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Introduction

In this study we show the application of a nondestructive process
analytical technology to separate two populations of enteric coated
capsules that contained minitablets. In the course of a small, phase 1
clinical trial investigation it was deemed necessary to have two differ-
ent placebo capsule formulations that were matched in appearance.
These capsule batches were manually filled wherein subsequent pro-
cessing required that they be specifically identified and accordingly
classified (i.e., sorted). The sorting was based on a near-infrared (NIR)
spectral differentiation between the capsule fill of the two formula-
tions. Both capsule lots appear identical as enteric coated: white (tita-
nium dioxide) hard gelatin capsules having an orange band. One lot
contains pure microcrystalline cellulose (MCC) minitablets while the
other lot contains minitablets composed principally of sodium caprate
(C10) with PEG 3350 added as a binder. The enteric coating used on
both lots is composed of methacrylate polymers with plasticizers at a
cured coating level of approximately 14 mg solids per cm’ of capsule
surface area. In order to facilitate a streamlined manufacturing sched-
ule, it was necessary to rapidly develop and GMP qualify a technical-
ly feasible, nondestructive capsule identification and sorting process.

Near-infrared (NIR) spectroscopy has successfully been applied
to the noninvasive and nondestructive differentiation of various cap-
sules, tablets, and drugs in solution [1-5]. While current scholarship
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suggests that NIR is fairly well established for this purpose, previous
studies focus on the utility of NIR for the quantification and identifica-
tion of capsules filled with powders and solutions. In the current case,
the formulations in the capsules (methacrylate coated, orange-banded,
hard gelatin) were not powders or solutions, but were minitablets. Due
to the large particle size (2 mm) and random orientation of the
minitablets in the capsules, the NIR absorbance spectra demonstrated
more variation than a uniformly filled powder capsule. The combined
effect of the enteric-coated hard gelatin exterior, and the random distri-
bution of the minitablet interior, made analysis of these capsules poten-
tially more challenging than those in previous experiments. We under-
took a combination of selective wavelength analysis along with
chemometric principles to develop a non-destructive method for distin-
guishing between these two capsules. The method was subjected to
validation testing using a calibration set and was ultimately used to sort
through two populations of capsules totaling 3407 units using only two
near-IR wavelengths provided by interference filters from a tungsten-
halogen source. Such a simple instrument can be easily manufactured
and widely deployed as a process sensor.

NIR Spectrometry and Chemometrics
The near-infrared region of the electromagnetic (EM) spectrum
covers wavelengths from 750 nm to 3000 nm. This region consists of
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broad, overlapping peaks that result from overtone bands, combination
bands, and difference bands from molecular vibration of CH, NH, OH,
and SH bonds [6]. Many factors contribute to the variations in NIR
spectra, such as detector noise, environmental conditions, and different
sample preparation. Often the largest variations come from the con-
stituent or concentration differences. Using this knowledge, chemo-
metric techniques such as principal axis transformation can be used to
interpret complex overlapping spectra by placing the original spectral
variables into a new, smaller coordinate axis system [7]. Calculation of
the principal components is accomplished by a singular value decom-
position of matrix A according to A=USV, where A is the matrix of
original spectra, U is the matrix of eigenvalues (scores), S is a diago-
nal matrix of singular values, and V is the matrix of eigenvectors (load-
ings). The first principal component may capture 80% or more of the
total variance. Many of the eigenvalues model only noise, therefore
only those that contain a significant proportion of the variation with
analytical signal are used in calibration and evaluation of samples.

BEST Algorithm

Principal components can be used to illustrate the separation of
two groups. For a more quantitative result, the bootstrap error-adjust-
ed single sample technique (BEST) was applied to the calibration data.
The BEST algorithm begins by encoding the intensity on each wave-
length as a separate dimension, thus reducing each spectrum to a sin-
gle point in multidimensional space. Population P is an m x n matrix
in hyperspace R whose rows are the individual samples and the
columns are the frequencies [8]. BEST considers each wavelength
from a spectrum of n wavelengths to be taken as a separate dimension,
such that each spectrum is reduced to a single point in n-dimensional
hyperspace [3]. P* is a discrete realization of P based on a calibration
set T of the same dimensions as P*. This realization is chosen one
time from P to approximate all possible sample variations present in P.
P* has parameters B and C, where C = E(P) and B is the Monte Carlo
approximation to the bootstrap distribution. The expectation value,
E(P), is the center of P, and C is a row vector with the same number
of rows as there are columns in vector P. Ncw test spectra X are pro-
jected into hyperspace R containing B, rows of B are mapped onto a
vector connecting C and X. C and X have the same dimensions. The
integral over R is calculated from the center of P in all directions. A
skew-adjusted standard deviation (SD) is based on the comparison of
the expectation value C=E(P) and C=med(T), the median of T in
hyperspace projected on the hyperline connecting C and X. The result
is an asymmetric SD that provides two measures of the SD along the
hyperline connecting C and X. Equation | defines the SD in the direc-
tion of X, and Equation 2 defines the SD in the opposite direction.
Skew adjusted SDs can be used to calculate mean distances between
spectra of different samples.

f(ff‘ ~x)
+0—}T:—‘;7)_: 0.34

Equation [

] N =034 Equation 2
fF- (‘X ]

Methods
Separation of MCC and C10 Capsules with Full
NIR Spectra

The first objective was to prove that full NIR spectra from 1100-
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2500 nm (in 2 nm steps with 10 nm bandpass) could be used to sepa-
rate the MCC and C10 capsules. Initial experiments involved only
three MCC capsules and three C10 capsules. Spectra were collected
with a scanning monochromator instrument. Each capsule was
scanned three times for a total of 18 spectra (Figure 1).
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Figure 1. Broadband NIR spectra of C10 (blue) and MCC (red)
capsules collected with a scanning monochromator instrument.
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The capsules were scanned in random order and rotated follow-
ing each scan to average possible sample variations due to inconsisten-
cies in the enteric coating, gelatin layer and the orientation of the
minitablets. Scans were collected inside of an instrument drawer to
eliminate room noise and external interferences. Data were multiplica-
tive scatter-corrected to eliminate baseline variations [9], and second
derivatives [10] were plotted to find the regions in the spectrum where
the most variation was apparent (Figure 2).
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Figure 2. Second derivative spectra calculated from the

broadband spectra of C10 (blue) and MCC (red) capsules.
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Figure 3. The two-dimensional principal component plot
from broadband calibration data demonstrates how closely
the capsules cluster in space, C10 capsules {(marked with ‘A’)
project on the right and MCC capsules (marked with ‘B’)
project on the left.

Principal components (PCs) were calculated and the PCs with
the largest contribution to variation were plotted in two and three
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dimensions to visualize the differences between capsule groups
(Figures 3 and 4) [7]. BEST standard deviations and cross-validation
standard deviations (CV-SD) provided a quantitative measure of group
separability [3,8].
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Figure 4. Three-dimensional principal component (PC) plot
from broadband NIR spectra. The majority of the separation is
seen along the PC 1 axis, which captures 66.33% of the total
variation. This separation suggests that the difference in cap-
sule constituents, C10 (blue) vs. MCC (red), is mainly responsi-
ble for the separation between the two groups of spectra.

In order to estimate the limits of detection for the NIR, a cluster
translation procedure was performed [11]. NIR spectra from the two
capsule populations, Pi and P: are expressed in m x n matrices, where n
is the number of wavelengths and m is the number of spectra. The
columns of the matrices are averaged by Equations 3 and 4, giving two
1 x n vectors.

A difference spectrum X is calculated from Pzoe — Piae. One pop-
ulation was spatially translated toward the other, Pagusea = y*X+P2,
where y starts at zero, increasing in increments of 0.01 until P\ and
Padmstea are inseparable. It is assumed that the two capsule groups rep-
resent the possible variations in the pure component spectra (MCC and
C10), and that all points on the hyperline connecting the centers of the
two population distributions correspond to mixtures of the two compo-
nents because the Beer-Lambert Law holds. For example, when one
population is translated one-half the distance toward the other, that pop-
ulation corresponds to a 50/50 mixture of MCC and C10. The maxi-
mum distance the two groups can move toward each other while main-
taining statistical separation determines the minimum quantities of
MCC and C10 that can be detected in each other.

1 i=m

Equation 3

lave

P =_

2ave

Equation 4
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Rapid Separation of MCC and C10 Capsules with
Fewer Wavelengths

Although the overall goal of this project was to develop a process
analytical method sensitive enough to assign the MCC and C10 cap-
sules to their respective groups accurately, it was also imperative that
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the project be completed as quickly as possible. This time constraint
required a modification of the full spectrum approach. Experiments
were conducted to accomplish the separation with as few wavelengths
as possible, yet still with adequate statistical assurance of specificity.
Using the same six capsules scanned above at 701 wavelengths, new
spectra were collected with a 19-wavelength filter wheel NIR spec-
trometer between 1445 and 2348 nm.

Capsules were placed in the conical reflective cup oriented with
the thicker cap end down, body end up, and held in place with a steel
rod (Figure 5). The conical reflecting cup is designed such that when
a sample capsule is placed along the axis of radial symmetry of the
cone, specular reflection at the detector is minimized while diffuse
reflectance is maximized [2].

Source

integrating
Sphere

Photodetector—\¢--""T

Reflector

Side View

Figure 5. 90° conical reflective cup used as a capsule holder.
The cup is designed so that when a sample capsule is placed
along the axis of radial symmetry of the cone, specular reflec-
tion at the integrating sphere detector is minimized while dif-
fuse reflectance is maximized. As a result, the majority of the
light reaching the detector has been scattered by the contents
of the capsules.

All radiation that follows a path parallel to the incident beam and
perpendicular to the base of the conical reflector is reflected and colli-
mated back toward the source. This radiation is predominantly specu-
lar reflectance and contains little information about the capsule fill. In
the same fashion, a small amount of radiation that passes through the
capsule but does not scatter is also returned to the source. Therefore,
the majority of the radiation reaching the detector via the integrating
sphere is scattered by the contents of the capsule. The amount of radi-
ation that reaches any given location on the capsule is directly propor-
tional to the curved surface area of the frustum (the conic section
defined by two parallel lines from the light source, and a plane paral-
lel to the reflector base connecting the two lines) in which it lies.
Therefore, more light reaches the top of the capsule than the bottom of
the capsule because there is more curved surface area at the top of the
reflector than at the bottom.

The curved surface area is given by ms(ri+r:) where #/ and r: are
the radii of the base and top of a circular frustum, s is the length
between the top and bottom measured along the surface of the cone. If
the detector collected scattered light from cross-sections of the capsule,
there would be a different intensity value for each cross-section.
However, the detector uses an integrating sphere, which collects all of
the scattered light from the entire capsule. This configuration elimi-
nates the concern of uneven illumination along the capsule.

In order to best accommodate the capsules, the spectrometer was
inverted, and an instrument drawer was fashioned for consistent and

reproducible sample loading. Each scan took approximately two min-
utes to collect the full 19 wavelengths. Capsules were scanned in ran-
dom order and rotated to average sample positioning variations.
Principal components, intercapsule BEST standard deviations (SDs),
and intracapsule cross-validation standard deviations were calculated
from the resulting spectra. Spectra for the two groups of capsules were
very different, allowing a visual inspection of the spectra to sufficient-
ly identify the more distinguishing wavelengths. Standard deviations
and cross-validation-SDs were calculated from four selected wave-
lengths. To operate as quickly as possible while maintaining the high-
est level of capsule classification accuracy, the two most distinguish-
ing wavelengths were selected by visual inspection. From these wave-
lengths, ratios were calculated and plotted to prove that the two wave-
length approach was sufficient to justify exploration of a larger valida-
tion set.

Equipment Calibration

The filter wheel spectrometer was installed in the GMP facility
in the University of Kentucky Center for Pharmaceutical Science &
Technology, and turned on for the remainder of the procedure to elim-
inate detector drift due to thermal variations. A polystyrene calibration
film standard fitted to a conical reflective cup was scanned 50 times to
capture all possible sample variations. A ratio was calculated from the
signal intensity at 1734 nm and 1445 nm for each scan of polystyrene
standards, and confidence limits were constructed around the mean at
+ six standard deviations, 1.0245 = 0.0118. The choice of a 12 stan-
dard deviation acceptance range was made to ensure essentially 100%
confidence limits on classifications for the set of 3407 capsules to be
scanned. To prove that the instrument response was the same from day
to day, these ratios were projected on top of the predefined construct-
ed confidence limits.

The same approach was used to identify the different capsules.
A calibration set consisting of 50 MCC and 50 C10 capsules was
scanned. Wavelength ratios were calculated and confidence limits
were constructed at the mean = six standard deviations for each of the
two capsule formulations. These limits were defined as the acceptance
criteria boundaries for the determination of which group the incoming
capsule belonged (Figure 6).
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Figure 6. Ratio of the signals at 1734 and 1445 nm from the
validation set of capsules. The steeper curve has the higher
ratio, thus C10 projects on top (x), and the flatter curve has
a lower ratio so the MCC capsules project on the bottom (*).
The bars above and below the data sets are the confidence
intervals, placed at six standard deviations above and below
the mean.
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Capsule Identification Screening Using the Reduced-

Wavelength Approach and Confidence Limits

At the start of each day of data collection, the polystyrene calibration
standard was scanned to prove the instrument was performing repro-
ducibly. Capsules were sequentially scanned in groups of 20; a total of
3407 capsules were scanned. An algorithm was written to automatically
calculate and display the wavelength ratios on top of the predefined confi-
dence intervals (Figure 7). Capsules were sorted according to where their
NIR ratios projected relative to the calibration experiments.
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Figure 7. Real data sets were collected in groups of twenty
capsules. An algorithm was written to output this plot to
show the two-wavelength ratio for each capsule.

Results and Discussion

Figure 8 illustrates the two wavelengths that were selected to distin-
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guish between the two groups of capsules. The inert MCC has a relative-
ly flat spectrum, while C10 has a very steep spectrum at these wavelengths.
It is this spectral feature that allowed the simple calculation of a ratio from
two wavelengths to distinguish between the two groups.
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Figure 8. Data collected with a filter wheel spectrometer at two
NIR wavelengths (1734 nm and 1445 nm) collected from the
two capsule validation set. MCC is the flat curve and C10 is the
steeper curve. Of the 100 spectra displayed in this plot, there is
obviously no overlap between the two different groups.

Cross-validation results and the BEST standard deviations between
capsules are reported in Table 1 for the full spectrum NIR measurements,
for four wavelengths, and for two wavelengths. Note that the standard
deviations are the same magnitude with two wavelengths as with the full
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spectra, suggesting that the basis of selectivity is improved by focusing on
those wavelengths which can unequivocally distinguish between groups.
This approach justifies and allows for a much smaller data set with which
to base the classification upon. Illustrated in Figure 9 are the ratios
(1734/1445 nm) calculated from all capsules projected into the confidence
intervals determined during the calibration stage of the experiment.

This experiment resulted in greater than 99.71% successful capsule
identification. Ofthe 3407 capsules scanned, ten capsules projected direct-
ly on or just outside their respective decision boundaries. These outliers
were scanned a second time at the end of the experiment, and their two-
wavelength ratios projected inside their respective confidence intervals.

Broadband MCC C10

MCC 1.70  29.54
C10 1.85
4N MCC C10
MCC 1.52 25.56
C10 1.58
2 MCC Cl10
MCC 1.24 2346
C10 1.27

Table 1. BEST standard deviations reported for the broadband, 4
wavelength, and 2 wavelength calibration data. Using the BEST,
a successful measure of statistical separation between two pop-
ulations was defined as a standard deviation greater than three,
and a measure of statistical inseparability was a standard devi-
ation less than three. The table reports intercapsule standard
deviations, all greater than three, and reports intracapsule stan-
dard deviations along the diagonal, all less than three.

1500 2000 2500 3000 3500
Capsule Number

Figure 9. Two-wavelength ratios from all 3407 capsules pro-

jecting inside their respective confidence intervals, C10

(top clusters) and MCC (bottom clusters). This figure illus-

trates greater than 99% successful identification.

1000

) 500

These results proved that the unclassified capsules were a result of erro-
neous manual sample loading, and further demonstrated the consistency
and integrity of both the method of analysis as well as the capsules them-
selves.

Detection limits were estimated by the spatial cluster translation
experiment described in the Methods above. When using MCC capsule
spectra as the calibration set and C10 capsule spectra as the test set, C10
capsules could be spatially translated 92% of the distance across space
before the populations were inseparable. When using C10 as the calibra-
tion set and MCC as the test sct, MCC was spatially translated 89% of the
distance across space before the populations were inseparable. This

16

demonstrates that NIR is capable of nondestructively identifying mixtures
of C10/MCC in the capsules down to approximately ten percent of each
one in the other. It is apparent that the NIR detection limits far exceed what
is necessary to distinguish between MCC and C10 capsules.

Conclusion

This study presents an effective application of NIR spectroscopy to
the noninvasive and nondestructive classification of MCC and C10
minitablets contained in enteric-coated (methacrylate polymer) hard gela-
tin capsules. The experiment was conducted in a GMP facility and is rele-
vant to PAT. It was a very rapid method with data collection times of only
10 seconds, and the two wavelength approach gave unequivocal separation
between the two capsules. The entire process, from conception to comple-
tion, required only 20 days. Of the 3407 capsules scanned, greater than
99.71% projected into their respective confidence intervals. Of the ten cap-
sules that initially failed to validate, it was proven that human sample load-
ing errors were responsible, suggesting that an automated version of the
same experiment could have classified 100% of the capsules correctly.
One of the primary goals of the FDA PAT initiative is to increase automa-
tion to reduce human error. This experiment provides an example of the
benefits of automation, as well as of the utility of a method for real-time
characterization and release of individual drug products.

New measurement, control and information technologies are needed
in PAT to predict, control and assure product quality and performance.
Using an appropriate PAT sensor, product quality attributes can be accurate-
ly and reliably predicted over the design space established for the materials
used, the process parameters, and the environmental and other conditions.
A two-wavelength near-IR sensor for PAT will be rugged, inexpensive, and
simple to construct using two interference filters and a detector (e.g., PbS
or InGaAs). Such a sensor would be a dynamic tool for process innovation
and continuous quality improvement using risk-based models for inspec-
tion.
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Process Analytical
Technology and Multivariate
Statistical Process Control

Wellness Index of Product and Process — Part 3

Theodora Kourti, Ph.D.
McMaster University

Introduction
his series of papers discusses the important role that multivari-
I ate statistical projection methods have to play within the context
of the FDA guidance on Process Analytical Technology (PAT).
In the last 15 years several industries (food, petrochemical, polymer,
semiconductor, steel) adopted these methods and managed to achieve
(and exceed) the goals described by PAT [1-3]. These methods are
superb tools for handling and analyzing large databases of noisy, cor-
related data with missing measurements, which are typical in industry.
They have been successfully utilized for process analysis, understand-
ing, and troubleshooting. They have also found their way to multivari-
ate statistical process control (MSPC) and fault detection and isolation.
With MSPC one can monitor the wellness of the process and product,
by looking simultaneously at hundreds of variables collected in real
time. By doing this, not only acceptable end product quality at the
completion of the process as defined by the FDA is ensured, but at the
same time continuous monitoring of the “overall process signature” or
the “wellness of the process™ itself occurs. MSPC will detect events
such as thermocouple and analyzer failures, pipe plugging, and other
unforeseen disturbances that may not affect the quality of the next two
or three runs (and therefore will not be detected early by monitoring
product quality only) but may have catastrophic effects if action is not
taken.

In Part | of this work [4] the principles of the multivariate statis-
tical analysis were presented. It was shown that, due to the multivari-
ate nature of process data, univariate control charts may be deceiving.
When two or more properties describe the quality of a product, the
specifications should be set such that they reflect this multivariate
nature of quality (two properties plotted against each other should fall
within an ellipse; three properties within an ellipsoid). Two methods
were presented (Principal Component Analysis and Partial Least
Squares) that can be utilized to summarize large data bases by preserv-
ing their multivariate nature. The methods can project process data on
lower dimensional spaces for easy inspection. Part 1 also examined
ways that measurements on quality properties obtained from analytical
technology during production can be combined with process data (tem-
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peratures, flowrates, pH, RPM, etc) in order to provide a robust and
powerful tool for real time monitoring of process and product perform-
ance. With this methodology measurements on all process variables at
a given instant can be represented by one point on an index of wellness
chart.

Part 2 [5] discussed the use of these methodologies to meet the
needs of the Pharmaceutical Industry for batch process analysis,
process understanding, monitoring, and control.

Part 3 presents more complicated approaches and addresses
practical considerations for successful applications. Some of the issues
discussed here are:

¢ Multi - Unit Process Monitoring

® Multivariate Image Technology

+ Batch Process Control

¢ Product Transfer and Scale Up

¢ Integration of Clinical Data Information

® Problems with Data Acquisition and Archiving
+ Practical Considerations

Design Space, Index of Wellness, Process
Signature

In Part 2 of this series [5] it was demonstrated that it is not suf-
ficient to characterize a product with “end point quality measure-
ments.” The reason is that the same “measured” quality properties may
sometimes be achieved by taking different process paths. However,
for some products we do not measure all the possible quality proper-
ties (example, downstream processability). To achieve consistency in
all the product properties (measured quality and ability to process
down the stream) the process conditions (path to end point) must also
be kept in statistical control. When this is not the case, although the
measured product properties are on target, the properties that deter-
mine other characteristics (i.e., the processability of the product) may
not be within acceptable limits. Such results are corroborated from the
Pharmaceutical Industry [6]. This “process path to the end point” is
also discussed in the European Regulatory Perspective [7] where it is

Process Analytical Technology



