ESTIMATION OF ACTIVE PHARMACEUTICAL
INGREDIENT CONTENT USING LOCALLY
WEIGHTED PARTIAL LEAST SQUARES

Sanghong Kim® Manabu Kano®", Hiroshi Nakagawa®, and Shinji Hasebe®
®Dept. of Chemical Engineering, Kyoto University, Kyoto 6158510, Japan
PFormulation Technology Research Laboratories, Daiichi Sankyo Co., Ltd., Hiratsuka
2540014, Japan

Abstract

Development of quality estimation models using near infrared spectroscopy (NIRS) and multivariate
analysis has been accelerated as a Process Analytical Technology (PAT) tool in the pharmaceutical
industry. Although linear regression methods such as partial least squares (PLS) are widely used, they
may not be able to achieve high estimation accuracy because physical and chemical properties of a
measuring object have a complex effect on NIR spectra. In this research, locally weighted PLS (LW-
PLS) which utilizes a newly defined similarity between samples is proposed to estimate active
pharmaceutical ingredient (API) content in granules for tableting. In addition, a statistical wavelength
selection method which quantifies the effect of API content and other factors on NIR spectra is proposed.
LW-PLS and the proposed wavelength selection method were applied to real process data provided by
Daiichi Sankyo Co., Ltd., and the estimation accuracy was improved by 38.6 % in root mean square
error of prediction (RMSEP) compared to the conventional PLS using all wavelengths. The results
clearly show that the proposed calibration modeling technique is useful for API content estimation and
is superior to the conventional one.
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Introduction

In the pharmaceutical industry, in order to improve
production efficiency, Quality by Design (QbD) and
Process Analytical Technology (PAT) have been
discussed and the documents on QbD and PAT (FDA,
20044, b; ICH, 20054, b, 2008) were published by Food
and Drug Administration (FDA) and International
Conference  on  Harmonisation of  Technical
Requirements for Registration of Pharmaceuticals for
Human Use (ICH). QbD is a concept that intends to
assure drug quality not by a test but by process
designing, monitoring and control. PAT is a system for
designing, analyzing, and controlling manufacturing
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through timely measurements (i.e., during processing) of
critical quality and performance attributes of raw and in-
process materials and processes with the goal of ensuring
final product quality (FDA, 2004b). After the documents
were published, online process monitoring and control
technologies have attracted much attention. Near infrared
spectroscopy (NIRS) is a powerful online monitoring
method because of its noninvasiveness and short
measuring time; the researches on estimation of many
kinds of material attribute such as blend uniformity,
content uniformity and coating thickness by using NIR
spectra have been actively conducted (Roggo et al., 2007;
Reich, 2005). In this paper, the estimation objective is
active pharmaceutical ingredient (API) content in granules
for tableting, which is generally not measured. If API



content in granules can be estimated by using a PAT tool,
the operation condition of the following processes can be
changed to make API content in the final products satisfy
the specification.

Most of the past researches used linear regression
methods such as partial least squares (PLS) to construct
estimation models (Moes et al., 2008; Berthiaux et al.,
2006; Cogdill et al., 2005; Wu et al., 2009; Li and
Worosila, 2005; Berntsson et al., 2002; Sulub et al., 2009;
Virtanen et al., 2007). However, linear models may not be
able to estimate material attributes accurately because
physical and chemical properties of a measuring object
have a complex effect on NIR spectra, which are inputs of
estimation models. Another key issue is how to cope with
changes in process characteristics. In the chemical industry,
model maintenance is recognized as the most important
problem concerning soft-sensors (Kano and Ogawa, 2010).
This problem is quite important not only in the chemical
industry but also in other industries including the
pharmaceutical industry. In this research, LWR is
investigated to cope with changes in process
characteristics as well as nonlinearity. In LWR (Cleveland
and Devlin, 1988), a local model is constructed by
prioritizing samples in a database according to the
similarity between a query sample and them. In general,
the similarity is defined on the basis of the Euclidean
distance or the Mahalanobis distance (Cleveland and
Devlin, 1988; Centner and Massart, 1998). In addition, the
similarity which takes account not only of the distance
between samples but also of the estimates of output
derived by a global model (Wang et al., 1994; Chang et al.,
2001) and the similarity based not only on the distance but
also on the correlation among samples (Fujiwara et al.,
2009, 2010) have been proposed.

In this research, in order to construct high
performance estimation models, a new similarity measure
is proposed and locally weighted partial least squares
(LW-PLS) models are constructed. In the proposed
method, LW-PLS models are first constructed by using the
conventional similarity based on the Euclidean distance,
then the LW-PLS models are reconstructed by using the
new similarity based on the weighted Euclidean distance.
The absolute values of the regression coefficients of the
first LW-PLS models are used as the weights for input
variables. Furthermore, a statistical wavelength selection
method which quantifies the effect of API content and
other factors on NIR spectra is proposed. In the present
situation, wavelengths are selected by using engineering
knowledge and by trial and error. Such conventional
approaches are time-consuming and not theoretically well-
supported. Although advanced methods such as genetic
algorithm (Jouen-Rimbauda and Massart, 1995; Arakawa
et al., 2011), interval PLS (Ngrgaard et al., 2000), and
moving window PLS (Jiang et al., 2002) have been
proposed, these methods are computationally intensive
because they need iterative calculations. The proposed

method can select important wavelengths quickly without
iterative calculations.

Locally Weighted PLS

The nth sample of input and output variables is denoted
by
Xn Z[anvXnZ!"'anM]T 1)

Yn :[ynl!ynZ!""ynL]T (2

where M is the number of input variables, L is the number
of output variables and superscript T denotes the transpose
of a vector or matrix. X e R™M and Y e RN are the
input and output variable matrices whose nth rows are x,"
and y,', respectively. N is the number of samples.

In LW-PLS, X and Y are stored in a database. When an
output estimation is required for a query sample X,, the
similarity w, between x4 and X, is calculated and a local
PLS model is constructed by weighting samples with a
similarity matrix 2 e RN defined by

Q = diag(w) @)

o=[o, 0,0 (4)
where diag(a) denotes a diagonal matrix whose diagonal
elements are a.

It is important to appropriately define the similarity to
achieve the high estimation accuracy by using LW-PLS. In
the past researches, many kinds of the similarities have
been proposed (Cleveland and Devlin, 1988; Centner and
Massart, 1998; Wang et al., 1994; Chang et al., 2001;
Fujiwara et al., 2009, 2010). The proposed method utilizes
a new similarity measure based on the weighted Euclidean
distance

dy = (6= O, =) ©)
where @ e RM*M is a weighting matrix.

o = diag(0) ©)
0=[6,,05,-,6u] @)

6n (M=1,2,---,M) is defined as the absolute value of the
mth variable’s regression coefficient of an LW-PLS model
in which the normal Euclidean distance

d, :\/(xn—xq)TQ(xn—xq) @=1) (8)
is used to construct the model. In this research, the
following similarity
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is investigated, where ¢ is standard deviation of d,, and ¢
is a localization parameter; the similarity decreases steeply
when ¢ is small and gradually when ¢ is large. When
¢ =00, LW-PLS becomes equivalent to conventional PLS.
This definition is inspired by the work of Shigemori et al.
(Shigemori et al., 2011), in which 6, is defined as the
absolute value of the mth variable’s regression coefficient
of a global multiple linear regression model.



L

The output estimate y, € %~ is calculated as follows.

1.Seti=1,6,=1, Y, =0and determine the number of
latent variables R.

2.Setr =1.
3. Calculate the similarity matrix @ by using Egs. (5), (6),
(7), and (9).
Q =diag(w) (10)
:[a)_I_IwZI'“ia)N]T (11)
4. Calculate X, Y, and Xq
X, =X =1y [X, %o+ X | (12)
Ye =Y =13[ Yo 91 (13)
Xqr = Xq —[% %or o X | (14)

N

Z Xom an (15)
n=1
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v.=anym D o (16)
n=1 n=1

where 1y € R" is a vector of ones.

5. Derive the rth latent variable of X,
t, = X, w, (17)
where w, is the eigenvector of XTrQY,YTrQXr which
corresponds to the maximum eigen value.

6. Derive the rth loading vector of X;

X ot
pr="5 " (18)
t 02,
and the regression coefficient vector
YTt
="t (19)
t 0t
7. Derive the rth latent variable of Xg;
tqr = XTqur (20)

8.1f i =2change ¥, to Y4 +1Q;.
9. Ifi =2 and r =R, finish estimation. Otherwise, set
X _t pTr’ r+1:Yr _tqu"iand

X qrp r-
10. If r =R, go to the next step. Otherwise, set r =r +1
and return to step 6.
11. Set O, as the absolute value of the mth variable’s
regression coefficient of the LW-PLS model which is
constructed at steps 1 ~ 10 and return to step 2.
The estimation accuracy may be improved by updating @
more than once; however, it makes the computational load
heavier. Therefore, @ is updated only once in this paper.

r+1 =

qr+l — X

Statistical Wavelength Selection

The estimation accuracy strongly depends on the
wavelength selection when spectra data are used as model
inputs (Andersen and Bro, 2010). Therefore, it is crucial to
select an appropriate subset of wavelengths to optimize the

model performance. In this research, a statistical
wavelength selection method is proposed under the
assumption that spectra data are obtained from multiple
lots with different APl content. This assumption is
generally satisfied in practice. The concept of the proposed
method is that the selected wavelengths must have the
following two features: small absorbance variance in the
same lot and large absorbance variance between different
lots. Thus, each wavelength is evaluated by the ratio of
between-lots variance to within-lot variance.

The nth measurement of absorbance at the mth
wavelength in the kth lot is denoted by X,
(n=1,2,---,Ny,m=1,2,---,M,k=1,2,---,K), where N,
M and K denote the number of samples in the kth lot, the
number of wavelengths and the number of lots,
respectively. In addition, the absorbance matrix of the kth
lot is denoted by

Xk Xk
X = & .0 (21)
XN, 1k

The proposed statistical wavelength selection procedure is
as follows.

XN, Mk

1. Calculate mean and variance of X, at the mth
wavelength in the kth lot.

)_(*mk - anmk (22)
k n=1
1
Vi (Xn mk ) = —Z(Xnmk — Xomi )2 (23)
Nk -1 n=1

2. Select the wavelengths at which the following condition
is satisfied.

n= Vk (X*mk ) (24)
Z (Xnmk)
1 K
V X*mk K -1 z X*mk X*m* (25)
k=1
. 1.
X = E z Xomk (26)
k=1

where 4 denotes a threshold for wavelength selection.
When the effect of the difference in APl content in the
same lot on the spectra is negligible, Vn(xnmk) indicates
the effect of the factors other than API content on the
spectra. Therefore, the wavelengths with small within-lot
variance V, (X, ) should be selected. In addition,

V, (Xeny ) indicates the effect of API content on the spectra
and the wavelengths with large between-lots variance
Vi (X ) should be selected. From the above discussions,

the suitable wavelengths for estimation can be selected on
the basis of .



Application to real process data

Experimental

The target drug products consist of six components.
Nineteen blending experiments were conducted with
different API content using a 3 L scale V-blender (Tsutsui
Scientific Instruments Co., Ltd.). After each blending
experiment, the granules for tableting were taken out and
200 mg of the granules were set in vials, NIR spectra
(2203 points in 800 ~ 2500 nm) were measured with MPA
(BrukerOptics K. K.), and API content was measured with
Alliance Waters 2690 Separations Module (Waters
Corporation). The overview of the experimental data is
shown in Table 1. In this study, the data of lots from 1 to 8
are the calibration set, the data of lots from 9 to 16 are the

test set, and the data of lots 17 and 18 are the prediction set.

Data Analysis

The procedure of the data analysis is as follows.

1. Preprocessing
Apply first order differential using Savitsky-Golay filter
(Savitzky and Golay, 1964) and Standard Normal
Variate (SNV) to NIR spectra data. By differentiating
spectra, the effect of the noise on NIR spectra can be
reduced. SNV can correct the variance in light path
length caused by changes in the particle size and density
(Barnes et al., 1989). In this application, the window size
and the polynomial order in Savitsky-Golay filter were
117 and 5, respectively.

2. Wavelength selection
Use absorbance at all wavelengths or at the wavelengths
selected by the proposed method as model inputs.

Table 1. Experimental data

Lot number Number of  Mean of API
samples content [%]

1 90 68.1

2 86 83

3 100 88.7

4 20 97.4

5 10 98.6

6 90 107.7

7 90 113.8

8 90 128.3

9 100 73.9

10 10 94

11 10 96.8

12 10 98.3

13 10 98.8

14 10 99.5

15 10 100.1
16 90 122.9
17 10 96

18 10 100

Table 2. Search range of the parameters

Parameter Search range
0.2,05,08,1.1,1.4,17,2,2.3, 2.6, 2.9,
¢ 3.2,35,38,4.1,44,4.7,5, 10, 20, 30, 50
A 0,1,2,3,4,5,10, 15,20
R 1,2,34,5/6,7,8,9,10,11, 12,13, 14, 15

3. Model construction

Construct estimation models by using conventional PLS,

LW-PLS without updating € (LW-PLS 1) or LW-PLS

with updating 2 (LW-PLS 2).
Six estimation models were constructed with respect to the
selections in steps 2 and 3. Model parameters in each
model, i.e. the localization parameter ¢, the threshold for
wavelength selection / and the number of latent variables
R, were determined by using the calibration set (data of
lots from 1 to 8) and the test set (data of lots from 9 to 16).
API content of the test set was estimated by using the
calibration set with different parameter sets, then the
parameter set which derived the minimum estimation error
was selected. The search range of the parameters is shown
in Table 2.

Results and Discussion

Table 3 shows the selected parameters, root mean
square error of parameter tuning (RMSE) and root mean
square error of prediction (RMSEP). Model validation
results are shown in Fig. 1. When conventional PLS was
used (cases 1 and 2), RMSEPs were the same because the
proposed wavelength selection method selected all
wavelengths. The proposed wavelength selection method
selected wavelengths, which had index # larger than 10,
when LW-PLS 1 (case 4) and LW-PLS 2 (case 6) were
used. The index # and preprocessed API spectrum are
shown in Fig. 2 (top). In addition, V(%) and
Z:Zlvn (xnmk) in Eq (24) are shown in Fig. 2 (bottom).
Absorbance values of API spectra do not have a
correlation with # because # takes account not only of the
effect of API content on NIR spectra but also of the effect
of other factors on NIR spectra. The wavelengths around
1910 and 1970 nm were not selected although peak
absorbance values of APl and V, (X ), the effect of API

content on NIR spectra, were large. This is because
K

Zk:lvn (xnmk), the effect of other factors on NIR spectra,

was also large at these wavelengths. On the contrary, the

wavelengths around 1120 and 1190 nm were selected

although peak absorbance values of API and V(X )

were small. By using the proposed wavelength selection
method, RMSEP was improved by 28.7% when LW-PLS
1 was used (cases 3 and 4) and by 33.1% when LW-PLS 2
was used (cases 5 and 6). Moreover, LW-PLS 2 (cases 5
and 6) was superior to PLS and LW-PLS 1 (cases 1 ~ 4).



Table 3. Comparison of the calibration modeling techniques

Case Model Wavelength 1 ¢ R RMSE RMSEP
1 PLS 2087 - - 11 2.15 1.84
2 PLS 2087 0 - 11 2.15 1.84
3  LW-PLS1 2087 - 10 11 2.14 1.71
4 LW-PLS1 259 10 05 9 1.96 1.22
5 LW-PLS2 2087 - 10 11 2.13 1.69
6 LW-PLS?2 259 10 05 9 1.89 1.13
With the proposed wavelength selection method (cases 2,
4 and 6), LW-PLS 2 derived 7.4% and 38.6% less RMSEP
than PLS (case 2) and LW-PLS 1 (case 4), respectively. 100 Preora ‘ ; ——— - 5
The results of the case study demonstrate the usefulness of _y ssed A:PI pectra, “ fo 9
the proposed wavelength selection method and LW-PLS 2. 50 S, wmw,\ o 1‘ ,‘ \\ o §
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[ [ i a
=% rvser =184 | T % RMSEP =184 0w A ] 5
= R=11 ° = R=11 © 300 1200 1600 2000 2400
=100 ° 3100 ° Wavelength [nm)]
g ° @%o 2o cg o @%o 2o T 01 . - . . — .
ks o 2 o% E:M L V() b i
% 95 y % 95 y o Rﬁ 0.06; —ZL V) r‘lr‘ 0
S S T M
g g g5 o) ]
9090 95 100 105 980 95 100 105 S’ ' e . -
Actual value [%] Actual value [%] 800 1200 Wavéfe?:ogth [an]OOO 2400
—105 —105
S EMS&P =1.72 S EI\_/ISEP =1.22
L 100! ¢ = 10 o L 100 @ = 05 % OO Figure 2. Wavelength selection index n and
‘_g OO%O 20 f_g A=10 o preprocessed API specKtra and (bottom)
o e —
Zos5  © Sos Vic(Reru Jand " Vo (Xomc)
° °
e e
o [a
90 ;
% 9 100 105 "90 95 100 105 Conclusions
ctual value [%] ctual value [%] Locally weighted partial least squares (LW-PLS),
—105 - —105 - which utilized the similarity based on the weighted
=, EI\:/I?IEP =169 = QM%EP - 1'1§ Euclidean distance, was proposed to estimate API content
S100 ¢=10 © S100¢=05 %4° in a blending process. The regression coefficients of the
S oogC}%O &0 g =10 LW-PLS model using the normal Euclidean distance are
E 95 o E 95 o @DO used as weights for input variables. Moreover, a statistical
=2 =2 wavelength selection method which quantified the effect of
&’ g APl content and other factors on NIR spectra was
05 9%0 105 proposed. By using the proposed methods, the estimation
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Figure 1. Results of model validation. (left-
top) case 1: PLS with all wavelengths, (vight-

top)case 2: PLS with the proposed wavelengths,

(middle-top) case 3: LW-PLS 1 with all
wavelengths, (middle-top) case 4: LW-PLS 1
with the proposed wavelengths, (left-bottom)
case 5: LW-PLS 2with all wavelengths, and
(right-bottom) case 6: LW-PLS 2 with the
proposed wavelengths.

accuracy was improved by 38.6 % in RMSEP compared to
the conventional PLS using all wavelengths. The results
clearly show that the proposed calibration modeling
technique is useful for APl content estimation and is
superior to the conventional one.

Acknowledgment

This work was partially supported by Japan Society for
the Promotion of Science (JSPS), Grant-in-Aid for
Scientific Research (C) 21560793.

References



Andersen, C., Bro, R., (2010). Variable selection in regression-a
tutorial. J.Chemom., 24, 728.

Arakawa, M., Yamashita, Y., Funatsu, K., (2011). Genetic
algorithm-based wavelength selection method for
spectral calibration. J. Chemom., 25, 10.

Barnes, R., Dhanoa, M., Lister, S. J., (1989). Standard normal
variate transformation and de-trending of near-infrared
diffuse reflectance spectra. Appl. Spectrosc., 43, 772.

Berntsson, O., Danielsson, L. G., Lagerholm, B., Folestad, S.,
(2002). Quantitative in-line monitoring of powder
blending by near infrared reflection spectroscopy.
Powder Technol., 123, 185.

Berthiaux, H., Mosorov, V., Tomczak, L., Gatumel, C., Demeyre,
J., (2006). Principal component analysis for
characterising homogeneity in powder mixing using
image processing techniques. Chem. Eng. Process., 45,
397.

Centner, V., Massart, D., (1998). Optimization in locally
weighted regression. Anal. Chem., 70, 4206.

Chang, S., Baughman, E., Mclntosh, B., (2001). Implementation
of locally weighted regression to maintain calibrations
on FT-NIR analyzers for industrial processes. Appl.
Spectrosc., 55, 1199.

Cleveland, W., Devlin, S., (1988). Locally weighted regression:
An approach to regression analysis by local fitting. J.
Am. Stat. Assoc., 83, 596.

Cogdill, R., Anderson, C., Delgado-Lopez, M., Molseed, D.,
Chisholm, R., Bolton, R., Herkert, T., Afnan, A.,
Drennen 111, J., (2005). Process analytical technology
case study part I: Feasibility studies for quantitative
near-infrared method development. AAPS
PharmSciTech, 6, 262.

FDA, (2004a). Pharmaceutical cGMPs for the 21st century - A
risk-based approach final report .

FDA, (2004b). Guidance for Industry PAT — A Framework for
Innovative Pharmaceutical Development,
Manufacturing, and Quality Assurance.

Fujiwara, K., Kano, M., Hasebe, S., (2010). Development of
correlation-based clustering method and its application
to software sensing. Chemom. Intell. Lab. Syst., 101,
130.

Fujiwara, K., Kano, M., Hasebe, S., Takinami, A., (2009). Soft-
sensor development using correlation-based Just-in-
Time modeling. AIChE J. 55, 1754.

ICH, (2005a). ICH harmonised tripartite
Pharmaceutical development Q8 (R2).

ICH, (2005b). ICH harmonised tripartite guideline - Quality risk
management Q9.

ICH, (2008). ICH harmonised tripartite
Pharmaceutical quality system Q10.

Jiang, J. H., James, R., Siesler, B., Ozaki, Y., (2002). Wavelength
interval selection in multicomponent spectral analysis
by moving window partial least-squares regression
with applications to mid-infrared and near-infrared
spectroscopic data. Anal. Chem., 74, 3555.

guideline -

guideline -

Jouen-Rimbauda, D., Massart, D. L., (1995). Genetic algorithms
as a tool for wavelength selection in multivariate
calibration. Anal. Chem., 67, 4295.

Kano, M., Ogawa, M., (2010). The state of the art in chemical
process control in Japan: Good practice and
questionnaire survey. J. Process Control, 20, 969.

Li, W. Worosila, G., (2005). Quantitation of active
pharmaceutical ingredients and excipients in powder
blends using designed multivariate calibration models
by near-infrared spectroscopy. Int. J. Pharm., 295, 213.

Moes, J. J., Ruijken, M. M., Gout, E., Frijlink, H. W., Ugwoke,
M. 1., (2008). Application of process analytical
technology in tablet process development using NIR
spectroscopy: Blend uniformity, content uniformity and
coating thickness measurements. Int. J. Pharm., 357,
108.

Ngrgaard, L., Saudland, A., Wagner, J., Nielsen, J., Munck, L.,
Engelsen, S., (2000). Interval partial least-squares
regression (iPLS): A comparative chemometric study
with an example from near-infrared spectroscopy. Appl.
Spectrosc., 54, 413.

Reich, G., (2005). Near-infrared spectroscopy and imaging:
Basic principles and pharmaceutical applications. Adv.
Drug Delivery Rev., 57, 1109.

Roggo, Y., Chalus, P., Maurer, L., Lema-Martinez, C., Edmond,
A., Jent, N., (2007). A review of near infrared
spectroscopy and chemometrics in pharmaceutical
technologies. J. Pharm. Biomed. Anal., 44, 683.

Savitzky, A., Golay, M., (1964). Smoothing and differentiation
of data by simplified least squares procedures. Anal.
Chem., 36, 1627.

Shigemori, H., Kano, M., Hasebe, S., (2011). Optimum quality
design system for steel products through locally
weighted regression model. J. Process Control, 21, 293.

Sulub, Y., Wabuyele, B., Gargiulo, P., Pazdan, J., Cheney, J.,
Berry, J., Gupta, A., Shah, R.,, Wu, H., Khan, M.,
(2009). Real-time on-line blend uniformity monitoring
using near-infrared reflectance spectrometry: A
noninvasive off-line calibration approach. J. Pharm.
Biomed. Anal., 49, 48.

Virtanen, S., Antikainen, O., Yliruusi, J., (2007). Uniformity of
poorly miscible powders determined by near infrared
spectroscopy. Int. J. Pharm., 345, 108

Wang, Z., Isaksson, T., Kowalski, B., (1994). New approach for
distance measurement in locally weighted regression.
Anal. Chem., 66, 249.

Wu, H., Tawakkul, M., White, M., Khan, M., (2009). Quality-by-
design (QbD): An integrated multivariate approach for
the component quantification in powder blends. Int. J.
Pharm., 372, 39.



