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ver the past few years, process analytical technology
(PAT) has become a dominant issue in pharmaceutical
manufacturing (1). PAT has been the subject of numer-

ous conferences, articles, and reports as the industry, suppliers,
government, and academia grapple with a myriad of method
development and implementation issues.

Despite this tremendous effort, PAT is in an early stage of de-
velopment in the pharmaceutical manufacturing industry. The
literature has mainly focused on topics such as the capabilities
of various potential technologies, specific aspects of method de-
velopment (e.g., chemometrics), or regulatory aspects. Although
PAT has been applied extensively in other industries (e.g., chem-
ical and food processing), the nature of pharmaceutical manu-
facturing presents new challenges in terms of regulation, risk,
and complexity. In addition, PAT applications will place new de-
mands on the existing industrial infrastructure. A significant
amount of practical, application-specific research is required to
support the deployment, operation, and maintenance of asso-
ciated analytical methods.

Critical issues that must be considered during PAT method
development include:
● risk analysis of the process;
● feasibility studies;
● experimental design;
● sensors and technology selection;
● model development and transfer;
● process sampling; and
● information management.

Depending on the nature of the PAT application, each issue
could correspond to a number of development tasks. Model de-
velopment and transfer procedures for a typical near-infrared
(NIR) method, for example, might include (2):
● database development and experimental design;
● calibration model optimization;
● predictive model validation;
● development of calibration monitoring and reporting tools;

and
● determination of suitable methods for calibration transfer.

The integration of these concepts and issues into the devel-
opment effort will produce a more effective method and a bet-
ter grasp of the technology. This understanding corresponds to
fundamental knowledge about the basis for method operation
and critical factors affecting method performance. The result of
integrated development is a validated method that provides in-
formation about the process.

This article summarizes recent efforts by the Duquesne Uni-
versity Center for Pharmaceutical Technology (DCPT, Pitts-
burgh, PA) to develop and validate a PAT method using NIR
spectroscopy for the on-line prediction of intact tablets’ hard-
ness and active pharmaceutical ingredient (API) content (3–5).
The PAT method’s performance was equivalent to the reference
method (3). The technique was intended for the real-time, pro-
duction-scale manufacturing environment. Although the com-
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plete method-development project ad-
dressed the critical issues previously men-
tioned, the observations summarized
herein focus on model-development and
transfer. The method development pro-
cedure outlined in this work applies to
most analytical technologies.

A series of feasibility studies and
screening experiments should be used
to determine the appropriate sensor
technology, method parameters, and
basic experimental design for the PAT
method. An NIR spectrometer (Brim-
rose 3070, Brimrose Corporation, Balti-
more, MD) with an acousto-optic tun-
able filter (AOTF)  was the technology
platform (4). An automated sample-han-
dling system was used to divert uncoated
tablet cores from the output stream of a
tablet press into the spectrometer’s field
of view. Initial investigations demon-
strated that the integrated spectrometer
and tablet-handling system was capable
of repeatable tablet analyses in the re-
flectance mode (4). For all results pre-
sented here, NIR tablet spectra covering
a 1300–2000-nm range (in 2-nm incre-
ments) were acquired in the reflectance
mode. External tests were performed to
qualify the NIR instrumentation’s 
performance (4, 6).

Precalibration Operations
Precalibration operations included ex-
ploratory data analyses to provide the nec-
essary information to allow experimental
design for the calibration and validation
efforts. The precalibration exploratory data
analyses were used to identify spectral fea-
tures with the potential to adversely affect
method capability.

With the analytical instrumentation in
place, an initial database of NIR spectra
from production tablets was acquired for
the evaluation of the typical production-
scale batch-to-batch spectral variability
of tablets. The production set consisted
of 572 unique tablet samples drawn from
13 lots of 50-mg tablets (44 tablets per
batch). According to batch records, the
tablets were manufactured over the course
of approximately one year and provided
maximum variability in potency and
hardness. Off-line reference testing showed
that the tablets had a mean and a standard
deviation API content of 50.1 and 2.7 mg
(n � 130). The mean and a standard de-
viation for hardness was 70.0 and 11.2 N
(n = 128).

Production-scale data from partial least
squares (PLS) (7) regression models in-
dicated an insufficient variation in the
product manufactured at production-

scale to develop predictive calibration
models (see Figure 1). To be useful for
quantitative analysis, an NIR method
should provide a prediction error that is
no greater than 25% of the total reference
variation modeled (8). The minimum
error of prediction is limited by the stan-
dard error of the reference method (e.g.,
HPLC-UV). Thus, if the reference ana-
lytical technique used to measure API
concentration has a standard error of
�3%, the population of tablets used for
calibration development must have a
minimum of 12% standard deviation in
potency. In addition to this consideration,
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Figure 2. Plot of principal 
component scores and hardness 
data from compression sample
reflectance PCA model.  The 
scores on the second principal 
component (upper panel) 
correlate to the process 
signature manifested in the 
NIR spectra.  Red indicates 
single-punch tablet press; blue 
indicates small-scale rotary 
press; and black indicates large 
rotary tablet press.
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Figure 3. Plot of actual versus 
predicted API content from the 
API content calibration data set.

Table 1. Summary of API content calibration and validation statistics*
Calibration

data set VAL1 VAL2 VAL3
Samples (n) 500 350 40 38
Batches (n) 23 30 4 2
Maximum (mg) 65.32 66.06 50.31 65.53
Mean (mg) 48.90 49.07 49.44 47.92
Minimum (mg) 32.66 33.63 47.70 32.43
Standard deviation (mg) 5.83 4.94 0.67 13.93
Model type Full spectrum PLS regression
Preprocessing MSC + first derivative
Spectral range (nm) (1300–2000), 2
Latent variables (n) 4
RMSE (mg**) 1.48 1.25 5.35 (1.04) 5.07 (3.76)
RMSE (%, nominal)** 2.96 2.50 10.7 (2.08) 10.1 (7.52)
r 0.967 0.972 0.441 0.974
r2 0.936 0.944 0.194 0.948
RPD** 3.9 4.0 n/a 0.948
Bias (mg)** 0.00 �0.22 �5.3 (0.71) �4.0 (2.04)
* Data adapted from Cogdill et al. (3).
** A prediction bias was identified for the VAL1 and VAL2 data sets. The corrected values appear
in parentheses.
RSME denotes root mean square error. RPD denotes relative percent difference.
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the calibration range must span at least
the product specification range (e.g.,
�10% API content). Production-scale
sample sets were augmented with sam-
ples prepared at laboratory-scale, span-
ning the necessary range of API content.

A second precalibration sample set was
created to determine the effect of pooling
production- and laboratory-scale tablets
for calibration model development and
validation. The second sample set, or com-
pression samples, consisted of 540 tablets.
Samples of granulate were drawn from
production-scale batches and compressed
with one of three tablet presses (single-
punch, small-scale rotary, or large-scale
rotary). The actual hardness of each tablet
was measured with the traditional de-
structive diametral crushing–strength test.
The mean and standard deviation of tablet
hardness were 72.3 and 33.4 N, respec-
tively. Although principal components
analysis (PCA) (7) of the compression
sample spectra demonstrated a spectral
effect related to the difference in process-
ing conditions, or process signature (see
Figure 2), the latent variable projection
model can separate the spectral effects of
hardness and process signature. On the
basis of these results, calibration spectra
databases were amassed for the API con-
tent and hardness calibrations with 
production- and laboratory-scale tablets.

The API content calibration database
used 500 samples drawn from 10 
production- and 13 laboratory-scale
batches. Production-scale data sets in-

cluded a controlled variation of API (three
vendors) and magnesium stearate sources
(two vendors). Laboratory-scale data sets
included controlled variation of API
sources (three vendors), magnesium
stearate sources (two vendors), moisture
content at granulation (two levels), com-
pression force (two levels), and API con-
centration from 70 to 130% of nominal
API content, nine levels. Reference data
for the production- and laboratory-scale
data were obtained using reverse-phase
HPLC. The standard error of the labora-
tory method (SEL) was �3% of the nom-
inal API content (�1.5 mg). The calibra-
tion data sets are summarized in Table I.

The API content validation data con-
sisted of three subsets from 43 laboratory-
and 39 production-scale lots. The first val-
idation set (VAL1) consisted of 350 sam-
ples. Five laboratory-scale sample batches
and 25 production batches were included
to provide extended range.

The second validation set (VAL2) 
included 40 production samples which
that produced and analyzed at a later date
than the calibration and VAL1 sets, fol-
lowing tear-down and reassembly of the
instrument.

The third validation set (VAL3) consisted
of 38 laboratory-scale samples manu-
factured at extreme API content levels,
with significant variation in the compres-
sion force. The purpose of the third vali-
dation set was to further test the linearity
and robustness of the calibration over a
wide range of physical and chemical vari-

ations. The API content validation data
sets are summarized in Table I.

The calibration data set hardness range
varied by changing the compression force
across three levels for 15 laboratory-scale
batches and 7 production-scale lots (see
Table I). Hardness reference data were
collected by diametral crushing–
strength test of the tablet cores. The hard-
ness validation data set was comprised of
five laboratory- and three production-
scale lots.

Calibration Model Optimization
Wherever possible, method optimization
steps should be used as a means to in-
crease method understanding. For NIR
methods, calibration model optimization
generally entails the selection of a model
type (e.g., linear, nonlinear, nonparamet-
ric) and spectral preprocessing operations
(2, 7). Results from these studies are used
to understand the method’s capability and
vulnerability.

Batch-wise cross-validation testing (2,
3, 7) and robustness testing simulations
(3) were used as the quantitative criteria
to guide API content and hardness cali-
bration model optimization. For the API
content calibration, PLS regression and
an array of preprocessing combinations
were evaluated for their predictive ability
and robustness (see Table II). The opti-
mal combination was multiplicative scat-
ter correction (MSC) and Savitsky-Golay
first-derivative preprocessing with four
PLS factors (see Figure 3). The PLS regres-
sion vector was highly correlated with the
first derivative of the API pure-compo-
nent spectrum (see Figure 4), thereby in-
dicating calibration model specificity.
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Figure 4. API content regression 
factor (red) superimposed with 
the first derivative of API pure 
component spectrum (blue).  
Both vectors are scaled 
for comparison.
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Figure 5. Prediction plot for API 
content validation datasets 
before (red) and after (blue)
interinstrument calibration 
transfer.  Dots indicate VAL1; 
circles indicate VAL2; and 
squares indicate VAL3.

Figure 6. High-flux noise 
robustness test results.
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In addition to PLS regression, spectral
baseline-fit calibrations were tested dur-
ing tablet hardness calibration optimiza-
tion. Spectral baseline-fit has been demon-
strated in the literature to be effective for
the prediction of tablet hardness from NIR
spectra (9). For this work, four baseline-
fit calibrations were derived. Two first-
order calibrations were created by fitting
linear-regression models to the spectra:
one method correlated hardness to the
zero- and first-order coefficients, and the
other method used only the first-order
coefficient.

Two second-order baseline calibrations
were created by fitting a quadratic to each
spectrum: one method correlated all three
polynomial coefficients to hardness, and
the other method used only the first- and
second-order baseline-fit coefficients.
Rather than fitting a function to the en-
tire spectrum for the baseline-fit calibra-
tions, selecting only a portion of the spec-
trum for fitting made a significant 
improvement in accuracy. The center
wavelength and width of the spectral win-
dow selected for each calibration were
chosen by minimizing the root mean
square error (RMSE) using an exhaustive
search algorithm.

Although the PLS regression and base-
line-fit calibrations performed similarly
for calibration error (RMSE), robustness
testing indicated that PLS regression pro-
vided a more stable solution (see Table III).

The optimal hardness calibration model
used MSC and Savitsky-Golay first-
derivative preprocessing with three PLS
factors. Although API content and hard-
ness calibrations used the same prepro-
cessing treatment, no correlation was
found between hardness and API content 
predictions.

Robustness-simulation testing played
a decisive role in hardness calibration
model optimization. Although the true
value of the robustness simulations used
in this application will be determined
through ongoing experimentation, the
quantitative calibration model optimiza-
tion procedure will serve as a blueprint
for model optimization tasks in other sim-
ilar PAT applications.

Calibration Model Validation
With independent testing and statistical
data analysis, validation operations for
quantitative analytical methods are based
on performance criteria suggested by the
International Conference on Harmoniza-
tion and the US Pharmacopeia (6, 10, 11):
accuracy, specificity, linearity, precision,
and robustness. Validation criteria for an
analytical method are a function of the
technology and are determined by the sys-
tem’s performance requirements.

Accuracy and linearity of the API con-
tent and hardness calibrations were 
assessed by statistical analysis of quanti-
tative predictions drawn from the inde-
pendent validation spectra using the cal-
ibration models calculated previously. A
summary of API content and hardness

validation statistics are shown in Tables I
and IV, respectively. During validation
testing, API content predictions from the
VAL2, VAL3, and hardness validation pre-
dictions were significantly biased. The
VAL2, VAL3, and hardness validation sam-
ples were produced and analyzed long
after the calibration development sam-
ples, allowing instrumental drift caused
by aging, intercontinental transport, and
reassembly. Because the instrumental
changes occurred after the calibration and
VAL1 data were collected, the VAL2, VAL3,
and the hardness validation samples were
affected. The bias was calculated using an
independent set of eight production-scale
tablets. Bias corrections of 6.0 mg and 7.99
N were calculated for the API content and

Figure 7. Results of simulated 
calibration transfer using baseline
subtraction with a variable 
number of calibration transfer 
samples.  Because variation in 
RMSEP is not greatly reduced 
after 15 samples, there is little 
benefit to using a larger 
calibration transfer dataset.
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Figure 8. (a, b) Continuous 
calibration monitoring scores, 
(c) API predictions, and (d) 
RMSEP following calibration 
transfer for the stability sample 
spectra as a function of time.
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Table II. Results of cross-validation and robustness index (RI) testing of
preprocessing combinations tested for the API content calibration*

Preprocessing PLS RMSE CV RMSE
treatment factors (N) (N) r2 RI
Raw data 5 2.36 1.96 0.886 0.18
SNV 5 2.19 1.70 0.915 0.25
SNV and first derivative 4 1.79 1.49 0.935 0.33
SNV and second derivative 3 1.93 1.64 0.921 0.29
MSC 5 2.12 1.68 0.917 0.26
MSC and first derivative 4 1.80 1.48 0.936 0.33
MSC and second derivative 3 1.89 1.61 0.923 0.29
First derivative 4 1.80 1.48 0.936 0.32
Second derivative 3 1.89 1.61 0.924 0.29

* A higher RI score indicates a more robust calibration. Only the relative magnitudes of the RI scores are

of value because the other applications have incompatible scales. Adapted from reference 3.

SNV denotes standard normal variate, MSC denotes multiplicative scatter correction,

RSME denotes root mean square error, and CV denotes coefficient of variation.
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hardness calibrations, respectively. Fol-
lowing correction of the instrument bias
(3), satisfactory method performance was
observed for all validation data sets (see
Tables I and IV and Figure 5).

The precision of the API content and
hardness analyses was assessed by meas-
uring the standard deviation of predicted
values generated by 10 replicate analyses
of a set of 16 tablets (n � 160). Method
precision was calculated as the mean
within-group standard deviation of pre-
dicted API content and hardness. The pre-
cision of the API content calibration was
0.5 � 0.015 mg.

The precision of the hardness calibra-
tion was �9.6 N. This estimation is sim-
ilar in magnitude to the RMSE calculated
for the hardness predictions of 8.5 N. His-
torically, the crushing-strength test has a
precision of �9 N. The similarities in the
precision, error, and reference methods
indicate that the error of the reference
method is responsible for the precision
and error of the NIR prediction. A sum-
mary of the hardness calibration data set
statistics is shown in Table IV.

An explicit demonstration of method
robustness was performed by measuring
the effect of simulated high-flux noise on
the API content calibration model’s pre-
dictive ability (see Figure 6). This study
increases method understanding and fa-
cilitates the development of rational spec-

ifications for instrument performance.
During integrated method development,
similar tests would be performed to screen
other potential factors which may affect
predictive performance. High-flux noise
was simulated by adding vectors
of normally-distributed random
numbers to the VAL1 spectra. The
intrinsic level of high-flux noise
in the spectra was �0.0008 ab-
sorbance units. The standard de-
viation of the random noise at
each wavelength was scaled to
match the instrument’s true noise
profile (3).

Calibration Monitoring 
and Transfer
Method development operations
following the validation of a cali-
bration model are essential for re-
ducing the operational risk of the
analytical method. Post-calibra-
tion method development involves
defining procedures for calibra-
tion monitoring and calibration
transfer.

Calibration monitoring is used
to continually analyze instrument
performance and model rele-
vance. By analyzing specific fea-
tures of every sample spectrum
used for prediction, trends of
method performance can be cre-

ated as an advanced warning of
method failure. The two principal
methods of calibration monitoring
for multivariate techniques are
Hotelling’s T2 and the sum of
squared reconstruction error (Q).
These methods are mainstay mul-
tivariate statistical process control
statistics (5). The statistics not only
describe model suitability, but also
can detect instrument-induced
variation in spectral baseline. For
each sample spectrum, the Q sta-
tistic is the sum of squared recon-
struction error across all wave-
lengths. Hotelling’s T2 is a
measurement of statistical distance
in score space. Hence, T2 is not in-
fluenced by spectral variation out
of the model’s plane. A large T2 in-
dicates that the sample has high
leverage on the model, and may ex-

ceed the confidence limits of the model
hyperspace. In these cases, predictions
should be considered invalid. Q, on the
other hand, is a measurement of the spec-
tral variation orthogonal to the plane,

Near-Infrared

Table IV. Summary of hardness calibration and
validation statistics*

Calibration Validation
dataset dataset

Samples (n) 437 152
Batches (n) 22 8
Maximum (N) 140.0 145.0
Mean (N) 61.7 58.1
Minimum (N) 16.0 13.0
Standard 
deviation (N) 29.2 30.9
Model type Full spectrum 

PLS regression
Preprocessing MSC and 

first derivative
Spectral range (nm) (1300–2000), 2
Latent variables (n) 3
RSME (N**) 8.1              12.0 (8.5)
r 0.961 0.961
r2 0.922 0.92344
RPD** 3.6 2.6 (3.6)
Bias (N)** 0.0 �8.0 (�0.01)
* Data adapted from Cogdill et al. (3).
** A prediction bias was identified. The corrected values
appear in parentheses.
RPD denotes relative percent difference; and MSC denotes
multiplicative scatter correction.

Table III. Results of cross-validation and robustness index (RI) testing of preprocessing
combinations and model types considered for hardness calibration.*

Preprocessing Factors/ RMSE CV RMSE
treatment Model terms (N) (N) r2 RI
Raw data PLS 3 10.11 8.88 0.907 0.042
SNV PLS 3 10.96 9.75 0.888 0.040
SNV and first derivative PLS 3 12.04 10.86 0.861 0.038
SNV and second derivative PLS 3 12.38 11.08 0.855 0.037
MSC PLS 3 9.66 8.82 0.908 0.043
MSC and first derivative PLS 3 8.82 8.11 0.923 0.047
MSC and second derivative PLS 3 8.21 7.48 0.934 0.046
First derivative PLS 2 9.11 8.22 0.920 0.043
Second derivative PLS 3 8.73 7.91 0.926 0.045
First order Baseline fit 2 n/a 8.79 0.909 0.036
First order Baseline fit 1 n/a 8.75 0.910 0.038
Second order Baseline fit 3 n/a 8.01 0.924 0.033
Second order Baseline fit 2 n/a 8.32 0.918 0.038
* A higher RI score indicates a more robust calibration. Adapted from reference 3.
SNV denotes standard normal variate, MSC denotes multiplicative scatter correction, RSME denotes root mean
square error, and CV denotes coefficient of variation.
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which is not explained by the model.
Thus, Q and T2 are completely independ-
ent measurements of spectral character.
A large Q residual indicates that the sam-
ple is poorly reconstructed by the model.
This result is an indication that either a
new factor may be present in the sample
matrix or an instrumental fault has oc-
curred (e.g., sampling error or compo-
nent failure).

Calibration monitoring statistics that
exceed a predetermined threshold indi-
cate an excursion in the product or in-
strumentation, prompting investigation
and corrective actions. In the event that
an instrumental excursion is detected
(e.g., lamp failure), a procedure must be
in place to correct the spectral response
of the instrument through calibration
transfer (5).

NIR calibration transfers may entail the
development of a transfer function relat-
ing the spectral response of either two in-
struments or the spectra from a single in-
strument before and after an adverse event
occurs. A comparison of calibration trans-
fer methods for the instrumentation used
in this application showed that inter- and
intrainstrument calibration transfer could
be achieved successfully using baseline
subtraction and as few as 15 calibration
transfer training samples (5; see Figures
5 and 7). Production tablets were used as
calibration transfer samples for this
method because attempts to use standard
reference materials were unsuccessful.

A stability study was performed to de-
termine the length of time tablets could
be stored for use as calibration rescue sam-
ples and to demonstrate the application
of calibration monitoring. The stability
sample set consisting of nine production-
scale tablets was scanned repeatedly using
two similar AOTF NIR analyzers over a
period of 35 days. The VAL2 samples were
analyzed using both spectrometers, so the
effect of calibration transfer on the pre-
diction of production-scale samples could
be monitored.

The stability sample set calibration
monitoring statistics and API contents
predictions plotted against time of analy-
sis are shown in Figure 8. There was no
apparent trend in predicted API content
or Hotelling’s T2. There was, however, a
trend of increasing Q residuals with

time. Thus, because the changes taking
place in the samples were in a direction
orthogonal to the API content predic-
tion model, API content prediction was
not adversely affected.

Because the stability test was performed
in an uncontrolled environment and the
samples were frequently removed from
their sealed containers, the spectral
changes were the result of repeated expo-
sure to ambient conditions and handling.
The stability test conditions can be ex-
tremely adverse. In a more realistic sce-
nario, the rescue samples will be period-
ically updated and stored under controlled
conditions. As shown in Figure 8, calibra-
tion transfer using the nine-sample sta-
bility set was successful with the excep-
tion of one day. The VAL2 prediction error
was less than 1.5 mg.

Conclusion
The procedures previously discussed col-
lectively describe the model development
and transfer portions of an integrated
PAT method development project. De-
pending on the nature of the analytical
application, further model development
and transfer operations could be required
as part of a comprehensive method. In
addition, an electronic and logistical in-
frastructure must be in place to support
the challenges of multivariate data gen-
erated for use in a PAT application. An
evaluation and parallel testing period will
provide more information about the
method. Using information generated by
such a method, within a PAT system, will
enable process optimization through
process understanding.

This article originally appeared in
Pharmaceutical Technology’s Process
Analytical Technology supplement 
(29–34, 2004).
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