou Institute
for Drug Control, P. R. China. Standard extract EGb761 was
kindly donated to one of authors from Guangzhou Institute
for Drug Control, P. R. China by the Beaufour-Ipsen
Company in France.

Analytical grade methanol and phosphoric acid were
purchased from chemical reagents factory of Guangzhou,
Guangdong, P. R. China. The other reagents used were also of
analytical grade. Ultrapure water (18.2 MQ) was obtained by
means of a Milli-Q apparatus from the Millipore Corporation
(France) and was used for mobile phase preparation. The
mobile phase was vacuum filtered through a filter of pore size
0.45 um.

Sample preparation

Extraction of raw materials of Erigeron breviscapus. For
analytical purposes, each plant sample was ground to fine
powder by a pulverizer. A 0.50 g amount of the fine powder
was extracted with 30 ml methanol in a water bath, under
reflux at 80 °C for 30 min, and with a second aliquot of 20 ml
methanol for 15 min. The two extracts were blended, filtered
and taken to dryness in a water bath. The residue was
dissolved into 5 ml of 60% methanol and was filtered through
a film of pore size 0.45 um. 10 pl filtrate was analyzed by
HPLC-DAD.

Extraction of extracts and products of Ginkgo biloba. Pre-
weighted extracts of Ginkgo biloba were dissolved with 5 ml
methanol. A 1 ml volume of this solution was filtered through
a Millipore filtration unit type HV 0.45 pm. 10 pl filtrate was
injected into the HPLC system.

Pre-weighted Ginkgo biloba products were extracted using
CQ250 ultrasonic cleaner with 20 ml methanol for 15 min, and
the extract was kept still for a moment at room temperature.
The solution was then filtered through a glass filter covered
with a filter paper. Next, the solution evaporated in vacuum to
about 1 ml, and was diluted into methanol in a 5 ml volumetric
flask. Then, a 1 ml volume of this solution was filtered through
a Millipore filtration unit type HV 0.45 pm. 10 pl filtrate was
injected into the HPLC system.

Chromatography system and procedure

Determination of extracts of Erigeron breviscapus. The
analysis of samples from Erigeron breviscapus was achieved
on an analytical HPLC unit (Hewlett-Packard series 1100,
Agilent Inc.), using a reversed-phase Alltima C,g (Alltech Inc.,
5 um particle size; 250 x 4.6 mm 1.D.) column. The mobile
phases were composed of A (CH3;OH)-B (0.1% H;POy)
(25 : 75, vlv) at the start, and then linearly changed to A-B
(75 : 25, v/v) at 50 min. The flow rate was 0.8 ml min~!. The
column temperature was kept at 25 °C. The detection was
accomplished with a diode-array detector and chromatograms

were recorded in the range of 200-400 nm at 1 nm step .

Determination of extracts and of products of Ginkgo biloba.
The analysis of samples from Ginkgo biloba was performed on

a high performance liquid chromatography (HP series 1100,
Agilent Inc.) equipped with a diode-array detector and an
intelligent quaternary pump. A Spherisorb ODS2 C;g column
(4.0 x 250 mm, 5 pm particle size, Agilent Inc.) was used
with the following mobile phase A; consisting of water—
acetonitrile-isopropanol-citric acid (1000 : 200 : 30 : 4.92 g),
and By (1000 : 470 : 50 : 6.08 g) after being filtered through a
film of pore size 0.45 pm. At flow rate of 1.0 ml min ', a
gradient elution program was set from 100% A; to 100% B,
over a period of 25 min. The column compartment was kept at
25 °C. The detection was carried out using a diode-array UV
detector in the range of 200-400 nm.

Data analysis

Data analysis was performed on a Pentium 1.7 G processor.
All involved programs were coded in MATLAB 5.3.

Results and discussion
Correction of chromatographic shifts

In chromatography it is commonly encountered that dis-
turbances, particularly chromatographic shifts introduced by
the measurement device, may trouble the data processing
and analysis. Therefore, the chromatographic shift of original
fingerprints should be corrected as necessary with local least
squares procedures in advance of performing msPCR. The
local least squares procedures have been well elaborated in
ref. 4 and 28 and are not expanded on here.

Autoscaling of chromatographic data

Autoscaling® ** is one of the data pretreatments. In a

chromatographic fingerprint set, it may be written in matrix
notation as,

Y=X-(1-I"m)X)W=(1—1-I1"/m)XW  (12)

where 1 is a one-vector, matrix X includes all the objects
with the length m after chromatographic shifts have been
corrected, i.e. both the corrected calibration fingerprints and
the corrected measurements are subjected to autoscaling, and
Y is the matrix holding autoscaled fingerprint data. W is a
diagonal matrix with the scaling parameter for the i column
fingerprint x; of matrix X on its /" diagonal element w;. I
denotes a unit matrix of size (m x m). Examining eqn (12),
autoscaling mainly consists of two parts: centering across the
column fingerprints, the left-half multiplication with projec-
tion (I — I - I"/m), and scaling within the column fingerprints,
the right-half multiplication with weighted matrix W. In our
study, the weight of the /" column fingerprint x; is chosen to be
the inverse of the standard deviation of it, say, w; = var(x;) ..

Centering across every column fingerprint of data sets
should be performed, as stated by Bro and Smilde,” if there is
an average constant part across this vector or if modeling such
an average can provide an approximately reasonable model
for the data. Simply speaking, centering is able to make a
difference to the fingerprint data by respectively removing
individual averages of all the column fingerprints of matrix X,
sensibly reducing the rank of the PCR model for calibration,
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and helpfully avoiding the numerical problem of rank estima-
tion of matrix X, significantly increasing fit to both the
calibration objects and the measurements. Generally, a proper
centering operation removes the averages from the column
data but does not change the structural model of the data.
Scaling within the column fingerprints with the inverse of
the standard deviation of the residual variance of each
corresponding fingerprint is used to adjust scale differences
of individual fingerprints. This performance makes the
variance of each chromatographic object be initially identical
in the model. Thus, how the measurement fingerprints
are subjected to the msPCR model can be described with
systematic fitting variation as much as possible, particularly in
the case that some fingerprint measurements have different
chromatographic responses (e.g. two fingerprint segments in
Fig. 1). The autoscaled fingerprints have the same shape as the
original fingerprints corrected for chromatographic shift.

Real Erigeron breviscapus data set of chromatographic profiles

The task of the calibration model is to examine three
components of the regression triplet in terms of data, model
and method.> For this consideration, we herein illustrate the
procedure of msPCR with respect to its performance ability by
first analysing a data set of thirty-three chromatographic
fingerprints from different herbal Erigeron breviscapus samples
measured through a liquid chromatographic column. Seen
from their appearances, most of these fingerprints seem
similar, but there exist chromatographic shifts and some
quantitative variations of the phytochemical compositions,
which make immediate comparison and evaluation of these
fingerprints difficult and also even unreasonable. Fig. 1 depicts
two amplified original chromatographic segments of regular
samples at the wavelength of 280 nm. Therefore, with a local
least squares procedure, such shift disturbance of every
original fingerprint has to be prior resolved for subsequent
modelling calibration and detection.

1400 B

1200 b
marker 2

1000 _Scutellarin

24 25 26 27 28 29 30 31
t/ min

Fig. 1 An amplified segment of two representative chromatographic
fingerprints of Erigeron breviscapus herbal samples measured at the
wavelength of 280 nm by HPLC-DAD.

According to eqn (12), all the chromatographic fingerprints
are autoscaled for msPCR. As for the calibration data, the
fingerprints for a model should be selected on the relevant
principle that they are able to feature as fundamental
chromatographic information about as many regular herbal
samples as possible. Since the investigated herbal samples
were derived and influenced from different collected seasons,
various geographical origins and culture locations and so on,
two chromatographic profiles from any different samples are
not necessarily consistent in composition with each other or
proportional at all despite the shift correction. On account of
this reason, seventeen regular fingerprints are selected with
SIMCA® into matrix X serving as calibration objects.
Consequently, the first five PCs (P.,) are determined to be
sufficient to model X.,;, i.e. ¥ = 5. The estimate of the relevant
PCs is thoroughly reviewed elsewhere.*® Here, it is not
elaborated. All the remaining PCs (P,..) of the calibration
data are utilized to achieve the noise X, and the decision
threshold (thre).

When the msPCR algorithm runs its procedure, the width of
the narrow chromatographic windows for systematic fitting
error compensation, as mentioned above, has to be deter-
mined, which is at least equal to or larger than the number of
PCs, say winsize > r. So as to secure appropriate compensa-
tion of systematic fitting errors and correctly detect and
evaluate the measurements of herbal samples, a good winsize
should not exceed r significantly. Practically, the changes of
winsize do not much influence the results, when its magnitude
approaches the number of PCs. In our two instances, the
window width is determined empirically, winsize = 8 for
Erigeron breviscapus, winsize = 6 for Ginkgo biloba.

Sixteen measurement fingerprints other than those calibra-
tion objects are detected via the msPCR algorithm, and their
residual profiles are evaluated whether they contain only noise
or unexpected chromatographic features. Table 1 lists the
results of detection and evaluation of these measurements. As
can be seen from Table 1, the residual deviations (std®) of
measured samples 1, 3, 4 and 8 are obviously larger than the
decision threshold (thre). On the contrary, the residual

Table 1 Results of msPCR and sPCR modeling of sixteen measure-
ment fingerprints from Erigeron breviscapus samples

msPCR sPCR
Series no. std® — thre std® — thre
1 0.2803 —0.0674
2 —0.0359 —0.3082
3 0.3861 0.0928
4 0.6830 0.3984
5 —0.1247 —0.3886
6 —0.1016 —0.3744
7 —0.1879 —0.4419
8 0.6244 0.3313
9 —0.1973 —0.4457
10 —0.1620 —0.4177
11 —0.2155 —0.4634
12 —0.1497 —0.4128
13 0.0660 —0.2445
14 —0.1306 —0.3852
15 —0.0301 —0.2948
16 —0.0216 —0.3042
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deviations (stdP) of measured samples 2, 5, 6,7, 9, 10, 11, 12,
14, 15 and 16 are less than the decision threshold (thre), and
the residual deviation (std®) of measured sample 13 is just
above the decision threshold. This suggests that measurements
1, 3, 4 and 8 feature unexpected chromatographic profiles,
while only measurement noise contributes to the residual
concentrations of measurements 2, 5, 6, 7,9, 10, 11, 12, 14, 15
and 16 after their projection onto the r PCs and compensation
for systematic fitting errors.

In order to clarify this outcome we have to take herbal
samples, particularly those containing unexpected chromato-
graphic features, into account since the chromatographic
profiles relate to individual samples. The fingerprints of
measured samples 4, 8§ and one regular sample in the
calibration are shown together in Fig. 2. By visual comparison,
their phytochemical ingredients are extremely different in spite
of being obtained under the same experimental extract and
chromatographic conditions. The botanical materials of
measured sample 4 took on three pieces of capitate inflores-
cence, unlike regular samples of Erigeron breviscapus with just
single inflorescence, while the material of measured sample 8
held two pieces of inflorescence. Therefore, measured samples
4 and 8 are excluded from herb Erigeron breviscapus. The
eluting sequences of phytochemicals in the fingerprints of
measured samples 1 and 3 were nearly consistent with that of
the regular sample (see Fig. 3), but many compositions are
very diverse, especially active component scutellarin (marker 2)
and characteristic component pyromeconic acid (marker 1).
Viewed from the characteristics of medicinal materials, the
leaves of samples 1 and 3 appeared filemot. It is possible that
different breed and harvest result in their inferior quality.

The methanol extracts of various parts of herbal materials
have also been analyzed by HPLC-DAD, and the results

regular sample

O N

measured sample 4

A A A o]

measured sample 8

0 10 20 30 40 50
t/ min

Fig. 2 The fingerprint chromatograms of measured samples 4
(middle), 8 (bottom) with one regular sample (top) from Erigeron
breviscapus at a wavelength of 280 nm.

marker 2
marker 1 regular sample
‘_
measured sample 1
measured sample 3
bl
0 10 20 0 20 .

t/ min

Fig. 3 The fingerprint chromatograms of measured samples 1
(middle), 3 (bottom) with one regular sample (top) from Erigeron
breviscapus at a wavelength of 280 nm.

suggest that different parts contain different phytochemicals at
low concentrations. For example, leaf, stem and flower with no
root together constitute samples 14, 15 and 16, which make
their chromatographic profiles in compositional distribution
a little different from the major regular fingerprints. The
measured sample 13 is composed of only leaf. Hence, it could
not be qualified into the samples of good quality. However, the
measured fingerprints 2, 5, 6, 7, 9, 10, 11 and 12 are generally
in accordance with the profiles of regular samples even though
there are insignificant concentration variations of some
compositions.

The qualitative evaluation of the measurements may be
observed using the first two PCs, say PCI1 and PC2, as shown
in Fig. 4. The fingerprints are moderately classified based on
their chromatographic features. The calibrations are denoted
with black circle ““«”’, and the measurements with open circle
“o”, Seventeen regular samples cluster together (black circles in
Fig. 4), accordingly defined as a regular class. Measured
samples 4 and 8 are clearly differentiated, farthest apart from
the regular samples, and samples 1 and 3 locate in the middle
of the score plot, kept from the regular class. While samples 2,
5,6,7,9,10, 11, 12, 14, 15 and 16 are scattered in or near the
regular class, as shown in Fig. 4. The projection point of
sample 13 is a little way from them. It proves that the msPCR
algorithm is capable of detecting unexpected chromatographic
features and evaluating herbal samples qualitatively when
enough regular samples are given to the calibration model and
these regular samples selected as calibration objects in a clear
class should specify a herbal plant species in terms of Erigeron
breviscapus without controversy.

Now we compare the results of msPCR and sPCR modeling
of sixteen measurement fingerprints from Erigeron breviscapus
samples, as listed in Table 1. One can observe that the (std” —
thre) values of these samples calculated from msPCR are
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Fig. 4 The PCA score plot for all the chromatographic fingerprints
from Erigeron breviscapus.

acceptable, though they are larger by almost 0.3 than the
corresponding ones from sPCR. This indicates msPCR is able
to improve reliably the detection of unexpected chromato-
graphic features in herbal fingerprints.

Regarding the calibration objects as measurements, we
tested msPCR with completely satisfactory results, which are
listed in Table 2.

Real Ginkgo biloba data set of chromatographic fingerprints

Flavonoids are some of the pharmacologically active and
chemically characteristic ingredients from Ginkgo biloba.
EGb761 consisting mainly of thirty-three flavonoids>>"** is
well defined as a standard extract for the quality control of
beneficial extracts from Ginkgo biloba, and recognized widely
in the world. Fig. 5 shows the chromatographic fingerprint of
EGDb761 measured at a wavelength of 360 nm. In this figure,
twenty-one peaks are marked with letters “a’”, “b’”, “c’”,

[P LI TINEL]

Of them, marker components “h'”, “q'”, “r

etc.
represent

Table 2 Results from performing msPCR on seventeen calibration
objects from Erigeron breviscapus samples

Series no. std® — thre
1 —0.1630
2 -0.1773
3 —0.1819
4 —0.1662
5 —0.1895
6 —0.1981
7 —0.1947
8 —0.1112
9 —0.1864
10 —0.2083
11 —0.1584
12 —0.1879
13 —0.2216
14 —0.1824
15 —0.1989
16 —0.1788
17 —0.1516
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EGb761
600 B
500 B

2 400 ’ E

10 15 20 25

t/ min
Fig. 5 Chromatographic fingerprint of all the flavonoids in standard
extract EGb761 from herbal Ginkgo biloba measured at a wavelength
of 360 nm by HPLC-DAD.

active or characteristic luteolin, 3-O-[2-O-[6-O-(p-hydroxy-
trans-cinnamoyl)-f-D-glucosyl]-o-L-rhamnosyl]quercetin, and
3-0-[2-O-[6-O-(p-hydroxy-trans-cinnamoyl)--D-glucosyl]-o-L-
rhamnosyl]kaempferol respectively. On the consistency princi-
ple, when the chromatographic fingerprints of all the beneficial
extracts from Ginkgo biloba are very similar to that of EGb761,
they are of good quality. However, in our application of
msPCR, the quality evaluation of the beneficial extracts is not
based on simple similarity of their chromatographic finger-
prints with that of EGb761 but on their residual concentra-
tions regressed by a clear class of regular samples that are
determined to be good, which is achieved still with SIMCA.
The calibration is based on fifteen fingerprints of regular
extracts from Ginkgo biloba, including that from standard
EGDb761, obtained at a wavelength of 360 nm. The first six PCs
are selected for the msPCR model. The measurements consist
of fourteen objects. By means of the threshold (thre) derived
from X, all the measurements are detected, and the results
are given in Table 3. Seen from it, the values of their residual
deviations (std®) minus the threshold are obvious: only
samples 1, 2, 4 and 9 are determined to be unexpected. The
residual profiles of these samples indicate different chromato-
graphic features and concentration distributions of some

Table 3 Results of msPCR modeling of fourteen measurement
fingerprints from Ginkgo biloba samples

Series no. std® — thre
1 0.1015
2 0.0770
3 —0.0485
4 0.1032
5 —0.2377
6 —0.0355
7 —0.0011
8 —-0.0727
9 0.1294
10 —0.0824
11 —0.0585
12 —0.1066
13 —0.2317
14 —0.2611
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Fig. 6 Residual concentrations of measured samples 1, 2 and 4 tested
via msPCR.

chemical ingredients. Fig. 6 and 7 display three residual
profiles and chromatographic fingerprints of samples 1, 2, 4,
respectively. It is very clear that the presence of phytochemical
luteolin in high relative content and the absence of marker
component b’ with low concentrations of the remainders result
chiefly in their irregular residual profiles, and hence, they are
determined to be unexpected. Thereby, it is doubtful whether
the vendors/companies added cheap chemical luteolin into
their products acting as commercial medicines. Sample 9
appears to have a similar compositional distribution to that of
EGDb761 except for some varying chromatographic features,
especially marker components a’, h', q’, r’, etc., which makes
sample 9 discriminate from regular samples. In all, it is due to
the concentration variations of some relevant ingredients of
the chromatographic fingerprints of samples that some herbal
extracts or products are successfully detected and discrimi-
nated from regular ones, and quality control is ultimately
implemented.

1000 luteolin
~

measured sample 1(solid)

500 - I measured sample 4 (dot) -

! l
| oo noa
P ¥ REERNRPANS ST Y — PO AN R N

measured sample 2
-500 |- 4

1000 - B

0 5 10 15 20 25
t/ min

Fig. 7 Chromatographic fingerprints of measured samples 1 (top
solid curve), 2 (bottom) and 4 (top dot curve) from herbal Ginkgo
biloba at a wavelength of 360 nm.

Table 4 Results from performing msPCR on fifteen calibration
objects from Ginkgo biloba samples

Series no. std® — thre
1 -0.2701
2 —0.2488
3 —0.2453
4 —0.2296
5 —0.2552
6 —0.2637
7 -0.2315
8 —0.2425
9 —0.2395
10 —0.2367
11 —0.2461
12 —0.2409
13 —0.2543
14 —0.2534
15 —0.2625

Fifteen calibration objects from Ginkgo biloba are also tested
with msPCR. Table 4 specifies their satisfactory results. All of
the chromatographic objects of fifteen calibrations and four-
teen measurements are used for PCA. Fig. 8 depicts the three-
dimensional (3D) score plot. These first three PCs (PC1, PC2,
PC3), which describe the most chromatographic feature
variations related to different extracts or products from
Ginkgo biloba, are used to make differentiation clearer. As
before, the calibrations are denoted with black circles “+”’, and
the measurements with open circles “°”. From Fig. 8, the
scores are classified clearly into two groups: one regular group
embodies fifteen calibrations and ten measured objects, and
the other unexpected group covering samples 1, 2, 4 and 9, a
little way from the regular samples.

Conclusions

This study has attempted to describe, detect and evaluate a
herbal medicine (extract or product) more with a definite class

Fig. 8 Three-dimensional score plot from twenty-nine Ginkgo biloba
chromatographic fingerprints.
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of many regular objects than a certain standard reference since
careful consideration should be given to intrinsic diversities of
phytochemicals of herbal medicine. It is possible and feasible
to use msPCR to detect unexpected samples and control the
quality of herbal medicines, qualitatively. In addition, when
it comes to the use of msPCR for detecting unexpected
chromatographic features and evaluating the fingerprint
quality, it is very critical to carefully select which fingerprints
are used for the calibration model. These calibration finger-
prints should contain as much regular chromatographic
information as possible that is able to feature the majority of
herbal samples. Moreover, the various sources and different
influences from growth conditions are also taken into account
for herbal samples.
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