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The gelling properties of pectins are related not only to the degree of esterification (DE), but also to the
distribution of the ester groups. In this study, we have examined an experimentally designed series of 31
pectins originating from the same mother pectin and de-esterified using combinations of two different
enzymatic mechanisms. The potential of using infrared (IR), Raman, and near infrared (NIR) spectrosco-
pies combined with chemometrics for reliable and rapid determination of the DE and distribution pat-
terns of methyl ester groups in a designed set of pectin powders was investigated. Quantitative
calibration models using partial least squares (PLS) regression were developed and compared. The cali-
bration models for prediction of DE obtained on extended inverse signal correction (EISC)-treated spectra
of all three spectroscopic methods yielded models with cross-validated prediction errors (RMSECV)
between 1.1%p and 1.6%p DE and correlation coefficients of 0.99. A calibration model predicting degree
of random de-esterification (R) and block de-esterification (B) was developed for each spectroscopic
method, yielding RMSECV values between 4.4 and 6.7 and correlation coefficients (r) between 0.79
and 0.92. Variable selection using interval PLS (iPLS) significantly improved the prediction of R for IR
spectroscopy, yielding RMSECV of 3.5 and correlation coefficients of 0.95. All three spectroscopic methods
were able to distinguish the spectral patterns of pectins with different enzyme treatments in simple clas-
sification models by principal component analysis (PCA). Extended canonical variate analysis revealed
one specific signal in the Raman (1045 cm�1) spectrum and one significant area (1250–1400 cm�1) in
the IR spectrum which are able to classify the pectin samples according to the four different enzyme
treatments. In both Raman and IR spectra, the signal intensity decreased in the sequence R-B > B > B-
R > R > re-methylated pectin.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Pectins are a family of complex polysaccharides present in all
plants, providing strength and flexibility to the plant cellwall.1

Commercially, pectins are extracted from citrus peel and apple
pomace and are utilized in the food industry because of their excel-
lent gelling, thickening, and stabilizing properties.2,3 Pectin mole-
cules consist primarily of homogalacturonan (HGA) and
ll rights reserved.

ogalacturonan; DE, degree of
hamnogalacturonan-I; Rhap,
B, block de-esterification; R,
red; FT, Fourier transformed;
rincipal component analysis;
cross-validation; PLS, partial
, extended canonical variates
r, correlation coefficient; %p,
rhamnogalacturonan I (RG-I) that are composed of unbranched
a-1,4-D-linked galacturonic acid (GalA) residues and a backbone
of repeating a-1,2-L-rhamnose(Rhap)-a-1,4-D-GalA disaccharide
units, respectively.4 Side chains consisting mainly of arabinan
and/or galactan are attached to the RG-I backbone at the C-4 posi-
tion of the Rhap residues. These RD-I parts are called ‘hairy re-
gions’.1,5 The GalA residues in the HGA and RG-I backbones may
be methyl esterified and/or O-acetylated.1

The degree and pattern of methyl esterification have important
commercial implications and have been the subject of many stud-
ies because of the effect on the rheological and gel-forming prop-
erties of pectins.6–9 Daas et al.10 introduced the term ‘degree of
blockiness’, expressed as the total amount of free GalA mono-,
di-, and tri-GalA residues released by endo-polygalacturonase en-
zyme relative to the total amount of free GalA residues present
in the pectin. The higher the ‘degree of blockiness’ of pectins with
similar DE, the more blockwise the distribution of the methyl es-
ters in the pectin. Previous investigations of the methyl ester distri-
bution of pectins include enzymatic degradation combined with
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mass spectrometry or high performance chromatography.9,11–18

These studies all concluded that alkaline de-esterification and fun-
gus-pectin methyl esterase (PME) resulted in random distribution,
and plant-PME resulted in blockwise distribution of methyl ester
groups. Elaborate studies made by Limberg et al.19 suggested that
de-esterification using plant-PME is a process which selectively
introduces block structure of adjacent free GalA units, whereas
fungus-PME and alkali treatment lead to two different forms of
homogeneous methyl esterification patterns. This finding led to
the hypothesis that random de-esterification is more ordered than
first assumed.15 The terms ‘random’ and ‘blocky’ methyl ester dis-
tributions are merely interpretations, and there is no precise defi-
nition of how many contiguous free GalA units constitute a block.
In addition, random distribution could be completely random or al-
most systematic (Fig. 1).

Because the distribution of the free ester groups is critical for
the detailed functionality of pectins, development of a fast and reli-
able method able to assess the ester distribution of native or semi-
refined pectins is desirable. Solution-state nuclear magnetic reso-
nance (NMR) spectroscopy has proven to be a highly effective tool
in compositional and structural analysis of pectins.20–22 Previously,
we have shown20 that 1H NMR is an effective method for the clas-
sification of pectins by enzyme treatment in a commercial set of
designed pectins, as NMR is highly sensitive to conformational
and spatial changes in the molecule. Moreover, we were able to
show that NMR in combination with chemometrics was able to
predict the degree of randomness. However, in order to be attrac-
tive to the manufacturing companies, the method has to be rapid
and simple, preferably be able to measure close to the production
facility (at-line) or directly in the production line (on-line or in-
line). The highly complex nature of solution-state 1H NMR makes
it unsuitable for at-, on-, or in-line monitoring of pectin, as the
equipment is very sensitive to vibrations and the magnet is dis-
turbed by magnetic materials such as iron in the production facil-
ity. Thus, development of a faster and simpler method for
characterization of the pectin composition is desired. Vibrational
spectroscopy is widely used for compositional analysis of polymers
that are used in the food industry, and in combination with multi-
variate data analysis (chemometrics) it is a powerful analytical
screening method that can reveal detailed information concerning
the composition and properties of material at a molecular level.23–

26 Vibrational spectroscopies, such as infrared (IR), Raman, and
near infrared (NIR), are generally rapid, non-destructive, simple
to operate, and require no sample preparation. Thus, these three
Free GalA unit Methyl ester
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Figure 1. Schematic example of pGalA chains. HGA with methyl groups of (a) short blo
random distribution of free GalA units (modified from Ref. 20).
techniques can be adapted to at-line analysis. Furthermore, Raman
and NIR spectroscopies can also be implemented directly in the
production line for in-line analysis using optical quartz fibers.

Fourier transform (FT)-IR, FT-Raman, and NIR spectroscopies
have proven efficient for the determination of the degree of ester-
ification as well as of degree of amidation of pectin powders27–29

using efficient multivariate regression methods such as partial
least squares (PLS) regression.30 Numerous publications have been
made on the IR analysis of pectin.26,28–35 IR and Raman spectrosco-
pies measure the fundamental molecule vibrations and thus reveal
many of the same properties. NIR measures over- and combination
tones predominantly of the fundamental vibrations that involve
hydrogen and are often more difficult to interpret. Most of the
NIR signals from pectins stem from OH stretching vibrations. While
the ester group is known to give rise to specific group frequencies
in vibrational spectroscopy, signals relating to their specific distri-
bution along the pectic polymer are bound to be more subtle. For
this reason, it is necessary to apply multivariate data analysis in or-
der to extract information about the specific distribution. The pur-
pose of this study was to develop spectroscopic calibration models
for IR, Raman, and NIR, and compare their ability to predict the
amount of methyl esters removed with a random or block esterase.
For this investigation, 31 pectin samples were produced by degra-
dation of the same pectin by two different PMEs: a block esterase
and a random esterase.

2. Materials and methods

2.1. The experimental design

High-methoxy pectin samples were designed by CP Kelco (Lille
Skensved, Denmark) from a native (mother) citrus pectin
(DE � 72.3%) which had been re-methylated to DE � 93.8%. The
re-methylated pectin was produced from a 5 �C suspension of
pectin in dry methanol, and thionyl chloride was added over a
period of five days. The product was separated by filtration,
washed with methanol, and dried. The re-methylated pectin was
then de-esterified with two different pectin modifying enzymes:
a random methyl esterase, Rheozym (now Novoshape�) (Novo-
zymes, Denmark), and a block methyl esterase derived from the
papaya fruit. The commercial Rheozyme is cloned from Aspergillus
aculeatus and is believed to have the same de-esterification pat-
tern as Aspergillus niger, which randomly removes the methyl
groups using a multi-chain mechanism.36 The de-esterification
Esterified GalA unit

ckwise distribution, (b) large blockwise distribution, and (c) block and systematic



Figure 2. Schematic model of the triaxial experimental design. Reading downwards (left): De-esterification with block enzyme from DE � 100 to DE 90, 80, 70, 60, and 50.
Reading downwards (right): De-esterification with random enzyme from DE � 100 to DE 90, 80, 70, 60, and 50. The horizontal lines indicate the total de-esterification.
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pattern of the papaya block esterase is suggested as a single chain
mechanism similar to the mechanism described for other ester-
ases from, for example, orange.37,38 Random de-esterification
was preformed at pH 4.8 and the blockwise de-esterification at
pH 5.5. The pectin samples were designed using a three-dimen-
sional experimental design, illustrated in the tri-axial diagram
(Fig. 2). One pectin series with blockwise methyl ester distribution
and one pectin series with random methyl ester distribution were
produced. This yielded two groups of five samples with varying
DE from about 90% in 10% steps down to 50% DE (Block: B90,
B80, B70, B60, and B50 and Random: R90, R80, R70, R60, and
R50). A third series was made from the block series, which were
subsequently de-esterified with the random enzyme. The fourth
series was made from the random series and was subsequently
de-esterified with the block enzyme. Thus, the total sample set
consisted of four groups with different enzyme treatments: one
pure random (R), one pure block (B), one random followed by
block (R-B), and one block followed by random (B-R) (Fig. 2).
One batch of each sample was produced in amounts of approxi-
Table 1
Reference de-esterification determinations with random and block enzymes of design pec

Target de-
esterification
code

1. De-
esterification
random enzyme

2. De-
esterification
block enzyme

R-enzyme
treated %p

B-enzyme
treated %p

T
e
c

R90 93.8?88.9 4.9 0 B
R90-B80 88.9?78.3 10.6 B
R90-B70 88.9?70.9 18 B
R90-B60 88.9?64.4 24.5 B
R90-B50 nda — — B
R80 93.8?80.0 13.8 0 B
R80-B70 80.0?72.2 7.8 B
R80-B60 80.0?66.2 13.8 B
R80-B50 80.0?56.2 23.8 B
R70 93.8?71.9 21.9 0 B
R70-B60 71.9?62.2 9.7 B
R70-B50 71.9?50.3 21.6 B
R60 93.8?64.9 28.9 0 B
R60-B50 64.9?51.7 13.2 B
R50 93.8?58.8 35 0 B
R50-B50 58.8?52 6.8 B

a nd: not determined.
mately 700 mg. The reference DE was determined by titration,
and the de-esterification with block and random enzymes was
thereby calculated. The designed pectins had a molecular weight
of about 10–15 kDa, determined by a triple detector size exclusion
chromatography module (Viscotek, Malvern Instruments, UK),
which corresponds to a degree of polymerization (DP) of approx-
imately 50 GalA units. A remarkable drop in molecular weight
(from 180 to 13 kDa) was observed as a result of the re-methyla-
tion. This suggests a sever degradation of the pectin molecule dur-
ing the re-methylation process.

The measured DEs are shown in Table 1, together with the
amount of ester groups removed with block and random enzymes,
respectively. As the mechanisms of the two enzymes are not fully
elucidated, the amount of ester groups removed with random or
block esterase was used as reference values in the calibration mod-
els. The DE is calculated in percent of the number of esterified GalA
units compared to the total number of GalA units (93.8% when
fully esterified) and is denoted as % point (%p), which is also the
unit for block and random de-esterification.
tins

arget de-
sterification
ode

1. De-
esterification
block enzyme

2. De-
esterification
random enzyme

B-enzyme
treated %p

R-enzyme
treated %p

90 93.8?89.4 4.4 0
90-R80 89.4?81.1 8.3
90-R70 89.4?73.8 15.6
90-R60 89.4?66.6 22.8
90-R50 89.4?57.5 31.9
80 93.8?79.7 13.9 0
80-R70 79.7?69.5 10.2
80-R60 79.7?59.4 20.3
80-R50 79.7?49.1 30.6
70 93.8?71.2 22.6 0
70-R60 71.2?60.2 11
70-R50 71.2?47.3 23.9
60 93.8?60.3 33.5 0
60-R50 60.3?50.8 9.5
50 93.8?57.0 36.8 0
50-R50 57.0?50.6 6.4
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2.2. FT-IR spectroscopy

IR spectra of pectin powders and pectin films (deposited from
1% w/w solution) were recorded using an Arid-Zone MB 100 FT-
IR (Bomem, Quebec, Canada) interferometer. Spectra were ac-
quired using an attenuated total reflectance (ATR) device equipped
with a triple-bounce diamond crystal (Durascope, SensIR Technol-
ogies, Danbury, CT). The powders were measured as single mea-
surements due to the small sample amounts using 256 scans and
a resolution of 4 cm�1. Selected duplicate measurements showed
a high degree of reproducibility. The pressure applied to squeeze
the powder toward the diamond was 6 N/cm2. The pectin films
were prepared in duplicate from 4 lL 1% (w/w) pectin-water solu-
tion and were dried directly at the crystal for 15 min. The films
were measured as duplicates using 256 scans and a resolution of
2 cm�1, and the average spectra were used in the calculations.
The spectra were ratioed against background scans collected as
single-beam spectrum of the clean ATR crystal to obtain the spec-
tra in absorbance units. All spectra were collected in the range of
4000–550 cm�1.

2.3. FT-Raman spectroscopy

Raman spectra were collected on a Perkin Elmer System NIR FT-
Raman interferometer (Perkin Elmer Instruments, Waltham, Mas-
sachusetts, USA) equipped with a Nd:YAG laser emitting at
1064 nm with a laser power of 200 mW. Data were collected using
an InGaAs detector and were stored as Raman shifts in the range
3600–200 cm�1. A 180� back-scattering arrangement was used
and no correction for the spectral response was applied. A total
of 256 scans were averaged for each sample and the resolution
was 4 cm�1. All measurements were carried out as duplicate and
the average spectra were used in the calculations.

2.4. FT-NIR spectroscopy

NIR spectra were collected using a FT-NIR Bomem NetworkIR
spectrometer in reflectance mode. The instrument was fitted with
2.1 lm InGaAs detectors using a custom-made fiber optical probe.
Spectra were acquired in the range 13,500–4500 cm�1 using a cus-
tom-made fiber optical reflectance probe with a sapphire window.
The number of scans was 32 and the interval between spectral data
points was 16 cm�1/s (0.77 cm�1). An open sample cup from which
the optic fiber probe emerged was used for the measurements. The
NIR reflectance spectra were converted to log(1/R) units prior to
data analysis by referencing to an external ceramic reference. All
measurements were carried out as duplicate and the average spec-
tra were used in the calculations.

2.5. Chemometric analysis and software

Multivariate data analysis in the form of principal component
analysis (PCA)39 and PLS30 was applied to obtain optimal quantita-
tive and qualitative information from the measured spectra. PCA is
the primary tool for investigation of large bilinear data structures
for the study of trends, groupings, and outliers. By means of PCA
it is possible to find the main variation in a multidimensional data
set by creating new linear combinations, principal components
(PCs), from the underlying latent structures in the raw data. PLS
is a multivariate calibration method by which two sets of data, X
(e.g., spectra) and y (e.g., DE), are related by means of regression.
The purpose of PLS is to establish a linear model of latent variables
(LVs), which enables the prediction of a reference value y (slow
measurement) from the measured spectrum X (fast measurement).
PLS regression models were developed for DE, B, and R. Subsequent
PLS models were made with interval PLS (iPLS).40 iPLS is an exten-
sion of PLS, which develops local PLS models on a number of sub-
intervals of the full spectrum region. Its main advantage is to
provide an overall picture of the relevant information in different
spectral subdivisions, thereby removing interferences from other
regions.40

It is especially important to limit the number of LVs when the
sample set is small, as in the present study, in order to avoid
over-fitting. Validation of the calibration models is therefore cru-
cial. All the calibration models were validated using cross-valida-
tion (CV)41 with four segments, leaving one segment out at a
time from which the root mean square error of cross-validation
(RMSECV) is calculated. The relative predicting error (RMSECV%rel)
is calculated as a percentage of the range. The PLS results are pre-
sented as number of LVs, correlation coefficients (r), and RMSECV.

As preliminary investigations led to the conclusion that the
optimal pre-processing method was extended inverted signal cor-
rection (EISC)42 for the three spectroscopic methods, it was decided
to use EISC prior to all calculations. This is also the conclusion in a
study using vibrational spectroscopy for the analysis of alginates
also belonging to the hydrocolloid family.23 In order to examine
the dependence on indirect correlations to DE, the effect of orthog-
onalization of the spectral matrix with respect to DE was tested.
Thus, the vector describing the variation due to DE was extracted
from the spectra prior to model development. PCA and extended
canonical variates (ECVA)43 models were applied for classification
of enzyme treatment. Canonical variates analysis (CVA)44,45 is a
method for estimation of directions in space that maximizes the
differences between the groups. However, CVA cannot deal with
highly collinear data such as spectroscopic data, where the number
of variables is larger than the number of samples. The ECVA meth-
od is based on the standard CVA, and by a transformation of an
eigenvector problem to a regression problem, it is possible to use
PLS to solve the inner part of CVA and thereby allow for the anal-
ysis of collinear data.43

The multivariate data analysis was performed using LatentiX
version 1.0 (Latent5, Copenhagen, Denmark, http://www.laten-
tix.com), whereas EISC pre-processing, iPLS regression, and ECVA
were performed in MatLab 7.6 (Mathworks, Natick, Massachusetts,
USA) using the EMSC/EISC Toolbox, iToolbox, and the ECVA Tool-
box version 2.02, respectively (all available at www.models.
life.ku.dk).
3. Results and discussion

3.1. Explorative analysis

The EISC pre-processed IR, Raman, and NIR spectra of the 31
pectin samples are shown in Figure 4a–c together with the corre-
sponding PCA score plots (d–f). The PCA score plots reveal that
the spectra contain information which can differentiate between
the four different enzyme treatments. This enzyme treatment dif-
ferentiation is observed in the first two PCs for the PCA model ob-
tained on the IR spectra (d), in PC1 versus PC3 for Raman spectra
(e), and to a lesser extent in PC2 versus PC3 for the PCA model ob-
tained on the NIR spectra (f).

In the PCA score plot of the IR spectra (d), PC1 divides the sam-
ples by their enzyme treatment, whereas PC2 explains the varia-
tion in the spectra due to DE. The block samples (B) are grouped
together with the samples de-esterified with random enzyme fol-
lowed by block enzyme (R-B). In the score plot from the PCA of
the Raman spectra (e), the PC1 direction again divides the pectins
according to the enzyme treatment, grouping the R and the B-R
into two very distinct groups and again with the B and the R-B
grouped together. The PCA score plot obtained on NIR spectra (f)
shows not as distinct groups as PCA models obtained on IR and Ra-
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man data. The DE is explained along PC2, but the complexity of the
methyl ester distributions is less reflected in the PC3 direction.
Similarly to the PCA of the IR and Raman spectra, the score plot ob-
tained on the NIR spectra shows that pure block (B) and B-R are
more alike and pure random (R) and R-B are more alike. The PCA
score plots of the IR and Raman spectra show that the samples
de-esterified with two enzymes are similar to the samples which
have been de-esterified with the second enzyme, that is, the B-R
samples lie near the R samples and the R-B samples are located
near the B samples (Fig. 4). This indicates that the nature of the
samples primarily reflects the last enzyme treatment. This is espe-
cially the case for the R-B samples. Thus, it is likely that the methyl
ester pattern made by the random enzyme simply is stripped off by
the block enzyme, as we also concluded in a previous study.20 As a
result, the R-B pectins lose the initially induced ‘randomness’.

3.2. Calibration models

Calibration models for prediction of the DE, B, and R from the IR,
Raman, and NIR spectra of the pectin powders and film were devel-
oped using PLS regression. The modeling of the IR and Raman spec-
tra was performed using the spectral ranges 1800–650 cm�1and
1800–250 cm�1, respectively. For the NIR calibrations, the spectral
range from 9000 to 4500 cm�1 (1111–2222 nm) was used. Further-
more, a new variable was introduced, (R/B+R), to obtain a reference
value for the ester distribution as the ratio between one enzyme
treatment and the total de-esterification by both enzymes.

The calibration results of the three methods are shown in Table
2. The calibration models for prediction of DE by all three spectro-
scopic methods yielded very good models with RMSECV between
1.1%p and 4.1%p DE (range � 47–94%p) and correlation coefficients
of 0.99 or above. The best PLS regression results were obtained
using Raman spectra with a model using 6 LVs, resulting in a cor-
relation coefficient of 1.0 and a prediction error (RMSECV) of 1.1%p
(Table 2). Calibration models predicting the distribution of free
GalA units, expressed as B and R, were developed for each spectro-
scopic method, yielding RMSECV values between 4.4%p and 8.5%p
R (or B) (range � 0–35%p) and correlation coefficients between
0.68 and 0.92. In the prediction of B and R, PLS models using the
spectra of the pectin films were slightly better than the corre-
sponding PLS models made on powder. Generally, random de-
esterification (R) was better predicted. This was also found in our
previous study, where solution-state 1H NMR spectra of the pectins
were used for the predictions.20 Calibration models obtained using
IR and Raman spectra required at least six components to yield
Table 2
Results of cross-validated prediction models of EISC-treated IR (1800–650 cm�1), Raman (

Method DE R B R/(B+R)

IR powder LV 4 5 5 8
RMSECVabs 1.4 6.5 8.0 0.19
RMSECV%rel 3.0 18.8 22.9 19
r 0.99 0.81 0.71 0.84

IR film LV 7 6 6 6
RMSECVabs 1.6 6.1 6.7 0.21
RMSECV%rel 3.4 17.4 19.1 21
r 0.99 0.84 0.81 0.79

Raman powder LV 6 6 6 8
RMSECVabs 1.1 5.9 6.6 0.13
RMSECV%rel 2.3 16.9 18.8 13
r 1.0 0.84 0.81 0.92

NIR powder LV 4 4 4 4
RMSECVabs 1.3 8.3 8.5 0.28
RMSECV%rel 2.8 23.7 24.2 28
r 0.99 0.68 0.68 0.61

The predicting error is displayed as the absolute error, RMSECV (abs), and the relative e
acceptable prediction errors of 6–7%p R. The NIR calibration mod-
els turned out to be the worst of the three methods with respect to
prediction of R, with a large prediction error of 8.5%p and a poor
correlation coefficient of 0.68. This apparent discrepancy under-
lines the difficulty in obtaining a useful blockiness descriptor that
both relates to functionality and can be predicted by spectroscopic
fingerprints. As an example, the variable R/(B+R) is generally better
predicted by the spectroscopic methods than B or R (Table 2).

3.3. Orthogonalization by DE

To test if the predictions of R are due to an indirect correlation
with DE, the spectroscopic data ensembles were orthogonalized
according to DE. Using the DE-orthogonalized spectra in the PLS
regression resulted in extremely poor DE predictions (Table 2).
The models predicting R and B were also seriously deteriorated
by the DE-orthogonalization, while the predictions of the ratio ref-
erence value (R/B+R) variable were significantly improved. This
proves that the information related to randomness and blockiness
is not significantly confounded with the DE information and that
the variations in the spectra are simplified by the removal of the
DE vector with regard to R/(B+R). This implies that there is vari-
ance, especially in the IR and Raman spectra, which correlates with
blockiness and randomness independent of the DE.

Orthogonalization of the spectra also affected the grouping by
enzyme treatment. Figure 4a and b shows PCA score plots of the
orthogonalized IR and Raman spectra, which revealed the same
or a slightly improved grouping of the samples compared to the
PCA score plot of the non-orthogonalized spectra (Fig. 3d and e.
However, the DE-orthogonalization of the NIR spectra had wors-
ened the grouping of the samples compared to the non-orthogo-
nalized NIR spectra (Fig. 3f).

3.4. Variable selection using iPLS

iPLS was applied to IR, Raman, and NIR spectra in order to pos-
sibly improve the prediction of B and R and to encircle the areas of
the spectra which hold information about the methyl ester pattern.
No intervals were found to significantly improve the prediction
performance of B of any of the methods. However, the prediction
of R was significantly improved when using the 970–870 cm�1

interval in the IR spectra. This interval yields a RMSECV value of
3.5%p R and a correlation coefficient of 0.95. Moreover, iPLS
showed that the 7400–7200 cm�1 interval in the NIR spectra was
significant with respect to the random ester distribution (R), yield-
1800-230 cm�1), and NIR (9000–4500 cm�1) spectra

Ortho DE R B R/(B+R)

IR powder LV 1 1 1 8
RMSECVabs 13.8 11.3 11.6 0.15
RMSECV%rel 29.3 32.3 33.1 15
r �0.50 0.10 0.13 0.91

IR film LV 1 4 4 6
RMSECVabs 13.0 8.0 8.4 0.17
RMSECV%rel 27.6 22.9 24.0 17
r �0.48 0.70 0.68 0.86

Raman powder LV 1 5 3 7
RMSECVabs 13.5 9.9 9.6 0.09
RMSECV%rel 28.7 28.3 27.4 9
r �0.54 0.54 0.52 0.95

NIR powder LV 1 3 2 3
RMSECVabs 12.6 10.0 10.9 0.25
RMSECV%rel 26.8 28.5 31.1 25
r �0.31 0.45 0.35 0.70

rror RMSECV (%rel).
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ing RMSECV of 6.2%p R and correlation coefficient of 0.84. Absor-
bance in this region of NIR is exclusively due to first overtones of
combination bands (C–H stretch and C–H deformations) originat-
ing from CH3 groups, which makes very good sense. In the case
of the Raman spectra, only the region which includes the strong
a-anomer-sensitive pyranosidic band at 850–780 cm�1 comes
close in performance to the global prediction of R.

The most influential spectral area of the IR spectrum (970–
870 cm�1) found by iPLS is dominated by (C–O–H) and (CH3) in-
plane bending.28,33 This signal has good potential to be affected
by the randomness, since these vibrations are correlated to DE.
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The predicted plot versus measured plot in Figure 5d–f show
how well the best iPLS models perform. These local iPLS models
contain less interference, and are thus more simple and easier to
interpret. The distributions of the samples along the regression line
as well as the sample distance to the regression line are very
important and the three models display good linearity. An example
is the sample in the NIR predicted plot versus measured plot in the
lowest corner to the left, which has the value zero (measured) but
is predicted to minus twenty. This is presumably because the R-
values are constructed target values rather than real quantitative
values.
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3.5. IR assignment

In IR, it is possible to measure dried pectin solution (deposited
from 1% w/w solution) on the ATR crystal which develops into a
pectin film, which is why both pure powder and the pectin film
were measured. The differences between the two techniques are
illustrated in Figure 6, where the average pectin film and the
average pectin powder are plotted. The interval found by iPLS
(970–870 cm�1) is dominated by (C–O–H) and (CH3) in-plane
bending.28,33 The assignment of the IR spectrum is illustrated in
Figure 6.
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3.6. Raman

As there were no intervals in the iPLS of the Raman spectra
which were able to improve the predictions of R, extended canon-
ical variates analysis (ECVA)43 was used to investigate wether the
Raman spectra contained other distinct information related to
the enzyme treatments.

Figure 7a shows the canonical variates and reveals a promising
discrimination between the samples with respect to the enzyme
treatment. According to this model, only one sample, B90-R50, is
misclassified. Apparently, this sample resembles the blockiness
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group more than the random block de-esterification. The fact that
sample B90-R50 has almost been de-esterified 25%p by block en-
zyme and only 5%p by random enzyme (Table 1) explains the mis-
classification of this sample as having a more blockwise
distribution than random ester distribution.

The right plot in Figure 7b shows the canonical weight vector
for the EVCA model of the Raman spectra based on five PLS compo-
nents in the inner relation for the ECVA method. This weight shows
high value in the spectral range 1050–1040 cm�1, indicating that
this peak is important for the separation of the enzyme treatment
groups. A similar ECVA model calculated on the basis of the IR
spectra (powder and film) resulted in the same misclassification
of sample B90-R50. However, the canonical weight vectors for
the IR ensemble were not as obvious to interpret as the first weight
vector in the Raman spectra, as several areas show high weight val-
ues. One of these areas in IR from 1420 to 1250 cm�1 is illustrated
in Figure 8b and c together with the specific area (1050–
1040 cm�1) of the Raman spectra (Fig. 8a).

The spectra in Figure 8 are colored according to the different en-
zyme treatments. In both Raman and IR spectra, the signal inten-
sity decreases in the sequence R-B > B > B-R > R > re-methylated
pectin (the starting point for all the pectins before enzyme treat-
ment). The most intense signals stem from the random-block en-
zyme treatment, which implies that contiguous smaller blocks of
galacturonic acid units give rise to this specific signal. We assume
that the signal at 1045 cm�1 in the Raman spectrum is due to
changes in the galacturonic acid backbone structure when the sub-
stitution of the galacturonic acid chain with ester groups is
changed.

The IR film spectra confirm the intensity relations: R-B > B > B-
R > R > re-methylated pectin, and establish that the B samples
resemble the R-B samples. The latter indicate that block enzymes
remove the ‘randomness’, as the samples with the highest intensity
are B60 and R50-B50 and the samples with the lowest intensity are
sample R90 in the IR film spectrum. However, the interpretations
of signals in the IR spectrum are more difficult to assign.

4. Conclusion

This investigation has shown that it is possible to develop a ra-
pid, non-destructive, and robust quantitative method for measur-
ing the degree of esterification and characterize the distribution
of methyl ester and carboxyl groups of enzyme-treated pectin
using vibrational spectroscopies (IR, Raman, and NIR) and chemo-
metrics. The degree of esterification, DE, can be predicted very pre-
cisely from calibration models obtained on spectra of all three



H. Winning et al. / Carbohydrate Research 344 (2009) 1833–1841 1841
spectral sources. When it comes to information about the distribu-
tion of the ester groups, the random ester distribution (expressed
as the amount of esters removed with random enzyme) was gener-
ally better predicted than blockwise ester distribution. The best full
spectrum predicting model with respect to R was obtained on the
IR pectin film. IR on pectin film compared to that on pectin pow-
ders generally yielded better prediction models with lower predic-
tion errors.

The experimental design, which consisted of pectin with block
de-esterification, random de-esterification, block-random de-
esterification, and random-block de-esterification, could be re-
flected in PCA score plots of all three methods. Using the variable
selection method iPLS on the spectra of IR and NIR, regions were
found where the prediction models R could be significantly im-
proved. By employing the classification method ECVA, one specific
signal was found in the Raman (1045 cm�1) spectrum and one sig-
nificant area (1250–1400 cm�1) in the IR spectrum which are able
to classify the pectin samples according to the four different en-
zyme treatments. In both Raman and IR spectra, the signal inten-
sity decreases in the sequence R-B > B > B-R > R > re-methylated
pectin.
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