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A biological medicine (or biologicals) is a term for a medicinal compound that is derived
from a living organism. By their very nature, they are complex and often heterogeneous
in structure, composition and biological activity. Some of the oldest pharmaceutical
products are biologicals, for example insulin and heparin. The former is now produced
recombinantly, with technology being at a point where this can be considered a deﬁned
chemical entity. This is not the case for the latter, however. Heparin is a heterogeneous
polysaccharide that is extracted from the intestinal mucosa of animals, primarily
porcine, although there is also a signiﬁcant market for non-porcine heparin due to
social and economical reasons. In 2008 heparin was adulterated with another sulfated
polysaccharide. Unfortunately this event was disastrous and resulted in a global public
health emergency. This was the impetuous to apply modern analytical techniques,
principally NMR spectroscopy, and multivariate analyses to monitor heparin. Initially,
traditional unsupervised multivariate analysis (principal component analysis (PCA)) was
applied to the problem. This was able to distinguish animal heparins from each other,
and could also separate adulterated heparin from what was considered bona ﬁde
heparin. Taught multivariate analysis functions by training the analysis to look for
speciﬁc patterns within the dataset of interest. If this approach was to be applied to
heparin, or any other biological medicine, it would have to be taught to ﬁnd every
possible alien signal. The opposite approach would be more eﬃcient; deﬁning the
complex heterogeneous material by a library of bona ﬁde spectra and then ﬁltering test
samples with these spectra to reveal alien features that are not consistent with the
reference library. This is the basis of an approach termed spectral ﬁltering, which has
been applied to 1D and 2D-NMR spectra, and has been very successful in extracting the
spectral features of adulterants in heparin, as well as being able to diﬀerentiate
supposedly biosimilar products. In essence, the ﬁltered spectrum is determined by
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subtracting the covariance matrix of the library spectra from the covariance matrix of the
library spectra plus the test spectrum. These approaches are universal and could be
applied to biological medicines such as vaccine polysaccharides and monoclonal
antibodies.

Introduction
Biological medicines (or biologicals) are drugs that are derived from natural
sources. They are, by denition, heterogeneous, which can be seen in both their
composition and activity. Examples of biological medicines are vaccines, monoclonal antibodies and the family of heparin-based anticoagulants, the latter being
amongst the most intrinsically diverse pharmaceutical products on the market.
Many physico-chemical techniques are used to characterise biological
medicines. These include HPLC techniques, mass spectrometry and nuclear
magnetic resonance (NMR) spectroscopy. Each of these techniques have their
own strengths, with NMR spectroscopy being, in the authors opinion, one of the
most adaptable. The technique can be used to ngerprint, determine the
structure (chemical and physical) and quantify the amount of material present.
An event in 2008, the contamination of heparin with oversulfated chondroitin
sulfate,1 further exemplied the usefulness of NMR spectroscopy, with the
technique being used to determine the contaminant.2 Since then, the interest in
using NMR spectroscopy to characterise biological medicines has increased
even more. The technique is readily applied to the heparin active pharmaceutical product and there is currently great interest in applying NMR spectroscopy
to peptide/protein based products, for example, to the qNMR analysis of small
peptides,3 protamine sulfate4 (reversal of heparin administration), copaxone5
(glatiramer acetate, an immunomodulator used to treat multiple sclerosis) and
monoclonal antibodies (immunotherapies for cancer and autoimmune
diseases). These complex molecules are primarily ngerprinted using 1D and
2D-NMR spectroscopy.
The limitation of the manual spectral analysis of these biological medicines is
the ability of the analyst to diﬀerentiate samples of interest when comparing
complex 1D or 2D spectra, and the problem is further compounded when dealing
with large datasets, where many samples are compared.
The solution to this is to use multivariate analysis, where complex datasets can
be decomposed into a number of key trends that can be used to reconstruct the
dataset, as well as where predictions about the sample(s) being analysed are
made. These analyses fall into two camps, the rst being untaught analysis, where
the dataset is blindly analysed and the method diﬀerentiates the observations by
correlations calculated between the variables. Examples of this type of analysis are
principal component analysis or factor analysis. This type of analysis is very
informative if the aim is to nd the features within the dataset that discriminate
the observations. The second type of analysis is taught or supervised analyses, and
these are used where various parameters are known about an already existing
dataset. This pre-existing dataset can then be used as a reference to compare a test
sample against, allowing the parameter of interest to be determined. Analyses
that fall into this category include partial least squares-discriminant analysis and
orthogonal partial least squares analysis.
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As previously mentioned, heparin is a biological medicine,6,7 principally being
derived from the intestines of pigs, but it is also extracted from cows. Heparin has
been long established as an anticoagulant drug, which prevents or slows blood
clotting, and it is very important for patients undergoing surgery, dialysis and
during recovery from surgical procedures. It functions by interacting with
a number of proteins of the blood clotting cascade, notably, but not limited to,
antithrombin and thrombin.8 It is composed of a linear, highly sulfated polysaccharide chain of varying lengths, from 2 to 40 kDa. The carbohydrate is formed
of repeating disaccharide units of 1,4 linked a-L-iduronic or b-D-glucuronic acid,
and a-D-glucosamine. The predominant substitution pattern comprises 2-O-sulfation of the iduronate residues and N- and 6-O-sulfation of the glucosamine
residues. The a-D-glucosamine residue can also be O-sulfated at position 3, and
this is important for the molecule’s antithrombotic properties.7 Currently there is
no alternative for these applications. It has also been proposed that sheep or
camelids could be useful sources of heparin, as well as possibly non-mammalian
animals.9 Its diversity arises from manifold sources; the biosynthesis of heparin is
complex involving many enzymes, the extraction method is initially mechanical
in nature resulting in material of varying quality, and furthermore, once the
mucosa has been extracted many steps of chemical purication, resin capture,
precipitation and fractionation take place to produce a pure product, which is
then bleached. This process produces a colourless and odourless material that is
free from endotoxins, bacteria, mould, viruses and prions.9,10 The bleaching step
can also chemically modify the underlying polysaccharide structure. This diversity means that heparin is a challenging material to analyse, and it was this
property that provided the opportunity for heparin to be adulterated with oversulfated chondroitin sulfate.
NMR spectroscopy was used to identify the adulterant used to contaminate
heparin,2 and it was quickly realised by the research groups working on the
problem that manually analysing the data would be ineﬃcient. Principal
component analysis (PCA) has been readily used to analyse heparin and model
adulterated heparin samples.11,12 Furthermore, taught analyses have been used to
predict the amounts of known heparin contaminants (chondroitin sulfate and
dermatan sulfate) present in test samples.13–16 The techniques can also be applied
to the more complex crude heparin, that is composed of heparin as well as other
glycosaminoglycans.17 Novel techniques were also applied, such as spectral
ltering, to search for unknown contaminants in heparin.18–21 The aims of all of
these analyses have all been directed to the quality control of heparin, with the
goal of detecting heparin samples that contain contaminants, such as chondroitin sulfate/dermatan sulfate, or adulterants, such as oversulfated chondroitin
sulfate.
This is not the case for the analysis described within this manuscript. Here,
a combination of 2D-NMR spectroscopy and PCA will be used to diﬀerentiate
heparin from diﬀerent animal sources. Even though the biosynthesis of heparin
in the diﬀerent animal sources uses the same biosynthetic pathway, the materials
have diﬀerent chemical structures. Normally, the structural diﬀerences would be
elucidated by enzymic digestion followed by either HPLC or HPLC-MS. The
benet of using a combination of NMR spectroscopy and multivariate analysis is
that the sample pre-treatment is minimal; 2 steps of D2O exchange and lyophilisation and then nal resuspension of the material in D2O or a deuterated buﬀer
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containing a chemical shi reference. The experiment used here is a standard
HSQC experiment found in the Bruker library.
Historically, the researchers involved in the analysis of heparin were early
adopters of NMR spectroscopy, with 1H and 13C spectra successfully being used to
characterise the material. One dimensional-NMR measurements of complex
materials suﬀer from many overlapping signals and this problem can be
ameliorated by using 2D-NMR experiments. Heteronuclear Single Quantum
Coherence (13C–1H HSQC) spectra are two-dimensional containing correlations
between 13C atoms and the proton bound to them.
This dispersion in a second dimension means that the problem of overlapping
signals is greatly diminished for heparin samples, although the problem is not
eradicated entirely due to the heterogeneity of heparin.
The analysis contained within shows that the combination of 13C–1H HSQC
NMR spectra and multivariate analysis (PCA) is able to diﬀerentiate heparin from
diﬀerent animal sources (porcine intestinal mucosa, bovine intestinal mucosa,
ovine intestinal mucosa and bovine lung). Furthermore, if the relationships
found within the data are examined, the spectral and therefore the chemical
diﬀerences of the material can be revealed, thereby providing 2D-spectral
ngerprints for the diﬀerent heparins.

Methods
Materials
Heparin from porcine intestinal mucosa (PMH, 67 samples), bovine intestinal
mucosa (BMH, 20 samples), ovine intestinal mucosa (OMH, 13 samples) and
bovine lung (BLH, 6 samples) were sourced from diﬀerent manufacturers. The
PMH heparin represents samples from a number of diﬀerent manufacturers, that
have been sourced over many years. The material was lyophilised twice into D2O.
Aer the nal freeze-drying step, the material was resuspended in 600 mL of
20 mM phosphate buﬀer, which also contained 3-(trimethylsilyl)propionic2,2,3,3-d4 acid (TSP) as a chemical shi reference.
NMR spectroscopy
The HSQC (13C–1H) spectra were measured on a Bruker AVANCE III 600 MHz
spectrometer (Karlsruhe, Germany), equipped with a TCI 5 mm cryoprobe, using
the Bruker hsqcetgpsisp2.2 (Phase-sensitive ge-2D HSQC using PEP and adiabatic
pulses for inversion and refocusing with gradients in back-inept) pulse sequence.
The experiments were recorded at 298 K using the following acquisition parameters: number of scans 12, number of dummy scans 16, relaxation delay 2.5 s,
spectral width 8 ppm (F2) and 80 ppm (F1), transmitter oﬀset 4.7 ppm (F2) and
80 ppm (F1), and 1JCH ¼ 150 Hz.
Multivariate analysis
The spectra were processed so that F2 was comprised of 8 k points and 2 k in the
F1 dimension. Importantly, before converting the proprietary HSQC NMR spectra
into numerical matrices, the oﬀsets for every spectrum were set as the same
values (F1 and F2). These values were for the rst spectrum in the dataset, which
had been calibrated correctly (TSP set to 1H and 13C equal to 0 ppm). The spectra
306 | Faraday Discuss., 2019, 218, 303–316 This journal is © The Royal Society of Chemistry 2019
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were processed using Topspin soware version 4.0.4 (Bruker BioSpin, Rheinstetten, Germany). Principal component analysis (PCA) of the HSQC NMR spectra
was carried out using R (R: A Language and Environment for Statistical
Computing22), and the 2D spectra were imported into R using the rNMR
package.23 This involves reading the acquisition (parseAcqus) and processing
(parseProcs) parameters, and the spectra are then converted into the sparky
format (bruker2D), and then they are nally imported (ucsf2D) into R as a matrix.
Before the spectra are analysed, they are aligned, normalised for area, and mean
centred.24 PCA is then performed using the prcomp function. All the spectra were
assigned the same oﬀset values. Once the spectra were imported into R they were
peak picked and then aligned to the signal due to I1(2OH)-A(6S), which can be
found between 5.05–4.97 ppm 1H and 105.5–104.5 ppm 13C. This signal was
chosen as it is insensitive to its environment, so it is not readily perturbed. The
script to perform this task was written in-house. Due to the large size of the
dataset involved in the analyses, cross-validation was very time consuming. To
this end, a method was used that is an approximation of the leave-one-out crossvalidation methods – the general cross-validation.25 This method is found in the R
package FactoMineR,26 implemented by the function estim_ncp.

Results and discussion
The aim of many multivariate analysis techniques is to reduce complex datasets to
a number of key trends found within the dataset, that explain the variation within
those data. This is the aim of techniques such as principal component analysis,
single value decomposition, and factor analysis, to highlight three.
Here, PCA27 is used to explore the 13C–1H HSQC NMR spectra of heparins from
diﬀerent animal sources. Using 13C–1H HSQC NMR spectra to analyse heparin has
one major advantage over 1H NMR spectra. That is signal dispersion, which
enables features to be assigned. Furthermore, the 13C–1H HSQC NMR experiment
allows information to be gathered regarding the environment surrounding the
13
C nuclei present in heparin in less time than a standard 1D-13C NMR
experiment.
To avoid artefacts arising in the PCA, a number of steps have to be taken.
Firstly, care has to be taken preparing the samples; samples were lyophilised into
D2O to reduce the signal from water, furthermore the samples were reconstituted
in a deuterated phosphate buﬀer, reducing any problems arising from the variations in pH. Secondly, the authors have noted that when preparing the data for
analysis, the spectral oﬀset (the furthest limits of the spectra in the F1 and F2
dimension) should be kept constant for the whole dataset. This may change if O1
(the centre of the direct dimension) is allowed to be determined for every
experiment and even if the HSQC spectra are calibrated, they may still require
internal alignment to avoid artefacts from ghost spectral shis. The pre-treatment
of the dataset that contained all of the HSQC spectra was simple. It was found that
normalising the spectra for area and then mean-centring provided the best
performance. Previously, the authors have found that when performing multivariate analysis of the 1D-NMR spectra of heparin, the additional normalisation
of the data for area and mean centring, as well as Pareto scaling gave the best
performance.11
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PCA of PMH HSQC NMR spectra
Principal component analysis was performed on a dataset containing the 13C–1H
HSQC spectra of 67 PMH samples. The analysis decomposed the dataset into 5
components, which explained 60.00% of the variance of the data; component 1
(36.52%), component 2 (8.23%), component 3 (6.22%), component 4 (5.04%) and
component 5 (4.00%). Component 1 diﬀerentiated samples by the level of sulfation, epimerisation of the uronic acid and the linkage region (Fig. 1A). The
linkage region is a tetrasaccharide at the non-reducing end of the carbohydrate
that links the polysaccharide to a protein core; the sequence of this tetrasaccharide is GlcA-Gal-Gal-Xyl-serine.28 The features in red are due to the highly
sulfated parts of the polysaccharide, and predominantly show signals from the
major trisulfated disaccharide IdoA(2S)–GlcNS(6S). The blue features are due to
regions in the heparin chain that contain low sulfation and the linkage region
that links the polysaccharide to its protein core. Component 2 (Fig. 1B) is a little
subtler. Samples are diﬀerentiated in this component by the varying levels of
sulfation contained, not the stark diﬀerences found in component 1 (Fig. 1A).
Interestingly, in both components 1 and 2 (Fig. 1A and B, respectively), signals are
seen for the rare disaccharide IdoA(2OH)–GlcA(NH2), as well as signals due to
chemical modications arising in the chain from the manufacturing process,
including epoxidation, in component 2. Component 3 (Fig. 1C) shows features
specically due to the linkage region, indicating that the rare GlcA(NH2) residue is
correlated with the linkage region, and that this region of the chains adjacent to
the linkage tetrasaccharide contains diﬀerent levels of sulfation. Again, components 4 and 5 (Fig. 1D and E, respectively) diﬀerentiate the heparin samples by
subtle features in the chain that contain varying levels of sulfation, uronic acid
epimerisation and linkage region content. As with component 2, component 4
contains signals arising from chemical modications in the chain, arising from
the manufacturing process, and this time they are from the galacturonic acid
residue.
PCA of PMH HSQC NMR spectra compared or HSQC NMR spectra of BMH, BLH
and OMH
Principal component analysis was then performed on the PMH HSQC NMR
spectra dataset, comparing it to the spectra of BMH, BLH and OMH. Unsurprisingly, the analysis was able to diﬀerentiate the other types of heparin from PMH.
The individual datasets for BMH, BLH and OMH were not analysed separately as
they did not contain suﬃcient spectra to draw meaningful conclusions. This is
a common error made by analysts when PCA is performed.
The comparison of 20 BMH HSQC NMR spectra with the 67 PMH HSQC NMR
spectra by PCA found two signicant components, one major and one minor
(component 1 62.30% and component 2 12.08%, Fig. 2A). The BMH samples are
clearly diﬀerentiated from the PMH samples in component 1 (Fig. 2B and C).
Bovine intestinal mucosal heparin has varying levels of O-sulfation at position 6
and this can clearly be seen in component 1 (Fig. 2C, blue features), as well as
signals arising from GlcA-Glc(NAc), GlcA-Glc(NS) and GlcA(2S).
While the PMH samples analysed have higher levels of the standard disaccharide IdoA(2S)–GlcNS(6S), as well as containing more of the linkage region
(GlcA-Gal-Gal-Xyl-serine), signals also arose from the trisulfate glucosamine
308 | Faraday Discuss., 2019, 218, 303–316 This journal is © The Royal Society of Chemistry 2019
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Fig. 1 Principal component analysis of 67 PMH 13C–1H HSQC spectra. Prior analysis was
performed: the spectra were aligned, normalised for area and mean centred. The analysis
decomposed the dataset into 5 major components, and the ﬁgure shows the score plots
of these 5 components, panels (A) to (E), respectively. The 5 components chosen here
explain 60.00% of the variance contained within the dataset. The percentages of variance
explained by each component are as follows: 36.52%, 8.23%, 6.22%, 5.40% and 4.00% of
the variance, respectively. The scree and score plots can be found in the ESI.† I stands for
iduronate, A for glucosamine, and nr indicates that the residue is at the nonreducing end of
the molecule. The sub- and superscripts denote the position of sulfation (S) or acetylation
(Ac), respectively. AN and IN refer to position N (either C atom or H atom depending on the
context) of the glucosamine or iduronate residue, respectively. For example, I2SA6S
NS corresponds to the disaccharide 2-O sulfated iduronic acid linked to 6-O-sulfated Nsulfated glucosamine. A2* signiﬁes position 2 of glucosamine, which is N-sulfated and Osulfated at positions 6 and 3. IN-epoxide indicates that the iduronate has undergone
epoxidation and galac indicates a galacturonic acid residue. Cross-validation of the
dataset found that 11 components would explain the variance present in the PMH dataset
(see Methods section).
This journal is © The Royal Society of Chemistry 2019 Faraday Discuss., 2019, 218, 303–316 | 309
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Fig. 2 PMH 13C–1H HSQC spectra compared to BMH 13C–1H HSQC spectra. Principal
component analysis of a dataset composed of 67 PMH and 20 BMH 13C–1H HSQC spectra.
Prior to analysis, the spectra were aligned, normalised for area and mean centred. The
analysis decomposed the dataset into 2 major components explaining 74.38% of the total
variance. (A) Scree plot and (B) loading plot (BMH samples are light blue, while the PMH
samples are black). The ﬁgure shows the score plots of components 1 (62.30%) (C) and 2
(12.08%) (D). Porcine intestinal mucosal heparin is diﬀerentiated from BMH by component
1 (B and C). The blue features observed in component 1 (C) are more prevalent in the BMH
spectra and the red features are more prevalent in the PMH spectra. Cross-validation of
the dataset found that 14 components would explain the variance present in the PMH–
BMH dataset (see Methods section).

(Glc(3S,6S,NS)) which is important for the antithrombotic activity of the molecules and disulfate iduronic acid linked to 6-O-sulfated glucosamine (IdoA(2OH)–
Glc(6S)). Component 2 diﬀerentiated samples based on their overall sulfation
level (Fig. 2D), separating both PMH and BMH.
Another source of pharmaceutical heparin that is being considered is sheep.
Many regions of the world consume large amounts of lamb or mutton, and
therefore a signicant amount of ovine mucosa is available. As with the BMH
material, OMH is distinct from PMH and PCA of the HSQC NMR spectra can
diﬀerentiate PMH from OMH. Two signicant components are found by PCA,
310 | Faraday Discuss., 2019, 218, 303–316 This journal is © The Royal Society of Chemistry 2019
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similarly with 1 major and 1 minor component (component 1 52.4% and
component 2 9.14%, these two components explain 61.54% of the variance found
in the dataset, Fig. 3A). The OMH and PMH samples are diﬀerentiated by
component 1 (Fig. 3C). The blue features observed in the score plot for component 1 are those that are more prevalent in OMH. The OMH samples have
a diﬀerent amount of the standard IdoA(2S)–GlcA(NS,6S) disaccharide to that
seen in PMH. Interestingly, signals due to the trisulfated glucosamine
(Glc(3S,6S,NS)) indicate that the antithrombin binding site found in OMH is
distinct to that found in PMH. These are signals for positions 1 and 2 of

PMH 13C–1H HSQC spectra compared to OMH 13C–1H HSQC spectra. Principal
component analysis of a dataset composed of 67 PMH and 13 OMH 13C–1H HSQC spectra.
Before the analysis was performed, the spectra were aligned, normalised for area and
mean centred. The analysis decomposed the dataset into 2 major components explaining
61.54% of the total variance. (A) Scree plot and (B) loading plot (OMH samples are green,
while the PMH samples are black). The ﬁgure shows the score plots of components 1
(52.40%) (C) and 2 (9.14%) (D). Porcine intestinal mucosal heparin is diﬀerentiated from
OMH by component 1 (B and C). The blue features observed in component 1 (C) are more
prevalent in the OMH spectra and the red features are more prevalent in the PMH spectra.
Cross-validation of the dataset found that 14 components would explain the variance
present in the PMH–OMH dataset (see Methods section).
Fig. 3
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Glc(3S,6S,NS), as well as position 3 of Glc(3S,6S,NS) located at the non-reducing
end of the polysaccharide. As can be seen from the loading plot, the samples
from OMH and PMH are not completely orthogonal, so the major variation that
diﬀerentiates OMH from PMH also arises within the PMH samples. The red
features in component 1 (Fig. 3C) are those found more prevalently in the PMH
samples and contain signals due to the less sulfate residues, GlcA containing
disaccharides and the linkage region. These observations suggest that the OMH
samples analysed here have a more homogeneous sequence than the PMH
samples. Component 2 disperses the PMH samples (Fig. 3D), with the PMH

C–1H HSQC spectra compared to BLH 13C–1H HSQC spectra. Principal
component analysis of a dataset composed of 67 PMH and 6 BLH 13C–1H HSQC spectra.
Before the analysis was performed, the spectra were aligned, normalised for area and
mean centred. The analysis decomposed the dataset into 2 components (1 major and 1
nominal minor component), explaining 75.3% of the total variance. (A) Scree plot and (B)
loading plot (BLH samples are red, while the PMH samples are black). The ﬁgure shows the
score plots of components 1 (68.87%) (C) and 2 (6.43%) (D). Porcine intestinal mucosal
heparin is diﬀerentiated from BLH by component 1 (B and C). The blue features observed
in component 1 (C) are more prevalent in the BLH spectra and the red features are more
prevalent in the PMH spectra. Cross-validation of the dataset found that 14 components
would explain the variance present in the PMH–BLH dataset (see Methods section).
Fig. 4 PMH

13
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samples containing varying amounts of the component. As can be seen from the
loading plot for the analysis (Fig. 3B), the OMH samples only contain the positive
features of component 2, which contains signals from the linkage region, as well
as signals for the standard IdoA(2S)–GlcA(NS,6S) disaccharide and the trisulfated
glucosamine (Glc(3S,6S,NS)). This suggests that the non-reducing end of the OMH
samples is, on the whole, more sulfated than the same region found in the PMH
samples and, potentially, it also contains a possibly distinct antithrombin
binding site.
Historically, heparin was sourced from both cows and pigs, however the
emergence of bovine spongiform encephalopathy (BSE) put an end to the use of
bovine heparin in most of the world, due to safety concerns. When heparin was
widely sourced from cows, the material was extracted from both the intestinal
mucosa and lungs. The 6 BLH samples analysed here are distinct from the 67
PMH samples. PCA of the dataset containing the BLH and PMH HSQC NMR
spectra isolated 2 signicant components, 1 major and 1 minor (component 1
68.87% and component 2 6.43%, these two components explain 75.30% of the
variance found in the dataset) (Fig. 4A). The BLH samples have a very homogenous structure, being enriched in the standard IdoA(2S)–GlcA(NS,6S) disaccharide, which is evident in component 1 (Fig. 4C). The PMH samples were dispersed
by component 2 (Fig. 4B). The blue signals seen in the score plot for component 2
are the features that separate the PMH samples (Fig. 4D). The PMH samples
contain varying levels of the signals originating from the trisulfated glucosamine
(Glc(3S,6S,NS)) residue, positions 1, 2 and 4 of Glc(3S,6S,NS), and position 1 of
GlcA attached to Glc(3S,6S,NS), indicating that the antithrombin site within PMH
is diﬀerent to that seen in BLH. The BLH samples only contain the red features
observed in component 2, the minor signals (Fig. 4C) corresponding with the
major repeating disaccharide observed in component 1 (Fig. 4D).
The pairwise approach here allows the diﬀerences between PMH and BMH,
OMH or BLH to be investigated. This analysis can be expanded to look at global
diﬀerences between the heparins from 4 diﬀerence sources. The ESI† contains the
PCA of all the heparin HSQC spectra; components 1 and 2 diﬀerentiate the four
heparin. Component 1 diﬀerentiates PMH and OMH from BLH and BMH, and
component 2 diﬀerentiates the heparin from the bovine sources.

Conclusions
Multivariate analysis techniques provide a powerful toolbox that can be used to
analyse the most complicated mixtures. The material of interest in this paper,
heparin, is a highly heterogeneous polysaccharide comprising of chains of
varying length, charge and substitution pattern. The application of PCA to the
13
C–1H HSQC NMR spectra of heparin allowed heparin from diﬀerent animal
sources and organs to be diﬀerentiated. Furthermore, the analysis extracted
spectral signatures that are specic to the 4 heparin types (porcine intestinal
mucosa, bovine intestinal mucosa, ovine intestinal mucosa and bovine lung).
While the 13C–1H HSQC NMR spectrum of heparin provides a great deal of
information, the analysis performed here is mainly qualitative, although through
the integration of a number of signals in the 13C–1H HSQC NMR spectra of
heparin samples, the average disaccharide composition of the polysaccharide can
be determined.29,30 These approaches are much quicker than other traditional
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methods, such as digestion followed by HPLC or HPLC–MS, and require much
less preparation time.
Such approaches are highly valuable to the quality control of the heparin
pharmaceutical product; the NMR experiment, spectral processing and subsequent multivariate analysis could all be performed within one working day, with
the only barrier being the exchange of the sample into D2O. This exchange could
be circumvented, and the measurement performed in 90% H2O/10% D2O. The
only drawback would be that the water signal may obscure signals of interest and
further complications could be caused by the presence of signals from exchange
protons.31
The HSQC spectra provide information regarding the average electronic
environment surrounding the hydrogen and carbon nuclei present in the
carbohydrate. One important piece of data that is lacking is information
regarding the sequence/substitution pattern found within the carbohydrate. To
provide such information it might be necessary to perform diﬀerent NMR
experiments, possibly analysing datasets of TOCSY or NOESY experiments, or by
analysing datasets that contain diﬀerent experiment types, for example HSQC and
TOCSY spectra. The only limitation would be time, since both high quality NOESY
and TOCSY spectra take much more time to record than the equivalent HSQC
spectrum.
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