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The overall objective of this study is to investigate whether raw material near-

infrared (NIR) spectra can be used to understand and predict the excipient performance. 

The first aim is to investigate the extent that NIR can be used to capture excipient 

physiochemical properties. NIR spectra of microcrystalline cellulose (MCC) sourced 

from multiple manufacturers were obtained. Partial least square discriminate analysis 

(PLSDA) was used to build classification models of MCC manufacturers. The model 

prediction of manufacturer was significant. The classification can be attributable to the 

differences in the content of oxidized cellulose groups, water content and states, 

hydrogen bonding, and degree of polymerization of MCC.  

Second aim is to understand excipient variability and the impacts of their 

variability on performance in a multivariate manner. Thirteen magnesium stearate (MgSt) 

samples from multiple lots, grades and manufacturers were obtained and extensively 

characterized in micrometrics, particle size distribution, specific surface area, thermal 

properties, crystalline structure, NIR and Raman spectra. The excipient performances 



 
 

were assessed in a tablet direct compression process. Multivariate modeling method was 

applied to correlate excipient physiochemical properties, key formulation and processing 

variables to excipient performance. The results showed that MgSt property variations 

within grades are smaller than that of grades and manufacturers. Physiochemical 

properties of MgSt are manufacturer dependent. Excipient performance can be modeled 

and predicted from raw material characterizations. The prediction depends on formulation 

factors and performance of interest. The effects of lubricant properties on lubrication 

sensitivity to prolonged mixing were assessed. It was found that the particle morphology 

was responsible for the lubrication sensitivity. 

The third aim of the study is to test if NIR and Raman spectra can be used as a 

surrogate tool for excipient characterization and performance prediction. The correlation 

between excipient performance and spectra has been examined. It was shown that 

through capturing key physical and chemical properties of materials, NIR spectroscopy 

can be used as an alternative tool to predict excipient performance in some cases. The 

prediction of excipient performance through Raman spectra was not successful. 

These findings demonstrated the application of NIR in conjunction with 

multivariate models as an effective and promising tool to understand raw material 

variability and predict pharmaceutical excipient performance. 
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Chapter 1  Introduction: Excipients in a QbD Era 

1.1 Excipients 

Excipients are used in virtually all drug products. U.S. Pharmacopeia defines 

excipient as “any substance, other than the active drug or prodrug, that has been 

appropriately evaluated for safety, and are included in a drug delivery system to either aid 

processing of the system during manufacture, protect, support or enhance stability, 

bioavailability or patient acceptability, assist in product identification, or enhance any 

other attribute of the overall safety and effectiveness of the drug delivery system during 

storage and use” [1]. As the definition indicates, excipients can come from variety of 

sources: mining of minerals, vegetation, chemical synthesis, formulated products (co-

processed excipients), biotechnology, or animal by-products. The manufacturing 

processes of excipients can be continuous processing or batch processing, comprising 

harvesting, extraction, synthetic chemistry, agglomeration, size reduction and 

fermentation. The scale of manufacture is usually very different from what are commonly 

seen in pharmaceutical product manufacture: most excipients are often manufactured by 

fine chemical companies, only a small portion of whose total output (less than 10%) is 

utilized in the pharmaceutical industry [2, 3]. 

1.2 Excipient Performance 

Although excipients are the non-pharmacologically active portion of the dosage 

form, they are able to help convert active pharmaceutical ingredients (APIs) into 

medicines that can be delivered to patients in an accurate and convenient manner. Thus 

excipients have a profound influence on the therapeutic efficacy, stability, aesthetics, and 

manufacturability of a dosage form. Such purpose or roles of excipients are generally 
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referred as ‘performance’ or ‘functionality’ [4]. 

Excipient performance can only be assessed in the context of a particular 

formulation and manufacturing process. It depends on the active ingredient properties, 

other excipients in the formulation, manufacturing process, intended use in a specific 

dosage forms and patient population, etc. Hence the particular requirements for the 

performance of excipients can be very different. For example, for the materials of 

filler/binder class used in direct compression tablet manufacturing, a key functional role 

they play is to impart desirable manufacturing properties (e.g., compaction properties and 

powder flow) for formulation development and scale-up [5]. Boundary type lubricants in 

solid dosage form production are used to reduce particle-particle or particle-metal friction 

via adherence to solid surfaces where as lubricant film melt under pressure creating a thin 

film around particles reducing friction; surfactants used for emulsification, and wetting 

reduce interfacial tension through a variety of mechanisms; pH modifying agents used 

during processing or storage adjust and maintain pH.  

The function of  a single excipients can be multiple depending on various 

applications [6]. One excipient can serve multiple roles in one formulation; also can serve 

different roles in different formulations. For instance, in a tablet dosage form made from 

direct compression process, microcrystalline cellulose (MCC) is frequently used as a 

filler/binder and disintegrant, while in wet granulation and extrusion-spheronization, it 

usually play an important role in modifying rheological properties of the wet mass. In 

aqueous suspensions formulation, MCC can be used as a suspension aid to provide a 

sufficient disperse phase to make the suspension more stable [7]. Therefore, each type of 

functionality should be evaluated appropriately using most relevant tests to indicate its 
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intended use. For example, for the filler/binder type of use, the powder mass properties, 

e.g., powder flow and compactibility would be critical; while for the rheological 

improver or suspending aid, the rheological properties would be more important to 

evaluate. As a spheronization aid, the action of MCC depends heavily on void volume 

and packing properties which determine water retention and release (pellet quality) 

during extrusion-spheronization, however, the powder particle size, size distribution, and 

porosity were found to have little influence on the extrusion-spheronization process [8, 9]. 

Similarly, as another example, magnesium stearate (MgSt) is commonly used 

lubricant in tablet and capsule manufacturing process. The raw material properties that 

affect its lubricity function, e.g., ejection force during the ejection phase can be used to 

evaluate its function. There are some other studies where MgSt was used as a release 

retardant in high drug loading extended-release matrix tablets due to its hydrophobic 

nature [10, 11]. Therefore, the function evaluation for this would be different, water 

soluble impurities or surface area that affect the dissolution of an API could be more 

appropriate to be used as a functional indicator.  

Given the complex and specific nature of excipient performance, it is difficult to 

anticipate all uses that might be intended by the excipient users. It becomes therefore 

very important to have a strategy to evaluate functional equivalency in a specific 

application. As shown in Table 1.1, for some popular grades of an excipient, e.g., 

microcrystalline cellulose (MCC) and hydroxypropyl methylcellulose (HPMC), 

manufacturers match each other’s products with respect to the principal properties. There 

are clear requirements given as to the data needed to justify an alternative source for 

substitution of a supplier in cGMP practice, and the justification is made even clearer in 
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the recent guidance on QbD (USP-NF General Chapter <1195>). Certificates of analysis 

are one piece of information needed to prepare a justification for using an alternate 

supplier. Typically there are in-process, end product tests including stability testing to 

further assess the manufacturing performance. However, there is little information for 

users and regulators to know whether those products can indeed be substituted without 

manufacturing a test batch. If excipients from different sources are not equivalent in 

function, how to convert one to another would be another important question. This issue 

becomes even more prominent under the globalization of the market which is one of the 

major changes happening in pharmaceutical industry today. With globalization, the 

excipient supply chain get more extended and complex. If companies want to switch or 

include more excipient suppliers, the performance information would be very important 

to them in addition to their chemical identity and strength information. There could be 

several excipients that all meet the compendial requirements but have very different 

performance. Excipient users do not know which one to choose without manufacturing a 

test batch for each of those equivalent grades. This gap can lead to over specification in 

an effort to control all the sources of variation, but the lack of understanding still leaves 

the patient and manufacturer vulnerable to therapeutic and production failures [12].  
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Table 1.1 Comparison of different grades from different manufacturers for (A) MCC and 
(B) HPMC 

Manufacture Grades 
Particle Size, 

µm 
Moisture, %

Loose Bulk 
Density, g/cc 

FMCa 
Avicel 
PH101 

50 3.0-5.0 0.26-0.31 

JRSb 
Vivapur 101 

65 -- 
0.26-0.31 

Emcocel 
50M 

0.25-0.37 

AKCc PH-101 50 2.0-6.0 0.22 

FMC 
Avicel PH-

102 
100 3.0-5.0 0.28-0.33 

JRS 
Vivapur 102 

100 -- 
0.28-0.33 

Emcocel 
90M 

0.25-0.37 

AKC PH-102 90 2.0-6.0 0.3 

FMC 
Avicel PH-

105 
20 NMT 5.0 0.20-0.30 

JRS Vivapur 105 25 -- 0.20-0.26 

AKC PH-F20JP 20 NMT 7.0 0.23 

FMC 
Avicel PH-

200 
180 2.0-5.0 0.29-0.36 

JRS Vivapur 12 180 -- 0.30-0.36 

AKC PH-200 180 2.0-6.0 0.36 

(A) MCC.  aFMC = FMC Biopolymers; bJRS = J Rettenmaier & Söhne GmbH and 
Co.KG, cAKC = Asahi Kasei Corporation 
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Table 1.1 Continued 

Manufacture Product Grades 
Chemical 

Type 
Viscosity of 2% 

solution in water, cps 

Dowd 
METHOCEL™ F4M 

Premium 

Hypromellose 
2906 

-- 

SECe Metolose 65SH 4000 

Ashlandf F4M C 2,700-5,040 

Dow 
METHOCEL™ E10M 

Premium CR 

Hypromellose 
2910 

7500 – 14,000 

SEC Metolose 60SH 10,000 

Ashland E10M 7500 – 14,000 

Dow 
METHOCEL™ K4M 

Premium2 

Hypromellose 
2208 

3,000 – 5,600 

SEC Metolose 90SH 4000 

Ashland K4M 2,700-5,040 

(B) HPMC dDow= The Dow Chemical Company; eSEC= Shin-Etsu Chemical Co. Ltd.; 
fAshland= Ashland Aqualon Functional Ingredients 

1.3 Excipients are Challenging 

Other than the functional equivalency issues, to understand and control impact of 

excipient properties on their performance is a challenge for several reasons: the 

multivariable nature of excipients, variability of excipients as discussed in following 

sections.  
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molecular weight. Apart from impurity, variation even appears on the primary level of 

chemical composition [19].  

With regards to origins, the excipients can derive from natural product, semi-

synthetic and synthetic product. The excipients derived directly from natural source tend 

to be more variable from lot-to-lot, tend to support microbe growth, fungal & bacterial, 

and hence are contaminated from environment, e.g., pesticides, afflation. For instance, 

beeswax may have pesticide residues; and minerals sources and may have heavy metals. 

Therefore the sources of variability for natural products include botanical variability that 

are results from variations in growing conditions, harvesting time, plant part; extraction 

variability; environmental contaminates; and production variability, e.g., particle size and 

processing conditions. 

The excipients monographs in NF illustrate the complexity and possible variation 

sources of discussed issued. There are two lactose related monographs in USP-NF [20]: 

anhydrous lactose and lactose monohydrate. 

“The anhydrous lactose is a β- lactose or a mixture of α-lactose (alpha) and β- 

lactose (beta). The labeling should indicate the relative quantities of alpha and beta 

lactose”; The lactose monohydrate is “a natural disaccharide, obtained from milk, which 

consists of one glucose and one galactose moiety. Lactose Monohydrate may be modified 

as to its physical characteristics. It may contain varying proportions of amorphous 

lactose. The labeling states the particle size distribution and method of modification”  

The variation can come from the chemical composition (α-lactose (alpha) and β- 

lactose (beta) forms), proportions of amorphous lactose, physical modification such as 

particle size, etc. 
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Semisynthetic excipient, e.g., the synthetic derivatives of cellulose, MCC, 

cellulose, Hydroxyethyl cellulose, hydroxyethylmethyle cellulose, cellulose acetate 

phthalate, hydroxypropyl cellulose, etc. This is more popular and active area in excipient 

development as the synthetic steps reduces variability and allows the engineering of tailor 

made properties. Consequently the variability of semisynthetic excipient is from degree 

of modification, molecular weight (related to viscosity, glass transition, etc.) and 

processing aids, complex mixtures (each component has its own properties), production 

variability, e.g., particle size, and all those have implications for stability and 

functionality.  

An example is the hydroxyethyl cellulose NF monograph [20]: “Hydroxyethyl 

Cellulose is a partially substituted poly(hydroxyethyl) ether of cellulose. It is available in 

several grades, varying in viscosity and degree of substitution, and some grades are 

modified to improve their dispersion in water. It may contain suitable anticaking agents”. 

The variation can come from starting material cellulose, degree of substitution of 

cellulose, viscosity, impurities level, etc. 

For the synthetic polymer that are made via total synthetic route, typically from 

petroleum products or byproducts, e.g., povidone, polymethacrylates, polyethylene glycol, 

polyethylene oxide, polyvinyl alcohol. Those are the least variable excipients and 

typically do not support microbe growth. This type of systems designed to be mixed to 

achieve desired range of properties. The sources of variability are degree of 

polymerization, residual solvents and reaction intermediates which can be highly toxic, 

e.g., acrylic monomers; processing aids, and production variability such as particle size. 

In general, the excipient properties variability can be ascribed to systematic and 
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random. The systematic variability is designed into excipient according to different 

manufacturing strategies (intentionally generated by following a different route to 

generation of authentic material grades), e.g., different grades and vendors are produced 

to improve performance, this type of variation is important to understand to optimize a 

formulation performance during production and in vitro-in vivo correlation. There are 

also random variation, such as lot-to-lot variation, introduced through all factors 

discussed previously; or even within a lot variation, e.g., container to container variation, 

which due to the production parameters drift particularly continuous process where a lot 

maybe several days of production. Those variations are important to understand to 

produce robust formulations. 

What make the understanding of excipient variability even more challenging is 

apart from material itself and process of manufacturing the material, the properties and 

variability data are related to techniques that measure the property. For example, there are 

several methods to measure particle size distribution, each one has its own measuring 

principles and sensitivities [21]. Understanding of how the techniques and measurement 

relate to the applications has great influence on the assessing and control of excipient 

variability data and is very important to utilize the data [22]. Table 1.2 demonstrates the 

particle size data of MgSt compiled from open source literature showing the complexity 

of the issue. 
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Table 1.2 Particle size data of MgSt from literature review 

 

Under the U.S. Food and Drug Administration (FDA)’s Critical Path Initiative for 

the 21st century, excipient users and manufacturers are encouraged to use Quality by 
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formulation, process and scale parameters are subjected to analysis simultaneously [38]. 

PCA [39] finds major variability dimension in a given dataset. This way the overall 

variability can be described using a few summarized variables (principal components, 

PCs) that are orthogonal to each other and can be delineated to combination of raw 

variables. PLS [40] can be applied if the objective is to correlate how changes in the raw 

material and process variables impact the performance attributes of a drug product, PLS 

models capture the major variance in X variables and simultaneously maximizing the 

correlation of variance in X to Y variables as product performance or process end point. 

All those techniques share the following in common: (1) reducing the dimensionality and 

describing the overall variability using a few independent derived PCs; (2) explain 

variation in X and correlation between X and Y variables in a quantitative manner; (3) the 

variation can be traced back by decomposing variation into raw variables. Those 

techniques are fundamental techniques used in other types of applications, e.g., 

multivariate process monitoring or control of the entire process.  

These techniques are particularly useful when the variables in question are 

interrelated in nature, e.g., raw material physiochemical properties. An excipient has 

multiple properties that could potentially have effects on its performance. The 

correlations and interactions between excipient properties may also have effects on 

excipient performance attributes. Setting multivariate specifications on raw materials 

properties allows one focus on the derived factors (PCs) that are independent to each 

other. Another advantage of MVA is in its use in setting raw material specification. As 

opposed to the process development process, where tested at lab or pilot scale providing a 

rich data set while a much fewer number of experiments will be conducted at commercial 
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measurement of quality. Implementation of process analytical technology (PAT) as a tool 

for designing and analyzing pharmaceutical development and manufacturing is an 

important concept for meeting the goal of process understanding since integrating 

analytical technology into a manufacturing process allows measurement of Critical 

Quality Attributes (CQA's) all along the entire process which improve process 

understanding and to measure, control, and/or predict quality and performance. PAT 

initiative is about gaining a fundamental understanding the science and engineering that 

underpins the manufacturing of a pharmaceutical product, then applying that 

understanding to intervene and control the manufacturing process, positively influencing 

the quality of the products. 

Raw material identification and qualification is the front end of any successful 

PAT implementation in a QbD paradigm. Chemical component determination is the 

minimum effective and safety requirement. In current practice, this is accomplished by 

identity, chemical purity and pharmacopeial methodologies using laboratory based 

techniques such as titration or HPLC. The material analysis includes not only chemical 

analysis which can differentiate compounds, but also physical analysis that can 

discriminate properties like density, particle size, crystallinity, flow, compressibility and 

morphology. This is due to the fact that with pharmaceutical solid materials, physical 

properties have an equal importance in raw material qualification due to their ability to 

affect how materials will react to different processing conditions. Many pharmaceutical 

processes, such as tablet manufacturing are essentially based upon the handling, mixing, 

modifying and compression of powdered materials. It is the physical properties of the 

materials that have the greatest impact upon product quality, for instance, particle size, 
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surface area, and morphology exert impact on reaction rate, processibility or product 

performance like solubility or stabilities.  

The multivariate and particularly variable nature of pharmaceutical excipients 

presents many challenges to excipient identification and quality as stated above. A 

desirable strategy is to use multivariate measurement that captures all the information 

simultaneously and establish correlation between measurements and performance or 

other critical quality attributes (CQAs) of the finished drug product. Spectroscopic 

features are sensitive to chemical structure, e.g., molecular vibrations that occur at 

specific frequencies for specific compounds, which allows chemicals with almost any 

functional group to be identified within seconds, through absorption peak positions, 

shapes. The spectra characteristics resulted from interactions of light with solids, such as 

specular reflectance, diffuse reflectance, absorption, transmittance, refraction and 

scattering can be used to predict physical properties of a material. Near-infrared 

spectroscopy (NIRS) has been used to characterize complex raw materials for the 

selection of appropriate raw material batches and prediction of its performance (final 

production yield) [41, 42].  

In addition, spectroscopy has become increasingly common in portable 

instrumentation due to their ability to sample through various common sampling media. 

They can be complimentary in providing information. A good example is the NIR and 

Raman spectra. An NIR spectrum offers information of moisture content and particle size. 

It contains broad and generally weak spectral features (due to sampling of overtone and 

combination bands). Raman features tend to be sharper and do not depend on moisture or 

particle size, but if a sample fluoresces, Raman spectral features can be obscured and 
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limit the effectiveness of application. The identification of incoming raw materials is now 

a common spectra application, such as NIRS and Raman [60] for both active 

pharmaceutical ingredient and excipients. Most companies have adopted some form of 

NIR material testing in their supply chain, either in the warehouse and/or in a 

manufacturing operation, to rapidly assess of identity of material.  

Algorithms and chemometric modeling are often utilized in implementation of 

spectra in raw material identification and qualification. Commonly used algorithms 

include library matching algorithm [43], Hit Quality Index (HQI) and conformity index 

(CI) [43-45]. The qualification can be based on distance based methods [43-45] that 

determine whether a sample is within the normal variability range or is subject to over 

limit deviations. If the sample belongs to the same population as the reference product, 

then there is a probability of 99.7% that the distance will be less than three times the 

standard deviation. If the maximum distance is higher than that value, then the sample is 

assigned to a different population which will be verified by analytical measurement. 

Chemometric modeling methods, such as principal component analysis [43, 44], SIMCA 

[43-45] were applied to identify different types of pharmaceutical excipients or same 

pharmaceutical excipients with slightly different physiochemical properties. Multivariate 

classification (pattern recognition methods) relates sample properties to spectral 

variations have discrete values that represent a product identity or a product quality. By 

grouping samples with similar characteristics improves selectivity and hence reduces 

interference between structure similar products. Quantitative prediction modeling 

approach are often used in quality control in way of  predicting analytical targets using 

quantitative calibration models, e.g., moisture content, particle size, specific surface area, 
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polymorphic and pseudopolymorphic forms, amorphous/crystalline ratios, viscosity, and 

gel strength.  

1.5 Conclusion 

Current standards which evaluate the primary physical and chemical properties 

are not sufficiently defined to predict and quantitate the impacts of raw materials 

variation on functional characteristics. Appropriate quantification techniques, which 

could predict lubricant performance prior to tableting, would obviate the costly process of 

tablet reworking caused by an inferior grade of excipients. Raw material quantification 

techniques, indicative of excipients’ performance in specific pharmaceutical products, are 

recommended to assure the safety, efficacy, reliability and reproducibility of all batches 

of manufactured product. A deeper understanding of raw material properties can be useful 

for quantifying and ultimately controlling risk but no assurances (100%) can be 

guaranteed. Despite all the applications and potential that spectroscopy (Raman and NIR) 

demonstrated in pharmaceutical excipient ID and qualifications, there are still many 

questions before NIR can be reliably used in excipient ID, quality and perhaps 

functionality test. This thesis project was designed to answer some of those questions.  
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Chapter 2 Application of Multivariate Strategies to Classification of 

Pharmaceutical Excipient Manufacturers Based on Near-Infrared Spectra 

2.1 Abstract 

A method to classify five manufacturers of commonly used filler/binder, 

microcrystalline cellulose (MCC), was developed using near-infrared (NIR) spectra 

combined with partial least square discriminate analysis (PLSDA). Manufacturer 

represents a combination of subtle differences in the chemical and physical properties of 

excipients. Those differences are often the cause of the divergence in their performance. 

The sample training set includes 39 MCC samples collected from five manufactures with 

regions spanning US, Japan, Taiwan, German and Brazil. The samples from individual 

manufacturer include diverse grades that differ in moisture content, particle size, and bulk 

density. Optimized pretreatment methods were identified as standard normal variate 

normalization, followed by Savitzky-Golay second derivative, mean-centering, and 

orthogonal signal correction. The model was optimized with cross-validation and 

validated with an independent sample set comprising 9 samples collected from those five 

manufacturers. The results showed that none of the samples in independent validation set 

was misclassified. The score and loading plots revealed that the differences in content of 

oxidized cellulose group, water content and states, hydrogen bonding, and degree of 

polymerization of the MCC samples are responsible for the class differentiation. 

Permutation test demonstrated that the outcome of PLSDA model was significantly 

different from that of randomly generated model. The advantages and limitations of the 

method in this type of application were discussed. 
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2.2 Introduction 

With the globalization of the excipient supply chain, the number and diversity of 

excipient suppliers and grades on the market are increasing and the risks related to 

excipients identification and quality control are greater than ever. The multivariate and 

particularly variable nature of pharmaceutical excipients [12] translates into a complex 

risk management of identification and quality. Quick and reliable measurements that 

require minimal sample preparation is highly desirable for these tasks. A desirable 

strategy is one that establishes correlation between measurements and performance in 

finished pharmaceutical product. Quality is a single term but describes the control of 

multiple properties of the material. In practice, various properties are measured to define 

the identity, purity and quality of the material. This approach leads to defining the 

substance based on a series of univariate measurements with limited information of the 

complex interplay between properties. The measured properties on a given material are 

often highly correlated to each other or the measurements are greatly affected by other 

properties [46]. Using multivariate analysis to establish meaningful multivariate 

specification regions on raw material or components has been proposed and discussed 

elsewhere [47]. Correlation involves obtaining multivariate specifications that is defined 

in the latent variable space of a Partial Least Squares (PLS) model. This approach may 

also offer insights into the factors that constitute the performance attributes of the 

material. 

Providing both chemical and physical information that relate to several material 

attributes in one measurement, multiparametric “finger-printing” techniques such as near-

infrared spectroscopy (NIRS) have been proposed to characterize complex raw materials 
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for the selection of appropriate raw material batches and prediction of its performance 

(final production yield) [41, 42]. NIRS can also be used to harness quality information 

that cannot be accurately measured by other techniques. For example, NIRS is sensitive 

to the overtones and combinations of OH bonds that exist in water molecule and spectra 

can be interpreted to provide detailed information of the residual water amount, location, 

and hydrate state in raw materials. This type of information can be very important since it 

was shown that the residual water in raw material have significant effects on their 

performance, e.g., mechanical properties of solids or lubricity of lubricant [48-52]. An 

accurate calibration of NIR spectra for material hydrate composition was developed. It 

was found that NIRS offer better sensitivity and therefore potential accuracy towards 

analysis of small quantities of hydrates than current reference methods such as 

thermogravimetric analysis mass loss on drying (TGA LOD), Karl Fischer titration, and 

differential scanning calorimetry (DSC). The determination of accuracy of NIR PLS 

model is even beyond the capability of present analysis methods for residual water [29]. 

In this sense, application of NIRS in quality control is a step forward to understand the 

difference between the same material produced by different manufacturers and the cause 

of performance variations between them. In the supply chain management, present work 

can help evaluate the degree of closeness between excipient products from different 

manufactures. 

NIRS needs the aid of chemometrics tools in the interpretation of spectra due to 

the inherent convolution of chemical and physical properties. The combination of spectra 

and chemometrics has proven to be a very powerful tool and been commonly used in 

identification or classification of raw materials [45, 53] for conformance and qualification 
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purposes. NIRS has been applied to identify many different types of pharmaceutical 

excipients including starches, sugars and celluloses or chemically similar excipients, e.g., 

cellulose derivatives [42, 54] to name a few. Chemically equivalent excipients, lactose 

(amorphous vs. crystalline) [42] and cellulose (powdered vs. microcrystalline) [55] have 

been classified correctly based on frequency of water peaks in NIR spectra. Ebube et al 

[56] and Gemperline et al [57] used NIR diffuse reflectance spectroscopy as a 

nondestructive analytical technique to identify different types of microcrystalline 

cellulose (MCC) products that differ in particle size, e.g., Avicel® PH-101, PH-102, and 

PH-200. One explanation for particle size differentiation based on NIR spectra is the 

differences in spectral reflectance baseline and peak absorbance from light scattering 

differences. Different grades of the celluloses could be classified as separated groups, 

such as low and high viscosity of ethyl hydroxy ethyl cellulose, low and high degree of 

substitution of hydroxy propyl cellulose [54]. Kreft et al. have developed a NIRS method 

using soft independent modeling classification analogy (SIMCA) to determine povidone 

types that differ in K-value determined by viscosity measurement [58]. More subtle 

variances such as the spectra of ethyl cellulose from two different manufacturers could be 

shown separated using principal component analysis (PCA) [54]. Manufacturers 

acknowledge that subtle differences in physiochemical properties result from different 

starting materials and manufacturing or post-manufacturing conditions [59]. How these 

differences impact the performance characteristics is not well understood. To the best of 

our knowledge, there have been no published studies that systematically model and 

predict different excipient classes in terms of manufacturer. 

One of the reasons for the lack of such type of model is the limited availability of 
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the representative samples from each manufacturer. The methods used in literatures for 

classification of excipients are pattern recognition methods, e.g., SIMCA which requires 

relatively large sample size to build subclasses. In present work, partial least square 

discriminant analysis (PLSDA) was identified as a better choice to address the problem. 

Compared to SIMCA, PLSDA is often applied for classification with small sample size 

[60-62]. Although a good criterion of sample size for PLSDA is not yet given as 

multivariate power calculations are not well understood at the moment [62], it should be 

based on the differences between sample classes. Theoretically, the calibration sample set 

should contain representative and sufficient information to characterize each class. The 

compromise to the flexible sample size requirement is that PLSDA tend to overfit the 

data which leads to artifacts in the prediction results. Therefore, proper validation of the 

classification is very important for PLSDA models. A number of papers published 

recently discussed various aspects of the validation and applications of PLSDA model 

[62-66].  

It is well accepted that starting material and manufacturing process are specific to 

each manufacturer, and these factors will have an effect on the physical and chemical 

properties and performance of an excipient [67-76]. As a multiparametric technique, 

NIRS captures both chemical and physical information can be used to differentiate 

excipient manufacturers. In addition, classifications highlighted in the literature can be 

improved upon by advanced NIRS measurements (higher resolution) and use of 

appropriate chemometric methods. The current state of compendial monographs for these 

excipients allows for a high degree of variance of properties that incorporate many grades, 

manufacturing conditions, and raw material properties. The U.S. Pharmacopeia 
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convention (USP) is investigating new technologies that improve the assessment of 

critical quality attributes necessary to ensure the consistent quality of pharmaceutical 

drug products. Our work aims to apply multivariate strategies to develop a chemometric 

model based on NIR spectra to predict excipient manufacturer regardless of grade 

differentiation for almost identical (i.e., within the identity defined by the USP) material. 

It is expected that excipient grade will show significantly more variance that 

manufacturer variance. Advanced chemometrics will be employed to interpret and 

understand NIR spectra for both types of variance. To the best of our knowledge, subtle 

variances due to manufacturing process or raw materials have not been thoroughly 

investigated for their impact on performance. This study presents the design and 

validation of a chemometric model of NIR spectral data of a common pharmaceutical 

excipient that may be used to correlate with its performance properties. We demonstrate 

that this type of modeling is possible and the use of NIRS as a quality control tool is 

assessed.  

2.3 Materials and Methods 

Microcrystalline cellulose is purified, partially depolymerized cellulose that occurs 

as a white, odorless, tasteless, crystalline powder (37% crystallinity) composed of porous 

particles. It is non-soluble in water and is used as excipient in production of powders and 

tablets as filler/binder, disintegrant, flowability inducer, etc. It is commercially available 

in different particle sizes, bulk density, moisture grades that are intended for different 

applications [20, 77], see Table 2.1. Microcrystalline cellulose is manufactured by 

mineral acid hydrolysis of α-cellulose until the targeted degree of polymerization of 

cellulose is obtained. Starting material is obtained as a pulp from fibrous plant materials, 
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bands are found in the spectral region below 2100 nm. The peak at 1950 nm is attributed 

to the well-known water absorption band and is well resolved from other bands. The 

relatively low intensity broad band at 1600-1800 nm is assigned to the first overtone C-H 

frequency. Strong intensity peaks shown in this region are accompanied by the strong 

intensity in region from 2200-2500 nm. The C-H second overtones are expected at 1150-

1250 nm and were found for all samples. Peaks appearing at 1400-1500 nm are assigned 

to the O-H overtone bands. Bands in this region contain resonance information from both 

polymeric hydroxyl groups and water. Strong bands for MCC in this region are typically 

a result of the large number of OH groups and the preponderance of water in the samples.  

 

 

Figure 2.1 (A) Raw spectra; (B) preprocessed spectra of MCC samples between 
wavelengths of 400 nm and 425 nm and (C) 1400-2500 nm. a the region of 1090-1120nm 
was excluded from analysis. 
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Figure 2.1 Continued 

Two major spectral variances observed by visual inspection are the non-uniform 

baselines and the intensity of the water band (1900-2000 nm). It was reported that with 

diffuse reflecting materials like powder, scattering of light in the NIR region produces 

spectra with non-linearly sloping baselines and varying offset. It was reported that an 

inverse relationship between absorbance at each wavelength and mean particle size was 

found, with complicating effect of small particles below 85 µm [45, 82]. Figure 2.1A 

illustrates that the absorbance of three grades, MICROCEL 200, KG-1000, and 

VIVAPUR 105 with specified median particle sizes of 25, 50, and 180 µm (Table 2.1) 

agree with the inverse relationship. However, the scatter effects can be complicated by 

some other factors, such as sample porosity, particle size range and distribution, materials 

refractive index, absorption properties, wavelength-dependency and instrumental effects 

[45], which explains the observation that this inverse relationship does not exist among 

all the lots tested. Samples with low moisture, such as grade XLM90 with a LOD less 

than 1.5% (Table 2.1), showed lower absorption between the wavelengths of 1900-2000 

nm (Figure 2.1A).  
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The spectral pretreatments have been carefully chosen using cross validation in 

order to improve the model’s performance and robustness. The purpose of preprocessing 

is to reduce, eliminate or standardize the impact of light scattering, path length variations, 

random noise and other noise resulting from various sample properties that are not of 

interest, and focus on predicted variables (Y intensity) related information [42]. The use 

of preprocessing methods strongly depends on the parameter of interest and is a case-by-

case decision [45, 83]. In present work, the ultimate goal of preprocessing is to minimize 

the differences between the spectra of excipient samples of the same manufacturer but 

reserve sufficient information so that the resulting model will have enough discriminatory 

power to address the question of interest, manufacturer differentiation. First of all, 

standard normal variate normalization (SNV) was used to correct baseline variations 

result from scattering effects that are due to particle size, path length, spectrometers or 

environmental conditions. Standard normal variate normalization which normalizes each 

spectrum by the standard deviation of the responses across the entire spectral range is 

particularly useful for diffuse reflectance spectral measurements. Following SNV, 

derivative with appropriate smoothing was selected to minimize the baseline variation 

from wavelength-dependent scattering that often negatively impact primary analysis 

when using reflectance spectroscopy. In addition, derivative treatment can improve band 

resolution and spatial separation of peaks, which is especially useful for our spectra 

where high spectral resolution obtained with the current instrument model that enables 

more information captured in the overlapping bands. Smoothing tools are used to 

mathematically reduce the random noise with a goal of increasing the signal-to-noise 

ratio based on the repeat information contained in adjacent variables. For a given data set, 
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the optimal window size and polynomial order depend on the nature of the data. In this 

analysis, optimized parameter of second derivative combined with Savitzky-Golay (SG) 

(order: 2, window: 21 pt) was selected by applying several combinations and evaluating 

the resultant prediction results. The window size is slightly higher than bandwidth, an 

explanation would be specifically for the investigated problem, classification is more 

important than sample purity and thus less resolution of signals is better. 

Following these two pretreatments, mean-centering was applied to the spectral set. 

It removes the average sample spectrum from all sample spectra in the data set and hence 

the relative differences in intensity at the various wavelengths are easier to discern. It 

allows the PCs to optimally describe the main source of variations in samples [84]. 

Figure 2.1B and Figure 2.1C demonstrates the preprocessed spectra in which the 

differences are more discernible. One significant change of those spectra in comparison 

with the raw spectra is the minimization of the light scattering effects via removing the 

slope of the spectra. Visual inspection of the preprocessed spectra revealed that the 

significant spectral variations were in the regions of 400-425 nm (Figure 2.1B) and 1400-

2500 nm (Figure 2.1C), but the whole spectra range was used to develop the discriminant 

model. It was our consideration that light scattering from different particle size should be 

intentionally minimized although it might be useful for grade differentiation. This is 

because that the variation in particle size is common for the products samples collected 

from each manufacturer and therefore would not beneficial for the manufacturer 

differentiation. It is logical to postulate that complex pre-processing steps may have 

ramifications on the performance of the material if there is a strong correlation to particle 

size. Decisions were made after a thorough investigation as to whether the resulting 
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2.3B) and the third and fourth PCs (Figure 2.3C and D) are attributable to the absorption 

bands between 400-450nm. Major spectra variations that contribute the clusters were 

ascribed to sample moisture variations. Principal component analysis reveals the 

maximum variation in a data set but does not necessarily lead to the clustering that is 

correlated to the variable of interest. In fact, one single dataset can reveal several distinct 

group structures which based on different types of variations in the dataset. Hence a 

higher order discriminate analysis model (supervised modeling method) was employed. 

Supervised methods employ prior knowledge to derived models that best distinguish 

between classes of interest and help improve separation of samples from different 

manufacturers. Partial least square discriminant analysis was chosen for the problem. It is 

used to identify LVs in the designed variable (X) spaces which have maximal covariance 

within the predicted (Y) variables. In another word, it establishes calibration model using 

the information in the spectra that are most relevant to the prediction of excipient 

manufacturer. It is clear showed in the samples/scores plots of PLSDA (Figure 2.2B), 

groups between samples have high correlations with their manufacturers. Examination of 

the loading plots demonstrated the causes of the differentiation which will be explained in 

detail in next section. 
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Figure 2.2 (A) Score plot of PCA; (B) Score plot of PLSDA 
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In contrast to PCA modeling, the OSC preprocessing treatment was further 

applied to the previous preprocessed data. OSC can effectively removes variance in the 

spectra which is irrelevant to the Y-block (manufacturer differentiation) [85]. The 

regression correlation between NIR spectra and manufacturer were emphasized during 

the modeling process. Sample score plots showed clear grouping according to 

manufactures, as shown in Figure 2.2B. The model was developed and cross validation 

guided the selection of optimal number of PCs to ensure not overfit the data. A total of 

approximately 80% of the variation in Y-block can be explained by approximately 92% 

of the X-block variation with six LVs. 

The predicted probability that each sample belongs to each possible class was 

calculated by PLSDA (Figure 2.4). The principles and rationales of probability 

calculation are discussed elsewhere [86]. Plotting this for class 1, all true class 1 samples 

(red triangles) were properly classified with high probability. Likewise, the other four 

classes were classified with high probabilities. If two classes are similar then a sample 

may be assigned to both classes, which leads to misclassification. As shown in Figure 2.4 

A and C, some misclassifications were noted between Class 1 and 4. Upon inspection, the 

probabilities of the samples in these classes showed them to be greater than 0.5. Looking 

at only the independent prediction set which are unknown samples to the calibration 

(samples 118-120,) we can begin to assign the unknowns to the five classes based on the 

calculated probabilities. If the probability was greater than 0.5, this sample will be 

assigned to that class. The independent prediction results reveal that 100% independent 

validation datasets for each manufacturer are correctly classified and no misclassification 

was noted.  
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Figure 2.4 Probability plots of the calibration model for class 1, class 2, class 3, class 4, 
class 5, and misclassified samples 

Partial least squares discriminant analysis model allows maximum discrimination 

among classes on the basis of X-variables (NIR spectra) and their correlation with Y-

variables (manufacturers). Moreover, PLSDA is able to provide a quantitative estimation 

of the discriminatory power of each LV by means of a loading plot which provides the 
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weight at each wavelength according to the ability to achieve discrimination. The 

objective is to classify samples and determine appropriate parameters which allow for the 

characterization and differentiation of different manufacturers. Specific NIR spectral 

differences among the materials from various manufacturers are critical to understanding 

the origin of the discrimination. To this end, we examine the loading plots and 

corresponding score plots for each LV. 

 
Figure 2.5 (A) Scores sample plot; (B) loadings plot on the LV1 

The score plot (Figure 2.5A) on the LV1, demonstrates that there are three levels 

of scores for the five manufacturers, based on which samples from JRS, BL (MT, AK) 

and FMC can be discriminated from each other. The loading plot (Figure 2.5B) reveals 

that the bands at the regions of 400-450 nm, 1300-1500 nm, 1800-2000 nm (O-H 

combination), 2000-2100 nm (O-H combinations) and 2300-2500 nm (C-H combinations) 

have high value and therefore a high correlation with this discrimination. 

The region 400-450 nm is the visible spectrum range, absorption differences in 

this region indicates the existence of different amount of chromophores that have 
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the UV-Vis region [87, 88]. Studies showed that moderate oxidation of cellulose causes 

the formation of a broad UV absorption band with a peak around 260 nm, and a long 

absorption tail towards lower energies up to the visible region. For instance, conjugated 

ketonic groups with vibrational modes around 1610 cm−1 were correlated to the 

chromophores emerging in the range between 230 and 440 nm detected by UV/Vis 

spectroscopy. Other oxidized groups of cellulose could be oxidation of C(6) with the 

formation of an aldehydic group (C(6)=O) or formation of a double bond C(5)=C(6), etc. 

[88, 89]. The causes for different amount of chromophores can be related to the 

manufacturing process parameters, e.g., the extent of the acid hydrolysis, drying 

temperature and duration. Besides, the variations in the raw material which is obtained as 

a pulp from fibrous plant materials plus post production conditions would contribute the 

differences of chromaphores content in the final products. All of those differences are 

written into the products as specific signatures which were detected by Vis-NIR 

spectroscopic measurements, and can be utilized to differentiate between different 

manufactures. 

As a general assignment, bands in the regions of 1300-1500 nm and 1800-2000 

nm are related to the O-H first overtone and O-H combinations, respectively. The 

differences in these two regions may be attributable to the differences in water content. 

As indicated in the PCA LV1 plot, one of the major causes for the separation of the 

products from FMC and MT are the absorption in these two water absorption regions 

although they all conform to USP specifications which specifies that the moisture content 

(LOD) of product MCC should be no more that 7.0% of its weight, or some other tighter 

range as specified in the labeling. Manufacturer’s certificate of analysis data confirmed 
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that the LOD of these two manufacturers are in overlapped range, e.g., FMC samples are 

between 3.0 and 4.5%; while the LOD results for the MT samples are 3.5-4.0%. Given 

the fact that FMC and MT samples used in current study have similar water content, the 

differentiation between samples from those two manufacturers based on water band 

should be due to some other causes. In fact, the bands at 1400-1500 nm result from first 

overtone of O-H which can be in both water and of polymeric type, therefore O-H 

vibration changes related to molecular level interactions like hydrogen bonds (e.g., O-H 

cellulose…O-H cellulose, O-H water…O-H water, O-H water…O-H cellulose), as 

illustrated in Figure 2.6, can be reflected in those regions. Factors such as hydration form, 

stoichometry, crystalline content and forms, and water orientation can affect the intra- 

inter-molecular interaction at functional group level. Additionally, those bands can be 

even more complex and information-rich due to the fact that the molecular level 

interactions can involve alkanic groups as in the region of 1350-1450nm are located 

bands owning to the combination of the first overtone of the C-H stretching mode and the 

C-H deformation mode of cellulose. It was recognized that intra inter molecular 

interactions are very complex in MCC which is hydroscopic and often accompanied by 

moisture content variations. For instance, evaporation of adsorbed water induced 

disruption of inter- and intra-chain H-bonds in MCC. Previous studies demonstrate great 

potential of NIR in disconvolating a complex system as such with various interactions; 

especially interactions involve H-bonds and hydration of water molecules. Based on the 

severe overlapping bands due to the OH groups, NIRS detected differences in the 

location or orientation of the water molecules within the crystal lattices, which could not 

be detected through x-ray powder diffraction, mid IR and DSC and TGA [90]. 
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Information about the interaction between water and MCC was extracted and unraveled 

with powerful tool of chemometrics [91, 92]. Those molecular level interactions have 

great influence on the functionality of MCC. Microcrystalline cellulose is composed of 

an assembly of highly ordered (crystalline) domains, and of disordered (amorphous-like) 

regions. The compatibility of MCC is governed in large part by the amorphous-like part 

as the water absorbed in these regions promotes viscoelasticity by plasticizing effects. 

Water molecules induced inter- and intra- chain H-bonds are responsible for cellulose 

properties. It was suggest that monomeric water molecule adsorption and aggregation of 

water molecules starts at the surface of MCC, which forms inter- and intra- chain H-

bonds of MCC. The stabilization of the H-bond network in MCC at the cellulose-water 

surface can use up to approximately 3-7 wt % of adsorbed water. Furthermore, the Inter-

chain secondary valence hydrogen bond between cellulose polymers is the principal 

mechanism for cellulose’s supramolecular arrangements e.g., the alternate of crystalline 

and amorphous-like regions, and therefore those interactions strongly influence the MCC 

conformation and features such as stiffness and solubility. The differentiation of 

manufacturers based those interactions indicates the possible differences in molecular 

mobility as demonstrated in bulk mechanical properties of MCC in a pharmaceutical 

formulation [91]. 
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Figure 2.6 Illustration of hydrogen bonds in MCC. (A) O-H cellulose…O-H cellulose, (B) 
O-H water…O-H water, and (C) O-H water…O-H cellulose 

The 2200-2500 nm are the most important combination regions for C-H & C-H, 

and C-H and C-C. Hence they provide rich information of the states of alkyl functional 

groups in MCC, such as CH and CH2, which could be vary depending on the degree of 

polymerization, etc. 

Similarly, as shown in Figure 2.7A, based on scores of the LV2, the MCC samples 

of BL can be discriminated from AK. Samples from those two manufactures have 

comparable scores on LV1 and cannot be separated according to LV1 (Figure 2.5A). The 

differentiation was attributable to the band regions of 400-450, 1700, 2100, 2250 and 

2350 nm (Figure 2.7B).  

A B C 
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Figure 2.7 (A) Scores sample plot; (B) loadings plot on the LV2. 

  

Figure 2.8 (A) Scores sample plot; (B) loadings plot on the LV3. 

Figure 2.8A demonstrates that scores on LV3 shows clearly that BL is 

differentiated from FMC, MT and JRS, and this differentiation are highly correlated with 

bands of 400-450 nm and C-H+C-C combinations (2300-2500 nm), as shown in Figure 

2.8B. The rest of the LVs capture 32.7 % (85.3-52.6) more variations in Y-block and 

further improve the discriminant power of the model. 

In summary, the NIR bands on which the manufacturer classification depend are 

related to the differences in the amount of 400 nm-absorption chromaphores, water 
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Table 2.3 Comparison of original model and leave-one manufacturer-out models 

 

Compared to the original model which is based on all manufacturers, the 

prediction results from the models that are developed using any of the four manufactures, 



50 
 

have significant lower sensitivity or specificity in one or two of the predictions of groups 

of Y categories (Table 2.3). This indicates that if the variability of a class is not included 

in the calibration model, the calibration model will not work appropriately for the 

samples that have this type of variation. These ‘unknown’ samples tend to interfere with 

other classes and lead to deteriorative sensitivity and specificity for some of the classes. 

The model only works suitably for the manufacturers that are included in the calibration 

set. The number of classes separated by the PLSDA model dictates the realm of 

manufacturers that can be reliably predicted. 

2.5 Conclusion 

Present study demonstrated that discriminative model based on NIR spectra and 

PLSDA can differentiate manufacturers of MCC. The contributing sources of variance 

that allow the classification are the amount of chromophores of 400nm-500 nm, water 

content and state, molecular level interaction, e.g., hydrogen bonding, and degree of 

polymerization. Removal of any NIR bands that corresponds to that information would 

significantly reduce the predictive power of the model. Some of those variations are not 

captured by the current compendia tests, e.g., water states and hydrogen bonding, but can 

potentially affect the performance of the excipient in finished dosage forms. NIR can be 

very useful to demonstrate the presence of those types of variation and provide excipient 

users with further information related to functional equivalency. The discriminative 

ability combined with other advantages, e.g., rapid and non-destructive analysis, low cost, 

makes this NIR method a promising tool in excipient supply chain management. Our 

study clearly showed that classification methods with high definition NIR spectra can be 

used to discriminate between excipients samples of different sources which may indicate 
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the differences in functionality, based on the physiochemical properties that are specific 

to the manufacturing process or raw material properties. The significance of the current 

study is two-fold. First, we demonstrated the improved discriminative power of using 

NIRS in quality control achieved by using high resolution NIR spectroscopy plus 

advanced chemometric method. This is not only a step further to understand what can be 

different between products from different manufacturers and why the performance 

variations happen when shifting from one manufacturer to another of the same excipients; 

It also served as a basis/justification for NIRS application in quality control in excipient 

supply chain management by correlating those spectra with their performance once data 

is available. Secondly, it was our intention to improve the procedure for qualifying 

excipients via discussions of advantages and limitations of selected chemometric methods 

and therefore better use of NIR in quality control of raw material. It is authors’ realization 

that it would be ideal if we could collect MCC samples with similar range of 

physiochemical properties that defined in compendial test (particle size, bulk density, 

water content and degree of polymerization) from multiple different manufacturers, the 

sample showed disagreement in their performance, and then NIR would separate them 

based on spectra. But in reality we could not collect such a sample set. The current 

research can be interpolated to such a situation since it required more sophisticated 

chemometric methods to achieve higher discriminating power than the ‘ideal’ 

hypothetical case. This is a one-size-fit-all type of model, which means to establish a 

“full predictive” design space due to the wide range of samples collected. It has been 

evaluated and validated using as wide a distributed of samples as possible. However, to 

make it more practical, one would need to develop fit-for-purpose design spaces, e.g., 
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partial models that can be used during the fast test for raw material quality. Besides, to 

interpret data and make decisions by introduction of chemometrics always comes with a 

responsibility to maintenance of the model. Therefore, including more samples of same 

grade and continuously improving, recalibrating, updating and verifying the model with 

new samples will be part of the life cycle management plan.  
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Chapter 3 Elucidating the Variability of Magmesium Stearate and the 

Correlations with Their Spectroscopic Features 

3.1 Abstract 

Thirteen magnesium stearate (MgSt) samples that belong to nine manufacturer 

grades were obtained from three suppliers. The chemical, physical and spectral properties 

of these samples were determined and compared, and the chemical and physical 

properties were related to the near-infrared (NIR) and Raman spectra. The chemical 

composition was examined using gas chromatography and loss on drying. The physical 

characteristics were examined on three levels: molecular level (differential scanning 

calorimetry, thermogravimetric analysis, and powder XRD study), particle level (SEM, 

particle size distribution, specific surface area), and bulk level (pycnometric density, 

loose & tapped bulk density,). The variation in some of the properties ranged from 7 to 

335%, with majority of them ranging by more than 100%. The thirteen samples can be 

categorized into four groups based on solid state properties determined by DSC, TGA and 

PXRD. SEM images revealed two types of morphological features: thin, flat and plate-

like crystal habit vs. irregular crystal habit. The correlations between physical and 

chemical properties were analyzed and explored. For the properties studied, the greatest 

variation was due to differences in manufacturers and perhaps manufacturing methods 

and starting materials. NIR spectra regions of 1350-1550 nm and 1850-2300 nm showed 

significant differences. Slight peak shift and shape differences were seen in Raman 

spectra for some lots. Based on correlations to physical and chemical properties of raw 

material, NIR and Raman spectra showed potential as a rapid technique for evaluating the 

similarity in those properties of excipients. 
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3.2 Introduction 

Pharmaceutical excipients enable dosage form manufacturing and performance, 

and are used in virtually all drug products [95]. Excipient variability is an important 

source of variability affecting drug product quality in the pharmaceutical industry [96, 

97]. Excipients are often derived from natural sources, and for these excipients variation 

may be due to geographic origin and seasonal climate variations. For semisynthetic or 

synthetic excipients, the variation could come from starting material variability and 

manufacturing process variations. In addition, it is common for excipients to be available 

from multiple suppliers and locations. Different suppliers may have different 

manufacturing process or post-manufacturing conditions. As a result, excipients do have 

lot-to-lot and supplier-to-supplier variability [2, 97]. Often, those variations are 

responsible for manufacturing problems, lot rejections and product recalls that happen 

unpredictably through life cycle of drug products [12].  

The implementation of Quality-by-Design (QbD) encourages development of 

formulations and processes robust enough to cope with the intrinsic raw material 

variability of the excipients used in a formulation [96]. QbD requires a thorough 

understanding of pharmaceutical raw materials and manufacturing processes. Specifically, 

for raw materials, understanding how the variability between different lots, manufacturers 

and grades impacts product performance would be critical. Although we do not know 

exactly how and why excipients perform as they do, we do know excipient performance 

is related in some way to their chemical and physical properties. Therefore, 

comprehension of excipient properties via compiling and comparison of excipient 

information from peer-reviewed paper or manufacturer documentation appears as a 
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It has been shown that the structures formed by magnesium salts of fatty acids 

consist of long zigzag hydrocarbon chains, which align themselves side by side and end 

to end (Figure 3.1) [49]. Crystals of these compounds consist of many such layers stacked 

on top of each other [49]. Rao et al demonstrated two types of crystal habits in optical 

microscopic images: 1) thin, flat and plate-like crystal habit and 2) irregular crystal habit 

with agglomerates [15]. A range of morphology features were also reported by Miller et 

al [105]. In addition, due to the alkane fatty acid chain, MgSt is hydrophobic nature and 

almost completely insoluble in water. It can present as anhydrate form [49]; however, it 

also forms hydrates which differ from the parent compound in their physical and 

mechanical properties. Generally as indicated by the differential scanning calorimetry 

(DSC) and thermalgravemetic analysis (TGA) profiles, the type of crystalline and nature 

of water could be very different. It was found that the crystalline water can be in different 

thermodynamic states as pure monohydrate, dihydrate or trihydraters [106]. A mixture of 

different hydrates containing water at different energy levels were commonly seen in 

commercial samples, some vendors have samples comprising more amorphous 

component [15, 28, 102]. In addition, the water can also be present as adsorbed 

noncrystalline water, and often coexist with crystalline water of hydration [15, 28, 98, 

107]. Powder X-ray diffraction patterns were used to study the differences in crystal 

structure. Several types of PXRD patterns were found but the consistency of the pattern is 

confound by the composition and proportion of the fatty acids and content and type of 

hydrates [15, 50, 108, 109].  

On the particle level, particle size (PS) distributions and specific surface area 

(SSA) were observed to be significantly different between products that are supplied by 
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various manufacturers. The particle size analysis of 13 lots of MgSt showed three groups 

of average mean diameter ranged from 0.96-3.1 µm, each group corresponded to a 

vendor [28]. Dansereau et al [101] and Brittain et al [107] found that lubricant particle 

sizes of MgSt from different manufacturers ranged 1.5-10.6 µm. SSA of the samples from 

multiple manufacturers ranged from 1.66 to 14.8 m2/g [15, 28, 101, 107] and Barra et al 

found it was vendor dependent [28]. On the bulk level, pycnometric density ranges from 

0.89-1.16 g/cm3 [30, 101]. The bulk density of all samples were between 0.26 and 0.57 

g/cm3 [101]. A total of four distinct tap density profiles (tap density as a function of 

number of taps) were observed for 13 MgSt lots [28]. 

Few prior studies showed that the MgSt manufactured by the same company were 

very similar in physiochemical properties [28, 101]. The differences in products could be 

the results of different manufacturing methods, conditions or different starting materials. 

There are two production methods of MgSt: (1) fusion method: fatty acids react with a 

magnesium compound such as oxide, hydroxide or acetate at elevated temperatures; (2) 

magnesium chloride react with sodium or ammonium stearate in aqueous solution [110]. 

The preparation method, or manufacturing processing parameters, e.g., reaction 

temperature, or drying process of the precipitated dihydrate phase, has been studied and 

regarded as a potential source of variability [111]. For instance, amount of moisture 

content (crystalline water) which dictates the crystal structure, was found to depend on 

the drying rate and the pH of the precipitation medium during preparation of MgSt [112]. 

The solid state characteristics of MgSt and MgPt powders are influenced by 

manufacturing process variables such as pH, stirring rate and precipitation concentration. 

Powder particles produced under acid conditions had a thin, regular, plate-like 
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appearance whilst those manufactured from alkaline conditions had more irregular 

structure, therefore with more specific surface area. Acid-manufactured powders were 

found to be associated with two molecules of water and had a small degree of structure 

which was disrupted on drying. Materials precipitated from alkaline conditions consist of 

two species-one molecule of MgSt/Pt associated with two molecules of water and minor 

component associated with equimolar proportions of water. It was clear that the shape, 

surface area and moisture content of MgSt and MgPt are clearly influenced by 

manufacturing conditions. It was showed that the importance of bound water in the low 

level structuring of MgSt and MgPt molecules [105].  

In light of concerns described above, especially considering there has been very 

little research that systematically studies the differences in chemical and physical 

properties of the new vegetable source MgSt on the U.S. market, ever since MgSt 

manufacturers converted over from a bovine-derived MgSt to a vegetable derived MgSt, 

one objective of our study is to improve the present state of knowledge of the material 

properties and variability of MgSt among manufacturers, grades and lots. In addition, it 

has long been recognized that spectroscopic techniques, e.g., near-infrared (NIR) and 

Raman spectroscopy can play an important role in raw material identification and even 

qualification. NIR measures both chemical and physical information of raw materials 

[45]. Information provided by Raman spectra can be complementary to that of NIR 

spectra [113]. It was proposed to use spectroscopic techniques as “finger-printing” for 

complex raw material; however, to our best knowledge, so far there is no study that 

investigated raw material variability based on spectroscopic techniques. Moreover, with 

globalization of the supply chain, those techniques could provide a rapid and simple way 
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Table 3.1 Overview of MgSt samples and physiochemical characterization 
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sample was weighed out and heated at 105°C until constant weight was obtained. The 

results were an average of three measurements. 

3.3.2.2 Molecular Level Properties 

Differential scanning calorimetry: DSC analysis was determined with a 

differential scanning calorimeter (2920 Differential Scanning Calorimeter, TA 

instruments, New Castle, DE, US) and data analysis was performed using TA Universal 

Analysis software. The DSC was calibrated with a high-purity indium standard. The 

following optimized heating cycle was performed on each sample of MgSt contained in a 

standard hermetic pan(TA instruments, New Castle, DE, US) with a pinhole and were 

examined from 15°C to 250°C at 2°C /minute and then cooled down at the same rate. 

Each sample was examined in triplicate under a nitrogen purge at 50 mL/minute.  

Thermal gravimetric analysis: TGA measurements were determined with a 

thermal gravimetric analyzer (Pyris1 TGA, Perkin Elmer, Waltham, MA, US) and data 

analysis was performed using Pyris manager software. The temperature of TGA was 

calibrated with alumel and nickel standards. The following standardized heating cycle 

was performed on each sample of approximately 10 mg. MgSt contained in an open pan 

(Perkin Elmer, Waltham, MA). Each of the MgSt samples was examined from 40°C to 

250°C using a scan rate of 10°C/minute under a nitrogen purge at 20 mL/minute.  

Powder X-ray diffraction (PXRD): Experimental powder patterns were measured 

with Bruker D8 Advance powder diffractometer (Billerica, MA, US) equipped with 

LynxEye position sensitive detector using Cu Kα radiation from sealed tube and Ni β-

filter. The measurement was conducted in the range of 2ϑ = 4 to 50  using a 0.014° step 

size and 1 sec/step integration time. 
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3.3.2.3 Particle Level Properties 

Particle size distribution (PSD) analysis: The MgSt samples were dispersed in 

isopropyl alcohol and measured with laser diffraction particle size analyzer (Mastersizer 

S, Malvern, Worcestershire, UK) in wet dispersion mode. Polydisperse model was used 

in analysis mode. The results are an average of three particle size determinations.  

Specific surface area (SSA) analysis: SSA was determined with a Flowsorb II 

Surface Area Analyzer (Micromeritics Instrument Corp., Norcross, GA, US) using the 

“Single-point Brunauer-Emmett-Teller (BET) method” with a mixture of nitrogen and 

helium in a 3:7 v/v ratio (Airgas, Inc., Linthicum Heigh, MD, US). The instrument was 

calibrated with 1 cm3 of nitrogen gas to 2.84 m2 of sample surface and test with Alumina 

standard (Micromeritics Instrument Corp., Norcross, GA, US) before use. 2 g of sample 

was weighed out and predired at 40 °C for 2 hrs under vacuum. 

Scanning Electron Microscopy (SEM): SEM was employed to evaluate particle 

morphology and surface characteristics. Specimen were scattered onto graphite tape on a 

SEM pin mounts. Scanning was done in a Quanta 200 scanning electron microscope (FEI, 

Co., Hillsboro, OR, US) at 2KeV. Signals were collected by using an Everhardt-Thornley 

secondary electron detector. 

3.3.2.4 Bulk Level Properties 

Pycnometric density: Pycnometric density was measured using the helium 

pycnometer (AccuPyc 1330 Gas Pycnometer, Micromeritics, Norcross, GA, US), 

according to USP <699> Density of Solids. Prior to measurements, the instrument was 

calibrated using a stainless steel spheres provided by the manufacturer. Briefly, 

approximately 2.5 g samples were weighed and then introduced in the sample cell. The 
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measurements were performed of average of 10 runs of one sample.  

Poured and tapped bulk densities: The poured bulk density was obtained using 

Scott Volumeter (Model S-64985-10, Steiner Enterprises Inc., Lafayette, IN, USA). The 

result is an average of three measurements. The tapped bulk density was determined 

using Stampfvolumeter (Model Stav 2003, J. Engelsmann A.-G, Ludwigshafen, 

Germany), according to USP < 616 > Bulk and Tapped Density of Powders. The test was 

performed once due to the availability of sample. 

3.3.2.5 Spectroscopic Characterization 

Near-infrared spectroscopy: NIR Spectra were measured with a NIRS XDS Rapid 

Content Analyzer (Metrohm, Columbia, MD, US) from 400 to 2500 nm at 0.5 nm 

resolution. Each spectrum was generated from 32 scans in diffuse reflectance mode 

measured through the bottom of a clear glass vial (Shell vial, 4 mL, Sun-Sri, Rockwood, 

TN, US). Each lot was scanned in triplicates that are obtained from different locations of 

sample container. 

Raman spectroscopy: Raman spectra were acquired using a portable FT-Raman 

analyzer (RamanID, Real-Time Analyzers, Inc., Middletown, CT, US). The laser 

wavelength in the system is 1064 nm, with spectral coverage from 150–3500 cm-1 and a 

resolution of 8 cm-1. The spectra obtained were the result of average of 50 scans. The 

detector is the TEC cooled InGaAs detector. Powder samples were placed in glass vial 

(Shell vial, 4 mL, Sun-Sri, Rockwood, TN, US) placed into a Light-tight compartment in 

horizontal position. The spectra are the average spectra of three samples that are sampled 

at three different locations in the sample container. 
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that found the content of stearic acid and palmitic acid would affect the lubricant 

efficiency. Since the MgSt is synthesized from naturally occurring vegetable sourced 

fatty acid, the difference in fatty acid content indicates the influence of starting material 

variation on sample purity. 

 

Figure 3.2 Median particle size vs. stearic acid content of MgSt samples for samples that 
have similar morphology in SEM 

3.4.1.2 LOD 

The LOD results range from 3.19 to 5.56% (Table 3.1). All samples met the NF 

specification of a LOD that is not more than 6%; sample 6 the dihydrate grade 

(confirmed by DSC) had the highest value. The molecular weight of MgSt, 

Mg(C18H35O2)2, is 591.27 g/mol. The water of crystallization in the mono, di and 

trihydrates would theoretically be 2.95, 5.74 and 8.37% of the material weight, 

respectively, assuming the sample is pure MgSt. The total water content in all of the 

batches, as determined by LOD indicates the batches examined could, in theory, consist 

of a mixture of hydrates, along with adsorbed water. For the materials that have an 

anhydrous form, the majority of water is adsorbed water, although the water content is 
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was the melting point, however, it was our observation that the powder of MgSt did not 

melt completely after this temperature. Therefore it is more likely some kind of phase 

transformation. There was a small peak at 210°C on DSC profile indicating existence of 

impurity. The theoretical water content of MgSt monohydrate is 2.95%. Comparing LOD 

results and theoretical water content, slight increase of water content as measured using 

LOD comparing to theoretical value can be explained as free bound water absorbed on 

the sample lattice, as confirmed by the TGA result. The first stage mass loss below 60°C 

was small (0.560% of the total mass), indicating evaporation of unassociated water over 

the 35-75°C (peak at around 50°C) range. The continuous mass loss above 180°C on 

TGA indicates decomposition. Compared to the TGA temperature range in above 

reference and DSC result, there is slightly peak shift to higher temperature end due to the 

higher heating rate. Some samples were also examined at 5°C/minute in an attempt to 

correlate with the DSC findings and to identify the DSC endotherm peaks associated with 

volatiles’ loss. The TGA curves between heating rates of 10, 5 and 2°C /minute were very 

similar except that at the lower rate, the initial temperature and final temperature shifted 

about 8-15°C to the lower end depending on the sample. After analysis, all of the samples 

were melt and transparent.  

Group 2 Dihydrate 

From manufacturer’s specification, Sample 6 of CM is highly pure MgSt dihydate 

and the thermograms are consistent with MgSt dihydrate showed in the work of Sharpe, 

et al and from manufacturer [29, 49]. There was a dehydration endotherm exhibited a 

maximum of 81°C; a phase transition was noted at 120°C (Figure 3.3A, Group 2). The 

TGA exhibits one smooth continuous mass loss over 70-120°C with inflection around 



69 
 

95°C. No significant loss of unassociated water was observed. From the temperature of 

hydrate loss, the lattice water of the dihydrate phase is less tightly bound than that of the 

monohydrate phase. 

Group 3 Mono and Dihydrate Mixture 

Samples from manufacturer PG except grade MF-3-V (Sample 11) were assigned 

to Group 3 (Table 3.1). There were four peaks in DSC profile (Figure 3.3A, Group 3), 

among which the first and second were not well resolved and the third and fourth were 

not well resolved. Similar to the profile of Group 1, the peak around 100°C was the 

dehydration of monohydrate in MgSt sample, and the one sharp peak around 126°C 

indicated phase transformation. The spectra can be reconstructed by linear combinations 

of that of Group 1 and that of Group 2 which was declared as highly pure dihydrate by 

the manufacturer [99]. The TGA mass losses were characterized into three stages (Figure 

3.3B, Group 3). The first stage mass loss was between 80-100°C with inflection point at 

91.5°C and loses 2.243% of weight. The second-stage mass losses started about 100°C 

and ended at 130°C with an inflection point around 116°C. The temperature range is 

similar as the Group 1 stage 2, indicating weight loss was due to the same type of 

hydration (monohydrate). The first two stages of weight loss indicate there are two 

different kinds of water hydrations, and temperature ranges were overlapped with Groups 

1 and 2. Therefore the samples in Group 3 could be mixture of monohydrate and 

dihydrate. The presence of dihydrate explains the slight higher water content than the 

theoretical value of MgSt monohydrate, especially considering there was virtually no free 

bound water detected by TGA. The third weight loss on TGA starts about 180°C due to 

decomposition.  
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Group 4 Anhydrous form 

DSC profiles of samples from manufacturer S exhibited broad, low temperature 

endotherms (Figure 3.3A, Group 4) indicating it is a phase change of some type [49]. 

However, it was accompanied by weight loss as indicated in TGA profile indicating loose 

bound water present in the sample. TGA profiles of samples from S (Figure 3.3B, Group 

4) show three major weight losses. In fact, a close examination using nitrogen flow at RT, 

show that this group material started losing weight at RT as dry nitrogen was set to flow 

through the cell, which indicates freely bound water. The first two stages of weight loss 

was fused step including both unbound surface moisture loss and some type of hydration 

water loss. Majority mass loss occurred gradually below 100°C, followed by a smaller 

mass loss around 110°C. Given the temperature range that the hydrate loss occurs, the 

hydrate is supposed to be in different thermodynamic stage, which means different type 

of hydrate than those seen in Groups 1 and 2. This is same type of MgSt seen in Bracconi 

and Brauner’s studies [98, 114]. There was also a stage of continuous weight loss starts 

from 180°C attributable to decomposition.  
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As presented in Figure 3.4, samples from CM and Sample 11 were assigned as 

Group 1 since they present similar patterns with a triplet appearing 21-23°. There were 

relatively well-defined, sharp peaks at 2θ of 5.3, 7.0, 8.9, and 12.4°. The two low angle 

reflections at 2θ of 5.3 and 8.9° can be identified with the [0 0 3] and [0 0 5] harmonics. 

This pattern agrees with manufacturer pattern of monohydrate MgSt [99].  

Pattern of Sample 6 (Figure 3.4, Group 2) of CM has well-resolved and relatively 

sharp peaks at 5.1, 8.5, 21.5, 23.7, 25.2, 30.2 and 38.9°, which differs from rest patterns. 

This a typical dihydrate crystalline profile of MgSt as indicated in published 

diffractograms [99, 102].  

The position of prominent peaks in the pattern 3 (Samples 9 and 10, of PG) 

resemble pattern 1 in general. However, instead of having a single peak around 2θ of 5.3 

and 8.9°, in pattern 3, those peaks split and have small shoulder on their left side. Patterns 

of Samples 9 & 10 are similar to pattern 1 in 21-23° regions but have slightly different 

distribution of intensities and have a shoulder on its right side. Besides, the samples have 

more tiny well defined peaks in the 2θ region over 8-12° compare to that of Group 1 

samples. It was revealed that the crystalline structure of Sample 11 is in between of 

Groups 1 and 2, but resemble pattern 1 to a higher degree. The major intense peaks look 

like pattern 1, while bear a resemblance to pattern 2 in the peak region between 14-30° in 

terms of minor peaks. DSC detect differences at milli-gram level however the PXRD 

detect differences at molecular level. It was possible that Sample 11 present small 

amounts of other types of hydrates in the material, and those hydrates may have been 

present in too small an amount to be reliably detected by DSC. This could be attributable 

to the possibility that Sample 11 is a mixture of monohydrate and dihydrate, but the 
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dihydrate exists in such a small content that PXRD can detect it but not with DSC. 

The samples from S (Group 4: Samples 12 & 13) are quite different from others 

mainly due to single broad 2θ peak extending from 16 to 25° and smaller peaks at 5.3 and 

9.2°. The single broad peak, obtained in the 2θ = 16-25° area suggests that they are 

arranged in irregularly spaced parallel planes due to either have a large particle size 

causing interferences or present a para-crystalline state or an anhydrous crystalline 

structure (rotator phase) [28, 109]. From the particle size measurements, the possibility of 

large particle interference is excluded. This pattern is indicative of poorly crystallized 

form and majorly anhydrous crystalline structure [15, 102, 109]. The trace amount of 

hydrate type indicated in DSC and TGA measurement could be the trihydrate since the 

dehydration peak appeared at different temperature than that of monohydrate and 

dihydrates. Furthermore, it was reported that anhydrous MgSt can be converted to MgSt 

trihydrate directly [49]. The majority water content determined by LOD was free bound 

adsorbed water. 
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Figure 3.9 Enlarged NIR spectra regions of (A) 1350-1550 nm; (B) 1800-2100 nm 

Figure 3.8 demonstrates the whole NIR spectra of the investigated samples. Visual 

inspection revealed that, the major spectral differences between samples were seen in the 

regions of: 1390-1450 nm and 1880-2100 nm (Figure 3.9). Bands assignments were 

examined to further understand the correlation between physiochemical properties and 

the spectra. Table 3.2 summarized major functional groups bands of the MgSt NIR 

spectra. The bands between 1390-1450 nm and 1880-2100 nm are attributable to OH first 

overtone and OH combination vibrations, which contain information about the state of 

water. As shown in Figure 3.9A, the NIR spectra of monohydrate grade Group 1 in DSC, 

monohydrate, has a peak at 1419 nm and 1926 nm. Compared to the Group 1, features of 

Group 2 (dihydrate) at the 1419 nm diminishes and the 1926 nm feature shifts toward 

1958 nm. Therefore, the peak intensity at 1926 and 1958 nm may indicate the ratio of 

monohydrate and dihydrate. Figure 3.10 is the 2nd derivate of the spectra and it 

specifically shows that Sample 9 (Group 3) contains a small portion of dihydrate that can 

be detected by DSC; however, Sample 11 does not contain dihydrate, just as any other 

samples in Group 1 that is based on DSC, TGA and PXRD. The Group 4 showed 

different feature in the water regions attributable to the water state differences. This 
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observation agrees with literature data [29]. The feature differences in regions 1700-

1760nm, and 2250-2500 nm, are due to CH first overtone and CH combinations and 

therefore specifically in the case of MgSt, imply variations in hydrophobic group CH2 

composition and states. The variations in the baseline offset indicate differences in 

physical properties difference, e.g., particle size, density. However, there was no direct 

correlation observed between the slope and mean particle size. 

Table 3.2 Bands associated with MgSt in NIR spectra [115]  

Wavelength 

(nm) Assignment Functional Group 

1392 CH 1st overtone combinations CH2, CH3 

1418 

CH 1st overtone combinations; OH 1st 

overtone CH2, H2O 

1729 CH 1st overtone CH2, CH3 

1766 CH 1st overtone CH2, CH3 

1926 OH combinations H2O 

1958 OH combinations H2O 

2312 CH + CH combinations CH2 

2352 CH + CH combinations CH2 
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Figure 3.10 Second derivatives of NIR spectra in region of 1900-1980 nm 

3.4.5.2 Raman Spectra 

The Raman spectra of complete set of MgSt samples are displayed in Figure 3.11. In 

Raman spectra, the vibrational modes that exhibit the strongest intensities are those 

functional groups that are characterized by high degrees of polarizability [113].The 

baseline shift/offset between 1000-2800 cm-1 was seen for the samples in Group 3 due to 

florescence. Table 3.3 demonstrated the band assignments to corresponding functional 

groups. Some subtle spectral differences can be observed. One of the spectral differences 

is in the peak position: peak position shift can be detected for the peak around 1438-1460 

cm-1: for Sample 6, the peaks at 1438 and 1457 cm-1 were shifted to 1440 and 1460 cm-1, 

respectively (Figure 3.12A). Similarly, the majority of samples have a peak at 2847 and 

2882 cm-1, while sample 6, those peaks shifted to the right at 2850 and 2885 cm-1, 

respectively (Figure 3.12B). The peaks in those two regions are attributable to CH 
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stretching vibrations and CH3 and CH2 deformation vibrations [116], the bands occurring 

at higher frequency region (shift to right) indicate more energy is required by the stretch 

or deform of CH in Sample 6 than those in other samples. This may due the crystalline 

type of dihydrate are more rigid and requires more energy to vibrate. In addition, the peak 

shape differences can be observed as well, Sample 6 has a broader peak at 2848 cm-1 

compared to the rest of the samples. The shapes of peaks are rather different, for sample 

from S, the center of the peak around 2882 cm-1 are to the left and for Sample 6, that peak 

is to the right. Samples from S have less percentage/different type of crystalline, which 

explains the energy differences required for vibration of CH bond, as show in the band 

position. In addition, the ratio of the peak intensity for bands at 2848 cm-1 and 2883 cm-1 

are quite different, which may be related to relative compositions and states of methyl 

and methylene groups in the materials, therefore, may correlate to the degree of 

hydrophobicity of MgSt samples [117]. In summary, the differences seen in Raman 

spectra are related to crystalline type and structure and fatty acid chain. The crystalline 

difference is attributable, at least in part, to the hydrate type and structure. 
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Figure 3.11 Raman spectra of all samples 

 

Figure 3.12 (A) Enlarged Raman spectra region of 1380-1520 cm-1; (B) enlarged Raman 
spectra region of 2750-3050 cm-1 
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physiochemical properties. The closer they are, the more similarity they have. It hence 

indicates general variations among lots, grades and manufacturers. For instance, the 

different lots of same grade (samples in circles of dotted line, i.e., 1 & 2, 3 & 4 & 5, 12 & 

13) appear to have more similarity and less variation than the samples from different 

manufacturers. The loadings plot shows the contribution of individual physiochemical 

properties to the distribution of tested samples in the score plot when projected along the 

principal component vector. Loadings plot provides information regarding the 

relationships between variables. The bulk and tapped densities appear very close to each 

other and are highly correlated. The pycnometric density, bulk and tapped densities, PS 

span, stearic acid content were the major variables for the present system with a high 

impact on the first PC, whereas particle size and moisture content have higher impact on 

the second PC. Specific surface area and particle size contribute to the third PC, and 

particle size, stearic acid content as well as moisture content are related to the fourth PC. 

The variable of DSC profiles distribute separately in the PCA model space and are close 

to the corresponding samples, which make DSC pattern a clear contributor to the sample 

grouping based on all PCs. 

To summarize, based on nearly all the variations (96%) in the characterized 

properties, the grouping of PCA results are generally related to the manufacturer, 

therefore, the variations are quite manufacturer dependent. Those variations may come 

from the processing history of the material (production, drying and storage conditions), 

such as manufacturing method used by the vendors including fusion and precipitate 

methods. Even for the same type of method, e.g., precipitate method, temperature of 

precipitation, size reduction techniques, etc. would result in variations seen in different 
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the type of experimental techniques, procedures, and completeness of testing condition 

records. It is almost impossible to identify the source of discrepancies with different 

measuring techniques and lacking of important experimental information [22]. Therefore, 

appropriate and standardized methods which are based on thorough understanding of the 

material and mechanism of measurements are critical for the use of the data. Calibration 

of instrument and test instrument with known standards is the least to ensure quality and 

comparability of measurements. The issue could be more complex than it appears, Andres 

et al. demonstrated that prior thermal treatment and degassing can modify characteristics 

of the physical adsorption of nitrogen on magnesium stearate, and therefore the 

determination of surface area may be affected to a point that the usefulness of a continued 

utilization of the technique and the significance of the data values already reported in the 

literature would be seriously questioned [46]. Another example would be, it was reported 

that in some cases, it can be difficult to obtain reproducible DSC data [98], and claimed 

that this reproducibility problem might be due to sample inhomogeneity and to small 

sample size. We encountered a similar problem while we used the same DSC methods: 

2.5 °C /min, hermetic sealed aluminum pan. As Figure 3.14A shows, using this methods, 

the DSC profiles were not repeatable for three independently sampled material of same 

lot. However, when we change to another condition: pinhole on the sealed pan and 

heating rate of 2°C /min, the profiles appear same for three independent sample 

measurements (Figure 3.14B). This is one of the examples that the most appropriate 

measurement method is based on understanding the system and mechanism, which pave 

the way towards the quantitative assessment of material properties and, eventually, the 

understanding of the properties and relations between those properties and its lubricating 
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hydration contained within the monohydrate phase was more tightly bound than was the 

water of hydration within the dihydrate phases since the dehydration step takes place at a 

significantly higher temperature than did for the dihydrate phase. The dehydration onset 

temperature accounts for the differences in their ease of removal as noted in the thermal 

analysis studies [49]. When the hydrogen bonding is weak, water molecules aid hydrate 

stabilization primarily by their space-filling capacity and the bonding would be non-

specific, this type of hydrogen bond would show different thermodynamic features. They 

can be present as either adsorbed water or as crystalline water. Those different types of 

water may be at different energy levels. The mechanism of how the layer structure reacts 

with water would be very interesting and important to explain, but beyond the scope of 

current study, interested reader can refer to Zografi’s work [119]. Additional experiments 

and specific literature review would be useful to develop an interpretation and to show 

how those differences impact the performance. The presented data has the merit of 

further emphasizing the physical chemical complexity of the system of concern and 

possibly raising interest for its investigation.  

3.5 Conclusion 

For the investigated MgSt samples, the variations within grades are generally 

smaller than the variation between grades and that between manufacturers. The 

physiochemical properties variations are manufacturer dependent. The variations in 

physiochemical properties can be correlated to their NIR spectra through C-H absorbance 

(the presence of methyl and methylene groups), O-H vibrations (hydration states), as well 

as slope of baseline shift (physical properties, e.g., bulk density). The properties and 

variations are related to Raman spectra through methyl and methylene group, which may 
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indicate the polymorphism and hydrophobicity of MgSt samples. Therefore, NIR and 

Raman spectra showed great potential as a rapid technique for evaluating similarity in 

physiochemical properties of excipients. Some relevant information and issues were 

discussed and hope to raise interest for further study. The relation of these properties to 

material performance as a lubricant would be the next logical step in the materials 

research process. The investigation of the effects of those properties and variations on the 

performance, and how these various samples act as tablet lubricants will be documented 

in next chapter.  
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Chapter 4 The Application of Multivariate Analysis for the Incorporation of 

Raw Material Variability into Prediction Models of Product Performance 

4.1 Abstract 

Excipient chemical and physical properties can have a substantial influence on 

product quality, and the variability in these critical attributes can adversely affect product 

quality. The objective of this research was to understand how the properties of 

magnesium stearate (MgSt) affect product performance in a quantitative manner using 

multivariate modeling methods that predict lubricant performance in direct compression 

tablet formulations using MgSt properties, key formulation variables and process 

variables. Furthermore, this study explores the feasibility of using spectra as a surrogate 

measurement of physiochemical properties for the prediction of product performance. 

The material properties studied include fatty acid composition, loss on drying, absolute 

density, loose bulk density, tapped density, particle size distribution, specific surface area, 

thermal properties measured by differential scanning calorimetry and thermal gravimetric 

analysis, crystalline form measured using powder X-ray diffraction of MgSt; the 

formulation variables investigated were MgSt concentration and filler type. The key 

process parameter investigated was compression force (CF). The performance attributes 

(PAs) studied were tablet ejection force (EF), tablet breaking force (BF) and 

disintegration time (DT). Thirteen different MgSt lots were studied using a 33 factorial 

design. Specifically, each of the three fillers: microcrystalline cellulose (MCC), lactose or 

dibasic calcium phosphate (DiCal) was lubricated with MgSt at three levels of 0.5, 1.0, 

and 1.5% by weight percentage. Blends were subjected to direct tablet compression with 

a rotary tablet press at three CFs, and the PAs were assessed. Partial Least Square (PLS) 
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models were developed and validated to predict PAs from raw material properties. It was 

found that the prediction of MgSt performance from its properties greatly depends on 

filler type and PAs of interest. In the case that the key responsible physiochemical 

properties for material performance can be sufficiently captured by NIR spectra, the 

spectra can be used as an alternative tool to predict excipient performance. 

4.2 Introduction 

After characterizing the variation among MgSt samples in Chapter 3, it is logical 

to investigate how these variations affect lubricant performance. This understanding is 

also an important aspect of drug product development when using a Quality-by-Design 

(QbD) paradigm. In previous research, many of the chemical physical properties of MgSt 

have been studied and related to product quality. The effect of MgSt chemical 

composition on lubrication efficacy has been extensively studied. It has been shown that 

MgSt samples with different chemical compositions have exhibited same lubrication 

efficacy [30, 50, 101]. Others discovered that the best lubricant far superior to the 

technical grade of MgSt had a composition of 25 % MgSt:75% magnesium palmitate 

[120]. Ertel et al showed that the lubricating properties are correlated with the water 

content and crystalline structure [50]. Barra et al determined that adsorbed water does not 

appear to affect lubricity, whereas the addition of a crystalline water molecule in a 

dihydrate MgSt structure decreased the lubricant efficiency [28]. Wada and Matsubara 

found the lubricating properties can be correlated to their DSC profiles, which depend on 

the water content and the state of water in the crystal structure. The addition of water 

resulted improved lubrication performance [48].  
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It has been reported that the powder X-ray crystal structure and the presence of 

hydrates in the MgSt samples have an influence on the lubrication performance [15, 48, 

121, 122]: plate like crystals with longer lattice space and less agglomeration and small 

particle sizes with higher surface areas have lower ejection forces. Dihydrates were found 

to improve the lubrication efficacy by delaminating to a greater extent than monohydrate. 

A study showed that pure MgSt monohydrate or pure dihydrate exhibited lower lubricity 

and thus lower tendency to over-lubrication than a mixture of hydrate forms [99]. 

However, there were exceptions to these empirical observations [15].  

The lubrication properties correlated with particle size distributions and SSA: the 

batch with a smaller particle size and larger specific surface area had considerably better 

lubricity, but produced lower tensile strength, increased friability and greater variation in 

tablet friability [28, 30, 101]. However, other researchers did not find any evidence for 

the effect of particle size, SSA, bulk density, MgSt content, melting point or total 

enthalpy on lubrication efficiency [50, 120, 123].  

To date, the authors could not find any studies in the literature that established a 

definite correlation between a single MgSt property and lubricant performance. As 

reviewed above, researchers have found situations where a MgSt property, to varying 

extents, contributes towards lubrication efficacy. In addition, it is difficult to compare the 

samples from these different studies, because they vary in many different properties such 

as particle size crystal form and surface area. This makes comparisons more difficult 

because some properties like the solid-state form could overshadow other properties like 

particle size [15]. These multivariate correlations between properties add complexity to 

current subject. For instance, changes of MgSt crystalline structure was observed after 
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modification of moisture content [50, 124, 125], the difference in their d-spacing can be 

contributed to the different proportions of fatty acids, which ultimately dictates the 

crystal structure [15]. The increase in SSA and density were observed with increasing 

moisture content [46]. Those correlations are complex, depending on the influence of 

other properties, e.g., morphological properties (Chapter 3). Furthermore, concrete 

conclusions are hard to drawn due to the sample availability in a specific experimental 

design, e.g., if the commercial MgSt exhibited only slight difference in their fatty acid 

composition and moisture content, the conclusion cannot be drawn with regard to 

determining those effects of commercial samples.  

To better establish the relationships between the physiochemical properties of 

MgSt and lubricant performance, great efforts were made to create materials with 

controlled property changes. For example, researchers have created new technical MgSt 

grades by milling [28] or synthesizing and characterizing high purity materials, MgSt and 

MgPt [105]. Using those approaches, the understanding was greatly improved but the 

properties that can be examined by this approach are limited and the created materials 

may not be representative of commercial products on the market, either inferior [30] or 

superior [120]. Besides, the complex interplay between properties of a single material or 

between components of a formulation impedes the design of experiments and following 

data analysis that are based on classical multilinear regression (MLR). Typically, the 

understanding of excipient effects on performance is essentially multivariate in nature. 

An excipient has multiple properties that could potentially have effects on its 

performance. There are multiple excipients in a formulation, each excipient has multiple 

properties that could impact product performance, and the interactions between excipient 
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properties may also have effects on excipient performance attributes (PAs). In addition, 

influence of manufacturing process should be part of understanding. Therefore, following 

the nature of the problem, multivariate methodologies, such as PLS are often used in 

these situations. PLS is an efficient method for constructing predictive models when there 

are many factors that are collinear; this is in contrast to MLR which can be inefficient or 

inappropriate when the variables are correlated [126]. It was used for defining 

multivariate specifications on incoming raw material based on their multiple 

physiochemical properties with consideration of the effects from process operation and 

scale [37, 127]. It is also often used as a basic technique to quantitatively define design 

space under the QbD initiative, i.e., “a multidimensional combination and interaction of 

input variables (raw material attributes and process parameters) that have been 

demonstrated to provide assurance of quality” [128, 129].  

Rapid spectroscopic techniques such as NIR and Raman can capture multifaceted 

property information about a material, and have been proposed to characterize complex 

materials [45, 113, 130]. Our previous study demonstrated that NIR spectra features can 

be related to MgSt properties such as water content, water state, fatty acid chain 

properties, and physical properties such as particle size; Raman spectra features were 

majorly correlated to hydrophobic group CH2 composition and states [131]. Thus, it is 

logical to further examine if those spectra features can be related to the material 

performance, and therefore used in predictions of end product performance. The further 

investigation of the correlations between spectra and product performance will provide 

support for using spectra as a surrogate tool for physical and chemical characterization of 

an excipient as part of a quality management program. In addition, the rapid, multi-
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were evaluated by PLS regression methods using MATLAB R2011b (The Mathworks, 

Inc., Natick, MA) and PLS toolbox (Eigenvector Research, Inc., Wenatchee, WA). Prior 

to modeling, pretreatment method of autoscaling was applied to X matrix and mean-

centering was applied to Y matrix.  

The dataset was divided in two sets: set 1 contained ten lots of MgSt at the 

boarders of the sample space of PCA results [131] were used as the calibration dataset for 

model development. The chosen samples ensure the calibration dataset cover the range of 

parameter variability from the available MgSt samples. The calibration set contained 

approximately 3/4 of the available samples; set 2 contained three lots of MgSt that were 

completely set aside during model development were used for validation in order to truly 

challenge the predictive ability of the models. The models were calculated using the 

venetian blind w/10 splits cross-validation feature in PLSToolbox; Model assessments 

were made by computing the root mean square errors of validation (RMSECV) and the 

correlation coefficient, R2, between predicted and measured values. Performance of 

calibration models was assessed and validated by the root mean square errors of 

predictions (i.e., RMSEP). 

Variable selection method, interval PLS (IPLS) [86] was used to identify the most 

important variables for the prediction of MgSt performance and optimize the model. The 

regression coefficients were calculated to quantify influences of variables on the 

prediction of MgSt performance. The IPLS search on pre-processed spectra was first in a 

forward mode and then followed by a backward mode using an interval size of 1, step 

size of 1, manual interval number selection until the RMSECV does not improve 

(P>0.05). The maximum LVs number was set at 10. The IPLS variable selection was also 
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checked against the Variable Importance for Projection (VIP) scores provided by the 

PLSToolbox software. VIP is normally more broadly available than IPLS in 

chemometrics’s packages. Our results showed that both selection strategies had a good 

agreement on the most significant variables. However, in the few cases for which IPLS 

selected variables that have VIP below the usually accepted unity threshold. Generally, 

the use of IPLS selected variables lead to superior predictive ability when compare to VIP. 
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Table 4.1 Summary of data matrix (Partially modified from Table 3.1) 
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Table 4.1 Continued 

 

a pycnometric density, b bulk density, c tapped density, d median particle size, e particle 
size span, f specific surface area, h stearic acid content.  
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Figure 4.1 NIRS calibrations for performance attributes in three different binary systems. 
(A) MCC BF, (B) MCC DT, Logarithm transform was applied on DT (C) MCC DT, (D) 
lactose EF, (E) lactose BF, (F) lactose DT, (G) DiCal EF, (H) DiCal BF. (Closed circles 
(●) calibration samples; closed triangles (▼) validation samples)  

RMSEC: root mean square error of calibration; RMSECV: the root mean square error of 
cross-validation; RMSEP: the root mean square error of external validation; R2 is 
calculated as the square of the correlation coefficient between the X and Y axes plotted in 
the figure. It demonstrates the cumulative sum of squares of prediction obtained from 
cross-validation. *The EF measurements of MCC binary mixture are less than the lower 
limit of measurement range of current instrumental setting. *The DT measurements of 
DiCal binary mixture were greater than 6 hrs. 
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Figure 4.1 Continued 

The performance of the models, i.e., the ability to predict PAs from X matrix, 

depends on the PAs of interest. For the three systems studied, the model for BF (Figure 

4.1A, E, and H) and EF (Figure 4.1D and G) greater than 92% (R2 CV) variance in Y 

were captured by the model; however, for DT (Figure 4.1B and F), only 85% variance in 

PAs were captured by the models. In addition, a slight overall curvature was observed for 

the DT models of MCC (Figure 4.1C) and lactose (Figure 4.1F). One of the reasons is the 

reference method disintegration test itself. It is a general in vitro test reflecting the size 
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decrease with increasing MgSt concentration. However, for DiCal tablets, Figure 4.2F 

and G show that in the parameter ranges investigated, neither the EF or BF are sensitive 

to the changes in MgSt level; properties of MgSt do not have significant contribution to 

the prediction of BF and EF either. This is not uncommon and can be explained in part by 

the mechanism by which the materials deform [103, 142]. It is widely accepted that the 

impact of a lubricant on tablet mechanical strength is dependent on the material-bonding 

mechanism and concentration of the lubricant. Materials that have different compaction 

behavior (e.g., ductile deformation versus brittle fragmentation) are subject to different 

effects by the lubricants or the processing such as mixing MCC is a ductile material that 

undergoes plastic deformation upon compaction, lactose is a partially brittle material with 

low-fragmentation propensity, and DiCal is a typical brittle material with high-

fragmentation propensity [143]. Upon compaction, DiCal creates a lot of fresh surfaces 

that are not covered by MgSt; thus, reducing the effect of MgSt’s covering and interfering 

with inter particulate bonding surfaces. Therefore, in the range of 0.5-1.5% w/w of MgSt, 

the prediction of DiCal tablet properties were independent of MgSt concentrations and 

properties (Figure 4.2F and G). For the MCC and lactose tablets, the PAs are related to 

MgSt properties and concentration changes to an extent that those PAs can be predicted 

from those material properties. 

It is interesting to note that the effect of MgSt level on DT depends on the system, 

i.e., formulation factor such as filler type. Figure 4.2E shows that the correlation 

coefficient of MgSt level is positive for DT, which indicated the DT of lactose tablet 

increases with MgSt level increasing as most authors reported in previous studies [136, 

139, 144]. However, for the MCC binary mixtures studied, as shown in Figure 4.2B, the 
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DT of MCC tablets had a negative correlation with MgSt levels. The different behavior of 

MgSt toward different systems can be explained by its effects on bonding and DT 

mechanism of these two systems. DT is related to tablet bonding type, tablet relaxation, 

water uptake and penetration, development of disintegration driven force, etc. 

Intermolecular bonds are supposed to loose bonding strength in media while disintegrate. 

The reduction of intermolecular bonds depends on the water uptake and penetration into 

the tablet, and mechanical stress developed by swell of material is likely to help provoke 

tablet disintegration. As far as lactose tablet is concerned, the major disintegration 

mechanism involves dissolving lactose particles in water. There is no significant 

mechanical force, such as swelling accompanied in this process. Hence the dominant 

factor to affect this is the water update and penetration. The bonding strength is not 

affected by MgSt layer due to the friction of lactose particle during the compaction, 

which on one hand creates new surface for bonding and on another hand destroys MgSt 

layers [145, 146]. The hydrophobic nature of the MgSt film hinders uptake and 

penetration of water in the tablet, hence elongate the disintegration time. For the MCC 

tablets, due to its plastic nature, under compaction, the reduction of interparticular 

bonding from MgSt film is more significant than that of the lactose tablet. Furthermore, 

MCC exhibit very good disintegrant property itself. It functions by allowing water to 

enter the tablet matrix by means of capillary pores, which overcome MgSt hydrophobic 

effects in part and break the hydrogen bonding between adjacent bundles of cellulose 

microcrystals [145, 146]. Therefore, the higher level the MgSt, the shorter the DT for the 

MCC tablet. Due to the significant differences in the bonding mechanism of three fillers, 

the interaction between MgSt and filler, the raw material property effects are different. 
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The specific key parameters in each performance attribute will be discussed in the 

following section. 

Prediction with MCC binary systems: The two primary parameters, on which the 

mechanical strength of tablets depends, are the dominating bond mechanism between 

particles and the surface area over which these bonds are active. The dominating bonding 

mechanism for pharmaceutical tablets are intermolecular forces [145]. Therefore, the 

effects of MgSt on BF depend on the balance between the bonds that MgSt film 

interrupted and bonds generated through the fragmentation upon compaction. In the case 

of MCC tablets, in the investigated compaction speed and force range, the disrupting 

effect of MgSt on bonding is dominant. A reduction in tablet BF is a result of an increase 

in MgSt concentration. Raw material properties, i.e., pycnometric density, bulk density 

are significant for the prediction of BF (Figure 4.2A): the BF increases as the 

pycnometric and bulk density increases. Raw data at CF=5.35±0.1 kN, MgSt level = 

1.5% depicts a clear trend of this effects (Figure 4.3). Figure 4.2A shows the influence of 

pycnometric density is larger than the bulk density. Figure 4.3 confirmed this as Sample 

12 has low pycnometric density but high bulk density, but the BF appeared relatively low 

due to the larger effect from pycnomitric density compared to that from bulk density. 

Note this illustration is not same as what are often observed with a standard DoE but 

more of a data driven approach due to the availability of MgSt properties, as a result, PLS 

was used to delineate the effects from such a complex dataset. 
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Figure 4.3 Correlations between lubricant properties (pycnometric and bulk density) and 
the BFs of MCC tablets (CF=5.35±0.1 kN, MgSt conc. = 1.5% w/w) *Samples 1, 3, 5, 6 
and 13 were not included in this plot due to their CFs is not in exact same range and 
cannot be used for comparison 

As for the DT of MCC tablets, Figure 4.2B illustrates that pycnometric density, 

SSA, and DSC profile that indicates hydration states and crystalline structure [131] are 

responsible for the prediction. The DT increased with the pycnometric density increasing 

and SSA decreasing. The MgSt with fourth type of DSC profile (Sample 12) tend to have 

shorter DT as shown in Figure 4.4. The fourth type of DSC profile is indicative of 

anhydrous form with free bound water [131]. The moisture sorption isotherm of this type 

of MgSt showed an open hysteresis loop which differs from the other types of MgSt. It 

absorbed water continuously over the entire relative humidity range by uptake of water 

into the solid structure and not merely adsorption onto the surface [102]. The difference 

in the capability of uptake and water ingress may contribute its different behavior in the 
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disintegration test. The effects of SSA on lubricant performance were straightforward. 

The negative effect of MgSt on tablet BF was due to the interruption of interparticle 

bonding by the hydrophobic film. MgSt with smaller SSA has smaller tendency to form 

hydrophobic film, hence has smaller tendency to interrupt the interparticle bonding, 

which leaded to longer DT. This result is consistent with literature finding [147]. 

 

Figure 4.4 Correlations between lubricant properties (pycnometric, SSA , DSC profile) 
and the DT of MCC tablets (CF=5.35±0.1 kN, MgSt conc.=1.5%)  

To summarize, bulk properties, such as pycnometric density, bulk and tapped 

density contribute significantly to the predictions of performance for MCC and lactose 

tablets. Density refers to the average spatial distribution of mass [148], when it comes to 

a particulate solid these parameters are more complex and informational towards material 

properties. Pycnometric density depends on the molecular packing (solid state structure), 
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and vary with the crystal structure and degree of crystallinity [148]. The bulk and tapped 

density of a powder includes the contribution of interparticulate void volume, but tested 

under different conditions, they depend on both the true density of powder particles and 

the packing of powder particles and reflect interparticulate interactions, which can impact 

powder flow. In material science field, relationship between molecular level and bulk 

level is always a complex issue. Current study shows that before we can really 

understand those relationships, we certainly can use relevant bulk level properties which 

are easy and quick to measure to help predict lubricant performance. 

Prediction with lactose binary systems: The empirical variable selection results 

demonstrated that moisture content is positively related to BF and P.S. span is negatively 

related to BF. Figure 4.2C suggests that an increase in either pycnometric density or P.S. 

span will tend to decrease the EFs of lactose tablets. The MgSt lot with Group 1 tended to 

have lower EF than other lots. The MgSt lot with Group 3 tends to have higher BF 

(Figure 4.2D). Figure 4.2E shows that moisture content, tapped density, particle size, P.S. 

span, and SSA are significant to the DT prediction, and DT increases as the tapped 

density and SSA increases, and DT decreases as the moisture content, PS, and PS span 

decrease. Particle size span describes the width of the size distribution which is 

independent of the median particle size (d50). SSA is a measure of total surface area of a 

material per unit of mass. The mechanism of lactose tablet disintegration depends on the 

SSA and PS, with the larger SSA and smaller PS leading to greater surface coverage, 

which has the potential to disrupt more interparticular bonding between particles and 

decrease DT. Also, BF decreases and the particle and metal surface friction decreased, 

which lowers EF. SSA is negatively correlated with MCC DT whereas positively 
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correlative with lactose DT. For MCC tablets, the interruption of bonding is dominant 

while for lactose tablets, the formation of hydrphobic film to repelling water penetration 

is prevailing effect. PS span has negative correlative with EF and BF, but positively 

correlation with DT of lactose tablet. Tapped density is positively correlated with lactose 

DT. 

Another result as shown in Figure 4.2, none of the PAs were significantly affected 

by the chemical composition indicating that for the current experimental conditions, 

changes in the chemical composition have little impact on the PA predictions. This is 

consistent with previous studies performed on the commercial samples [30, 50, 101]. 

Prediction with DiCal binary systems: Although the correlations and percentage 

of variance captured in PAs were high: 99% for BF (Figure 4.1G) and 98% for EF 

(Figure 4.1H), respectively, variable selection results (Figure 4.2D and E) suggest that the 

effects of process parameter, CF plays a major role in BF and EF predictions. In the 

current experimental settings, the DiCal tablet performance was not sensitive to the 

changes in MgSt level and properties.  

Our results confirmed previous studies that the lubricant levels did not affect the 

tensile strength of DiCal tablets [142]. The phenomenon is due to that DiCal is brittle 

material and new surfaces are created during the compaction. As a result, a lubricant film 

will be destroyed by fragmentation of the DiCal aggregates. For this reason, MgSt will 

hardly affect the interparticle bonding between DiCal particles [142]. Furthermore, our 

work also provides evidence that the EF of DiCal is not sensitive to MgSt level (0.5-

1.5%). This behavior may be attributable to that the effects of MgSt on interparticle 

bonding is overcome by the effect of the new surface area creation and hence have only a 
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captured by the spectra and contribute to the prediction. Examination of PCA results of 

NIR spectra showed that the variance in the spectra that were explained by PC7 and PC8 

are 0.05 and less than 0.01, respectively, which indicated that possibly the noise in the 

spectra are fitted in the model to generate the prediction. Therefore, there are more 

samples needed to further validate the EF prediction from NIR spectra for lactose tablets. 

Variable selection results using IPLS are shown in Figure 4.6, where the plot B 

demonstrated that PCs 1, 2, 4 and 5 contribute significantly to the prediction of BF. 

Figure 4.6C shows that PCs 1, 2 and 4 are responsible for the prediction of DT. DT was 

illustrated in detail in that it is the case that raw material properties have large impacts on 

performance. However, the principles can be applied to prediction of BF. Based on band 

assignments [131] in NIR spectra, the prominent band that are related to PC1 are the 

bands at wavelength of 1700 nm (CH first overtone) and 2300 nm (CH and CC 

combinations ). Given the extensive knowledge of raw material MgSt, those bands 

represent the state of fatty acid chain and perhaps hydrophobicity. For the prediction of 

properties of DT and BF, PC2 contributes most significantly among raw material 

contributions as it has largest regression coefficient values (Figure 4.6B and C). The 

bands around 1950 nm and 2300-2500 nm indicate contributions from the states of water 

and fatty acid chain, respectively. Moreover, there is no strong absorption bands in the 

range between 400-1100 nm on MgSt NIR spectra [131] which indicates the difference in 

this range are probably not related to chemical difference, but just due to single baseline 

differences. Changes in absorption value in this range would be due to the amount of 

light scattering and light penetration, which are related to differences in physical 

properties, such as particle size and tapped density of different samples; this corresponds 
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to the physical effects that are showed in Figure 4.2E, where the variable selection results 

pointed out physical properties such as particle size distribution, tapped density and SSA 

as major contribution variables to the prediction of DT of lactose tablet. 

Figure 4.7C shows that band regions which contributed to PC4 are around the 

wavelength of 1450 nm (OH first overtone) and 1950 nm (OH combinations). Those 

bands could be ascribed to the water content and state. PC5 is related to both the 1950nm 

(water state) and 2350-2450 nm (CH combinations). Comparing these explanations to 

Figure 4.2E, the interpretation of loadings of significant variables in NIR prediction 

models indicates that in the cases of lactose tablet DT prediction, the NIR spectra features 

that are responsible for the prediction are related to its ability to capture the key raw 

material properties. 

However, for the MCC binary system, the prediction errors from NIR model were 

significantly larger than that derived from raw material characterization (increase > 

100%). The variation captured in raw material NIR spectra was not sufficient for 

development of a reliable prediction. If we examine the prediction (Figure 4.2A and B) 

carefully, and compare those with the models for lactose BF and DT prediction, it was 

shown that all those predictions contain pycnometric density as a critical contributor to 

the prediction, therefore, the failure of prediction through NIR spectra in those cases 

could be due to the variance related to pycnometric density were not captured by NIR 

spectra. Also may due to the relatively complex bonding and deformation mechanism of 

MCC tablets. 

As for the Raman spectra, none of models were acceptable compared to those 

obtained from raw material properties. This is might attributable to the lack of physical 
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information captured by Raman spectra. 

 

 

Figure 4.5 NIRS calibrations for PAs in lactose binary systems (Close circles (●) samples 
used for calibration; closed triangles (  ) validation samples) 

0 50 100 150 200 250 300 350 400 450
0

50

100

150

200

250

300

350

400

Lactose tablet ejection force measured (N)

L
a

ct
os

e
 ta

b
le

t e
je

ct
io

n
 fo

rc
e

 p
re

d
ic

te
d

 (
N

)

R2 = 0.93
2 Latent Variables
RMSEC = 20.4
RMSECV = 22.8
RMSEP = 19.5

(a)

0 1 2 3 4 5 6 7 8 9
0

1

2

3

4

5

6

7

8

9

Lactose tablet breaking force measured (kP)
L

a
ct

o
se

 ta
b

le
t b

re
a

ki
n

g
 fo

rc
e

 p
re

d
ic

te
d

 (
kP

)

R2 = 0.96
2 Latent Variables
RMSEC = 0.4
RMSECV = 0.4
RMSEP = 0.4

(b)

5 10 15 20 25 30 35 40 45 50
0

5

10

15

20

25

30

35

40

45

Lactose tablet disintegration time measured (min.)

La
ct

os
e 

ta
bl

e
t d

is
in

te
gr

a
tio

n
 ti

m
e

 p
re

d
ic

te
d 

(m
in

.)

R2 = 0.84
2 Latent Variables
RMSEC = 3.7
RMSECV = 4.0
RMSEP = 3.2

(c)

A B 

C 



 

Figu
from

Figu
PC4

 

0.00

0.0

0.01

0.0

0.02

0.0

0.03

P
C

 1
 (

87
.9

8
%

)

ure 4.6 Regr
m NIR spect

ure 4.7 Load
4; (D) PC5  

400 600 800 10
05

01

5

02

25

03

35

(a)
A 

ression coef
tra in lactose

dings plots f

000 1200 1400 160

Wavelength (nm

fficient plots
e tablets (X

for the PCA

00 1800 2000 2200

m)

A

124 

 

 

s of the sign
-axis are the

 

A analysis of

0 2400 400
-0.04

-0.03

-0.02

-0.01

0

0.01

0.02

0.03

P
C

 2
 (6

.8
2%

)

A 

C 

nificant vari
e designed v

f NIR spectr

0 600 800 1000

(b)B 

ables in pre
variables)  

ra, (A) PC1;

1200 1400 1600

Wavelength (nm)

ediction of P

; (B) PC2; (

1800 2000 2200

)

B

PAs 

 

(C) 

2400

B 



125 
 

  

Figure 4.7 Continued 

4.5 Conclusion 

A multivariate approach is presented which involves developing PLS prediction 

models that incorporate raw material attributes and key formulation and process 

parameters into the understanding of excipient performance attributes. This model-based 

multivariate analysis is well suited to study this problem. In addition, this method is in 

line with QbD principles. It was found that predictions are formulation and performance 

dependent. NIR spectra can be used as a substitute tool for raw material characterization 

in excipient performance prediction, but this application is restricted by the capability of 

spectra capturing the key physical and chemical properties of raw materials. It showed 

the potential to be incorporated into QbD paradigm applications such as multiparametric 

specifications/fingerprinting of raw materials and process control. 
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Chapter 5 Assessing the Impacts of Lubricant Properties on Lubrication 

Sensitivity using an Empirical Model 

5.1 Abstract 

Excipient chemical and physical properties can have a substantial influence on 

product quality, and variability in excipient properties can adversely affect product 

quality. The objective of this study was to understand the impact of magnesium stearate 

(MgSt)’s physiochemical properties on lubrication sensitivity to mixing. Lubrication 

sensitivity was assessed using the empirical model: 

TS SF=0.85 /TS SF=0.85, 0 = (1-β) + β*exp(-γ*L*Fheadspace*r) 

where the parameters  　 and ,　  are parameters reflective of lubrication sensitivity to 

mixing, and TSSF=0.85 is the tablet tensile strength (TS) at a 0.85 solid fraction, TSSF=0.85,0 

is the initial TSSF=0.85. L is the mixing length scale (i.e., V1/3 for simple diffusion mixers, 

1.5V1/3 for tubular bottle blender, V is bottle volume), Fheadspace is the headspace fraction, 

r is the number of revolutions. Various MgSt samples with variable physiochemical 

properties of up to 335% variation were used in this study. By fixing the blender type 

(tubular blender) and sample loading (70%), changing solely number of rotations (r), 

blending process at various scales and different blender geometries was simulated. This 

model was used to generate lubrication sensitivity profiles for binary mixtures. The 

parameters, β and γ were calculated for each binary mixture; the mixture was comprised 

of MCC and an individual lot of MgSt. As a result, β which represents the TS decline 

from initial TS to that of final blend which reaches its steady state is correlated to the 

morphology of lubricant particle. No certain correlation was found between lubricant 

physiochemical properties and the rate of lubricated blend to reach the steady state of TS. 
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5.2 Introduction 

Magnesium stearate (MgSt) is the most common pharmaceutical lubricant that is 

added during tablet manufacturing to reduce die wall friction, facilitate tablet ejection, 

and to avoid punch sticking [21, 103, 149]. It has been previously shown that changes in 

processing conditions (e.g., scale or time) during lubrication can significantly affect a 

tablet’s quality attributes. Because some formulations are highly sensitive to MgSt it is 

known as a problematic excipient. These problems commonly occur during scale-up and 

also unpredictably during commercial production and there have been many instances 

where a product has been made successfully and then all of the sudden the batch fails and 

eventually the failure has been traced to a change in MgSt properties [150, 151]. The 

methods reviewed below have been successfully used to better understand the scale-up of 

MgSt, but the problem of stubble changes in MgSt physiochemical properties that lead to 

dissolution failure or poor tablet strength have not been adequately studied, and in fact 

the key properties that cause product failure have not been identified. Thus, using the 

methods developed by Kushner et al [17, 152] we can numerically quantitate lubrication 

properties. This research study will be combined with our previous research on the 

variability of MgSt samples (Chapter 3 and Chapter 4) to identify the properties that in 

certain formulation situations can potentially lead to product failure. This information 

will help formulators to develop more robust formations as they will be able to identify 

the physiochemical properties of MgSt that intrinsically vary and can affect quality, and 

this will help formulators to know properties to test for and track during production. For 

example, a change in batch size or elongation of mixing time may result in over-

lubrication, which reduces tablet tensile strength (TS) [134, 136, 153, 154] and prolongs 
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tablet disintegration and dissolution [103]. It has been shown in the literature [103, 153, 

155] that MgSt can coat other particles in a formulation during blending, allowing them 

to slide past each other. The longer the mixing, the particles tend to get better coating and 

lead to a tighter pack of material and therefore a smaller specific volume [152]. When 

there are changes in a formulation (lubricant variability, concentration, filler type, etc.) or 

a process (blending times, the mixing length scale changes during the scale up study, etc.) 

[135, 156], it is very important to adjust the process parameters in order to maintain the 

same extent of lubrication that was achieved with the previous lubrication conditions, so 

the product quality remains consistent.  

Kushner et al. [17, 152] developed an empirical equation (Eq.1) to guide the 

lubrication scale-up or at scale changes to help keep the product attributes constant. The 

equation describes the change in tablet/blend properties as a function of lubrication 

parameters:  

.

. ,
1  (1) 

where K represents the extent of processing, K = 	 , L is the mixing 

length scale (i.e., V1/3 for diffusion mixers, 1.5V1/3 for tubular bottle blender, V is bottle 

volume), Fheadspace is the headspace fraction, r is the number of revolutions. K relates to 

processing parameters, e.g., blender type, sample loading, blender speed and rotation, etc. 

TSSF=0.85 is the TS at 0.85 solid fraction (SF) of the formulation after blending for r 

revolutions, TSSF=0.85,0 is the initial TSSF=0.85 value, represents the TS of mixture of MgSt 

and filler without applying any mixing at SF of 0.85.  

Beta and γ are the parameters that are used to evaluate the lubrication sensitivity 

of a formulation. They capture two different aspects of lubrication sensitivity. Beta 
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represents the total fraction of the initial TS that can be lost as a result of lubrication. 

From Eq.1 it can be seen that β is related to the state of the powder after infinite mixing, 

i.e., as K approaches infinity. The higher value of β, the lower the tablet TS after an 

infinite mixing time when the blend reaches its equilibrium TS. For a given mixer and 

batch size, γ is the rate constant for changes in TS; it captures how quickly the 

equilibrium state of lubrication can be reached. For higher values of γ, the more quickly 

powder reaches equilibrium state of lubrication. For lower rates, it will take a great 

number of revolutions to reach the equilibrium state of lubrication [152]. 

By fixing the blender type and sample loading, changing solely number of 

rotations, one can simulate blending process at various scales and different blender 

geometries. This model has been used to generate lubrication sensitivity profiles for 

binary mixtures [17, 152] and single components (18 excipients) with MgSt [157]. 

Baranowski et al evaluated the effects of formulation factors, such as filler surface 

morphology, particle size and lubrication level on the lubrication sensitivity were 

evaluated [157]. It was observed that filler particles with round shapes and smooth 

surfaces appear to have higher γ values and are more quickly lubricated by MgSt. In 

addition, γ also depends on the cross-sectional area of the formulation particles and the 

amount of lubricant in the formulation; the results indicated that formulation properties 

can be selected to reduce lubrication sensitivity. For a given blender and batch size, the 

formulation constant γ, is similar for bulk specific volume and tablet TS changes for 

excipients with wide range of compaction behavior (brittle and ductile) and surface 

morphology, while the lubrication sensitivity parameter, β, exhibits less correlation 

between for bulk specific volume and for tablet TS changes [157]. To date, the effects of 
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v/v headspace. MgSt was then added to the bottle such that it comprised 1% (w/w) of the 

final lubricated blend. The blends were mixed using a Turbula mixer (Model T2F, 

GlenMills, Inc, Clifton, NJ) operating at 50 cycles/min. The durations of blending 

determined according to K of 30, 100, 300, 1000, 3000, and 10000 decimeter (dm). 

Accordingly, the mixing times are 0.84min, 2.80 min, 8.40 min, 28 min, 84 min, and 280 

min, respectively. A new batch was generated for each lubrication time point. 

Tableting: The blends were subjected to direct compression using Flexitab 

(Roeltgen GmbH’s, Pharma Technology Inc, Piscataway, NJ ) outfitting with a 10-mm 

round, flat faced tooling operating at a dwell time of 50 ms in automatic mode. Target 

tablet weight was 230 mg. Tablets were manufactured from the lubricated blends. Tablets 

were compressed over a SF range of 0.8-0.9 by varying the target compression force. 10 

tablets were manufactured and measured for thickness, weight, and breaking force. Tablet 

thickness was measured immediately after ejected from die using a digital caliper (Model 

# 3415, Control Company, Friendswood, TX). Breaking force was measured after 72 h 

stored in sealed bag at room temperature. Tablet weight was measured using lab balance 

(Model AG 245, Mettler-Toledo LLC. Columbus, OH). 

Calculation of tensile strength and solid fraction: The tensile strength and 

correspondent SF of the tablet were using the following equations [152]:  

RT

f
TS


  

TR

m
SF

T

2
  

f is the breaking force in kP, R is the tablet diameter in mm, T is the tablet thickness in 

mm, m is the tablet mass in mg and 
T

  is the pycnometric density of the powder in g/cc. 
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values TSSF=0.85,0, were similar across all the MgSt samples examined. In the context of 

the model, the initial TS represents a state of a filler containing lubricant with no mixing. 

The results (Table 5.1) demonstrate although the lubricant properties are different the 

impact on the initial TS is not significant. Sample 13 was an exception, see discussion 

below. 

Table 5.1 Summary of lubrication parameter estimation for MCC lubricated with various 
1% MgSt a 

Sample Source Grade Lot No. γ β 
TSSF=0.85,0 

(MPa) 
R2(%) b 

1 

CM 

5712 
812000262 

0.0031 
(0.0011) 

0.77 
(0.05) 

5.01 (0.47) 99.6 

2 1005000629 
0.0029 

(0.0021) 
0.77 

(0.11) 
5.18 (0.92) 98.4 

3 

2257 

1008000310 
0.0024 

(0.0011) 
0.78 

(0.07) 
5.35 (0.59) 99.4 

4 MO5676 
0.0031 

(0.0016) 
0.76 

(0.07) 
5.19 (0.67) 99.2 

5 MO6062 
0.0023 

(0.0010) 
0.78 

(0.07) 
5.24 (0.56) 99.4 

6 1729 JO3970 
0.0020 

(0.0008) 
0.77 

(0.07) 
5.60 (0.50) 99.5 

7 5716 LO4224 
0.0032 

(0.0014) 
0.77 

(0.06) 
5.16 (0.58) 99.4 

8 1726 MO8729 
0.0018 

(0.0005) 
0.78 

(0.05) 
5.15 (0.32) 99.8 

9 

PG 

MF-2-V-
BI 

C917002 
0.0030 

(0.0010) 
0.77 

(0.05) 
5.46 (0.47) 99.6 

10 MF-2-V CO19038 
0.0020 

(0.0010) 
0.77 

(0.08) 
5.14 (0.57) 99.3 

11 MF-3-V CO16795 
0.0048 

(0.0027) 
0.76 

(0.08) 
5.12 (0.85) 98.9 

12 
S MgSt 

OX0283 
0.0040 

(0.0025) 
0.74 

(0.09) 
5.30 (0.90) 98.7 

13 WQ0272 
0.0025 

(0.0019) 
0.68 

(0.11) 
4.42 (0.72) 98.2 

a Data presented as value (95% confidence interval); b R2 iis the correlation coefficient 
squared 

One-way ANOVA followed by multiple comparison demonstrated that the value 

of β of the samples from manufacturer S are significantly less than the other MgSt 

samples (P<0.05). There was no statistically significant difference in β between samples 

from the other two manufacturers since parameter β captures the material property which 
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is related to the state of lubrication as K approaches infinity. Product quality attributes 

with higher values of β are more sensitive to mixing of the lubricant than product quality 

attributes with lower values of β. It is likely that a lubricant with a larger tendency to 

shear to a large extent would be more sensitive to lubrication, as the lubricant could coat 

the other particulates in the blend. As shown in Figure 5.2, the samples can be divided 

into two groups based upon the β values observed. The two samples from S have 

relatively smaller β values than the samples from the other two manufacturers. 

Of the 13 samples, the products from S had relatively higher bulk and tapped 

density, see Table 3.1, this may be due to their unique morphological properties [131], 

they possess a rounded shaped instead of layered structure. They have smaller 

pycnometric density because of less degree of crystallinity which can be reflected from 

their DSC and PXRD profiles (Chapter 3). A close examination of those two MgSt 

samples from manufacturer S revealed that almost all their properties are significantly 

different from the products of the other two manufacturers. Mean particle size is an 

exception due to it is a property that is varied intentionally by manufacturer to meet 

certain functions. The fundamental cause for these differences are most likely to be based 

upon the method of manufacturing [131]. 

Sample 13 had a value of β that is significantly lower than the other lots (Figure 

5.2). An independent experiment was conducted to confirm this result. The higher tapped 

density (Sample 13, tapped density value of 0.47 g/cm3, see Table 3.1) compared to the 

other samples (tapped density ranged 0.20-0.37 g/cm3) was observed for this sample 

which has a particle size of 10.12 µm that comparable to other samples (Table 3.1). SEM 

pictures (Chapter 3, Figure 3.6E) suggested that this could be due to the particulate 
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Figure 5.3 shows SEM photos of the lubricated blends which TS reaches 

equilibrium states. With Sample 13, prolonged mixing lead to some particle attrition but 

the amount of attrition was not that great compare Figure 5.3E and F, it is quite similar to 

the state at the start of the mixing (Figure 5.3E), but the edges of the particle are more 

rounded. In contrast, with the other samples, the particle morphology, of the individual 

particles could be recognized at the beginning of the mixing (Figure 5.3G), but when it 

reached the equilibrium state of lubrication, as shown in Figure 5.3H, the individual 

lubricant particles could no longer be recognized; we assume this was because they 

significantly coated the other particles as a result of completely shear during mixing. This 

occurred to the point the original MgSt particle were no longer recognizable as individual 

particles.  

  

Figure 5.3 SEM of single component and lubricated blends. (A) Pure MCC; (B) Pure 
Sample 13; (C) Pure sample 5; (D) Sample 12; (E) Sample 13 at K=300; (F) Sample 13 at 
K=10000; (G) Sample 5 at K=300; (H) Sample 5 at K=10000 
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Figure 5.3 Continued 
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Chapter 6 Overall Summary and Conclusions 

The understanding of the excipient properties and their variability are essential to 

the development of robust pharmaceutical formulations and processes. In order to assess 

functional equivalence of excipients of various sources, it is a common practice to 

manufacture a test batch for each lot or grade of excipients. The objective of this thesis 

project is to assess if multivariate technique, such as NIR spectroscopy can be used as a 

tool to assess excipient variability and therefore to predict excipient functionality without 

manufacturing a test batch. There are three stages of this study. We started with 

extensively collecting commonly used excipients, microcrystalline cellulose (MCC) and 

magnesium stearate (MgSt) of different manufacturers, grade, and lots.  

In Chapter 2, the extent of using NIR spectra combined with advanced 

chemometric techniques to differentiate excipients was investigated. It was demonstrated 

that discriminative model based on NIR spectra and PLSDA can differentiate 

manufacturers of MCC. The source (manufacturer) of excipient is indicative of a 

combination of subtle differences in the chemical and physical properties of excipients. 

Those differences are often the cause of the divergence in their performance. The 

contributing sources of variance that allow the classification are the amount of 

chromophores of 400nm-500 nm, water content and state, molecular level interaction, 

e.g., hydrogen bonding, and degree of polymerization. Some of those variations are not 

captured by the current compendia tests, e.g., water states and hydrogen bonding, but can 

potentially affect the performance of the excipient in finished dosage forms. NIR can be 

very useful to demonstrate the presence of those types of variation and provide excipient 

users with further information related to excipient performance. The discriminative 
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ability combined with other advantages, e.g., rapid and non-destructive analysis, low cost, 

makes this NIR method a promising tool in excipient supply chain management. This is 

not only a step further to understand what can be different between products from 

different manufacturers and why the performance variations happen when shifting from 

one manufacturer to another of the same excipients; It also served as a basis for NIRS 

application in quality control in excipient supply chain management by correlating those 

spectra with their performance once data is available.  

In Chapter 3, the chemical, physical and spectral properties of thirteen MgSt 

samples that belong to nine manufacturer grades from three suppliers were determined 

and compared. The chemical and physical properties were related to the near-infrared 

(NIR) and Raman spectra. The chemical properties examined include gas 

chromatography and loss on drying. The physical characteristics were examined on three 

levels: molecular level (differential scanning calorimetry, thermogravimetric analysis, 

and powder XRD study), particle level (SEM, particle size distribution, specific surface 

area), and bulk level (pycnometric density, loose & tapped bulk density,). The variations 

in each property ranged from 7 to 335%, with majority of them changing by more than 

100%. The thirteen samples can be categorized into four groups based on solid state 

properties determined by DSC, TGA and PXRD. SEM images revealed two types of 

morphological features. For the properties studied, the greatest variation was due to 

differences in manufacturers and perhaps manufacturing methods and starting materials. 

NIR spectra regions of 1350-1550 nm and 1850-2300 nm showed significant differences. 

Slight peak shift and shape differences were seen in Raman for some lots. Variations in 

physiochemical properties can be correlated to their NIR spectra through C-H absorbance 
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(the presence of methyl and methylene groups), O-H vibrations (hydration states), as well 

as slope of baseline shift (physical properties, e.g., bulk density). The properties and 

variations are related to Raman spectra through status of methyl and methylene group, 

which may be associated with the polymorphism and hydrophobicity of MgSt samples. 

NIR and Raman spectra showed great potential as a rapid technique for evaluating 

similarity in physiochemical properties of excipients.  

The relation of physiochemical properties of MgSt to its performance as a 

lubricant was examined in Chapter 4 and Chapter 5. In Chapter 4, the impact of MgSt 

properties on its performance in a direct tablet compaction process was examined in a 

quantitative manner using multivariate modeling method. The multivariate model 

predicts lubricant performance from its physiochemical properties that are determined in 

Chapter 3, key formulation and process variables. Furthermore, the feasibility of using 

spectra as a surrogate measurement of physiochemical properties for the prediction of 

product performance in direct tablet compaction process was examined. As a result, 

partial least square (PLS) prediction models that predict lubricant performance in direct 

tablet compaction from raw material characterization were successfully developed and 

validated for all the performance attributes (PAs): tableting ejection force (EF), tablet 

breaking force (BF) and disintegration time (DT). It was found that the prediction greatly 

depends on formulation parameter such as filler type and PAs of interest such as EF, BF 

or DT. In some cases, NIR spectra can be used as an alternative tool to predict excipient 

performance through capturing key physical and chemical properties of materials. In 

Chapter 5, the impact of lubricant properties on lubrication sensitivity was assessed using 

an empirical lubrication scale up model. It was found that the lubricant particle 
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morphology is responsible for the lubrication sensitivity to processing. 

In summary, present research advances current understanding of the differences in 

properties of materials from different manufacturers; the multivariate approach of 

understanding and prediction of excipient variability and performance further our 

knowledge of lubricant variability as well as its impacts on performance; the research 

also demonstrates the application of NIRS in quality control in excipient supply chain 

management by correlating spectra with their performance. It has been brought to our 

attention that to interpret data and make decisions by introduction of multivariate model 

prediction always comes with a responsibility to maintain the model. Therefore, 

including more samples of same grade and continuously improving, recalibrating, 

updating and verifying the model with new samples will continue promoting our 

understanding and application of NIR in excipient ID and quality control.  
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