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Qualitative Analysis Using

NEAR-IR

Near-Infrared Spectroscopy

A Comparison of Discriminant
Methods in Dissolution Testing

The bootstrap error-adjusted single-sam-
ple technique (BEST} is shown to perform
better than the Mahalanobis distance met
ric in qualitative near-IR analysis. The
BEST algorithm is designed for high-speed
parallel processing supercomputers, but
is also shown to operate -efficiently on sin-
gle processors. Using hypothetical multi-
variate data, the bias and RSD of the
BEST and Mahalanobis metrics were com-
pared as a function of the number of dimen-
sions in hyperspace and the number of
training samples in the calibration set.
Full near-IR spectra of intact pharmaceu-
tical tablets were analyzed successfully
using the BEST to predict the tablet disso-
lution rate. The BEST metric is calcu-
lated more rapidly and more precisely
than the Mahalanobis metric when full
near-IR spectra are employed in qualita-
tive analysis.
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ear-infrared (near-IR) spectros-
copy hes been used in quantita
tive and quditative gpplications
in  chemicd and pharmaceutica
research. Recently, there has
been great interest in the chemi-
cd and pharmaceuticd industries in indtitut-
ing near-IR methods as quality-control  tests
because of the techniques speed and nonde-
dructive  nature.

Qudlitative applications of nea-JR  spectros-
copy depend on patern recognition to andyze
the multivaridte data that ae generaed by
the gpectrometer. Qualitative near-IR  meth-
ods usng Mahdanobis distances (1,2), ot
independent modeling of class analogies
(SMCA) (3,4), and the bootdrap error-ad-
juted dnglesample technique (BEST) (57)
have dl been discussed in the near-IR literar
ture. Pharmaceuticd  applications  of  qualita
tive near-IR spectroscopy include identity and
quaity testing of rav maerids (8), detection
of tablet and capule tampering (9,10), detec-
tion of tablet degradetion (7), andyss of par-
enteral products (1 1), and others (12).

Principal-component analysis (PCA) or
other methods that incorporate data  reduc-
tion (such as patid least-squares) must nor-
mally be used to transform the spectral
matrix into a manageable sze. The trangforma
tion procedure usually concentrates infor-
mation about the andytes onto 10 or fewer
factors (dimensions) with the largest eigen-
vaues, while the remander of the factors
ae diminated (in the hope that the remaining
factors contan modly noise). The ability of
the BEST to andyze full spectra containing
hundreds of wavelengths diminates the need
for this datareduction sep and smplifies qual-
itative andyss by nea-IR  spectroscopy.

This study compares the bootstrap er-
ror-adjusted single-sample technique and
Mahalanobis  ditance metrics in  quditative
andyss of near-IR data. The BEST is shown
to offer improved speed, accuracy, and preci-
son over the Mahdanobis distance agorithm

I — (which is commercialy available, commonly

used, and has been accepted by the Food and

Drug Adminigration [FDA] in a new drug
goplication [NDA] for andyzing a veterinay
lincomycin product [ 13]). Tests of both met-
rics (employing orthogond synthetic and ac-
tud pharmaceuticd data) in  the following
dudy demondrate quditative andyss using
both  techniques.

QUALITATIVE NEAR-IR METHODS

The BEST metric is employed as an asym-

metric, anisotropic  unit vector in wavelength

gpace or in principd-axis space. The BEST

is an improved verson of the BEAST (5), a

cluger-andyss technique for exploring mul-

tivariste  diributions  of spectra in hyper-
goace. The BEST avoids the difficulty of set-
ting a hypercylinder radius empiricly by
incorporeting  equations  that  determine  the
hypercylinder redius from each new st of
bootstrap replicates. The BEST distance be-
tween the centroid of a cdibration (training
of) spectrd cluger and a sample  spectrum
is proportiond to the concentration(s) of the
sample condiituent(s) that generate the vec-
tor connecting the centroidd and sample-
gectrd  points.  The direction of the vector
provides the spectrum that identifies the con-
dituent(s) of the sample. The BEST is nonpara-
metric and makes no assumptions about the
digribution of spectrd points in hyperspace.

In nea-IR spectrd data andyss, dl imple-
mentations of the BEST begin with the col-
lection of a “training s&t” of samples. The train-
ing set condsts of spectrd data vues (log

l/R, asorbance, and 0 forth) recorded a d

wavelengths for n training samples. The result-

ing dada ae repreented by a two-dimensond

(2-D) n x d matrix.

The BEST comprises two operations.

s The bootstrgp didtribution is caculated
from the d-dimensond training-set  Spectra
usng & many computationa processors as
ae avalable This bootstrap  distribution
forms the bass for cdculding directiond
probahilities, and is caculated only once
for each cdibration set. The bootdrgp dis
tribution for the cdlibration set and the cen-
troid (group mean) of the bootstrap distri-
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Figure 1. The BEST metric can de-
scribe virtually any spectral data dis-
tribution, without errors caused by cor-
relation between variables or by skew.
The contour lines are drawn at one-
third SD increments.
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Figure 2. The use of the Mahalanobis
metric assumes that calibration spec-
tra are samples from an n-variate nor-
mal population. This assumption acts
as a “forced fit” of the data to an el-
lipsoid in  hyperspace.
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Figure 3. Normalized principal-axis
transformed synthetic spectral data
points drawn from a bivariate-normal
population. The location of the center
of this spherical training set and the
variance of this set in all directions
are known.

bution are both used in the routine anaysis
of samples with the BEST.

« The BEST digtance, in units of multidimen-
sond saendard deviations (SDs), is cdcu-
lated using the cdlibration set, the bootstrap
digribution and center (from the preceding
operation), and the spectrum of the test sam-
ple. The Euclidean distance from the cen-
ter (C) of the bootstrap digtribution to the
tes spectrum (X) is scaled by an dement of
the probability vector o, in the direction of
X to give the disance to the test spectrum
in BEST SDs.

d
SDs = (g(cj = x ) ((@} 1z, [1]
I

The number of cdibration samples is given
& n, and the sdected contour (confidence)
level is given in iz| (5). Figure 1 depicts the
asymmetric  “stretch”  of the BEST  “rubber
yardstick” and represents the variety of
problematic  digtributions that the BEST can
acurady  desribe

Discriminant  andysis in qualitative near-
IR spectroscopy can dso  be  accomplished
usng the Mahdanohis metric (1,2). The Ma-
halanobis digtance vaue is ds0 basd on the
entire st of traning-sample gectra Given a
tes-sample  spectrum, a Mahdanobis  distance
vaue with units of multidimensond SDs is
caculaed by

[(X - CFevT) 1 (X~ )%= d, [2]

Figure 2 depicts the dlipticd spectrd dis-
tributions that the Mahalanohis metric is
meant to describe. The Mahdanohis “rubber
yarddick” has a symmelric “dretch”  around
the centroid of spectra in hypergoace, limiting
its utility for complex samples with variable
condtituents.

Both the BEST and the Mahdanobis dis-

tances are used to determine whether two Spec-
trd groups (for example, samples or conditu-
ents of samples) gopear near one ancther in
spectrd  hypergpace. When  the  digance  be-
tween groups of gectra of Smilar Sze is de
temined, the didance must be greater than
sx SDs to verify the hypothesis that the clus:
tos ae different.

The Mahdanobis disance metric  assumes
that the gpectrd varidions associged  with
both the cdibration set and the test spectra are
random. However, spectrd noise is often not
random, paticulaly in the andyss of com-
plex mixture samples. In order for the Ma-
halanochis distance to function correctly, the
spectrd  dusters must dl share the same shape
in spectrd hyperspace.  Futhermore, these clus:
tes must not be skewed. As a consequence
nea-IR  spectrd  discrimination  usng  Ma-
hdanobis distances is likely to fal when the
sample is a complex mixture with many vari-
ables involved in the sampling procedure
(such as sample temperaure, changing con-
dituent  concentrations, variable opticad aign-
ment, and <cateing from patices of dif-
ferent gzes in the sample matrix). For these
reasons, the BEST metric is employed in dif-
ficut near-IR imaging problems such as the
fiber-optic andyss of atheromas in living a-
terid tissue  (14).

EXPERIMENTAL

Instrumentation. The nea-IR spectropho-
tometer usd was an InfraAlyzer 500 (Bran
+ Luebbe, EImsford, NY) with modifica-
tions from Applied Acoudics (Wilmington,
DE). The monochromator scanned the 1 100~
2500-nm ectrd range Dda andyss was
performed with an 1BM 3090-600) padld vec-
tor supercomputer. The IBM 3090 used soft-

ware written in Speskessy IV Zeta (Spesk-

easy Computing Corporation, Chicago, IL).

The reference vaues for the tablet dissolu-
tion rate were determined using a Van-
derKamp 600 six-spindle dissolution tester
(Va-Ke  Indugtries, Edison, NJ) dfter the
nea-IR spectrum of eech tablet was obtained.
The Type Il apparatus was used in accordance
with the United States Pharmacopeia (USP)
dissolution  guidelines  forcarbamazepine.  The
dissolution medium condsted of 900 mL of
didilled water containing 1% sodium lauryl
aufse and no more than 1% methanol. The
solutions were maintained a 37 °C. The pad-
des were adlowed to rotate a 75 rpm.

A “hydrator” = a desiccator in which the
desiccant was replaced with water .. was
used to control the amospheric conditions sur-
rounding the tablets The tablets were ex-
posed to moisture by placing them in un-
capped cintillation vids and supporting the
vids over didilled water indde the closed
glass  hydrator.

Materials. The cabamazepine tablels used
(Tegretol, lot number 1T130122) wee pur-
chased from CibaGegy (Summit, NJ).

RESULTS AND DISCUSSION
Comparison methods. The BEST and Mahala-
nobis digance dgorithms were compared for
accurecy and precison & a function of the
number of wavelengths observed in the spec-
tra and the number of samples employed in
the training s&t. The American Society for Tes-
ing and Materids (ASTM) E456 definitions
of accuracy and precision were employed
(15). Both gynthetic spectrd data and  actud
pharmaceuticd  spectrd  daa  were  examined.
The synthetic spectrd data (Figure 3) were
drawn randomly from an orthogondized nor-
ma populaion with centroid a the origin and
correlation matrix equa to I. The true location
of the cdibration s&t’s mean as well &s the vari-
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Figure 4. The Mahalanobis metric
fails as the number of wavelengths in
the training set approaches the num-
ber of training samples. The BEST
bias is shown as a short-dashed line,
the BEST RSD as a solid line, the Ma-
halanobis bias as a dashed-dotted line,
and the Mahalanobis RSD as a long-
dashed line.
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Figure 8. The effect of training-set
size on the Mahalanobis and BEST met-
fics. The BEST bias appears as a solid
line and the Mahalanobis hias as a
dashed-dotted line.
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Figure 6. The effect of training-set
site on the Mahalanobis and BEST met-
rics. The BEST RSO (Gb) appears as a
dashed-dotted line and the Mahalano-
bis RSD (%) as a solid line.

ance of the group in dl directions was, there-
fore, known exactly. Wherever possble, nor-
malized, principd-axistrandformed  spectrd
data points were examined. In such a space
the unit vector is one SD of the cdibration
s&t. The BEST hypercylinder radius encom-
passed 100% of the bootdrap replicates. Be
cause the distance between the synthetic test
sanples and the center of the synthetic cdli-
bration st were known exactly, the accuracy
and precison of the BEST and Mahdanobis
metrics were compared readily usng the dif-
ference between the conputed digance of the
ted gpectrum from the centroid and the true
distance

Figure 4 compares the accuracy and pred-
don of quditaive measurements made with
the Mahalanobis and BEST metrics as a func-
tion of the number of wavelengths used in the
andyss. The training set contaned 50 sam-
ples (represented by the verticd ling); 1000
bootstrap replications were used in the BEST.
The Mahdanobis metric (the dashed-dotted
ling shows large biases and RSDs even for
gectra containing a smal number of wave
lengths. The BEST metric shows a low, and
esentidly congtant, biss and RSD over the
range of wavelengths used. As the number of
wavelengths  of  observation  approaches  the
number of samples in the training s, the per-
foomance of the Mahdanobis metric declines
rapidly. When the number of wavelengths
exceeds the number of training samples the
Mahalonobis calculations cannot be per-
formed because the reguired marix inverson
(see equation 2) cannot be completed. When
the number of wavelengths exceeds the num-
ber of samples, trandformation of the gpectra
to principd axes can be employed to reduce
the dimenson of spectrd hyperspace, ena
bling cdculation of Mahaanobis distances.
Unfortunately, in reducing dimension, some
wavdengths are  dways weighted down to
zero in the trandformation matrix, destroying
new peeks with criticd information. The im-
portance of avoiding the asignment of zero
weight to some wavelengths is demonsirated
in the prediction of the dissolution rate of teb-
lets (which we discuss later).

In Figure §, the accuracy of the Mahdano-
bis and BEST metrics ae compared as a func-
tion of the traning-set sze usng a condant
number of components or orthogond  wave
length dimensions (30 dimensions in the case
shown) and 1000 bootstrap replications. The
BEST metric peforms better than the Mahda
nobis melric over the entire range — from 50
to 1,000 training samples.

Figure 6 diglays the RSD of the Mahda
nobis and BEST metrics as a function of the
number of samples in the traning s&. Once
agan, 30 orthogond dimensons and 1000
bootsrgp  replications were used to andyze

each traning set. For training sets with fewer
than 200 samples (and most applications in-
volve training sets with fewer then 200 sam-
ples) the BEST metric shows better RSD val-
ues. The BEST and Mahalanobis metrics
display smilar RSD vaues for traning sets
that contan more than 200 samples.

The bar graphs in Figure 7 demongrate thet
the BEST melric is not only more accurate
and precise than the Mahdanobis metric, but
it is often cdculaed more rapidly as well.
The matrix inverson required by the Mahda
nobis metric is usudly accomplished by dgo-
rithms whose complexity (in terms of number
of operations required) incresses as the num-
ber of principd components or wavelengths
cubed. In contrast, the complexity of the
BEST metric increases linearly with the num-
ber of principd components or wavelengths.
While the “overhead” in setting up the BEST
cdculation is grester then for the Mahdano-
bis, by the time the spectrd data are of 60 or
more dimengons, the BEST metric is cacu-
laed more rapidly. Full near-IR spectra with
continuous  coverage from 1100 to 2500 nm
ue a least 141 wavdlengths on a typicd com-
mercid  pectrometer. In each tet case used
in Figure 7, the training s&t was n-vaiate nor-
ma and the test gpectrum was exactly 100
SDs from the center of the training set. The
number of samples in the traning st aways
exceeded the number of components or dimen-
dons by three In exch case the number of
BEST bootdtrap replications was 1000. The
M ahalanobis metric shows itsinstability
through varying biass and RSD vaues. The
BEST metric has a uniformly lower hias and
RSD than the Mahdanobis metric. The time
required to calculate principal-component
scores was not included in the figures. The s
perior hiass and RSD of the BEST becomes
even more notable in full-spectrd  andysis
involving  hundreds  of  wavelengths.

Full-spectra accuracy and precision. Fig-
ure 8 describes the bias and RSD of the BEST
metric alone as a function of the number
of traning samples used in the quditative
andyss. Ten orthogonad wavelength  dimen-
sons or principd components were employed
in each training set. The RSD is low over the
range of traning st Szes from 10 to 10,000.
The bias is lower with the larger traning sets
and is dways ressonable (-5% or less) with
training sets containing >25 samples in spite
of the low number of hootstrap replications
(1000) employed to generate Figure 8.

The bias and RSD of the BEST metric as
a function of the number of bootsrap repli-
cations are illudrated in Figure 9. The num-
ber of bootstrap replications varied from 1000
to 100,000. Each cdibration st contaned
100 sample spectrd points examined in 141
othogond dimensons. The RSD and hias
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Figure 7. (a) and (h): CPU time required to calculate the BEST and Mahalanobis metrics. Solid bars give Mahalanobis time, and
white bars give BEST time. All times are given for single-processor computing to simplify comparisons. (¢} and (d}: Bias of BEST
and Mahalanobis metrics for the CPU-time experiments in (a) and (b). Dashed line gives Mahalanobis bias, solid line gives BEST
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were farly constant over the entire range The
replication process is the most centra  process-
ing unit (CPU)-intensve portion of the BEST
cdculations. Therefore, it is wise to use the
minimum number  of replications required to
obtain the necessary accuracy. Generally,
lage numbers of replications are needed only

when training sets ae skewed in a hyperspace
of hundreds of dimendons The use of 1000
replications usudly gives good precision with-
out sacrificing excessve amounts of CPU
time in the caculaions.

The vaidion of the biass and RSD of the
BEST metric with the number of wavelengths

of observation or dimensions in hyperspace is
shown in Figure 10. Each traning st con-
tains 100 samples from which 1000 bootstrap
replications are cdculaed. The RSD and hias
increese dightly as more dimendons ae in-
cluded in the cdibration st As the volume
of the andyticd hyperspace increases (as it

Bias and RSD

R ek

L 1 1 t 1

2 4 6 8 10
Number of training
samples (x 1 03)

Figure 8. The effect of training-set
size on the BEST metric calculated
for very large training sets. The BEST
bias (%) is shown as a solid line and
the BEST RSD (%) by a dashed-dot-
ted line.
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Figure 8. The effect of the number of
bootstrap replications on the BEST
metric. The BEST hias (%) is shown
.as a solid line, and the BEST RSD (%)
is depicted with a dashed line.
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Figure 10. The effect of the number
of wavelengths in each sample spec-
trum on the BEST metric, The BEST
bias (%) is shown as a solid line, and
the BEST RSD (%) is depicted with a
dashed line,
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does with more wavelengths), progressively
more bootdrap replicates are required to ade
quately describe that hyperspace. Using a con-
dant number of replications (as in this plot),
the bias and RSD increase dowly as the num-
ber of gpaid dimensons increases.

Qualitative analysis of full spectra with
the BEST. Figure 11 describes the use of
BEST and Mahaanobis dgorithms with ac-
tud phamaceuticd samples.  Full  near-IR
gectra (701 wavelengths) were used in Fig-
ure 11 to clasdfy dngle intact carbamaze-
pine tablets (a drug used in the trestment of
saizures) according to their dissolution rate.
The full near-IR spectrum (1100-2500 nm
in 2-nm increments) of each traning and test
teblet was recorded prior to the destruction of
the tablet in a USP-standard dissolution test.
The tablet spectra were obtained using a
unique reflector that simultaneously illu-
minaded dl of the sufaces of the tablet. The
traning st comprised nine  carbamazenine
teblets with a dow dissolution rate (- 15 pg
mL~! h™! in a USP-dandard test). The test
tablets had dissolution rates ranging from
~ 165 pgml~h~! (tablet 1) to 17 pg mL™!
h=! (tablet 12). The actud dissolution rates of
tablets 1-12 (to the left of the horizontal
dashed ling) decreased geadily. Tablels 13-
21 had a disolution rate smilar to that of
the training set.

The curves display a similar trend for the
three distance metrics. The horizontd long-
dashed line represents a 98% confidence limit
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Figure 11. BEST and Mahalanobis dis-
tances separating tablets with a differ-
ent dissolution rate. The solid line rep-
resents the BEST distance calculated
in a 701-D space, the short-dashed
line represents BEST distances calcu-
lated in a 2-PC space, and the dashed-
dotted line represents Mahalanobis dis-
tances calculated in the same 2-PC
space. The horizontal long-dashed line
represents a 98% confidence limit on
the distances. The tablets to the right
of the vertical long-dashed line have
the same actual dissolution rate as
the training tablets, and the tablets to
the left do not.

on the training s&t, and demondrates that full
nea-IR gectra can be used for  quditative
andyss with the BEST even when the num-
her of traning samples is very much smdler
than the number of wavelengths. The BEST
metric correctly identifies tablets 1- 12 (100%
acuracy) & having a different  dissolution
rae than the traning tablets (whether full spec-
tra or daa from two principd components are
employed). However, the Mahdanobis metric
identifies 7 of 12 (58%) of the teblets with a
different  dissolution rate incorrectly.  Tablets
15 and 16, which were flagged by the BEST
as having higher dissolution rates, actualy
turned out to have dightly higher dissolution
raes than the meen rae of the traning st
(#15=144 pgmL™'h™1, #16 = 174 pg
mL~! h~1 while the mean for the training set
was 136 pg mL~! h™'). However, this differ
ence in rae was not ddidicdly significant,
and the sectra of these teblets showed a bese-
line devigtion that was sgnificantly different
from that of the traning set. The BEST met-
ric deected this baseline deviation, which
probably arose from the positioning of the tab-
let in the reflector.

Andyss of full spectra diminates the need
for a daa reduction sep (for example, princi-
pa-axis transformation) in the caculation. In
fact, the full spectrd andyss increases the sen
stivity of the BEST, because the wavelengths
that are often consdered to contain little ana-
lyte information and that ae normaly dis
caded (that is, given little weight) through
principd-component  analyss (or other meth-
ods) are not diminated. In many cases, the
ue of a smdl number of principd compo-
nents to model a phenomenon results in a loss
of critica information. The dissolution rate of
cabamazepine during the firg four days of ex-
posure to moidure (the period in which dis
solution rate changes most dramaticaly) can
be modeded wel with the factors that corre-
lade to moisure (16). After four days how-
ever, a new pek in the ddehyde region of the
spectrum  gppears in the tablet excipients (16).
This new information is given zero weight in
the principd component model, resulting in a
loss of ahility to predict the dissolution rate
and in the loss of important information about
the fundamental processes involved in the deg-
radation of the tablets The BEST dgorithm
does not miss the new pesk information be-
cae dl of the wavdengths ae weighted
equdly dl of the time

CONCLUSIONS

The lagescde peformance of the BEST and
Mahaanobis metrics as a function of training-
st gze and the number of wavelengths of ob-
sarvation has ken determined usng a pad-
ld supercomputer. The BEST performs befter
than the Mahdanobis dgorithm in terms of
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eed, accuracy, and precison. The number
of replications is a primary factor in determin-
ing the precison of the BEST method. The
number of samples used in the traning set is
the mgor factor dfecting the accuracy of the
BEST method. Full near-IR spectra contain-
ing hundreds of wavdengths are andyzed ess
ily using the BEST, thereby eiminating the
datareduction step that is normaly employed
in near-IR  methods.
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ing exploratory mathematical studies aimed
at solving the ‘false-sample” problem in
thought-like operations on parallel pro-
cessors. These studies have led to a new
near-IR imaging technology that is now be-
ing applied to in vivo studies of the role of
apolipoproteins  in  atherogenesis.
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