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ABSTRACT:

To differentiate heparin samples with varying amounts of dermatan sulfate (DS) impurities and oversulfated chondroitin sulfate
(OSCS) contaminants, proton NMR spectral data for heparin sodium active pharmaceutical ingredient samples from different
manufacturers were analyzed using multivariate chemometric techniques. A total of 168 samples were divided into three groups: (a)
Heparin, [DS]e 1.0% and [OSCS]=0%; (b) DS, [DS]>1.0% and [OSCS]=0%; (c) OSCS, [OSCS]>0% with any content of DS.
The chemometric models were constructed and validated using two well-established methods: soft independent modeling of class
analogy (SIMCA) and unequal class modeling (UNEQ). While SIMCA modeling was conducted using the entire set of variables
extracted from the NMR spectral data, UNEQ modeling was combined with variable reduction using stepwise linear discriminant
analysis to comply with the requirement that the number of samples per class exceed the number of variables in the model by at least
3-fold. Comparison of the results from these two modeling approaches revealed that UNEQ had greater sensitivity (fewer false
positives) while SIMCA had greater specificity (fewer false negatives). For Heparin, DS, and OSCS, respectively, the sensitivity was
78% (56/72), 74% (37/50), and 85% (39/46) from SIMCA modeling and 88% (63/72), 90% (45/50), and 91% (42/46) from
UNEQmodeling. Importantly, the specificity of both the SIMCA andUNEQmodels was 100% (46/46) forHeparinwith respect to
OSCS; no OSCS-containing sample was misclassified asHeparin. The specificity of the SIMCAmodel (45/50, or 90%) was superior
to that of the UNEQ model (27/50, or 54%) forHeparin with respect to DS samples. However, the overall prediction ability of the
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UNEQ model (85%) was notably better than that of the SIMCA model (76%) for the Heparin vs DS vs OSCS classes. The models
were challenged with blends of heparin spiked with nonsulfated, partially sulfated, or fully oversulfated chondroitin sulfate A,
dermatan sulfate, or heparan sulfate at the 1.0, 5.0, and 10.0 wt % levels. The results from the present study indicate that the
combination of 1HNMR spectral data and class modeling techniques (viz., SIMCA and UNEQ) represents a promising strategy for
assessing the quality of commercial heparin samples with respect to impurities and contaminants. The methodologies show utility
for applications beyond heparin to other complex products.

Heparin is a complex mixture of sulfated glycosaminoglycans
(GAGs) comprised primarily of repeating disaccharide

units of alternating glucosamine and hexuronic acid with diverse
sulfonated and acetylated substitution patterns.1-4 As one of the
oldest drugs still in widespread clinical use, heparin is a highly
effective anticoagulant and antithrombotic agent for inhibiting
coagulationduringhemodialysis and extracorporeal blood circulation
and for preventing or treating thromboembolic disorders.5-7

Heparin is usually obtained by extracting animal tissues, such as
bovine, ovine, and porcine intestinal mucosa or bovine lung, after
proteolytic digestion and then precipitating the preparations as
quaternary ammonium complexes or barium salts and eventually
as sodium or calcium salts.8-11 Crude heparin contains proteins,
nucleic acid, and other related GAGs, such as heparan sulfate
(HS), dermatan sulfate (DS; also known as chondroitin sulfate B,
or CSB), chondroitin sulfate A (CSA), and hyaluronic acid
(HA).12,13 Subsequent purification by proprietary processes con-
verts crude heparin into active pharmaceutical ingredients (APIs), and
the differences in these processes can lead to variation in the
amount of native impurities in the final product. Heparin APIs
often contain residual levels of DS from incomplete purification
due to structural similarities between heparin and DS.14

In late 2007 and early 2008, clusters of serious clinical adverse
events, including acute hypotension, severe anaphylactic symptoms,
and deaths, were reported mainly in patients undergoing hemo-
dialysis and receiving bolus injections of heparin sodium.15-19

The observed patient reactions led investigators to suspect that
the heparin preparations contained a contaminant, later shown
to be oversulfated chondroitin sulfate (OSCS).15 OSCS is a syn-
thetic material that can be made by chemically oversulfating CSA.20

While CSA normally contains one sulfate group per disaccharide
unit, the predominant structure of OSCS in the contaminated
heparin was found to have four sulfate groups per disaccharide.21

Due to this contamination, spectroscopic and chromatographic
methods were added to the United States Pharmacopeia (USP)
monograph for heparin APIs to detect and screen for impurities
and contaminants.12,13,22,23 Of the added tests, 1H NMR played
a critical role in identifying the structure of OSCS contaminating
heparin.15,24-30

Because of the structural heterogeneity of heparin, the 1D 1H
NMR spectra of heparin solutions present a complex pattern of
overlapping signals which are amenable for multivariate statistical
analysis to discriminate between USP-acceptable and contami-
nated or impure samples. Such chemometric pattern recognition
techniques have been widely applied in the fields of foods and drugs
for authenticating and identifying the origin of products.31-33 In
chemometrics, separation of collections of samples into distinct
groups is designated “unsupervised” (clustering)34,35 if the class affili-
ation of the samples is absent and “supervised” (classification)36-39 if
the class affiliation of the training-set samples is assigned. Super-
vised class modeling enables the models so derived to predict the
class affiliation of test-set samples which, by definition, were not
employed to build the models.40-43

Previously we explored the ability of pure discriminatingmethods,
i.e., principal component analysis (PCA), partial least-squares
discriminant analysis (PLS-DA), linear discriminant analysis
(LDA), and k-nearest neighbor (kNN) analysis, to distinguish
among pure, impure, and contaminated heparin samples on the
basis of evaluation of their 1H NMR spectra.44 In contrast, the
present study employs class modeling approaches which repre-
sent a substantially different modeling strategy. Whereas pure
discriminating methods focus on the dissimilarity between
classes, class modeling approaches emphasize the similarity
within each class. Specifically, soft independent modeling of class
analogy (SIMCA) and unequal class modeling (UNEQ) were
applied to differentiate heparin samples that contain varying
amounts of DS impurities and OSCS contaminants. In addition,
the validated SIMCA and UNEQ models were challenged with
classification of blends of heparin samples spiked at the 1.0, 5.0,
or 10.0 wt % level with native or partially/fully sulfated CSA, DS,
or HS.

’EXPERIMENTAL SECTION

Pure, Impure, and Contaminated Heparin APIs. Heparin
API samples with varying levels of DS and OSCS were collected
from various manufacturers. DS is the primary chondroitin impurity
observed in heparin APIs, and for the purpose of this work, the
weight percentage of galactosamine in total hexosamine ([Gal])
is presumed to be the same as the [DS] (%) for samples not
containing OSCS. Revisions proposed by the FDA to the Stage 3
Heparin Sodium USP monograph specify that [Gal] may not
exceed 1.0% and no level is acceptable for OSCS. Thus, the
samples were divided into three groups: (a) Heparin, [DS]e
1.0% and [OSCS]=0%; (b) DS, [DS]>1.0% and [OSCS]=0%;
(c) OSCS, [OSCS]> 0% with any content of DS. The total data
set of 168 samples comprised 72 Heparin samples, 50 DS
samples, and 46 OSCS samples.
Blends ofHeparin SpikedwithOther GAGs. A series of blends

were prepared by spiking heparin APIs with a native impurity, i.e.,
CSA, DS, or HS, or a synthetic contaminant, i.e., oversulfated (OS)
CSA (i.e., OSCS),OS-DS,OS-HS, orOSheparin, at the 1.0, 5.0, and
10.0 wt % levels.13 The sulfur content (wt %) for each GAG is listed
in Table S-1, Supporting Information.
NMR Spectroscopy Measurement. All samples were analyzed

using a Varian Inova 500 instrument at the Washington University
Chemistry Department NMR Facility (St. Louis, MO) operating at
499.893 MHz for 1H nuclei. Samples were run with the probe air
temperature regulated at 25 �C. Spectral parameters include a spec-
tral window of 8000 Hz centered on residual water at 4.77 ppm, 16
transients coadded, a 90� pulse width, an acquisition time of 1.892 s,
and a relaxation delay of 20 s. The total acquisition time per sample
was 5.84min. These acquisition parameters typically gave S/Nvalues
measured around the N-acetyl methyl proton signals at 2.045 ppm
of approximately 1000-2000/1 on the heparin samples. The
concentration of the heparin in the NMR tube was 27 mg/mL
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(20 mg/700 μL). All samples were made ca. 3 mM in 4,4-dimethyl-
4-silapentane-1-sulfonic acid (DSS) as an internal chemical shift
reference.
HPLC Analysis of Heparin. Strong anion exchange (SAX)-

HPLC was used to measure the DS or OSCS content (wt %) in
heparin as described elsewhere.12,13,22 Briefly, an Agilent 1100
HPLC system with a Dionex AS-11HC SAX column was used to
separate DS, heparin, and OSCS. The peak areas of DS (eluting
at 16.2 min) or OSCS (eluting at 24.3 min) were compared to
the areas obtained from the response of DS or OSCS standards
to quantify the weight percentage of the impurity (DS) and con-
taminant (OSCS) in heparin.
Data Processing. 1H NMR spectra for over 200 heparin

sodium API samples with varying levels of OSCS and DS were
processed using the MestRe-C software (version 5.3.0). Generally,
1 Hz of line broadening was applied, and the data were zero filled
to 32K points. The method was insensitive to changes in the
apodization due to the normalization procedure. Following
phase correction by automatic zeroth- and first-order correction
procedures, each 1H NMR spectrum was automatically data-
reduced and converted into 125 variables by dividing the 1.95-
5.70 ppm region into sequential windows with a width of 0.03 ppm.
During initial processing, heparin lots were found to contain
residual processing solvents and reagents such as ethanol (triplet
at 1.18 ppm and quartet at 3.66 ppm), acetate (at 1.92 ppm,
singlet), and methanol (at 3.35 ppm, singlet) at varying levels. In
addition, the D2ONMR solvent gives a strong signal at 4.77 ppm
due to HOD. Exclusion of the windows containing these signals
yielded a reduced data set of 74 variables for subsequent
chemometric analysis. The area within the spectral regions was
integrated, after which the 74 variables for each spectrum were
normalized by the summed integral value to compensate for
differences in concentration among the heparin samples. Prior to
chemometric analysis, the spectra were converted into ASCII
files and imported into Microsoft Excel 2003, in which the data
were assembled as an n� m array (where n and m represent the
numbers of samples and variables, respectively).
Statistical Analysis of the Models. Besides the standard

performance measures such as (mis)classification and prediction
rates, the class models were assessed using the sensitivity (SENS)
and specificity (SPEC) metrics and visualized using Coomans
plots. In general, SENS is the proportion of samples belonging to
the class that the class model correctly detects, while SPEC is the
proportion of samples not belonging to the class that the class
model correctly rejects.38 SENS and SPEC are complementary to
the concepts of type I (R) errors (false negatives) and type II (β)
errors (false positives).
Coomans plots were used to visualize the groupings when

comparing two classes.37,39 They were applied to assess the
classification performance of the SIMCA and UNEQ models by
predicting class membership in terms of distance from themodel,
defined by the 95% confidence level shown as horizontal and
vertical lines.
Software. All multivariate analyses were performed using the

chemometric package V-Parvus 2007.45

’RESULTS AND DISCUSSION

1H NMR Spectra. Figure 1 illustrates the superimposed 500MHz
1H NMR spectra of heparin samples that contained 10.0 wt % spikes
of native and synthetic GAGs, i.e., CSA, OS-CSA (or OSCS), DS,
and OS-DS, plotted in the range from 1.95 to 6.00 ppm. The methyl

protons of the N-acetyl methyl groups resonating at a chemical shift
of ca. 2 ppm were well separated from the other proton signals
(3.0-6.0 ppm range), which are a complex pattern of overlapping
signals. The spectrum of each contaminant or impurity spiked into
heparin revealed distinctive features, and their respective signals
were readily distinguished from one another in the range from 1.95
to 2.20 ppm (Figure 1A). A single peak appeared at 2.05 ppm for the
N-acetyl protons of heparin, and the methyl signal shifted about
0.03 ppm downfield in DS. Thus, a small peak, corresponding to the
N-acetyl protons ofDS, was observed near 2.08 ppm. ForOS-DS, two
signals, located at 2.09 and 2.11 ppm, appeared downfield of the
heparinmethyl signal.A shoulder peak at 2.02ppmappearedupfieldof
the heparin methyl proton signal for CSA, while OS-CSA exhibited a
characteristic signal near 2.15 ppm. The spectra are displayed in the
same fashion for the 3.0-6.0 ppm region in Figure 1B. The presence
of CSA resulted in the signals at 3.38, 3.58, and 4.02 ppm, while
the characteristic peaks at 4.16, 4.48, 4.97, and 5.01 ppm denoted the
presence of OS-CSA. DS displayed resonances at chemical shifts
distinct from those of heparin at 3.54, 3.87, 4.03, 4.68, and 4.87 ppm.
In addition, the signals at 4.27 and 4.93 ppm were associated with the
OS-DS sample.
The 1H NMR spectra of heparin samples are highly informa-

tion rich. Due to the extensive overlap, assignment of all peaks
in the spectrum for use in the determination of the quality of
heparin is difficult. However the pattern of proton resonances,
though clearly overlapping, is still very valuable for chemometric
analysis. Prior to building multivariate models, the 1H NMR
spectra of the heparin samples were preprocessed into a discrete
set of variables that served as input to the pattern recognition
tools for subsequent analysis of the pure, DS-impure, and OSCS-
contaminated heparin samples. Specifically, the 1HNMR spectra
were binned into defined windows and converted into a sequen-
tial array of 74 variable regions of width 0.03 ppm.
SIMCA Analysis. SIMCA models were constructed for each

category using the training sets on the basis of computation of
the principal components (PCs).46,47 The number of significant
PCs, which determines the dimensionality of the inner space for
each category, was evaluated using leave-one-out cross-validation
(LOO-CV). Depending on the number of PCs, classes were
modeled by one of a series of linear structures.35 The class
boundaries around these linear structures were specified from the
distribution of Euclidean distances between the data points
representing the samples in the training set and the fitted class
model with the 95% confidence level. Using the class models
so generated, each test-set sample was assigned to a single class,
more than one class, or none of the defined classes.36

SIMCA Analysis of Heparin Samples with Impurities and
Contaminants. The SIMCA model was developed using a set
of 1H NMR spectral data with 168 samples corresponding to
72 heparin samples, 50 DS/heparin samples, and 46 OSCS/heparin
samples with 74 variables. As defined above, three classes, i.e.,
Heparin, DS, and OSCS, were considered. An additional fourth
class, namely, [DS þ OSCS,] was included to characterize samples
that contained [DS] > 1.0%, [OSCS] > 0%, or both. Prior to
calculation of the PCs, the data were normalized by separate
category autoscaling and column centering. For each class, only
PCs with eigenvalues greater than unity were employed to build
the model. The number of PCs used for the class models was
twelve for theHeparin class and nine each for the DS, OSCS, and
[DS þ OSCS] classes, accounting for 98.4%, 99.3%, 99.4%, and
98.7% of the total variance, respectively. The results of SIMCA
modeling, summarized in Table 1, indicate that 16 of the 72Heparin,
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13 of the 50DS, 7 of the 46OSCS, and 20 of the 96 [DSþOSCS]
samples were incorrectly rejected by their own class models at the
95% confidence level (F-test), resulting in SENS values of 77.8%,

74.0%, 84.8%, and 79.2% for the four classes, respectively.
Nevertheless, the SIMCA models for Heparin and DS correctly
rejected all OSCS samples, corresponding to a SPEC of 100%.

Figure 1. Overlay of the 500MHz 1HNMR spectra of a heparin sodiumAPI spiked with 10.0 wt %CSA, OS-CSA, DS, or OS-DS: (A) in the 2.20-1.98 ppm
region, (B) in the 6.00-3.00 ppm region.

Table 1. Sensitivity (SENS) and Specificity (SPEC) of SIMCA Models for Heparin, DS, and OSCS

class no. of PCs explained variance (%) SENS (%) SPEC (%)

Heparin 12 98.4 77.8 (56/72) 90.0 (45/50) for DS; 100 (46/46) for OSCS; 94.8 (91/96) for [DS þ OSCS]

DS 9 99.3 74.0 (37/50) 81.9 (59/72) for Heparin; 100 (46/46) for OSCS

OSCS 9 99.3 84.8 (39/46) 100 (72/72) for Heparin; 98.0 (49/50) for DS

[DS þ OSCS] 9 98.7 79.2 (76/96) 55.6 (40/72) for Heparin
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Similarly, the OSCS class rejected all Heparin samples and all
but one DS sample. The SPEC of the Heparin class was 90.0%
(45/50) for DS samples and 94.8% (91/96) for [DSþOSCS]
samples. The DS content in these five misclassified samples
ranged from 1.06% to 1.20%; i.e., they were close to the 1.0% DS
limit. The same condition gave rise to the majority of misclassi-
fications in our previous work.14,44 The DS and [DS þ OSCS]
classes accepted 13 and 32 Heparin samples, respectively, corre-
sponding to SPEC values of 81.9% and 55.6%, respectively. Once
again, the poor SPEC value of the [DSþOSCS] class was caused
by misclassifications when the DS content in Heparin was near
the 1.0% limit.
The Coomans plots for different pairs of classes from the

SIMCA models are displayed in Figure 2, with each sample
labeled by its class affiliation (i.e., H forHeparin, D forDS, and O
for OSCS). The affiliation of each sample with respect to the two

models is denoted in terms of the horizontal and vertical distances
from the red 95% confidence lines.
The Coomans plot for the Heparin vs OSCS classes (Figure 2A)

shows that most of the OSCS samples were correctly assigned.
Specifically, the OSCS samples formed a tight cluster at the far
end in the lower right quadrant and were well separated from the
Heparin samples (upper left quadrant). None of the Heparin or
OSCS samples occupied the lower left corner corresponding to
joint class affiliation, thus indicating that the respective SIMCA
models achieved 100% successful discrimination between the
two classes.
The Coomans plot for the Heparin vs DS classes (Figure 2B)

reveals that Heparin samples with DS content close to the 1.0%
limit between classes are locatedwithin or near the joint classification
region (lower left quadrant). Altogether, 12 Heparin samples with
[DS]=0.80-1.02% occupy the joint class region. As anticipated,

Figure 2. Coomans plots for SIMCA class modeling: (A) Heparin vs OSCS, (B) Heparin vs DS, (C) Heparin vs [DS þ OSCS], (D) DS vs OSCS.
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a number of samples belonging to one class weremisplaced in the
other class: the Heparin class accepted 5 DS samples, while the
DS class accepted 13 Heparin samples.
The Coomans plot for the Heparin vs [DSþOSCS] classes

(Figure 2C) indicates that all of theOSCS samples were properly
classified as such while five DS samples were misplaced in the
joint class region. Of the 72 samples belonging to the Heparin
class, 32 are plotted in the joint class region. This finding reflects
the difficulty, noted above, in distinguishing Heparin and DS
samples when the DS content is close to the 1.0% limit between
the two classes.
The Coomans plot for the DS vs OSCS classes (Figure 2D)

depicts the near-perfect separation between the two classes. The
DS class excluded allOSCS samples (SPEC=100%), while theOSCS
class excluded all but 1 of the 50 DS samples (SPEC= 98%).
Validation of the class models was performed using a full LOO-

CV approach, which recalculates the local models after each sample
is sequentially excluded from the training set.39 The overall
performance of the class models was evaluated in terms of the
prediction ability, corresponding to the success rate in classifying
the samples in both the training set and the test set. The results
obtained for the training and test sets are summarized in Table
S-2, Supporting Information, recorded as the classificationmatrix
of the model indicating the correct predictions for each class.
Given the similarity in the 1H NMR spectra of heparin and DS,
several Heparin and DS samples were misclassified as the other.
The same result occurred in the case ofHeparin vs [DSþOSCS].
In the large majority of cases, these misclassifications occurred when
the DS content of the sample was close to the 1.0% impurity limit.
The success rates for the training set and test set, respectively,

were 99.2% and 97.5% forHeparin vsOSCS and 94.3% and 81.1%
for Heparin vs DS. For Heparin vs OSCS, 3 of the 72 Heparin
samples were misclassified asOSCS. ForHeparin vsDS vsOSCS,
the prediction rate of the OSCS test-set samples was 100%.
Misclassifications between Heparin samples and DS samples
were more numerous (75.6% success rate), due to the similarity
of heparin and DS.
SIMCA selects the most informative subset of the original

variables for building models that distinguish between classes.48

The discriminating power (DP) of each variable indicates its
importance in grouping the samples into distinct class models.37

DP is defined as the ratio of the residual standard deviation of
samples in one class when fitted to another class as compared
to when fitted to their own class.49 DP reflects the ability of each
variable to contribute to the discrimination between classes.
A high value (.1) suggests a large contribution to distinguishing
the two classes, while a value of unity indicates no discriminating
power at all.
The DP values of the variables that made the greatest contrib-

ution to class discrimination for various class pairs are listed in
Table S-3, Supporting Information. Of the original 74 variables
(i.e., chemical shifts), 2.08 ppm (DP=8.29) was found to possess
the greatest DP for theHeparin vs DS classes. For theHeparin vs
OSCS,DS vsOSCS,Heparin vs [DSþOSCS], andHeparin vsDS
vs OSCS classes, 2.14 ppm consistently attained the highest DP
value. The same chemical shift had the highest DP value for
discriminating OSCS from every other class. For all classes, the
characteristic N-acetyl methyl proton chemical shifts of OSCS
and DS at ca. 2 ppm had the highest DPs.
In SIMCA, the class distance (CD) is defined as the ratio of the

sum of the residual standard deviations for all variables within one
class when fitted to the other class as compared to when fitted

to their own class.50 The CD is used to measure the distance
(dissimilarity) between two classes: CD < 1 indicates that the
two classes overlap, 1 < CD < 3 indicates partial separation of the
classes, and CD>3 indicates good separation of the classes.
These CD values represent a useful metric for characterizing the
overall prediction ability and success rate of the SIMCA models
for discriminating the respective class pairs. The CD values were
4.9 forHeparin vsDS, 53.0 forHeparin vsOSCS, 35.2 forHeparin
vs [DS þ OSCS], and 26.1 for DS vs OSCS. Aside perhaps from
Heparin vs DS, the CD values clearly reveal that the SIMCA
models produced highly discriminating capabilities.
On the basis of the above analysis, it was found that the region

of most discriminatory power is located at 2.0-2.2 ppm, the
characteristic region of the N-acetyl group. To examine the impor-
tance of other regions, we also performed SIMCA analysis after
excluding the N-acetyl region. The results are shown in Tables
S-4-S-6, Supporting Information. Compared with the results
from the entire region (Tables 1 and S-2), it is observed that the
SPEC (Table S-4) as well as classification and prediction rates
(Table S-5) decreased significantly, suggesting that the region
2.0-2.2 ppm plays a critical role in discriminating heparin from
its impurities and contaminants. It is worth noting that the values
of SENS in Tables 1 and S-4 are close to each other. The sens-
itivity value is a measure of the similarity of samples in their respec-
tive groups. In both the entire and local regions, the three classes
Heparin,DS, andOSCS exhibit very similar spectral characteristics in
their own classes, so the SENS is comparable in both cases.
SIMCA Analysis of Heparin Samples Spiked with Other

GAGs. A question arose regarding the capability of the models
to discriminate heparin containing impurities and contaminants
not previously seen in the samples. API heparin can contain GAG
impurities other than DS, such as CSA and HS. In addition, it
would be valuable if the models could detect other compounds
that mimic heparin such as other oversulfated versions of GAG
materials. The methods described herein are expected to identify
a wide range of potential GAG-like contaminants in NMR data.
To augment the utility of the method, blend samples of heparin
spiked with nonsulfated, partially sulfated, or fully oversulfated
CSA, DS, and HS at the 1.0, 5.0, and 10.0 wt % levels were tested
for their class assignations from the existing SIMCA models,
thereby allowing us to assess the ability of the models (e.g.,Heparin,
DS, andOSCS) to accept or reject the blend samples and, hence, to
detect products contaminated with previously unseen compounds.
The compositions of the series of blends as well as the test

results from class modeling are summarized in Table 2. Details of
their synthesis and analysis are described elsewhere.13 The blend
samples are diverse in composition when compared to the clearly
defined Heparin, DS, and OSCS classes. They contain multiple
components, including CSA, DS, heparan, and heparin with
varying degrees of sulfation, that vary in concentration from 1%
to 10%. A blend sample can be assigned to a single class, more
than one class, or none of the specified classes. Included in Table 2
is a column to indicate whether a sample would be correctly
passed as “good” heparin or flagged as “not good” heparin (even
if the classification is incorrect). Only three samples were incorrectly
classified as heparin, and all of these contained low levels (1%) of
partially sulfated or oversulfated GAGs.
UNEQ Analysis. The heparin 1H NMR data set was also ana-

lyzed using the UNEQ method. UNEQ, similar to quadratic discri-
minant analysis (QDA), is based on the assumption of multivariate
normal distribution of the measured or transformed variables for
each class population.36,38 In general, UNEQ represents each
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class by means of its centroid. In a specific class, the category
space or the distance of each sample from the barycenter (center
of mass) or centroid is calculated according to various measures
that follow a χ2 distribution. The Mahalanobis distance, which is
based on correlations between variables, is usually applied for
determining the similarity of an unknown sample set to a known
one.51 The Mahalanobis distance differs from the Euclidean
distance in that it accounts for the covariance structure; i.e., it
considers the distribution of the sample points in variable space
and is independent of the scale of measurements (scale-in-
variant). In UNEQ class modeling, three parameters, i.e., the
centroid, the matrix of covariance, and the Mahalanobis dis-
tance of each sample to the centroid, need to be estimated.48 As
done for the SIMCA analysis, the class boundary was constructed
using a 95% confidence limit of hyperellipsoids around each
centroid.

Stepwise LDA Variable Reduction. UNEQmodeling requires
inversion of the data matrix of variances-covariances, which is
possible only if the number of samples exceeds the number of
variables.36,37 Therefore, a preliminary variable reduction step was
necessary so that the data matrix for each category would contain a
high ratio of training samples to variables. In practice, the number of
samples should be at least 3-fold the number of variables. Stepwise
linear discriminant analysis (SLDA), a powerful variable reduction
technique, was performed before UNEQmodeling. SLDA employs
an aggregative procedure,which startswith no variables in themodel
and adds the variables with the greatest discriminating ability in
successive steps.36,52,53

Preliminary variable reduction using SLDA led to the selec-
tion of 14, 15, 14, and 10 variables for Heparin vs DS, Heparin vs
OSCS, Heparin vs [DS þ OSCS], and DS vs OSCS, respectively
(Table S-7, Supporting Information). ForHeparin vsDS, the chemi-
cal shift 2.08 ppm had the highest F-value (101.6), designating
it as the most important variable for differentiation of Heparin
andDS samples. The next most important variable was 3.53 ppm
(F-value of 8.9). These two variables were also found as highly
discriminating in SIMCA modeling. The variable 2.17 ppm was
significant forHeparin vsOSCS,Heparin vs [DSþOSCS], DS vs
OSCS, and Heparin vs DS vs OSCS with F-values of 14.0, 97.1,
103.0, and 134.3, respectively. In addition, the variable 2.08 ppm
was also important for Heparin vs OSCS and Heparin vs [DS þ
OSCS] with F-values of 15.1 and 23.3, respectively. Other signif-
icant variables for DS vs OSCS were 4.49 ppm (F-value of 14.3)
and 3.71 ppm (F-value of 21.9).
UNEQ Analysis of Heparin Samples with Impurities and

Contaminants. Results from UNEQ modeling conducted using
the selected subsets of variables, summarized in Table 3, show the
SENS for each of the four classes Heparin, DS, OSCS, and [DS þ
OSCS], together with the SPEC of eachmodel between each pair of
classes. The SENS values of the respective UNEQ models for the
Heparin, DS, OSCS, and [DS þ OSCS] classes were 84.7-87.5%,
80.0-90.0%, 87.0-91.3%, and 84.4-90.6%. The range of SENS
values for eachmodel reflects the specific subset of variables chosen.
In all cases the values of SENS were better using UNEQ than
SIMCA, for which the values for Heparin, DS, OSCS, and [DS þ
OSCS] were respectively 77.8%, 74.0%, 84.8%, and 79.2% (Table 1).
Comparedwith SIMCA,UNEQcorrectly accepted 7moreHeparin,
8 more DS, 4 more OSCS, and 11 more [DSþ OSCS] samples by
their specific class models. For Heparin vs DS, UNEQ (87%)
outperformed SIMCA (78%) in correctly classifying the 72Heparin
samples. The differences between the two methods were also
apparent for the other classmodels. Specifically,UNEQandSIMCA
respectively classified 90% and 74% of the DS samples, 91% and
85% of the OSCS samples, and 84% and 79% of the [DSþ OSCS]
samples.
Although UNEQ produced better sensitivity than SIMCA,

it yielded poorer specificity and was below 50% in many cases
(Table 3). The DS and [DS þ OSCS] classes accepted a large
number of Heparin samples, leading to significantly lower SPEC
values for the UNEQ models (27.8% and 20.8%) than the
corresponding SIMCA models (81.9% and 55.6%). Likewise,
the SPEC of the Heparin class with respect to DS samples was
considerably lower for UNEQ (72%) than for SIMCA (90.0%).
The most dramatic example is the SPEC of the OSCS class with
respect to Heparin and DS samples, which dropped from 100%
and 98.0% for SIMCA to 26.4% and 26.0% for UNEQ. Two
salient exceptions were the SPEC values of the Heparin and DS
classes for OSCS samples, which were respectively 100% and

Table 2. Compositions of the Series of Blends of
Heparin Spiked with Other GAGs and Test Results
from Class Modeling

accepted (A) or rejected (R)

by the class

GAGa content (%) Heparin DS OSCS

correctly passed

or flagged

CSA 10 R R R Y

CSA 5 R R R Y

CSA 1 R R R Y

DS 10 R A R Y

DS 5 R A R Y

DS 1 R A R Y

HS 10 R R R Y

HS 5 R R R Y

HS 1 A A R Y

FS-CSA 10 R R A Y

FS-CSA 5 R R A Y

FS-CSA 1 R R A Y

FS-DS 10 R R R Y

FS-DS 5 R R R Y

FS-DS 1 R A R Y

OS-HS 10 R R R Y

OS-HS 5 R R R Y

OS-HS 1 A A R Y

OS-HEP 10 R R R Y

OS-HEP 5 R R R Y

OS-HEP 1 A R R N

PS-CSA 1 10 R R A Y

PS-CSA 1 5 R R R Y

PS-CSA 1 1 A R R N

PS-CSA 2 10 R R A Y

PS-CSA 2 5 R R A Y

PS-CSA 2 1 A R R N

blank A R R Y

blank A R R Y

blank A R R Y
aCSA = chondroitin sulfate A, DS = dermatan sulfate, HS = heparan
sulfate, FS = fully sulfated, OS = oversulfated, PS = partially sulfated, and
blank = control (pure heparin sample).
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Table 3. Sensitivity (SENS) and Specificity (SPEC) of UNEQ Models for Heparin, DS, and OSCS

model SENS (%) SPEC (%)

Heparin vs DS Heparin 87.5 (63/72) 72.0 (36/50) for DS

DS 80.0 (40/50) 27.8 (20/72) for Heparin

Heparin vs OSCS Heparin 84.7 (61/72) 100 (46/46) for OSCS

OSCS 87.0 (40/46) 26.4 (19/72) for Heparin

[DS þ OSCS] Heparin 86.1 (62/72) 82.3 (79/96) for [DS þ OSCS]

[DS þ OSCS] 84.4 (81/96) 20.8 (15/72) for Heparin

DS vs OSCS DS 90.0 (45/50) 97.8 (45/46) for OSCS

OSCS 91.3 (42/46) 26.0 (13/50) for DS

Heparin vs DS vs OSCS Heparin 84.7 (61/72) 54.0 (27/50) for DS; 100 (46/46) for OSCS

DS 86.0 (43/50) 23.6 (17/72) for Heparin; 89.1 (41/46) for OSCS

OSCS 87.0 (40/46) 15.3 (11/72) for Heparin; 14.0 (7/50) for DS

Figure 3. Coomans plots for UNEQ class modeling: (A) Heparin vs OSCS, (B) Heparin vs DS, (C) Heparin vs [DS þ OSCS], (D) DS vs OSCS.
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97.8% for UNEQ (Table 3) compared with 100% in both cases
for SIMCA (Table 1). Due to the general trend of low SPEC
values obtained from UNEQ class modeling, it was found that
some blend samples were assigned to two and sometimes even
three classes. For example, most samples that were correctly
assigned to either the Heparin or DS class by SIMCA were
incorrectly assigned to both Heparin and DS classes by UNEQ.
For this reason, the UNEQ results for the blend samples are
omitted here.
Coomans plots were constructed to visualize the results of the

UNEQ class modeling (Figure 3). The Coomans plots for the
UNEQ models compared with the SIMCA models revealed
a large number of samples occupying the lower left corner
corresponding to joint class affiliation. This outcome is a con-
sequence of the low SPEC values of the UNEQ class models.
Table S-8, Supporting Information, summarizes the results of

the classification matrix evaluated by means of LOO-CV. Com-
pared with SIMCA, the UNEQ models exhibited better overall
prediction ability. For example, the prediction rates increased
from 79.8% to 86.9% for Heparin vs [DSþOSCS] and from
75.6% to 84.5% for Heparin vs DS vs OSCS. Comparing these
performance metrics, it was found that the improved overall
performance for UNEQ compared with SIMCA was mainly due
to fewer misclassifications for the Heparin class and, to a lesser
extent, the DS class. For Heparin vs OSCS, Heparin vs [DS þ
OSCS], and Heparin vs DS vs OSCS, the prediction rates of the
Heparin class increased from 87.5%, 65.3%, and 62.5% for
SIMCA to 91.7%, 88.9%, and 80.3% for UNEQ. For Heparin
vs DS, DS vs OSCS, and Heparin vs DS vs OSCS, the prediction
rates of the DS class increased from 84.0%, 78.0%, and 72.0% for
SIMCA to 86.0%, 81.6%, and 78.0% for UNEQ.

’CONCLUSIONS

Twowell-established chemometric class modeling techniques,
SIMCA and UNEQ, were employed to discriminate USP-
acceptable heparin from samples containing unacceptable levels
of impurities, contaminants, or both. In contrast to pure dis-
crimination methods that emphasize the differences among
the classes, class modeling approaches emphasize the similarity
among samples from the same class. A unique feature of class
modeling is that a sample can be assigned to one or more classes
or none of the classes. The SENS, SPEC, and prediction ability
were computed as indicators of the quality of the models.

SIMCA can work on a small set of samples (as low as 10) per
class and does not apply any restriction on the number of mea-
surement variables. This feature is important in analytical mea-
surements (e.g., 1HNMR) where the number of variables usually
exceeds the number of samples. In contrast, UNEQ typically
requires variable reduction to comply with the requirement that
the number of samples per class exceeds the number of variables
in the model. Therefore, SLDAwas employed for the selection of
optimal subsets of variables.

Significant differences were observed between SIMCA and
UNEQ analysis in the present application. The SIMCA models
produced excellent class separation between the Heparin and
OSCS classes and between the DS and OSCS classes, achieving
nearly 100% SPEC. In contrast, the UNEQ models produced
excellent SENS but poor SPEC. Although the UNEQmodels for
Heparin and DS classes rejected most of the OSCS samples, the
OSCS classes accepted a large number of Heparin and DS
samples. However, the UNEQ models were significantly better
than SIMCA in terms of SENS and prediction ability. The SENS

values for Heparin, DS, and OSCS were respectively 88%, 90%,
and 91% from UNEQ compared with 78%, 74%, and 85% from
SIMCA. These present results indicate UNEQ and SIMCA are
highly complementary with respect to their statistical performance
metrics.

The compositions of the blend samples, in which the heparin
APIs were spiked with nonsulfated, partially sulfated, or fully
oversulfated CSA, DS, and HS at the 1.0, 5.0, and 10.0 wt %
levels, were highly diverse. These blend samples were employed
to challenge the Heparin, DS, and OSCS class models. Overall,
the results obtained from SIMCA on the blends were excellent.
TheHeparin class accepted pure heparin samples as well as some
blends with a low content (1%) of GAGs, while theDS andOSCS
classes accepted their respective GAG blends. All samples
containing 5% and 10% GAGs were correctly rejected by the
models. Additionally, some blends, such as OS-HS and OS
heparin, were rejected by all three class models. We conclude
that all of the samples containing partially or fully oversulfated
components, and the potential GAG impurities, were readily
distinguished from USP-grade heparin by the SIMCA class
models. The poor SPEC of corresponding UNEQ class models
led to subpar performance metrics for the blend samples, which,
therefore, were omitted here from detailed analysis.

The present study demonstrates that pattern recognition
techniques, such as SIMCA and UNEQ, are useful tools for
discriminating the pure and impure heparin samples under
investigation. The results reported here show that SIMCA and
UNEQmake it possible to assess the authenticity of the samples.
In class modeling, it is important to consider the compromise
between SENS and SPEC. Here we observe that SIMCA
produces better SPEC values while UNEQ produces better
SENS values. UNEQ outperformed SIMCA in differentiating
good-quality heparin from impure or contaminated samples.
However, SIMCA modeling outperformed UNEQ in distin-
guishing samples with high levels of DS from good-quality
heparin. Taken together, results from the present study indicate
that the combination of 1H NMR spectroscopy and class
modeling approaches holds promise for assessment of the quality
of complex APIs such as heparin and pharmaceutical drug
formulations and for detecting the presence of previously unseen
impurities and contaminants.

The FDA is looking for methods to remove the expert operator
and subjective decision from the PASS/FAIL decision-making
process. SAX-HPLC and 1D 1H NMR have been designated as
gatekeeper assays by the agency.23 If these spectral and chroma-
tographic data are routinely available for these samples tested by
the USP specifications, then these models can be used to check
product quality at the heparin sodium API step prior to drug
formulation. This would prevent unsafe or poor-quality samples
from reaching the marketplace and putting consumers at risk.
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