
 
 
 
 
 
 
 

ABSTRACT 
 

Multivariate Analyses of Near-Infrared and UV Spectral Data 
 

Jody A. Dogra, Ph.D. 
 

Mentors: Kenneth W. Busch, Ph.D. and Marianna A. Busch, Ph.D. 
 
 

 Various chemometric analyses were applied to spectroscopic data with goals to 

develop alternative methods that could be employed in government or industrial settings.  

With the concerns of these organizations in mind, the described methods are cost-

effective and time-efficient.   

 The first method is aimed at establishing a time of death from skeletal remains—

an issue that continues to be difficult for the forensic community.  Following death, the 

skeletal remains undergo changes in chemical composition.  This includes the breakdown 

of protein and the loss of water.  Near-infrared spectroscopy is sensitive to vibrations 

associated with both protein and water.  In the described method, near-infrared 

reflectance measurements of aging porcine skeletal remains were correlated to 

postmortem interval (PMI).  Initial studies were conducted to determine the optimum 

sampling orientation—cross-sectional or surface.  Several chemometric approaches were 

investigated, but the best results were obtained through a scheme involving classification 

by partial least-squares discriminant analysis (PLS–DA) followed by segmented partial 

least-squares regression (PLSR).  The method was evaluated through independent test 



sets.  The optimized method was able to predict PMI with an average deviation of six 

days.  A brief field study was also conducted and yielded similar results.   

 The second study relates to a present analytical encumbrance faced by the 

pharmaceutical industry, namely assuring the enantiomeric purity of chiral active 

pharmaceutical ingredients (APIs).  With the rising number of chiral drugs on the market, 

the analytical burden continues to increase.  Ultraviolet absorption spectral data were 

correlated to enantiomeric composition by PLSR for solutions containing a chiral analyte 

and a chiral ionic liquid (IL) as a chiral selector.  Test set evaluation gave results of 

average deviations of ± 4.0–12 units of %D depending on the analyte and chiral IL 

involved.   

 Finally, a quality control analysis was demonstrated, which follows a 

classification format where the sample either meets or does not meet the specified 

requirement regarding enantiomeric purity.  Test set evaluation gave results of 97% 

correct classifications for a threshold of 1% impurity. 
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CHAPTER ONE 
 

Introduction 
 
 

Scope of the Dissertation 
 
 The experimental work reported in this dissertation is focused on the coupling of 

spectroscopy and chemometrics in attempt to solve analytical problems.  Brief 

introductions to spectroscopy and chemometrics follow this section in Chapter 1.  The 

next few chapters cover studies towards the estimation of postmortem interval (time 

passed since death) through chemometric analyses of near-infrared reflectance 

spectroscopy.  Laboratory studies (Chapters Two through Four) and a brief field study 

(Chapter Five) using swine skeletal samples are presented.  Introductory information 

pertaining to the estimation of postmortem interval is included in Chapter Two. 

 The remainder of the dissertation involves chiral analysis by chemometric 

analyses of UV absorption spectroscopy.  A short introduction of chirality and chiral 

analysis is provided in Chapter Six.  Efforts to use chiral ionic liquids as chiral selectors 

for the determination of enantiomeric composition are presented in Chapter Seven.  

Finally, Chapter Eight extends the concepts from Chapter Seven and introduces a quality 

control screening method for the detection of enantiomeric impurities in chiral 

pharmaceuticals. 

 
Novelty of the Research 

 
 Two major research projects are presented.  The first project involves the forensic 

application of estimating postmortem interval through chemometric analyses of near-

1 



infrared diffuse reflectance data.  Although chemometric techniques are beginning to 

appear in leading forensic journals such as Forensic Science International and Journal of 

Forensic Sciences, the application of chemometrics for estimation of postmortem interval 

is unique.  Furthermore, the application of near-infrared reflectance measurements to 

probe compositional changes in protein and water in the decomposing bone matrix is also 

original. 

 The pharmaceutical application of estimating enantiomeric composition is the 

focus of the second project.  The method involved the combination of chemometric 

analyses, UV absorption spectroscopy, and chiral ionic liquids as chiral selectors.  The 

combination of these three concepts is distinctive in itself.  The project also demonstrates 

the first example of a rapid classification-type quality control scheme for enantiomeric 

purity of chiral active pharmaceutical ingredients. 

 The major advantages of both of the described methods are the speed and 

simplicity of the analyses relative to those of competing methods.  The methods, as 

described, also require minimal sample preparation.  Both of the described methods hold 

considerable promise, but should undergo further optimization before their applications 

become tangible. 

 
Electromagnetic Radiation and Spectroscopy1, 2 

 
 Spectroscopy is the study of the interaction of electromagnetic radiation with 

matter as a function of wavelength.  As the name suggests, electromagnetic radiation is 

composed of oscillating electric and magnetic fields.  Electromagnetic radiation is 

associated with a range of frequencies as illustrated in Figure 1.1.  The oscillations 

coupled with the different parts of the electromagnetic spectrum proceed in a wavelike 

2 



fashion, each with different frequencies (number of waves passing a given point per 

second) and wavelengths (distance between successive peaks).  Electromagnetic radiation 

can also be characterized in terms of a unit called a wavenumber (waves per centimeter). 

 
Wavelength (meters)

101103 10-8 10-1210-1010-610-410-2

microwave

infraredradio

vis ble

ultraviolet

x-ray

gamma ray

i

 
 
Figure 1.1.  Illustration of electromagnetic spectrum showing wavelength and names of 
the different types of electromagnetic radiation. 
 
 
 The forms of electromagnetic radiation can have different spectroscopic 

applications, but each application exploits essentially the same phenomenon.  Molecules 

and atoms absorb and emit certain frequencies of radiation, which correspond to 

particular changes in energy of that atom or molecule.  The energy appears as 

electromagnetic radiation of some frequency, in which ΔE = hν where ΔE is the change 

in energy of the atom or molecule, h is Planck's constant, and ν is frequency of the 

absorbed or emitted radiation.  This relationship shows that the processes involved are 

quantized.  The instrument used to study this phenomenon is called a spectrometer, hence 

the term spectroscopy.  The intensities of the resulting radiation are detected, most 

commonly with a photodetector, and recorded over a range of wavelengths.  The 

information is plotted as a series of intensities as a function of wavelength.  The plot is 

referred to as a spectrum.  Studying these spectra can reveal information about the 

concentrations of the analyte as well as the identity of the atom or structure of the 

3 



molecule.  On the molecular level, there are four types of transitions that can be observed 

in the different regions of the electromagnetic spectrum: rotational transitions (radio 

wave and microwave regions), vibrational transitions (infrared region), electronic 

transitions (visible, ultraviolet, and X-ray regions), and nuclear transitions (gamma ray).  

This body of work deals with the two most commonly studied transitions, vibrational and 

electronic. 

 
Vibrational Spectroscopy1–6 
 
 Near-infrared, mid-infrared, far-infrared, each with prefixes defining their 

proximity to the visible region, can be employed for vibrational spectroscopic 

investigations.  In vibrational spectroscopy, infrared radiation can be absorbed that 

matches the vibrational frequencies of the molecule in question.  This only occurs for 

vibrations associated with a change in dipole moment.  The absorption of radiation raises 

the molecule to an excited vibrational state and serves to increase the vibrational 

amplitude (distance between the atoms at the extremes of the vibrational motion) of the 

absorbing diploes in the molecule.  There are two general types of vibrations, stretching 

(changing bond length) and bending (changing angle between two bonds).  For each of 

these, there can be symmetrical and asymmetrical modes, describing their symmetry with 

respect to time throughout the vibrational movement. 

 A vibrating dipole can be considered in terms of an ideal harmonic oscillator 

when the two atoms behave as a simple ball-and-spring model given by the classical 

mechanical relationship 

μπ
ν k

2
1=                                                       (1.1) 
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where ν  is the vibrational frequency, k is the force constant of the bond, and μ is the 

reduced mass, which is equal to m1m2/(m1+m2) where m1 and m2 are the masses of the 

two nuclei.  The application of quantum mechanical theory on the harmonic oscillator 

model shows that discrete vibrational energy levels (Evib) are allowed and are given by 

⎟
⎠
⎞

⎜
⎝
⎛ +=

2
1vνhEvib                                                    (1.2) 

where ν  is the classical vibrational frequency defined above, and v is the vibrational 

quantum number, with possible values 0, 1, 2, 3, and so forth. 

 The harmonic oscillator approximation works quite well for the fundamental 

transitions (v = 0 → v = 1), which are generally found in the mid-infrared region.  

However, for overtones (for example, v = 0 → v = 2, where Δvi > 1), which are 

prominent in the near-infrared (NIR) region, the model does not accurately predict the 

band positions.  As a rule of thumb, the positions of the overtones usually have a 1–5% 

frequency shift due to deviation from the harmonic oscillator model.  This shortcoming is 

due to the fact that the harmonic oscillator approximation is based upon physical 

phenomena.  Another model has been presented in which the chemical nature of the 

molecule is taken into account.  This model is called the anharmonic oscillator and it 

involves considerations such as (1) repulsion between two atoms at the minimum 

distance of the vibration and (2) dissociation energy which limits the maximum 

interatomic distance allowed in a vibration.  In this model, the energy levels are not 

equally spaced.  Instead, they are slightly closer as the energy increases, which accounts 

for the fact that overtones are not simply multiples of the fundamental vibrational 

frequencies. 

5 



 Combination bands (for example, when vi = 0 → vi = 1 and vj = 0 → vj = 1 occur 

simultaneously) are another prominent feature in the NIR region.  For fundamental 

vibrations, there exists a series of overtones and combinations, each with decreasing 

intensity as the change in quanta or summation frequency increase, respectively.  Most 

near-infrared absorptions result from the overtones and combinations of X–H (where X is 

O, N, C, etc.) fundamental vibrational modes.  However, other groups including C–N and 

C=O can be observed.  NIR spectra consist of highly overlapping bands.  Often the 

spectra have irresolvable baselines because many compounds absorb radiation throughout 

much of the wavelength region. 

 The measured infrared absorbance can be related to concentration using the Beer–

Lambert law (A = εcl, where A is absorbance, ε is the molar absorptivity of that vibration, 

c is the concentration, and l is the path length).  Infrared experiments are commonly 

conducted in the transmittance or reflectance modes.  Transmittance and absorbance are 

related in the following manner: 

T
I
IA loglog

0
−=⎟

⎠
⎞

⎜
⎝
⎛−=                                         (1.3) 

where I and I0 are the intensities of the transmitted and incident beams, respectively, and 

T is transmittance.  This description could also be adapted to the reflectance mode.  

However, strictly speaking, the Beer–Lambert law only applies to transmission 

spectroscopy.  Consequently, reflectance spectra are usually not represented in this 

manner. 

 
 Diffuse reflectance.5, 7  Radiation, striking a surface, can be reflected, transmitted, 

or absorbed.  Reflection can be of two types.  First, the radiation can be reflected from the 
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front surface of the sample at an angle equal to the angle of incidence.  This is known as 

specular reflectance.  Second, radiation can be transmitted into the sample by some 

distance and later reemerge from the sample at various angles relative to the angle of 

incidence.  Reflectance of this type is described as diffuse and is illustrated in Figure 1.2.  

The emerging radiation has a lower intensity than the incident radiation because some of 

the radiation is absorbed by species within the sample.  The radiation also experiences 

scattering within the sample, causing the emerging radiation to be oriented in various 

directions. 

 

 

incident radiation 

 
Figure 1.2.  Diffuse reflection by a sample. 

 
 
 The diffuse reflectance sampling technique is used extensively for solid samples 

because it requires no sample preparation.  Measurement of the diffuse component results 

in a spectrum with some resemblance to a transmission spectrum.  However, because 

there is a range of different pathlengths traveled within the sample, the spectra are not 

normally related directly to absorbance as is the case with transmission data.  Instead, 

they are presented as log (1/R), where R is reflectance.  This treatment provides band 

intensities that are proportional to concentration.  The Kubelka–Munk transformation5 is 

also used, but to a lesser extent. 

7 



 For the majority of applications, only the diffuse reflectance is sought.  However, 

it is difficult to direct the reflected radiation onto the detector because the diffuse 

component is scattered in many directions.  By incorporating an integrating sphere (see 

Figure 1.3) into the instrument, these two complications are overcome.  Firstly, 

components can be strategically placed inside the sphere in order to avoid the detection of 

specular reflectance.  Secondly, integrating spheres are incredibly efficient collectors of 

diffusely reflected radiation.  Additionally, it allows for reproducible detection of 

reflectance of inhomogeneous samples or those that have directional scattering.  During a 

measurement, the NIR beam enters the sphere and falls on the sample.  The diffusely 

reflected radiation bounces around the highly-reflective inner coating of the sphere, and 

finally falls on the detector.  The baffle, which is also coated with a highly-reflective 

coating, is placed so that the detector is out of the field of view of the sample.  

Furthermore, the sample holder can be oriented a few degrees from normal incidence, 

causing the specular reflectance to be directed to a strategically placed, absorbing light 

trap. 

 

detector 

sample holder baffle 

light trap 

 
 

Figure 1.3.  Schematic arrangement of an integrating sphere. 
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Electronic Spectroscopy1, 2, 6, 8 
 
 In the UV and visible regions of the electromagnetic spectrum, the absorption of 

radiation is associated with electronic transitions.  A molecule absorbs the energy, which 

serves to increase the energy of its electrons through promotion to higher energy 

molecular orbitals.  Normally, this transition occurs between the highest occupied 

molecular orbital (HOMO) and the lowest unoccupied molecular orbital (LUMO).  In the 

excitation process, an electron from a filled orbital (σ, π, or n) becomes excited to a 

vacant antibonding orbital (σ* or π*).  Transitions involving n → π*, n → σ*, and π → 

π* are responsible for most of the absorption occurring in the UV and visible regions.  If 

the compound is colored, some absorption will occur in the visible region.  Electrons 

associated with certain groups of atoms called chromophores are responsible for the 

absorption, and the structure of the chromophore influences the wavelength of radiation 

that is absorbed.  A chromophore can be a double or triple bond or a lone pair of 

electrons in the molecule.  

 UV–visible spectra usually consist of broad bands due to vibrational and 

rotational influences.  Because the vibrational and rotational energy levels are 

superimposed on the electronic levels, there are many possible transitions, each having 

similar energies.  In the resulting spectrum, there appears to be a range of absorptions 

because most instruments are not able to resolve each of the electronic transitions.  

Instead, there is an "envelope" traced over the entire pattern.  If the resolution is 

sufficient, lines corresponding to the vibrational transitions can be seen.  Sometimes the 

rotational structure can also be observed.  Whether a particular vibrational band is 

observed depends on the Franck–Condon principle, which states that the electronic 
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transition probability is greater for those transitions with vibrational wave functions 

which overlap more significantly.  Choosing an appropriate nonpolar solvent for the 

analysis can also reveal some fine structure.  Likewise, a polar solvent can cause the fine 

structure to disappear through hydrogen-bonding with the analyte.  Polar solvents can 

also help stabilize either the ground or the excited state through hydrogen-bonding, 

causing a shift in the transitions to shorter or longer wavelengths, respectively. 

 
Chemometrics9–13 

 
 The word chemometrics was first introduced in 1971 by the Swedish chemist 

Svante Wold.14, 15  Surprisingly, the term has yet to make it to modern scientific 

dictionaries, in spite of its being used in the title of journals such as the Journal of 

Chemometrics.  The word is composed of two parts: chemo, which is a combining term 

meaning chemical, and metry, a stem derived from the Greek word, metron, which means 

to measure.  Literally translated, chemometrics means to measure chemistry.  Although 

Wold maintains that the field of chemometrics is so dynamic that it is difficult to provide 

a precise definition for the term, it is safe to say that chemometrics is broadly concerned 

with applying mathematical approaches to the systematic analysis of chemical 

information.16, 17 

 
Multivariate Data in Chemistry 
 
 Complicated chemical systems are inherently multivariate, making them difficult 

to interpret without some form of data reduction.  Chemometrics offers a strategy for 

exploiting multivariate data through the concepts of models, multidimensional spaces, 

and projections onto these multidimensional spaces.  In discussing the application of 
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statistical techniques to chemistry, Wold points out that many of the concepts central to 

the field of statistics do not apply well in chemistry, namely the concepts associated with 

populations and multivariate normal distributions.  Chemists are usually not interested in 

an average property of a population of chemical systems, but rather the property relating 

to each individual chemical system.  Likewise, chemical properties, such as surface 

tensions or enzymatic reaction rates, are not drawn from multivariate normal 

distributions. 

 Wold pioneered a very exciting area of chemistry.  Chemometrics can be 

integrated into many academic areas of chemistry, particularly those areas acquiring a lot 

of data.  In industry, chemometrics can be employed for applications such as process 

monitoring and quality assurance.  In the realm of chemometrics, the available methods 

can be divided into two main categories: regression methods and pattern recognition 

methods.  Regression methods are employed to correlate two sets of information 

(predictor and response variables) by a mathematical relationship.  This mathematical 

relationship may be used to predict response values for future samples given their 

predictor variables.  The goal with pattern recognition methods is to discern similarities 

and differences among samples given their predictor variables.  For the purposes of this 

document, measured spectral data comprise the predictor variables. 

 
Multivariate Regression 
 
 There are several methods in the multivariate regression "toolbox" including 

multiple linear regression (MLR), principal components regression (PCR), and partial 

least-squares regression (PLSR).  The last two methods are more regularly applied to 

spectral data because they: (1) allow a large number of predictor variables, and (2) 
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tolerate correlation between predictor variables in the original measured data.  MLR is 

more difficult to apply to spectroscopic investigations because it requires that there be 

more samples than predictor variables and that these variables be linearly independent of 

one another.  The first requirement is generally not met with spectral data because there is 

often greater than several hundred data points per spectrum, and it is very rare that the 

number of samples exceed this value.  Additionally, because spectral data are inherently 

collinear, the second requirement is not met.  To understand the strengths of PCR and 

PLSR in spectroscopic investigations, the weaknesses of MLR must be appreciated from 

a fundamental standpoint.  In this effort, the general regression process and MLR will be 

discussed at this point. 

 Any regression method involves two processes, calibration and prediction.  The 

calibration process is where a mathematical model is constructed to relate the spectral 

data to the desired response variables.  During the calibration phase, a training set of n 

samples with known response variables are measured.  This results in a data array or 

matrix consisting of two smaller matrices, X and Y, containing the spectral data and 

response variable(s), respectively.  A mathematical relationship is then estimated to relate 

the two matrices.  This relationship can be expressed in matrix notation: y = Xb where y 

is a column vector containing a single response variable and b is the regression vector 

containing the coefficients of the model.  By solving the previous equation, b is found to 

equal (XTX)–1XTy where the superscripts T and –1 denote the transpose and inverse of a 

matrix, respectively.  Once the regression vector is known, it can be used during the 

prediction process to calculate the response given the measured spectral data by applying 

the model equation, 
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y = b0 + b1X1 + b2X2 + b3X3 + ··· + bnXn       (1.4) 

where y is the response value, bi are the regression coefficients, and Xi are the measured 

intensities at different wavelengths.  This is precisely how MLR operates.  The difficulty 

in applying MLR to spectral data stems from the fact that it depends on the existence and 

stability of (XTX)–1.  In order for the inverse to exist, X must have at least as many 

samples as wavelengths.  Furthermore, the inversion of the matrix will lead to collinearity 

problems if the X-variables are not linearly independent.  If the X-data is collinear or 

near-collinear, the regression vector will be unreliable. 

 These matrix inversion problems were considered in the development of PCR and 

PLSR.  The solutions to these problems lie in the concept of projections, which is 

responsible for the success of several chemometric methods.  Accordingly, PCR and 

PLSR are both called projection methods.  Projection methods involve the decomposition 

of the original X-matrix into a new matrix, T, composed of principal components (PCs) 

that are all orthogonal to one another.  The PCR or PLSR model is calculated using the 

PCs instead of the original X-variables.  The PCs are estimated iteratively, and in such a 

way that the first PC contains the greatest amount of variance in the spectral data.  The 

remaining variance is then used in finding the next PC.  As each PC is determined, it is 

entered as a column vector into the new data matrix.  The process continues until either 

no variance remains or the maximum number of PCs is reached (there are n-1 allowed 

PCs to permit the matrix inversion).  This approach results in the reduction of the original 

data through concentrating the information into a smaller number of variables contained 

in the successive PCs.  Through achieving this data reduction, the first problem (limited 

number of predictor variables) is overcome.  The series of orthogonal PCs define a new 
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coordinate system or multidimensional space onto which the samples and the variables 

can be projected.  In the creation of the new coordinate system, the second problem 

(collinearity in the data) is eliminated. 

 Each PC is a linear function of the original X-variables, each having a 

contribution to explaining the variation along that component.  These contributions 

(coefficients) are contained in the regression vector, b.  In this case, b is estimated as 

(TTT)–1TTy, which is the same as with MLR except for the replacement of X (original 

data matrix) with T (new matrix containing PCs).  PCR and PLSR both involve the 

transformation of the original matrix into a new matrix composed of PCs, but they differ 

in the way the transformation is performed.  PCR only considers the X-data in the 

transformation.  PLSR is special because it actively involves both the X-data and the Y-

data in performing the transformation.  This can lead to increased data reduction because 

only those spectral variations which correlate with the desired response variable are used 

in the calculation of the PCs.  If all possible PCs are used for the predictions, then the two 

methods are equivalent.  A disadvantage to the PCR method is the risk of including 

irrelevant spectral variations in the calculation of the PCs, which would lead to poor 

predictive performance of the model.  For this reason, PLSR is the most commonly 

employed regression method for spectroscopic data. 

 
Multivariate Classification 
 
 Classification is a pattern recognition method with a specific purpose—to assign 

new samples to existing classes in a given population.  Simple classification analysis or 

soft independent modeling of class analogy (SIMCA) and PLS–discriminant analysis 

(PLS–DA) are the most commonly employed chemometric classification methods.  There 
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are two steps in a classification scheme.  First, a training set of samples is used to 

construct the model.  This training set consists of samples with known class memberships 

and is used to mathematically define each of the classes.  Then the memberships of new 

samples can be predicted using the model.  Both SIMCA and PLS–DA are projection 

methods, but are different in many other aspects.  Most importantly, SIMCA and PLS–

DA are analogous to the regression methods PCR and PLSR, respectively.  SIMCA and 

PCR only consider the X-data in the transformation of the matrix, whereas PLS–DA and 

PLSR involve both the X- and the Y-data in building the new matrix. 

 The SIMCA classification method focuses on the similarities between members of 

the same class.  It uses several local models—one for each class included in the analysis.  

Each class is modeled separately using principal components analysis (PCA).  A PCA is 

the first step of a principal components regression, that is, the decomposition of the 

original X-data into a new matrix composed of PCs using only the X-data in the 

estimation of the PCs.  A PCA defines a coordinate system in which to represent the 

samples.  Using PCA, each class is defined by a zone, with dimensions equaling the 

number of PCs retained for that class.  The local PCA models do not need to be of the 

same dimensions, and ideally they are positioned differently in the overall measurement 

space.   

 All of the PCA models are input to make a prediction using the SIMCA approach.  

New samples are projected onto the principal component "map" using the determined 

mathematical relationship between its spectral data and the PCs.  If the projected sample 

occupies the defined space for a particular class, it is identified as a member of that class.  

If the sample falls within the boundaries of two or more classes, it is said to be a member 
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of each of those classes.  Likewise, a sample can belong to none of the classes if it falls 

outside all of the defined class borders.  In the case of multiple class memberships, the 

SIMCA models lack discriminating power because they overlap in the overall 

measurement space.  The discriminatory power can sometimes be improved through the 

addition of more training samples or more variables.  A sample belonging to none of the 

classes is either an outlier or it comes from a class that is not represented in the data set.  

The outcome of a SIMCA classification depends on the significance limit setting 

describing the closeness of the new sample to an established class.  Changing the 

significance level adjusts the boundaries of each class.  Raising the significance level will 

narrow the class limits, therefore rejecting more samples.  Likewise, lowering the 

significance level extends the class limits, resulting in fewer rejected samples. 

 PLS–DA offers a different approach by focusing on the differences between the 

classes rather than the similarities.  The change in focus usually serves to sharpen the 

separation between classes.  The PLS algorithm was not originally designed for 

classification purposes, nonetheless it is commonly and successfully employed as  

such.18–28  PLS was created for regression where the Y-matrix is quantitative.  When 

applied to classification problems, the Y-matrix is qualitative and contains indicator 

variables (also called dummy or discriminant variables).  The indicator variables are 

binary coding for class membership—1 for member and 0 for nonmember.  PLSR is then 

performed on the data in the same manner described previously.  Recall that in PLSR, 

both the X- and the Y-data are used in the construction of the new matrix where only 

those spectral variables that are helpful in distinguishing classes are factored into the first 

few PCs.  This results in maximized among-groups variability relative to within-groups 

16 



variability, whereas the PCA approach (SIMCA) simply models gross variability.  

Compared to SIMCA, PLS–DA is a stricter classification method in that it assumes a 

sample has to be a member of one and only one of the classes.   

 Predicting class membership with PLS–DA is mathematically the same as with 

PLSR, that is, the predicted values are calculated by inputting the estimated regression 

coefficients and the observed spectral data into the model equation.  PLS–DA predicted 

values are on the order of 0–1 because of the binary indicator variables used to designate 

class membership.  If the predicted value is roughly 1, the sample is a member; if the 

value is roughly 0, the sample is a nonmember. 

 
Application of Chemometric Methods 
 
 The general process of applying a chemometric method to spectral data involves 

several steps as outlined below. 

1. Plot the raw (unprocessed) data to get an overall impression.  Often the raw data 
itself will suggest the need for a pretreatment.  If the data set is very large, a plot 
of some representative samples may be more helpful. 

 
2. Build a trial model involving all possibly relevant wavelengths and allowing for a 

large number of PCs. 
 
3. Diagnose the trial model with respect to optimum number of PCs, outliers, 

nonlinearities, etc.  Diagnostic tools will be discussed in the following section. 
 
4. Optimize the model through investigation and correction of any abnormalities in 

the trial model.  Optimizations include removing outliers, applying appropriate 
transformations to the data, etc. 

 
5. Calculate a new model to check the supposed improvements. 
 
6. Validate the final model and interpret in terms of sample and variable 

relationships. 
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Model Optimization 
 
 
 Diagnosing the model.  There are several tools one can use to help improve and 

assure the robustness of a model.  Some of these tools come in the form of graphics for 

diagnostic purposes.  All projection methods, whether they are used for regression or 

classification, generate numerical data for four major plots—scores, loadings, influence, 

and total residual variance plots.  Perhaps the most important of these is the total residual 

variance plot because it is used to determine the number of relevant PCs in a model.  This 

plot indicates the variation in a data set that is described by the different PCs.  An 

example showing ideal behavior is given in Figure 1.4.  This case is ideal for the 

following reasons: (1) it has a small residual variance, that is to say, it explains most of 

the variation in X, (2) only the first few PCs are required to explain most of the variation 

in the data, and (3) there is a slight increase at the tail end of the curve, indicating 

overfitting for that PC.  When a model is overfitted, too much of the variation is 

described.  This corresponds to modeling noise or other uninformative information 

contained in the data.  In situations where a slight increase does not occur, but instead the 

curve gradually decreases for a number of PCs, it is more difficult to determine the 

optimum (or relevant) number of PCs.  In the latter case, a series of several models may 

need to be compared for optimum performance.  When an overfitted model is employed, 

although it is well fitted, it will likely result in inferior performance.  An underfitted 

model will also result in inferior performance.  In the example, the optimum number of 

PCs is four because PC 5 does not explain any additional variation in the data.  The 

selection of optimum PCs is not always this simple.  Instead, the explained variance may 

continue to decrease for a number of PCs, making it difficult to pinpoint when the PCs 
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stop explaining relevant variation and begin explaining irrelevant variation such as noise.  

In some instances, the curve can exhibit erratic behavior such as increase from 0 to 1 PCs 

or increase and decrease several times for a series of PCs.  These circumstances can be an 

indication of outliers in the data set.   
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Figure 1.4.  Hypothetical total residual variance plot showing optimum number of PCs. 

 
 
 An excellent advantage to a projection method is that it allows for the detection of 

outliers.  Bear in mind that projection methods provide a new coordinate system to 

represent the data.  Projections of samples onto this new coordinate system are called 

scores.  A sample separated from the rest in the scores plot is an outlier.  A scores plot for 

a model also gives information about patterns, including clustering and distributions, 

among samples in a data set.  The closer samples are to one another in the scores plot, the 

more similar the samples are with respect to the principal components concerned.  

Conversely, samples far away from each other are different from each other.  The scores 

plot can be viewed in two or three dimensions as a function of different PCs.  Plots 

involving the first two or three PCs are the most useful because the first components 

summarize the most variation in the data.  An example two-dimensional scores plot is 

shown in Figure 1.5.  In this example, there are three distinct clusters of samples and one 

outlier. 
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Figure 1.5.  Hypothetical scores plot showing three distinct clusters. 
 
 
 Projections of variables onto the new coordinate system for a projection method 

are called loadings.  The loadings plot shows the relationship between a particular PC and 

the different variables.  The loadings can be examined for each PC in order to see which 

X-variables are most important in the model.  Those variables associated with the first 

few PCs are most important because these PCs account for the greater part of the 

variation in the data.  The larger the loading value for a particular variable, the greater its 

contribution.  The values can be in either the positive or negative direction, yet still 

equally contribute to the model.  An example of a loadings plot is given in Figure 1.6.  In 

the plot, variables 4 and 8 are most important for modeling that PC.  Variables 2 and 6 

have loading values of zero, thus they do not contribute to that particular PC. 
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Figure 1.6.  Hypothetical loadings plot showing two important variables (4 and 8) and 
two noncontributing variables (2 and 6). 
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 The loadings are also helpful in choosing the appropriate number of principal 

components.  Ideally, only those PCs containing chemical information, as opposed to 

noise, should be included in the final model.  To determine whether a particular principal 

component is modeling noise, the shape of the line plot for the loadings of that particular 

principal component can be examined.  Loadings that look fuzzy or that do not resemble 

spectra should not be included in the final model.  By convention, only the last loading 

vector is supplied to demonstrate that the user did not overfit the data and thus include the 

irrelevant component in the model. 

 An influence plot is another tool for identifying outliers.  In this plot, samples are 

represented as a function of residual variances and leverages.  In addition to outliers, the 

plot also identifies influential samples as illustrated in Figure 1.7.  Samples with high 

residual variance are likely outliers.  Samples with high leverages are influential samples 

because they pull the model in their direction so that it will describe them better.  A 

sample having both high residual variance and leverage is called a dangerous outlier 

because it is not well described by the model and it distorts the model so that it will 

describe them better.  Leaving a dangerous outlier in the data set will result in a model 

that describes the more "average" samples to a lesser degree.  In any of these three cases, 

the samples should be investigated and removed as deemed appropriate. 

For regression methods, a plot of the regression coefficients is available.  The plot 

is not particularly useful in a visual aspect, but the numerical information contained 

within the plot is important.  The coefficients for a model equation using a given number 

of PCs are contained in the plot.  In the example in Figure 1.8, the model equation using 

three PCs is y = 3 + (–10)1 + (0)2 + (8)3 + (4)4 + (–2)5 = 23.  For spectral data, the plot 
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usually includes a few hundred X-variables, so the calculation is not as simple.  It is also 

important to point out that the coefficients do not necessarily reflect the relative 

importance of the X-variables because the variables are kept in their original scales to 

allow the calculation in the original units.  It is for this reason the plot is not especially 

helpful in a diagnostic aspect. 
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Figure 1.7.  Hypothetical influence plot identifying three potential problem cases. 
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Figure 1.8.  Hypothetical plot of regression coefficients. 

 
 
 The plot of predicted versus measured values is important for regression methods 

because it provides information regarding the quality of the regression model.  The ideal 

behavior associated with this particular plot is well known in the sciences.  For models 

giving a perfect fit, the plot will show points falling directly on a straight line through the 
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origin and with a slope equal to one.  Plots with points having average distances far 

removed from the fit line indicate a poorly fitted model. 

 The r-square value is a helpful measure of the quality of the model.  It indicates 

the strength of the relationship between the Y-data and the Y-values predicted by the 

model and therefore, indicates the predictive ability of the model.  It is computed as the 

square of the correlation coefficient between the predicted and measured values.  The r-

square value is always between 0 and 1.  The closer the r-square value is to 1, the better 

the quality of the fit.   

 The predicted versus measured plot has other diagnosing capabilities as well.  For 

instance, outliers can be identified from the plot because they will fall far from the fit line 

relative to the other samples.  In some cases, there may be a nonlinear relationship 

between the variables.  This means that the predictions do not have the same level of 

accuracy over the whole range of Y.  In these situations, remedial methods can be applied 

to obtain a more linear relationship between the variables. 

 The aforementioned plots comprise the major diagnostic tools for chemometric 

methods.  There are numerous other diagnostic tools, some of which are included where 

appropriate in this document.  These other diagnostic methods will be discussed as they 

are presented in the text. 

 
 Preprocessing methods.  Preprocessing involves mathematical manipulation of 

the data prior to the analysis.  Practical application of preprocessing methods involves 

both trial and experience.  It is best if such methods are chosen because of a known 

characteristic of the spectral data (for example, noisy, baseline shifts, scattering effects, 

etc.).  Preprocessing methods can be divided into the following three categories: (1) 
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artifact reduction, (2) linearization, and (3) mean centering.  Common preprocesses for 

spectral artifact reduction include smoothing to reduce noise, baseline correction, 

normalization to reduce systematic variation, and multiplicative scatter correction to 

correct for differences in path length.  Spectral derivativization is commonly employed to 

remove baseline slope variations in near-infrared spectroscopy.  This from of 

preprocessing has the added bonus of sharpening the bands to make them more obvious.  

The idea of any artifact reduction method is to relieve the spectra of irrelevant variations 

rather than relying on the model to fit them.  If the artifacts are removed, it will lead to 

greater robustness of the model.  The same concept applies to preprocessing methods for 

linearization in regression analyses, that is, to alleviate the nonlinearities to improve the 

model performance.  Sometimes, a simple mathematical transformation such as log(x) is 

applied to either the X- or the Y-data to provide a more linear relationship in the model. 

 All of the aforementioned preprocessing methods are routine processes in 

analytical chemistry, with the exception of multiplicative scatter correction (MSC).  

Reflectance spectral data associated with powders often exhibit a multiplicative scattering 

effect, where the signal differences are dominated by particle size rather than the 

constituent(s) of interest.  Employment of a MSC should be justified by plotting the 

appropriate sample spectra (those furthest separated) against the average spectrum.9  A 

hypothetical plot of a set of spectra demonstrating a multiplicative scattering effect is 

given in Figure 1.9.  The observed slope behavior in the plot is indicative of a 

multiplicative scattering effect. 

Lastly, mean centering is applied to position the centroid of a data set to the origin 

of the new coordinate system.  From a statistical point of view, this is a mandatory 
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pretreatment which serves to provide a more normal distribution of the data.  However, 

from an analytical chemistry point of view, it can be argued that the origin may have 

chemical significance.  The effect of mean centering can be different depending on the 

data and the application. 
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Figure 1.9.  Hypothetical wavelength by wavelength plot for a set of spectra exhibiting a 
multiplicative scatter effect. 
 
 
 Variable selection.  Selecting variables in spectroscopic investigations is fairly 

straightforward.  This can be done by examining the spectra and identifying the range of 

wavelengths where variation occurs.  If needed, the mean-centered spectra can be 

observed to make the variation more apparent.  Obviously, the signals for constituents 

that are not of interest to the investigation should not be included.   

 Another variable characteristic that may assist in the selection process is 

correlation loadings.  The data can be represented in a two-dimensional plot.  In this plot, 

the correlation values for the selected variables are plotted as a function of the first two 

PCs.  Two ellipses are displayed in the plot, one representing 100% correlation and the 

other for 50% correlation between the original data matrix and the estimated PCs.  
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Ideally, all variables should fall close to the 100% correlation ellipse.  The hypothetical 

data plotted in Figure 1.10 suggest all of the variables are important. 
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Figure 1.10.  Hypothetical correlation loadings plot showing two ellipses; outer, 100% 
correlation and inner, 50% correlation and several variables with near 100% correlation. 
 
 
 Model validation.  There are two accepted model validation methods—test set 

validation and full cross validation.  Test set validation includes measuring and 

performing predictions on a new set of samples that have never affected the model.  A 

full cross validation involves an iterative process, in which one sample is left out, then a 

model is built with the remaining samples and used to predict Y for the left-out sample.  

This process continues until all the samples have been left out once.  Although test set 

validation requires more time and usually more money, it provides a better reflection of 

reality.  Thus, it is preferred by the chemometric community that all models be validated 

through test set evaluation.9
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CHAPTER TWO 
 

Estimation of Postmortem Interval of Swine Skeletal Samples by Multivariate Regression 
Analyses of Near-Infrared Reflectance Spectral Data: Cross-Sectional Study 

 
 

Introduction 
 
 The time elapsed since death, referred to as postmortem interval (PMI), is a 

matter of crucial importance in the investigation of the death of a human subject.  Such 

information can help to disclose the identity of the deceased and contribute to the 

resolution of any legal issues involved (such as a homicide investigation).  Estimating 

PMI is a remarkably difficult task because decomposition is influenced by many factors.  

The factors include but are not limited to meteorological (temperature, humidity, and 

rainfall), geological (altitude, surface on which the body is lying, or whether the body is 

buried), and biological factors (such as insect, rodent, and carnivore activity).29  The size 

and weight of the body and even the type and fit of the clothing the deceased is wearing 

can influence the rate of decay.30, 31  Considering these many factors, it is easily 

understood that the sooner the body is discovered after death, the easier the investigation 

and the more reliable the results obtained.   

 If the body is discovered within the first few hours after death, medical techniques 

including algor mortis (body cooling), rigor mortis (stiffening of the limbs), and livor 

mortis (settling of the blood in the body) may be used to estimate PMI with some 

confidence.29  After these first few hours have passed, the accuracy of the determination 

of PMI decreases.29  At this point, entomological (insect activity on the corpse) evidence 

usually becomes the best indicator of PMI and can be used up to about seven weeks after 



death.32  However, as the soft tissue breaks down further and the remains become 

skeletonized, these methods are rendered ineffective,29and unfortunately, there are no 

tried-and-true scientific methods for determining PMI when this is the case.30  

Consequently, current means of PMI estimation from skeletal remains rely heavily on the 

accumulated experience of the investigating forensic pathologist.33, 34 

 Because the majority of research involving the estimation of PMI is dedicated to 

preskeletonized bodies, the research devoted to skeletal remains is minimal.  The 

attention received in this area predominantly comes from an archaeological perspective 

rather than one of forensics.  Most of the methods have reported relevance for 

differentiating those samples that are more recent from those that are older (anywhere 

from tens to hundreds or thousands of years).33, 35–45  The primary example of 

archaeological efforts on this front is the radiocarbon (14C) dating method.38, 42, 43  With 

the intention of making the method more applicable to samples having PMIs of forensic 

interest, other radioactive nuclei with shorter half-lives, including 3H, 210Pb, 210Po, 90Sr, 

and 137Cs, have been explored.37, 41, 44–46 

 Practicing forensic experts primarily employ methods that exploit basic properties 

of the bone such as its appearance.  Popular methods include measuring the weight of the 

bone or examining surface weathering or the state of remaining soft tissues.30, 34  

Microscopic studies for examining the histology and deteriorating microstructure of  

bone47–49 are also recognized.  Another approach is the correlation of any evidence of 

animal scavenging or associated death scene material (paper, clothing, etc.).50–54 

 The remaining possible methods for the determination of PMI can be divided into 

two main categories—those involving either the inorganic or organic constituents of 
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bone.  An indirect approach involving the analysis of extracted inorganic ions from the 

underlying soil by ion chromatography has been reported to correlate with PMI.55  In a 

direct approach, zinc measured via atomic absorption spectroscopy was also reported to 

correlate with PMI.  Also, methods employing X-ray diffraction and thermal analyses 

have been employed to observe postmortem changes in the mineralization of bone.36, 39 

 The organic-based methods dominate research in the field, particularly protein-

based methods.  Several techniques exploit the decrease of proteins in bone as it ages.  In 

one approach, the total protein fraction is extracted and quantified through the Lowry 

method.56, 57  Another involves measuring the loss of nitrogen, which correlates with the 

loss of protein, by the Kjeldahl technique.31  On a similar note, the selective loss of 

specific amino acids from protein in the bone was observed by performing a complete 

hydrolysis of the proteins and using thin layer chromatography to separate and identify 

the amino acids present in the sample.33  A radically different protein-based approach 

concerns measuring hemoglobin in the blood found in the bone tissue.  In this approach, 

the chemical luminescence of the reaction of luminol with hemoglobin and its 

degradation products was studied by means of image analysis.55 

 Other organic constituents of interest include deoxyribonucleic acid (DNA) and 

lipids.  In the DNA-based approach, the degradation rate of DNA from bones is assessed 

through DNA fragmentation patterns observed through visualization of developed gel 

electrophoregrams.58, 59  Lipid-based approaches include sampling the soil underneath 

decomposing human remains and analyzing extracts for volatile fatty acids via gas 

chromatography55 and extraction and quantification of total lipids, free fatty acids, 

triglycerides, and cholesterol in the bone.56, 57 
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 Survey of the literature reveals proteins are an important factor in bone  

dating.31, 33, 48, 60  In view of this information, the NIR method described in this document 

has considerable promise.  The objective of the study was to determine whether 

spectroscopic examination of the bone could be used to estimate PMI of skeletal remains.  

NIR spectroscopy involves bands arising from overtones and combinations from groups 

such as C–H, O–H, N–H and C=O all of which are abundantly present in proteins.  

Furthermore, the described method leaves the bone sample in its original condition with 

the exception of cutting a small piece capable of fitting into the sample holder.  Many of 

the aforementioned methods completely destroy or irreversibly alter the bone sample.  In 

fact, most forensic scientists employ cleansing routines involving various detergents or 

bleaches before the analysis is carried out, potentially corrupting the constituents of 

interest.61–64 

 
Background 

 
 Bone is a composite of organic and inorganic phases.  The organic material of 

bone represents roughly 35% of the total dry weight of bone, of which about 90–96% is 

collagen.31, 65  The other organic components include mucopolysaccharides, other 

proteins, lipids, and DNA.65  These minor organic components are homogenously 

suspended in the fluid that fills the spaces between the collagen fibers.65 

 Various mineral-containing salts such as calcium phosphate comprise the 

inorganic component in bone.65  These mineral-containing salt crystals are responsible for 

the hard characteristic of bone.66  Also, water makes up about 10–15% of the total 

composition of bone.31 
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Collagen, a major constituent of the bone matrix, is a protein that is responsible 

for the stress-bearing quality of skeletal tissue.67  It is a long fibrous protein comprised of 

three polypeptide chains, each about one thousand residues in length, arranged in a right 

hand triple helical structure.66  The structure of the collagen triple helix is shown in 

Figure 2.1a.  Each individual polypeptide chain is twisted to the left with one turn every 

3.3 residues and ten turns of each chain per turn of the triple helix.66  Hydrogen bonds, 

mostly from amide protons to carbonyl oxygens, extend between the individual chains 

(Figure 2.1b), holding the triple helix together.66   

 

(a) (b) 
 

 
Figure 2.1.  (a) The collagen triple helix.  (Figure copyrighted by Irving Geis).  (b) 
Hydrogen bonding in the collagen triple helix.  (After reference 68, copyright 1969, with 
permission from Elsevier). 
 
 

The individual triple helical molecules, approximately 300 nm long, are packed 

together in a specific way, that is, each molecule overlaps its neighbor by about 64 nm.66  

Neighboring collagen molecules are covalently cross-linked to one another, joining them 

together into a tough collagen fibril.66  The mineral-containing salt crystals are deposited 
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within the gaps in the collagen structure.65  The collagen and mineral-containing salt 

crystals are strongly held together, lending living bone its incredible strength and non-

living bone its persistent preservation relative to other tissues found in the human body.31 

Of the 23 natural amino acids, collagen usually contains 17 of these, with a low 

content of aromatic amino acids.65  Amino acid sequence analysis has shown that the 

individual polypeptide chains have the general composition of glycine-X-Y.66  Since 

every third residue must lie near the center of the triple helix, glycine, having the smallest 

side chain (H), is the only amino acid capable of fitting there.66  Amino acids possessing 

other side chains would be too bulky.  The repeated unit, glycine-proline-hydroxyproline, 

is the dominant sequence of collagen, with the other amino acids making up less than half 

of the total residues.31  The bulky proline and hydroxyproline side chains are on the 

periphery of the triple helix, where they are sterically unhindered (see Figure 2.1b).67  

Proline and hydroxyproline are relatively inflexible, imposing rigidity onto the collagen 

molecule. 

As collagen degrades over time, primarily due to bacterial collagenases, the 

proteins are reduced to peptides.69  The peptides, in turn, break down to their constituent 

amino acids and are eventually released to the surrounding environment.69  This process 

is represented in Figure 2.2.  Over the course of this sequence, the collagen fibril network 

is disrupted, including the hydrogen bonding and cross-linking between individual 

polypeptide chains and collagen molecules, respectively.  All of these changes occurring 

within the collagen structure should make NIR spectroscopy a feasible tool for the 

estimation of PMI. 
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Figure 2.2.  The major process of degradation occurring in skeletal tissue after death.  
(Collagen figure reprinted with permission Pearson Education, Inc.). 

 
 

Bones from Sus scrofa or domesticated pigs were used as human bone analogues 

in this project.  Swine are very popular as animal models for human studies in various 

biomedical research endeavors ranging from nutrition and exercise to diseases such as 

atherosclerosis, diabetes, osteoporosis, and melanoma.70  Pigs and humans have 

similarities in size and physiology, hairlessness of the skin, as well as organ development 

and disease progression.71  In addition, the pig genome has high sequence and 

chromosome structure homology with humans.71  The swine model is also widely used in 

forensic research relating to stages of decomposition in specific environments72–76 and 

entomological evidence77–81 accompanying the decay of the carcasses.   

 
Materials and Methods 

 
 
Experimental 
 

A preliminary investigation was conducted using fresh pork ribs as samples, 

which were purchased from local area supermarkets.  The soft tissue was carefully 

removed by hand.  Cross-sectional slices of about 2 mm in thickness and approximately 1 
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cm in diameter (see Figure 2.3) were cut with a clean hacksaw.  The samples underwent 

no other preparations or treatments in addition to these.  They were then stored in the 

laboratory fume hood on a clean ceramic plate in a single, nontouching layer to allow for 

equal air exposure.  Sample decomposition was carried out under these conditions and at 

room temperature.  Spectroscopic measurements were regularly collected throughout the 

duration of the study, which was conducted for a total of three months. 

 

 
 

Figure 2.3.  Photograph of cross-sectional pieces of bone samples. 
 
 
Collection of Near-Infrared Reflectance Spectroscopic Data 
 
 Near-infrared reflectance spectra were recorded on a dual-channel NIR 

spectrometer, which was previously assembled from component parts in the laboratory.82  

Figure 2.4 shows a schematic diagram of the spectrometer.  An air-cooled 100 watt 

quartz-tungsten halogen lamp provides source radiation for the instrument.  Radiation 

from the lamp is modulated by a rotary chopper and controller before it is focused by a 

lens onto the entrance slit of the monochromator.  A long pass filter with a cut-on value 

of 1100 nm is located between the radiation source and the chopper.  This serves to 

remove short wavelength radiation from the beam before entering the spectrometer and is 
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done in order to minimize stray light.  Wavelength scanning is achieved by rotation of the 

grating in the spectrometer by a variable speed stepper control motor.  The radiation 

exiting the Czerny–Turner monochromator is first collimated with a lens and then equally 

divided into two beams—one reference and one sample channel.  Half of the radiation is 

reflected by the beam splitter and focused by a lens onto the lead sulfide reference 

detector.  The other half passes through the beam splitter and is then sent to the sample, 

making its way through the integrating sphere.   
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Figure 2.4.  Schematic of the dual-channel NIR spectrometer.  SPS, spectral power 
supply; RS, radiation source; LPF, long pass filter; CH, chopper; CHC, chopper control; 
RCH, reference channel; RDET, reference detector; MON, monochromator; SMC, 
stepper motor controller; BS, beam splitter; IS, integrating sphere; LT, light trap; BF, 
baffle; SDET, sample detector; SH, sample holder; DPS, diode power supply; RLIA, 
reference lock-in amplifier; SLIA, sample lock-in amplifier.  (Adapted with permission 
from reference 83.  Copyright 2001 Advanstar Communications, Inc.). 
 
 

The inside of the integrating sphere is coated with the reflecting material, barium 

sulfate.  The sphere has four ports.  One of the ports is equipped with a light trap to 
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absorb radiation associated with specular reflectance.  The spectrometer mounting and 

sample holder are located at two opposite ports.  The lead sulfide sample detector is 

mounted to the final port.  A baffle is situated inside the sphere between the sample 

holder and detector ports to block radiation that comes directly from the input from 

hitting the sample detector.  The signals from the reference and sample detectors are 

passed through respective lock-in amplifiers that are both referenced to the frequency 

setting of the rotary chopper for demodulation.  The output signals from the lock-in 

amplifiers are acquired utilizing a data acquisition board equipped with analog-to-digital 

converters before being passed to the instrument computer.  Instrument control, data 

acquisition, processing, and storage are simultaneously achieved with a program written 

in LabVIEW (version 5.1) from National Instruments. 

 The precut cross-sectional pieces of bone were placed into the sample holder 

where end-on views of the bone were exposed to the interior of the integrating sphere.  

Diffuse NIR reflectance measurements were collected over the wavelength range of 

1100–2200 nm with a sampling interval of 2 nm.  These measurements were conducted 

regularly throughout the length of the study resulting in 304 sample spectra.  The 

measurements were reported as log 1/R.  The spectral data were retrieved as text files by 

means of the LabVIEW software program and later converted to Microsoft Excel 

spreadsheets. 

 
Data Preparation 
 
 The spectral data contained in the Excel files were directly imported into The 

Unscrambler software package (version 9.7) from CAMO, Inc.  Since the files were 

stored with one row for each variable (wavelength) in Excel, the data matrix was 
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transposed, where the rows and columns were exchanged, making the data suitable for 

analysis.  The raw (unprocessed) reflectance spectra of bone samples of differing PMI are 

illustrated in Figure 2.5.  The useful range of spectral data was found to lie between 1142 

and 1934 nm.  The data in the early 1100 nm range are unusable due to the high degree of 

noise in the signal caused by the lead sulfide detector, for which the sensitivity in this 

range is poor.  The 1940–2200 nm range also suffers from a high level of noise, but in 

this case, the cause is the coating of the inside of the integrating sphere, barium sulfate, 

for which the percent reflectance drops off at about 1950 nm.  Thus, the spectra were 

truncated and these spectral ranges were not considered in the analyses.  Next, because 

there is still some noise in the remaining spectral data, all of the data were smoothed 

using the Savitzky–Golay algorithm with a thirteen point segment, where six points on 

either side were used to calculate the data point in question.  This pretreatment helped to 

effectively remove most of the spectral noise while still retaining the chemical 

information.  A column vector containing the known PMI was added to complete the data 

matrix and data analysis was performed on the prepared spectral data. 

 
Data Analyses 
 
 PLSR calibration models were constructed using the mean-centered spectra.  For 

all models developed, the optimum wavelength range was found to be 1142 to 1934 nm, 

which was previously determined to be the whole of the useful range of wavelengths.  

Any further truncation or exclusion of data was detrimental to the quality of the model.  

Because there are several potentially useful bands associated with proteins in the 1940–

2200 nm range, models were constructed including this range for evaluation.  Including 

this range produced models of equal quality.  However, when the loadings are examined,
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Figure 2.5.  Complete set of raw reflectance spectra of the cross-section of bone samples having different postmortem intervals.
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that portion of the spectrum appears to be purely noise.  Unfortunately, as was presumed, 

the barium sulfate in the integrating sphere renders the 1940–2200 nm range unfit for use.   

 Outliers were detected through examination of the scores and influence plots.  

Samples lying far removed from others in the scores plots were removed.  Also, samples 

having unusually high residuals or leverages as displayed in the influence plots were 

removed.  Second derivative preprocessing was investigated, but this transformation did 

not succeed in improving the quality of the models.  Independent prediction sets (samples 

that were not included in the calibration phase) were used to validate the regression 

models.  The associated errors for the predictions are calculated and reported in the form 

of absolute error.  

 
Results and Discussion 

 
 The initial phase of the investigation was designed to answer the question of 

whether NIR reflectance measurements of aging skeletal remains could be successfully 

correlated to PMI under a controlled laboratory environment, where all samples in the 

study were treated exactly the same.  Because of the large number of sample spectra in 

the data set, not much can be understood with all the spectra superimposed on the same 

plot as in Figure 2.5.  Thus, an expanded view of six selected reflectance spectra of 

varying PMI was examined to illustrate the trends in the data (Figure 2.6).  This view 

focuses in on some of the most prominent bands observed in the central portion of the 

spectra.  Generally, as the PMI increases, the ordinate values decrease for all 

wavelengths.  Also, as time progresses, the ordinate values change less, remaining closer 

to the last. 
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Figure 2.6.  Expanded view of reflectance spectra of bone samples having different PMIs. 
 
 
 The protein, collagen, makes up approximately 35% (dry weight) of the 

composition of bone.  Considering protein comprises the bulk of the NIR distinguishable 

groups found in bone, the breakdown of collagen and subsequent loss of amino acids 

from the bone matrix is likely a major cause of the decreasing ordinate values as the bone 

ages.  This inference is supported by Figure 2.7, which comes from the literature.  The 

figure shows several NIR absorption spectra of suspension samples containing varying 

amounts of the protein, bovine serum albumin (BSA).  The suspension contains 

aluminum hydroxide as well as aluminum oxide onto which the protein can adsorb.  It is 

evident that as more protein is adsorbed onto the aluminum oxide particles, there is an 

increase of near-infrared absorbance.   

 Bone also loses moisture as it ages.  In the measured spectral range, there are 

three bands formed from O–H vibrations in water; one at around 1210 nm, arising from 

the combination of the antisymmetric stretch and the scissoring bend, another around 

1450 nm, which is due to the combination of symmetric and antisymmetric stretching  
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Figure 2.7.  Absorption spectra of BSA, Al(OH)3 suspension, and their mixtures 
containing varying concentrations of BSA in buffer solution.  Apart from the two labeled 
reference spectra, the rest of the spectra are of mixtures with BSA concentrations of 0.1, 
0.5, 1, 2, 3, 4, 5, 7.5, and 10 mg/mL, going from bottom to top.  [Note: After 2 mg/mL 
BSA, the adsorption of protein is approaching saturation, which explains why the 
increase in absorbance is less upon further addition of protein].  (Reproduced with 
permission of reference 84.  Copyright 2008 Society for Applied Spectroscopy). 
 
 
modes in water, and the other at 1940 nm due to the combination of the symmetric 

stretch, antisymmetric stretch, and the scissoring bend.3, 85  The NIR absorption spectrum 

of water is given in Figure 2.8 to illustrate the relative intensities of these bands.  The 

band at 1940 nm (5,155 cm–1) is the most intense, followed by the one at 1450 nm (6,900 

cm–1).  The band at 1210 nm (8,260 cm–1) is barely discernible, along with another band 

at 975 nm (10,255 cm–1), which does not fall within the measured spectral range of this 

study. 

 The NIR spectral behavior of deer skulls with varying moisture content is also 

provided in the literature (Figure 2.9).  The data comes from a study with the intent to 

determine the weights of skulls excluding water for their evaluation as game trophies.  In 
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Figure 2.8.  Absorption spectrum of water.  (Reproduced with permission from reference 
3.  Copyright 2008 Taylor and Francis Group, LLC). 
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Figure 2.9.  Representative spectra of deer skull with different moisture contents as 
designated by the arrows.  (Reprinted with permission from reference 86.  Copyright 
2007 IM Publications LLP). 
 
 
the figure, the major difference can be seen at 1450 nm (6,900 cm–1) for varying water 

content from 4.5–19%.  The water content was determined for a deer skull during drying 
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for a period of 25 days.  This data set is plotted in Figure 2.10 and shows a near-

logarithmic trend of loss of water as the skull is allowed to dry. 
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Figure 2.10.  The average water content (percent) in deer skull during drying.  (Reprinted 
with permission from reference 86.  Copyright 2007 IM Publications LLP). 
 
 
 In order to further explore the information that is contained within the cross-

sectional data, a principal components analysis (PCA) was conducted using only data 

from around the first, middle, and last of the investigation (days 3, 48 and 90).  A PCA 

scores plot can be used for exploratory analysis.  In this case, the PCA was conducted to 

see if the groups of samples are different from one another.  The PCA scores plot is given 

in Figure 2.11.  Clearly, the samples cluster well into groups according to the PMI. 

 Once the data were satisfactorily explored, regression models were constructed 

and examined.  The initial regression model (Appendix A) showed some nonlinearity.  

To investigate the nonlinearity, the values at 1450 nm (water band) of the six spectra 

from Figure 2.6 were plotted and fitted to the appropriate function.  The plot of the raw 
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Figure 2.11.  PCA scores for selected sample spectra (days 3, 48, and 90) plotted along 
the first two PCs in a PCA. 
 
 
data fits a logarithmic curve very well (Figure 2.12a) and looks very similar to the water 

content data plotted in Figure 2.10 for the deer skull study.  Taking the log of PMI in 

days effectively linearizes the data (see Figure 2.12b).  Therefore, the same was done for 

the entire set of data, and a new regression model was constructed.  
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Figure 2.12.  Spectral data from 1450 nm plotted as a function of (a) time in days and (b) 
log of time. 
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The scores plot (Figure 2.13a) reveals the grouping in the data, which is 

distinguished by the different colors.  The three different colors in the scores plot are 

made possible by the addition of a category variable.  In this case, the category variable is 

the month of decomposition and contains three levels, month one (days 2–30) in blue, 

month two (days 31–60) in red, and month three (days 61–90) in green.  This category 

variable was added to aid in the identification of patterns within the data.  Given the large 

number of samples in the data set, it is very difficult to notice the grouping without the 

added category variable, which enables the color levels.  The three groups of samples 

converge at the center of the plot when the Y values (days) are close to one another.  This 

suggests that the samples are similar to one another, as they should be.  Additionally, it is 

easy to spot the samples for days 3 and 90, which do not share a boundary in the setup of 

the category variable.  These samples are better separated from those samples 

corresponding to days falling closer to the boundaries of the category variable levels.  

This suggests these samples are different from the rest. 

The loadings for the fifth and final principal component are plotted in Figure 

2.13b.  The plot of the loadings for this PC resembles a spectrum, and thus the PC is 

acceptable to include in the model.  The consecutive values of explained variance for 

each of the five PCs are added up to obtain a total percent of explained variance in the 

model.  For this model, 98% and 79% of the variance in X and Y are explained, 

respectively. 

The next plot in the regression overview, the Y validation variance curve (Figure 

2.13c), also suggests how many PCs to use.  When the curve levels off to a minimum, 

this indicates the suggested number of principal components from the software program.   
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Figure 2.13.  Regression overview of the model using the log of PMI: (a) Scores plotted along the first three PCs with colors denoting 
the month to which the samples belong; (b) loadings for the fifth and final PC as a function of wavelength in nanometers.  [Note: five 
PCs are able to explain 98% of the spectral variation and 79% of the variation in PMI.]; (c) Y validation variance curve plotted as a 
function of PCs; and (d) plot of predicted versus measured values, r-squared value is 0.79. 
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Often, the curve will increase slightly when the PCs start to become associated with 

noise.  This occurrence can be witnessed in this case.  There is a minimum located at PC 

seven, and the explained variance curve gradually increases for each additional PC.  

Although, seven PCs are suggested by the program for this model, only five were 

included in the final model.  Considering the subsequent PCs explain a minimum amount 

of the variation in Y, they do not significantly contribute in the overall calculation.  Thus, 

it was decided not to include them in the final model, given their noisy nature. 

 The last plot in the regression overview is the scatter plot of the predicted versus 

measured or true Y values (see Figure 2.13d).  The r-squared value for the surface model 

is 0.79, indicating a modest fit of the data.  For this particular model, the data points are 

not as close to the trend line as one would prefer.   

 Four independent prediction sets (samples not included in the calibration phase) 

were used to validate the regression model.  In total, 32 independent samples were 

included in the validation study.  The summarized results of the predictions are given in 

Table 2.1.  Overall, there was an average absolute error of eight days. 

Another commonly used practice for alleviating nonlinearity is to split the 

calibration set into separate portions.  In view of this, the data set was split according to 

month and then models were separately constructed for each section (see Figures 2.14–

2.16).  The r-squared values for the three models are 0.75, 0.83, and 0.81, and they 

explain 99, 99, and 98% of the variation in X and 75, 77, 78% of the variation in Y.   

 For comparison to the log model, predictions were made for independent sample 

sets.  The results are summarized in Table 2.2.  The overall average absolute error for the  

collective set is six days.  These results are improved from the model where the whole  



Table 2.1.  Prediction results for independent sample spectra using the log model 
 

Group Reference (days) Predicted (days) Absolute error 
(days) 

Average absolute 
error (days) 

1 5 8 3  
 9 10 1  
 22 19 –3  
 36 28 –8  
 43 22 –21  
 55 54 –1  
 67 48 –19  
 88 81 –7 8 

2 7 9 2  
 25 27 2  
 38 34 –4  
 43 23 –20  
 57 70 13  
 64 62 –2  
 81 94 13  
 90 73 –17 9 

3 3 10 7  
 11 21 10  
 23 19 –4  
 31 35 4  
 43 23 –20  
 57 67 10  
 67 75 8  
 85 76 –9 9 

4 3 8 5  
 11 9 –2  
 25 25 0  
 48 60 12  
 64 80 16  
 67 61 –6  
 79 76 –3  
 87 77 –10 7 

Total    8 
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range of PMI was handled identically.  The success of splitting the model into three 

ranges suggests that the rate of decomposition of the bone is not constant throughout the 

investigated range of postmortem interval.  This inconsistency in decomposition is 

obvious in looking at the representative spectra shown in Figure 2.6. 

 Interpretation of the model is the last step in a chemometric procedure.  For this 

project especially, it would be rewarding to uncover the variable relationships that are 

being modeled.  The loadings of a model can be examined for each principal component 

in order to see which X-variables (spectral data) are important for the prediction of Y 

(PMI in this case).  The loadings for the first four principal components of the full model 

are shown in Figure 2.17.  The larger the loading value for a particular variable, the 

greater its contribution to the prediction of Y.  Looking at the first PC, the main extremes 

that can be pointed out are 1200, 1356, 1412, 1536, 1710, and 1912 nm (see Figure 

2.17a).  For the second principal component, the most important variables fall at 1180, 

the area around 1300, 1424, 1720, 1764, and 1918 nm (Figure 2.17b).  Likewise, 1214, 

the area around 1300, 1730, 1770, and 1912 nm contribute most to computing the third 

PC (Figure 2.17c), and 1200, 1350, 1412, 1480, 1710, 1776, 1852, and 1902 nm 

contribute most to computing the fourth PC (Figure 2.17d).  These wavelengths are 

summarized in Table 2.3. 

 A better way to come by this information is to construct two-way loading plots9 

(two-dimensional scatter plot of the loading weights along two PCs).  This was done for 

the first four PCs of the surface model in Figure 2.18.  The same concept applies here, 

that is, the variables at the extremes are more important to the prediction of Y, while 

those close to the origin contribute less.  When the loadings are plotted along PCs one 
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Figure 2.14.  Regression overview of the model for the first month: (a) Scores plotted along the first two PCs; (b) loadings for the 
forth and final PC as a function of wavelength.  [Note: four PCs are able to explain 99% of the spectral variation and 75% of the 
variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-
squared value is 0.75.
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Figure 2.15.  Regression overview of the model for the second month: (a) Scores plotted along the first two PCs; (b) loadings for the 
fifth and final PC as a function of wavelength.  [Note: five PCs are able to explain 99% of the spectral variation and 77% of the 
variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-
squared value is 0.83. 
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Figure 2.16.  Regression overview of the model for the third month: (a) Scores plotted along the first two PCs; (b) loadings for the 
forth and final PC as a function of wavelength.  [Note: four PCs are able to explain 98% of the spectral variation and 78% of the 
variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-
squared value is 0.81. 

 



Table 2.2.  Prediction results for independent groups of sample spectra using three segmented models 
 

Group Reference 
(days) 

Predicted 
(days) 

Absolute 
error (days) 

Average 
error (days) 

Group Reference 
(days) 

Predicted 
(days) 

Absolute 
error (days) 

Average 
error (days) 

1 3 10 7  2 3 12 9  
 7 12 5   9 7 –2  
 11 15 4   13 23 10  
 15 17 2   15 13 –2  
 19 23 4   19 22 3  
 22 23 1   21 14 –7  
 23 26 3   24 24 0  
 27 20 –7 4  27 20 –7 5 

3 31 44 13  4 31 46 15  
 36 42 6   34 41 7  
 40 38 –2   36 43 7  
 43 30 –13   40 42 2  
 48 49 1   43 32 –11  
 50 43 –7   48 43 –5  
 57 55 –2   55 44 –11  
 59 42 –17 8  59 49 –10 8 

5 64 74 10  6 64 69 5  
 67 74 7   67 73 6  
 71 70 –1   71 70 –1  
 79 76 –3   79 76 –3  
 81 87 6   81 88 7  
 85 76 –9   85 83 –2  
 88 92 4   87 80 –7  
 90 84 –6 6  90 90 0 4 

Total         6 
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Table 2.3.  Important X-variables as identified by examination of the loadings 
 

Important X-variables from 
line plots of loadings (nm) 

Important X-variables from 
two-way loading plots (nm) 

1180 1172/1174 
1200/1214 1208/1216 

1300 1296 
1350/1356 1360 
1412/1424 1424 

1480 1484 
1536 1540 

1710/1720/1730 1722/1728 
1764/1770/1776 1770 

1852 1854 
1902/1912/1918 1902/1910 

 

and two (Figure 2.18a), the evident extremes are the following wavelengths: 1174, 1208, 

1296, 1424, 1484, 1722, 1854, and 1910 nm.  Similarly, there are wavelengths 1172, 

1216, 1360, 1540, 1728, 1770, 1854, and 1902 nm for PCs three and four (Figure 2.18b).  

These wavelengths are also summarized in Table 2.3 along side the previously mentioned 

wavelengths. 

 Arbitrary assignments could be made for each these wavelengths.  However, 

because some of these wavelengths do not correspond to identifiable features in the NIR 

spectra presented, the second derivatives of three spectra (all from day 3) were calculated 

and examined (see Figure 2.19).  Differentiation, that is computing derivatives, is widely 

used for spectroscopic investigations.  In the second derivative spectra, the bands are 

sharpened and more obvious and the previously mentioned wavelengths become 

decipherable.  Three spectra were included in this figure to help distinguish peaks from 

noise.  If the three spectra follow the same pattern, it can be argued that the feature is not 

due to noise, but instead represents chemical information.   
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Figure 2.17.  Loadings for the first four PCs of the full model plotted as a function of wavelength in nanometers. 
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Figure 2.18.  Two-way loading plots involving the first four PCs of the full model. 
 
 

 Table 2.4 lists the tentative assignments of the wavelengths deemed important to 

the modeling of PMI from NIR reflectance spectra.  The 1300 nm region was left 

unassigned.  Although the loadings convey that the area around 1300 nm is important to 

the modeling of PMI, the second derivative does not uncover a prominent band in this 

range.  If, indeed, a band exists around 1300 nm, it could be due to the second overtone 

of the S–H stretch.  There is only a very small amount of cysteine (S–H containing amino 

acid) present in collagen,67 which would result in a small near-infrared band. 
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Figure 2.19.  Second derivative of three NIR reflectance spectra from day three. 
 
 

Table 2.4.  Tentative assignments for variables found to be important  
to the modeling of NIR spectral data to PMI3–5, 85, 87–91 

 
Wavelength (nm) Assignment 

1170 2nd overtone of C–H stretcha  
 

1210 2nd overtone of C–H stretchb and combination of O–H stretch and 
bend in water 
 

1300 Unassigned 
 

1366 1st overtone of O–H stretch and/or combination of C–H stretches  
 

1428 1st overtone of O–H stretchb and combination of O–H stretches in 
water 
 

1474 combination of N–H stretches  
 

1536 1st overtone of N–H stretch  
 

1722 1st overtone of C–H stretchb  
 

1764 1st overtone of C–H stretcha  
 

1845 2nd overtone of C=O stretch  
 

1914 combination of O–H stretches and combination of O–H stretches 
and bend in water 

a symmetric;  b antisymmetric 
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Conclusions 

 After skeletonization occcurs, there are no routine scientific methods in place for 

the estimation of postmortem interval.  In view of this, the described method seems to 

hold considerable promise.  The results obtained are reasonable and indicate that the 

method has potential to estimate PMI from skeletal remains.  The changes occurring in 

the organic material of bone are detectable with near-infrared spectroscopy and this 

information can be exploited with multivariate statistical methods.  The constructed 

models were able to predict PMI with average deviations in the range of six days.  The 

overall accuracy was increased by 25% upon building multiple calibration models, which 

were individually able to provide a better fit of the data than in the models where all 

samples were handled alike.  The described method should be given further consideration 

for forensic investigations involving skeletal finds.  Future studies should be aimed at the 

inquiry of the success of the method with more accumulated data (extended wavelength 

region) and samples as well as with added variables that would occur in real world 

situations. 
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CHAPTER THREE 
 

Estimation of Postmortem Interval of Swine Skeletal Samples by  
Multivariate Classification Analyses of Near-Infrared Reflectance Spectral Data: 

Cross-Sectional Study 
 
 

Introduction 
 
 In Chapter Two, it was demonstrated that regression models generated from 

segmented calibration sets could be used to predict the postmortem interval of bone 

samples.  However, a drawback to using segmented calibration sets is that the method is 

not able to stand alone.  In the previous chapter, the unknown samples were used in an a 

priori manner, in which the individual samples to be predicted were submitted only to the 

corresponding model.  For example, an unknown sample having a PMI of twenty days 

was submitted to the model describing the first month.  If the samples were treated as true 

unknowns, the method would be a complete failure because each regression model is able 

to estimate a PMI for each sample put forward.  The average absolute error is about five 

times greater upon intentionally submitting unknown samples to the incorrect regression 

models. 

 This chapter will discuss classification as a supplemental method to the 

previously described regression method to facilitate the elimination of the described 

problem.  Samples that are to be predicted by the regression models must first be 

classified into their respective groups.  Only then, should the samples be submitted for 

prediction by the corresponding regression models.  Another objective of the study was to 

determine if classification could narrow down the PMI to a range of values.  

Classification allows an estimate of a given range of PMIs, rather than having to pinpoint 



an exact day for new samples.  The same spectral data presented in Chapter Two were 

subjected to two methods of classification—soft independent modeling of class analogy 

or simple classification analysis (SIMCA) and partial least-squares discriminant analysis 

(PLS–DA).  The results of the two methods were compared. 

 
Experimental 

 
 
Data Preparation 
 
 The spectral data were prepared in the same manner as in Chapter Two in The 

Unscrambler software program.  Though only the spectral data are needed for the SIMCA 

analyses, column vectors containing indicator variables were added to the data matrix for 

the discriminant analyses.  The indicator variables are in binary form with a value of one 

for members of a designated class and zero for non-members.  These variables code for 

class membership in the analyses.  There is an indicator variable for each assigned class 

in a discriminant analysis.  Once the data matrices were set up as described, the data 

analyses were executed. 

 
Data Analyses 
 
 The same spectral range (1142–1934 nm) was used in the classification schemes 

as was used for the regression analyses.  Again, the mean-centered spectra were used in 

the analyses.  Outliers were detected by examining the scores and influence plots.  Those 

samples lying far away from the others in the scores plots were removed as well as those 

samples having high residuals.  A few samples having unusually high leverage values 

were also excluded from the analyses.  Independent prediction sets were used to validate 
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the constructed classification models.  Associated errors are presented in the form of 

percent correct classification. 

 
Results and Discussion 

 
 The main classification method implemented by The Unscrambler is SIMCA 

classification.  The SIMCA method is based on PCA modeling, where a separate PCA 

model is constructed for each designated class in the training set.  New samples can then 

be assigned to classes according to their analogy to the training samples.  SIMCA is a 

"soft" classification method in that it allows for classification of new samples into no 

class at all or several classes at the same time.  By contrast, a "hard" classification 

method would force the sample to be classified into one and only one category. 

 The scores plot for a PCA using all the data is shown in Figure 3.1.  The grouping 

among members of the same category, which is organized by month, is acceptable, even 

with only two principal components.  Like before, the colors appearing in the plot are 

made possible by the addition of category variables, which only serve the purpose of 

aiding in visualization of patterns contained in the data.  Without the category variable, 

the clustering would likely not be appreciated.  A similar pattern to that discussed in 

Chapter Two occurs here in the PCA, where days on the extreme ends of the 

measurement range are more separated from the rest of the group, while days near a 

junction fall adjacent to one another on the scores plot.  Generally, groups that are more 

clearly defined are necessary for good quality principal component analyses.  However, it 

may not be practical to expect such behavior in this case, considering the data are of a 

chronological nature.  With this in mind, PCA models were constructed for each month 

of PMI. 
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PC 1
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 2

 
 
Figure 3.1.  Scores plotted along the first two PCs from the PCA using sample spectra 
from all three months. 
 
 
 The PCA overviews for each class are depicted in Figures 3.2–3.4.  A scores plot 

shows how the calibration samples are projected onto the class model.  Members of a 

particular class are expected to behave similarly and should be close to the center of the 

plot.  The samples in the scores plots (Figures 3.2–3.4, parts a) from all three of the PCA 

models have a satisfactory distribution about the origin.  An influence plot likewise gives 

information as to how the samples behave relative to one another.  It tells how much 

impact a single data point has on the model.  An influence plot is a valuable tool for the 

detection of outliers and influential samples.  None of the samples in the influence plots 

(Figures 3.2–3.4, parts c) for the three PCA models extend beyond tolerated limits.  The 

overviews also show the loadings for the final PC used in the models (see Figures 3.2–

3.4, parts b).  A total of 98% of the spectral variation was explained by the first two PCs 

for the model built for the one month period.  Likewise, the models for months two and 

three are able to explain 98% of the spectral variation with three PCs each.  Lastly, parts 

d of Figures 3.2–3.4 show the residual X-variance curves.
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Figure 3.2.  PCA overview for samples with a PMI in the one month range: (a) scores plotted along the first two PCs; (b) loadings for 
the second and final PC as a function of wavelength in nanometers [Note: two PCs are able to explain 98% of the spectral variation.]; 
(c) influence plot (sample residual X-variances plotted against sample leverages); (d) residual X-variance curve as a function of PCs. 
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Figure 3.3.  PCA overview for samples with a PMI in the two month range: (a) scores plotted along the first two PCs; (b) loadings for 
the third and final PC as a function of wavelength [Note: three PCs are able to explain 98% of the spectral variation.]; (c) influence 
plot (sample residual X-variances plotted against sample leverages); (d) residual X-variance curve as a function of PCs. 

 



 
 
 

(a) (b)

(d)(c)

PC 1

PC
 2

X-variables

X-
lo

ad
in

gs

PCs

X-
va

ria
nc

e

R
es

id
ua

l X
-v

ar
ia

nc
e

Leverage

 

65

 
Figure 3.4.  PCA overview for samples with a PMI in the three month range: (a) scores plotted along the first two PCs; (b) loadings 
for the third and final PC as a function of wavelength [Note: three PCs are able to explain 98% of the spectral variation.]; (c) influence 
plot (sample residual X-variances plotted against sample leverages); (d) residual X-variance curve as a function of PCs.
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 Independent samples were classified with SIMCA by comparing them to the three 

constructed PCA models.  The classification results are summarized in Table 3.1.  One 

sample (55) was found to be a non-member of all three classes.  All other samples were 

classified into their correct groups.  On the other hand, the models are very much lacking 

in specificity.  Twenty of the 32 samples were placed in two or all three of the designated 

classes.   

The outcome of a SIMCA classification depends on the significance limit setting.  

Raising the significance level will narrow the class limits, therefore rejecting more 

samples.  Likewise, lowering the significance level extends the class limits, resulting in 

fewer rejected samples.  The default setting in The Unscrambler program is 5%, but it 

can be tuned up or down based upon what the data necessitates.  To determine whether 

the significance level needs to be tuned, plots of the sample-to-model distance versus 

sample leverage can be examined for each class model.  This plot shows the two limits 

used for classification of new samples to a given model—the relative distance from the 

new sample to the modeled class and its projected distance from the model center 

(leverage).  Samples falling within both of these limits are recognized as members of that 

class.  This plot is shown in Figure 3.5 for the model for month one at the default 

significance level of 5%.  At this level, the model excludes ten of the 19 non-members in 

the prediction set, while accepting all of its correct members.  Figure 3.6 shows what 

happens when the significance level is raised to 10%.  While this does result in the 

exclusion of two additional non-members (85 and 87), one member (21) is also excluded.  

Raising the level even more to 25% (see Figure 3.7) results in the rejection of one more 

non-member (71). 



Table 3.1.  SIMCA classification results for independent samples (5% significance level) 
 

Reference (days) Month 1 Month 2 Month 3 % Correct Classifications 
3 X    
3 X    
5 X    
7 X    
9 X    
13 X  X  
15 X  X  
15 X    
17 X  X  
21 X    
23 X X X  
24 X  X  
27 X  X  
34 X X X  
38 X X X  
40 X X X  
48  X X  
48 X X X  
55  X X  
55     
59 X X X  
64 X X X  
67  X X  
71  X X  
71 X X X  
79  X X  
80   X  
81   X  
85 X X X  
87 X X X  
90   X  
90   X  
    97%a 

a This calculation is based on the error in sample 199, which was determined to be a member of none of the 
classes.  All other samples were placed into the correct classes.  However, most samples have multiple 
classifications. 
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If the significance level were raised any more, a few more non-members would be 

rejected, but at the expense of excluding more of its own members.  When the 

significance levels are raised to 25% for the other two models, five additional non-

members and one member are rejected for month two, and two additional non-members 

and three members are rejected for month three.  These classification results are 

summarized in Table 3.2.  The percent correct classification is 81% with the significance 

level set at 25%. 
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Figure 3.5.  Plot of sample-to-model distance versus the sample leverage for the 
classification samples onto the model for month 1 at 5% significance level. 
 
 
 The model-to-model distance can be examined to get an idea of how different two 

models are from each other.  The values are compared to a value of one, which is the 

distance from a model to itself.  The distance to other classes should be greater than three 

to be well distinguished from one another.9  The distances between the three models in 
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Figure 3.6.  Plot of sample-to-model distance versus the sample leverage for the 
classification samples onto the model for month 1 at 10% significance level. 
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Figure 3.7.  Plot of sample-to-model distance versus the sample leverage for the 
classification samples onto the model for month 1 at 25% significance level. 
 
 
the present study are listed in Table 3.3 and are 1.4, 1.9, and 2.3.  All values are less than 

three, which offers an explanation for the multiple classifications for many of the 

samples.   
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To help determine whether the model-to-model distances could be improved, the 

X-variables can be examined in terms of discrimination power and modeling power.  

Variables with good discrimination power and modeling power are required to achieve 

good classifications with SIMCA.  A discrimination power larger than three indicates 

important variables for distinguishing between any two classes.9  The plots showing the 

discrimination power between the three models involved in this study are given in Figure 

3.8, parts a–c.   

 The plots show how much each X-variable contributes to separating two classes.  

For the present data set, there are no X-variables with a discrimination power on the order 

of three, thus samples are poorly discriminated.  In Figure 3.8d is shown the plot of the 

modeling power for the X-variables in the model for month one.  The modeling power 

plots for the models for months two and three look very similar to that for month one.  

The modeling power is always between one and zero.  A variable with a modeling power 

greater than 0.3 is important in modeling the features of a particular class.9  It can be seen 

in the plots of Figure 3.8 that all of the X-variables included in the PCA analyses have 

good modeling power, but are all lacking in discrimination power. 

It seems this particular data set is not suited for application of the SIMCA 

classification method.  There is too much overlap of the individual classes in the data set.  

The Unscrambler offers an alternative to SIMCA called PLS–DA, which is a stricter 

classification method.  It assumes a sample has to be a member of one and only one of 

the provided classes.  Considering the data in this project are of a chronological nature, 

PLS–DA may be better suited for the analysis.  The PLS–DA method is based on  
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Table 3.2. SIMCA classification results for independent samples (25% significance level) 
 

Reference (days) Month 1 Month 2 Month 3 % Correct Classifications 
3 X    
3 X    
5 X    
7 X    
9 X    
13 X    
15 X    
15 X    
17 X  X  
21     
23 X X X  
24 X  X  
27 X  X  
34 X X X  
38 X X X  
40 X  X  
48  X X  
48 X X X  
55  X X  
55     
59 X X X  
64 X X X  
67  X X  
71     
71   X  
79   X  
80   X  
81     
85   X  
87     
90   X  
90   X  
    81%a 

a This calculation is based on complete misclassifications.  Many samples have multiple classifications. 
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Table 3.3.  Model-to-model distances for the three classes 
 

Compared models Distance 
month 1 to month 2 1.4 
month 2 to month 3 1.9 
month 1 to month 3 2.3 

 

modeling the differences between classes with PLSR and uses indicator variables to code 

for the class membership.  The overview for the PLS–DA model is shown in Figure 3.9.  

The scores plot (see Figure 3.9a) shows similar behavior to that seen in the PCA.  The 

loadings for the fifth and final PC are given in Figure 3.9b.  The Y validation variance 

curve (Figure 3.9c) suggests six PCs.  However, only the first five were included in the 

final model.  These five PCs are able to explain a total of 99% of the X-variation and 

52% of the Y-variation.  Finally, Figure 3.9d shows the influence plot for the PLS–DA 

model, where none of the samples present themselves as suspect. 

The same samples used in the SIMCA classification scheme were used as new 

samples to be classified by the constructed PLS–DA model.  These samples were also 

independent of the PLS–DA model.  The classification results are given in Table 3.4.  

Only four of the samples were incorrectly classified.   

 The classifications in a PLS–DA are interpreted by viewing the predicted with 

deviations plot for each class indicator variable.  This is a plot of the predicted Y-values 

for all classification samples.  Samples having a predicted Y-value greater than 0.5 are 

predicted members of that class.  Likewise, samples with a predicted Y-value less than 

0.5 are predicted non-members.  The deviations are also indicated in these plots.  A large 

deviation implies that the sample used for classification is not similar to the samples used  
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to make the calibration model.  In the case of a large deviation, the classification is 

questionable.  The predicted with deviations plots for all three indicator variables are 

provided in Figures 3.10–12.  The second sample corresponding to a PMI of 55 days in 

the table has an especially large deviation.  If the predicted values for all samples are 

taken literally, the results given in Table 3.5 are the classifications that are obtained.   

One of the goals in the study was to use a classification method as a supplemental method 

to determine the correct regression model to be used in predicting the PMI of unknown 

samples.  Therefore, the samples were submitted to the corresponding regression models 

based solely on the PLS–DA output.  The results are given in Table 3.6.  The average 

absolute error was six days, even with the four misclassified samples adversely skewing 

the average value. 

 Another goal of the study was to determine whether the PMI could be narrowed 

down to a range of values using a classification scheme as an alternative to regression.  

As demonstrated earlier, PLS–DA could be used to classify samples into the correct 

month in most cases.  Next, the analysis was taken a step further, making the classes span 

a shorter time period (15 days each).  The classes in the middle range were not able to 

definitively claim their own samples, which led to the classification of the samples into 

the wrong classes.  Overall, 75% of the samples were correctly classified as shown in 

Table 3.6.  However, a great number of the classifications were arrived at by comparison 

of predicted values below 0.5, which is undesirable.   
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Figure 3.8.  Plots of (a) discrimination power as a function of wavelength for the model for month 1 onto 2; (b) discrimination power 
as a function of wavelength for the model for month 2 onto 3; (c) discrimination power as a function of wavelength for the model for 
month 1 onto 3; (d) modeling power as a function of wavelength for the model for month 1. 
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Figure 3.9.  PLS–DA overview: (a) scores plotted along the first three PCs with colors denoting the class (month) to which the sample 
belongs; (b) loadings for the fifth and final PC as a function of wavelength [Note: five PCs are able to explain 99% of the spectral 
variation and 52% of the Y-variation.]; (c) Y validation variance curve plotted as a function of PCs; (d) influence plot (sample residual 
X-variances plotted against sample leverages).
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Table 3.4.  PLS–DA classification results for independent sample spectra 
 

Reference (days) Month 1 Month 2 Month 3 % Correct Classifications 
3 X    
3 X    
5 X    
7 X    
9 X    
13 X    
15 X    
15 X    
17 X    
21 X    
23 X    
24 X    
27 X    
34  X   
38  X   
40  X   
48  X   
48  X   
55  X   
55  Xa   
59  X   
64  X   
67  X   
71  X   
71  X   
79   X  
80   X  
81   X  
85   X  
87   X  
90   X  
90   X  
    88% 

a The classification is questionable as indicated by the large deviation corresponding to the sample in 
Figures 3.10–12. 
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Figure 3.10.  Plot of predicted Y with deviations for month one indicating which samples are likely members. 
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Figure 3.11.  Plot of predicted Y with deviations for month two indicating which samples are likely members. 
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Figure 3.12.  Plot of predicted Y with deviations for month three indicating which samples are likely members. 

 



80 

Table 3.5.  Prediction results for PLS–DA classified sample spectra 
using segmented regression models from Chapter Two 

 
Predicted 

class 
Reference 

(days) 
Predicted 

(days) 
Absolute error 

(days) 
Absolute average 

error (days) 
Month 1 3 12 9  

 3 5 2  
 5 11 6  
 7 11 4  
 7 11 4  
 9 6 –3  
 13 10 –3  
 15 16 1  
 17 15 –2  
 21 16 –5  
 23 17 –6  
 24 21 –3  
 27 19 –8 4 

Month 2 34 40 5  
 38 39 1  
 40 37 –3  
 48 52 4  
 48 48 0  
 55 54 –1  
 55 46 –9  
 59 49 –10  
 64 52 –12  
 67 48 –20  
 71 46 –25  
 71 48 –23 9 

Class 3 79 75 –4  
 80 80 0  
 81 92 11  
 85 82 –3  
 87 78 –9  
 90 86 –4  
 90 86 –4 5 

Total    6 
 

 



 One possible explanation for the poor results with the reduced range of PMIs is 

that some of the classes are inadequately defined.  In support of this conjecture, is that the 

most poorly defined range (days 61–75) gave the worst classification results.  This 

particular class failed to claim any samples in the data set.  The number of calibration 

samples defining the class is close to half of the number of samples defining the other 

classes.  If this is indeed the case, the addition of more samples to the training set would 

correct this deficiency and allow a better definition of the individual classes.  Another 

likely explanation is that there is not enough chemical change occurring in that small of a 

time frame to allow for good classifications. 

 
Conclusions 

 
 SIMCA classification was attempted for the data set.  However, it was 

unsuccessful due to multiple classifications for individual samples.  The PCA models, 

which form the basis for classification with SIMCA, were evaluated in detail.  It was 

decided that the SIMCA method is too soft to cope with the highly overlapped classes.   

 A classify-then-predict scheme was described for the estimation of postmortem 

interval from swine skeletal samples.  First, unknown samples were classified into their 

respective month of PMI using PLS–discriminant analysis.  The samples were then 

submitted to the corresponding regression model for a closer approximation of PMI.  The 

classification model had an 88% correct classification rate.  Collectively, the regression 

models, had an absolute average error of six days.  These results were based on 

submitting each sample to the corresponding classified model, regardless of whether it 

was the correct model. 
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Table 3.6.  PLS–DA classification results for independent 
sample spectra using 15 day indicator variables 

 
Reference 

(days) 
Days 1-15 Days 16-30 Days 31-45 Days 46-60 Days 61-75 Days 76-90 

3 X      
3 X      
5 X      
7 X      
9 X      

13 X      
15 X      
15 Xa      
17 X      
21  X     
23 Xa      
24  Xa     
27  X     
34   Xa    
38   Xa    
40   Xa    
48    Xa   
48    Xa   
55   Xa    
55  X     
59    Xa   
64    Xa   
67   Xa    
71   Xa    
71    Xa   
79      X 
80      X 
81      X 
85      X 
87      X 
90      X 
90      X 

Correct      75% 
a The sample has a predicted value below 0.5.



 The PLS–DA model worked well for the classification of new samples into the 

correct month of PMI.  Therefore, a separate analysis was tested in which the calibration 

samples were divided into six classes of 15 day intervals.  This endeavor failed due to 

poor recognition abilities of classes in the middle range of analysis.  It is suggested that 

those classes are poorly defined and that the results could possibly be improved upon the 

addition of more samples of that type assuming that there is enough chemical change.   

 Even with the failure of the last attempt, the method should still be considered for 

future research in this area.  A method providing only the month of death would still 

benefit the end user because it would provide information that is not currently available. 
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CHAPTER FOUR 
 

Estimation of Postmortem Interval of Swine Skeletal Samples by Multivariate Analyses 
of Near-Infrared Reflectance Spectral Data: Longitudinal Study 

 
 

Introduction 
 
 In previous chapters, it was demonstrated that the postmortem interval of swine 

skeletal samples could be estimated with some accuracy through chemometric modeling 

of near-infrared reflectance measurements acquired from the cross-section of the bone 

sample.  Of further interest to the study was whether this method could also work if the 

measurement were acquired from the surface of the bone.  Experiments of the same 

nature were conducted using the surface of bone samples and the results were compared 

to those involving the cross-sectional measurements.   

 
Materials and Methods 

 
 
Experimental 
 
 Fresh pork ribs were purchased from local area supermarkets.  The soft tissue was 

carefully removed by hand.  Longitudinal pieces of the ribs were cut with a clean 

hacksaw.  Each piece of bone measured about 2 cm in length.  A photograph of the bone 

samples is provided in Figure 4.1.  The samples were placed on a clean ceramic plate in a 

single, nontouching layer and stored in the laboratory fume hood.  The bone was allowed 

to decompose at room temperature under these conditions.  Spectroscopic data were 

regularly collected throughout the duration of the study, which was conducted for a 

period of three months. 
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Figure 4.1.  Photograph of longitudinal pieces of bone samples. 
 
 
Collection of Near-Infrared Reflectance Spectroscopic Data 
 
 Near-infrared reflectance spectra were recorded with the same instrument 

described in Chapter Two.  The precut longitudinal pieces of bone were placed into the 

sample holder where the surface of the bone was exposed to the interior of the integrating 

sphere.  Diffuse NIR reflectance measurements were collected over the wavelength range 

of 1100–2200 nm with a sampling interval of 2 nm.  These measurements were 

conducted regularly throughout the length of the study, resulting in 354 sample spectra.  

The NIR measurements were reported as log 1/R.  The spectral data were retrieved as text 

files using the LabVIEW software program and later converted to Microsoft Excel 

spreadsheets. 

 
Data Preparation 
 
 The imported data matrix was transposed in preparation for analysis.  The raw 

sample spectra appear to be very similar to those of the cross-sections.  These spectra are 

provided in Appendix A.  The spectral data were prepared in the same manner, using a 
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thirteen point Savitzky–Golay smoothing algorithm.  A column vector containing the 

known PMI was added to the data matrix before the regression analyses were performed.  

For the PLS–DA, indicator variables were added in the form of a column vector.  The 

designed matrices were then subjected to data analyses. 

 
Data Analyses 
 
 All calibration models were constructed using the mean-centered spectra.  The 

optimum wavelength range was found to be 1142–1934 nm, as was found for the cross-

sectional study.  Outliers were detected through examination of the scores and influence 

plots.  Samples lying far removed from others in the scores plots were removed.  Also, 

samples having unusually high residuals or leverages in the influence plots were 

removed.  Independent prediction sets (samples that were not included in the calibration 

phase) were used to validate the models.  The associated errors for the predictions and 

classifications are calculated and reported in the form of absolute error or percent correct 

classification, respectively. 

 
Results and Discussion 

 
 The purpose of this phase of the investigation was to determine whether it is more 

appropriate to acquire the measurement of the surface or the cross-section of the bone for 

the purpose of estimating PMI.  This question is answered through repeating the 

experiments presented in Chapters Two and Three and comparing the results for the two 

procedures.   

The NIR reflectance spectra show the same behavior seen with the cross-sectional 

pieces of the bone, in that the ordinate values decrease as the PMI increases (see Figure 
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4.2).  A PCA was conducted involving the data from days 2, 43, and 90 for exploratory 

analysis.  The separation among the three groups of samples was not clear with two PCs.  

However, with three PCs, the samples cluster well according to PMI as seen in Figure 

4.3.   
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Figure 4.2.  Expanded view of reflectance spectra of bone samples having different PMIs. 
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 3
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Figure 4.3.  PCA scores for selected sample spectra (days 2, 43, and 90) plotted along the 
first three PCs in a PCA. 
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 A trial regression model was constructed.  This model also displayed nonlinearity 

in the predicted versus measured plot (Appendix A).  In parallel to the cross-section 

study, the values at 1450 nm of the six spectra from Figure 4.2 were plotted and fitted to 

a logarithmic function.  Taking the log of PMI in days effectively linearizes the data 

(refer to Appendix A). 

The log of the postmortem interval was calculated for the entire set of data, and a 

new regression model was constructed (Figure 4.4).  The sample spectra are grouped to 

some extent according to PMI in the scores plot (Figure 4.4a).  Visualization of the 

groups is made possible by adding category variables to the data matrix.  The category 

variable was set up to contain three levels—one for each month of decomposition.  The 

loadings for the seventh and final principal component are plotted in Figure 4.4b.  In 

examining the extremes among the loading values, it can be seen that very similar 

wavelengths to those observed in the cross-sectional study are helpful in modeling the 

data.  The Y validation variance curve (Figure 4.4c) clearly implicates seven PCs.  The 

seven PCs together are able to explain 99% of the spectral variation and 79% of the 

variation in PMI.  The last plot in the regression overview is a scatter plot of the predicted 

versus measured values (Figure 4.4d).  For this particular model, the r-squared value is 

0.79. 

 Four independent prediction sets were used to validate the regression model.  The 

results of the predictions are given in Table 4.1.  Overall, there was an average absolute 

error of eleven days. 

 Next, the segmented calibration method was attempted as an alternative method 

for alleviating the non-linearity in the original data.  Models were separately constructed  
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Figure 4.4.  Regression overview of the model using the log of PMI: (a) scores plotted along the first three PCs with colors denoting 
the month to which the samples belong; (b) loadings for the seventh and final PC as a function of wavelength.  [Note: seven PCs are 
able to explain 99% of the spectral variation and 79% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of 
PCs; and (d) plot of predicted versus measured values, r-squared value is 0.79. 
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Table 4.1.  Prediction results for independent groups of sample spectra 
 

Group Reference (days) Predicted (days) Absolute error 
(days) 

Average absolute 
error (days) 

1 2 3 1  
 10 12 2  
 16 15 –1  
 24 41 17  
 32 42 10  
 48 41 –7  
 70 48 –22  
 88 112 –24 11 

2 4 9 5  
 10 13 3  
 18 10 –8  
 21 25 4  
 38 56 18  
 48 46 –2  
 59 50 –9  
 81 51 –30 10 

3 2 6 4  
 8 8 0  
 18 8 –10  
 24 28 4  
 48 36 –12  
 57 30 –27  
 79 66 –13  
 90 75 –15 11 

4 4 8 4  
 12 9 –3  
 20 12 –8  
 36 56 20  
 48 35 –13  
 57 79 22  
 74 83 9  
 88 102 14 12 

Total    11 
 



for each section.  The overviews are provided in Figures 4.5–4.7.  The r-squared values 

for the three models are 0.86, 0.86, and 0.81.  Each model is able to explain 99, 97, and 

96% of the variation in X and 88, 86, 81% of the variation in Y.  Predictions were made 

for independent sample spectra using an a priori knowledge of class membership.  The 

results are summarized in Table 4.2.  The overall average absolute error for the collective 

set is six days. 

For comparison, a PLS–DA model was constructed with the surface 

measurements.  The overview for the model is given in Figure 4.8.  The scores plot in 

Figure 4.8a shows the grouping according to month of PMI.  The loadings for the sixth 

and final PC are given in Figure 4.8b.  The Y validation variance curve (Figure 4.8c) 

suggests seven PCs, but the seventh PC was not included in the final model to avoid 

overfitting.  Six PCs are able to explain a total of 98% of the X-variation and 48% of the 

Y-variation among sample spectra.  In the influence plot (Figure 4.8d) for the model, it 

can be observed that none of the samples have unusually high residuals or leverages.   

The classification results are given in Table 4.3.  Six of the sample spectra were 

incorrectly classified, which gives an 81% correct classification. The predicted with 

deviations plots are provided in Appendix A.  One of the predictions stood out as 

questionable due to a large deviation.  The sample spectra were submitted to the 

corresponding regression models based upon the PLS–DA output.  The results are given 

in Table 4.4.  The average absolute error was twelve days.  The performance of the 

segmented models approach suffers from misclassifications, which are most likely due to 

weakness of the model for PMIs falling in the second month. 
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Figure 4.5.  Regression overview of the model for the first month: (a) Scores plotted along the first two PCs; (b) loadings for the sixth 
and final PC as a function of wavelength.  [Note: six PCs are able to explain 99% of the spectral variation and 88% of the variation in 
PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-squared value 
is 0.86. 
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Figure 4.6.  Regression overview of the model for the second month: (a) Scores plotted along the first two PCs; (b) loadings for the 
sixth and final PC as a function of wavelength.  [Note: six PCs are able to explain 97% of the spectral variation and 86% of the 
variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-
squared value is 0.86. 
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Figure 4.7.  Regression overview of the model for the third month: (a) Scores plotted along the first two PCs; (b) loadings for the forth 
and final PC as a function of wavelength.  [Note: four PCs are able to explain 96% of the spectral variation and 81% of the variation in 
PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-squared value 
is 0.81. 

 



Table 4.2.  Prediction results for independent groups of sample spectra using three segmented models 
 

Group Reference 
(days) 

Predicted 
(days) 

Absolute 
error (days) 

Average 
error (days) 

Group Reference 
(days) 

Predicted 
(days) 

Absolute 
error (days) 

Average 
error (days) 

1 2 4 2  2 4 11 7  
 4 13 9   8 10 2  
 6 11 5   10 14 4  
 10 13 3   16 10 –6  
 16 12 –4   18 18 0  
 20 14 –6   21 25 4  
 25 28 3   25 19 –6  
 30 30 0 4  30 21 –9 5 

3 32 42 10  4 32 46 14  
 34 47 13   36 42 6  
 38 43 5   38 46 8  
 43 50 7   43 48 5  
 45 51 6   45 68 23  
 55 40 –15   55 51 –4  
 57 53 –4   57 46 –11  
 59 54 –5 8  59 49 –10 10 

5 67 74 7  6 67 75 8  
 70 73 3   72 75 3  
 72 76 4   74 73 –1  
 74 70 –4   79 75 –4  
 80 80 0   81 89 8  
 85 85 0   85 81 –4  
 87 79 –8   87 85 –2  
 90 91 1 4  90 88 –2 4 

Total         6 
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Figure 4.8.  PLS–DA overview: (a) scores plotted along the first three PCs with colors denoting the class (month) to which the sample 
belongs; (b) loadings for the sixth and final PC as a function of wavelength [Note: six PCs are able to explain 98% of the spectral 
variation and 48% of the Y-variation.]; (c) Y validation variance curve plotted as a function of PCs; (d) influence plot (sample residual 
X-variances plotted against sample leverages). 
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Table 4.3.  PLS–DA classification results for independent sample spectra 

 
Reference (days) Month 1 Month 2 Month 3 % Correct Classifications 

2 X    
2 X    
4 X    
6 X    
12 X    
16 X    
18 X    
21 X    
24 X    
25 X    
30  X   
32  X   
34  X   
38  X   
43  X   
45   X  
48  X   
50  X   
55  X   
59  X   
67  Xa   
70  X   
72   X  
74  X   
79   X  
80   X  
81   X  
85 X    
87   X  
88   X  
90   X  
90   X  
    81% 

a The classification is questionable as indicated by the large deviation corresponding to the sample in Figure 4.9. 



 

Table 4.4.  Prediction results for PLS–DA classified 
sample spectra using segmented regression models 

 
Predicted 

class 
Reference 

(days) 
Predicted 

(days) 
Absolute error 

(days) 
Absolute average 

error (days) 
Month 1 2 –3 –5  

 2 3 1  
 4 11 7  
 6 5 –1  
 12 11 –1  
 16 11 –5  
 18 19 1  
 21 28 7  
 24 23 –1  
 25 18 –7  
 85 14 –71 10 

Month 2 30 48 18  
 32 50 18  
 34 40 6  
 38 47 9  
 43 36 –7  
 48 58 10  
 50 52 2  
 55 4 –51  
 59 46 –13  
 67 67 0  
 70 26 –44  
 74 26 –48 19 

Class 3 45 81 36  
 72 73 1  
 79 72 –7  
 80 83 3  
 81 93 12  
 87 83 –5  
 88 81 –7  
 90 91 1  
 90 90 0 8 

Total    12 
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Finally, important variables were identified through examination of the two-way 

loading plots (Figure 4.9).  When the loadings are plotted along PCs one and two (Figure 

4.9a), the extremes are the following wavelengths: 1216, 1328, 1422, 1488, 1540, 1712, 

1848, and 1916 nm.  Likewise, wavelengths 1166, 1220, 1358, 1538, 1704, 1732, 1770, 

1848, and 1904 nm are identified for PCs three and four (Figure 4.9b).  These variables 

are very similar to those ascertained in the cross-sectional study (refer to Chapter Two, 

Table 2.3). 
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Figure 4.9.  Two-way loading plots involving the first four PCs of the full model. 
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The second derivatives of three spectra (all from day 3) were calculated and 

examined (see Figure 4.10) to ensure the identified wavelengths correspond to features in 

the NIR spectra.  Differentiation affords bands that are sharpened and more obvious.  To 

help distinguish peaks from noise, three spectra were included in the figure.  The 

derivative spectra closely resemble those of the cross-sectional study.  The only 

noticeable exception to the similarity is the decreased intensity of the individual bands in 

this set of spectra.  This is especially true for the band around 1470, which is tentatively 

assigned to the combination of N–H stretches (refer to Chapter Two, Table 2.4).  
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Figure 4.10.  Second derivative of three NIR reflectance spectra from day two. 
 
 

Conclusions 
 
 Near-infrared reflectance measurements of the surface of the bone were submitted 

to multivariate regression and classification methods for estimation of PMI.  The 

constructed models for the surface were able to predict PMI with average deviations in 
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the range of eleven or twelve days using the log model or the classify-then-predict 

scheme with segmented models, respectively.  The validation results suggest that the 

cross-sectional measurements are the better choice for the estimation of PMI.  

Measurements of the cross-section of the bone were able to afford average deviations in 

the range of six days—results that are about half those of the surface measurement study.  

Through examination of the second derivative spectra of the two studies, lower intensities 

were observed for the surface measurements.  This could explain the decreased 

performance of the models built with the surface measurements. 
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CHAPTER FIVE 
 

Estimation of Postmortem Interval of Swine Skeletal Samples by Multivariate Regression 
Analyses of Near-Infrared Reflectance Spectral Data: Field Study 

 
 

Introduction 
 
 In previous chapters, it was demonstrated that postmortem interval could be 

estimated for bone samples with some degree of accuracy by chemometric analyses of 

near-infrared spectral data.  Those studies were conducted on bone samples that were 

kept in a controlled environment.  Furthermore, the sampling methodology was 

uncharacteristic of how it would be applied in reality.  More than likely, those studies do 

not reflect the processes as they occur in nature.  This is often the case with laboratory 

studies which aim to investigate natural events.   

 This chapter will present the results of a short field study.  In this investigation, 

the samples were treated closer to the way they would in an actual death event.  The 

objective of the research was to determine whether the earlier described methods could 

work for more authentic data.  In the outdoors, decomposing bodies are exposed to 

numerous variables.  In this investigation, variables such as sunlight, month of 

deposition, and surface on which the samples lay were added. 

 
Materials and Methods 

 
 
Experimental 
 
 Three fresh slabs of ribs were purchased from local area supermarkets.  One slab 

was purchased at the end of May and placed on top of a potting soil mixture with 



 

vermiculite in an open-topped glass aquarium.  The aquarium was placed so that it would 

experience sunlight.  The other two slabs were purchased in mid-July.  One of these slabs 

was placed on top of thick grass in the shade.  The other was also placed on top of thick 

grass but was exposed to sunlight.  These two slabs were protected from scavengers by 

wire mesh cages.  Each of the slabs of ribs was placed with the flesh intact and allowed to 

naturally decompose.  Once the soft tissue was gone, data collection commenced.  A 

piece was cut from the bone on each day of sampling, as opposed to the laboratory study 

where all the samples were precut at the onset of the experiment. 

 
Collection of Near-Infrared Reflectance Spectroscopic Data 
 
 Near-infrared reflectance spectra were recorded on the same instrument described 

earlier.  Samples were cut on each sampling day with a clean hacksaw.  The samples 

were placed into the sample holder with end-on views, and diffuse reflectance 

measurements were collected at 2 nm intervals over the wavelength range of 1100–2200 

nm.  Again, the measurements were reported as log 1/R.  The spectral data were written 

as text files via the LabVIEW software program.  The text files were converted to 

Microsoft Excel spreadsheets for importation into The Unscrambler program. 

 
Data Preparation 
 
 The imported data matrix was transposed to correctly list the samples as samples 

and variables as variables.  A nineteen point segment (nine points on either side) 

Savitzky–Golay algorithm was employed, and was found to remove most of the noise 

while still retaining the chemical information.  A column vector containing the known 

PMI was added to complete the data matrix for later analyses. 
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Data Analyses 
 
 A preliminary calibration model using the same wavelengths (1142–1934 nm) as 

the previous study was constructed using the mean-centered spectra.  The beneficial 

range of wavelengths was found to include the slightly shortened spectral range of 1200–

1914 nm.  Outliers were detected by examination of the scores and influence plots for 

each model.  Samples that were far removed from the others on the scores plot were 

removed from the analyses.  Samples with large Y residuals and abnormally high 

leverage values were also excluded from the analyses.  Independent samples were used to 

validate the constructed regression models.  The associated errors for the predictions are 

reported in the form of absolute error.   

 
Results and Discussion 

 
 The complete set of spectra from the field study is shown in Figure 5.1.  In the 

water band area around 1450 nm, the spectra are clearly organized into two main groups.  

The top section includes the samples that were lying on grass, and the bottom section 

includes the samples that were lying on the soil mixture.  The top section can be divided 

further into two sections: one of samples that were kept in the shade (top) and one of 

samples that experienced sunlight (bottom).  This sectioned-off part of the spectra reveals 

two things about the samples.  First, the samples which experienced sunlight have less 

water than the samples that lay in the shade.  And second, that those samples lying on 

grass retained more moisture than the samples that lay on the soil/vermiculite mixture.  

All the samples lying on the grass are from day 38 and are nicely clumped together in the 

1450 nm region.  The samples which were in contact with the soil span days 22–30 and 

are arranged, for the most part, in increasing postmortem interval from top to bottom in 
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the 1450 nm range.  A principal component analysis was conducted on the data.  The 

scores plot using the first two principal components is given in Figure 5.2.  The three 

groups denote the groups previously described.   

 A series of eight regression models were built, each leaving two samples out for 

later prediction.  Since the data set is so small, larger prediction sets were not possible.  

The regression overview for the first model is shown in Figure 5.3.  The other models are 

very similar.  The scores plot (Figure 5.3a) shows grouping similar to that observed in the 

spectra.  Those samples stored on the grass are well separated from those kept on the soil.  

Also, among the group of samples that lay on the grass, samples that were kept in the 

shade are separated from those kept in the sun.  The loadings for the forth and final 

principal component are plotted together in Figure 5.3b.  Collectively, the first four 

principal components explain over 99% of the variation in the spectral data and 97% of 

the variation in the Y data (PMI).  The Y validation variance curve (Figure 5.3c) does not 

clearly suggest any number of principal components.  Therefore, the loadings were 

examined, and it was decided to include four PCs in the final model.  In Figure 5.3d is 

shown the predicted versus measured values for PMI.  The r-squared for this model is 

0.97, however some of the data points fall further away from the linear fit line than 

preferred.   

 Eight independent prediction sets were used to validate the constructed models.  

Each sample, excluding extreme outliers, was predicted once in the scheme.  The results 

of the predictions are shown in Table 5.1.  The average absolute error for the entire set is 

two days.  However, one must be careful in the amount of confidence placed in the 

results.  First of all, the sample population is very small.  Second, the arrangement of the 
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Figure 5.1.  Complete set of smoothed reflectance spectra of the cross-section of bone samples having different PMIs.  Boxes are 
drawn to encompass the spectra of the samples kept under the same conditions, which are labeled. 
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Figure 5.2.  Scores plot for a PCA using all of the sample spectra in the field study.  The 
colors denote the conditions in which the samples underwent degradation; red dots 
(sun/grass), blue dots (shade/grass), green dots (sun/soil). 

 

 As it stands, there are two different types of samples that must be associated with 

one another in the construction of the regression models.  When the data are subjected to 

regression analysis, there is only one way to connect the two groups of data.  The 

question arises about the appropriateness of combining the two data types in their present 

state.  There could be a haphazard leverage exerted on the model by the inclusion of the 

second type of sample.  In order to investigate this possible problem, models were 

constructed using only the samples from the first group.  

data is peculiar in that all the samples in contact with soil span days 22–30, and the 

samples in contact with grass only include data from day 38.  The results would be more 

reliable if the experiment had gone longer, and the sample types were allowed to overlap 

in time.  Unfortunately, an instrument failure limited the amount of data collected for this 

study.  
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Figure 5.3.  Regression overview of the first of the series of models: (a) scores plotted along the first two PCs; (b) loadings for the 
forth and final PC as a function of wavelength [Note: four PCs are able to explain over 99% of the spectral variation and 97% of the 
variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, r-
squared value is 0.97. 
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Table 5.1.  Prediction results for independent groups of samples from the field study 
 

Sample Reference (days) Predicted (days) Absolute error 
(days) 

Average absolute 
error (days) 

10 30 31 1  
19 38 37 –1  

3 22 26 4  
17 38 36 –1  

7 29 28 –1  
12 30 25 –5  

5 23 24 1  
18 38 39 1  

6 23 27 4  
13 38 39 1  

8 29 28 –1  
15 38 41 3  

16 38 36 –2  
20 38 36 –2  

9 29 30 1  
14 38 39 1  

Total    2 
 

 
 Six models were built using the samples from days 22–30, each leaving two 

samples out for later prediction.  The regression overview for the first of the series of 

models is shown in Figure 5.4.  In the scores plot (Figure 5.4a), samples from days 22 

and 23 are separated from days 29 and 30.  The loadings for the third and final principal 

component are given in Figure 5.4b.  The Y validation variance curve (Figure 5.4c) 

exhibits a pattern that is different from all previous models.  Ideally, for each successive 

PC included in a model, the residual validation variance should decrease.  This situation 



 

was met for all previously presented models.  In this case, there is an increase in the 

residual variance going from PC 1 to PC 2.  This deviant pattern signifies outliers in the 

data that need to be removed.9  However, because there are so few samples in the field 

study, the residual variance plot cannot be made to look as it should.  No matter how 

many samples that are excluded from the analysis, this deviant pattern still occurs.  

Therefore, the pattern was made to match the ideal pattern as closely as possible by 

excluding the first couple of most outrageous outliers in the data set.  A total of three PCs 

were included in the model.  These three PCs are able to explain 99% of the spectral data 

and 95% of the Y variance in the data.  The predicted versus measured plot is shown in 

Figure 5.4d.  The r-squared for this calibration model is 0.96.  The other models are 

similar. 

 Six independent prediction sets were used to validate the models.  Each of the 

samples was predicted once in the design.  The results of the predictions are given in 

Table 5.2.  The average absolute error is five days.  In spite of these pleasant results, 

because only one sample type was included in this analysis, one initial goal of the field 

study was defeated—the goal that the samples be subjected to different conditions. 

 
Conclusions 

 
 A small field study was conducted, in which the samples were treated as they 

would be in an actual forensic investigation.  The experiment was also designed so that 

samples would experience different variables such as date of placement, amount of 

sunlight received, and surface on which the sample lay.  The analyses that included all of 

the samples had an average absolute error of two days.  However, in considering the 

layout of the data, it was decided to compare the results of the analyses including only the  
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Figure 5.4.  Regression overview of the model using only the samples from the soil location: (a) scores plotted along the first two PCs; 
(b) loadings for the third and final PC as a function of wavelength.  [Note: three PCs are able to explain 99% of the spectral variation 
and 95% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus 
measured values, r-squared value is 0.96. 
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Table 5.2.  Prediction results for independent groups of 
samples from the earlier range of the field study 

 
Sample Reference (days) Predicted (days) Absolute error 

(days) 
Average absolute 

error (days) 
2 22 27 5  
6 23 26 3  

4 23 12 –11  
12 30 26 –4  

5 23 28 5  
9 29 27 –2  

3 22 26 4  
10 30 27 –3  

1 22 13 –9  
7 29 31 2  

8 29 31 2  
11 30 25 –5  

Total  5
 
 
earlier samples.  The average absolute error for this data set was five days.  Because only 

one sample type was included in the latter analyses, one important objective of the study 

was lost (i.e., the samples were not subjected to different field variables).   

 Caution must be exercised in the interpretation of the results of this field study, as 

it suffers from a severe shortage of samples.  As it stands, the obtained results seem 

promising.  Future studies should focus on obtaining spectral data from a variety of 

sample types over an extended period of time. 



 

 
 

CHAPTER SIX 
 

Introduction to Chiral Analysis by Regression Modeling of Spectral Data (CARMSD) 
 
 

Chirality in Organic Molecules 
 
 Molecular chirality is of primary relevance in organic chemistry, particularly in 

the pharmaceutical field.   A molecule is said to be chiral when it is not superimposable 

on its mirror image, thereby forming isomers that are called enantiomers.  Figure 6.1 

illustrates the most common example of a molecule exhibiting chirality, a carbon atom 

with four different substituents attached.  In this example, the carbon atom is the chiral 

center or stereocenter and holds a set of substituents in a spatial arrangement which is not 

superimposable on its mirror image. 

 

mirror plane  
 
Figure 6.1.  Carbon atom linked to four different substituents as an example of a chiral 
molecule. 
 
 
 Excepting meso compounds, for each n chiral centers in a molecule, there are 2n 

possible stereoisomers, where n equals the number of stereocenters.  Thus, for a molecule 

having a single chiral center, there are two stereoisomers, which are related as 

enantiomers.  If a molecule has two chiral centers, there are four possible 

stereoisomers—RR, SS, RS, and SR.  The four stereoisomers are related either as 
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enantiomers or diastereomers as illustrated in Figure 6.2.  Unlike enantiomers, 

diastereomers can have different chemical and physical properties.92 
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Figure 6.2.  Relationship between the four stereoisomers of a molecule having two chiral 
centers. 
 
 
 The enantiomers of a given compound have essentially identical physical and 

chemical properties.  One exception is that they differ in their optical activity (rotation of 

the plane of polarized light).  One enantiomer gives rotation in the clockwise direction 

(dextrorotatory), and the other causes rotation in the opposite direction (levorotatory).  

Dextrorotatory compounds are designated by the prefix (+)-, and levorotatory compounds 

are designated by the prefix (–)-.  A mixture containing a 50:50 ratio of the two 

enantiomers does not give any rotation.  Such a mixture is termed racemic and is 

designated by the prefix (±)-.  Other descriptors, D- and L-, which are now only applied 

for amino acids and carbohydrates, are based upon absolute configuration (spatial 

arrangement of atoms) according to a convention in which (+)-glyceraldehyde came to be 

named D-glyceraldehyde using the Fischer projection formula.93  Lastly, the prefixes, R- 

114 



 

(from the Latin rectus for right) and S- (from the Latin sinister for left) were installed 

with the Cahn–Ingold–Prelog papers in an effort to reduce ambiguity, especially in cases 

where more than one chiral center exists.94–96  These descriptors are also based upon 

absolute configuration, but are derived by the application of logical sequence rules (CIP 

priority rules, named after Cahn, Ingold, and Prelog) for designating the stereochemistry 

at a chiral center.   

 
Importance of Chirality in Pharmaceuticals 
 
 Chemically, enantiomers behave identically and are indistinguishable except in a 

chiral environment.  Chiral centers are very common in nature, namely in amino acids 

and carbohydrates, which are the building blocks of the biomolecules with which 

pharmaceuticals must interact.  Because all of the essential amino acids are L-enantiomers 

and carbohydrates have the D-configuration, enantiomers of chiral pharmaceuticals often 

have different biological activities.  The enantiomers can differ quantitatively (one is 

more effective than the other) or qualitatively (exhibit altogether different biological 

activities).97  Interestingly enough, the two enantiomers of the drug indacrinone have 

complimentary biological actions.  The (R)-isomer acts as a diuretic, but adversely causes 

uric acid retention which can lead to serious medical problems such as coronary artery 

disease.  The (S)-isomer increases excretion of uric acid, thereby relieving the undesirable 

side-effect caused by the (R)-isomer of the drug.  As a result, a dose combination of 1:9 

(R/S) ratio of enantiomers effectively serves its intended purpose with little net effect on 

uric acid balance.98–100   

 Because of the recent awareness of the these differences in drug interactions with 

receptors as well as pharmacokinetic events such as absorption, protein binding, 
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metabolism, transport, and excretion,97, 101 currently the majority of all prescription drugs 

are of the single-enantiomer type.102, 103  Consequently, the development of rapid 

screening methods for determining enantiomeric purity is of major importance in 

pharmaceutical analysis. 

 
Traditional Methods for Chiral Analysis 

 
 As previously mentioned, there are two environments in which enantiomers can 

be distinguished and therefore measured.  The first of these is the interaction with 

polarized light.  Conventional methods of chiral analysis exploit this phenomenon.  These 

are termed chiroptical methods and include techniques such as polarimetry, circular 

dichroism, and vibrational optical activity.  Enantiomers can also be distinguished in a 

chiral environment.  This phenomenon is exploited by methods such as nuclear magnetic 

resonance (NMR) spectroscopy and separation methods (chromatographic and capillary 

electrophoretic methods) in which the stereoisomers are physically separated and 

measured.  These nonchiroptical methods require a chiral selector, which interacts with 

the enantiomeric pair to break the mirror image symmetry by formation of diastereomeric 

products.  The interaction can be of a transient nature or an actual chemical reaction.  In 

the pharmaceutical industry, high-performance liquid chromatography (HPLC) and gas 

chromatography (GC) using chiral stationary phases are most commonly used because 

they are the most accurate and universal methods available.104 

 Current methods of determining enantiomeric composition are not ideal in their 

present state.  For example, chiroptical methods generally have relatively poor detection 

limits.  Most of the commonly used methods require costly instrumentation.  However, 

the major problems associated with popular methods involve the amount of time and 
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labor they require.  Separation methods are prime examples which suffer from these 

problems. 

Higher-Throughput Efforts 
 

 An abundance of notable research efforts have surfaced in the literature in recent 

years regarding higher-throughput methods for determining enantiomeric composition.  

For instance, much focus has been placed on mass spectrometric determination of 

enantiomeric composition by reactions with chiral reference molecules, mainly by the 

research groups of Finn and Cooks.105–115  Shair and group at Harvard have demonstrated 

the adaptation of DNA microarray technology to enantiomeric composition measurement 

using chiral fluorescent probes.116  Colorimetric techniques have been reported by Anslyn 

and van Delden with the use of copper-coordinated complexes and cholesteric liquid 

crystal phases, respectively.117–122  High-throughput NMR methods have also been 

described utilizing a flow-through cell connected to an autosampler and chemical shift 

imaging.123, 124  Other ideas that are actively being explored include the use of enzymatic 

activities125–130 and electrochemical sensors.131–135 

 
CARMSD Method 

 
 Most of the aforementioned high-throughput methods involve spectroscopic 

measurements because these types of methods are generally more amenable to high-

throughput implementation.136, 137  Bearing this in mind, our group has previously 

conducted research toward using spectral data (UV absorption, UV fluorescence, and 

near-infrared transmission) of solutions containing a chiral analyte and a chiral selector to 

determine enantiomeric composition.138–145  This was accomplished by the application of 

multivariate regression modeling techniques to the collected spectral data.  This 
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technique is referred to as chiral analysis by regression modeling of spectral data 

(CARMSD).  Since its inception, several groups have followed in our footsteps using 

varied chiral selectors and spectroscopic methods.146–157 

 Our work on the subject began with the use of cyclodextrins as chiral selectors.142  

Since then we have also tried simple sugars143 and chiral surfactants.152  In addition to 

these chiral selectors, other groups have used bovine serum albumin (protein),157 a chiral 

resorcinarene macrocycle,156 and chiral ionic liquids.147, 149  Other spectroscopies 

employed include vibrational circular dichroism153 and terahertz absorption 

spectroscopy.154 
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CHAPTER SEVEN 
 

Determination of Enantiomeric Composition of Chiral Samples Using the 
CARMSD Method with Chiral Ionic Liquids as Chiral Selectors 

 
 

Introduction 
 
 Recently, the use of chiral ionic liquids as chiral selectors has been reported in the 

literature.158–169  Using chiral ionic liquids as chiral selectors can produce a chiral 

environment without the need for inclusion complex formation, which is believed to be 

the case with cyclodextrins.  Chiral ionic liquids (ILs) are low-melting salts composed 

entirely of ions.  The chirality is introduced through the anion, the cation, or sometimes 

both.  These novel solvents appear ideal for chiral discrimination because they can 

interact with chiral solutes by a wide variety of intermolecular interactions, including 

hydrogen bonding, π-π and n-π interactions, dipolar or ion-dipole interactions, dispersive 

interactions, and hydrophobic interactions.159 

 The CARMSD method is based on modeling of small changes in the spectra 

produced by interactions with the chiral selectors.  Therefore, the chiral selector plays an 

important role in the method.  Our group has systematically studied different chiral 

selectors, beginning with cyclodextrins, which have given the best results so far.  It was 

hypothesized that chiral ILs would have stronger interactions with analytes than 

cyclodextrins. 

 Ionic liquids, in general, have been gaining popularity by near exponential bounds 

over the past decade.  As mentioned earlier, ionic liquids are composed of positively and 

negatively charged ions, as is table salt (sodium chloride).  But unlike sodium chloride 



 

which has a melting point of 801°C,170 ionic liquids are able to remain liquids at much 

lower temperatures, many even at room temperature.  A common explanation for their 

low melting points is that their ions do not pack well.171  This is thought to be a result of 

the combination of bulky and asymmetrical organic cations with a delocalized charge and 

smaller, but similarly, also bulky inorganic anions.  Because of this makeup of loosely 

coordinating bulky ions, the formation of a stable crystal lattice is prevented, which leads 

to lower melting points.  

Most commonly, ionic liquids involve various N,N’-disubstituted imidazolium 

cations paired with inorganic anions (for example, hexafluorophosphate or 

bis(trifluoromethane)sulfonimide).  Figure 7.1 shows some common cations and anions 

used in the formation of ionic liquids.  In addition to imidazolium, other organic cations 

associated with ionic liquids include quaternary ammonium, pyridinium, thiazolinium, 

pyrrolidinium, oxazolinium, phosphonium, and sulfonium ions.  Tetrafluoroborate, 

nitrate, chloride, trifluoroacetate, dicyanamide, and bromide are a few other common 

inorganic anions used in the formation of ionic liquids.  Ionic liquids have been referred 

to as “designer solvents” because they have physiochemical properties that can be altered 

by simply changing anion-cation combinations or the side chains attached to the organic 

cation.172  Thermal stability, miscibility, melting point, and viscosity are a few important 

properties that can be affected by different combinations of anions and cations.173  Taking 

into account the difficulty in modifying cyclodextrins, the ease of modification is an 

attractive quality of ionic liquids. 

In the last few years, interest in asymmetric synthesis has led to the development 

of several chiral ILs.  The most common route for designing chiral ILs is to use 
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precursors from the chiral pool, particularly amino acids and amines.158, 149, 166, 167, 174–184  

They are usually obtained through metathesis of a halide salt of the desired cation with a 

salt of the desired anion or acid-base neutralization reactions.185  A large percentage of 

the research which involves chiral ILs is devoted to asymmetric synthesis and 

catalysis.158, 164, 186–197  However, research efforts toward using chiral ILs as chiral 

selectors in gas chromatography160 and capillary electrophoresis161, 169 have been 

reported.  Also, several chiral ILs have exhibited strong enantiomeric recognition 

abilities, marked by splitting of signals in NMR experiments.149, 165–168, 174, 198  Besides 

NMR experiments, other spectroscopic applications of chiral recognition using chiral ILs 

have been reported, including near-infrared149 and fluorescence166, 199 spectroscopies.   

 Based on these developments, it was decided to explore the feasibility of using 

chiral ionic liquids as chiral selectors with the CARMSD technique utilizing UV 

absorption measurements.  The goal was to compare our results using UV absorption 

measurements with those of Tran et al. using NIR absorption149 and UV fluorescence.147  

Accordingly, the same chiral IL from Tran's work, which has a chiral quaternary 

ammonium ion, was chosen to begin the study.  The next chiral IL selected for the 

research involved an imidazolium cation and was chosen because it was able to induce 

enantiomeric excesses in the photoisomerization of octatrienes.186   

Despite the fact that a major suggested application of ionic liquids is molecular 

organic solvent replacement, it was decided to use the chiral ionic liquids as chiral 

selectors in solution.  The literature has recently begun to report the use of chiral ionic 

liquids as chiral selectors in capillary electrophoresis, in which the ionic liquids are 

incorporated in a bulk solution at a concentration of 20–25 mM.161, 169  Considering the 
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success in these systems for actual enantiomeric separations, not to mention NMR 

experiments (which are also carried out in solution), it was decided to try using the chiral 

ILs in solution as chiral selectors for enantiomeric discrimination.  Furthermore, 

presently certain properties of ionic liquids impede their use at full strength.  Some of 

these challenges include high cost and difficulty in handling due to high viscosities. 
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Figure 7.1.  Examples of common ions used in the formation of ionic liquids. 
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 Considering the low cost and straightforward operation and upkeep of a UV-

visible spectrophotometer, it was decided to use electronic absorption spectroscopy for 

the investigation.  The absorption of ultraviolet or visible radiation corresponds to the 

excitation of outer electrons.  For organic molecules, absorption in this range occurs for 

certain functional groups (chromophores) that contain valence electrons of low excitation 

energy, typically π and n electrons.  An absorption spectrum depends on the structure of 

the molecule and is rather complex due to the superposition of rotational and vibrational 

transitions on the electronic transitions.  This results in what appears to be a continuous 

absorption band.  Small changes in the spectra of chiral molecules resulting from the 

formation of diastereomeric pairs can be correlated to enantiomeric composition through 

multivariate regression. 

Materials and Methods 
 
 
Chemical Preparations 
 
 Chemical reagents used in synthetic procedures and the enantiomeric recognition 

studies were obtained from various chemical suppliers (Sigma Aldrich, Alfa Aesar, Fluka 

Chemical Co., J. T. Baker, and VWR).  All chiral reagents were purchased in the 

enantiomerically pure (≥98%) form.  All chemicals were used as received.  Where 

applicable, the product was characterized based on 1H NMR (Varian operating at 500 

MHz).  Deuterated dimethyl sulfoxide with 0.05% tetramethyl silane as an internal 

standard was used as solvent in obtaining the NMR spectrum.  All of the chemical shifts 

(δ) are expressed in ppm and coupling constants (J) are expressed in Hz.  Peak patterns 

are reported as singlets (s), doublets (d), triplets (t), and multiplets (m).  Elemental 

analyses were performed by Atlantic Microlab, Inc. in Norcross, GA.  Nominal mass 
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spectra were obtained in the Baylor University Mass Spectrometry Core Facility using a 

Thermo Finnigan LCQ Classic spectrometer employing electrospray ionization (ESI). 

 
 Preparation of chiral ionic liquid 1.  [(S)-(3-chloro-2-hydroxypropyl) 

trimethylammonium] [bis(trifluoromethane) sulfonimide] or chiral IL 1 was prepared 

using a published synthetic procedure149 through an ion exchange reaction (see Figure 

7.2).  (S)-(3-chloro-2-hydroxypropyl) trimethylammonium chloride (7.52 g, 40 mmol) 

was dissolved in water (30 mL).  An equimolar amount (11.48 g, 40 mmol) of 

bis(trifluoromethane) sulfonimide lithium salt was separately dissolved in water (60 mL).  

The two solutions were combined and stirred for eight hours at room temperature.  The 

mixture resulted in the separation of an ionic liquid phase, which was collected and 

washed five times with water.  The final product was dried under vacuum for several 

days.  This resulted in 11.6 g (67% yield) of colorless ionic liquid.  Anal. Calcd for 

C8H15N2O5S2F6Cl: C, 22.20; H, 3.49; Cl, 8.19.  Found: C, 22.19; H, 3.49; Cl, 8.38.  MS 

(ESI) peaks at m/z 152 and 280 were observed in positive and negative ion modes, 

respectively, as expected for the ions. 
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Figure 7.2.  Preparation of ionic liquid 1.149 

 
 
 Preparation of chiral ionic liquid 2.  As shown in Figure 7.3, [(–)-1-methyl 

menthyl ether-3-methyl imidazolium] [bis(trifluoromethane) sulfonimide] or chiral IL 2 

was prepared using published synthetic procedures186 in two steps, involving a 

124 



 

nucleophilic substitution reaction followed by an ion exchange reaction.  (–)-

Chloromethyl menthyl ether (5.0 g, 24.4 mmol) was added dropwise over thirty minutes 

to a well stirred solution of N-methylimidazole (2.0 g, 24.4 mmol) in dry 1,1,1-

trichloroethane, which was heated to reflux.  The reaction mixture was stirred for an 

additional thirty minutes.  The solvent was removed under vacuum to afford the chloride 

salt as a white powder (7.0 g, 100% yield), which was dissolved in 100 mL water.  An 

equimolar amount (7.0 g, 24.4 mmol) of bis(trifluoromethane) sulfonimide lithium salt 

was separately dissolved in water (40 mL) and then added to this solution.  The mixture 

was stirred for six hours at room temperature.  This led to the separation of an ionic liquid 

phase, which was separated and washed three times with water.  The final product was 

heated to 100°C under reduced pressure.  This resulted in 12.1 g (93% yield) of pale 

yellow ionic liquid. 

 1H NMR (500 MHz, DMSO-d6, δ): 9.33 (s, 1H, NCH), 7.90 (t, J = 1.7 Hz, 1H, 

NCH), 7.75 (t, J = 1.7 Hz, 1H, NCH), 5.60 (AB, JAB = 11.0 Hz, Δν = 8.0 Hz, 2H, NCH2), 

3.90 (s, 3H, NCH3), 3.26 (dt, J1 = 10.5 Hz, J2 = 4.0 Hz, 1H, OCH), 2.09–2.03 (m, 1H, 

CH), 1.94–1.87 (m, 1H, CH), 1.64–1.54 (m, 2H, CH2), 1.43–1.32 (m, 1H, CH), 1.19–1.12 

(m, 1H, CH2), 0.94–0.72 (m, 3H, CH2), 0.90 (d, J = 6.5 Hz, 3H, CH3), 0.81 (d, J = 6.5 

Hz, 3H, CH3), 0.41 (d, J = 7.5 Hz, 3H, CH3).  Anal. Calcd for C17H27N3O5S2F6: C, 38.41; 

H, 5.12; N, 7.91.  Found: C, 39.09; H, 5.18; N, 7.89.  MS (ESI) peaks at m/z 251 and 280 

were observed in positive and negative ion modes, respectively, as expected. 
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Figure 7.3.  Preparation of ionic liquid 2.186 
 
 
 Sample preparations.  For methanolic and aqueous experiments, stock solutions 

were prepared containing 5 mM chiral analyte, phenylalanine or norephedrine (Figure 

7.4), and 30 mM prepared chiral ionic liquid or purchased chiral salt in HPLC grade 

solvent.  The stock solutions were prepared by carefully weighing the reagent and 

diluting to volume in a volumetric flask.  For the experiment using chiral ionic liquid as 

the solvent itself, separate stock solutions were prepared containing a concentrated 

solution of chiral ionic liquid and chiral analyte in methanol.  The chiral ionic liquid and 

analyte solutions were combined to obtain the final stock solutions from which the 

methanol was evaporated under reduced pressure.  From the stock solutions, samples 

were prepared varying the enantiomeric composition from 0–100% while keeping the 

total analyte concentration constant. 
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Figure 7.4.  Molecular structures of chiral analytes, phenylalanine and norephedrine. 
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Collection of UV Absorption Spectroscopic Data 
 
 Spectra of the solutions were recorded with an Agilent photodiode array UV-

visible spectrophotometer (Model 8453) using a low-volume 1.0 cm pathlength quartz 

cell.  Spectra were collected over the wavelength range of 190 to 1100 nm using the 

appropriate solvent as a blank.   

 In Figure 7.5 is shown a schematic of the optical system of the spectrophotometer 

used in the research.  The instrument is a single beam spectrophotometer, where the 

radiation source is a combination of a tungsten lamp for the visible and short wave near-

infrared wavelength range and a deuterium lamp for the ultraviolet wavelength range.  

The source lens receives the light from both lamps and forms a single, collimated beam 

of light.  During a measurement, the shutter opens and allows light to pass through the 

sample.  In the measurement sequence, spectra are measured without and then with the 

stray light filter.  With the filter in place, any light measured is stray light.  This stray 

light intensity is then subtracted from the first spectrum, giving the stray light corrected 

spectrum.  A blank spectrum is acquired and stored in the computer memory.  This blank 

spectrum is automatically subtracted from any measured sample spectrum until a new 

blank spectrum is recorded.   

 The rest of the components are collectively known as the spectrometer.  The 

spectrometer lens is the first of these parts.  It refocuses the collimated light beam after it 

has passed through the sample and before being passed to the spectrometer through the 

slit.  The slit is exactly the size of one of the photodiodes in the photodiode array, and 

assures that each band of wavelengths is projected onto only the appropriate photodiode 

by limiting the size of the incoming light beam.  The beam is directed to the grating, 
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Figure 7.5.  Schematic of the optical system of the Agilent 8453 photodiode array 
spectrophotometer, courtesy of Agilent Technologies Inc. Copyright 2000. 
 
 
which disperses the light onto the diode array at an angle proportional to the wavelength.  

The photodiode array detector allows simultaneous access to all wavelength information.  

It is a linear series of 1024 individual silicon light-sensitive photodiodes and control 

circuits formed on a single silicon chip.  Each photodiode is a semiconductor diode that 

functions as a photodetector through the measurement of current, which is proportional to 

the amount of light falling on the photodiode.  The analog output signal from the 

photodiode array is acquired utilizing a data acquisition board equipped with an analog-

to-digital converter before being passed to the instrument computer.  The spectral data 

were retrieved as text files and later converted to a Microsoft Excel spreadsheet. 

 
Data Preparation 
 
 The spectral data contained in the Excel files were directly imported into The 

Unscrambler software package (version 9.7) from CAMO, Inc.  Since the files were 

stored with one row for each variable in Excel, the data matrix was transposed, where the 

rows and columns were exchanged.  The data were smoothed using the Savitzky–Golay 
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algorithm with a five point segment, where two points on either side were used to 

calculate the data point in question.  A column vector containing the known enantiomeric 

composition was added to the data matrix and analyses were performed on the prepared 

spectral data. 

 
Data Analyses 
 
 Calibration models were constructed using the partial least-squares regression 

(PLSR) algorithm.  The mean-centered spectra were used in the analyses.  Outliers were 

detected by examining the scores and influence plots.  Samples lying far away from the 

others in the two-dimensional scores plot were removed.  Also, samples having high 

residuals or unusually high leverage values were excluded from the analyses.  

Independent prediction sets were used to validate the calibration models.  The associated 

errors for the predictions are calculated and reported in the form of absolute error. 

 
Results and Discussion 

 
 Experiments were conducted using both IL 1 and IL 2, either dissolved in 

methanol or as the solvent itself, with the chiral analytes, phenylalanine and 

norephedrine.  The spectral region of interest (225–315 nm) for the calibration samples 

for the experiment involving IL 1 and phenylalanine in methanol is shown in Figure 7.6.  

A PLSR model was constructed using this spectral data and is shown in Figure 7.7.  In 

the scores plot (Figure 7.7a), the samples appear to be nicely arranged according to 

enantiomeric composition.  Sample eight, which is located near the origin on the scores 

plot, contains near 50% D-phenylalanine.  In general, those samples containing less than 

50% D-phenylalanine are found in the left portion of the scores plot, while those 
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containing more than 50% are located in the right hand portion.  The loadings plot for the 

fifth and final PC (Figure 7.7b) shows that the area from 225 to about 280 nm is most 

important to the modeling, while the rest of the absorption band envelope following 280 

nm contributes less.  The Y validation variance curve (Figure 7.7c) suggests the use of 

six principal components, however because the sixth PC explained less than 1% of the Y-

variance, which is most likely due to noise, only the first five PCs were used in the 

model.  With five principal components, over 99% of the variance in both X and Y is 

explained.  In examining the plot of the predicted versus measured Y values (Figure 

7.7d), the behavior of the data points are close to ideal.  The r-squared value for the 

model is 0.998. 

 An independent prediction set of ten samples was used to validate the regression 

model.  The results of the predictions are given in Table 7.1.  Overall, there was an 

average absolute error of 8.9%. 

 The spectra for the calibration set of samples for the experiment with 

phenylalanine and IL 2 in methanol are shown in Figure 7.8.  The spectral region of 237–

413 nm was used to construct a PLSR model.  The overview for the regression model is 

shown in Figure 7.9.  The scores plot (Figure 7.9a) shows the same behavior previously 

discussed.  Here, sample six is the sample containing near 50% D-phenylalanine and is 

located near the origin of the plot.  On one side of sample six are those samples 

containing less than 50% of D-phenylalanine, and on the other side are those samples with 

greater than 50%.  The loadings for the forth and final PC are given in Figure 7.9b.  In 

this case, the later portion of the envelope or tail approaching the visible region is found  
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Figure 7.6.  UV spectra of 16 calibration solutions of 5 mM phenylalanine and 30 mM IL 1 in methanol with varying enantiomeric 
compositions; 225–315 nm. 
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Figure 7.7.  Regression overview of the model with phenylalanine/IL 1 in methanol: (a) scores plotted along the first two PCs; (b) 
loadings for the fifth and final PC as a function of wavelength.  [Note: five PCs are able to explain over 99% of the spectral variation 
and over 99% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus 
measured values, r-squared value is 0.998. 
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Table 7.1.  Prediction results for independent samples of 
5 mM phenylalanine and 30 mM IL 1 in methanol 

 
Sample Reference (%D) Predicted (%D) Absolute error 

(%D) 
Average absolute 

error (%D) 
1 3.80 10.9 7.1  
2 5.20 32.5 27.3  
3 16.1 25.6 9.5  
4 24.4 46.4 22.0  
5 31.0 33.7 2.7  
6 45.9 54.5 8.6  
7 64.3 59.1 –5.2  
8 71.7 71.9 0.2  
9 81.4 87.1 5.7  
10 92.8 91.9 –0.9  

Total    8.9 
 

 
to be quite influential in the model calculations relative to the actual absorption band.  

This effect is probably due to the fact that the imidazolium moiety exhibits an absorption 

tail which extends into the early part of the visible region.200, 201  Any interaction 

phenylalanine has with the imidazolium cation would be reflected in the spectrum, and it 

is expected the effects would be useful in modeling the data.  The Y validation variance 

curve (Figure 7.9c) reaches a minimum at four principal components, and these PCs are 

able to explain over 99% of the X and Y variance.  The predicted versus measured plot is 

fairly well behaved and has an r-squared value of 0.992. 

 A prediction set of ten independent samples was used to validate the constructed 

model.  These results can be found in Table 7.2.  The average absolute error for this set is 

4.3%, which is half the error of that involving IL 1.  

In Figure 7.10 are shown the spectra for the calibration set of 16 samples for the 

experiment with phenylalanine and the chloride salt of IL 1 in water.  A PLSR model was 



 

built using the spectral region of 225–340 nm.  The regression overview is provided in 

Figure 7.11.  Again the scores plot (Figure 7.11a) shows the same pattern discussed 

earlier.  Seven principal components were suggested by the Y validation variance curve 

(Figure 7.11c).  The loadings for the seventh and final PC are plotted in Figure 7.11b and 

are very similar to those when IL 1 was used as the chiral auxiliary.  Combined, the seven 

PCs are able to explain over 99% of the variation in both X and Y.  The predicted versus 

measured plot exhibits close to ideal behavior and has an r-squared value of 0.994.  An 

independent prediction set of 10 samples was used to validate the model.  The average 

absolute error for this set is 11% and individual results can be found in Table 7.3.  These 

results are comparable to those using IL 1, 8.9% for the ionic liquid versus 11% for the 

chloride salt. 

A final experiment with phenylalanine was conducted using IL 1 as the solvent.  

The spectra for the calibration samples are provided in Figure 7.12.  This spectral region, 

225–385 nm, was used in the calculation of a PLSR model, for which the overview can 

be seen in Figure 7.13.  Each section of the overview suggests a very well behaved 

model.  In the scores plot (Figure 7.13a), each sample with less than 50% D-phenylalanine 

is located on one side, while those containing greater than 50% are on the other side.  The 

model suggests three principal components (Figure 7.13c) and the loadings for the third 

PC are plotted in Figure 7.13b.  With only three loadings, 99% of both the X and Y 

variation is explained.  The predicted versus measured plot (Figure 7.13d) has an r-

squared value of 0.985.  To validate the constructed model, six independent samples were 

submitted for prediction of enantiomeric composition.  The results are given in Table 7.4.   
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Figure 7.8.  UV-visible spectra of 11 calibration solutions of 5 mM phenylalanine and 30 mM IL 2 in methanol with varying 
enantiomeric compositions; 237–413 nm. 

135



 

 
 
 
 

(a) (b)

(d)(c)

PC 1

P
C

 2

X-variables

X-
lo

ad
in

gs

PCs

Y-
va

ria
nc

e

Measured Y

Pr
ed

ic
te

d 
Y

 

136

 
Figure 7.9.  Regression overview of the model with phenylalanine/IL 2 in methanol: (a) scores plotted along the first two PCs; (b) 
loadings for the forth and final PC as a function of wavelength.  [Note: four PCs are able to explain over 99% of the spectral variation 
and over 99% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus 
measured values, r-squared value is 0.992. 
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Table 7.2.  Prediction results for independent samples of 
5 mM phenylalanine and 30 mM IL 2 in methanol 

 
Sample Reference (%D) Predicted (%D) Absolute error 

(%D) 
Average absolute 

error (%D) 
1 3.67 3.62 –0.05  
2 5.11 1.00 –4.11  
3 15.1 23.7 8.6  
4 24.4 20.0 –4.4  
5 31.2 37.9 6.7  
6 46.2 45.5 –0.7  
7 64.6 70.7 6.1  
8 71.8 75.0 3.2  
9 81.5 83.6 2.1  
10 91.7 84.5 –7.2  

Total    4.3 
 
 

The average absolute error for the set is 4.0%.  These results are comparable to those 

obtained with IL 2 as a chiral selector in solution (4.3%). 

 A comparison of the individual errors associated with each experiment with the 

chiral analyte, phenylalanine, is graphed in Figure 7.14.  Considering the preliminary 

results of this study, a few conclusions can be made regarding the enantiodisciminating 

ability of the chiral selector systems.  First, IL 2 seems to be superior to IL 1 when used 

in a methanolic solution.  Second, it is questionable as to whether the enantio-

discrimination of phenylalanine is enhanced significantly when IL 1 is employed rather 

than its starting material counterpart, the chloride salt.  Considering the difference in 

coordinating properties of the two anions, bis(trifluoromethane) sulfonimide and 

chloride, it is expected that the ionic liquid would impart a greater influence.  However, 

only a minor improvement is seen when the ionic liquid is used as a chiral selector in  
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Figure 7.10.  UV spectra of 16 calibration solutions of 5 mM phenylalanine and 30 mM (S)-(3-chloro-2-hydroxypropyl) trimethyl 
ammonium chloride, the chloride salt of IL 1, in water with varying enantiomeric compositions; 225–340 nm. 
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Figure 7.11.  Regression overview of the model with phenylalanine/chloride salt of IL 1 in water: (a) scores plotted along the first two 
PCs; (b) loadings for the seventh and final PC as a function of wavelength.  [Note: seven PCs are able to explain over 99% of the 
spectral variation and over 99% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of 
predicted versus measured values, r-squared value is 0.994.
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Table 7.3.  Prediction results for independent samples of 5 mM  
phenylalanine and 30 mM chloride salt of IL 1 in water 

 
Sample Reference (%D) Predicted (%D) Absolute error 

(%D) 
Average absolute 

error (%D) 
1 3.80 13.4 9.6  
2 5.20 0.256 –4.94  
3 16.1 31.4 15.3  
4 24.4 33.9 9.5  
5 31.0 39.8 8.8  
6 45.9 49.9 4.0  
7 64.3 66.6 2.3  
8 71.7 41.8 –29.9  
9 81.4 61.3 –20.1  
10 92.8 102 9.2  

Total    11 
 

 

solution.  Lastly, when IL 1 is used as the solvent itself for the experiment, the results are 

much improved. 

Next, parallel experiments with norephedrine were conducted.  In Figure 7.15, are 

shown the spectra for the calibration set of samples with norephedrine and IL 1.  A PLSR 

model was constructed using this spectral range, 225–330 nm.  The overview for the 

regression model is shown in Figure 7.16.  The distribution in the scores plot (Figure 

7.16a) is not as clear as that observed with phenylalanine.  However, in general, those 

samples having greater than 50% (1S,2R)-(+)-norephedrine lie above those that contain 

less than 50%.  The loadings for the fifth and final PC are plotted in Figure 7.16b.  

Combined, they are able to explain 99% of the variation in the spectral data and over 

99% of the variation in the Y data.  The Y validation variance curve (Figure 7.16c) has a 

very slight increase going from PC 0 to PC 1.  This is an occurrence that should be 

avoided in analyses and usually points to the inclusion of outliers in the data set.  The  



 
 
 
 

Wavelength (nm)

A
bs

or
ba

nc
e

 

 

 

 
Figure 7.12. UV spectra of calibration solutions of 5 mM phenylalanine in IL 1 with varying enantiomeric compositions; 225–385 nm. 
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Figure 7.13.  Regression overview of the model with phenylalanine in IL 1: (a) scores plotted along the first two PCs; (b) loadings for 
the seventh and final PC as a function of wavelength.  [Note: seven PCs are able to explain 99% of the spectral variation and 99% of 
the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured values, 
r-squared value is 0.985.
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Table 7.4.  Prediction results for independent samples of 5 mM phenylalanine in IL 1. 
 

Sample Reference (%D) Predicted (%D) Absolute error 
(%D) 

Average absolute 
error (%D) 

1 12.7 14.5 1.8  
2 15.6 20.1 4.5  
3 16.7 18.4 1.7  
4 24.5 28.9 4.4  
5 39.6 37.4 –2.2  
6 77.1 86.4 9.3  

Total    4.0 
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Figure 7.14.  Chart comparing the absolute errors (absolute values) for the prediction 
studies with the chiral analyte, phenylalanine. 
 
 
presented curve is the best possible shape that could be obtained with the data by 

excluding selective outliers from the analysis. The r-squared value for this model is 



 

0.991.  A prediction set of ten independent samples were tested to validate the model (see 

Table 7.5).  Overall, the average absolute error for this set is 7.0%. 

 The spectra for the calibration set of samples with norephedrine and IL 2 are 

shown in Figure 7.17.  A PLSR model was constructed using the spectral range of 240–

350 nm.  The overview for the regression model is shown in Figure 7.18.  The 

distribution in the scores plot (Figure 7.18a) is similar to that observed with IL 1 and 

norephedrine, where those samples having greater than 50% (1S,2R)-(+)-norephedrine lie 

above those that contain less than 50% of the enantiomer.  Three principal components, 

which are able to explain 98% of the X and Y variation, were suggested by the Y 

validation variance curve (Figure 7.18c).  The loadings for the third principal component 

are plotted in Figure 7.18b.  The r-squared value for the model is 0.981.  A prediction set 

of ten independent samples were used to validate the model.  The results are provided in 

Table 7.6.  The average absolute error for this set is 12%. 

 The individual errors associated with the experiments with the chiral analyte, 

norephedrine, are graphed together in Figure 7.19 for comparison of the enatio-

discrimination obtained with IL 1 and IL 2.  With these preliminary results, it can be 

construed that IL 1 is superior to IL 2 when used as the chiral selector. 

 
Conclusions 

 
Two chiral ionic liquids were synthesized and used as chiral selectors with 

phenylalanine and norephedrine in order to predict the enantiomeric composition.  The 

constructed regression models were able to predict the enantiomeric composition with 

average deviations in the range of ± 4–12 units of %D.  The results indicate that when 
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Figure 7.15.  UV spectra of 15 calibration solutions of 5 mM norephedrine and 30 mM IL 1 in methanol with varying enantiomeric 
compositions; 225–330 nm. 
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Figure 7.16.  Regression overview of the model with norephedrine/IL 1 in methanol: (a) scores plotted along the first two PCs; (b) 
loadings for the fifth and final PC as a function of wavelength.  [Note: five PCs are able to explain 99% of the spectral variation and 
over 99% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus 
measured values, r-squared value is 0.991.
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Table 7.5.  Prediction results for independent samples of 
5 mM norephedrine and 30 mM IL 1 in methanol 

 
Sample Reference (%D) Predicted (%D) Absolute error 

(%D) 
Average absolute 

error (%D) 
1 3.80 –3.95 –7.75  
2 5.20 17.0 11.8  
3 16.1 6.34 –9.8  
4 24.4 16.9 –7.5  
5 31.0 34.4 3.4  
6 45.9 56.4 10.5  
7 64.3 67.0 2.7  
8 71.7 74.4 2.7  
9 81.4 74.7 –6.7  

10 92.8 85.2 –7.6  

Total    7.0 
 

 
used in a methanolic solution, IL 2, the imidazolium-based chiral ionic liquid, is better at 

discriminating between enantiomers of phenylalanine (8.9% compared to 4.3%).  

Conversely, IL 1, the quaternary ammonium-based chiral ionic liquid, is favored for 

enantiodiscrimination of norephedrine enantiomers (7.0% versus 12%).  When used as 

the solvent, IL 1, exhibited stronger enantiomeric recognition, and the errors are reduced 

by about 50% compared to the methanol solution study.  Additionally, the chloride salt of 

IL 1, which is the starting material in the preparation of IL 1, performed similarly 

compared to IL 1—11% compared to 8.9%, for the chloride salt and IL 1, respectively.   

 Ultimately, the results of the study disprove our original hypothesis—that chiral 

ionic liquids should outperform cyclodextrins as chiral selectors.  The deviations obtained 

with chiral ionic liquids (± 4–12 units) are greater than those obtained with native 

cyclodextrins (± 0.4–4.4 units).138, 142 
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Figure 7.17.  UV spectra of 11 calibration solutions of 5 mM norephedrine and 30 mM IL 2 in methanol with varying enantiomeric 
compositions; 240–350 nm. 
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Figure 7.18.  Regression overview of the model with norephedrine/IL 2 in methanol: (a) scores plotted along the first two PCs; (b) 
loadings for the third and final PC as a function of wavelength.  [Note: five PCs are able to explain 98% of the spectral variation and 
98% of the variation in PMI.]; (c) Y validation variance curve plotted as a function of PCs; and (d) plot of predicted versus measured 
values, r-squared value is 0.981. 
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Table 7.6.  Prediction results for independent samples 
of 5 mM norephedrine and 30 mM IL 2 in methanol 

 
Sample Reference (%D) Predicted (%D) Absolute error 

(%D) 
Average absolute 

error (%D) 
1 3.72 25.7 22.0  
2 5.10 16.7 11.6  
3 15.1 23.2 8.1  
4 24.4 11.0 –13.4  
5 30.9 28.4 –2.5  
6 46.6 51.0 4.4  
7 64.6 54.7 –9.9  
8 72.0 82.9 10.9  
9 82.0 77.5 –4.5  

10 91.6 63.8 –27.8  

Total    12 
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Figure 7.19.  Chart comparing the absolute errors (absolute values) for the prediction 
studies with the chiral analyte, norephedrine. 
 
 
 



 

 
 

CHAPTER EIGHT 
 

Quality Control Screening for Enantiomeric Impurities in Chiral Active Pharmaceutical 
Ingredients by Multivariate Classification Analyses of UV Spectral Data 

 
 

Introduction 
 

 In the pharmaceutical industry, the control of various chemical impurities is an 

important issue.  Recently, enantiomeric impurities have become increasingly significant 

as the number of single-enantiomer pharmaceuticals on the market continue to rise.202  In 

the period of 1998–2001, approximately 37% of new molecular entities (NMEs) 

approved by the Food and Drug Administration were single enantiomers.102, 203  Later, in 

the period of 2004–2006, this number nearly doubled, when 65% of NMEs were of the 

single-enantiomer type.102, 103  Figure 8.1 illustrates the breakdown of all possible types of 

active pharmaceutical ingredients (APIs) and their approximate distributions in each of 

these time periods. 

 

1998-2001

2004-2006

52% 

4% 7% 7% 

30% 

27% 

2% 6% 
18% 

47% 

achiral
racemate
multiple diastereomers
single enantiomer/one chiral center
single enantiomer/multiple chiral centers

legend

 
 

Figure 8.1.  Approximate proportions of new molecular entities approved by the United 
States Food and Drug Administration in 1998–2001 and 2004–2006.102, 103, 203 

151 



 

 Because of the increased awareness of possible differences in biological activities 

of enantiomers of chiral pharmaceuticals, there is a significant demand placed upon both 

regulatory authorities and pharmaceutical companies to control the quality of APIs 

released to the public.  The objective of this project was to investigate the feasibility of a 

yes/no type classification scheme for determining whether solutions of enantiomers of a 

chiral molecule meet a predetermined metric. 

Phenylalanine and chiral IL 2 (see Figure 8.2 for structures), which demonstrated 

the best results in Chapter Seven, was the diastereomeric pair system chosen on which to 

conduct this investigation.  A UV-visible spectrophotometer was used to collect spectral 

data, which were correlated to respective classes through partial least squares-

discriminant analysis (PLS–DA). 

 
Materials and Methods 

 
 
Sample Preparations 
 
 Enantiomerically pure D- and L-phenylalanine (99%) were obtained from Alfa 

Aesar and used without further modification.  Chiral IL 2 was synthesized and stock 

solutions were prepared containing 2 mM D-or L-phenylalanine and 12 mM chiral IL 2 in 

HPLC grade methanol.  The stock solutions were prepared by carefully weighing the 

reagents and diluting to volume in a volumetric flask.  From the stock solutions, 56 

samples were prepared with varied enantiomeric compositions from 60–100% while 

keeping the total analyte concentration constant. 

 

152 



 

NTf2

IL 2

O

N

N

OH
NH2

O

phenylalanine

NTf2

IL 2

O

N

N

OH
NH2

O

phenylalanine  
 
Figure 8.2.  Molecular structures of chiral analyte (phenylalanine) and imidazolium-based 
chiral selector (IL 2). 
 
 
Collection of UV Absorption Spectroscopic Data 
 
 Spectra of the prepared solutions were recorded with an Agilent photodiode array 

UV-visible spectrophotometer (Model 8453) using a low-volume 1.0 cm pathlength 

quartz cell.  Spectra were collected over the wavelength range of 190–1100 nm.  HPLC 

grade methanol was used as a blank.  The spectral data were retrieved as text files and 

later converted to Microsoft Excel spreadsheets. 

 
Data Preparation 
 
 The spectral data contained in the Excel files were directly imported into The 

Unscrambler software package.  The data matrix was then transposed to correctly list the 

samples and variables.  The data were smoothed using the Savitzky–Golay algorithm 

with a five point segment, where two points on either side were used to calculate the data 

point in question.  A column vector containing indicator variables (binary variables that 

code for class membership) was added to the data matrix.  Once the matrix was set up as 

described, analyses were performed on the prepared spectral data. 

 
Data Analyses 
 
 Calibration models were constructed using the PLS–DA algorithm.  The 

calculated mean-centered spectra were used in the classification analyses.  Outliers were 
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detected through examining the scores and influence plots.  Samples located far removed 

from the others on the scores plots were removed as well as those samples having 

unusually high residuals or leverage.  Independent prediction sets (samples that were not 

included in the calibration phase) were used to validate the constructed classification 

models.  Associated errors are reported in the form of percent correct classification. 

 
Results and Discussion 

 
 As a preliminary experiment, the same spectral data presented in Chapter Seven 

for the samples with phenylalanine and IL 2 were subjected to PLS–DA classification 

modeling.  In this trial experiment, the calibration set was divided into two classes, one 

class containing more of the D-isomer and the second containing more of the L-isomer.  

Using this data arrangement, a PLS–DA model was constructed (Figure 8.3).  In the 

scores plot (Figure 8.3a), sample six, which has an enantiomeric composition close to 

50% of both enantiomers, is located near the center, and samples having an abundance of 

D- and L-phenylalanine are located on the left and right, respectively.  The loadings for 

the third and final principal component are plotted in Figure 8.3b and indicate that the 

entire wavelength range is important for modeling the data set.  The Y validation 

variance curve (Figure 8.3c) increases slightly from PCs 3 to 4, thus three principal 

components are recommended for the model.  Combined, these three PCs are able to 

explain 99% of the spectral variation and 83% of the variation in Y (class membership).  

In the influence plot (Figure 8.3d), sample six has a high residual.  However, when taken 

out, the quality of the model suffered. 

 Next, the independent set of ten prediction samples for phenylalanine and IL 2 

from Chapter Seven was used to validate the constructed model.  The classification 
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results are provided in Table 8.1.  Not only were the classifications 100% correct, but the 

model was able to easily select the correct class for each sample, as demonstrated in the 

plot of predicted Y with deviations (Figure 8.4).  As previously discussed samples with a 

predicted Y value of 0.5 or above are said to belong to a particular class, while a 

predicted Y value below 0.5 means the opposite.  The deviations in the plot do not come 

close to the line at 0.5, which suggests each class is well described by the calibration 

samples. 

 Given the success of the trial experiment, it was decided to conduct an experiment 

using an extended set of samples with enantiomeric compositions spanning the extreme 

range.  This is unlike previous studies which have involved the entire range of 

enantiomeric compositions.  The experiment was designed to determine whether samples 

containing 99% and above of one enantiomer could be distinguished from the other 

samples.  The spectra for the 56 samples are shown in Figure 8.5 from 233–346 nm.  

Four consecutive calibration models were constructed leaving out eight samples each for 

later classification.  The overview for the first PLS–DA classification model is shown in 

Figure 8.6.  The scores plot (see Figure 8.6a), in general, reveals segregation of samples 

according to the two classes (above 99% and below 99% of D-isomer).  The Y validation 

variance curve (Figure 8.6c) suggests nine principal components.  The loadings for the 

ninth principal component are plotted in Figure 8.6b.  Combined, the nine PCs are able to 

explain over 99% of the spectral variation and 90% of the Y variation.  In the influence 

plot (Figure 8.6d), none of the samples have an unusually high residual or leverage.  The 

other PLS–DA models are very similar to the first model in all respects. 
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Figure 8.3.  PLS–DA overview for preliminary model with phenylalanine/IL 2 in methanol: (a) scores plotted along the first two PCs; 
(b) loadings for the third and final PC as a function of wavelength (237–413 nm);  [Note: three PCs are able to explain 99% of the 
spectral variation and 83% of the variation in PMI.] (c) Y validation variance curve plotted as a function of PCs; (d) influence plot 
(sample residual X-variances plotted against sample leverages). 
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Table 8.1.  PLS–DA classification results for independent samples of  
5 mM phenylalanine and 30 mM IL 2 in methanol  

 
Sample Reference (%D) Above 50% D Below 50% D Correct 

Classifications (%) 
1 3.67 X  
2 5.11 X  
3 15.1 X  
4 24.4 X  
5 31.2 X  
6 46.2 X  
7 64.6 X  
8 71.8 X  
9 81.5 X  
10 91.7 X  

    100 
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Figure 8.4.  Plot of predicted Y with deviations designating which samples have an 
excess of the L-isomer of phenylalanine. 
 
 

The independent sample spectra were submitted for classification to validate the 

model.  The classifications were 97% correct.  These results are provided in Table 8.2.  

Only one of the 32 samples was incorrectly classified.  In addition to the incorrectly 

classified sample, only three other samples had deviations that crossed the 0.5 line in the 

predicted with deviations plots in Figure 8.7.  When the deviation crosses the line at 0.5, 

this signifies some doubt associated with the classification.
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Figure 8.5.  UV spectra of all 56 samples containing 2 mM phenylalanine and 12 mM IL 2 in methanol with varying enantiomeric 
compositions of phenylalanine; 233–346 nm. 
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Figure 8.6.  PLS–DA overview for model with phenylalanine/IL 2 in methanol: (a) scores plotted along the first two PCs; (b) loadings 
for the ninth and final PC as a function of wavelength (233–346);  [Note: nine PCs are able to explain over 99% of the spectral 
variation and 90% of the variation in PMI.] (c) Y validation variance curve plotted as a function of PCs; (d) influence plot (sample 
residual X-variances plotted against sample leverages). 
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Table 8.2.  PLS–DA classification results for independent groups 
of samples of 2 mM phenylalanine and 12 mM IL 2 in methanol 

 
Group Sample Reference (%D) Above 

99% D
Below 
99% D 

Correct Classifications (%) 

1 1 100 X   
 6 99.8 X   
 15 98.9  X  
 23 98.6 Xa   
 28 98.3  X  
 37 95.1  X  
 45 91.1  X  
 53 60.2  X 88 

2 5 99.8 X   
 8 99.6 X   
 17 98.8  X  
 29 98.2  X  
 38 94.2  X  
 44 91.1  X  
 49 79.8  X  
 56 40.5  X 100 

3 4 99.9 X   
 13 99.0 X   
 14 98.9  X  
 24 98.4  X  
 33 97.1  X  
 43 92.0  X  
 48 80.8  X  
 54 50.5  X 100 

4 7 99.7 Xb   
 12 99.1 X   
 16 98.8  Xb  
 20 98.6  Xb  
 27 98.3  X  
 36 95.2  X  
 42 92.1  X  
 52 60.5  X 100 

Total     97 
aSample is misclassified; bClassification has deviation that crosses the 0.5 line. 
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Figure 8.7.  Plots of predicted Y with deviations for each of the independent prediction 
sets designating which samples have an excess of the L-isomer of phenylalanine.  The 
circled (solid line) sample is the only sample to be misclassified, while the other three 
circled samples (dotted line) are correctly classified but have deviations that cross the 0.5 
line. 
 

Conclusions 
 
 In a preliminary experiment, samples were divided at 0% excess of one 

enantiomer of phenylalanine, and a classification model was constructed using the PLS–
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DA algorithm.  The results obtained with this model were very encouraging (100% 

correct classifications for a set of ten independent samples).   

 A follow-up experiment was conducted involving 56 samples having a range of 

40–100% of one enantiomer with the goal of classifying samples having 99% or above of 

the enantiomer of interest.  The results from this experiment were likewise impressive, 

giving 97% correct classifications for 32 independent samples.   

 This study demonstrates that samples can be classified as to whether they meet a 

predetermined metric regarding enantiomeric impurities and with excellent accuracy.  

Future studies should be aimed at classification schemes with lower threshold limits, for 

example 99.9%.  It is intended that the described method be employed as part of a quality 

control regime which could augment other more quantitative methods already utilized. 
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Figure A.1.  Regression overview of the initial cross-section model: (a) Scores plotted along the first three PCs with colors denoting 
the month to which the samples belong; (b) loadings for the forth and final PC as a function of wavelength; (c) Y validation variance 
curve plotted as a function of principal components; and (d) plot of predicted versus measured values.   
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Figure A.2.  Complete set of raw reflectance spectra of the surface of bone samples having different postmortem intervals. 
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Figure A.3.  Regression overview of the initial surface model: (a) Scores plotted along the first three PCs with colors denoting the 
month to which the samples belong; (b) loadings for the forth and final PC as a function of wavelength; (c) Y validation variance 
curve plotted as a function of principal components; and (d) plot of predicted versus measured values. 
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Figure A.4.  Plots of predicted Y with deviations for months (a) one, (b) two, and (c) three. 
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Figure A.5.  1H NMR of IL 2.
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Figure A.6.  Spectral data for the surface study.  The data from 1450 nm is plotted as a 
function of (a) time in days and (b) log of time.
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