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Abstract
Chemometrics is the application of statistical and mathematical methods to analytical data to permit maximum
collection and extraction of useful information. It is a data-driven interdisciplinary science suitable for solving
diverse applications. This review focuses mainly on various chemometric models used and their applications in the
pharmaceutical sciences.
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Introduction
Chemometrics is a branch of science that is used for extraction
of the data related to chemical and physical phenomena involved in
the manufacturing process by the application of the statistical and
mathematical methods. It can be applied in predictive issues solving
like predicting the target properties, desired features. Also can be
used for the descriptive issue solving like the model composition,
identification and understanding. Chemometrics shows its application
in the multivariate data collection and analysis. Various algorithms and
analogous ways are available for processing and evaluating the data.
They can be implemented to various fields, like medicine, pharmacy,
food control, and environmental monitoring [1,2]. Some of the
Chemometric models for analysis are mentioned below

Bilinear models
In this the data is arranged in data matrices in such a way that each
vertical column has variables and each horizontal row has the samples
[1]. Bilinear chemometric techniques includes following:
Principal Component Analysis (PCA): This is a simple and
non parametric technique which is used for extracting the relevant
information from the data sets. It can be used to express the data
on the basis of their similarity and the differences. It is widely used
in multivariate data analysis. PCA reduces the dimensionality and
multivariate data compression in different fields of sciences. During
process monitoring, it can be used to develop a correlation structure
between variables and also examine the changes. Thus it reduces the
number of variables in process.
If for a series of sites, or objects, or persons, a number of variables
are measured, then each variable will have a variance, and usually
the variables will be associated with each other; that is, there will be
covariance between pairs of variables. In PCA, data is transformed to
describe the same amount of variability [3,4]. Luciana et al. applied
chemometric tools, such as principal component analysis (PCA),
consensus PCA (CPCA), to a set of forty natural compounds, acting as
NADH-oxidase inhibitors [5].
Partial Least Squares [PLS]: It is one of the widely implemented
methods which describe the relationship between different sets of
different observed variables by the means of latent variables. The basic
assumption of this method is that it modifies relations between sets
of the observed variables by a small number of latent variables (not
directly observed or measured) by incorporating regression, dimension
reduction techniques, and modeling tools [6-10]. The latent variables
increase the covariance between the different sets of variables. PLS is
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similar to canonical correlation analysis (CCA) and can be used as a
discrimination tool and dimension reduction method like principal
component analysis (PCA). PLS is widely used technique as it can
process large chemical data [11-15]. Determination of flow properties
of pharmaceutical powders by near infrared spectroscopy NIR
spectroscopy was done using Partial least square technique [16].

Multiway models
Multiway models are basically used when the data is multivariate
and linear in more than 2 dimension arrays. Bilinear techniques
could not provide sufficient data which was provided by multivariate
techniques. The methods like multiway principal component analysis
(MPCA) and multiway partial least squares (MPLS) improve the
process understanding and summarizes its behavior in a batch-wise
manner and are therefore recognized as tools for monitoring batch
data. However, if the original data contains higher dimensions then
it becomes difficult for the models to interpret the computed data and
therefore multiway methods that work with three-way or higher arrays
like parallel factor analysis (PARAFAC andPARAFAC-2, Tucker-3,
and N-partial least squares (N-PLS))are the methods of choice It is
used widely in extracting the data from spectra which is usually difficult
in cases of overlapping. These multiway methods that work with three
or higher ways are the methods of choice [17,18].
Parallel Factor Analysis (PARAFAC): Parallel factor analysis
(PARAFAC) is a decomposition method used for the modeling of
three-way or higher data and is mainly intended for data having
congruent variable profiles within each batch. The brief history to
understand PARAFAC is as follows. Cattell reviewed seven principles
for the choice of rotation in component analysis and concluded that
the principle of “Parallel proportional profiles” the most fundamental
principle. This principle means that the two data matrices with the
same variables should contain the same components. By using this
principle as a constraint Harshman proposed a new method to analyze
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two or more data matrices that contain scores for the same person on
the same variables and termed the method as PARAFAC [19-21].
Parallel Factor Analysis -2 (PARAFAC-2): PARAFAC-2 can
handle data variable profiles that are shifted or/are in a different
phase. In PARAFAC trilinearity is a fundamental condition whereas
PARAFAC-2 enables trilinearity. However, it should be noted that
PARAFAC may be used to fit nonlinearity to some extent in one
mode only in cases where data shifts from linearity are regular. Both
the techniques are mainly applied for analyzing chemical data from
experiments that form a 3-way or higher data structure, for example,
chromatographic data, fluorescence spectroscopy measurements,
temporal varied spectroscopy data with overlapping spectral profiles,
and process data [22,23].
Tucker-3 model: This can be used for exploring n way array data
as it consists of n modes of loading matrices. The generality of the
Tucker-3 model, and the fact that it covers the PARAFAC model as
a special case, has made it an often used model for decomposition,
compression, and interpretation in many applications [24].
N-Partial Least Square (N-PLS): For handling a multiway data
extension of PLS method namely N-PLS was introduced. It basically
uses dependent and independent variables for finding the latent
variables which describes maximal covariance [25].

Techniques Used in Chemometric
Nowadays various spectroscopic techniques like HPLC, NIR, FTIR
are being combined with various chemometric models like multivariate
analysis methods, PLS, CLS, PCR, and so forth, for the evaluation of
different pharmaceutical properties of tablets, powders, granules, and
so forth. The most popular technique used is NIR spectroscopy.

Applications of Chemometrics in Pharmaceutical Field
Chemometric method is widely used in different areas of
pharmaceutical fields like manufacturing, quality evaluation and
quality assurance.

Powder flow properties
Sarraguca et al. determined flow properties of pharmaceutical
powders using near IR spectroscopy. The experimental results obtained
were correlated with the NIR spectrum. Partial least squares (PLS)
method was used for the correlation [16]. Kim et al. determined density
of polyethylene pellets using transmission Raman spectroscopy.
Transmission Raman spectra were collected for 25 different grades
of polyethylene pellets. The partial least squares method was used to
determine the sample density [26]. Otsuka et al. developed a quick and
accurate way to determine the pharmaceutical properties of granules
and tablets in the formulation of pharmaceuticals by application of
chemoinfometric NIR spectroscopy. To predict the pharmaceutical
properties such as mean particle size, angle of repose, tablet porosity,
and tablet hardness NIR spectra of the Antipyrine granules were
measured. This was analyzed by principal component regression
analysis. With the increase in the water amount, the mean particle size
of the granules was found to increase from 81µm to 650µm, and it was
possible to make larger spherical granules with narrow particle size
distribution using a high-speed mixer [27].

Water content determination
Water content of hygroscopic pharmaceutical excipients largely
affects the manufacturing processes and the performance of the
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ISSN: 2161-0398 JPCB, an open access journal

final product. And so it is necessary to determine the water content
of such excipients. The water content of three commonly used tablet
disintegrants namely crospovidone, croscarmellose sodium and
sodium starch glycolate was studied by Szakonyi et al. [28].

Dissolution studies
The preparation parameters involved in increased solubility
of poorly soluble Meloxicam drug was studied by Ambrus et al.
The dissolution rate was improved by formulating the drug as a
nanosuspension using different methods like emulsion diffusion,
high-pressure homogenization, and sonication. SMCR method on
the XRPD patterns of the nanosuspensions was used which revealed
the crystalline form of the drug and the strong interaction between
Meloxicam and the stabilizer [29].

Tablet parametric test
The determination of disintegration time of theophylline tablets
was studied by Donoso and Ghaly using NIR reflectance spectroscopy.
Laboratory disintegration time was compared to near infrared diffuse
reflectance data [30]. Donoso et al. researched the use of the near
infrared diffuse reflectance method to evaluate and quantify the effects
of hardness and porosity on the near infrared spectra of tablets. The
results demonstrated that an increase in tablet hardness and a decrease
in tablets porosity produced an increase in near infrared absorbance
[31]. Ebube et al. evaluated a method using NIR spectroscopy as
a nondestructive technique to differentiate three microcrystalline
cellulose forms in powdered form and in compressed tablets. Avicel
grades PH-I0l, PH-102, and PH-200 were evaluated in their study. The
developed technique was able to identify both in powdered form and in
compressed tablets the three different Avicel grades. The result was not
affected by the presence of a lubricant, magnesium stearate. They also
successfully developed a method for the determination of magnesium
stearate by a multiple linear regression method [32]. Chen et al. used
artificial neural network and partial least squares models for predicting
the drug content in theophylline tablets. A better prediction of drug
content was observed with a partial least squares model than with an
artificial neural network model for drug content greater than or equal
to 5%w/w whereas the artificial neural network model showed better
results than the partial least squares model at less than or equal to 2%
w/w theophylline content [33].

Formulation development
Formulation and evaluation of protein-loaded solid dispersions
by nondestructive methods. Technique used was Powder X-ray
diffraction (PXRD), near infrared chemical imaging (NIR-CI) and the
method used was Principal component analysis and partial least square
regression [34].

Pharmaceutical analysis
Simultaneous determination of ambroxol hydrochloride and
guaifenesin was carried out by HPLC, using principle component
regression (PCR), and partial least squares (PLS) [35].

Conclusion
Chemometrics and its methods are versatile and there is a high level
of abstraction as it characterizes the scientific disciplines extensively
by the application of the statistical and mathematical methods.
Various chemometrics models have been applied for the analysis of
data of a particular manufacturing process, quality control test, or an
instrumental output data with an aim to achieve maximum accuracy,
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precision, and robustness. Chemometric is having wide applications
in the pharmaceutical and medical field. The implementation of
chemometric techniques with a view of ensuring overall production
process control entails the use of analytical techniques capable of
providing accurate results in a simple and rapid manner.
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