
 
 
 
 
 
 
 

ABSTRACT 
 

Studies on Regression Modeling of Spectral Data as a Means of Chiral Analysis 
 

Jemima Rose Ingle, B.A.  
 

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

 The enantiomeric composition of samples was determined using spectroscopy and 

multivariate regression modeling.  Partial least-squares (PLS-1) regression models were 

developed from the spectral data of solutions containing both enantiomers in varying 

ratios.  The developed regression models were used to predict the enantiomeric 

composition of unknown validation samples.  The predictive ability of the models was 

evaluated in terms of the root mean square absolute error and the root mean square 

percent relative error. 

 To address the issue of enantiomeric compositions higher than 0.9, a study was 

conducted using a large number of samples of phenylalanine and β-cyclodextrin in the 

upper percentile range, varying from 90-100%. Validation studies with these samples 

gave absolute errors of 0.0217.   

 In order to study the effects of varying the analyte concentration, two compounds 

were studied at five concentration levels.  Three analyses were performed for each 

compound.  One analysis used only the raw spectral data, one analysis included the 

concentration as a variable, and one analysis utilized the normalized spectra.  Solutions of 



phenylalanine and β-cyclodextrin resulted in a best absolute error of 0.0316 for the 

normalized spectral data.  Solutions of norephedrine and β-cyclodextrin resulted in a best 

absolute error of 0.0367 for the raw data.  Finally, the spectral data can be used to predict 

the concentration, the predicted concentration used to normalize the data, and the new 

normalized data used to predict the enantiomeric composition with an absolute error of 

less than 0.06 for both compounds. 

 Two simple sugars were tested for their use as chiral auxiliaries.  Validation 

studies with fructose gave absolute errors of 0.0211 (2-octanol) and 0.0308 

(phenylalanine); validation studies with glucose gave an absolute error of 0.0184.  A 

comparison study between NIR and UV-visible spectral ranges yielded much poorer 

results in the NIR (absolute error 0.298) than in the UV-visible (absolute error 0.0308).   

 Finally, a comparison study of 2-octanol and α-methylbenzylamine with and 

without a chiral auxiliary was completed.  These results varied widely based on solvent 

and concentration.  Modeling studies with impurities did not resemble the spectral 

behavior of real samples. 
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CHAPTER ONE 
 

Introduction 
 
 

Chirality  
 

 Every preschooler learns early on that you cannot put a left shoe on a right foot.  

Thus, the concept of chirality is familiar, although the term may not be known.  Chirality 

in the chemical sense refers to molecules that lack a plane of symmetry, i.e., chiral 

molecules are not superimposable on their mirror images.1-10 Like shoes and gloves, 

chiral molecules come in pairs, referred to as enantiomers, from the Greek enantio, 

meaning “opposite.”  These isomers fall under the heading of stereoisomers, in that they 

differ only in terms of their spatial arrangement.  An example of enantiomers, in this case 

an amino acid, is shown in Figure 1.1.  

 

 
 

Figure 1.1.  A pair of enantiomers. (Reproduced with permission from reference 11. 
Copyright Mullen 2006) 
 
 
 In 1813, the French scientist Jean Baptiste Biot discovered that the vibration plane 

of linearly polarized light, or light that has been passed through a polarizer so that its 

waves oscillate in a single plane, is rotated by a quartz plate cut vertically to the main 

axis of the crystal.  Some crystals exhibited clockwise, or dextrorotatory, rotation; these 
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are designated d and the rotation is given a positive sign (+).  Others exhibited 

counterclockwise, or levorotatory, rotation; these are designated l and the rotation is 

considered negative (-).  In 1815, Biot expanded his discovery to liquids; he found that 

certain liquid or dissolved organic compounds, including turpentine, camphor, sugar, and 

tartaric acid, would also rotate the plane of polarized light.  Thus, the field of organic 

stereochemistry was born.  This ability to rotate plane polarized light was termed optical 

activity, and molecules with this property were deemed optically active. 

 In the 1860s, Louis Pasteur subsequently recognized the relationship, in crystals, 

between symmetry and rotatory power, through a series of experiments with a number of 

optically active compounds, most notably tartaric acid.  Recrystallization of sodium 

ammonium tartrate below 28°C yielded two distinct kinds of crystals.  Pasteur 

meticulously sorted the crystals of tartaric acid, using a microscope; the two groups of 

crystals were mirror images of each other.  Solutions made from each group of crystals 

were not only optically active, but each specific rotation was equal in magnitude but 

opposite in sign.  From this, Pasteur concluded that the origins of the rotatory power of 

pairs of mirror images lie in an asymmetric grouping of the atoms, or “dissymétrie 

moléculaire.”12  The next major breakthrough came in 1874 when van’t Hoff proposed 

the tetrahedral arrangement of the carbon atom.  Not only did this proposal explain the 

number of observed isomers for various carbon structures, but it also predicted the 

existence of non-superimposable, mirror image isomers, or enantiomers.    

 The word chirality, meaning handedness, is derived from the Greek word stem 

χειρ-, or hand-.  Any object with a mirror image that is different, or non-superimposable, 

from the original object is said to be chiral.  These objects will lack the elements, such as 
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a plane, center, or axis, of symmetry.  Objects that do exhibit symmetry and whose mirror  

images are superimposable are termed achiral.  The most common cause of chirality in 

organic molecules is the presence of four different substituents on a carbon atom.  Such a 

carbon atom is termed a stereogenic carbon, a stereocenter, or a chiral center.  The 

number of possible stereoisomers is related to the number of stereocenters; n numbers of 

stereocenters within a molecule will result in 2n possible isomers. 

 As mentioned above, pairs of chiral molecules are termed enantiomers.  

Enantiomers are structurally identical, and have the same physical properties such as 

densities, boiling and melting points, solubility, dipole moment, and refractive indices.  

Likewise, the chemical properties of enantiomers are identical, and enantiomers undergo 

similar reactions except when reacting with other chiral molecules.  Diastereomers are 

stereoisomers that are not mirror images of each other.  For a molecule with two 

stereocenters, four isomers are possible.  Of these, there are two pairs of enantiomers and 

four pairs of diastereomers.  This is illustrated in Figure 1.2.  Notice that if the 

configuration of the two stereocenters is opposite at both points, then the pair is 

enantiomeric; if the stereocenters differ in configuration at only one point, the pair is 

diastereomeric.  As opposed to enantiomers, diastereomers can have different physical 

properties, such as melting points, densities, refractive indices and solubility. 

 A mixture that contains both enantiomers in equal proportions is termed racemic 

or a racemate.  The optical rotation of the two compounds cancels out each other and the 

net rotation is 0°.  In addition to this, racemic mixtures can have differing physical 

properties, such as melting point and solubility, from both of the enantiomers.   
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Figure 1.2.  Relationship between enantiomers and diastereomers.8 
 
 
Nomenclature of Chiral Compounds   

 The beginnings of enantiomeric nomenclature can be found in the study of 

carbohydrates.  This work was spearheaded by the work of Emil Fisher around the turn of 

the 20th century, who also developed the Fisher projection method of two-dimensional 

representation.  Degradation to gylceraldehyde (the simplest aldose sugar) from a 

naturally occurring sugar gave the dextrorotatory (+) enantiomer; these sugars were 

termed D.  Degradation to glyceraldehyde from some synthetic sugars gave the 

levorotatory (-) enantiomer; these were termed L.  As developed, this nomenclature 

depends upon the position of the functional group –OH relative to the lowest chiral 

carbon in a Fisher projection.  This labeling, however, does not take into account the 

optical rotation of the molecule, and so D and L are not synonymous with d and l.  For 
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instance, D-glyceraldehyde is dextrorotatory, while D-fructose is levorotatory.  Although 

by convention many optically active compounds, such as carbohydrates, hydroxy acids 

and amino acids, are still labeled using the D,L-nomenclature, the system has some 

inherent drawbacks, specifically, the confusion between D / L and d / l and the inability to 

determine the number of chiral centers from the name.   

 A new nomenclature system was developed by Cahn, Ingold, and Prelog13  in 

order to address these disadvantages.  This new system, R,S-nomenclature, is based on 

priority assignments of the groups around the stereogenic center.  The substituents are 

assigned a priority based on the Cahn-Ingold-Prelog (CIP) sequence rules, which are as 

follows: 

 A.  Higher atomic number is given priority 

 B.  Higher atomic mass is given priority 

 C.  Cis is prior to trans 

 D.  Like pairs, i.e. R,R or S,S, are prior to unlike pairs, i.e. R,S or S,R 

 E.  Lone-pair electrons are assigned the atomic number 0 

 F.  Multiple-bonded atoms are considered as an equivalent number of singly  

  bonded atoms 

 Using these rules, the groups around the stereogenic center are ordered, 1>2>3>4, 

with 4 being the lowest priority group.  The molecule is then oriented such that the lowest 

priority group (4) points away from the viewer.  The remaining three groups are then 

connected in order of priority, 1→2→3.  If this connection runs clockwise for the viewer, 

the molecule is designated R, from the Latin rectus.  If this connection runs 

counterclockwise, the molecule is designated S, from the Latin sinister.  A descriptor R or 
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S, for each chiral center, is then placed in front of the name of the structure.  This is 

illustrated in Figure 1.3.  Here, the four groups are placed in order of decreasing priority, 

in this case, Br > Cl > F > H.  The hydrogen is then oriented away from the viewer, and 

the other groups connected.  The enantiomer on the right runs clockwise; its proper name 

is (R)-bromo(chloro)fluoromethane.  The enantiomer on the left connects 

counterclockwise; it is properly named (S)-bromo(chloro)fluoromethane.  Figure 1.4 

shows this same process for a more complicated molecule.  Here, since two groups both 

begin with a carbon atom, the assignment of priority is made by comparing the second 

atom in the group.  Thus, the ethyl group has a higher priority than the methyl group.  

The compound on the right is thus (S)-2-butanol, and the compound on the left is (R)-2-

butanol. 

 

 
Figure 1.3.  Illustration of CIP sequence rule.8 
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Figure 1.4. Illustration of CIP sequence rules for 2-butanol.8 
 
 
Importance of Chiral Molecules 

 It would be hard to overstate the importance of chirality not only to chemistry, but 

to life itself.  Because of their inherent specificity, chiral molecules are often involved in 

biological processes; they are ideal for enzymatic recognition and other selective 

processes.  Biologically active molecules also include insecticides, herbicides, flavors, 

fragrances, and food additives.  Chiral biopolymers contained in living organisms include 

amino acids, proteins, hormones, steroids, and even DNA (deoxyribonucleic acid).  Many 

of these are stereospecific; for instance, humans usually synthesize and use only D-

carbohydrates and L-proteins.    

 Chirality is important to many industries, as well.  As many pesticides and 

herbicides are chiral, the agricultural industry is concerned with the effects of these chiral 

compounds, both practically and environmentally.14  The two forms of these molecules at 



 

 

8

times differ in their insecticidal and herbicidal effects.  For example, for 2-

phenoxyproprionic acid groups of agrochemicals, the herbicidal properties nearly always 

lie with the R- enantiomer.  Also, one form may persist longer in the environment than 

the other, with serious potential ecological impact.  Food, flavor and cosmetic industries 

are also influenced heavily by chirality.  Optical isomers can have very different tastes 

and smells; often one form is sweet while the other is bitter.  The S enantiomer of 

limonene has a lemon flavor, while the R enantiomer has an orange flavor.  Similarly, D-

amino acids typically have sweet tastes, and L-amino acids are bitter.  These differences 

in taste and flavor that occur can be attributed to the taste receptors on the tongue, which 

are chiral.  The diastereoisomerically related complexes that result cause different 

sensations and as a result, different messages are sent to the brain. 

 Perhaps the most pressing, and heavily researched, area of chiral interest lies with 

the pharmaceutical industry.  Many drugs are chiral molecules and often exhibit 

stereospecific binding to receptor sites.  The pharamacological activity of a pair of 

enantiomers can vary widely.  In some instances, all the pharmacological activity may 

reside in one enantiomer and not the other.  Examples of this include ibuprofen, a non-

steroidal anti-inflammatory drug; the S-enantiomer is therapeutically effective, but the R-

enantiomer is not.  In rare cases, such as with the antihistamine promethazine, the 

enantiomers have identical qualitative and quantitative activity.  Other pairs of 

enantiomers exhibit similar activity but in varying potencies.  In some cases, each 

enantiomer will exhibit a different therapeutic effect.  One example is propoxyphene; the 

(+)-enantiomer acts as an analgesic agent, whereas the (-)-enantiomer has no analgesic 

properties, but acts as a cough suppressant.  At times, these differing therapeutic effects 
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can be advantageous.  For example, (R)-indacrinone is a diuretic, however, it has a 

common undesirable side-effect of uric acid retention.  The (S)-enantiomer, though, 

promotes uric acid secretion, thereby lessening the side-effect of the (R)-enantiomer.   

 The most problematic scenario, however, occurs when one enantiomer is 

biologically active, while the other is toxic and/or fatal.  A prime example of this is the 

drug thalidomide.  The drug was prescribed as an anti-nausea agent for pregnant women 

in the 1960s.  Tragically, it was later found that while the R-enantiomer is indeed 

effective as a sedative, the S-enantiomer is teratogenic, causing fetal abnormalities and 

birth defects.  Because the drug had been administered as a racemic mixture, thousands of 

children suffered.15-16  Other examples of drugs with one enantiomer exhibiting 

undesirable side-effects are shown in Figure 1.5. 

 Because of the seriousness of the potential problems, the pharmaceutical industry 

has responded by developing single-enantiomer drugs.  Whereas in the early 1990s, 

around 20% of new drugs were comprised of a single enantiomer, by 2002 almost 75% of 

new drugs contain only one isomer.  In addition to this, many drugs that were previously 

marketed as racemates are now being developed as single-enantiomer drugs; this process 

is termed the racemic switch.17-18  Figure 1.6 shows the distribution for 1990, 1995, and 

2000 of approved drugs based on their chiral nature.  Note the overall decrease in racemic 

mixture drugs and the simultaneous increase in single-enantiomer drugs.  Given this 

emphasis on the chiral composition of drugs and the increased pressure by government 

agencies for proper documentation of drug composition and enantiomeric effects, both 

the separation of enantiomers and the determination of enantiomeric excess are of great 

interest to companies that make, develop, sell and test pharmaceuticals. 
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Figure 1.5. Examples of chiral drugs, where one enantiomer exhibits undesirable or toxic 
side effects.9 
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Figure 1.6  Distribution of worldwide approved drugs according to chirality character 
(1990,1995,2000).17 

 
 

Methods of Chiral Analysis 

 Traditional methods of chiral analysis fall into two main categories: chiroptical 

methods, in which the analyte interacts with incident polarized electromagnetic radiation, 

and methods that depend on the formation of diastereomers.  Chiroptical methods include 

polarimetry, optical rotatory dispersion (ORD), circular dichroism (CD), and vibrational 

circular dichroism (VCD).   

 Of these, polarimetry is the earliest developed analytical technique for chiral 

analysis and has been widely used for the determination of enantiomeric composition.3,19   

Polarimetry measures the optical rotation, or the angle by which plane-polarized light is 

rotated when it passes through an optically active molecule.  (See Figure 1.7)  In ordinary 

visible light, electromagnetic vibrations occur in all directions perpendicular to the 

direction of propagation.  Plane-polarized light is light that has passed through a device 

that absorbs all electromagnetic vibrations except those in one particular plane.  Such a 
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device is known as a polarizer.  After passing through a solution containing an optically 

active sample, the plane of polarized light will be rotated by some angle, α.  The light 

then passes through a second polarizer which functions as an analyzer.  The analyzer 

prism is rotated until the light is transmitted, giving the optical rotation of the solution.  

   

   
 
Figure 1.7.  Typical schematic of a polarimeter. (Reproduced with permission from 
reference 77 Copyright 2003 Dennis Henry Rabbe) 
 
 
 The optical rotation of a chiral compound is governed by the following equation: 

 [ ]
cl

T αα λ
100

=  (1.1) 

where [α]λT is the specific rotation at a given temperature and wavelength, α is the 

observed optical rotation in degrees, T is the temperature in degrees Celsius, λ is the 

wavelength, l is the cell path length in decimeters, and c is the concentration in grams per 

100 ml solution at the temperature T.  Since enantiomers rotate plane-polarized light in 

opposite directions, the optical purity of a sample can be determined using Equation 2. 

 [ ]
[ ]maxα
α

=P  (1.2) 
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Here, [α] refers to the specific rotation in degrees of the sample in question, and [α]max 

refers to the specific rotation in degrees of the pure enantiomer. 

 Although polarimetry is a straightforward and time-tested approach, it is not 

always accurate.  The calculation of optical purity is only as sound as the value used for 

the specific rotation of the pure enantiomer.  Sources of errors associated with 

polarimetry include concentration dependence, nature of the solvent, purity of the 

solvent, temperature, and molecular self-association.  Despite its convenience and 

popularity, polarimetry is limited as a means of determining enantiomeric composition in 

that 1) accurate knowledge of the optical rotation of the pure enantiomer is necessary, 2) 

relatively large sample sizes are required, 3) small differences are hard to detect unless 

the sample has high optical rotatory power, 4) isolation of the chiral substances without 

contamination can be problematic, and 5) accuracy depends on variable conditions such 

as temperature, solvents, and traces of impurities. 

 Optical rotatory dispersion (ORD) plots optical rotation of a sample as a function 

of wavelength.  Thus, whereas polarimetry measured the rotation of plane-polarized light 

for one wavelength, ORD measures this rotation for several wavelengths.  If the sample 

does not absorb, the ORD spectrum changes monotonically over the wavelength range.  

However, for samples that do absorb, if the chiral center and the chromophore are 

structurally adjacent (this is known as a chirophore) then anomalous rotations are seen in 

the ORD spectrum.  This behavior is referred to as the Cotton effect.  The Cotton effect 

occurs in the wavelength range where the sample absorbs, and it is superimposed on the 

plain curve.  This is illustrated in Figure 1.8.  Although in simple cases the height of the 
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extrema can be used for quantitative measurements, ORD is not extensively used because 

it lacks specificity and because the baseline is difficult to define. 

 

Figure 1.8  Typical ORD curves. a, plain ORD curve, b, ORD curve with a single Cotton 
effect3 
 
 
 Circular dichroism (CD) is defined as the differential absorbance of left and right 

circularly polarized light.20-22  Linearly polarized light, as discussed before, refers to light 

that has vibrations only in a single plane.  If two electromagnetic waves are linearly 

polarized in perpendicular planes, the resulting wave is additive by vector addition.  If 

these two waves oscillate in phase, the result is another linearly polarized wave that is in 

a plane 45° with respect to the planes of the component waves.  However, if the two 

waves oscillate out of phase, the resulting vector is circularly polarized.  Here, from any 

point along the line of propagation, the resulting electric field vector rotates in a circle 

around the point with a fixed length.  This is illustrated in Figure 1.9.  Note the 90° phase 

shift between the two waves.  Also notice that the approaching wave will be observed as 

a spiral, rotating counterclockwise with time.  This resulting spiral is also shown in 

Figure 1.10.23  Both left and right circularly polarized light are possible; selection 

depends on the initial phase shift. 
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Figure 1.9.  Illustration of polarized light; a, linear polarized light; b, circular polarized 
light; c, elliptical polarized light (Reproduced with permission from reference 23.  
Copyright 2006 Carl R. Nave) 
 
 
 When light passes through an optically active substance, the right and left 

circularly polarized rays travel at different speeds and are absorbed to a different extent.  

The difference between these absorbances is circular dichroism.  This differential 

absorbance can be related to the molar absortivity through the following equations: 

 
L

R
RL I

IAAA 10log=−=Δ  (1.3) 

 A
lc
Δ=Δ

1ε  (1.4) 

 Sample CD curves are shown in Figure 1.11.  Here, the ellipticity of the ellipse 

resulting from this differential absorbance is plotted against wavelength.  Because CD is 

measuring an absorbance, the data conform to Beer’s Law and the spectrum scales with 

enantiomeric purity.  CD is the most sophisticated of the chiroptical methods, and has 

been shown to be more sensitive and more accurate in determining enantiomeric purity 

than polarimetry and ORD, particularly for analytes with low angles of rotation.24  
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Figure 1.10.  Circularly polarized light.  (Reproduced with permission from reference 23. 
Copyright 2006 Carl R. Nave) 
 
 

 

Figure 1.11. Typical CD curves with a single Cotton effect3  
 
 
 Vibrational circular dichroism, or VCD, simply extends CD into the infrared 

region and near-infrared region.25-26,96  VCD is particularly useful in the determination of 
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absolute configuration of a molecule through a priori conformational analysis.  VCD has 

some advantages over CD, including the greater number of transitions that can be 

observed in the infrared and also because VCD does not require the presence of a 

chromophore. 

 Other methods of chiral analysis depend upon the conversion of enantiomers to 

diastereomers via chiral auxiliary agents.  These techniques include nuclear magnetic 

resonance (NMR), mass spectrometry, capillary electrophoresis, and chromatography.  

Figure 1.12 depicts this diastereomeric formation between the chiral auxiliary and the 

analyte.  The chiral auxiliary is a homochiral entity; therefore, when it pairs with 

enantiomers, corresponding diastereomers are formed.  Diastereomers have different 

physical and chemical properties, and so they can be recognized, discriminated, or 

separated.

 

Figure 1.12.  Shematic representation of diastereomeric formation between enantiomers 
and chiral auxiliary agent.  (Reproduced with permission from reference 10.  Copyright 
2003 Sayo Fakayode) 
 
 
 Enantiotopic nuclei relax at the same rate; therefore, unmodified NMR cannot 

differentiate between enantiomers.  NMR can however discriminate between 
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diastereomers.27-28  Chiral auxiliaries for NMR include chiral shift regents and chiral 

solvating reagents, which form complexes in situ with the analyte, and chiral derivatizing 

agents, which are used to form discrete diastereomers prior to the NMR analyis.  NMR 

has also recently been used to determine absolute configuration of compounds.29-31  One 

consideration in using NMR as a tool for chiral analysis is that the molecules must have a 

singlet proton that can be probed. 

 Capillary electrophoresis (CE) separates analytes based on differences in 

electrophoretic mobility; these differences cause the sample ions to migrate at different 

velocities in the electrophoretic buffer in the capillary.  As compared to other techniques, 

CE has high resolving power, consumes less sample, solvent, and chiral auxiliary, and 

has high flexibility.  Here, the chiral auxiliary is usually added to the buffer to form 

diastereomers, which will result in differences in the electrophoretic mobilities and 

migration velocities.  In addition to this, chiral auxiliaries may be coated on the wall of 

the capillary; this technique is a hybrid of CE and high-performance liquid 

chromatography (HPLC); the separations here are due both to partitioning along the 

capillary wall and the interactions within the buffer.32-33 

 Chromatographic methods comprise some of the most prominent chiral separation 

techniques.34-36  Typically, two approaches are used.  A direct approach uses a chiral 

derivatizing agent to form diastereomers, and the resulting isomers are analyzed using an 

achiral column.  This approach can be more useful in determining optical purity, since the 

elution can be predetermined.  The indirect approach uses a chiral auxiliary in either the 

mobile phase or the stationary phase.  The analyte forms transient non-covalent 

diastereomeric complexes with the chiral selector.  Because diastereomers have different 
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boiling points and volatilities, they can be separated by gas chromatography (GC).  

Likewise, differences between diastereomers will also result in differential partitioning 

between the mobile phase and the stationary phase in HPLC.  In addition, mass 

spectrometry is often coupled with GC or HPLC in chiral analysis techniques.37-38 

 A typical chiral separation is illustrated in Figure 1.13.  One enantiomer will bind 

more tightly to the chiral stationary phase than the other enantiomer.  The isomer with the 

stronger interaction is more highly retained and will elute slower than the other isomer 

with weaker interactions. 

 

Figure 1.13  Diagram of a chiral column illustrating enantiomeric separation.8  
 
 
Cyclodextrins 

 Figure 1.14 shows a common chiral stationary phase for HPLC.  In this case, the 

chiral selector is a molecule known as cyclodextrin (CD).3,34  Cyclodextrins are 

homochiral, barrel-shaped macrocyclic sugars, made of varying numbers of D-glucose  
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Figure 1.14  Diagram of a bonded cyclodextrin stationary phase.3   
 
 
units.  These units are bonded through α-(1,4)-glycosidic linkages.   The isolation of 

cyclodextrins was first reported in 1891 by A. Villiers.  They are formed from the 

bacteriological digestion of starch, particularly by the microorganism Bacillus macerans, 

followed by enzymatic coupling of the glucose units into the toroidal structure.  

Cyclodextrins are named based on the number of glucose units they contain.  The three 

naturally occurring cyclodextrins are α-cyclodextrin, with six glucose units, β-

cyclodextrin, with seven, and γ-cyclodextrin, with eight.    As the number of glucose 

units varies, so does the size of the cavity.  The three forms have the same cavity depth 

but varying diameters, yielding various cavity volumes.  Cyclodextrins can also be 

modified by the addition of various groups onto the outer rims of the molecule.  This is 

often done to overcome the low solubility of the native CDs or to adjust for larger organic 

molecules.  Figure 1.15 gives the structures of the three native cyclodextrins as well as a 

modified cyclodextrin.  Table 1.1  lists some physical properties of α-, β-, and γ-

cyclodextrin. 

 The interior of the cyclodextrin cavity is hydrophobic, while the exterior of the 

molecule is hydrophilic.  The interior also has a high electron density, due to the non-

bonding electron pairs on the bridging oxygens.  Cyclodextrins have been used 

extensively as complexing agents with a wide variety of molecules.  The varying cavity  
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Figure 1.15  Chemical structures of cyclodextrins and their derivatives.  (Reproduced 
with permission from reference 34.  Copyright 2003 Marcel Dekker) 
 
 
sizes and dual hydrophilic/hydrophobic nature are able to accommodate different kinds of 

analytes.  Additionally, the guest/host ratio for the analyte and cyclodextrin can vary; α- 

CD and β-CD usually form with a 1:1 ratio, while γ-CD often will accommodate two 

guest molecules in its larger cavity.  Cyclodextrin complexation has been shown to result 

from van der Waals interactions between hydrophobic portions of the guest and the 
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interior of the cavity, hydrogen bonding between polar functional groups of the guest and 

the hydroxyl groups of the CD, release of high energy water molecules from the cavity, 

and the release of strain energy in the ring frame system of the CD.39-43   

 
Table 1.1.  Physical properties of native cyclodextrins.3 

 

CD Glucose 
units 

Molecular 
mass 

External 
diameter 

(Å) 

Internal 
diameter 

(Å) 
Depth (Å) 

Water 
solubility, 

M 

α-CD 6 973 13.7 5.7 7.8 0.114 

β-CD 7 1135 15.3 7.8 7.8 0.016 

γ-CD 8 1297 16.9 9.5 7.8 0.179 

 
 

Fundamentals of Spectroscopy 

 Spectroscopy refers to the use of the interaction of an analyte with 

electromagnetic radiation for structural identification or quantification.44-47  These 

interactions may result in emission, when radiation is given off after an analyte is 

exposed to thermal or electrical energy, fluorescence, when emitted radiation is generated 

after exposure to electromagnetic radiation, and absorption, where the radiation is 

decreased in power as a result of its interaction with the analyte.  These methods are  

classified according to the region of the electromagnetic spectrum that they utilize.  The 

electromagnetic spectrum is shown in Figure 1.16. 

 Electromagnetic radiation can be described as both a wave phenomenon and as a 

particle, or discrete packets of energy.  As a wave, electromagnetic radiation can be 

pictured as an electric field undergoing sinusoidal oscillations in space.  Like other 

transverse waves, this radiation can be described in terms of wavelength, frequency, 
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velocity, amplitude, and period.  The amplitude (A) is the length of the vector at a 

maximum in the wave, or simply the height.  The period (T) of the wave is the time 

required for one cycle of maxima and minima to pass through a fixed point.  The 

wavelength (λ) is the linear distance between peaks or troughs and is usually measured in 

centimeters or nanometers (10-9 meters).  The wavenumber (ν~ ) is defined as the number 

of waves per centimeter; it is equal to 1/λ.  By definition, ν~  has units of reciprocal 

centimeters (cm-1).  The frequency (ν) is the number of oscillations per second; this is 

measured in reciprocal seconds, or Hertz (Hz).   

 Frequency and wavelength are related via the speed of light in a vacuum, 

according to the following equation: 

 λν=c  (1.5) 

where c is the speed of light (m/s), ν is frequency (Hz), and λ is the wavelength (m).  The 

frequency of the radiation can also be related to the energy associated with that segment 

of the spectrum by Equation 6: 

 νhE =  (1.6) 

where E is the energy of a photon (joules), and h is Plank’s constant (6.625 x 10-34 Js).  

Notice from these equations that frequency, and in turn wavenumber, is proportional to 

energy.   

 As Figure 1.16 indicates, on the high energy end of the electromagnetic spectrum 

are gamma rays and X-rays.  These have high frequencies and correspondingly short 

wavelengths.  Absorption of energy in this region usually results in a change of nuclear 

configuration or electronic distribution, such as a transition between an inner shell and a 

higher atomic orbital.  Ultraviolet and visible rays have moderate energy; these also cause 
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electronic transitions within the molecule.  Infrared and microwave waves do not possess 

enough energy to induce electronic transitions within the molecule; absorption of these 

rays causes molecular vibrations (infrared) and rotations (microwave).  Low energy, low 

 

Figure 1.16. Electromagnetic radiation spectrum (Reproduced with permission from 
reference 44.  Copyright 1994 Saunders College) 
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frequency radiation including radio waves cause spin transitions within the nuclei.  Each 

portion of the electromagnetic spectrum has a particular chemical application.  

Crystallography utilizes X-rays to determine structure, infrared waves are used to identify 

functional groups, and radio waves are used in NMR to also determine structure. 

 The ultraviolet region of the spectrum falls between 190-400 nm; the visible 

region falls between 400-800 nm.  Within the visible region, the spectrum consists of 

seven different colors (red, orange, yellow, green, blue, violet, and ultraviolet).  The 

associated wavelengths and frequencies of these colors are shown in Table 1.2.   

 The energy associated with the ultraviolet and visible regions is large enough to 

affect the energy states of the electrons occupying the molecular orbitals within the 

molecule.  Absorption of energy in this region causes electrons in the low energy ground 

state to move to an excited state of higher energy.  This is illustrated in Figure 1.17.  

Although several possibilities exist, the most probable transition is from the highest 

occupied molecular orbital (HOMO) to the lowest unoccupied molecular orbital 

(LUMO).  Because the energy required to promote an electron is quantized, that is, of a 

specific magnitude, it might be expected that the absorption bands would be very narrow 

and sharp.  However, in practice broad bands are observed.  This is due to the overlay of 

vibrational transitions over the electronic transition.  The promotion of an electron is 

actually from a vibrational energy level in the ground state to one of several vibrational 

levels in the excited state.  This gives overlapping lines that appear as a continuous band. 

(See Figure 1.18) 

 This excitation of valence electrons as a result of absorption of UV-visible 

radiation typically results in three types of electronic transitions:  1, involving sigma (σ), 
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pi (π), and non-bonding (n) electrons; 2, charge-transfer transitions; and 3, d→d 

electronic transitions.  Transitions involving a σ→σ* and π→π* occur when a bonding 

electron from a sigma or pi bond is promoted to a corresponding sigma and pi anti-

bonding orbital.  Compounds that have only single bonds, such as alkanes, can only have 

σ→σ* transitions.  These transitions usually take place below 200 nm; this indicates that a 

large amount of energy is required to make this transition.  Compounds such as alkenes, 

alkynes, and aromatics that have double bonds, and therefore pi electrons, are capable of 

undergoing π→π* transitions.  These transitions occur at longer wavelengths, as they 

require less energy.  The transition of n→π* occurs when a molecule has both pi electrons  

(double bond) and a lone pair of electrons, especially on atoms such as oxygen, nitrogen, 

 
Table 1.2. Divisions of the ultraviolet and visible spectral regions.44 

 

Regiona Wavelength range, nm 

Vacuum – ultraviolet 10-200 

Near- ultraviolet 200-380 

Violet (yellow-green) 400-435 

Blue (yellow) 435-480 

Blue-green (orange) 480-490 

Green-blue (orange-red) 490-500 

Green (purple) 500-560 

Yellow-green (violet) 560-580 

Yellow (blue) 580-595 

Orange (green-blue) 595-650 

Red (blue-green) 650-750 
aThe first color listed is absorbed and the color in parentheses is the observed, or 
transmitted, color. 
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Figure 1.17 Bonding and antibonding energy transitions (Reproduced with permission 
from reference 45.  Copyright 1996 John Wiley) 
 
 

 
Figure 1.18  Electronic transitions between vibrational energy levels (Reproduced with 
permission from reference 45.  Copyright 1996 John Wiley) 
 
 
and sulfur.  This type of transition is commonly seen with carbonyl and carboxylic 

compounds.  This transition requires even less energy and is seen at longer wavelengths.  

These types of unsaturated functional groups that induce these transitions are known as 

chromophores.  The presence of more than one functional group can greatly change the 

wavelength that a single chromophore absorbs.  Some groups increase the intensity of the 

absorptions; this is known as a hyperchromic effect.  Others decrease the intensity, 

causing a hypochromic shift.  Shifts to longer wavelengths are known as bathochromic or 



 

 

28

red shifts, while shifts to shorter wavelengths are known as hypsochromic shifts.  The 

wavelengths at which isolated chromophores absorb are shown in Table 1.3.   

 
Table 1.3.  Transitions of typical chromophores45 

 

Chromophore Typical 
compound 

Electronic 
transition λmax (nm) ε (m2 mol-1) 

-C ═ C -  Ethene π→π* 180 1300 

- C ═ O Propanone π→π* 185 95 

  n→π* 277 2 

- Ph Benzene π→π* 200 800 

   255 22 

- N ═ N -  Azomethane n→π* 347 1 

- N ═ O Nitrosobutane n→π* 665 2 

 
 
 Molecules that are conjugated have delocalized electrons over the π system.  The 

energy of absorption is lower for these compounds, and subsequently, lambda max (λmx) 

occurs at longer wavelengths in the visible region.  Highly conjugated molecules are thus 

often colored.   

 Energy transfers can sometimes occur in the d-electrons of transition metals.  

When transition metals are linked to organic ligands, very intense colors can result 

because of simultaneous d→d, n→π*, and π→π* transitions occurring.  Charge transfer 

can occur when an electron occupying a sigma or pi orbital in the ligand is transferred to 

an unfilled orbital of the metal and vice versa.  These can also produce highly colored 

compounds. 
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 The absorbance of a species at a given wavelength is linearly proportional to the 

amount or concentration of absorbing molecules.  This relationship is known as the Beer-

Lambert Law, or Beer’s Law.  It is represented by the following equation: 

 lC
I
I

A ε=⎟
⎠
⎞

⎜
⎝
⎛= 0log   (1.7) 

where A is the absorbance, I0 is the intensity of the light incident upon the sample cell, I 

is the intensity of light leaving the sample cell, ε is the molar absorptivity (Lmol-1cm-1), C 

is the molar concentration of the sample (mol/L), and l is the length of the sample cell 

(cm).  A common use of Beer’s Law is to determine the concentration of an unknown by 

first preparing a series of solutions with known concentrations.  These are known as 

standards.  The absorbance of each standard at the maximum absorbance wavelength 

(λmax) is then plotted against the known concentration.  This plot of A versus C is linear 

for substances obeying Beer’s Law.  The concentration of the unknown can then be 

calculated using the curve and the absorbance of the unknown at λmzx.   

 Beer’s Law is typically well-obeyed at low concentrations.  Deviations from 

Beer’s Law can occur at times.  Instrumental processes can cause deviations as a result of 

noise or fluctuations in electric power.  Stray light hitting the detector without passing 

through the sample can also lead to deviations from Beer’s Law.   Chemical deviations 

can occur if the absorbing species has different forms in equilibrium or if there is some 

association between solute and solvent.  Fluorescence can also cause chemical deviations 

from Beer’s Law. 

 A typical UV-visible spectrometer is made up of the following components: 1, a 

stable radiant energy source; 2, a wavelength selector; 3, a sample container; 4, a 

detector; and 5, signal processor and readout device.  Light sources commonly used in the 
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UV region are the hydrogen lamp, deuterium lamp, or xenon lamp.  For the visible 

region, tungsten lamps are commonly used.  The wavelength selector is typically a 

monochromator.  A monochromator usually employs a diffraction grating; the grating 

spreads the beam of light into its component wavelengths.  The desired wavelength is 

then isolated by a slit.  Sample cells can be made of plastic or glass; however, use in the 

UV region requires that cells be made of quartz or fused silica.  Different pathlengths and 

shapes are possible, but the most common are rectangular in shape and 1-cm wide. 

 Detectors are used to convert the radiation signal into an electrical signal.  The 

intensity of the electrical signal must be proportional to the intensity of the radiation 

signal.  Common detectors include phototubes and photomultiplier tubes.  A phototube 

consists of a cathode and a semi-circular wire anode sealed inside an envelope.  When 

light strikes the cathode surface, which is covered in a layer of photoemissive material, 

electrons are emitted.  These electrons are collected by the anode, producing a current, 

which can then be measured.  A photomultiplier tube is similar to a phototube, but much 

more sensitive.  Here, dynodes are used in succession to amplify the signal. 

 Diode-array detectors are fast replacing photomultiplier tubes.  Here, a series of 

photodiode detectors are positioned side by side on a silicon chip.  Each diode records a 

narrow band of the spectrum.  When placed along the length of the focal plane, all 

wavelengths can be monitored simultaneously.  The advantages of a diode array detector 

include speed, lack of moving parts, and easy output to a computer.  There is a loss of 

resolution, however.  Readout devices are commonly analog or digital meters, recorders, 

printers, and video display terminals. 
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 Two configurations are typically used for spectrometers.  Using a single beam 

configuration, the light passes through from the monochromator through a narrow slit and 

then through the sample cell.  In this configuration, the blank must be taken prior to any 

sampling.  The spectrum of the blank is subsequently subtracted from all the spectra that 

follow, until a new blank is taken.  In a double beam configuration, the light coming from 

the monochromator is split into two beams.  One goes through the sample; the other goes 

through a second cell containing the blank (i.e. the solvent).  This is known as the 

reference beam.  The light coming from the sample is then compared with the reference 

beam, and the differential absorbance is recorded.  Double beam instruments are not 

affected by drift in the lamp source, and they do not require the lamp to be pre-warmed.  

However, single-beam spectrometers are generally cheaper. 

 
Chemometrics and Multivariate Regression Modeling 

 Chemometrics refers to the application of statistical methods and modeling to 

chemical data.48-53  Chemical instrumentation has developed to such a point that very 

large amounts of data can be generated in a relatively short amount of time.  While the 

quests to improve instrumentation and collect even more data continue, still, it remains to 

the analytical chemist to make sense of the enormity of available information.  

Established statistical techniques have enormous potential to shed light on previously 

unusable data, to find correlations between reported results, and to aid in interpretation.  

Although chemometrics began to be widely used in the near-infrared, it has now been 

applied to other regions of the electromagnetic spectrum, to atomic absorption, and to 

chromatographic data.  In particular, chemometrics is often used to correlate 

compositional changes in a test set of samples with small spectral changes. 
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 The two broad categories of chemometric analysis are regression calibration and 

pattern recognition.  Regression calibration involves the creation of a model to describe 

experimental data with a mathematical relationship between independent variables such 

as temperature or spectral data and a response or dependent variable, such as 

concentration, impurity, yield, etc.  The regression model seeks to either confirm a 

theoretical relationship between the variables or predict a response from discrete data and 

few measurements.  In should be stressed that in multivariate regression modeling no 

calibration curve is used. 

 Univariate linear regression calibration utilizes a regression model developed 

from a single independent variable.  A Beer’s Law calibration curve is an example of a 

univariate regression model.  Here, the absorbance at a single wavelength (the 

independent variable) is plotted against concentration of the species (the dependent 

variable).  This is a linear relationship, described by the following equation: 

 xbby 10 +=  (1.8) 

where y is the dependent variable, x is the independent variable, b0 is the y-intercept, and 

b1 is the slope.  Although there are many applications in analytical science for univariate 

calculations, still, multi-component analyses are becoming increasingly popular.  

Multivariate linear regression (MLR), principal component regression (PCR), and partial 

least-squares regression (PLS) are often employed to handle multiple independent 

variables.  (It should be noted that the term “independent variable” is not being used in 

the statistical sense, as these variables are often highly correlated.)  Multivariate linear 

regression seeks to develop a regression model that relates the dependent variable y with 

multiple independent x variables.  If Equation 8 represents the linear relationship for a 
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univariate regression, then a multivariate regression model would take the following 

form: 

 nn XbXbXbXbbY +⋅⋅⋅++++= 3322110
ˆ  (1.9) 

where Ŷ is the predicted parameter of interest (such as enantiomeric composition), Xi are 

the measured variables (such as spectral data), and bi are the regression coefficients.  

Regression modeling is the process of determining a set of regression coefficients that 

will successfully predict the parameter of interest from the measured variables. 

 To describe the process in more detail, principal component analysis (PCA) will 

be used as an example.  For a data set with p variables, a p-dimensional coordinate 

system is required to represent the data.  For visualization purposes, consider a data set 

with 3 variables, so that p = 3.  Plotted on an XYZ coordinate system, the data set will 

resemble a swarm of points.  This hypothetical data swarm is shown in Figure 1.19.  

Notice the line drawn through the area of maximum variance; this is known as the first 

principal component (PC1).  A second line is then drawn, orthogonal to the first, that cuts 

through the data swarm in the direction of the next largest variance.  This line is known 

as the second principal component (PC2).  Additional principal components can be 

drawn, each orthogonal to each other and representing successive amounts of variance in 

the data; an example with three PCs is shown in Figure 1.20.  The principal components 

can then be used as a new coordinate system on which to plot the data.  This gives two 

main benefits.  The first is the removal of colinearity in the data.  Whereas the variables 

in the original space may have been functions of each other, since the PCs are all 

orthogonal, they are mathematically independent.  The second benefit is a reduction in 

the dimensionality of the coordinate space needed to represent the data.  Plotting the data 
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on the new coordinate system yields what is known as a scores plot.  Scores plots are 

often useful because they can reveal relationships among samples.   

 

Figure 1.19.  Hypothetical data swarm plotted on an XYZ coordinate system; First 
principal component shown.  (Reproduced with permission from reference 53. Copyright 
2006 Elsevier) 

 
 

 
 

Figure 1.20.  Hypothetical data swarm plotted on an XYZ coordinate system; Three 
principal components shown. (Reproduced with permission from reference 53. Copyright 
2006 Elsevier) 

 
 

 Although a PCA can have as many principal components as there are variables in 

the original data (or one less than the number of samples, whichever is smaller), it is not  
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always necessary to use them all.  This is illustrated in Figure 1.21.  Although four PCs 

were calculated, only PC1 and PC2 are needed to represent the data.  By eliminating the 

others, the variable space has been decreased, making visualization of the data easier. 

 

Figure 1.21.  Plot of unexplained variance as a function of the number of principal 
components in the model. (Reproduced with permission from reference 53. Copyright 
2006 Elsevier) 

 
 

 Multivariate linear regression relates the independent data, such as spectral data 

for a set of samples, with the dependent data through matrix algebra.  However, MLR is 

less effective if there is colinearity, excessive noise, or interferences in the independent  

data, or if the data matrix is not square, i.e. more variables than samples.  Principal 

component regression seeks to address the issue of colinearity by performing a PCA on 

the data matrix.  Still, a flaw exists for both of these regression techniques, in that only 

the independent variables are used to determine the principal components.  It is possible, 

however, that the maximum variations in the x variables are do not correlate with the y 

parameter that is being predicted, but that other smaller variations do correlate. 

 Partial least-squares regression also involves the creation of a new orthogonal 

coordinate system, but in this instance, both the x and y data are used to create the 
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components.  In this case, the axes of the new coordinate system are known as partial 

least-squares (PLS) components.  By utilizing the y data in the creation of the PLS 

components, PLS regression is able to focus on the variation in the x data that directly 

relates to the parameter of interest. 

 Multivariate regression modeling is a two-stage process, illustrated in Figure 1.22.  

The first phase, or calibration phase, involves a set of representative calibration samples  

 

Figure 1.22.  Diagram of regression modeling. a, calibration phase, b, validation phase. 
(Reproduced with permission from reference 53. Copyright 2006 Elsevier) 

 
 

with known values of the parameter of interest, or y variable.  (In these studies, the y 

variable is enantiomeric composition.)  Data for the x variables is then collected for the 

calibration samples.  (The x variables in these studies are spectral data.)  The x and y data 
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are then combined to form the multivariate regression model.  The goal of any 

multivariate regression model, though, is prediction.  In the second, or validation, phase, 

the model is combined with new x data from an independently prepared set of validation 

samples in order to predict the y variable (Ŷ).  This predicted y can be compared to the 

known values of y to assess the error of the prediction. 

 
Previous Studies 

 Although the methods of chiral analysis discussed all have been successful over a 

wide range of applications, they nevertheless have inherent drawbacks.  Some are 

expensive, some slow, some inadequately sensitive or require large amounts of sample.  

With this in mind, recent work in this laboratory has focused on developing a new 

technique for chiral analysis that is fast, cheap, and requires little sample, without greatly 

sacrificing sensitivity.54-58   Given the success of guest-host chemistry in chromatography 

and electrophoresis, it was postulated that the same chiral auxiliaries used in these 

techniques could be used to form transient, diastereomeric inclusion complexes with 

enantiomers in solution.  These interactions could induce small changes in the NIR, UV-

visible, or fluorescence spectrum.  Although very small, these changes could then be 

correlated with enantiomeric composition of the sample using chemometric techniques, 

in particular, partial least-squares regression.   

 Initial work utilized native cyclodextrins as the chiral auxiliary.  Although the 

initial intention was to use the NIR region of the spectrum, this proved problematic as 

this region did not model well.  Moving the region of interest into the UV-visible region 

was more successful.  In the first published paper, several pairs of enantiomers were 

studied, including 2-phenylglycine, tartaric acid, glycidyl butyrate, aspartic acid, 
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phenylalanine, and arabinose.  Each of these was added to a 30 mM solution of β-

cyclodextrin, buffered at pH 12.  Samples were prepared by varying the enantiomeric 

composition, but allowing the total concentration to remain constant.  The UV-visible 

spectrum of each sample was recorded, and a partial least-squares regression analysis was 

performed on the spectra.  The regression model was then used to predict samples in an 

independently prepared test set.  In the case of 2-phenylglycine, the model correctly 

predicted the enantiomeric composition of the unknown samples with a percent relative 

error of 3%.  The other compounds gave similar results. 

 The next study focused on comparing results for the three native cyclodextrins, α-

CD, β-CD, and γ-CD.  In this case, molecules of pharmaceutical interest were studied, 

including ibuprofen and norephedrine.  Again, samples were prepared with a fixed 

concentration of chiral auxiliary (7.5 mM) and a fixed concentration of analyte (7.5 mM), 

but with varying enantiomeric compositions.  The samples were again buffered, this time 

at pH 11.  The samples were analyzed using UV-visible spectroscopy, and partial least-

squares regression models were developed for the standards.  The models were used to 

predict the enantiomeric composition of the test set samples, with varying degrees of 

success.  Ibuprofen yielded excellent results with all three native CDs, with γ-CD giving 

the best error by a margin and α-CD giving the worst error.  The norephedrine results 

were not as excellent, but still quite good.  Again, all of the CDs performed well, with β-

CD and γ-CD nearly identical, and α-CD slightly worse. 

 The next phase of the study involved modified cyclodextrins and their ability to 

form inclusion complexes with guest molecules of pharmaceutical interest, including 

ephedrine, norephedrine, norepinephrine-L-bitartrate, and tryptophan methyl ester.  In this 
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study, the ratio of CD to guest was kept at a 2:1 ratio.  These samples, however, were 

prepared in water without a buffer.  As in the previous studies, the analyte and the CD 

concentration remained constant; only the enantiomeric composition of the samples 

varied.  The samples were analyzed by UV-visible spectroscopy, and the spectra were 

analyzed using a partial least-squares analysis.  In this study, the errors varied widely on 

the type and size of the modified CD used.  For instance, norepinephrine-L-bitartrate gave 

good results for the hydroxypropyl-α-cyclodextrin, but much worse results for the 

hydroxypropyl-γ-cyclodextrin.  None of the carboxymethyl-CDs performed as well as the 

native CDs, with the carboxymethyl-γ-cycldextrin peaking at a root mean square percent 

relative error of 59.6%.  For the other compounds, the ideal chiral selector varied by 

compound.  In general, the hydroxypropyl modified CDs had the worst error, but even 

this was variable across kinds of compounds and type of CD. 

 A fourth study sought to use this technique for determining enantiomeric 

composition using fluorescence spectra instead of UV-visible.  The analyte in this case 

was phenylalanine, and both β-CD and γ-CD were used as the chiral auxiliary.  The 

initial analyte concentration in this case was 3.75 mM.  In subsequent trials, the 

concentration of the analyte was allowed to drop to 1.88 mM, 0.938 mM, and 0.469 mM.  

The samples were prepared using a fixed concentration of analyte and a fixed 

concentration of CD.  The fluorescence spectrum of each sample was taken, and a partial 

least-squares regression model was performed on the spectra.  The PLS regression model 

was used to predict the enantiomeric composition of independent test sets.  The results in 

this case were good to excellent, with RMS%RE ranging from 1.3% to 4.0%, even given 



 

 

40

the reduction in concentration.  This study demonstrated both the viability of the 

technique using fluorescence and the greater sensitivity that fluorescence gives. 

 Finally, a study was conducted that investigated the effect of an achiral surfactant 

with mixed cycldextrins.  For this study, the samples were N,N’-bis-(α-methylbenzyl) 

sulfamide (BMBS) and tryptophan methyl ester hydrochloride.  The study used UV-

visible absorption spectroscopy to analyze the samples.  The concentration of the samples 

in this study was lower- 3.75 mM.  Also, a water / ethanol mixture was used as the 

solvent.  In this case, the different chiral auxiliaries tested had a dramatic effect on the 

predictability of the model.  For the BMBS, one host molecule gave an error of 52.2%, 

while another gave 6.1%.  This study also explored mixing cyclodextrin host molecules, 

both with and without a surfactant.  All of these situations were only marginally 

successful.  Increasing the solubility of the CD chiral auxiliary did not substantially 

improve the inclusion complex formation.  Also, using mixed CDs reduced the predictive 

ability of the regression model. 

 Despite the evident success of the described technique, there are limitations that 

could hinder the technique’s usefulness in practical applications.  One of these is the 

limitation of keeping the analyte concentration constant.  Real world samples are likely to 

vary in concentration as well as in enantiomeric composition.  Another limitation is the 

use of the entire range of mole fractions, from 0.1 – 0.9.  Many real world situations 

would require the determination of enantiomeric purity of a sample that is 90% or more 

one enantiomer.  The effectiveness of the technique in the upper percentile range is 

worthy of consideration.  Other issues that merit attention include the choice of chiral 
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auxiliary, the use of absolute versus relative error, the number of samples needed for an 

adequate prediction, and the selection of the test set samples. 

 In these and other studies presented in this work, the overriding goal is an 

increased understanding of this technique of multivariate regression modeling for the 

determination of enantiomeric purity.  By pushing the limits of the procedure, we hope to 

gain further insight into the technique as a whole and its usefulness in application. 
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CHAPTER TWO 
 

Upper Percentile Range 
 
 

Introduction and Rationale 
 
 Although previous studies involving regression modeling of spectral data have 

been tested and found successful for various compounds and conditions, these studies 

were conducted using an extended range of mole fraction of one enantiomer (e.g. 0.1R–

0.9R), or in some cases where only the racemate and one enantiomer were available, 

using the range from the racemate to the pure enantiomer (e.g. 0.5S–1.0S).  In some 

cases, it was apparent that the regression models performed better around the middle of 

the range and worse at the extremes.  Table 2.1 illustrates this; the absolute and relative 

errors obtained in previous studies of various compounds are listed with examples both in 

the mid-range and the upper range.  Notice that the error is sometimes significantly 

higher in the upper range.  This is particularly undesirable in light of the potential uses of 

the technique.  If, as hoped, this technique can be used for screening of various 

compounds, including pharmaceuticals, it will be necessary for the results to be accurate 

in the high percentile range (e.g. 0.90R–0.99R).  Furthermore, the most obvious uses for 

the technique involve the assessment of enantiomeric purity, and many cases will not 

involve a sample that is 60% one enantiomer and 40% the other, but rather a sample that 

should be 100% one enantiomer and is contaminated with the other.  Thus, the accuracy 

of the technique was investigated in the upper percentile range from 90 - 100%. 
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Table 2.1.  Comparison of absolute and relative errors obtained in previous studies of 
various compounds 

 

Test  Compound 
Actual  
Mole 

Fraction 

Predicted 
Mole 

Fraction 

Absolute 
Error 

% Relative 
Error 

D-tartaric acid + α-CD10 0.460 0.434 -0.026 -5.7 

D-tartaric acid + α-CD10 0.920 0.828 -0.092 -10 

1S,2R-(+)-norephedrine 
+α-CD55 0.620 0.614 -0.006 -1 

1S,2R-(+)-norephedrine 
+α-CD55 0.892 0.989 0.097 11 

1S,2R-(+)-norephedrine 
+ methyl-β-CD10,56 0.620 0.626 0.006 1 

1S,2R-(+)-norephedrine 
+ methyl-β-CD10,56 0.892 0.935 0.043 4.8 

2-octanol + β-CD 0.555 0.558 0.003 0.541 

2-octanol + β-CD 0.911 0.816 -0.095 -10.4 

 
 

Errors 
 
 The test of any regression model is its ability to accurately predict the 

enantiomeric composition of future samples.  Assessing this ability, however, is 

sometimes problematic.  Previous studies have utilized the percent relative error, as 

defined in Equation 1, as the primary means of evaluation.   

 

 100
Reference

ReferencePredicted
∗⎟⎟
⎠

⎞
⎜⎜
⎝

⎛ −
 (2.1) 

 
As these studies have progressed, it has become increasingly clear that the percent 

relative error is at times misleading.  This is due in part to the fairly limited range of 

possible values.  Whereas in many studies the value in question may fall within a large, 
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possibly infinite, range of potential values, in these studies, the values in all cases fall 

between 0 and 1.  The absolute error then translates directly into the error in percent D or 

L, e.g. an absolute error of 0.05 means that a sample predicted to be 80% D might vary 

5% in either direction.  Also, use of the relative error favors samples that have higher 

mole fractions.  The predicted values of two samples may have the same absolute error, 

but the one with a higher actual mole fraction will have a lower percent relative error, 

although this does not indicate that this sample is more correct.  This is illustrated in the 

Table 2.2, featuring previously reported results.  Previously, a linear regression would be 

calculated twice for the same set of samples, once predicting one enantiomer and a 

second time predicting the other.  It became apparent, however, that this is not necessary.  

Notice in Table 2.2 that although these errors are calculated using different models, the 

absolute error for each sample is the same.  It is only the percent errors that differ.  Also, 

this table might seem to indicate that the S- model performs better, since it has a smaller 

percent relative error.  However, this is only because the reference values of the samples 

are higher when expressed as mole fraction of (S)-limonene versus mole fraction of (R)-

limonene.  Thus, the contention here is that this differentiation is not meaningful and that 

the absolute error is a better metric for evaluating the merits of the predicted values.  

Consequently, both the absolute and the relative error will be reported, although the 

absolute error will be given preference.  For both kinds of error, the prediction capability 

of the model is evaluated by calculating the root-mean-square of the error value, with the 

following equation 

 
n

i∑=
2)Error(

Error RMS  (2.2)  

 
where Errori is the error for the ith sample, and n is the number of samples in the test set.  
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Table 2.2. Numerical results of the predictions for limonene R and S enantiomers. 
Values reported are in mole fractions (Reproduced with permission from reference 77. 

Copyright 2003 Dennis Henry Rabbe) 
 

R-Limonene 
Sample Predicted Reference Abs. Error % Error 

1 0.46 0.48 -0.02 4 
2 0.81 0.78 0.03 4 
3 0.43 0.44 0.00 0 
4 0.16 0.12 0.03 30 
  Avg. 0.02 10 
     

S-Limonene 
Sample Predicted Reference Abs. Error % Error 

1 0.54 0.52 0.02 4 
2 0.19 0.22 -0.03 10 
3 0.57 0.57 0 0 
4 0.85 0.88 -0.03 3 
  Avg. 0.02 4 
     

 
 
 During the course of these studies, it has also become apparent that these studies 

require a greater number of samples in the calibration set to reduce error and result in 

better predictions.  Also, the process of using calibration samples that covered the entire 

range in regular intervals and validation samples that were designed to fall between them 

was deemed artificial.  Where previous studies may have used ten or eleven samples in 

the calibration phase and four to seven separate samples in the validation phase, newer 

studies prepare anywhere from twenty to ninety samples.  A random number generator is 

then used to select samples to be left out of the model; these function as the validation 

samples.  Although conceivably this methodology could result in somewhat larger errors, 

for example, if the samples randomly selected were clustered in a particular area, it is 

considerably less contrived and a better indicator of the overall abilities of the technique. 
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Materials and Methods 
 
 Enantiomerically pure D-phenylalanine, L-phenylalanine, and β-cyclodextrin were 

obtained from Aldich Chemical Co.  A stock solution of 15 mM β-cyclodextrin (β-CD) 

was made by weighing the solid reagent, dissolving it in deionized water, transferring it 

to a 1 L volumetric flask and diluting to the mark.  Stock solutions of 7.5 mM D- and L-

phenylalanine were prepared by weighing the enantiomers and dissolving them in the 

stock β-CD solution in a volumetric flask.  A set of sample solutions was prepared by 

pipetting different ratios of the two phenylalanine solutions.  Thus, the test samples 

contained a fixed concentration of β-cyclodextrin and a fixed total phenylalanine 

concentration, while the enantiomeric composition varied.  Ninety-eight solutions were 

prepared, with mole fractions of D-phenylalanine ranging from 0.900 to 0.998 in 0.001 

increments, plus the stock D-phenylalanine solution and excluding 0.931, 0.997, and 

0.999.  (These were excluded because of a shortage of stock solution.) 

 The UV/Visible spectra of the solutions were recorded over two days with a 

Hewlett-Packard photodiode array spectrophotometer (Model 8455) over the wavelength 

range from 190-1100 nm.  A 1.0-cm pathlength, small volume quartz cell was used.  The 

stock β-cyclodextrin solution was used as the blank.   

 The mean-centered spectral data were subjected to multivariate analysis using The 

Unscrambler 7.6 (CAMO, Inc., Corvallis, OR).  Partial least squares regression (PLS-1) 

was performed on the spectral data using full cross-validation.  A random number 

generator was used to select 20 samples to function as a test set.  The regression models 

in each case were developed without these 20 samples, and the models were then used to 

predict the enantiomeric composition of the test set.  The predicted values were then 
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compared with the known values as a measure of the predictability of the model.  A 

second and third test set of 20 samples were also randomly selected and analyzed in a 

similar fashion.  

 
Results and Discussion 

 
 The entire spectra of all ninety-eight solutions of D- and L-phenylalanine with β-

cyclodextrin in water are shown in Figure 2.1.  Figure 2.2 shows the expanded spectra of 

the solutions over the wavelength range from 225-285 nm.  This wavelength range 

includes the most pronounced spectral variation and is part of the range of wavelengths 

used in the regression model. 

 Figure 2.3 contains the summary of the regression analysis for the phenylalanine 

and β-cyclodextrin spectral data.  Figure 2.3a is the scores plot; the numbers shown 

represent the last two digits of the sample’s mole fraction of D-phenylalanine (e.g. “83” is 

the sample with φ = 0.983).  It can be seen that the first PLS component explains 99% of 

the variation in the spectral data (x-variable), but only 3% of the variation in the  

enantiomeric composition (y-variable).  The second PLS component explains 1% of the 

variation in the spectral data, while the explained variation in enantiomeric composition 

jumps to 49%.  Although not specifically shown, the next 11 PLS components explain an 

additional 38% of the variation in the enantiomeric composition (see Figure 2.3c).  From 

the residual variance plot (Figure 2.3c), it is estimated that 13 PLS components are 

needed to represent the data.  The plot of predicted versus measured values is shown in 

Figure 2.3d; this PLS-1 model has a regression correlation coefficient of 0.9447, a slope 

of 0.8924, and an offset of 0.1022. 
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Figure 2.3.  Summary of regression results for D-phenylalanine and β-cyclodextrin: a, 
scores plot; b, regression coefficients as a function of wavelengths; c, residual variance as 
a function of the number of PCs; d, plot of the mole fraction of D-phenylalanine predicted 
by the model versus the known values.  
 
 
 As with any regression analysis, the true test of its performance is its ability to 

predict unknown samples.  Table 2.3 lists the prediction results for the first random set of 

twenty samples of D-phenylalanine and β-cyclodextrin.  It should be noted that these 

samples were not included in the model used to predict them.  Both absolute and percent 

relative errors are included, along with the root mean square value for the test set.  The 

root mean square value for the absolute error was found to be 0.0173, ranging from a 

minimum absolute error of 0.004 to a maximum of 0.031.  The root mean square percent 

relative error was found to be 1.82%.  The results for the second two test sets are found in 

Table 2.4.  For Test Set #2, the root mean square value for the absolute error was found 

to be 0.0239, ranging from a minimum absolute error of 0.005 to a maximum of  

(d) 

(a) (b) 

(c) 
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Table 2.3. Absolute and percent relative errors obtained for D-phenylalanine and             
β-cyclodextrin – Test Set # 1 

 

Test Set # 1 

Actual φ of          
D-phenylalanine 

Predicted φ of       
D-phenylalanine  Absolute error Percent relative 

error 

0.907 0.936 0.029 3.20 

0.908 0.917 0.009 0.991 

0.916 0.931 0.015 1.64 

0.927 0.958 0.031 3.34 

0.946 0.970 0.024 2.54 

0.949 0.959 0.010 1.05 

0.953 0.960 0.007 0.734 

0.955 0.971 0.016 1.68 

0.959 0.943 -0.016 -1.67 

0.967 0.976 0.009 0.931 

0.968 0.946 -0.022 -2.27 

0.971 0.964 -0.007 -0.721 

0.973 0.953 -0.020 -2.06 

0.977 0.970 -0.007 -0.716 

0.983 0.979 -0.004 -0.407 

0.985 0.973 -0.012 -1.22 

0.988 0.972 -0.016 -1.62 

0.990 0.983 -0.007 -0.707 

0.994 0.971 -0.023 -2.31 

0.996 0.972 -0.024 -2.41 

RMS Value  0.0173 1.82 
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Table 2.4. Absolute and percent relative errors obtained for D-phenylalanine and  
β-cyclodextrin – Test Set # 2 and # 3 

 
Test Set # 2 Test Set # 3 

Actual  
φ of      

D-PA 

Pred.     
φ of     

D-PA 

Absolute 
error 

Percent 
relative 

error 

Actual  
φ of      

D-PA 

Pred.     
φ of     

D-PA 

Absolute 
error 

Percent 
relative 

error 

0.913 0.918 0.005 0.548 0.905 0.907 0.002 0.221 

0.922 0.946 0.024 2.60 0.911 0.909 -0.002 -0.220 

0.927 0.957 0.030 3.24 0.914 0.926 0.012 1.31 

0.928 0.916 -0.012 -1.29 0.923 0.938 0.015 1.63 

0.936 0.972 0.036 3.85 0.925 0.932 0.007 0.757 

0.940 0.949 0.009 0.957 0.927 0.960 0.033 3.56 

0.943 0.978 0.035 3.71 0.930 0.995 0.065 6.99 

0.946 0.970 0.024 2.54 0.933 0.945 0.012 1.29 

0.952 0.946 -0.006 -0.630 0.935 0.946 0.011 1.18 

0.955 0.973 0.018 1.88 0.938 0.939 0.001 0.107 

0.961 0.941 -0.020 -2.08 0.940 0.955 0.015 1.60 

0.972 0.984 0.012 1.23 0.955 0.984 0.029 3.04 

0.976 0.941 -0.035 -3.59 0.958 0.956 -0.002 -0.209 

0.978 0.944 -0.034 -3.48 0.959 0.945 -0.014 -1.46 

0.980 0.935 -0.045 -4.59 0.971 0.973 0.002 0.206 

0.983 0.965 -0.018 -1.83 0.972 0.998 0.026 2.67 

0.984 0.975 -0.009 -0.915 0.973 0.959 -0.014 -1.44 

0.990 0.979 -0.011 -1.11 0.975 0.965 -0.010 -1.03 

0.995 0.977 -0.018 -1.81 0.985 0.970 -0.015 -1.52 

0.996 0.974 -0.022 -2.21 0.987 0.974 -0.013 -1.32 

RMS Value 0.0239 2.50   0.0208 2.21 

 
 
 



 

 

53

0.045.  The root mean square percent relative error for this test set was found to be 

2.50%.  Test Set # 3 gave a root mean square absolute error of 0.0208, with a minimum 

absolute error of 0.001 and a maximum of 0.065.  The root mean square percent relative 

error was determined to be 2.21%.  Test Set # 3 did have one anomalous sample, 0.930; 

this was by far the most erroneous predicted value of all three test sets.  It is unknown 

why this sample predicted poorly.  However, since the sample was not identified as an 

outlier, it is appropriately left in the results.   

 So then, the three test sets gave a combined average root mean square absolute 

error of 0.0217 and a combined average root mean square percent relative error of 2.17%.  

There is an apparent trend in the prediction results.  The errors are typically positive for 

lower mole fraction samples and negative for higher mole fraction samples.  This trend, 

although not absolute, is seen in all three test sets.  This would seem to indicate that the 

regression model is skewed slightly to the middle values.  The overall prediction ability 

of these regression models, however, is satisfactory.  Undoubtedly, more samples would 

result in better predictions; it is evident, however, that this technique holds up even in the 

upper percentile range when an appropriate calibration set of samples is used. 
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CHAPTER THREE 
 

Effect of Varying Analyte Concentration 
 
 

Introduction and Rationale 
 

 Although the technique of using multivariate regression modeling of spectral data 

to determine enantiomeric purity has proven successful, some of the imposed limitations 

could prove problematic for real-world application.  Specifically, in all of the previous 

studies the total analyte concentration remained constant, even as the ratio of enantiomers 

changed.  This is impractical for real-world situations where the analyte concentration is 

likely to fluctuate around an average value.   

 If the analyte concentration is allowed to vary, one can envision three potential 

methods of accounting for the variation.  The first is to ignore the variations in 

concentration, relying on the statistical analysis to sort out the variations due to 

enantiomeric composition in the presence of variations due to concentration differences.  

A second method is to include the known concentration, along with the spectral data, as a 

variable in the statistical analysis.  The third method is to normalize the spectra with 

respect to concentration.  Provided the solutions adhere to Beer’s Law, normalization 

should eliminate the variations in the spectra due to concentration differences, leaving 

only the variations due to differences in enantiomeric composition. 

 In this study, the feasibility of determining enantiomeric composition of samples 

with varying analyte concentration through multivariate regression modeling of UV-

visible spectral data was investigated.  Two compounds were studied, both using β-

cyclodextrin as a chiral auxiliary.  The first analyte studied was phenylalanine.  
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Phenylalanine is an amino acid and as such is essential for human development.  Its 

molecular structure is shown in Figure 3.1.  The L isomer is one of 20 basic structural 

units of proteins.  Phenylalanine is more hydrophobic than other amino acids; the 

delocalized π-electron cloud of its aromatic ring can interact with other π systems.59  

Phenylalanine is also a component of the artificial sweetener aspartame.  

 
Figure 3.1.  Structure of L-Phenylalanine 

 
 

 The other analyte in this study is norephedrine.  This drug, commonly known as 

phenylpropanolamine, or 2-Amino-1-phenyl-1-propanol, has two chiral centers and 

therefore four optical isomers, two of which are known as norephedrine.  This synthetic 

sympathomimetic amine is similar in structure to ephedrine and can be reduced to 

amphetamine.  As a drug, it is used as a decongestant and also over-the-counter as an 

appetite suppressant.  Although norephedrine had been approved for medicinal use, 

studies in the late 1990s indicated that use of this pharmaceutical resulted in an increased 

risk of stroke, especially in women.  Consequently, the FDA issued a health advisory in 

the year 2000 requesting drug companies to discontinue the marketing of products which 

contain any isomer of phenylpropanolamine, and it has been eliminated from most if not 

all of pharmaceuticals available today.  Interestingly, it is not currently known which 

isomer is responsible for this increased risk of stroke; it is entirely possible that one 

isomer is beneficial while the other(s) is harmful or inactive.  In the future, norephedrine 
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could potentially be marketed as a single enantiomer drug; these studies involving the 

determination of enantiomeric purity are therefore timely and appropriate.   

 
Studies With Phenylalanine 

 
Compliance with Beer’s Law 

 In order for the normalization step to be successful, the analyte must obey Beer’s 

Law, both with and without the chiral auxiliary.  Thus, solutions of L-phenylalanine in 

water and L-phenylalanine and β-cyclodextrin in water were tested for compliance with 

Beer’s Law.  Solutions of approximately 10 mM concentration were prepared both with 

and without the chiral auxiliary in deionized water.   Each of these stock solutions was 

diluted five times.  The UV-visible spectrum of each solution was recorded on a  
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Figure 3.2.  UV-visible spectra (200-300 nm) of samples containing varying 
concentrations of L-phenylalanine and 15 mM β-cyclodextrin in water (1-6).  
Concentration of L-phenylalanine: 1, 1.02 mM; 2, 3.06 mM; 3, 5.10 mM; 4, 7.14 mM; 5, 
9.18 mM; 6, 10.2 mM.  

1

2

3
4
5

6



 

 

57

Hewlett-Packard photodiode array UV-visible spectrometer (Model 8455) using a small 

volume 1.0-cm path length quartz cell over the wavelength range of 190-1100 nm.  

Deionized water was used as a blank.   

 The spectra of the six solutions of L-phenylalanine and 15 mM β-cyclodextrin in 

water are shown in Figure 3.2.  The absorbance of each solution at 230 nm, 252 nm, and 

258 nm was plotted against the known concentration.  The same was done for the 

solutions without β-cyclodextrin.  A linear regression line was drawn through each set of 

points.  The results are summarized in Figure 3.3. and Table 3.1.  Both solutions give 

excellent correlations at several wavelengths.  Notice that the slopes at each wavelength 

with and without cyclodextrin (Table 3.1) are nearly identical, but that the presence of the 

chiral auxiliary causes a distinct upward shift in the offset. 
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Figure 3.3.  Beer’s Law plots for L-phenylalanine and β-cyclodextrin in water; 
Absorbance at various wavelengths (1-3) versus concentration (mM), including linear 
regression lines. Wavelength: 1, 230 nm; 2, 252 nm; 3, 258 nm. 
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Table 3.1. Regression figures of merit for Beer’s Law plots of L-phenylalanine 
 

L-Phenylalanine in water L-Phenylalanine + β-cyclodextrin in water 

λ 
(nm) 

Regression 
coeff. Slope Offset λ 

(nm) 
Regression 

coeff. Slope Offset 

230 0.9996 0.0310 -0.0068 230 0.9975 0.0310 0.1677 

252 0.9997 0.1446 0.0065 252 1.000 0.1452 0.1538 

258 0.9989 0.1717 0.0262 258 0.9998 0.1744 0.1653 

 
  
Materials and Methods 

 
 Enantiomerically pure D-(+)-phenylalanine and L-(-)-phenylalanine and β-

cyclodextrin hydrate were obtained from Aldrich Chemical Co. and used without further 

modification.  A stock solution of 15 mM β-cyclodextrin was prepared in deionized water 

by weighing the solid reagent and diluting to volume in a volumetric flask.  Stock 

solutions of phenylalanine were prepared at five concentration levels, centered around 7.5 

mM and varying ± 20 percent, as follows:  6.011 mM (X-Low), 6.744 mM (Low), 7.507 

mM (Med), 8.233 mM (Hi), and 9.129 mM (X-Hi).  Carefully weighed quantities of the 

analyte were dissolved in the stock CD solution.  At each concentration level, solutions 

were then prepared that varied the enantiomeric composition in regular intervals; twenty 

solutions were prepared for X-Low, Low, Med and X-Hi and ten solutions were prepared 

at Hi, giving a total of 90 samples.  

 Spectra of the solutions were recorded with a Hewlett-Packard photodiode array 

UV-visible spectrometer (Model 8455) using a small volume 1.0-cm path length quartz 

cell over the wavelength range of 190-1100 nm.  Deionized water was used as a blank. 
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 The mean-centered spectral data and the normalized spectral data were subjected 

to multivariate analysis using The Unscrambler 7.6 (CAMO, Inc., Corvallis, OR).  Partial 

least squares regression (PLS-1) was performed on the spectral data using full cross-

validation.  A random number generator was used to select 20 samples to function as a 

test set; these samples were selected from all five concentration levels.  The regression 

models in each case were developed without these 20 samples.  The models were then 

used to predict the enantiomeric composition of the test set, and these predicted values 

were compared with the known values as a measure of the predictability of the model. 

 
Results and Discussion 

 
 Phenylalanine is well known to complex with β-cyclodextrin and has been studied 

by various analytical techniques.60-64 Published studies report positive evidence for the 

formation of an inclusion complex, with the guest molecule penetrating inside the cavity 

in a 1:1 ratio.65-67  This complexation is thought to be formed predominantly through 

hydrophobic interactions between the cavity and the aromatic ring of the amino acid.  

Figure 3.4 shows the UV absorption spectra obtained for solutions containing a fixed β-

cyclodextrin concentration (15 mM) and five concentration levels of phenylalanine with  

varying enantiomeric composition within each concentration level.  Note the clear 

groupings of the five concentration levels and the spectral variations within each band 

due to differences in enantiomeric composition.    

 
 Raw Data Analysis 

 In this phase of the experiment, the raw data from all concentration levels were 

used without further modification in the regression model.  Figure 3.5 shows a summary 
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 of the results of regression modeling.  Figure 3.5a shows a two-dimensional PLS-scores 

plot of the first PLS component versus the second PLS component.  Recall that scores 

plots are useful because they can often reveal relationships among samples.  The samples 

are identified by their concentration level.  Particularly note the distribution of the 

samples by their concentration level along the horizontal axis.  This would indicate that 

the first PLS component is concentration.  Although the first two PLS components 

explain only 7% of the Y-variable (in this case enantiomeric composition), the third, 

fourth, and fifth components explain 29%, 35%, and 6%, respectively, while the 

remaining components contribute an additional 20%, bringing the total explained 

variance to 97%.   

 Figure 3.5b is the plot of the regression coefficients versus wavelength.  In this 

case, some wavelengths contribute positively to the model while others contribute 

negatively.  Figure 3.5c is a plot of the residual variance as a function of the number of 

PLS components.  Here it can be seen that eight PLS components are needed in the 

model.  Figure 3.5d is the plot of predicted enantiomeric composition of phenylalanine by 

the PLS-1 regression model versus the known laboratory-prepared enantiomeric 

compositions of the calibration samples.  Here, the correlation coefficient is 0.9895, the 

slope is 0.9790, and the offset is 1.012 x 10-2. Again, a perfect model would have a 

correlation coefficient of 1, a slope of 1, and an offset of 0. 

 The test of any regression model is its ability to accurately predict the 

enantiomeric composition of future samples.  To evaluate the performance and prediction 

capabilities of the model, the absorption spectra of the test set of 20 validation samples 

were recorded over the same wavelength range and the enantiomeric compositions were 
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Figure 3.5. Summary of regression results for phenylalanine and β-cyclodextrin in water; 
raw data with no concentration information included: a, scores plot; b, regression 
coefficients as a function of wavelength; c, residual variance as a function of the number 
of PLSs; d, plot of the mole fraction of D-phenylalanine predicted by the model versus 
the known values. 
 
 
predicted from the spectral data using the regression model.  It should be noted that the 

validation samples had different enantiomeric compositions from those used to prepare 

the model in the calibration phase.  The prediction capability of the model was evaluated 

by calculating the root-mean-square of the absolute error and the percent relative error, as 

described earlier.  The results of the validation studies for the raw data analysis are shown 

in Table 3.2.  The root mean square absolute error was found to be 0.0528, and the root 

mean square percent relative error was found to be 21.8%.   

 

 

 

(a) (b)

(c)

(d)



 

 

63

Concentration as a Variable Analysis 

 In this phase of the study, the concentration was included as a variable along with 

the spectral data in the regression model.  Figure 3.6 shows the regression results 

summary for this phase.  Note again the distribution of the varying concentration levels 

along the horizontal axis in Figure 3.6a (scores plot).  In this case, the combined total of 

all of the PLS components explains 97% of the variance in enantiomeric composition.  In 

the validation phase, the same 20 samples were taken out to use as a test set, in order to 

make a consistent comparison.  The results of the validation studies for the concentration 

as a variable analysis are shown in Table 3.3.  For this analysis, the root mean square 

absolute error was 0.0410, while the root mean square percent relative error was found to 

 

 
 
Figure 3.6. Summary of regression results for phenylalanine and β-cyclodextrin in water; 
concentration included as a variable: a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PCs; d, plot of 
the mole fraction of D-phenylalanine predicted by the model versus the known values. 

 

(a)

(c)

(b)

(d)
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Table 3.2.  Relative and absolute errors obtained for phenylalanine and β-cyclodextrin in 
water, using the raw data; Wavelength range: 230-280 nm 

 
Actual φ D Predicted φ D Absolute Error % Relative Error 

0.490 0.511 0.021 4.29 

0.590 0.591 0.001 0.169 

0.690 0.660 -0.030 -4.35 

0.715 0.689 -0.026 -3.64 

1.000 1.036 0.036 3.60 

0.050 0.023 -0.027 -54.4 

0.600 0.583 -0.017 -2.83 

0.650 0.617 -0.033 -5.08 

0.700 0.663 -0.037 -5.29 

0.221 0.277 0.056 25.3 

0.293 0.325 0.032 10.9 

0.705 0.561 -0.144 -20.4 

0.080 0.128 0.048 60.0 

0.230 0.154 -0.076 -33.0 

0.380 0.362 -0.018 -4.74 

0.430 0.513 0.038 19.3 

0.530 0.556 0.026 4.91 

0.580 0.535 -0.045 -7.76 

0.930 1.005 0.075 8.07 

1.000 0.980 -0.020 -2.00 

Root Mean Square Value 0.0528 21.8 
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be 17.0%.  These results are slightly better than those from the raw data analysis, 

although not significantly so. 

 
Normalized Data Analysis 

 In this phase of the study, the spectra were normalized with respect to the 

laboratory-determined concentration.  Each absorbance value was divided by the 

concentration of that sample.  The normalized spectra are shown in Figure 3.7.  Notice 

there is still a fair amount of spectral variation.  These normalized spectra were then used 

in the regression analysis.  Figure 3.8 shows a summary of the regression results for this 

analysis.  Firstly, in Figure 3.8a, it can be seen that the distribution of the scores plot by 

concentration level has been lost.  The samples are now randomly scattered along the first 

two PLS components.  In this case, fewer PLS components are needed to explain 98% of 

the data.  Also, the regression coefficients in Figure 3.8b are smoother.  (The sharp dip is 

due to the disconnect in the wavelength range used in the model.)  The figures of merit in 

Figure 3.8d are also better.  This model has a correlation coefficient of 0.9941, a slope of 

0.9881, and an offset of 5.722 x 10-3.  The validation results for this analysis are shown in 

Table 3.4.  In this case, the root mean square absolute error drops to 0.0316, and the root 

mean square percent relative error drops to 7.34%.  For this system of phenylalanine and 

β-cyclodextrin, it is clear that normalizing the spectra provides the best predictive ability 

in determining enantiomeric composition.  This implies that the normalization process 

has eliminated differences due to concentration, leaving only the spectral differences in 

the D- and L-phenylalanine and β-cyclodextrin complexes. 
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Table 3.3.  Relative and absolute errors obtained for phenylalanine and β-cyclodextrin in 

water, concentration as a variable analysis; Wavelength range: 220-300 nm 
 

Actual φ D Predicted φ D Absolute Error % Relative Error 

0.490 0.528 0.038 7.76 

0.590 0.552 -0.038 -6.44 

0.690 0.732 0.042 6.09 

0.715 0.680 -0.035 -4.90 

1.000 0.983 -0.017 -1.70 

0.050 0.079 0.029 57.1 

0.600 0.579 -0.021 -3.50 

0.650 0.595 -0.055 -8.46 

0.700 0.674 -0.026 -3.71 

0.221 0.216 -0.005 -2.26 

0.293 0.280 -0.013 -4.44 

0.705 0.637 -0.068 -9.65 

0.080 0.112 0.032 40.0 

0.230 0.206 -0.024 -10.4 

0.380 0.393 0.013 3.42 

0.430 0.461 0.031 7.20 

0.530 0.513 -0.017 -3.21 

0.580 0.481 -0.099 -17.1 

0.930 0.928 -0.002 -0.215 

1.000 0.930 -0.070 -7.00 

Root Mean Square Value 0.0410 17.0 
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Figure 3.8. Summary of regression results for phenylalanine and β-cyclodextrin in water; 
data normalized with respect to concentration: a, scores plot; b, regression coefficients as 
a function of wavelength; c, residual variance as a function of the number of PCs; d, plot 
of the mole fraction of D-phenylalanine predicted by the model versus the known values. 
 
 
Predicting Concentration: A Chemometric Approach 

 Although normalization of the data results in the best predictive ability, even this 

step has a limitation, namely, that the concentration must be known in order to normalize 

the data.  Since these solutions obey Beer’s Law, however, it should be possible to 

calculate the concentration from the spectra themselves.  Although multivariate analysis 

is not strictly necessary for this case (a univariate calibration curve from the standard 

solutions should be sufficient), since multivariate regression is required in the second 

step, the same program was used to determine both concentration and enantiomeric 

composition.  Multivariate regression predicted the concentration of the solutions with 

outstanding accuracy (Table 3.5).  These predicted concentrations were then used, instead 

(a)

(c)

(b)

(d)
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Table 3.4.  Relative and absolute errors obtained for phenylalanine and β-cyclodextrin in 
water, normalization analysis; 223-240, 268-285 nm. 

 
Actual φ D Predicted φ D Absolute Error % Relative Error 

0.490 0.524 0.034 6.94 

0.590 0.587 -0.003 -0.508 

0.690 0.749 0.059 8.55 

0.715 0.695 -0.020 -2.80 

1.000 0.964 -0.036 -3.60 

0.050 0.039 -0.011 -22.2 

0.600 0.588 -0.012 -2.00 

0.650 0.598 -0.052 -8.00 

0.700 0.665 -0.035 -5.00 

0.221 0.230 0.009 4.07 

0.293 0.276 -0.017 -5.80 

0.705 0.647 -0.058 -8.23 

0.080 0.080 0.000 -0.175 

0.230 0.232 0.002 -0.870 

0.380 0.421 0.041 10.8 

0.430 0.461 0.031 7.21 

0.530 0.564 0.034 6.42 

0.580 0.588 0.008 1.38 

0.930 0.928 -0.002 -0.215 

1.000 1.042 0.042 4.20 

Root Mean Square Value 0.0316 7.34 
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Table 3.5. Relative errors obtained in the determination of the concentration of 
phenylalanine from the UV-visible spectral data; 220-300 nm. 

 
Actual Concentration  

(mM) 
Predicted Concentration 

(mM) % Relative Error 

6.011 6.005 -0.0998 

6.011 6.020 0.150 

6.011 6.010 -0.0166 

6.744 6.775 0.460 

6.744 6.840 1.42 

7.507 7.478 -0.386 

7.507 7.535 0.373 

7.507 7.544 0.493 

7.507 7.566 0.786 

8.233 8.213 -0.243 

8.233 8.195 -0.462 

8.233 8.268 0.425 

9.129 9.059 -0.767 

9.129 9.094 -0.383 

9.129 9.089 -0.438 

9.129 9.109 -0.219 

9.129 9.099 -0.329 

9.129 9.094 -0.383 

9.129 9.137 0.0876 

9.129 9.113 -0.175 

RMS%RE  0.507 
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of the laboratory-determined values, to normalize the spectra.  These new normalized 

spectra were then used in the validation step, using the same regression model as before 

(Figure 3.8).  The validation results for this analysis are shown in Table 3.6.  The root 

mean square absolute error was calculated at 0.0403, while the root mean square percent 

relative error was calculated at 9.92%.  These results are appropriately similar to those 

found using the standard normalization process. 

 
Conclusions 
 
 This study sought to address the limitation of constant analyte concentration in the 

determination of enantiomeric composition by chemometric analysis of spectral data.  

Three methods of compensating for varying analyte concentration were studied.  Of 

these, normalizing the data was the most successful.  However, even the raw data gave 

surprisingly good results, so depending on the level of accuracy needed, even the 

normalization step may not be strictly necessary. 

 In addition to this, samples can be successfully analyzed even when both the 

concentration and the enantiomeric composition are unknown.  Using regression analysis, 

spectral data can be used to predict the concentration, the concentration can be used to 

normalize the data, and the normalized data can then be used to predict enantiomeric 

composition, with a root mean square absolute error of less than 0.05.  In this way, we 

can overcome a major limitation of the previous studies.  

 
Studies with Norephedrine 

 
 To determine whether the results obtained with phenylalanine are general, the 

concentration study was repeated with norephedrine. 
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Table 3.6.  Relative and absolute errors obtained for phenylalanine and β-cyclodextrin in 
water, normalization using predicted concentrations; Wavelength range: 220-300 nm 

 
Actual φ D Predicted φ D Absolute Error % Relative Error 

0.490 0.499 0.009 1.84 

0.590 0.577 -0.013 -2.20 

0.690 0.758 0.068 9.85 

0.715 0.708 -0.007 -0.979 

1.000 0.978 -0.022 -2.20 

0.050 0.0349 -0.015 -30.2 

0.600 0.588 -0.012 -2.00 

0.650 0.605 -0.045 -6.92 

0.700 0.702 0.002 0.286 

0.221 0.196 -0.025 -11.3 

0.293 0.245 -0.048 -16.4 

0.705 0.584 -0.121 -17.2 

0.080 0.0821 0.002 2.68 

0.230 0.212 -0.018 -7.83 

0.380 0.378 -0.002 -0.526 

0.430 0.456 0.026 6.05 

0.530 0.549 0.019 3.58 

0.580 0.544 -0.036 -6.21 

0.930 0.902 -0.028 -3.01 

1.000 0.940 -0.060 -6.00 

RMS Value  0.0403 9.92 
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Compliance with Beer’s Law 

 The success of these experiments depends in part on whether the analyte obeys 

Beer’s Law.  The spectra of the six solutions of (-)-norephedrine in water are shown in 

Figure 3.9, along with the structure of the analyte.    The absorbance of each solution at  

 

-0.5

0

0.5

1

1.5

2

2.5

3

3.5

200 210 220 230 240 250 260 270 280 290 300

Wavelength (nm)

A
bs

or
ba

nc
e

 
Figure 3.9.  UV-visible spectra (200-300 nm) of samples containing varying 
concentrations of (-)-norephedrine in water (1-6).  Concentration of (-)-norephedrine: 1, 
1.00 mM; 2, 3.00 mM; 3, 5.01 mM; 4, 7.01 mM; 5, 9.01 mM; 6, 10.0 mM.  
 

257 nm was plotted against the known concentration.  The same was done for the 

solutions containing (-)-norephedrine and β-cyclodextrin.  A linear regression line was 

drawn through each set of points; the results are shown in Figure 3.10 and in Table 3.7.  

Both sets of solutions showed adequate correlation; this indicates that normalizing the 

spectra should be a viable means of accounting for varying concentrations. 
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Figure 3.10.  Beer’s Law plots for (-)-norephedrine in water, with and without β-
cyclodextrin; Absorbance at 257 nm versus concentration (mM), including linear 
regression lines. 
 
 

Table 3.7.  Regression figures of merit for Beer’s Law plots of (-)-norephedrine. 
 

(-)-Norephedrine in water (-)-Norephedrine + β-cyclodextrin in water
λ 

(nm) 
Regression 

coeff. Slope Offset λ (nm) Regression 
coeff. Slope Offset 

257 0.9986 0.1785 0.0348 257 0.9957 0.1735 0.1107
 
 
Materials and Methods 

 Enantiomerically pure 1R,2S-(-)-norephedrine, 1S,2R-(+)-norephedrine, and β-

cyclodextrin were obtained from Aldrich Chemical Co.  Five sets of stock solutions (each 

set consisting of one solution of each enantiomer) were prepared at various concentration 

levels, centered at 7.5 mM analyte and varying ± 20%.  Solutions were made by 

dissolving carefully weighed amounts of norephedrine in a 15 mM β-cyclodextrin 
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solution (in deionized water) using volumetric glassware.  The stock solutions had the 

following concentrations:  6.03 mM (X-Low); 6.76 mM (Low), 7.49 mM (Med), 8.41 

mM (Hi), and 9.01 mM (X-Hi).  From these stock solutions, samples were prepared at 

each concentration level that varied the ratio of enantiomers; twenty solutions were 

prepared for the X-Low, Low and X-Hi, nineteen solutions were prepared for the Med, 

and ten solutions were prepared for the Hi, giving a total of 89 samples.  In addition, 

solutions were prepared to test the compound’s adherence to Beer’s Law, both with and 

without the chiral auxiliary.   Accordingly, a stock solution of 11.0 mM (-)-norephedrine 

dissolved in a 15 mM β-cyclodextrin solution and a stock solution of 10.0 mM (-)-

norephedrine dissolved in deionized water were prepared.  Each stock solution was 

subsequently diluted five times by pipetting incremental amounts into volumetric flasks 

and diluting to the mark with the solvent.  The UV-Visible spectrum of each sample was 

recorded using a Hewlett-Packard photodiode array spectrophotometer (Model 8455) 

over the wavelength range of 190-1100 nm.  A small volume quartz cell with a 1.0-cm 

pathlength was used; the blank was recorded with deionized water. 

 
Results and Discussion 

 Norephedrine has commonly been used as a test pharmaceutical in studies 

determining enantiomeric composition, with both native and modified cyclodextrins.68-73  

Studies indicate that norephedrine forms an inclusion complex with β-cyclodextrin, 

although the complex is not fully characterized.74,55  Figure 3.11 shows the spectra of all 

89 samples.  Notice the clear bands indicating the five concentration levels.  As an 

independent measure of the effectiveness of the technique and for the sake of 

comparison, the samples for each concentration level were first analyzed separately.   
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X-Low Concentration Level 

 From the twenty samples in the X-Low concentration level, a random number 

generator was used to select five samples to be excluded from the model.  A partial-least 

squares regression model was built with the remaining fifteen samples.  This model is 

shown in Figure 3.12.  The scores plot, Figure 3.12a, indicates that the first two PLS 

components explain 97% of the variation in enantiomeric composition, with the third 

PLS component adding an additional 2%, bringing the total explained variance to 99%.  

The model also shows good correlation, with a correlation coefficient of 0.9964, a slope 

of 0.9929, and an offset of 3.787 x 10-3. 

 The above model was used to predict the five remaining samples.  The prediction 

results are shown in Table 3.8.  The prediction analysis yielded a root mean square 

absolute error of 0.0378 and a root mean square percent relative error of 13.6.  These 

results are slightly higher than those previously reported (RMS absolute error: 0.0166; 

RMS % RE: 3.45%),55 but still quite acceptable. 

 
Low Concentration Level 

 From the twenty samples at the Low concentration level, a random number 

generator was used to select five samples to exclude from the model and function as a test 

set.  The remaining fifteen samples were subjected to a partial-least squares regression.  

The results are shown in Figure 3.13.  As evidenced in the scores plot (Figure 3.13a), the 

first two PLS components explain an impressive 100% of the variation in enantiomeric 

composition.  This is echoed in the residual variance plot (Figure 3.13c), which drops off 

after the second PLS component.  This model yields a correlation coefficient of 0.9983, a 

slope of 0.9965, and an offset of 1.902 x 10-3 (Figure 3.13d).
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Figure 3.12.  Summary of regression results for 6.03 mM norephedrine and 15 mM β-
cyclodextrin in water (230-280 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 
 
Table 3.8.  Absolute and relative errors obtained from 6.03 mM norephedrine and 15 mM 

β-cyclodextrin with an independently prepared test set 
 

Actual φ of 
(-)-norephedrine 

Predicted φ of       
(-)-norephedrine Absolute error % Relative error 

0.190 0.143 -0.047 -24.7 

0.290 0.332 0.042 14.5 

0.440 0.406 -0.034 -7.73 

0.590 0.612 0.022 3.73 

0.740 0.701 -0.039 -5.27 

Root Mean Square Value 0.0378 13.6 
 
 

(a) (b)

(c)

(d)
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Figure 3.13.  Summary of regression results for 6.76 mM norephedrine and 15 mM β-
cyclodextrin in water (230-280 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 
 
 This model was used to predict the five test set samples; the results of the 

prediction are shown in Table 3.9.  This analysis gave a root mean square absolute error 

of 0.0138 and a root mean square percent relative error of 6.53.  These are excellent 

results, comparable to those previously reported.55   

 
Med Concentration Level 

 The medium concentration level consists of nineteen samples; five were selected 

at random to function as a test set.  A partial-least square regression model was built with  

the remaining fourteen samples.  The results are shown in Figure 3.14.  The scores plot, 

Figure 3.14a, indicate that the first two PLS components again explain 100% of the  

(a)

(b)

(c)

(d)
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Table 3.9.  Absolute and relative errors obtained from 6.76 mM norephedrine and 15 mM 
β-cyclodextrin with an independently prepared test set 

 
Actual φ of 

(-)-norephedrine 
Predicted φ of       

(-)-norephedrine Absolute error % Relative error 

0.165 0.187 0.022 13.3 

0.265 0.255 -0.010 -3.77 

0.315 0.320 0.005 1.59 

0.415 0.399 -0.016 -3.86 

0.465 0.456 -0.009 -1.94 

Root Mean Square Value 0.0138 6.53 
 

variation in enantiomeric composition.  This is reflected in the plot of residual validation 

variance (Figure 3.14c).  This model produced a correlation coefficient of 0.9975, a slope 

of 0.9951, and an offset of 2.505 x 10-3.  Altogether, this model is quite satisfactory.  

 The model described above was used to predict the five test set samples.  The 

results are summarized in Table 3.10.  The model proved to be highly predictive, giving 

excellent values with low error.  The root mean square absolute error was found to be 

0.0122, and the root mean square percent relative error was calculated at 3.43.  This 

concentration level is the most comparable to the previously reported results.  That study 

involved solutions of 7.5 mM norephedrine with three different cyclodextrins, one of 

which was 15 mM β-cyclodextrin.  The β-cyclodextrin solutions yielded a root mean 

square absolute error of 0.0166 and a root mean square percent relative error of 3.45%.   

The results reported here are slightly better and indicate that these samples and this 

technique are behaving in a similar fashion.  
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Figure 3.14.  Summary of regression results for 7.49 mM norephedrine and 15 mM β-
cyclodextrin in water (230-280 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 
 
 

Table 3.10.  Absolute and relative errors obtained from 7.49 mM norephedrine and 15 
mM β-cyclodextrin with an independently prepared test set 

 
Actual φ of 

(-)-norephedrine 
Predicted φ of       

(-)-norephedrine Absolute error % Relative error 

0.150 0.160 0.010 6.67 

0.400 0.404 0.004 1.00 

0.500 0.488 -0.012 -2.40 

0.550 0.549 -0.001 -0.182 

0.800 0.822 0.022 2.75 

Root Mean Square Value 0.0122 3.43 
 

 

(a) (b)

(c) (d)
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Hi Concentration Level 

 Due to solvent availability, this concentration level has only ten samples.  Four 

samples were randomly selected to serve as a test set; this means that only six samples 

remain to build the model.  It is expected, then that the results for this concentration level 

may be slightly poorer, simply because of the fewer number of samples.  The partial-least 

squares regression model for this concentration level is shown in Figure 3.15.  The scores 

plot, Figure 3.15a, shows that the first two PLS components explain a combined 99% of 

the variation in the y-variable, or enantiomeric composition, a high amount.  This model 

gives a correlation coefficient of 0.9968, a slope of 0.9937, and an offset of 2.945 x 10-3. 

 This model was used to predict the remaining four samples.  The prediction  

 
 
Figure 3.15.  Summary of regression results for 8.41 mM norephedrine and 15 mM β-
cyclodextrin in water (230-280 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 

(a)

(b)

(c)

(d)
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Table 3.11.  Absolute and relative errors obtained from 8.41 mM norephedrine and 15 
mM β-cyclodextrin with an independently prepared test set 

 
Actual φ of 

(-)-norephedrine 
Predicted φ of       

(-)-norephedrine Absolute error % Relative error 

0.146 0.142 -0.004 -2.74 

0.457 0.445 -0.012 -2.63 

0.632 0.612 -0.020 -3.16 

0.872 0.886 0.014 1.61 

Root Mean Square Value 0.0137 2.60 
 
 
results are shown in Table 3.11.  This analysis gave a root mean square absolute error of 

0.0137 and a root mean square absolute error of 2.60.  These are excellent results,  

somewhat surprising, given the low number of samples.  The absolute error is only 

slightly higher than the Med concentration level and virtually identical to the Low 

concentration level. 

 
X-Hi Concentration Level 

 For this concentration level, again a random number generator was used to select 

five samples to function as a test set.  The remaining fifteen samples were used in the 

partial-least squares regression analysis.  The results of that analysis are shown in Figure 

3.16.  Notice that the wavelength range is different for this concentration level; in this 

instance, 237-265 nm gave a better result.  Figure 3.16a shows the scores plot; here, the 

first two PLS components explain a combined 100% of the variation in enantiomeric 

composition.  Note, however, the two samples on the far left, 0.00 (-) and 0.08 (-).  These 

seem to be separate from the others; this could indicate that they are outliers or that the 

model could have difficulty predicting low levels of mole fraction (-)-norephedrine.   
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Figure 3.16.  Summary of regression results for 9.01 mM norephedrine and 15 mM β-
cyclodextrin in water (237-265 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 
 
 The described model was used to predict the five samples in the test set.  The  

results are shown in Table 3.12.  This prediction gave a root mean square absolute error 

of 0.0190 and a root mean square percent relative error of 3.70.  These are slightly higher 

than the middle three levels, but lower than the errors for the X-Low concentration level.  

It should be noted that the samples randomly selected did not include a sample with a 

lower percentage of (-)-norephedrine, so it is unclear whether the two outlying samples 

would have had a negative effect.  Also note that all of the errors are negative, meaning 

that the model predicted a lower concentration for each sample.  This could also be due in 

part to the two outlying samples skewing the model. 

(a)

(b)

(c)

(d)
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Table 3.12.  Absolute and relative errors obtained from 9.01 mM norephedrine and 15 
mM β-cyclodextrin with an independently prepared test set 

 
Actual φ of 

(-)-norephedrine 
Predicted φ of       

(-)-norephedrine Absolute error % Relative error 

0.380 0.358 -0.022 -5.79 

0.480 0.465 -0.015 -3.13 

0.630 0.603 -0.027 -4.29 

0.730 0.711 -0.019 -2.60 

0.880 0.879 -0.001 -0.114 

Root Mean Square Value 0.0190 3.70 
 
 
 All of the concentration levels performed adequately.  The X-Low had the worst 

error, at an absolute error of 0.0378, which is significantly higher than all of the other  

levels, but still in an acceptable range.  The spectral variations for this lowest level are 

smaller than for the other levels.  This contributes to the higher error.  Since all of the 

samples were dissolved in a 15 mM β-cyclodextrin solution, the ratio of analyte to 

cyclodextrin varies among the levels.  It is also possible that several complexes exist in 

solution.  Conceivably, the analyte could take on one, two, or three cyclodextrins in a 

complex; the presence of one or more of these would accentuate the ratio difference.  

Alternatively, there may have been some anomalies in the sample preparations. 

 
Raw Data Analysis 

 As with the phenylalanine study, the first method of dealing with varying 

concentrations is to simply use the raw data without any modification and rely on the 

statistical program to sort out the differences in enantiomeric composition in the presence 

of differences in concentration.  In this stage, all 89 samples of varying concentrations of 

norephedrine with β-cyclodextrin were included in the statistical model.  The results of 
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the PLS-1 regression are shown in Figure 3.17.  Notice in the scores plot (Figure 3.17a) 

that the samples are clearly sorted by their concentration along the first PLS component.  

This is also evidenced in that the first PLS component explains 98% of the variation in 

the spectra, but only 2% of the variation in enantiomeric composition.  The second, third, 

and fourth PLS components explain an additional 54%, 33%, and 2% of the variation in 

the y-variable.  Also notice the two X-Hi samples that are disconnected from the rest.  

These are the same two samples, 0.00 (-) and 0.08 (-), that were distinct in the individual 

calculations.  The statistical program also identifies these samples as outliers.  The 

regression coefficients (Figure 3.17b) show a nice mix of positive and negative values.  

From the plot of residual validation variance (Figure 3.17c), it appears that five PLS  

 

 
 
Figure 3.17.  Summary of regression results for 89 samples of varying concentrations of 
norephedrine and 15 mM β-cyclodextrin in water (230-280 nm); a, scores plot; b, 
regression coefficients as a function of wavelength; c, residual variance as a function of 
the number of PLS components; d, plot of the mole fraction of (-)-norephedrine predicted 
by the model versus the known value. 

(a) (b)

(c)

(d)
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components are needed to explain the variation.  This regression model has a correlation 

coefficient of 0.9810, a slope of 0.9623, and an offset of 1.888 x 10-2. 

 As before, a random number generator was used to select 20 samples to function 

as a test set and be excluded from the model.  A partial-least squares regression model 

was then calculated without these 20 samples.  That regression model is shown in Figure 

3.18.  This model is very similar to the previous one.  Notice, however, that one of the 

errant samples, 0.08 (-), was chosen as part of the test set, and so it is missing from the 

scores plot (Figure 3.18a).  Also, this model has a slightly higher correlation coefficient 

(0.9837), a slightly higher slope (0.9677), and a slightly lower offset (1.646 x 10-2).  This 

is probably accounted for by absence of the errant sample, seen in the first model  

 

 
 
Figure 3.18.  Summary of regression results for samples of varying concentrations of 
norephedrine and 15 mM β-cyclodextrin in water (230-280 nm), without the test set; a, 
scores plot; b, regression coefficients as a function of wavelength; c, residual variance as 
a function of the number of PLS components; d, plot of the mole fraction of (-)-
norephedrine predicted by the model versus the known value. 

(a) (b)

(c) (d)
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significantly below the validation line (Figure 3.17d) but not in the second model (Figure 

3.18d). 

 The regression model described above was used to predict the twenty samples in 

the test set.  The results of that prediction are shown in Table 3.13.  Sample number 16, 

which is the aforementioned 0.08 (-), is marked with an asterisk.  This sample is the 

poorest predicted sample by far; since it had previously been identified as an outlier, 

although the predicted results are included in the table, they are not included in the root 

mean square calculations of the errors.  Overall, using the raw data from all five 

concentration levels gave a root mean square absolute error of 0.0367 and a root mean 

square percent relative error of 18.1%.  Although these errors are higher than for the 

individual concentration levels, they are surprisingly accurate, given the range of 

concentration.  Even with no data manipulation, this technique can accommodate a wide 

range of concentrations with reasonable error. 

 Although using all five concentration levels gave acceptable error, given that the 

extreme levels gave the worst individual errors, it was postulated that using only the 

middle three concentration levels (essentially, 7.5 mM ± 10%) might improve the results.  

For this phase of the experiment, fifteen new random samples were selected to serve as a 

test set.  These were excluded from the regression model.  A partial-least squares 

regression analysis was done on the remaining 34 samples in the middle three 

concentration levels.  The results of this analysis are shown in Figure 3.19. 

 From the scores plot (Figure 3.19a), notice that the samples are again grouped by 

concentration level, indicating that the first PLS component is concentration.  The first 

PLS component explains only 4% of the variation in enantiomeric composition, but the 
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second, third, and fourth PLS components explain an additional 70%, 24%, and 1%, 

respectively, bringing the total explained variation to 99%.  This model has a correlation 

coefficient of 0.9987, a slope of 0.9974, and an offset of 1.313 x 10-3. 

 A prediction analysis was done on the test set using the described model.  The 

results of that analysis are shown in Table 3.14.  The root mean square absolute error was 

calculated to be 0.0199, and the root mean square percent relative error was found to be 

13.4%.  As expected, these errors are significantly better than those found using all five 

concentration levels.  These errors are comparable to those resulting from the individual 

concentration levels.  For the raw data analysis, it is reasonable that the less variation in 

concentration, the less the error from that variation, and this is exactly what was found to 

be the case. 

 
Concentration as a Variable Analysis 

 A second means of accommodating varying concentrations within a sample set is 

to include the concentration as a variable when computing the model.  The x-variables, 

then, will consist of spectral data, plus the total analyte concentration of the sample.  For 

this analysis, the same random twenty samples were left out to function as a test set.  A 

partial-least squares regression was done on the remaining 69 samples.  The results of 

that analysis are shown in Figure 3.20.  From the scores plot (Figure 3.20a), notice the 

groupings by concentration along the first PLS component.  These groupings are much 

neater and more linear than in the Raw Data Analysis, although the samples are not 

aligned by enantiomeric composition.  The first PLS component explains only 4% of the 

variation in enantiomeric composition, while the second, third, and fourth PLS 

components explain an additional 30%, 54%, and 2%, respectively.  In the plot of 
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regression coefficients, the last variable on the x-axis represents the concentration; it is 

clear from this plot that this variable does not contribute highly to the model.  This model 

has a correlation coefficient of 0.9849, a slope of 0.9701, and an offset of 1.526 x 10-2.   

 
Table 3.13.  Absolute and relative errors obtained from varying concentrations of 

norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; Raw 
Data Analysis; 230-280 nm. 

 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

X-Low 0.190 0.278 0.088 46.3 

X-Low 0.390 0.421 0.031 7.95 

X-Low 0.540 0.574 0.034 6.30 

X-Low 0.740 0.698 -0.042 -5.68 

Low 0.165 0.150 -0.015 -9.09 

Low 0.265 0.237 -0.028 -10.6 

Low 0.465 0.478 0.013 2.80 

Low 0.765 0.743 -0.022 -2.88 

Low 0.915 0.904 -0.011 -1.20 

Med 0.100 0.150 0.050 50.0 

Med 0.400 0.376 -0.024 -6.00 

Med 0.650 0.678 0.028 4.31 

Med 0.800 0.770 -0.030 -3.75 

Hi 0.146 0.159 0.013 8.90 

Hi 0.457 0.493 0.036 7.88 

X-Hi 0.080* -0.197 -0.277 -346 

X-Hi 0.230 0.156 -0.074 -32.2 

X-Hi 0.480 0.476 -0.004 -0.833 

X-Hi 0.730 0.750 0.020 2.74 

X-Hi 0.880 0.883 0.003 0.341 

Root Mean Square Value  0.0367 18.1 
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Figure 3.19.  Summary of regression results for samples in the middle three concentration 
levels of norephedrine and 15 mM β-cyclodextrin in water (230-280 nm); a, scores plot; 
b, regression coefficients as a function of wavelength; c, residual variance as a function 
of the number of PLS components; d, plot of the mole fraction of (-)-norephedrine 
predicted by the model versus the known value. 
 
 
 The model described above was used to predict the test set samples.  The results 

of that prediction analysis are shown in Table 3.15.  Again, sample number 16 is marked 

with an asterisk.  For the reasons stated above, although its predicted value is listed here, 

it is not included in the root mean square error calculations.  For this system, the root 

mean square absolute error was found to be 0.0437, and the root mean square percent 

relative error was found to be 20.9%.  These values are slightly worse but similar to the 

errors in the raw data analysis.  It appears, then, for this compound and chiral auxiliary 

pair, that there is no advantage to including the concentration as a variable in the 

calculations. 

 

(a) (b)

(c)

(d)
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Table 3.14.  Absolute and relative errors obtained from middle three concentration levels 
of norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; Raw 

Data Analysis; 230-280 nm. 
 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

Low 0.065 0.09697 0.03197 49.2 
Low 0.215 0.241 0.026 12.1 
Low 0.315 0.317 0.002 0.635 
Low 0.415 0.422 0.007 1.69 
Low 0.465 0.468 0.003 0.645 
Low 0.565 0.552 -0.013 -2.30 
Low 0.715 0.671 -0.044 -6.15 
Low 0.815 0.811 -0.004 -0.491 
Med 0.150 0.145 -0.005 -3.33 
Med 0.300 0.288 -0.012 -4.00 
Med 0.500 0.473 -0.027 -5.40 
Med 0.700 0.674 -0.026 -3.71 
Med 0.850 0.834 -0.016 -1.88 
Hi 0.221 0.222 0.001 0.452 
Hi 0.632 0.647 0.015 2.37 

Root Mean  Square Value  0.0199 13.4 
 
 
Normalized Data Analysis 

 For this data treatment, each individual spectrum was normalized with respect to 

its known concentration.  The normalized spectra were then used in the regression 

analysis.  Again, a random test set of twenty samples was taken out of the model.  A 

partial-least squares regression analysis was done on the remaining samples; the results 

are summarized in Figure 3.21.  Notice in the scores plot (Figure 3.21a) that the grouping 

by concentration is lessened, but not completely eliminated.  Normalization should 

eliminate the differences due to variation in concentration; however, these samples still 

retain some general pattern along the x-axis, and this in reflected in that the first PLS  
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Figure 3.20.  Summary of regression results for samples of norephedrine and 15 mM β-
cyclodextrin in water, (230-280 nm, concentration included as a variable); a, scores plot; 
b, regression coefficients as a function of wavelength; c, residual variance as a function 
of the number of PLS components; d, plot of the mole fraction of (-)-norephedrine 
predicted by the model versus the known value. 
 

component only explains 4% of the variation in enantiomeric composition.  The second 

PLS component explains 84% of the variation in the y-variable, and the third, fourth and 

fifth PLS components explain an addition 10%.  This model has a correlation coefficient 

of 0.9894, a slope of 0.9789, and an offset of 1.079 x 10-2. 

 A prediction analysis was performed on the twenty samples in the test set; the 

results of that analysis are shown in Table 3.16.  As before, sample number 16, although 

reported, is not in the root mean square error calculations.  For the normalized spectra, 

the root mean square absolute error was 0.0422, while the root mean square percent 

relative error was 20.4.  These errors, while overall good, are surprisingly not any better  

 

(a) (b)

(c) (d)
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Table 3.15.  Absolute and relative errors obtained from varying concentrations of 
norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; 

Concentration as a Variable Analysis; 230-280 nm. 
 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

X-Low 0.190 0.298 0.108 56.8 

X-Low 0.390 0.425 0.035 8.97 

X-Low 0.540 0.583 0.043 7.96 

X-Low 0.740 0.697 -0.043 -5.81 

Low 0.165 0.115 -0.050 -30.3 

Low 0.265 0.237 -0.028 -10.6 

Low 0.465 0.467 0.002 0.430 

Low 0.765 0.754 -0.011 -1.44 

Low 0.915 0.931 0.016 1.75 

Med 0.100 0.146 0.046 46.0 

Med 0.400 0.362 -0.038 -9.50 

Med 0.650 0.648 -0.002 -0.308 

Med 0.800 0.750 -0.050 -6.25 

Hi 0.146 0.170 0.024 16.4 

Hi 0.457 0.491 0.034 7.44 

X-Hi 0.080* -0.156 -0.236 -295 

X-Hi 0.230 0.149 -0.081 -35.2 

X-Hi 0.480 0.498 0.018 3.75 

X-Hi 0.730 0.764 0.034 4.66 

X-Hi 0.880 0.893 0.013 1.48 

Root Mean Square Value  0.0437 20.9 
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Figure 3.21.  Summary of regression results for normalized spectra of norephedrine and 
15 mM β-cyclodextrin in water, (230-280 nm); a, scores plot; b, regression coefficients 
as a function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (-)-norephedrine predicted by the model 
versus the known value. 
 

than the raw data analysis.  It was expected that the normalization process would simplify 

the spectral data, making it easier to discern the differences in enantiomeric composition.   

In this case, however, normalization did not make a significant difference in the 

predictability of the model.  For this set of data, all three data treatments gave similar, 

although quite reasonable, errors. 

 As in the case of the raw data analysis, the experiment was repeated using only 

the middle three concentration levels.  A test set consisting of fifteen samples was left out 

of the data set.  The normalized spectra for the remaining samples were subjected to 

apartial-least squares regression analysis.  The results are summarized in Figure 3.22.  In 

the scores plot (Figure 3.22a), the Med and Low concentration levels seem to be well 

(a) (b)

(c) (d)
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mixed, but the Hi level is segregated from the others.  This indicates that the Hi samples 

are distinctly different from the Low and Med samples.  Again, the first PLS component 

has an element of concentration, and only explains 15% of the variation in enantiomeric 

composition.  However, the second PLS component explains 79%, and the third and 

fourth PLS components explain an addition 6%, bringing the total to 100%.  Notice that 

the residual variance drops to zero after the fourth PLS component (Figure 3.22c).  The 

correlation coefficient for this model is 0.9981, the slope is 0.9961, and the offset is 1.965 

x 10-3. 

 A prediction analysis was performed using the described model.  The results of 

that analysis are shown in Table 3.17.  The root mean square absolute error was found to 

be 0.0195, and the root mean square percent relative error was found to be 8.48%.  These 

results are very similar to the results of the middle three concentration levels in the raw 

data analysis.  As with the raw data analysis, these results are significantly better than the 

analysis using all five concentration levels.  This is actually counter-intuitive; since 

normalizing the spectra should eliminate the differences in concentration, reducing the 

span of the concentrations should not affect the results positively or negatively.  As 

mentioned before, the scores plots in both cases indicate a concentration dependence that 

has not been removed even with normalization.  This is perhaps caused by the size of the 

norephedrine molecule or the presence of two chiral centers.  This remaining 

concentration dependence is evidently adversely affecting the normalization; the results 

then show little difference between the normalized and the raw data analyses. 
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Table 3.16.  Absolute and relative errors obtained from varying concentrations of 
norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; 

Normalized Data Analysis; 230-280 nm. 
 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

X-Low 0.190 0.214 0.024 12.6 

X-Low 0.390 0.384 -0.006 -1.54 

X-Low 0.540 0.556 0.016 2.96 

X-Low 0.740 0.689 -0.051 -6.89 

Low 0.165 0.112 -0.053 -32.1 

Low 0.265 0.224 -0.041 -15.5 

Low 0.465 0.478 0.013 2.80 

Low 0.765 0.787 0.022 2.88 

Low 0.915 0.967 0.052 5.68 

Med 0.100 0.140 0.040 40.0 

Med 0.400 0.370 -0.030 -7.50 

Med 0.650 0.660 0.010 1.54 

Med 0.800 0.761 -0.039 -4.88 

Hi 0.146 0.241 0.095 65.1 

Hi 0.457 0.523 0.066 14.4 

X-Hi 0.080* -0.04883 -0.12883 -161 

X-Hi 0.230 0.200 -0.030 -13.0 

X-Hi 0.480 0.479 -0.001 -0.208 

X-Hi 0.730 0.695 -0.035 -4.79 

X-Hi 0.880 0.826 -0.054 -6.14 

Root Mean Square Value  0.0422 20.4 
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Figure 3.22.  Summary of regression results for normalized spectra of the middle three 
concentration levels of norephedrine and 15 mM β-cyclodextrin in water, (230-280 nm); 
a, scores plot; b, regression coefficients as a function of wavelength; c, residual variance 
as a function of the number of PLS components; d, plot of the mole fraction of (-)-
norephedrine predicted by the model versus the known value. 
 
 
Predicting Concentration: A Chemometric Approach 

 While normalizing the data with respect to concentration is logical and effective, 

it is not always feasible in real laboratory settings.  After all, if the concentration of the 

samples varies, it is unlikely that the investigator would know what the concentration is, 

at least not without extraneous testing.  However, given the UV-visible spectra, it is 

possible to use chemometric analysis, first to predict the concentration of the samples, 

and then, once the data have been normalized with respect to the predicted concentration, 

to predict the enantiomeric composition of the samples.  

 For the norephedrine samples, the random test set of twenty samples was left out 

of the data; the spectra of the remaining samples were used in a partial-least squares 

(a) (b)

(c)
(d)
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Table 3.17.  Absolute and relative errors obtained from middle three concentration levels 
of norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; 

Normalized Data Analysis; 230-280 nm. 
 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

Low 0.065 0.08177 0.01677 25.8 
Low 0.215 0.229 0.014 6.51 
Low 0.315 0.317 0.002 0.635 
Low 0.415 0.412 -0.003 -0.723 
Low 0.465 0.468 0.003 0.645 
Low 0.565 0.524 -0.041 -7.26 
Low 0.715 0.674 -0.041 -5.73 
Low 0.815 0.801 -0.014 -1.72 
Med 0.150 0.133 -0.017 -11.3 
Med 0.300 0.289 -0.011 -3.67 
Med 0.500 0.480 -0.020 -4.00 
Med 0.700 0.691 -0.009 -1.29 
Med 0.850 0.862 0.012 1.41 
Hi 0.221 0.245 0.024 10.9 
Hi 0.632 0.637 0.005 0.791 

Root Mean  Square Value  0.0195 8.48 
 
 
regression, with concentration as the y-variable, instead of enantiomeric composition.  

The resulting model is shown in Figure 3.23.  As indicated by the scores plot (Figure 

3.23a), only two PLS components are needed to explain 100% of the variation in 

concentration.  This model shows excellent correlation, with a correlation coefficient of 

0.9997, a slope of 0.9994, and an offset of 4.797 x 10-3.  This model was used to predict 

the concentration of the twenty test set samples; the prediction results are shown in Table 

3.18.   
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Figure 3.23.  Summary of regression results predicting concentration of norephedrine and 
15 mM β-cyclodextrin in water, (230-280 nm); a, scores plot; b, regression coefficients 
as a function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the concentration of norephedrine predicted by the model versus 
the known value. 
 
 
The errors for this analysis were excellent as well, with a root mean square percent 

relative error of 0.296.   

 The spectra of the test set samples were then normalized using the predicted 

concentration, instead of the known concentration.  These new normalized spectra were 

then predicted using the normalized model developed previously (Figure 3.21).  The 

results of this prediction are summarized in Table 3.19.  The root mean square absolute 

error was found to be 0.0425, and the root mean square percent relative error was found 

to be 19.9%.  These are nearly identical to the results from the normalized data analysis.  

This means that predicting the concentration using the UV-visible spectra is a viable 

alternative if the concentration is not known.  So, then, even in the absence of clear 

concentration data, using only the UV-visible spectra, the concentration can be 

successfully predicted, the predicted concentration can be used to normalize the data, and 

(a) (b)

(c)

(d)
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Table 3.18.  Relative errors obtained in the determination of the concentration of 
norephedrine from the UV/Visible spectral data; 220-300 nm. 

 
Actual concentration 

(mM) 
Predicted concentration  

(mM) % Relative error 

6.03 6.012 -0.299 

6.03 6.016 -0.232 

6.03 6.012 -0.299 

6.03 6.016 -0.232 

6.76 6.756 -0.0592 

6.76 6.755 -0.0740 

6.76 6.747 -0.192 

6.76 6.744 -0.237 

6.76 6.744 -0.237 

7.49 7.484 -0.0801 

7.49 7.514 0.320 

7.49 7.532 0.561 

7.49 7.547 0.761 

8.41 8.402 -0.0951 

8.41 8.420 0.119 

9.01 8.993 -0.189 

9.01 8.974 -0.400 

9.01 8.986 -0.266 

9.01 8.997 -0.144 

9.01 9.011 0.0111 

Root Mean Square Value  0.296 
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Table 3.19.  Absolute and relative errors obtained from varying concentrations of 
norephedrine and 15 mM β-cyclodextrin with an independently prepared test set; 

Predicted Concentration Analysis; 230-280 nm. 
 

Conc. level Actual φ of 
(-)-norephedrine 

Predicted φ of    
(-)-norephedrine Absolute error % Relative error 

X-Low 0.190 0.201 0.011 5.80 

X-Low 0.390 0.375 -0.015 -3.85 

X-Low 0.540 0.544 0.004 0.741 

X-Low 0.740 0.680 -0.060 -8.11 

Low 0.165 0.109 -0.056 -33.9 

Low 0.265 0.220 -0.045 -17.0 

Low 0.465 0.470 0.005 1.08 

Low 0.765 0.778 0.013 1.70 

Low 0.915 0.959 0.044 4.81 

Med 0.100 0.136 0.036 36.0 

Med 0.400 0.383 -0.017 -4.25 

Med 0.650 0.682 0.032 4.92 

Med 0.800 0.789 -0.011 -1.38 

Hi 0.146 0.237 0.091 62.3 

Hi 0.457 0.528 0.071 15.5 

X-Hi 0.080* -0.0575 -0.1375 -172 

X-Hi 0.230 0.183 -0.047 -20.4 

X-Hi 0.480 0.468 -0.012 -2.5 

X-Hi 0.730 0.689 -0.041 -5.62 

X-Hi 0.880 0.826 -0.054 -6.14 

Root Mean Square Value  0.0425 19.9 
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the normalized data can be used to predict the enantiomeric composition, with accuracy 

better than 0.05 mole fraction units.   

 
Conclusions 

 These studies with norephedrine again demonstrate the success of regression 

modeling of spectral data to determine enantiomeric composition, even in the presence of 

varying analyte concentration.  Three methods of compensating for varying analyte 

concentration were studied.  Of these, the raw data analysis was the most successful.  

However, both the concentration as variable and the normalization analyses gave good 

results. 

 In addition to this, samples can be successfully analyzed even when both the 

concentration and the enantiomeric composition are unknown.  The spectral data can be 

used to predict the concentration, using regression analysis.  This predicted concentration 

can be used to normalize the data, and the new normalized data can then be used to 

predict enantiomeric composition.  The error for the norephedrine study is comparable to 

the results with phenylalanine, with a root mean square error absolute error of less than 

0.05.  Again, the major limitation of the previous studies of maintaining a constant 

analyte concentration has been successfully overcome for these two compounds.   These 

studies demonstrate that the concentration can be allowed to vary within a given range 

and still give acceptable results.  The choice of analysis method depends on the analyte, 

although given the level of accuracy needed, the raw data analysis may be sufficient in 

many cases. 
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CHAPTER FOUR 
 

Alternative Chiral Auxiliaries – Sugars 
 
 

Introduction and Rationale 
 

 As successful as the previous studies have been, the use of cyclodextrins as chiral 

auxiliaries is potentially problematic.  For one, the formation of the complex is dependent 

on the size and functional groups of the analyte.  Secondly, as seen in the previous study, 

more than one complex is possible; a given analyte may form complexes with more than 

one cyclodextrin.  Finally, the cost of cyclodextrins, particularly γ-cyclodextrin, can be 

prohibitive.  There are a number of other homochiral substances that could possibly be 

used to provide a chiral environment for the analyte and thereby induce the necessary 

spectral changes to determine enantiomeric composition.  Recently, Tran and co-workers 

have published a study that explored the use of simple carbohydrates, e.g. sucrose, to 

produce diastereomeric interactions.75  In this case, the linear carbohydrate does not form 

an inclusion complex in the manner of cyclodextrin, but instead it was postulated that the 

analyte “adsorbs” onto the compound.75  The aforementioned study analyzed several 

amino acids, including phenylalanine, using cyclodextrins as chiral complexing agents, in 

addition to studying different concentrations of sucrose with alanine.  That study utilized 

the near and mid-infrared region of the spectrum; however studies in this laboratory had 

been unsuccessful using the infrared region.  It was proposed, therefore, to further 

examine the use of simple carbohydrates as chiral auxiliaries, particularly in the UV-

visible region.  In addition, a comparison study was conducted between the UV-visible 

and the near-infrared spectral ranges. 
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Initial Study: 2-Octanol and Fructose 

 Enantiomerically pure (R)- and (S)- 2-octanol were obtained from Aldrich 

Chemical Co.  Stock solutions were prepared of 5 mM D-fructose with 5 mM (R)- and 

(S)- 2-octanol in deionized water.  Eleven standard solutions were prepared with varying 

enantiomeric compositions, ranging from 0.1 R to 0.9 R in 0.1 mole fraction increments.  

In addition to these, five independent solutions were also prepared to be used in the 

validation phase.  The spectrum of each solution was recorded with the Hewlett-Packard 

photodiode array spectrophotometer (Model 8455) over the wavelength range of 190-

1100 nm.  A small volume quartz cell with a 1.0-cm pathlength was used. 

 
Results and Discussion 
 
 The spectra of the eleven standard solutions of 5 mM D-fructose and 5 mM 2-

octanol are shown in Figure 4.1.  An expanded view of the spectra, from 195 to 230 nm, 

is shown in Figure 4.2.  Notice that the spectra almost exclusively fall in a regular pattern 

by enantiomeric composition from 0.0 R to 1.0 R.  The exception to this pattern is 

spectrum number 6, which is the racemate.  A possible explanation for why the racemate 

may behave differently in terms of its spectrum will be discussed later.  Figure 4.3 shows 

the results of a partial-least-squares regression model using all calibration samples over 

the wavelength range of 195-300 nm.  The scores plot (Figure 4.3a) indicates that the first 

PLS component (PLS1) explains 92% of the spectral variation and 75% of the variation 

in enantiomeric composition.  Note that the samples fall in order of increasing mole 

fraction of (R)-2-octanol from left to right along the line corresponding to the first PLS 

component, with the exception of the racemate, which is distinctly different from the 

other samples.  This indicates that PLS1 is highly correlated to enantiomeric composition.  
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The racemate is located alone in the upper left corner of the scores plot, and is also 

identified as an outlier through the statistical program.  The second PLS component 

explains an additional 8% of the spectral variation and 24% of the enantiomeric 

composition.  The residual validation variance plot (Figure 4.3c) indicates that 6 PLS 

components are needed to explain the model.  Figure 4.3d gives the figures of merit for 

the regression model; the correlation coefficient was found to be 0.9999, with a slope of 

0.9998 and an offset of 8.261 x 10-5.   

 Given that the sample number 6, the racemate, was identified as an outlier, a 

regression model was developed for the same samples without this sample.  The result of 

this analysis is shown in Figure 4.4.  Some striking differences are apparent with the 

removal of this sample.  In the scores plot, Figure 4.4a, the samples are more evenly 

spread out over the plot.  In this case, the first PLS component explains 99% of the 

spectral data and a surprising 100% of the enantiomeric composition.  Indeed, the 

samples fall along the first PLS line in perfect order.  In Figure 4.4b, although the 

regression coefficients are smooth, notice that they are all negative, compared to the 

positive and negative contributions in the previous model (Figure 4.4b), and that the scale 

of the coefficients is much smaller.  Perhaps the most prominent difference is in the plot 

of residual variance (Figure 4.4c); here, the plot drops immediately as only one PLS 

component is needed to explain the variation in enantiomeric composition.  The figures  

of merit (Figure 4.4d) worsen slightly, with a correlation coefficient of 0.9984, a slope of 

0.9967, and an offset of 0.001632.   
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Figure 4.1.  UV-visible spectra of 11 solutions of 5 mM 2-octanol and 5 mM D-fructose 
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Figure 4.2. Expanded spectra (195-230 nm) of solutions containing 5 mM D-fructose and 5 mM 2-octanol 
in various enantiomeric compositions (1-11).  Mole fraction of R-2-octanol: 1, 0.0; 2, 0.1; 3, 0.2; 4, 0.3; 5, 
0.4; 6, 0.5; 7, 0.6; 8, 0.7; 9, 0.8; 10, 0.9; 11, 1.0
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Figure 4.3.  Summary of regression results for (R)-2-octanol and D-fructose using all 
calibration samples: a, scores plot; b, regression coefficients as a function of 
wavelengths; c, residual variance as a function of the number of PCs; d, plot of the mole 
fraction of (R)-2-octanol predicted by the model versus the known values. 
 
 
 

 
 
Figure 4.4.  Summary of regression results for (R)-2-octanol and D-fructose, calculated 
without racemate: a, scores plot; b, regression coefficients as a function of wavelengths; 
c, residual variance as a function of the number of PCs; d, plot of the mole fraction of 
(R)-2-octanol predicted by the model versus the known values. 
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  Both of the previous models were used to predict 5 unknown samples.  The 

results of this prediction are shown in Table 4.1.  Including the racemate in the sample 

gave a RMS absolute error of 0.0211 and a RMS percent relative error of 11.9.  

Excluding the racemate from the regression model gives slightly better results, with a 

RMS absolute error of 0.0200 and a RMS percent relative error of 8.81.  The largest error 

in both cases occurs with sample number 3, whose actual mole fraction most closely 

resembles that of the racemate.  This is another indication that the racemate falls outside 

of the model.  In the first case, the model places sample number 3 closer to the 0.4 R 

sample than to the outlying racemate; in the second case, the model places sample 

number 3 closer to the 0.4 R sample than to the midpoint between 0.4 R and 0.6 R.  

Although the percent errors seem significantly different, this perception may be skewed 

due to the low mole fraction of the first sample.  The absolute errors are fairly similar and 

likely do not differ significantly.   

 
Table 4.1.  Prediction results obtained with regression models for (R)-2-octanol and 

fructose; Comparison with and without the racemate in the model 
 

  With Racemate Included With Racemate Excluded 

Sample 
# 

Actual φ 
of        

R-2-oct 

Pred φ  
of        

R-2-oct 

Absolute 
error 

Percent 
relative 

error 

Pred φ  
of        

R-2-oct 

Absolute 
error 

Percent 
relative 

error 
1 0.112 0.0835 -0.028 -25.4 0.0914 -0.021 -18.4 

2 0.221 0.221 0.000 0 0.224 0.003 1.36 

3 0.431 0.397 -0.034 -7.89 0.405 -0.026 -6.03 

4 0.642 0.628 -0.014 -2.18 0.649 0.007 1.09 

5 0.862 0.870 0.008 0.928 0.891 0.029 3.36 

 RMS Value 0.0211 11.9  0.0200 8.81 
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 Looking again at the regression models, particularly the one without the racemate, 

it was speculated that perhaps multivariate regression modeling is not strictly necessary 

to predict the mole fraction of 2-octanol.  Given that only one PLS component is needed 

to explain 100% of the y-variable variation, it is conceivable that a calibration curve 

could be constructed from absorbance values at a single wavelength.  By plotting 

absorbance versus mole fraction, if a straight line can be constructed, the mole fraction of 

the validation samples can be calculated using simple algebra.  This was found to be the 

case, as shown in Figure 4.5.   

 

y = -0.0383x + 0.0486
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Figure 4.5.  Absorbance at 210 nm versus mole fraction of (R)-2-octanol (excluding 
racemate).  A linear regression line and its equation is shown. 
 
 
 As shown in Table 4.2, using a linear calibration curve constructed from 

absorption data at 210 nm to calculate mole fraction of (R)-2-octanol yields a root mean  
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Table 4.2.  Prediction results for (R)-2-octanol and D-fructose using a calibration curve  
(210 nm) 

 
Actual φ of          

(R)-2-octanol 
Predicted φ of       
(R)-2-octanol Absolute error Percent relative 

error 

0.112 0.0819 -0.030 -26.9 

0.221 0.219 -0.002 -0.905 

0.431 0.395 -0.036 -8.35 

0.642 0.642 0 0 

0.862 0.893 0.031 3.60 

RMS Value  0.0252 12.7 

 
 
square absolute error of 0.0252 and a root mean square percent relative error of 12.7.  

Although these are adequate results, they are not as accurate as the multivariate 

regression model, giving both larger absolute and relative errors.  Thus the multivariate 

regression modeling is beneficial, even for a model with only one PLS component.  

Although 2-octanol does not have a clear absorbing functional group, these types of 

studies are nevertheless informative.  Other studies with 2-octanol will be discussed in a 

later portion of this dissertation. 

 
Phenylalanine and Fructose 

 Enantiomerically pure D- and L-phenylalanine and D-fructose were obtained from 

Aldrich Chemical Co.  Stock solutions were prepared by weighing appropriate amounts 

of D- or L-phenylalanine and D-fructose and dissolving them in HPLC grade water using 

volumetric glassware.  Four sets of solutions were prepared with the following varying 

ratios of analyte to sugar:  15 mM phenylalanine with 15 mM fructose, 15 mM 

phenylalanine with 30 mM fructose, 15 mM phenylalanine with 45 mM fructose, and 15 
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mM phenylalanine with 60 mM fructose.  From these eight stock solutions, solutions 

were made from each D and L pair with varying enantiomeric composition, ranging from 

0.1 L to 0.9 L in 0.1 mole fraction increments, plus an additional seven solutions with 

enantiomeric compositions at random points, giving 18 solutions per ratio level and 72 

solutions in all.   The UV-visible spectrum of each solution was recorded with the 

Hewlett-Packard photodiode array spectrophotometer (Model 8455) over the wavelength 

range of 190-1100 nm.  A 2-mm path length quartz cell was used, with water as the 

blank.   

 
Results and Discussion 

 Figure 4.6 shows the spectra of the eleven standard solutions for the 1:2 ratio of 

phenylalanine to D-fructose, from 230-290 nm.  An expanded view with the individual 

spectra labeled is shown in Figure 4.7.  Here, the spectra overlap and do not fall into any 

discernable pattern.  This is consistent with the behavior of phenylalanine and an 

established chiral auxiliary, such as β-cyclodextrin.  Figure 4.8 shows the results of a 

partial-least squares regression model of all 11 calibration samples of 15 mM 

phenylalanine and 30 mM D-fructose using the wavelength range from 230-290 nm.  The 

scores plot, Figure 4.8a, indicates that the first PLS component explains 39% of the 

variance in the spectral data and 84% of the variance in enantiomeric composition of the 

phenylalanine.  The second PLS component explains an additional 54% of the variance in 

the x-variable (spectral data) and 15% of the variance in the y-variable (enantiomeric 

composition).  The regression coefficients, shown in Figure 4.8b, resemble an inverted 

spectrum of phenylalanine.  Figure 4.8c indicates that three PLS components are needed 
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to represent the data.  This PLS-model has a regression correlation coefficient of 0.9972, 

a slope of 0.9943, and an offset of 2.835 x 10-2.   

 This PLS model was used to predict the independent validation samples.  The 

results are shown in Table 4.3.  The seven validation samples give a root mean square 

absolute error of 0.0308 and a root mean square percent relative error of 7.94.   

 Each of the other ratio levels were also analyzed using a partial least squares 

regression.  Table 4.4 gives the figures of merit for the regression models made with the 

remaining three ratio levels, i.e. 1:1, 1:3, and 1:4.  For the regression model of 15 mM 

phenylalanine and 60 mM D-fructose, samples of 0.3 L and 1.0 L were excluded from the 

final model, being positively identified as outliers.   

 For each individual ratio level, the independently prepared validation samples 

were predicted using the regression models.  A summary of these prediction results can 

be found in Table 4.5.  The 1:1 ratio (15 mM D-fructose) resulted in a root mean square 

absolute error of 0.0729 and a root mean square percent relative error of 15.3.  The 1:3 

ratio (45 mM D-fructose) and 1:4 ratio (60 mM D-fructose) gave root mean square 

absolute errors of 0.0429 and 0.0522, respectively, and root mean square percent relative 

errors of 14.7 and 11.6, respectively.  Thus, the optimum ratio level appears to be 1:2, 

this ratio level having the lowest absolute and percent relative errors.  As discussed 

earlier, phenylalanine has been successfully predicted using β-cyclodextrin; in the 

varying concentration study, 7.5 mM phenylalanine was analyzed with 30 mM β-

cyclodextrin, giving a root mean square absolute error of 0.0263 and a root mean square 

percent relative error of 7.79.  Compared with β-cyclodextrin, the fructose performs 

slightly worse (0.0308 RMS absolute error compared to 0.0263; 7.94 RMS percent  
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Figure 4.6.  UV-visible spectra of 11 solutions of 15 mM phenylalanine and 30 mM D-fructose 
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Figure 4.7. Expanded spectra (272-280) of solutions containing 30 mM D-fructose and 15 mM 
phenylalanine in various enantiomeric compositions (1-11).  Mole fraction of L-phenylalanine: 1, 0.0; 2, 
0.1; 3, 0.2; 4, 0.3; 5, 0.4; 6, 0.5; 7, 0.6; 8, 0.7; 9, 0.8; 10, 0.9; 11, 1.0
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Figure 4.8.  Summary of regression results for L-phenylalanine and D-fructose using all 
11 calibration samples: a, scores plot; b, regression coefficients as a function of 
wavelengths; c, residual variance as a function of the number of PCs; d, plot of the mole 
fraction of L-phenylalanine predicted by the model versus the known values. 
 
 

Table 4.3.  Prediction results for solutions of 15 mM L-phenylalanine and 30 mM D-
fructose; wavelength range: 230-290 nm. 

 

Actual φ of          
L-phenylalanine 

Predicted φ of        
L-phenylalanine Absolute error Percent Relative 

Error 

0.958 0.966 0.008 0.835 

0.715 0.666 -0.049 -6.85 

0.653 0.600 -0.053 -8.12 

0.476 0.449 -0.027 -5.67 

0.344 0.323 -0.021 -6.10 

0.223 0.223 0.000 0.00 

0.087 0.101 0.014 16.1 

RMS Value 0.0308 7.94 
 
 

(d) 

(a) 

(c) 

(b) 
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Table 4.4.  Summary of figures of merit for regression models made for L-phenylalanine 
 

System Correlation 
coefficient Slope Offset Wavelength 

range (nm) 

PA / 15 
Fructosea 0.9744 0.9495 2.53 x 10-2 230-380 

PA / 45 
Fructoseb 0.9930 0.9861 6.95 x 10-3 230-300 

PA / 60 
Fructosec 0.9977 0.9954 2.34 x 10-3 230-300 

a 15 mM phenylalanine and 15 mM D-fructose 
b 15 mM phenylalanine and 45 mM D-fructose 
c 15 mM phenylalanine and 60 mM D-fructose, excluding 0.3 L and 1.0 L  
 
 

Table 4.5.  Prediction results obtained for L-phenylalanine and D-fructose at three ratio 
levels: 1:1; 1:3; 1:4 

 

 PA + 15 mM fructose PA + 45 mM fructose PA + 60 mM fructose 

Actual 
φ      

L-PA 

Pred  
φ      

L-PA 

Abs. 
Error 

% 
Rel. 
Error 

Pred  
φ      

L-PA 

Abs. 
Error 

% 
Rel. 
Error 

Pred  
φ      

L-PA 

Abs. 
Error 

% 
Rel. 
Error 

0.958 0.959 0.001 0.104 0.953 -0.005 -0.522 0.935 -0.023 -2.40 

0.715 0.741 0.026 3.64 0.725 0.010 1.40 0.763 0.048 6.71 

0.653 0.514 -0.139 -21.3 0.602 -0.051 -7.81 0.681 0.028 4.29 

0.476 0.347 -0.129 -27.1 0.463 -0.013 -2.73 0.571 0.095 20.0 

0.344 0.338 -0.006 -1.74 0.420 0.076 22.1 0.403 0.059 17.2 

0.223 0.207 -0.016 -7.17 0.287 0.064 28.7 0.237 0.014 6.28 

0.087 0.0699 -0.0171 -19.7 0.0971 0.01006 11.6    

RMS Value 0.0729 15.3  0.0429 14.7  0.0522 11.6 

 
 

relative error compared to 7.79); however, in both respects, the linear sugar behaves 

comparably to the macrocyclic sugar.  Thus, in this experiment, with UV-visible spectra, 
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the fructose was found to behave adequately as a chiral auxiliary, in agreement with the 

results obtained by Tran in the near-infrared. 

 
Comparison of NIR and UV-Visible 

 To compare the results obtained in the UV-visible region with those in the NIR, 

NIR spectra were taken.  The same samples of phenylalanine and fructose described 

earlier were also analyzed by FTNIR.  Directly after their UV-visible spectrum was 

recorded, the spectrum of each sample was recorded using a modified Mattson 

Instruments FTNIR equipped with an InGaAs detector and a quartz beam splitter over the 

wavenumber range of 4000 – 10000 ν~ .  A quartz cell with a 2.0-mm pathlength was 

used; the background was collected with the empty cell.  Each spectrum was acquired 

with 64 scans at a resolution of 8 cm-1.   

 
Results and Discussion 
 
 The spectra of the eleven calibration samples of 15 mM D- and L-phenylalanine 

and 15 mM D-fructose are shown in Figure 4.9.  An enlarged view is shown in Figure 

4.10 (5340-6430 cm-1).  It is clear from these figures that the variation among the spectra 

is very small.  Additionally, the spectra do not fall in any discernible pattern and at times 

cross.   

 The eleven calibration samples were subjected to a partial-least squares regression 

analysis.  The results of that analysis are shown in Figure 4.11.  The scores plot (Figure 

4.11a) indicates that the first PLS component explains 81% of the variation in 

enantiomeric composition; the second PLS component explains an additional 13%.  

These are not exceptionally high numbers.  The regression coefficients (Figure 4.11b) are  
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Figure 4.9.  Near infrared spectra of eleven calibration samples of varying enantiomeric 
compositions of 15 mM phenylalanine and 15 mM D-fructose. 
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Figure 4.10.  Expanded view of eleven calibration samples of varying enantiomeric 
compositions of 15 mM phenylalanine and 15 mM D-fructose; 5340-6430 cm-1. 
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Figure 4.11.  Summary of regression results for NIR spectra of 15 mM phenylalanine and 
15 mM D-fructose; 11 calibration samples: a, scores plot; b, regression coefficients as a 
function of wavelengths; c, residual variance as a function of the number of PCs; d, plot 
of the mole fraction of L-phenylalanine predicted by the model versus the known values. 
 
 
small and have little structure.  After the third PLS component, the residual validation 

variance (Figure 4.11c) begins to climb, indicating that model overfitting is occurring 

beyond this point.  This model has a correlation coefficient of 0.9899, a slope of 0.9798, 

and an offset of 1.009 x 10-2 (See Figure 4.11d).  It is interesting to notice that the 

validation plot is severely skewed.   

 The above model was used to predict the enantiomeric composition of seven 

independently prepared validation samples.  Although many wavelength ranges were 

tested, using the entire spectral range gave the best results.  The results of that analysis 

are summarized in Table 4.6; these samples gave a root mean square absolute error of 

0.285 and a root mean square percent relative error of 182%.  These are obviously very 

poor, even more so when compared to the same samples analyzed in the UV-visible 

range, which gave absolute and relative errors of 0.0729 and 15.3%, respectively.   

(d) 

(a) 

(c) 

(b) 
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Table 4.6.  Absolute and relative errors obtained from test set samples of 15 mM 
phenylalanine and 15 mM D-fructose; Full Range 

 
Actual φ  

L-phenylalanine 
Predicted φ 

L-phenylalanine Absolute error Percent relative 
error 

0.958 0.847 -0.111 -11.6 

0.715 0.869 0.154 21.5 

0.653 0.876 0.223 34.2 

0.476 0.454 -0.022 -4.62 

0.344 0.578 0.234 68.0 

0.223 0.775 0.552 248 

0.087 0.444 0.353 406 

Root Mean Square Value 0.285 182 
 
 
 In analyzing these same samples in the UV-visible spectral range, the optimum 

ratio was found to be 1 analyte : 2 sugar (i.e. 15 mM phenylalanine and 30 mM D-

fructose).  This ratio level was also analyzed in the NIR.  The samples in this ratio level 

were also analyzed using a partial-least squares regression; the results for two wavelength 

regions are shown in Figure 4.12 and Figure 4.13. 

 The first model utilizes the entire wavenumber range.  Here, the first PLS 

component explains 74% of the variation in enantiomeric composition, with the second 

PLS component contributing an additional 22% (See Figure 4.12a).  The residual 

validation variance (Figure 4.12c) drops off at the fourth PLS component.  Again, the 

regression coefficients are very small for much of the wavenumber range.  This model 

has a correlation coefficient of 0.9987, a slope of 0.9973, and an offset of 1.340 x 10-3.  

However, again, the validation plot is badly skewed.  This model is similar to that of the 

1:1 ratio level. 
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Figure 4.12.  Summary of regression results for NIR spectra of 15 mM phenylalanine and 
30  mM D-fructose; 11 calibration samples; full wavelength range: a, scores plot; b, 
regression coefficients as a function of wavelengths; c, residual variance as a function of 
the number of PCs; d, plot of the mole fraction of L-phenylalanine predicted by the model 
versus the known values. 
 

 

Figure 4.13.  Summary of regression results for NIR spectra of 15 mM phenylalanine and 
30  mM D-fructose; 11 calibration samples; 5345-6430 cm-1: a, scores plot; b, regression 
coefficients as a function of wavelengths; c, residual variance as a function of the number 
of PCs; d, plot of the mole fraction of L-phenylalanine predicted by the model versus the 
known values. 
 

 

(d) 

(a) 

(c) 

(b) 

(d) 

(a) 

(c) 

(b) 
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 The second wavenumber range that is presented was chosen because it 

corresponded to the optimum wavelength range used in the published study for this 

compound.  For our samples, however, the model is very poor.  The scores plot (Figure 

4.13a) indicates that the first two PLS components explain only 17% of the variation in 

enantiomeric composition.  The residual validation variance plot (Figure 4.13c) does not 

follow expected behavior, instead rising with increasing numbers of PLS components.  

This model has a dismal correlation coefficient of 0.3370, a slope of 0.1136, and an offset 

of 0.4432.   

 Both of these models were used to predict independent validation samples in the 

given ratio level; the results are summarized in Table 4.7.  The full range gave a root 

mean square absolute error of 0.417.  This is unacceptable, as it constitutes an error of 

nearly half the range of mole fraction units.  The root mean square percent relative error 

was calculated to be 106%.  The narrower range gave a slightly better, but still 

unacceptable, absolute error of 0.298; the root mean square percent relative error was 

found to be 259%.  Notice, however, that the predicted values for this wavenumber range 

all centered around the racemate; no sample was predicted to be very high or very low.  

Although this made the middle values somewhat reasonable, on the whole this would 

certainly not be useful in any actual laboratory practice.  For comparison, using the UV-

visible range on these same samples gave a root mean square absolute error of 0.0308 and 

a root mean square percent relative error of 7.94%.   

 It is clear that for these samples, the spectral data in the UV-visible range gave 

much better, and useable, results compared with the NIR range.  This is in stark contrast 

to what was reported by Tran, et al.75  At this time, it is not entirely clear why our results 
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in the NIR differ from those of Tran, et al.  Our commercial FTNIR is capable of 

averaging spectra and would seem to be comparable to Tran’s instrument.  One possible 

explanation lies in the ratio of analyte to sugar; Tran, et al. reported better results with a 

much larger ratio of sugar to analyte, on the order of 6:1 to 10.5:1.  It is likely, then, that 

significantly increasing the amount of sugar in the solution would yield better results in 

the NIR spectral region.  This does not negate, however, our success in analyzing the 

lower ratio levels in the UV-visible region.  Indeed, it seems an unnecessary burden to 

use such a large amount of sugar when good results are possible using less.  Our results in 

this study reinforce the decision to primarily study analytes in the UV-visible range.   

 
Table 4.7.  Absolute and relative errors obtained from test set samples of 15 mM 

phenylalanine and 30 mM D-fructose; Two wavenumber ranges 
 

 Full wavenumber range 5345-6430 cm-1 

Actual φ 
L-PA 

Pred. φ  
L-PA 

Absolute 
error 

% Rel. 
error 

Pred. φ  
L-PA 

Absolute 
error 

% Rel. 
error 

0.958 0.250 -0.708 -73.9 0.667 -0.291 -30.4 

0.715 0.0431 -0.6719 -94.0 0.521 -0.194 -27.1 

0.653 0.474 -0.179 -27.4 0.566 -0.087 -13.3 

0.476 0.594 0.118 24.8 0.657 0.181 38.0 

0.344 0.563 0.219 63.7 0.451 0.107 31.1 

0.223 0.610 0.387 174 0.562 0.339 152 

0.087 0.233 0.146 168 0.665 0.578 664 

RMS Value 0.417 106  0.298 259 
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Norephedrine and Glucose 

 Enantiomerically pure 1R,2S-(-)-norephedrine and 1S,2R-(+)-norephedrine were 

obtained from Aldrich Chemical Co.; anhydrous D-glucose was obtained from Alfa 

Aesar.  A stock solution of 15 mM D-glucose was prepared by dissolving a carefully 

weighed amount of compound in water and diluting to volume in a volumetric flask.  

Stock solutions of 7.5 mM 1R,2S-(-)-norephedrine and 7.5 mM 1S,2R-(+)-norephedrine 

were then prepared by dissolving the analyte in the stock glucose solution.  Twenty 

samples were then prepared from the two stock solutions that varied the enantiomeric 

composition, from 0.05 (-) to 0.90 (-) in 0.05 mole fraction increments.  The UV-Visible 

spectrum of each sample was recorded with a Hewlett-Packard photodiode array 

spectrophotometer (Model 8455) over the wavelength range of 190-1100 nm.  A 1.0-cm 

path length small volume quartz cell was used, with deionized water as the blank.   

 
Results and Discussion 

 The spectra of the twenty norephedrine samples are shown in Figure 4.14.  As is 

evident from the figure, the variation in the absorbance is small, however, this is 

comparable to previously reported results.10  The spectra in this case do not fall into any 

discernible pattern.  A random number generator was used to select five samples to 

exclude from the regression model in the validation step.  A partial-least squares 

regression analysis was performed on the remaining fifteen samples.  The results are 

shown in Figure 4.15. 

 From the scores plot, Figure 4.15a, the first PLS component explains 92% of the 

variation in enantiomeric composition.  Looking along the x-axis, or the first PLS 

component, there is a general pattern of increasing mole fraction of (-)-norephedrine from 
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left to right, although this pattern in not absolute.  The second and third PLS components 

explain an additional 5% and 3%, respectively.  This is also seen in the plot of residual 

variance (Figure 4.15c), which indicated that three PLS components are needed in the 

model.  The regression coefficients (Figure 4.15b) are large and consist of both positive 

and negative values.  This regression model has a correlation coefficient of 0.9967, a 

slope of 0.9934, and an offset of 3.202 x 10-3. 
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Figure 4.14.  Absorption spectra (230-280 nm) of 20 solutions containing 15 mM D-
glucose and 7.5 mM norephedrine in various enantiomeric compositions (curves too 
difficult to label individually). 
 
 
 For the validation stage, the model described above was used to predict the five 

samples in the test set.  The results of the validation analysis are shown in Table 4.8.  The 

root mean square absolute error was found to be 0.0184, while the root mean square  
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Figure 4.15.  Summary of regression results for (-)-norephedrine and D-glucose, 237-265 
nm: a, scores plot; b, regression coefficients as a function of wavelengths; c, residual 
variance as a function of the number of PCs; d, plot of the mole fraction of (-)-
norephedrine predicted by the model versus the known values. 

 
 

Table 4.8.  Absolute and relative errors obtained from 7.5 mM norephedrine and 15 mM 
D-glucose with an independently prepared test set; 237-265 nm. 

 
Actual φ            

(-)-norephedrine 
Pred. φ of  

(-)-norephedrine Absolute error Percent relative 
error 

0.050 0.08078 0.03078 61.6 

0.300 0.304 0.004 1.33 

0.500 0.473 -0.027 -5.40 

0.650 0.652 0.002 0.308 

0.750 0.750 0.000 0.00 

Root Mean Square Value 0.0184 27.6 

(d) 

(a) 

(c) 

(b) 
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percent relative error was 27.6.  Earlier experiments of 7.5 mM norephedrine and 15 mM 

β-cyclodextrin gave root mean square absolute errors of 0.0166 (as reported in Reference 

55) and 0.0122 (as reported in Chapter 3).  Although the results reported here are slightly 

higher, they are still excellent.  In this instance, the simple monosaccharide glucose was 

successfully used as a chiral auxiliary to aid in the determination of enantiomeric 

composition. 
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CHAPTER FIVE 
 

Cyclodextrin Comparison Study 
 
 

Introduction and Background 
 

 In previous studies in this laboratory,53-58 a chiral auxiliary was used to determine 

enantiomeric composition by inducing small changes through diastereomeric interactions.  

In 2002, Dennis Rabbe and I conducted a series of joint studies to determine whether it 

was possible to use regression modeling of spectral data for chiral analysis without a 

chiral auxiliary.  This work was reported in a joint paper at the 58th Southwest Regional 

Meeting of the American Chemical Society in Austin, Texas.76  In this paper, four 

enantiomeric pairs were studied: pulegone, N-benzyl-α-methylbenzylamine, 1,2-

propanediol, and limonene. 

 The experimental set-up was similar for all of the compounds studies.  A series of 

liquid enantiomer pairs were obtained from Aldrich Chemical Co. and used without 

further purification.  Stock solutions were prepared of 15 mM concentration of analyte, 

except in the case of pulegone, which was prepared at 7.5 mM, in methanol.  From these 

stock solutions, samples were prepared that varied the enantiomeric composition from 

0.1R:0.9S to 0.9R:0.1S in 0.1 mole fraction increments.  Separate validation samples 

were also prepared with random mole fractions of R and S.  The UV-Visible spectrum of 

each sample was taken with a Hewlett-Packard photodiode array spectrophotometer 

(Model 8455) over the wavelength range of 190-1100 nm.  A 2-mm pathlength quartz 

cell was used, with methanol as the blank. 
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Pulegone 

 The spectra of each enantiomer and the racemate of pulegone are shown in Figure 

5.1.  Figure 5.1a. shows an expanded view of all eleven calibration samples of pulegone, 

from 205-225 nm.  These eleven samples were subjected to a partial least square 

regression analysis.  The results of that analysis are shown in Figure 5.2.  From the scores  

 

 
Figure 5.1.  Absorbance spectra (190-400 nm) of solutions containing 7.5 mM pulegone 
in methanol of varying enantiomeric compositions; a, expanded view of 205-225 nm.  
(Reproduced with permission from reference 77.  Copyright 2003 Dennis Henry Rabbe) 
 
 
plot (Figure 5.2a), the first two PLS components explain a combined 99% of the variation 

in enantiomeric composition.  The regression coefficients (Figure 5.2b) resemble the 

spectra, showing the same dip at 212 nm.  The plot of residual validation variance (Figure 

5.2c) drops off after two PLS components.  This model has a correlation coefficient of 

0.9986, a slope of 0.9972, and an offset of 1.364 x 10-2.  A comparable model was also 

calculated using the S-form; although not shown, it was virtually identical to the R-

 
(a) 
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model, except that the plot of the regression coefficents was a mirror image of the plot 

shown (Figure 5.2b). 

 

 

 

 

 

 

 

 
 
 
 
 
 Figure 5.2.  Summary of regression results for 7.5 mM pulegone in methanol (205-225 
nm); a, scores plot; b, regression coefficients as a function of wavelength; c, residual 
variance as a function of the number of PLS components; d, plot of the mole fraction of 
(R)-pulegone predicted by the model versus the known value. (Reproduced with 
permission from reference 77.  Copyright 2003 Dennis Henry Rabbe) 
 
 
 The above model was used to predict the enantiomeric composition of the four 

independently prepared validation samples.  The results of that analysis are shown in 

Table 5.1.  The root mean square absolute error was 0.0273, and the root mean square 

percent relative error was 7.97%.  These are good results, especially considering that no 

chiral auxiliary was used.  Although this compound was not compared to results with a 

chiral auxiliary, these results by themselves are more than adequate. 
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Table 5.1.  Absolute and relative errors obtained from 7.5 mM (R)-pulegone in methanol 
with independently prepared test sets; 205-225, 275-390 nm 

 

Sample Actual φ  
(R)-pulegone 

Pred.  φ  
(R)-pulegone Absolute error % Relative error 

1 0.922 0.943 0.021 2.28 
2 0.345 0.385 0.040 11.6 
3 0.638 0.612 -0.026 -4.08 
4 0.162 0.178 0.016 9.88 

Root Mean Square Value  0.0273 7.97 
  
 
N-benzyl-α-methylbenzylamine 

 The spectra of the ten calibration samples of 15 mM N-benzyl-α-

methylbenzylamine in methanol are shown in Figure 5.3.  Interestingly, these spectra fall 

in a distinct pattern with increasing mole fraction of the S enantiomer.  A partial least 

squares regression analysis was performed on these spectra.  The results of the regression 

analysis are shown in Figure 5.4.  The scores plot, Figure 5.4a, indicates that only one 

PLS component is needed to explain 100% of the variation in enantiomeric composition.  

Notice that the samples fall in order along the x-axis.  Accordingly, the plot of residual 

variance, Figure 5.4c, quickly drops to zero after the first PLS component.  The 

regression vector (Figure 5.4b) strongly resembles the spectra.  All of the regression 

coefficients, however, are positive.  This model has a correlation coefficient of 0.9992, a 

slope of 0.9983, and an offset of 7.796 x 10-3. 

 This model was used to predict the enantiomeric composition of the four 

validation samples.  The results of the prediction analysis are shown in Table 5.2.  The 

root mean square absolute error was found to be 0.0221, while the root mean square 

percent relative error was found to be 4.54%.  These are also excellent results, again, in 

the absence of any chiral auxiliary. 
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Figure 5.3.  Absorbance spectra (190-400 nm) of solutions containing 15 mM N-benzyl-
α-methylbenzylamine in methanol of varying enantiomeric compositions.  (Reproduced 
with permission from reference 77.  Copyright 2003 Dennis Henry Rabbe) 
 
 

 

 

 

 

 

 

 

 

Figure 5.4.  Summary of regression results for 15 mM N-benzyl-α-methylbenzylamine in 
methanol (230-330 nm); a, scores plot; b, regression coefficients as a function of 
wavelength; c, residual variance as a function of the number of PLS components; d, plot 
of the mole fraction of (S)-N-benzyl-α-methylbenzylamine predicted by the model versus 
the known value. (Reproduced with permission from reference 77.  Copyright 2003 
Dennis Henry Rabbe) 
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Table 5.2.  Absolute and relative errors obtained from 15 mM (S)-N-benzyl-α-
methylbenzylamine in methanol with independently prepared test sets; 230-330 nm 

 

Sample Actual φ  
(S)-BMBA 

Pred.  φ  
(S)-BMBA Absolute error % Relative error 

1 0.612 0.631 0.019 3.10 
2 0.165 0.153 -0.012 -7.27 
3 0.706 0.694 -0.012 -1.70 
4 0.868 0.904 0.036 4.15 

Root Mean Square Value  0.0221 4.54 
 
 
1,2-propanediol 

 The spectra of 15 mM (R)-1,2-propanediol, 15 mM (S)-1,2-propanediol, and the 

racemate in methanol are shown in Figure 5.5.  The racemate in this instance is distinctly 

different from the two pure enantiomers.  It has a higher intensity at the short wavelength 

peak, and then crosses both of the other spectra to have the lowest intensity at 230 nm.   

 The calibration samples for 1,2-propanediol were analyzed with a partial least 

squares regression for the wavelength range of 205-225 nm.  The results of the regression 

analysis are shown in Figure 5.6.  One sample was identified as an outlier and removed 

from the model.  From the scores plot, Figure 5.6a, the first PLS component explains 

81% of the variation in enantiomeric composition; the second PLS component explains 

an additional 15%.  The residual validation variance plot (Figure 5.6c), however, does not 

drop to zero.  The regression coefficients resemble the inverse of the peak at 213 nm; this 

is a smooth curve with both positive and negative values.  This model has a correlation 

coefficient of 0.9840, a slope of 0.9683, and an offset of 1.681 x 10-2. 

 The model described above was used to predict the enantiomeric composition of 

the validation samples.  These results are summarized in Table 5.3.  The root mean 

square absolute error was calculated to be 0.0277, and the root mean square percent  
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Figure 5.5. Three selected spectra from the calibration set for 15 mM 1,2-propanediol in 
methanol; 190-400 nm. (Reproduced with permission from reference 77.  Copyright 2003 
Dennis Henry Rabbe) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.6.  Summary of regression results for 15 mM 1,2-propanediol in methanol (205-
225 nm), sample 10 removed as outlier; a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (S)-1,2-propanediol predicted by the model 
versus the known value. (Reproduced with permission from reference 77.  Copyright 
2003 Dennis Henry Rabbe) 
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Table 5.3. Absolute and relative errors obtained from 15 mM (S)-1,2-propanediol in 
methanol with independently prepared test sets; 205-225 nm 

 

Sample Actual φ  
S-1,2-propanediol 

Pred.  φ  
S-1,2-propanediol Absolute error % Relative error 

1 0.877 0.853 -0.024 -2.74 
2 0.553 0.542 -0.011 -1.99 
3 0.273 0.313 0.040 14.7 

Root Mean Square Value  0.0277 8.68 
 
 
relative error was calculated to be 8.68%.  These are also good results, although the small 

number of predicted samples is in general less indicative of the capabilities of the model.  

Still, the absolute and relative errors for this analyte, without any chiral auxiliary, are 

comparable to the other analytes studied. 

 
Limonene 

 The spectra of the calibration set with varying enantiomeric compositions of 15 

mM (R)- and (S)-limonene in methanol are shown in Figure 5.7.  These spectra follow in 

almost precise order, with one sample out of place.  The pure 15 mM (S)-limonene was 

identified as an outlier, so it is not pictured.   

 The calibration samples were analyzed using a partial least squares regression.  

The results of the regression analysis are shown in Figure 5.8.  From the scores plot, 

Figure 5.8a, it can be seen that with one exception, the samples fall in order along the x-

axis, representing the first PLS component.  This is also reflected in that the first PLS 

component explains 99% of the variation in enantiomeric composition, with the second 

PLS component explaining the remaining 1%.  Also, the residual validation variance plot, 

Figure 5.8c, drops to zero after the second PLS component.  Again, the regression 

coefficients, Figure 5.8b, resemble the spectra, although it is off-set, yielding both 
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positive and negative values.  This model has a correlation coefficient of 0.9988, a slope 

of 0.9976, and an offset of 1.304 x 10-3. 

 The aforementioned model was used to predict the validation samples.  The 

results of the prediction analysis are summarized in Table 5.4.  The root mean square 

absolute error was found to be 0.0235, and the root mean square percent relative error 

was found to be 7.29%.  As with the other analytes, this compound demonstrates 

adequate predictive abilities even in the absence of any chiral auxiliary. 

 

 
Figure 5.7. Absorbance spectra (230-330 nm) of solutions containing 15 mM limonene in 
methanol of varying enantiomeric compositions.  (Reproduced with permission from 
reference 77.  Copyright 2003 Dennis Henry Rabbe) 
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Figure 5.8.  Summary of regression results for 15 mM limonene in methanol (230-330 
nm); a, scores plot; b, regression coefficients as a function of wavelength; c, residual 
variance as a function of the number of PLS components; d, plot of the mole fraction of 
(S)-limonene predicted by the model versus the known value. (Reproduced with 
permission from reference 77.  Copyright 2003 Dennis Henry Rabbe) 
 
 
Table 5.4.  Absolute and relative errors obtained from 15 mM (S)-limonene in methanol 

with independently prepared test sets; 230-330 nm 
 

Sample Actual φ  
(S)-limonene 

Pred.  φ  
(S)-limonene Absolute error % Relative error 

1 0.520 0.540 0.02 3.85 
2 0.220 0.190 -0.03 -13.6 
3 0.570 0.570 0 0 
4 0.880 0.850 -0.03 -3.41 

Root Mean Square Value  0.0235 7.29 
 

Studies with 2-Octanol and α-Methylbenzylamine 

 The work reported in 2002 clearly suggested that for certain enantiomeric pairs, 

enantiomeric discrimination was possible without a chiral auxiliary.   In order to further 

verify the role of the chiral auxiliary in regression modeling of spectral data, a series of 

(a) (b) 

(c)

(d)
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studies was subsequently conducted comparing results with and without cyclodextrin.  

The goal of this work was to complete the former studies begun in 2002 and to uncover 

possible insights into the phenomenon.  In this comparison study, two compounds were 

investigated using systems with and without cyclodextrin in a variety of solvents. 

2-Octanol 

 Enantiomerically pure (R)- and (S)-2-octanol, β-cyclodextrin, and HPLC grade 

solvents (water, acetonitrile, and methanol) were obtained from Aldrich Chemical Co.  

Solutions were made in volumetric glassware by pipetting appropriate amounts of the 

liquid analyte and adding careful weighings of the chiral auxiliary (when used).  Five sets 

of solutions were prepared:  5 mM 2-octanol and 5 mM β-cyclodextrin in water; 5 mM 2-

octanol in water; 5 mM 2-octanol in methanol; 15 mM 2-octanol in methanol; and 5 mM 

2-octanol in acetonitrile.  For each set of stock solutions, a set of calibration samples was 

prepared with varying compositions of (R)- and (S)-2-octanol, ranging from 0.1 R to 0.9 

R in 0.1 mole fraction increments.  In addition, five validation samples were 

independently prepared for each stock solution set.  The UV-visible spectrum of each 

sample was taken with a Hewlett-Packard photodiode array spectrophotometer (Model 

8455) over the wavelength range of 190-1100 nm.  A quartz cell with a 2.0-cm 

pathlength was used for the 5 mM 2-octanol alone in water; all other samples used a 

small volume 1.0-cm pathlength quartz cell.  In each case, the particular solvent was used 

as the blank. 

 
Results and Discussion 
 
 The spectra of the 11 calibration samples for 5 mM 2-octanol and 5 mM β-

cyclodextrin in water are shown in Figure 5.9; Figure 5.10 shows these same spectra from 
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195-215 nm.  Figure 5.11 shows the spectra of the 11 calibration samples for 5 mM 2-

octanol in water from 195-215 nm.  These two plots are distinctly different.  Notice that 

the spectra for the samples containing cyclodextrin fall in a regular pattern, from 0.1 R to 

0.9 R.  The spectra without the cyclodextrin, however, do not fall into any discernible 

pattern.  It is evident, then, that the addition of the chiral auxiliary has a profound effect 

on the absorbance of the compound.  Recall, also, that this compound, 2-octanol, 

exhibited similar behavior when combined with D-fructose.  Thus, the linear sugar had an 

almost identical effect on the spectra as the cyclodextrin, adding support to the evidence 

that it is functioning as a chiral auxiliary. 

 Multivariate regression models (PLS-1) were made with both of these sets of 

solutions.  The results for 2-octanol and β-cyclodextrin in water are shown in Figure 5.12.   

Notice in particular the scores plot, Figure 5.12a; only one PLS component is needed to 

explain 100% of the variation in enantiomeric composition, and indeed, looking at the 

plot, the samples line up along the x-axis in precise order.  This is also reflected in the 

plot of residual variance (Figure 5.12c), as the y-variance drops to zero after the first PLS 

component.  A plot of the regression coefficients versus wavelength (Figure 5.12b) 

resembles an inverted spectrum of 2-octanol.  In this plot, all the coefficients are 

negative.  As seen in Figure 5.12d, this model gives a correlation coefficient of 0.9977, a 

slope of 0.9954, and an offset of 2.275 x 10-3.   

 Figure 5.13 shows the regression results for the 2-octanol in water, without the 

cyclodextrin, using a wavelength range of 190-1100.  The scores plot (Figure 5.13a) 

indicates that the first two PLS components explain only 62% of the variation in 

enantiomeric composition, although the third PLS component (not shown) contributes an 
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Figure 5.9.  UV-Visible spectra of 11 calibration samples of 5 mM 2-octanol and 5 mM β-cyclodextrin in 
water; 190-400 nm. 
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Figure 5.10.  Absorbance spectra (195-215 nm) of solutions containing 5 mM 2-octanol and 5 mM β-
cyclodextrin in water of varying enantiomeric compositions (1-11).  Mole fraction of R-2-octanol: 1, 0.0; 2, 
0.1; 3, 0.2; 4, 0.3; 5, 0.4; 6, 0.5; 7, 0.6; 8, 0.7; 9, 0.8; 10, 0.9; 11, 1.0 
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Figure 5.11.  Absorbance spectra (195-215 nm) of solutions containing 5 mM 2-octanol 
in water of varying enantiomeric compositions (1-11).  Mole fraction of (R)-2-octanol: 1, 
0.0; 2, 0.1; 3, 0.2; 4, 0.3; 5, 0.4; 6, 0.5; 7, 0.6; 8, 0.7; 9, 0.8; 10, 0.9; 11, 1.0 
 
 

 
Figure 5.12.  Summary of regression results for 5 mM 2-octanol and 5 mM β-
cyclodextrin in water (190-400 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (R)-2-octanol predicted by the model versus 
the known value. 
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additional 32%, giving a combined explained variance of 94%.  The residual variance 

plot, Figure 5.13c, has an unusual spike at the second PLS component.  In comparing the 

regression vector (Figure 5.13b) with that obtained when cyclodextrin was used as a 

chiral auxiliary (Figure 5.12b), the pattern is completely different.  In Figure 5.13b, the 

regression coefficients are larger and are both positive and negative.  Here, the model has 

a correlation coefficient of 0.9957, a slope of 0.9915, and an offset of 4.260 x 10-3 

(Figure 5.13d).  Although this particular model may look messier than the first, the 

figures of merit are comparable. 

 The five independent validation samples for each set were predicted using the 

models shown above, and the absolute and percent relative errors were calculated.  The 

results are shown in Table 5.5.  These errors are, in general, acceptable.  The relative 

errors for these two sets of solutions are similar, but the absolute error of the system 

without the cyclodextrin (0.0294) is surprisingly less than that of the system with the 

cyclodextrin (0.0473).  Recall that using D-fructose as the chiral auxiliary with this 

compound gave an absolute error of 0.0211 and a percent relative error of 11.9.  In this 

study, the linear sugar resulted in the lowest absolute error, followed by the 2-octanol 

alone and then 2-octanol in the presence of cyclodextrin.  It is clear, in this instance, that 

a chiral auxiliary is not strictly necessary to produce adequate determination of 

enantiomeric composition.  Although both chiral auxiliaries, the cyclodextrin and the 

fructose, had a clear effect on the spectra, resulting in the ordering of the spectra based on 

enantiomeric composition, this effect alone was evidently not responsible for the 

successful determination of enantiomeric excess. 
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Figure 5.13.  Summary of regression results for 5 mM 2-octanol in water (190-1100 nm); 
a, scores plot; b, regression coefficients as a function of wavelength; c, residual variance 
as a function of the number of PLS components; d, plot of the mole fraction of (R)-2-
octanol predicted by the model versus the known value. 
 
 
 As 2-octanol is only marginally soluble in water, the effect of solvent on the 

success of this technique was studied.  The absorption spectra of eleven standard 

solutions of 5 mM 2-octanol in methanol are shown in Figure 5.14.  These spectra cross 

at times and do not fall into any pattern.  Notice one spectrum that appears to be separate 

from the rest; this sample is 0.2R:0.8S.  Figure 5.15 shows the absorption spectra of 

eleven standard solutions of 15 mM 2-octanol in methanol, this time from 190-300 nm.  

The expanded spectra clearly show that there is no discernible pattern and the spectra  

sometimes cross.  Multivariate regression models (PLS-1) were made with each set of 

solutions.  The results for the 5 mM 2-octanol in methanol are shown in Figure 5.16.  The 

scores plot, Figure 5.16a, is unusual; the sample 2R8S, corresponding to a mole fraction 

of 0.2 (R)-2-octanol stands apart from the others.  This corresponds to the spectrum that 

was separate from the others.  There is however, no other evidence to suggest that it is an 

outlier, and so it is left in the model.    From this plot, the first PLS component explains 

(a) (b) 

(c)

(d)
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Table 5.5.  Absolute and relative errors obtained from (R)-2-octanol with independently 
prepared test sets, with and without β-cyclodextrin 

 
5 mM 2-octanol + 5 mM                  
β-cyclodextrin in water 5 mM 2-octanol in water 

Actual φ 
(R)-oct 

Pred. φ 
(R)-oct 

Absolute 
error 

% Rel. 
error 

Actual φ 
(R)-oct 

Pred. φ 
(R)-oct 

Absolute 
error 

% Rel. 
error 

0.123 0.117 -0.006 -4.88 0.167 0.206 0.039 23.4 

0.325 0.258 -0.067 -20.6 0.341 0.315 -0.030 -8.80 

0.555 0.584 0.029 5.23 0.575 0.533 -0.042 -7.30 

0.911 .851 -0.111 -14.5 0.718 0.707 -0.011 -1.53 

    0.851 0.852 0.001 0.118 

RMS Value 0.0473 11.4   0.0294 11.6 
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Figure 5.14. UV-Visible spectra of 11 calibration samples of 5 mM 2-octanol in 
methanol; 190-400 nm, 1, 0.2R:0.8S. 
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only 30% of the variation in enantiomeric composition; the next four PLS component add 

an additional 56%, 9%, 3% and 1%, respectively, for a combined explained variance of 

99 %.  However, the spike at the second PLS component, also seen in Figure 5.16c, is 

sometimes indicative of a poor fit.  The regression vector plot (Figure 5.16b) shows a 

rather featureless spectrum for the 5 mM study.  This model, from Figure 5.16d, gives a 

correlation coefficient of 0.9941, a slope of 0.9883, and an offset of 5.844 x 10-3.  The 

validation line, however, is badly skewed.   
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Figure 5.15.  UV-Visible spectra of 11 calibration samples of 15 mM 2-octanol in 
methanol; 190-300 nm. 
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Figure 5.16.  Summary of regression results for 5 mM 2-octanol in methanol (190-1100 
nm); a, scores plot; b, regression coefficients as a function of wavelength; c, residual 
variance as a function of the number of PLS components; d, plot of the mole fraction of 
(R)-2-octanol predicted by the model versus the known value 
 
 
 The results for the 15 mM 2-octanol in methanol are shown in Figure 5.17.  Here, 

the scores plot, in Figure 5.17a, is more evenly scattered.  The sample of 0.2R:0.8S is no 

longer separate from the rest and no longer resembles an outlier.  The first PLS 

component explains 40% of the variation in enantiomeric composition; the next three 

PLS components explain an additional 54%, 3%, and 1%, respectively, giving a 

combined explained variation of 98% in the y-variable.  The residual variance plot 

(Figure 5.17c) is much smoother, with only a slight bump at the second PLS component.  

The plot of the regression coefficients, in contrast to the 5 mM study, has a pronounced 

negative peak at 260 nm.  From Figure 5.17d, this model has a correlation coefficient of 

0.9876, a slope of 0.9754, and an offset of 1.230 x 10-2.  However, the validation line 

here lies much closer to the calibration line.  This model is likely to predict better than the 

previous, and as seen in Table 5.6, this is precisely the case.   

 

(a) (b) 

(c)

(d)
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Figure 5.17.  Summary of regression results for 15 mM 2-octanol in methanol (190-1100 
nm); a, scores plot; b, regression coefficients as a function of wavelength; c, residual 
variance as a function of the number of PLS components; d, plot of the mole fraction of 
(R)-2-octanol predicted by the model versus the known value 
 
 
 Table 5.6 shows the absolute and relative errors for both sets of 2-octanol 

solutions in methanol.  Firstly, it is clear that neither of these models predicts well; they 

both are far inferior to the 2-octanol in water solutions studied previously.  Despite this, 

there is also a definite dependence on concentration.  The higher 2-octanol concentration 

resulted in a much lower error.  This dependence on concentration is possibly solvent 

dependent, as the lower concentrations performed adequately in water.  Notice that all of 

the errors for the lower concentration (5 mM) are positive, meaning that the model 

predicted the concentration too high in every case.  This is unusual; random errors are 

typically both positive and negative.  This could indicate that the test solutions as a group 

were somehow different from the calibration set; however, since the higher concentration 

also performed poorly, the system did not merit repetition. 

 A final study was done with solutions of 5 mM 2-octanol in acetonitrile.  The UV-

visible spectra of the eleven standard solutions are shown in Figure 5.18.  The spectra  

(b)(a)

(c)

(d)
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Table 5.6.  Absolute and relative errors obtained from 5 mM (R)-2-octanol in methanol 
and 15 mM (R)-2-octanol in methanol with independently prepared test sets 

 
5 mM 2-octanol in methanol 15 mM 2-octanol in methanol 

Actual φ 
(R)-oct 

Pred. φ 
(R)-oct 

Absolute 
error 

% Rel. 
error 

Actual φ 
(R)-oct 

Pred. φ 
(R)-oct 

Absolute 
error 

% Rel. 
error 

0.145 0.985 0.840 579 0.142 0.318 0.176 124 

0.288 0.675 0.387 134 0.287 0.426 0.139 48.4 

0.534 1.098 0.564 106 0.561 0.579 0.018 3.21 

0.672 0.813 0.141 21.0 0.716 0.695 -0.021 -2.93 

0.879 0.911 0.032 3.64 0.851 0.626 -0.225 -26.4 

RMS Value 0.489 270.   0.143 60.7 

 
 
exhibit anomalous negative absorbances.  Theoretically, it is impossible to have negative 

absorbances, as this would mean that the intensity, I, is greater than I0.  One possible 

explanation is that the blank measurement was faulty.  However, after observing these 

spectra, the blank was re-measured and the samples run again, with identical results.  

Thus, they are reported as observed.  This particular instrument has minor problems 

correcting for scattering, and it is possible that this is responsible for the negative values. 

Since the sign of the spectral data does not influence the results, a partial least squares 

regression analysis was done on the UV-visible spectra of the eleven standard solutions.  

The results of that analysis are shown in Figure 5.19.  The scores plot, Figure 5.19a, 

indicates that the first PLS component explains 22% of the variation in enantiomeric 

composition; the second and third PLS components explain an additional 72% and 4%, 

respectively.  The plot of residual validation variance (Figure 5.19c) is suitably smooth.  

Figure 5.19d indicates that this model has a correlation coefficient of 0.9980, a slope of 

0.9959, and an offset of 2.039 x 10-3.  The validation line lies close to the calibration line.   
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 Five independent validation samples were predicted using the aforementioned 

model.  The absolute and relative errors obtained from that analysis are shown in Table 

5.7.  This system gave a root mean square absolute error of 0.0411 and a percent relative 

error of 13.6.  These results are much better than the results with methanol, are slightly 

worse than those in water and with fructose, and comparable to those with the 

cyclodextrin.  This, then, is another example of successful determination of enantiomeric 

composition in the absence of any chiral auxiliary.  This effect, however, is evidently 

greatly dependent on solvent, as indicated by the performance of the methanol solutions 

compared to the acetonitrile solutions and the water solutions. 
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Figure 5.18.  UV-Visible spectra of 11 calibration samples of 5 mM 2-octanol in 
acetonitrile; 190-300 nm. 
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Figure 5.19.  Summary of regression results for 5 mM 2-octanol in acetonitrile (190-400 
nm); a, scores plot; b, regression coefficients as a function of wavelength; c, residual 
variance as a function of the number of PLS components; d, plot of the mole fraction of 
(R)-2-octanol predicted by the model versus the known value 

 
 

Table 5.7.  Absolute and relative errors obtained from 5 mM (R)-2-octanol in acetonitrile 
with independently prepared test sets; 190-400 nm. 

 
Actual φ of          

(R)-2-octanol 
Predicted φ of       
(R)-2-octanol Absolute error Percent relative 

error 

0.101 0.123 0.022 21.8 

0.362 0.289 -0.073 -20.2 

0.539 0.514 -0.025 -4.64 

0.757 0.737 -0.020 -2.64 

0.914 0.954 0.040 4.38 

RMS Value  0.0411 13.6 

 
 

α-Methylbenzylamine 

 Enantiomerically pure (R)- and (S)-α-methylbenzylamine, β-cyclodextrin, and 

HPLC grade solvents (water and methanol) were obtained from Aldrich Chemical Co.  

(a)
(b) 

(c)

(d)
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Solutions were made in volumetric glassware by pipetting appropriate amounts of the 

liquid analyte and adding careful weighings of the chiral auxiliary (when used).  Three 

sets of solutions were prepared:  5 mM α-methylbenzylamine and 5 mM β-cyclodextrin 

in water; 5 mM α-methylbenzylamine in water, and 5 mM α-methylbenzylamine in 

methanol.  For each set of stock solutions, a set of calibration solutions was prepared with 

varying ratios of enantiomers, ranging from 0.1 R: 0.9 S to 0.9 R: 0.1 S in 0.1 mole 

fraction increments, plus the pure R and the pure S.  In addition, five independent 

validation samples were prepared for each set of solutions.  The UV-visible spectrum of 

each sample was taken with a Hewlett-Packard photodiode array spectrophotometer 

(Model 8455) over the wavelength range of 190-1100 nm.  A quartz cell with a 1.0-cm 

pathlength was used.  In each case, the particular solvent was used as the blank. 

 
Results and Discussion 

 The spectra of the eleven standard solutions for 5 mM α-methylbenzylamine and 

5 mM β-cyclodextrin in water are shown in Figure 5.20.  Shown in Figure 5.20a is an 

expanded view of these same spectra, at the region of maximum variation.  Although the 

variation in these spectra is too small to label them individually, it should be noted that 

these spectra fall in order of increasing mole fraction of the R enantiomer with one 

exception (0.2 R falls between 0.0 R and 0.1 R).    Figure 5.21 shows the eleven standard 

solutions for 5 mM α-methylbenzylamine alone in water.  Shown in Figure 5.21a is an 

expanded view of these same spectra.  Notice that the variation between these spectra is 

slightly greater than the samples with the cyclodextrin.  However, in this case, the spectra 

do not fall into any discernible pattern.  Also notice that in both cases, the spectral  
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Figure 5.20.  Absorbance spectra (220-350 nm) of solutions containing 5 mM α-methylbenzylamine and 5 
mM β-cyclodextrin in water of varying enantiomeric compositions; a, expanded view of 228-245 nm. 

-0.1

0.1

0.3

0.5

0.7

0.9

1.1

1.3

1.5

220 240 260 280 300 320 340

Wavelength (nm)

A
bs

or
ba

nc
e

 
Figure 5.21.  Absorbance spectra (220-350 nm) of solutions containing 5 mM α-methylbenzylamine in 
water of varying enantiomeric compositions; a, expanded view of 228-245 nm. 
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variation occurs on the short wavelength side of the peak.  Especially in Figure 5.20, the 

spectra lose much of the variation and collapse to almost a single line on the long 

wavelength side of the envelope.  In Figure 5.21, this same effect occurs, but is less 

pronounced, i.e. the spectra still show some small variations.   

 Both of these sets of solutions were subjected to a partial-least squares regression 

analysis.  The results for α-methylbenzylamine and β-cyclodextrin are shown in Figure 

5.22.  The scores plot (Figure 5.22a) indicates that the first PLS component explains 95% 

of the variation in the enantiomeric composition.  This is evident by looking along the x-

axis; notice that the samples fall mostly in order of increasing mole fraction of (R)-α-

methylbenzylamine.  The second PLS component explains an additional 5% of the 

variation.  The regression vector plot, Figure 5.22b, is complex, with both positive and  

 

 
Figure 5.22.  Summary of regression results for 5 mM α-methylbenzylamine and 5 mM 
β-cyclodextrin in water (190-400 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (R)-α-methylbenzylamine predicted by the 
model versus the known value 
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negative values and a distinct peak at 245 nm.  This model has a correlation coefficient of 

0.9978, a slope of 0.9957, and an offset of 2.166 x 10-3 (Figure 5.22d).   

 The regression results for the solutions of α-methylbenzylamine alone in water 

are shown in Figure 5.23.  Here, the first PLS component explains 75% of the variation in 

the enantiomeric composition (Figure 5.23a).  The second PLS component explains an 

additional 24%.  The samples here do not fall in any regular pattern, as was also seen in 

the spectra.  The plot of residual validation variance (Figure 5.23c) indicates that three 

PLS components are needed for prediction.  The regression vector plot in this case 

(Figure 5.23b) is somewhat smaller in scale compared with that shown in Figure 5.22b.  

The peak at around 240 nm remains, however, there is also a long negative tail following 

the peak. This model gives a correlation coefficient of 0.9980, a slope of 0.9959, and an 

offset of 2.031 x 10-3 (Figure 5.23).  Notice, however, that the validation line lies slightly 

off the calibration line, more so than in the previous example.   

 

 
Figure 5.23.  Summary of regression results for 5 mM α-methylbenzylamine in water 
(190-1100 nm); a, scores plot; b, regression coefficients as a function of wavelength; c, 
residual variance as a function of the number of PLS components; d, plot of the mole 
fraction of (R)-α-methylbenzylamine predicted by the model versus the known value. 
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 The five independently prepared samples for each set of solutions were predicted 

using the above models.  Table 5.8 lists the absolute and percent relative errors obtained 

for these solutions.  As expected, the solutions with the chiral auxiliary demonstrated 

good predictive ability, with a root mean square absolute error of 0.0520 and a root mean 

square percent relative error of 10.7.  The solutions without a chiral auxiliary predicted 

very poorly, with a root mean square absolute error of 0.281 and a root mean square 

percent relative error of 89.7.  These errors are obviously unacceptable.  Notice also that 

all of the errors for this set of solutions are negative; the model predicted low for every 

sample.  This is another indication that the model is inadequate in predicting 

enantiomeric composition.  For this particular compound and solvent, the chiral auxiliary 

is clearly necessary for successful predictions.   

 
Table 5.8.  Absolute and relative errors obtained for independently prepared test sets of 

R-α-methylbenzylamine and β-cyclodextrin in water (190-400 nm) and (R)-α-
methylbenzylamine in water (190-1100). 

 
5 mM α-methylbenzylamine and  

5 mM β-cyclodextrin in water 5 mM α-methylbenzylamine in water 

Actual φ  
R-MBA 

Pred. φ 
R-MBA 

Absolute 
error 

% Rel. 
error 

Actual φ  
R-MBA 

Pred. φ 
R-MBA 

Absolute 
error 

% Rel. 
error 

0.207 0.167 -0.040 -19.3 0.164 -0.121 -0.285 -174 

0.484 0.465 -0.019 -3.93 0.421 0.115 -0.306 -72.7 

0.625 0.636 0.011 1.76 0.598 0.311 -0.287 -48.0 

0.793 0.895 0.102 12.9 0.728 0.399 -0.329 -45.2 

0.877 0.909 0.032 3.65 0.859 0.688 -0.171 -19.9 

RMS Value 0.0520 10.7   0.281 89.7 
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 The spectra of the eleven standard solutions for the 5 mM α-methylbenzylamine 

in methanol are shown in Figure 5.24.  Notice from the expanded view (Figure 5.24a) 

that these spectra show even more spectral variation than the solutions in water.  

However, as with the solutions without cyclodextrin, there is no discernible pattern to the 

spectra.   

 The results of the PLS-1 regression analysis for the solutions of α-

methylbenzylamine in methanol are shown in Figure 5.25.  The scores plot in Figure 

5.25a indicates that the first PLS component explains 89% of the variation in 

enantiomeric composition; the second PLS component explains an addition 10%.  Again 

notice the 
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Figure 5.24.  Absorbance spectra (220-350 nm) of solutions containing 5 mM α-
methylbenzylamine in methanol of varying enantiomeric compositions; a, expanded view 
of 228-245 nm. 
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absence of any recognizable pattern.  The residual variance plot (Figure 5.25c) curves 

nicely downwards.  Here, the peak in the regression vector plot (Figure 5.25b) has shifted 

slightly to 247 nm.  This model gives a correlation coefficient of 0.9977, a slope of 

0.9953, and an offset of 2.328 x 10-3 (Figure 5.25d).   

 Using this model, the enantiomeric composition of each of the five independently 

prepared test samples was predicted.  The absolute and percent relative errors were 

calculated; the results are shown in Table 5.9.  Using methanol as a solvent but without 

any chiral auxiliary resulted in a root mean square absolute error of 0.0705 and a root 

mean square percent relative error of 16.1.  Note also the mixture of both positive and 

negative errors.  These results are clearly not as good as the standard preparation with the 

chiral auxiliary.  However, these are not unacceptable results, depending on the particular 

level of accuracy needed.  It is clear that for this compound, the solvent matters a great  

 

 
Figure 5.25.  Summary of regression results for 5 mM α-methylbenzylamine in methanol 
(190-400 nm); a, scores plot; b, regression coefficients as a function of wavelength; c, 
residual variance as a function of the number of PLS components; d, plot of the mole 
fraction of (R)-α-methylbenzylamine predicted by the model versus the known value. 
 

(d)

(b)

(c)

(a)



 

 

158

Table 5.9.  Absolute and relative errors obtained from 5 mM (R)-α-methylbenzylamine in 
methanol with independently prepared test sets; 190-400 nm 

 
Actual φ of  
(R)-MBA 

Pred. φ of  
(R)-MBA Absolute error % Relative error 

0.132 0.148 0.016 12.1 

0.314 0.247 -0.067 -21.3 

0.471 0.361 -0.110 -23.4 

0.733 0.645 -0.088 -12.0 

0.867 0.883 0.016 1.85 

RMS Value 0.0705 16.1 

 
 
deal.  Without a chiral auxiliary in water gave horrendous results; the same situation in 

methanol gave acceptable results.   

 
Conclusions 

 Although the effect may not be completely characterized, it is clear that 

acceptable models with adequate predictive capabilities can be made in the absence of 

any chiral auxiliary for many common enantiomeric pairs.  It is also evident that this 

effect depends greatly on solvent choice.  For 2-octanol, the solutions in water gave 

similar or better results without the cyclodextrin than with the cyclodextrin, while the 

solutions in methanol performed poorly.  For α-methylbenzylamine, the solutions in 

water without the chiral auxiliary were not acceptable, but the solutions in methanol 

were.  Furthermore, there seems to be some dependence on concentration; the 2-octanol 

solutions in methanol gave much better results with a higher concentration.   
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 We have therefore observed spectral variations with samples that contain the 

same total concentration of chiral analyte with different proportions of R- and S- 

enantiomers.  There are several possible sources of the spectral variation.  The first is 

experimental error in sample preparation; this error should be random and thus should not 

correlate with enantiomeric composition.  Since these studies show distinct correlation 

between the spectra and enantiomeric composition, this is likely a negligible source of 

spectral variation.  Another possible source is that of impurities in the enantiomers 

themselves.  In order to affect the spectrum, any impurities present would have to absorb.  

Impurities would likely show up in the regression vector as a significant band, meaning 

that the regression model is using those wavelengths in the calculations.  The effect of 

impurities should also diminish with decreasing analyte concentration.  Moreover, if 

impurities are responsible, one might expect that their effect would be independent of 

solvent. 

 Another possible source of spectral variation involves intermolecular associations 

among the molecules.  Equimolar mixtures of an enantiomeric pair are known as 

racemates.  Although enantiomers typically have identical physical properties, it has been 

documented that the racemate may differ in some physical constants, such as melting 

point and boiling point, from the pure enantiomers.78  This is illustrated schematically in 

Figure 5.26.  The melting point of racemates, for example, is often several degrees below 

the melting point of the pure enantiomers.  Since melting point is determined by the 

strength of intermolecular attractions in the solid phase, this indicated that the 

intermolecular attractions in the racemate are less strong compared with the pure 

enantiomers.   
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 When racemic mixtures form crystalline solids, two situations are commonly 

encountered.79-80  In one, known as the conglomerate case, the solid phase is made up of 

equal amounts of crystals of the pure enantiomers (RRRRR and SSSSS).  This is the 

situation that enabled Pasteur to separate the pure enantiomers of tartaric acid by careful 

examination of the crystals under a microscope.  This situation accounts for about 10% of 

enantiomeric substances.  More commonly, about 90% of the time, a racemic crystal is 

formed (RSRSRS).  Racemic crystals have different properties from pure enantiomers, as 

in the case of the aforementioned melting point.  Indeed, Otto Wallach, a 19th century 

German chemist, developed Wallach’s rule, which states that racemic crystals tend to be 

denser than their chiral counterparts.81-85  This principle has also been observed in our 

studies, where the racemate has been separate from the other spectra, such as in the 5 mM 

2-octanol with D-fructose (Figure 4.1).   
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Figure 5.26.  Hypothetical plot of a physical constant versus percent of a single 
enantiomer 

 
 
 Given these differences between the racemate and the pure enantiomers, it is not 

unreasonable to observe spectral differences in these samples that vary in enantiomeric 
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composition.  When the mole fraction of the enantiomers in solution is varied, the amount 

of racemate also varies.  For example, a mixture of 60% R and 40% S is actually 80% 

racemate and 20% excess R.  As this amount of racemate varies, the contribution from 

the racemate and the pure enantiomer varies. 

 While molecules in the solution phase are free to move independently in the 

solution, intermolecular associations still occur.  If the solution intermolecular 

associations for a racemic mixture differ from those of the pure individual enantiomers, 

similar to the difference in melting point, small differences in the spectral signatures may 

exist between the racemate and the pure enantiomers.  As the percentage of racemic 

composition goes up, the spectra would be expected to change even in the absence of a 

chiral auxiliary.   

 When considering the spectral differences that arise in the absence of a chiral 

auxiliary, intermolecular association, in particular, self-association may play an important 

role.  Figure 5.27  shows a chiral molecule with four different groups, arbitrarily labeled 

R and S.   

 

 

 

 
Figure 5.27.  Enantiomers of a chiral molecule 

  

 Some hypothetical intermolecular interactions that might occur in the racemate 

are shown in Figure 5.28.  Notice that green is interacting with green, red with red, and 

orange with orange.  The isomer on the left is R and the one on the right is S. 

R S
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Figure 5.28  Diagram of intermolecular interactions in the racemate of a chiral molecule 

 

 The same intermolecular interactions in homochiral samples are seen in Figure 

5.29.  Notice now that green can still interact with green, but red must interact with 

orange regardless of whether we have an R-R or S-S pair. 

 These figures illustrate differences in the possible intermolecular associations in 

homochiral and heterochiral mixtures.  It is clear that regardless of the groups on the 

chiral center, associations among the racemate will differ from those in homochiral 

mixtures.  Since the amount of racemate changes with the changing enantiomeric 

composition, these intermolecular forces may vary as well. 

 

 

 

 

 

Figure 5.29.  Diagram of homochiral intermolecular interactions for dimers of a chiral 
molecule; a, R-R dimer; b, S-S dimer 

 
 

 Because intermolecular forces in solution are less than those in the solid phase, 

the spectral changes observed are small, and multivariate regression modeling is required 

to extract the enantiomeric composition from the spectral data.  Also, if the changes in 

 R-R dimer  (a)       S-S dimer (b)

Racemate dimer
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the spectra are due to variations in the intermolecular attractions in the racemate 

compared with the pure enantiomer, these intermolecular attractions would be expected 

to be solvent dependent.  This is precisely the case in the above study, which determined 

that the necessity of the chiral auxiliary depended highly on the solvent being used. 
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CHAPTER SIX  
 

Observed Differences in Spectra of Enantiomers 
 

 In the previous chapter, small spectral variations were observed with samples that 

contained the same total concentration of chiral analyte with different proportions of R 

and S enantiomers in the absence of a chiral auxiliary.  Furthermore, it was shown in 

some solvent systems that these spectral variations correlated with enantiomeric 

composition.  The source of these spectral variations can be partially attributed to a 

varying amount of racemate inherent in varying the enantiomeric composition.  However, 

this explanation is incomplete.  It should be noted that in terms of amount of racemate, 

there should be no difference between a sample that is 20% R and 80% S and a sample 

that is 80% R and 20% S; they both contain 40% racemate and 60% excess of one 

enantiomer or the other.  If the spectral variations observed were due solely to differences 

in intermolecular associations between the racemate and the pure enantiomer, it should 

not be possible to distinguish between a 20:80 sample and an 80:20 sample.  In fact, if 

this were the case, only half of the range of possible mole fractions could be used in a 

regression model.  This is not the case, however; in our studies, we have been able to 

successfully predict enantiomeric composition over the entire range, including 

distinguishing those that have the same amount of racemate.  It should be clear, then, that 

other factors must also be at work. 

 Enantiomers, being mirror images of one another, have identical physical 

properties; hence, to a first approximation, they should have identical absorption spectra.  

In spite of this conventional wisdom, reports of spectral differences between enantiomers 
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have occasionally surfaced.  Herndon,86  for example, reported differences in the NIR 

spectra for 2-butanol, which set off a controversy in the literature87-94 that ended 

inconclusively with other workers not being able to replicate the results.  Another recent 

article reports theoretical justification for direct chiral discrimination in NMR.95 

 However, during the course of this work, several pairs of enantiomers were 

observed to exhibit different UV-visible spectra.  Figures 6.1 – 6.8. are examples of this 

phenomenon.  Each figure shows the full spectra of the two isomers and the structure of 

the compound.  All of these spectra were taken with neat samples, without any dilution or 

modification, using a 2-mm pathlength cell and a Hewlett Packard photodiode array 

spectrophotometer (Model 8455) over the wavelength range of 190-1100 nm.  All of the 

examples shown in  Figures 6.1 – 6.8 show spectral differences, some more than others.  

Some variation appears to be mainly in scale (differences in the intensity axis), others 

vary in the shape of the absoption band envelope, while some cross each other.   

 Figure 6.1 shows the neat spectra of commercial samples of (R)- and (S)-

methylbenzylamine.  Since the samples are neat, at short wavelengths both spectra hit the 

maximum absorbance for the spectrometer at 4 absorbance units.  In the region around 

290 nm, however, the envelopes of the absorption bands diverge slightly before 

recombining at longer wavelengths.  A similar effect is observed with neat samples of 

(R)- and (S)-phenylethyl isocyanate (Figure 6.2), this time at around 340 nm.  Finally, a 

similar effect is observed in the spectra of neat (R)- and (S)-limonene (Figure 6.3) where 

spectral differences are observed around 320 nm.  To workers not used to dealing with 

small spectral variations, like those encountered in chemometric studies, these spectral 
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differences may be easily overlooked and/or dismissed.   In all three examples, the two 

divergent spectral envelopes for the enantiomeric pairs recombine at longer wavelengths. 

 In the case of (R)- and (S)-2-octanol (Figure 6.4) and (R)- and (S)-menthyl acetate 

(Figure 6.5), spectral differences between the respective enantiomeric pairs are again 

observed on the long-wavelength shoulders of the absorption bands.  Once again, the 

spectra of the respective enantiomeric pairs recombine at longer wavelengths.  In the case 

of 2-octanol and menthyl acetate, the effect seems to be one of differences in spectral 

intensity between the respective members of the enantiomeric pairs.  For example, in 2-

octanol, the spectrum of the neat S-isomer appears to be much stronger (i.e. higher 

intensity) than that for the neat R-isomer.  In the case of menthyl acetate, the neat R-

isomer produces a stronger spectrum.  Increasing the intensity of the absorption band 

results in broadening of the band, leading to differences in the long wavelength shoulders 

of the absorption spectra of the enantiomeric pairs. 

 In the case of neat (R)- and (S)-N-benzyl-α-methylbenzylamine (Figure 6.6), the 

S-isomer appears to give a stronger spectrum.  For neat (R)- and (S)-leucinol (Figure 6.7), 

the S-isomer also gives the stronger spectrum.  In these examples, the two spectral 

envelopes do not recombine at longer wavelengths (as observed with the previous 

examples) and remain offset from one another.   

 The most extreme spectral variation was observed with neat 1,2-propanediol as 

shown in Figure 6.8.  Here the S-isomer gives a decidedly stronger spectrum with a 

strong peak at 270 nm.  By comparison, with the R-isomer, the band is shifted slightly to 

shorter wavelengths and is much less intense. 
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Figure 6.1.  Neat spectra of α-methylbenzylamine, 190-1100. 1, (R)-α-
methylbenzylamine, 2, (S)-α-methylbenzylamine. 
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Figure 6.2.  Neat spectra of 1-phenylethyl isocyanate, 190-1100. 1, (R)-1-phenylethyl 
isocyanate, 2, (S)-1-phenylethyl isocyanate. 
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Figure 6.3.  Neat spectra of limonene, 190-1100. 1, (R)-limonene, 2, (S)-limonene. 
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Figure 6.4.  Neat spectra of 2-octanol, 190-1100. 1, (R)-2-octanol, 2, (S)-2-octanol. 
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Figure 6.5.  Neat spectra of menthyl acetate, 190-1100. 1, (R)-menthyl acetate, 2, (S)-
menthyl acetate. 
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Figure 6.6.  Neat spectra of N-benzyl-α-methylbenzylamine, 190-1100. 1, (R)-N-benzyl-
α-methylbenzylamine, 2, (S)-N-benzyl-α-methylbenzylamine. 
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Figure 6.7.  Neat spectra of leucinol, 190-1100. 1, (R)-leucinol, 2, (S)-leucinol. 
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Figure 6.8.  Neat spectra of 1,2-propanediol, 190-1100. 1, (R)-1,2-propanediol, 2, (S)-1,2-
propanediol. 
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 When considering the origin of the observed spectral differences for enantiomeric 

pairs, the most obvious explanation is that they are due to impurities that are present in 

one enantiomer but not in the other.  Table 6.1 lists the various compounds and their 

reported purities, as published by Aldrich Chemical Co.  Notice that all of the compounds 

are over 96% pure, and many of them have high optical purity as well.  The presence of 

absorbing impurities is certainly an obvious explanation, and one that must be taken 

seriously; however, it is often true that in cases where an obvious explanation exists, it 

tends to be so compelling that other possible explanations are disregarded or overlooked.  

As a result, a series of modeling studies was conducted to investigate the origin of the 

observed spectral differences from various angles.  Although none of the studies taken 

singly are conclusive, taken as a whole they form a compelling portrait. 

 
Table 6.1.  Reported purities of various chiral compounds 

 
Compound Purity  Optical Purity 

(R)-α-methylbenzylamine ≥ 99.0% E.R. ≥ 99.5:0.5 
(S)-α-methylbenzylamine ≥ 99.0% E.R. ≥ 99.5:0.5 

(R)-1-phenylethyl isocyanate ≥ 99.0% E.R. ≥ 99.5:0.5 
(S)-1-phenylethyl isocyanate ≥ 99.0% E.R. ≥ 99.5:0.5 

(R)-limonene 97% ee 98% 
(S)-limonene 96% - 

(R)-limonene (ChiraSelect) ≥ 99.0% - 
(S)-limonene (ChiraSelect) ≥ 99.0% - 

(R)-2-octanol 99% - 
(S)-2-octanol 99% ee 98% 

(R)-menthyl acetate 98% ee 98% 
(S)-menthyl acetate 99% ee 98% 

(R)-N-benzyl-α-methylbenzylamine 98% ee ≥ 97% 
(S)-N-benzyl-α-methylbenzylamine 99% ee ≥97% 

(R)-leucinol 98% ee 99% 
(S)-leucinol 96% ee 99% 

(R)-1,2-propanediol 96% ee 98% 
(S)-1,2-propanediol 99%  - 
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Doping Study – 2-Octanol 

 This experiment was designed to mimic the spectral effects of impurities in one of 

two otherwise spectrally identical solutions.  The pure enantiomers (R)- and (S)-2-octanol 

were analyzed by gas chromatography / mass spectrometry in an attempt to identify 

impurities.  The results indicated that the (S)-2-octanol contained small amounts of 2-

octanone, although the amount of the impurity was not determined.  Still, this impurity is 

not unreasonable, given the similarities in structure.  In this modeling study, the 

assumption is that the solutions would have identical spectra, if it weren’t for the 

impurities; hence, a doped solution with a known impurity should behave similarly.  For 

this experiment, one stock solution was prepared by diluting a known amount of (R)-2-

octanol in HPLC grade methanol, using a micro-pipette and volumetric glassware.  The 

second stock solution was also prepared with (R)-2-octanol, but with a 5% amount of 2-

octanone added.  This doped octanol should mimic the (S)-2-octanol, if the assumption is 

correct.  Samples were made with varying mole fraction ratios of the two stock solutions.  

Also, five validation samples were prepared.  The UV-visible spectrum of each sample 

was taken with a Hewlett-Packard photodiode array spectrophotometer (Model 8455) 

over the wavelength range of 190-1100 nm.  A small volume quartz cell with a 1.0-cm 

pathlength was used; methanol was used as the blank.  Also, the spectrum of the neat 2-

octanone (See Figure 6.18) was recorded with a 1-mm pathlength quartz cell, using an 

empty cell as a blank. 

 The spectra of the eleven standard solutions are shown in Figure 6.9.  Somewhat 

unexpectedly, the spectra do not fall into any discernible pattern, and in fact cross each 

other at various places.  A weak broad band at about 270 nm is observed due to the 
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presence of the n→π* transition of the carbonyl in 2-octanone.  The spectral variation 

around 215 nm is similar to that observed previously in Figure 5.15. 
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Figure 6.9.  Absorbance spectra of 11 standard solutions of varying compositions of (R)-
2-octanol and (R)-2-octanol doped with 2-octanone in methanol (195-295 nm).   
 
 
 The spectra of the eleven standard solutions were subjected to a partial-least 

squares regression analysis.  The results of that analysis are shown in Figure 6.10.  The 

scores plot, Figure 6.10a, indicates that the first PLS component explains 30% of the 

variation in enantiomeric composition; the second PLS component explains an additional 

44%.  Although the plot of residual validation variance (Figure 6.10b) steadily decreases, 

it never goes to zero.  This model has a correlation coefficient of 0.9993, a slope of 

0.9987, and an offset of 6.62 x 10-4.  Figure 6.11 shows a comparison of the regression 

vectors for this model, with the doped octanol samples, and the model with 15 mM 2-

octanol in methanol.  Notice that the regression vectors for the doped samples show a 



 

 

174

definite peak at 275 nm; this corresponds to the 2-octanone.  The normal samples of (R)- 

and (S)-2-octanol in methanol (Figure 5.17b) also show a peak, but this peak is shifted to 

shorter wavelengths.  Also note the scales on the plots; the peak for the normal samples is 

actually smaller than the peak for the doped samples. 

 
 
Figure 6.10.  Summary of regression results for (R)-2-octanol / Doped (R)-2-octanol in 
methanol (190-400 nm); a, scores plot; b, regression coefficients as a function of 
wavelength; c, residual variance as a function of the number of PLS components; d, plot 
of the mole fraction of (R)-2-octanol predicted by the model versus the known value. 
 

         
 
Figure 6.11. Regression vectors for regression models of a, doped 2-octanol in methanol, 
and b, 15 mM 2-octanol in methanol 

(a) (b) 

(a) (b) 

(c) 

(d) 
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 The results of the validation study are shown in Table 6.2.  The root mean square 

absolute error was found to be 0.117, and the root mean square percent relative error was  

77.7%.  These errors are very similar to those found previously with 15 mM 2-octanol in  

methanol.  However, since the errors for the 2-octanol in methanol varied so significantly 

with concentration, these results are difficult to interpret with any kind of certainty.  For 

this reason, the doping experiment was repeated using a different solvent. 

 
Table 6.2. Absolute and relative errors obtained from 10 mM (R)-2-octanol and 5 mM 
(R)-2-octanol doped with 2-octanone in methanol with independently prepared test sets 

 
Actual φ of  
(R)-octanol 

Predicted φ of  
(R)-octanol Absolute error Percent relative 

error 

0.123 0.335 0.212 172 

0.371 0.388 0.017 4.58 

0.558 0.517 -0.041 -7.35 

0.735 0.590 -0.145 -19.7 

0.918 0.934 0.016 1.74 

Root Mean Square Value 0.117 77.7 

 
 
 In the cyclodextrin comparison study, the 5 mM 2-octanol behaved similarly with 

and without the chiral auxiliary, although ultimately, the samples without the 

cyclodextrin gave the best results in terms of absolute error.  (See Table 5.5)  It would be 

beneficial, then, to repeat the doping study using water as the solvent, for comparison’s 

sake.  However, 2-octanol is only slightly soluble in water and 2-octanone is not soluble 

at all.  Therefore, the experiment was repeated using an 85:15 water-to-methanol mixture 

as the solvent.  Since this particular solvent was not tested earlier, a study was also done 
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concurrently using (S)-2-octanol in place of the doped (R)-2-octanol, as in the previous 

experiments. 

 Enantiomerically pure (R)-2-octanol, (S)-2-octanol, and HPLC grade methanol 

were obtained from Aldrich Chemical Co; 2-octanone was obtained from Alfa Aesar.  A 

stock solvent mixture was prepared in an 85:15 ratio of deionized water-to-methanol.  

The following stock solutions were prepared:  5 mM (R)-2-octanol; 5 mM (S)-2-octanol, 

and 5 mM doped (R)-2-octanol, where 5% of the (R)-2-octanol was replaced with 2-

octanone.  Two sets of samples were then prepared, one with both (R)- and (S)-2-octanol, 

and one with (R)-2-octanol and the doped (R)-2-octanol.  Eact set was comprised of 

twenty-one samples of differing enantiomeric composition, ranging from 0.05 R: 0.95 S 

to 0.95 R: 0.05 S in 0.05 mole fraction increments.  The UV-visible spectra of all forty-

two samples were taken with a Hewlett-Packard photodiode array spectrophotometer 

(Model 8455) over the wavelength range of 190-1100 nm.  A small volume quartz cell 

with a 1.0-cm pathlength was used; the solvent mixture was used as the blank. 

 The spectra of the twenty solutions of (R)- and (S)- 2-octanol are shown in Figure 

6.12.  Like the previous study of 2-octanol in water with no chiral auxiliary, these spectra 

show no discernible pattern; the spectra cross at various places.  This spectral data was 

subjected to a partial-least squares regression; the results of that analysis are shown in 

Figure 6.13. 

 Figure 6.13a, the scores plot, indicates that the first PLS component explains 89% 

of the variation in enantiomeric composition; the second PLS component explains an 

additional 9%.  From the plot of residual validation variance, it appears that two PLS  
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Figure 6.12.  Absorbance spectra of 20 solutions of varying compositions of (R)-2-
octanol and (S)-2-octanol, 190-300 nm.   
 

 
 
Figure 6.13.  Summary of regression results for (R)-2-octanol and (S)-2-octanol in water  
/ methanol mix (190-400 nm); a, scores plot; b, regression coefficients as a function of 
wavelength; c, residual variance as a function of the number of PLS components; d, plot 
of the mole fraction of (R)-2-octanol predicted by the model versus the known value. 
 

(a) (b) 

(c) (d) 
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components are needed to explain the data.  This model has a correlation coefficient of 

0.9905, a slope of 0.9811, and an offset of 9.456 x 10-3. 

 The spectra of the twenty samples of (R)-2-octanol and the doped (R)-2-octanol 

are shown in Figure 6.14.  Notice that there is much less variation in the spectra for the 

doped samples than for the normal samples.  (The scale is the same in both Figure 6.12. 

and Figure 6.14.)  Even at a five percent impurity in the doped samples, which is much 

greater than should be reasonably expected from these analytes that are all greater than 

99% purity, there is more variation between the enantiomers than there is between the 

(R)-2-octanol and its doped counterpart.   Also notice that the variation occurs at different 

points in the spectra.  For the normal samples, the greatest variation is seen around 210 

nm, with some variation at 230 nm and 270 nm.  However, for the doped samples, there 
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Figure 6.14. Absorbance spectra of 11 standard solutions of varying compositions of (R)-
2-octanol and (R)-2-octanol doped with 2-octanone in water / methanol mix; (190-300 
nm).   
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Figure 6.15.  Enlarged view of spectra of absorbance spectra of varying compositions of 
(R)-2-octanol and (R)-2-octanol doped with 2-octanone in water / methanol mix; (200-
250 nm). 
 
 
is little variation at 210 nm, with the largest variation occurring at 230 nm and 270 nm.  

An enlarged view of these spectra is shown in Figure 6.15.  Notice that there is no 

distinct pattern to the spectra and they cross at times. 

 These twenty samples were also subjected to a partial-least squares regression 

analysis; the results are shown in Figure 6.16.  In this case, it is clear from the plot of 

residual validation variance (Figure 6.16c) that more PLS components are needed to 

explain the data than with the previous study; here, seven components are needed.  From 

the scores plot, Figure 6.16a, it can be seen that the first PLS component explains 64% of 

the variation in enantiomeric composition, while the second PLS component explains 

17%.  The third through seventh PLS components explain an additional 7%, 5%, 2%, 1%,  
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Figure 6.16.  Summary of regression results for (R)-2-octanol and doped (R)-2-octanol in 
water  / methanol mix (190-400 nm); a, scores plot; b, regression coefficients as a 
function of wavelength; c, residual variance as a function of the number of PLS 
components; d, plot of the mole fraction of (R)-2-octanol predicted by the model versus 
the known value. 
 
 
and 2%, respectively, for a total of 98%.  Figure 6.17 shows the two regression vectors 

simultaneously.  The regression coefficients are much larger and have more structure to 

them.  There is a distinct negative peak at around 280 nm; this corresponds to the 

wavelength where 2-octanone absorbs.  This is in contrast to the regression coefficients 

of the normal samples, which had the wavelengths around 195 nm contributing highly to 

the model and the wavelengths around 280 nm contributing less.  This model has a 

correlation coefficient of 0.9969, a slope of 0.9937, and an offset of 3.128 x 10-3. 

 A random number generator was used to select six samples to function as the test 

set in the validation portion of the experiment.  Both regression analyses were repeated 

without these six samples, and the resulting models were used to predict them.  The 

results of these analyses are shown in Table 6.3.  The standard experiment gave a root 

(a) (b) 

(c) 

(d) 
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Figure 6.17.  Regression vectors for regression models of a, doped 2-octanol in methanol 
/ water mix, and b, 2-octanol in water / methanol mix 
 
 
mean square absolute error of 0.0550 and a root mean square percent relative error of 

11.7%, while the doping experiment gave a root mean square absolute error of 0.0818 

and a root mean square percent relative error of 18.6%. 

 Thus, the doped samples actually gave worse results than the normal experiment.  

This occurs even with an impurity at 5%, which is higher than probable in these samples, 

since they are all marketed as over 96% purity.  It is clear that the two models are keying 

in on different variations in the spectra; this is evident from the regression coefficients 

and from the spectra themselves.  Also, the differences in the normal samples correlate 

better with enantiomeric composition than the differences in the doped samples.  This 

would seem to indicate that impurities alone cannot account for all of the variation in the 

spectra. 

 
Subtraction Study 

 The neat spectra of (R)-2-octanol, (S)-2-octanol, and 2-octanone are shown in 

Figure 6.18.  The spectra were all recorded using a 1-mm pathlength cell.  Notice again 

the distinct difference between the (R)-2-octanol and the (S)-2-octanol.  The (S)-2-octanol 

(a) (b) 
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Table 6.3.  Absolute and relative errors obtained from 5 mM (R)-2-octanol and 5 mM 
(R)-2-octanol doped with 2-octanone in water / methanol mix with independently 

prepared test sets 
 

 (R)-2-octanol and (S)-2-octanol (R)-2-octanol and doped (R)-2-
octanol 

Actual φ  
R-octanol 

Pred. φ of 
R-octanol 

Absolute 
error 

% Rel.  
error 

Pred. φ of 
R-octanol 

Absolute 
error 

% Rel.  
error 

0.250 0.211 -0.039 -15.6 0.328 0.078 31.2 

0.450 0.376 -0.074 -16.4 0.418 -0.032 -7.11 

0.500 0.429 -0.071 -14.2 0.368 -0.132 -26.4 

0.650 0.597 -0.053 -8.15 0.759 0.109 16.8 

0.750 0.755 0.005 0.667 0.807 0.057 7.60 

0.900 0.843 -0.057 -6.33 0.921 0.021 2.33 

Root Mean Square 
Value 0.0550 11.7  0.0818 18.6 

 
 
exhibits a slight shoulder around 265 nm; as this is also where 2-octanone absorbs, it 

seems likely that this is due to some amount of 2-octanone in the (S)-2-octanol.  

However, it is unlikely that 2-octanone accounts for all of the difference between the two 

spectra, especially given the differences in intensities.  In fact, Figure 6.19 shows a 

theoretical attempt to mimic the (S)-2-octanol spectra through some combination of the 

(R)-2-octanol and the 2- octanone spectra.  First, the spectrum of (R)-2-octanol was 

adjusted to the intensity of the (S)-2-octanol by multiplying it by a factor of 8.5.  Then, 

using Beer’s Law, the two spectra were combined in different ratios, representing a 

solution of (R)-2-octanol contaminated with 5%, 10%, and 50% 2-octanone.  Although 
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Figure 6.18.  Neat spectra of 1, (R)-2-octanol, 2, (S)-2-octanol, 3, 2-octanone 
 
 
the calculated spectra exhibit a shoulder in approximately the right place, this shoulder is 

not nearly as pronounced as in the (S)-octanol.  In this exercise, it takes a 50% impurity 

to reach the appropriate intensity of the shoulder at 265 nm; even then, the spectrum 

shows a peak, rather than a shoulder.  Despite using the large percentage of 2-octanone, 

the spectrum of (R)-2-octanol cannot be manipulated to resemble the (S)-2-octanol 

spectrum. 

 Although the calculated spectra did not resemble the experimental spectrum, this 

could be due to over-simplification; in other words, perhaps there are other impurities in 

the samples that complicate the calculations.  It was then postulated that the spectrum of  
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Figure 6.19.  Calculated spectra of 2-octanol; 1, (R)-2-octanol, neat; 2, (R)-2-octanol with 
5% 2-octanone; 3, (R)-2-octanol with 10% 2-octanone; 4, (R)-2-octanol with 50% 2-
octanone; 5, (S)-2-octanol, neat. 
 
 
the impurities could be examined by subtracting the spectrum of one enantiomer from the 

spectrum of the other.  This should result in the net absorbance of whatever impurities are 

present.  In addition to this, the spectra of the impurities could be tracked by successive 

subtraction.  Suppose that the spectra of two enantiomers, R and S, are identical, as 

theoretically they should be, but that the S enantiomer is contaminated with a 10% 

impurity, Q.  A solution of pure S, then, would actually be like 90% R and 10% Q.  If 

solutions were made in varying mole fraction increments, similar to the calibration 

solutions used, a solution that was 0.9S:0.1R would actually be equivalent to 91% R and 

9% Q.  In other words, the solution is 90% S, but the S is 10% Q.  Since 10% of  90% is 

9%, the solution is 9% Q.  The rest of the solution is equivalent to R.  Likewise, 
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0.8S:0.2R would be 92% R and 8% Q, and so on.  Thus, the percentage of Q should 

decrease with decreasing amounts of S.  Furthermore, subtracting the spectrum of R from 

the various mole fractions of S should result in the spectra of Q that decrease in intensity.  

This hypothetical exercise is illustrated in Figure 6.20.  Here, the spectrum of an amino 

acid is labeled L.  The spectrum of “D” was calculated by combining the spectrum of L 

with the spectrum of a separate compound, in a ratio of 10% impurity, using Beer’s Law.  

The theoretical spectra of varying mole fractions of the two “enantiomers” were also 

calculated by combining the spectra of L and “D” in varying amounts.  Then, the 

spectrum of L was subtracted from each of the other mole fraction amounts.  These 

subtracted spectra are shown in the figure.  Notice the regular decrease in absorbance, 

due to the decreasing amount of the impurity.  This is exactly as expected.  Notice also 

that the peak due to the impurity does not shift at all, but rather varies only in intensity. 

 This subtraction methodology was performed on the actual doped 2-octanol 

samples described earlier.  Here, the spectrum of the pure (R)-2-octanol was subtracted 

from the spectrum of the (R)-2-octanol doped with 2-octanone.  The spectrum of the pure 

R was then subtracted from the spectrum of 0.95 doped: 0.05 R, then from 0.90 doped: 

0.10 R, etc.   The results of that subtraction study are shown in Figure 6.21.  Recall that 

the differences between the spectra for these solutions were very small; hence the scale 

for this plot is small.  However, these spectra behave as expected in that the peak does 

not shift at all, remaining at the wavelength where 2-octanone absorbs, around 270 nm.  

Although these spectra do not fall precisely in order, this is possibly due to 

intermolecular interactions, which the hypothetical exercise does not take into account. 
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Figure 6.20.  Subtracted calculated spectra in hypothetical exercise; 1, D - L, 2, (0.9D)–L, 
3, (0.8D)–L, 4, (0.7D)–L, 5, (0.6D)–L, 6, (0.5D)–L, 7, (0.4D)–L, 8, (0.3D)–L, 9, (0.2D)–L, 
10, (0.1D)–L 
 
 
 Contrast Figure 6.21, then, with Figure 6.22, which is the same subtraction 

methodology performed on the normal samples of (R)-2-octanol and (S)-2-octanol in 

methanol / water mix in varying mole fractions.  Again note the difference in scale; the 

variation between the actual samples of (R)- and (S)-2-octanol is much greater than for 

the doped samples; the subtracted absorbances are thus larger.  Although there is no 

longer a distinct peak, there is a shoulder at around 270 nm that is probably due to 2-

octanone.  This however is not the area of greatest variation between the samples.  Also, 

the location of the shoulder seems to shift slightly from the lower samples to the upper 

ones, although this effect is slight. 
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Figure 6.21.  Subtracted spectra of varying mole fractions of pure (R)-2-octanol and (R)-
2-octanol doped with 2-octanone. 
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Figure 6.22.  Subtracted spectra of varying mole fractions of (R)-2-octanol and (S)-2-
octanol. 
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 Another example of these subtracted spectra of 2-octanol is shown in Figure 6.23.  

This figure shows the subtracted spectra of actual solutions of varying mole fractions of 

15 mM 2-octanol in methanol.  Here, the scale is larger; the concentration of these 

samples is higher and so the absorbance is also higher.  Notice again the slight shift in the 

peak from the lower samples to the upper ones.   
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Figure 6.23.  Subtracted spectra of varying mole fractions of 15 mM (R)-2-octanol and 
(S)-2-octanol in methanol. 
 
 
 Most of the samples discussed thus far have had fairly low concentrations, 

making the interpretation of these subtracted spectra problematic.  In addition to this, it is 

also possible that the solvent itself could contain impurities that might affect the spectra.  

To address this situation, a new set of solutions was prepared by mixing the neat forms of 

(R)- and (S)-limonene in varying ratios.  These solutions varied in mole fraction from 



 

 

189

0.9R : 0.1S to 0.1R : 0.9S in 0.1 mole fraction increments.  The samples were prepared by 

using a micropipette to deliver the appropriate amounts of each compound.  The UV-

visible spectrum of each sample was then recorded, using a quartz cell with a 2-mm 

pathlength.  The empty cell was used as the blank.  Again, the spectra collected were 

subjected to this subtraction methodology; the spectrum of the pure (R)-limonene was 

subtracted from the pure (S)-limonene and then from each of the other samples.  The 

results of that subtraction are shown in Figure 6.24.  Two things are immediately 

obvious.  First, these spectra fall directly in order, from (S – R) to (0.1S – R), just as in the 

hypothetical exercise.   
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Figure 6.24.  Subtracted spectra of varying mole fractions of neat (R)-limonene and (S)-
limonene. 
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Secondly, the peak that should be representative of any present impurities undergoes a 

distinct and dramatic shift, from 279 nm to 292 nm.  This is in contrast to both the 

hypothetical exercise and the experimental results of the doped solutions.  The presence 

of absorbing impurities, while certainly causing differences in the spectra, should not 

produce behavior such as this.  Again, while not definitive, this study points to an 

explanation beyond that of impurities. 

 
Conclusions 

 We have observed in several instances differences in the spectra of “pure” 

enantiomers.  At times these differences seem to be differences in intensity; other 

differences are more pronounced.  Although these analytes are of high purity, they are 

almost certain to have some amount of impurities.  Undoubtedly, impurities in the 

samples do play a role in the differences observed as well as in the ability of regression 

modeling to successfully determine enantiomeric composition.  However, it appears from 

our studies that impurities do not tell the whole story.  Impurities do not model in the 

same way as real samples, and theoretical calculations do not mimic the known behavior.  

At this point, we do not have a clear explanation as to the origins of these observed 

differences in the spectra of enantiomers, although investigations are ongoing.  It is 

possible that they arise from a combination of diastereomeric effects, changing amounts 

of racemate and intermolecular interactions and impurities.   
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CHAPTER SEVEN 
 

Conclusions 
 
 

 Previous studies in this laboratory demonstrated that multivariate regression 

modeling of spectral data could be used to determine the enantiomeric composition of 

unknown samples.  The new studies described here were designed to explore, expand, 

and elucidate this new technique.  As these studies progressed, several changes were 

implemented that significantly improved the methodology.  One important insight was 

the shift from using percent relative error to using absolute error as a figure of merit.  As 

discussed earlier, given the limited range of possible errors, the absolute error gives a 

clearer picture of the actual performance of the model.  Another important change was 

the increase in number of samples used to make the regression model.  Whereas before 

eleven or twelve samples were deemed sufficient, it has now become increasingly clear 

that larger numbers of samples result in better, more predictive models.  Most calibration 

sets now contain at least twenty samples and efforts were made to increase that number 

even to 90 or 100.  In addition, the previous method of choosing validation samples with 

mole fractions falling within the mole fraction limits of the calibration samples is now 

considered artificially contrived.  It was found that a better test of the model’s 

predictability and a truer representation of samples was attained when a subset of samples 

was randomly selected to function as the validation test set.  These changes have all been 

implemented as a result of the present studies. 

 The upper percentile study sought to test the viability of the technique in the 

limited range of 90-100% of one enantiomer.  In this case, samples of phenylalanine and 
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β-cyclodextrin were analyzed in this upper percentile range.  This study gave an average 

root mean square absolute error of 0.0217, which is good considering the limited range of 

the sample mole fraction. 

 A severe limitation of previous studies had been the necessity of keeping the 

analyte concentration constant.  As this is not practical for real-world situations, a study 

was designed in which the analyte concentration was allowed to vary from 7.5 mM ± 

20%, in addition to the varying enantiomeric compositions of the sample.  Two different 

compounds were studied, phenylalanine and norephedrine.  In each case, four different 

analyses were performed: a raw data analysis, a concentration as a variable analysis, a 

normalized data analysis, and a predicted concentration analysis.  For the phenylalanine, 

normalizing the spectra effectively eliminated the differences in the spectra due to 

differences in concentration, and the regression model predicted validation samples with 

an absolute error of 0.0316.  Moreover, in the predicted concentration analysis, it was 

found that the concentration of the samples need not even be known a priori, as the 

spectra can be used to predict the concentration, and then the predicted concentration 

used to normalize the data, eventually giving an absolute error of 0.0403.  Finally, the 

raw data analysis performed surprisingly well, with an absolute error of 0.0528.  This is 

an excellent result, considering the variation in concentration, and a testament to the 

multivariate regression modeling technique that it is able to pick out the differences in 

enantiomeric composition even in presence of such interferences. 

 The varying concentration results for norephedrine were somewhat anomalous.  

Here, the raw data analysis actually gave the best result, with an absolute error of 0.0367, 

compared with an absolute error of 0.0422 with the normalized data analysis.  It is 
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evident that some lingering concentration effects were present, even after normalization, 

and more study is needed to fully understand the results.  Regardless, these errors were 

still quite acceptable and further demonstrate the ability of this technique to 

accommodate varying concentration levels. 

 A study was then done to explore alternate chiral auxiliaries beyond the 

cyclodextrins previously used.  In this case, simple sugars such as fructose and glucose 

were used as chiral auxiliaries, with overall good results.  The results for 2-octanol and 

fructose were excellent, with an absolute error of 0.0211.  Phenylalanine and fructose 

also yielded good results, with an absolute error of 0.0308.  Norephedrine and glucose 

gave the best results, with an excellent absolute error of 0.0184.  Although the simple 

sugars are not forming inclusion complexes like the cyclodextrins, they do provide a 

chiral environment, similar to a chiral solvent.  Also, this study demonstrated the power 

of the multivariate regression modeling.  Although the presence of sugar at times ordered 

the spectra, it should be clearly noted that univariate regression was not sufficient to 

predict enantiomeric composition.  Thus, the PLS components are necessary to extract 

the information required. 

 Also, the sugar studies provided an opportunity for comparison between the NIR 

and UV-visible spectral regions.  In this study, although differences were observed in the 

NIR spectra, they did not correlate to enantiomeric composition with any reasonable 

success, in direct contrast to work done by Tran, et al.  However, Tran’s work utilized 

much higher concentrations of analyte and much larger ratios of sugar-to-analyte.  In fact, 

he reported the best results with over a 10:1 ratio of sugar to analyte. The observed bands 

in the NIR are likely due to the abundance of –OH groups present in the sugars.  As NIR 
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is not a trace technique, it is possible that the differences seen in the spectra are the 

effects of the analyte on the large amount of sugar present, rather than the effect of the 

sugar on the analyte.   

 A study was also done to explore the ability of multivariate regression modeling 

to determine enantiomeric composition without the presence of a chiral auxiliary.  

Several compounds were analyzed in various solvents.  Also, two compounds were 

directly compared with and without cyclodextrin.  The results in this study varied widely 

based on the solvent and the analyte.  Still, in many cases, it was possible to develop 

regression models with adequate predictive capabilities, even without a chiral auxiliary.  

These successes are postulated to result from differential heterochiral and homochiral 

interactions arising from differing amounts of racemate and from possible self-

associations. 

 Finally, differences were observed in the UV-visible spectra of the enantiomers 

themselves.  Various modeling studies were done to account for these differences, some 

specifically geared to the question of impurities.  These observed differences however are 

very small and likely result from a variety of effects, including diastereomeric effects, 

changing amounts of racemate and intermolecular interactions, and impurities.  
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APPENDIX 
 

Instrument Reproducibility 
 
 

 A study was designed to measure the reproducibility of the instrument (Hewlett-

Packard photodiode array UV-visible spectrometer, Model 8455).  The spectrum of neat 

(R)-limonene was recorded, using a 2-mm pathlength quartz cell over the wavelength 

range of 190-1100.  The blank was recorded with the empty cell.  The spectrum was then 

recorded again, using the same sample.  This was repeated four times.  The resulting five 

spectra are shown in Figure A.1.  Note that they are virtually indistinguishable after 280 

nm.  The standard deviation for the five spectra was calculated at each wavelength.  

These standard deviations were then averaged.  Averaging the entire wavelength range,  
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Figure A.1.  Spectra of 1 sample of neat (R)-limonene, repeated 5 times. 
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from 190-1100 nm yielded an average standard deviation of 0.004084; averaging from  

280-1100 nm yielded an average standard deviation of 0.000195.  Thus, the variation in 

the instrumental output is less than 0.005 for the entire range and less than 0.0002 for the 

range typically used in the regression analyses.  

 In addition to this, the cell was refilled with a new sample of neat (R)-limonene, 

and the spectrum was recorded.  This was repeated four times, each with new samples of 

(R)-limonene.  These five spectra are shown in Figure A.2.  Again, they are virtually 

indistinguishable.  The standard deviation for the five spectra was calculated as each 

wavelength, and these standard deviations were averaged.  The entire wavelength range 

of 190-1100 nm yielded an average standard deviation of 0.004374, very similar to the 

single sample.  For the wavelength range of 280-1100 nm, the average standard deviation  
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Figure A.2.  Spectra of 5 separate samples of neat (R)-limonene. 
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was calculated to be 0.000587, slightly higher than for the single sample.  These results 

indicate that the variations among samples are also quite small. 

 The variations observed among recorded spectra of the same sample and among 

different samples of the same compound are much smaller than the observed variations 

due to differences in enantiomeric composition. This indicates that the differences 

observed are not the result of instrumental variations.  This study also indicates that the 

instrument is providing reproducible data to at least three significant figures.   
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