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Supervisor:  Eric V. Anslyn 

 

In the last decade, there has been a growing interest in the use of differential 

sensing for molecular recognition.  Inspired by the mammalian olfactory system, 

differential sensing employs an array of non-selective receptors, which through cross-

reactive interactions, create a distinct pattern for each analyte tested.  The unique 

fingerprints obtained for each analyte with differential sensing are studied with statistical 

analysis techniques, such as principal component analysis and linear discriminant 

analysis. 

It was postulated that serum albumin proteins would be applicable to differential 

sensing schemes due to significant differences in sequence identity between different 

serum albumin species, and due to the wide range of hydrophobic molecules which are 

known to bind to these proteins.  Consequently, cross-reactive serum albumin arrays were 

developed, utilizing hydrophobic fluorescent indicators to detect hydrophobic molecules.  

As such, serum albumin cross-reactive arrays were employed to discriminate subtly 

different hydrophobic analytes, and mixtures of these analytes, in the form of terpenes 

and perfumes, plasticizers and plastic explosive mixtures, and glycerides and adipocyte 

extracts. 

In this doctoral work, a detailed review of the field of differential sensing, and a 

thorough study of principal component analysis and linear discriminant analysis in 
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various differential sensing scenarios, are given.  These introductory chapters aid in better 

understanding the methods and techniques applied in later experimental chapters.  In 

chapter 3, serum albumins, a PRODAN indicator, and an additive are shown to 

discriminate five terpene analytes and terpene doped perfumes.  Chapter 4 describes an 

array with serum albumins, two dansyl fluorophores, and an additive which successfully 

differentiate the plasticizers found within the plastic explosives C4 and Semtex and 

simulated C4 and Semtex mixtures.  Discrimination of these simulated mixtures was also 

achieved with this array in the presence of soil contaminants, demonstrating the potential 

real-world applicability of this sensing ensemble.  Finally, chapter 5 details an array 

consisting of serum albumins, several fluorescent indicators, and a Grubb’s olefin 

metathesis reaction, to differentiate saturated and unsaturated triglycerides, diglycerides, 

and monoglycerides.  Mixtures of glycerides in adipocyte extracts taken from rats with 

different health states were then successfully discriminated, showing promise for clinical 

applications in differentiating adipoctyes from pre-diabetic, type 2 diabetic, and non-

diabetic individuals. 
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Chapter 1:  Differential Sensing and Arrays in Chemical Analysis 

1.1 INTRODUCTION 

Nature has long been a source of inspiration for scientists as they strive to tackle 

current chemical and biological hurdles.  As such, scientists working in the field of 

molecular recognition have devoted ample time and effort to design and synthesize 

artificial receptors which perform in a similar manner to the sensors found in nature.  The 

supramolecular sensors, which are typically employed in the field of molecular 

recognition, classically utilize intermolecular interactions1 or more recently reversible 

covalent bonds2 to associate with analytes and generate discernable and quantifiable 

signal modifications.  These receptors must contain a signaling mechanism which 

indicates that binding of an analyte has occurred.  Though the incorporation and 

facilitation of such signaling mechanisms within a receptor can often be challenging, 

these sensors have helped to bring scientists closer to simulate the sophistication of 

natural phenomena. 

1.1.1 The Lock-and-Key Principle 

One of the major inspirations for synthetic receptors comes from the interactions 

observed in nature between enzymes and substrates. Enzymes are highly substrate 

specific and thus are able to recognize a target substrate with extremely high precision.  

In 1894, Emil Fischer proposed the lock-and-key model of enzyme action.3  In his 

analogy, the enzyme represented a lock and the substrate a key, where a single lock fits a 

specific key and unfamiliar keys are hence rejected from the lock.  His theory also 

proposed that the pair-wise interactions between enzymes and substrates provide the 

driving force for enzyme-substrate binding.  These pair-wise interactions seen in 

enzymes, such as hydrogen bonding, electrostatic, or hydrophobic interactions, are the 
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same types of attractive forces that are typically utilized by researchers in the molecular 

recognition community.  Thus, this lock-and-key model has for many years served as an 

inspiration for synthetic sensor design. 

Synthetic receptors based on the lock-and-key paradigm are generally designed 

with specific targets in mind, tailoring every aspect of the receptors to compliment the 

chemical structures of desired analytes.  The design process of these synthetic receptors 

often begins with extensive computer modeling.  The purpose of this modeling is to 

enhance probable interactions between the host and guest by ensuring that the structure of 

the host maximizes these predicted interactions.  The extent of interaction for guests not 

being targeted should be minimal, since the structure of the host is not designed to 

accommodate other guests.  A few examples of receptor units which are often included in 

the structure of these synthetic receptors are boronic acid moieties which target sugars or 

diols,4, 5 hydrophobic units to match the aromatic or aliphatic regions of guest molecules,6, 

7 and positively charged fragments like guanidinium units to accommodate negatively 

charged analytes such as carboxylates.8, 9 

The effectiveness of the lock-and-key approach is exemplified in a receptor 

synthesized to sense pyrophosphate.10   Sensor 1.1 contains two polycationic arms that 

were designed to bind to negatively charged phosphate groups.  Placement of the 

polycationic arms was done judiciously, so as to obtain the correct geometric distance to 

accommodate a single molecule of pyrophosphate (Figure 1.1).  For the signaling unit 

the researchers chose the fluorescent indicator anthracene.  In the absence of the analyte, 

the proximal amines of the receptor quench the fluorescence of anthracene through 

photoinduced electron transfer (PET).11   Binding of the pyrophosphate analyte results in 

protonation of these amine functionalities, which stops PET and restores the original 

anthracene fluorescence.  Utilizing this scaffold, the sensing of pyrophosphate was 
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facilitated in the presence of phosphate, with the sensor showing a 2200-fold preference 

for pyrophosphate at neutral pH.  Based on this selectivity, this method provided an 

accurate way to detect pyrophospate. 

Figure 1.1: A lock-and-key sensor.  Binding of non-fluorescent pyrophosphate 1.2 to 
sensor 1.1, forming the highly fluorescent complex 1.3 in H2O at neutral pH. 

This approach to receptor fabrication has become a routine practice for a large 

subset of supramolecular chemists. There are, however, several drawbacks that have 

limited its robust implementation.  First, receptors utilizing this model are best suited for 

small or medium-sized analytes.  As the size of the analyte increases, the difficulty of 

carefully designing recognition sites on the host usually becomes exponentially more 

difficult.  Also, larger analytes have an increasing number of degrees of freedom.  The 

multitude of potential conformations that larger analytes, such as proteins, peptides, or 

complex carbohydrates can adopt adds another layer of complexity for analyte 

recognition.  Additionally, complementary units of the host must be synthetically fused 
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together, thus resulting in the process of making these hosts a synthetic challenge.  

Furthermore, no guarantee is afforded that the synthetic receptor will specifically and 

selectively bind the target it was modeled to bind, even if molecular modeling is first 

conducted, thus risking the expense of time and effort.  Finally, it becomes difficult to 

create sensors that specifically pick out single analytes from mixtures of many 

structurally similar analytes.  This makes the task of designing sensors for biological 

fluids, for instance, immensely difficult using the lock-and-key model of sensor design.  

Consequently, chemists have turned to nature’s methods of molecular recognition used in 

the olfactory senses, in order to address these limitations. 

1.1.2 Biological Olfaction 

The human perception of flavor is derived from the collective information 

received by three distinct senses: trigeminal sense, taste (gustation), and smell (olfaction).  

The trigeminal sense consists of a group of receptors located in the back of the throat 

which respond to high concentrations of chemical irritants, such as spicy foods, menthol, 

or ammonia.12  The sense of taste has five distinct receptors, each located on a specific 

region of the tongue.  Each type of taste receptor is responsible for signaling ligand 

binding which corresponds to a particular taste: bitter, sweet, salty, sour, and umami (the 

taste corresponding to monosodium glutamate.)12  The taste and trigeminal senses are 

much simpler senses than the sense of smell.  The sense of smell is by far the most 

significant sense in regards to the contribution it plays in flavor awareness and 

identification. 

The sense of smell, however, is a very complex sense.  There are more than 100 

million receptors which contribute to the sense of smell.  These receptors are located high 

up in the membrane of the nose, in tissue referred to as the olfactory epithelium.  A 
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mucus layer covers the epithelium and thus the interaction of odiferous molecules with 

the olfactory receptors occurs in an aqueous environment.  The olfactory epithelium 

consists of three types of cells: (1) olfactory cells, (2) supporting cells, and (3) basal cells.  

The olfactory cells are long, thin cells, containing branched structures called cilia which 

extend into the mucus layer surrounding the epithelium.  These cilia contain the olfactory 

receptor proteins which interact with odorants.  The olfactory cells are replaced every 30 

to 60 days and require help from the basal cells for regeneration.13  The supporting cells 

assist in maintaining the structure of the epithelium tissue. 

Proteins which are imbedded within the membrane of the olfactory cells are 

responsible for binding odiferous molecules and signaling this binding event.  The 

olfactory receptor proteins are comprised of three parts: (1) an extracellular portion to 

bind ligands, (2) a hydrophobic section to attach the protein to the membrane, and (3) an 

internal portion which undergoes a conformational change to signal ligand binding.  The 

extensive Nobel prize winning work by Richard Axel and Laura Buck discovered that the 

olfactory receptor proteins contain similar characteristics seen in the classical seven-

transmembrane domain, G-protein coupled receptor (analogous to the β-adrenergic 

receptor).14  These olfactory receptor proteins have highly diverse third, fourth, and fifth 

transmembrane domains, which account for the extensive range of odorants capable of 

binding to these receptors.  Each olfactory cell expresses only one specific olfactory 

receptor protein, and there is evidence that the general subfamily of receptor proteins are 

proximally located within the epithelium.15, 16 

The process of odor perception first occurs by binding of the odorant to the 

transmembrane region of the receptor protein located in the membrane of the cilia in the 

epithelium.  This binding confers a conformational change in the receptor protein which 

results in the generation of secondary messengers.  These secondary messengers then 
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activate ion channels which depolarize the olfactory cell (Figure 1.2).  It is this electrical 

signal which then travels down the axon of the cell to the olfactory glomerulus, where the 

axons of multiple olfactory cells come together in a bundle.  Each olfactory glomerulus 

receives input from one type of olfactory cell (i.e. a cell with one type of receptor 

protein)17, 18 and thus, the olfactory glomeruli differentially respond to specific odors.  It is 

the collective combinations of the activated glomeruli which encode each individual odor 

as a topographic pattern (Figure 1.3).  These patterns are further transmitted to the 

olfactory cortex for additional processing to identify the signal as a particular smell.19, 20 

Figure 1.2: An olfactory receptor protein.  A pictorial representation of a seven 
transmembrane G-coupled protein which interacts with odorants, ultimately 
leading to activation of the olfactory cell ion channels.  (Reproduced from 
Ref. 21. © The Company of Biologists, 2009.) 
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Figure 1.3: The olfactory system.  Pictorial representation of how the olfactory system 
facilitates the detection and identification of aromas.  (Reproduced from 
Ref. 14. © Wiley-VCH, 2005.) 

One of the most remarkable aspects of the mammalian olfactory sense is fact that 

there are roughly 100 million olfactory receptors which bind the millions more possible 

odorants which we as humans are able to recognize as smells.  This necessarily dictates 

that in the human olfactory system, odor molecules interact with more than one olfactory 

receptor and conversely each olfactory receptor interacts with more than one specific 
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odor molecule.22  This is particularly advantageous for the olfactory system as a low level 

of stimuli is required to generate a signal since the signal is comprised of the sum of 

responses from of a large number of receptors.  The mammalian olfactory sense enables 

the recognition of a wide range of molecules and complex mixtures with a finite number 

of receptors, and consequently has prompted supramolecular chemists to model sensing 

strategies after the biological phenomenon of smell, namely in the form of differential 

sensing. 

1.1.3 Chemometric Analysis Methods in Differential Sensing 

Differential sensing hinges on the use of many differential receptors that exhibit 

non-specific binding toward analytes.  The cross-reactive nature of these receptors, 

meaning they react to different degrees with a multitude of different analytes, has led to 

the designation of these sensors as differential.23   The collective set of differential 

receptors is typically referred to as an array.  Since the receptors are not specific for any 

individual analyte, the cumulative response of the array of sensors is unique to the 

particular analyte being studied, thus creating a pattern from the composite set of signals 

specific for each analyte.  Often less extensive thought or modeling is given to tailoring 

binding sites on the receptor, and less strenuous planning and synthesis is required in 

order to distinguish between structurally similar compounds.  Additionally, time is 

generally not spent on the design and synthesis of a new host for every target analyte, 

since a set of differential receptors may be applied to a multitude of analytes.  In this 

method it is advantageous to use a broad selection of receptors, since a myriad of 

responses can create additional layers of signal complexity.  In other words, further 

complexity of the additional signal values can help to create more differentiation of the 

structurally similar analytes. 
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As with the lock-and-key model, a signaling mechanism for binding of an analyte 

must be engineered for differential sensing arrays.  In addition to this signaling 

mechanism, scientists must have a way to analyze the patterns that are generated by each 

array.  As the number of receptors in an array increases, the information that is generated 

from these arrays becomes increasingly convoluted.  The breadth of information 

generated makes the task of accurately interpreting the pattern portrayed by the data 

equally daunting.  To resolve this dilemma, chemometric tools have been employed.  The 

most commonly applied chemometric analysis tools have been principal component 

analysis (PCA),24 linear discriminant analysis (LDA),25 and hierarchical cluster analysis 

(HCA).25  In addition, artificial neural networks (ANN)26 have been utilized when analyte 

quantification, in addition to analyte identity, are desired. 

Linear algebra is used in PCA to create a series of perpendicular axes that 

represent the greatest extent of variance in a given data set.  Each principal component 

represents a certain amount of variance in the data, with the first principal component 

representing the most variance.  Plots are created that show the first two or three principal 

components, which are often sufficient to create separation between clusters of similar 

data.  PCA is an untrained or unsupervised method, where the analyte classification of the 

input data is not identified prior to carrying out the PCA algorithm.  In contrast to PCA, 

LDA requires the class to which each input belongs to be identified before any 

computations are performed, and hence this method is often referred to as a guided or 

supervised technique.  Discriminant functions are derived in LDA with the goal of 

creating maximum separation between analyte classes while minimizing the separation 

within each analyte class.  The confidence of analyte separation in LDA plots are 

subsequently checked using a jack-knife analysis. This analysis method removes a single 

individual data point from the set and recreates the mathematical functions in the absence 
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of the omitted point.  The removed data point is then treated as an unknown, and is 

further classified in accordance with the newly created set of functions.  This process is 

repeated for every data input, with the accuracy of the reassignment representing the 

classification ability of the model for the data set.  A similar “leave one out” analysis can 

also be performed for PCA plots. 

HCA, although not as widely used as PCA and LDA, is another statistical analysis 

tool which has been used to analyze complex output signals from differential sensing 

arrays.  HCA is a method of analyzing data which classifies similar analytes without 

reducing the dimensionality of the data set.  The pictorial representation of HCA is a tree-

like structure, called a dendrogram.  In this dendrogram, the root of the tree is a single 

cluster containing each analyte in the data set, the branches of the tree group similar 

analytes into clusters, and the tree leaves at the end of the branches represent each 

individual observation.  There are two main algorithms which are generally used for 

HCA.  One algorithm is an agglomerative method which starts from each individual 

observation and subsequently merges the observations into clusters.  The other algorithm 

is a divisive method which starts from a single cluster of all observations and then splits 

this cluster into smaller groups.  In each of these methods, HCA utilizes the distance 

measured between clusters of observations to arrive at the resultant dendrogram.  An 

advantage of HCA, which is an unsupervised or untrained method, is that it makes no 

assumptions about the classification of analytes within a data set. 

Analyzing data using ANN is often selected in the absence of a simple, linear 

relationship between the values that are known and the values that are measured.  This 

system was inspired by the way the brain functions, where many interconnected groups 

of neurons work together.  This cooperation allows the animal brain to learn ways to 

connect what is known to be true to what is observed by assigning confidence levels to 
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observed trends.  For ANN, the values are first entered into a program as inputs.  The 

program then analyzes the outputs generated and creates functions.  These functions 

attempt to match the values that are input to the values that are seen as outputs.  

Additional emphasis is given to those functions that give the best correlation between 

inputs and outputs.  These functions are dynamic and mutable, and the predictive power 

of the network is increased when functions are iteratively changed, reflecting strengths 

and improving upon the weaknesses of prior functions. 

PCA, LDA, HCA, and ANN are the four primary statistical analysis techniques 

that have been utilized in the field of differential sensing to interpret the patterns which 

are produced from receptors in an array.  These techniques are used both individually and 

collaboratively for pattern recognition, and though they are nowhere as efficient at 

interpreting signals as the human brain is with regards to olfaction, they offer the 

researcher multiple approaches with which complex results can be analyzed.  

1.2 ELECTRONIC SENSORS 

1.2.1 The Electronic Nose 

By the middle of the 1950s, speculation about the creation of an electronic 

instrument that operated on the same principles as the nose for odor detection was quite 

widespread.  In a practical setting, however, no design had yet been fabricated that 

accomplished this goal.  Hartman was the first to present a crude apparatus that was 

capable of giving a reproducible reading of organic vapors.27   In his system, a platinum 

metal wire was polished at its end and abutted to an electrolyte saturated metal rod to 

make up an electrochemical sensor.  Each platinum wire was coated with various 

enzymes, which were then introduced to volatile organics.  These volatiles caused a 

voltage change that was registered by a millivoltmeter.  Hartman accurately reported that 
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these combinations of wires and enzymes constituted a set of differential sensors, since a 

single analyte was capable of giving a differential response.27  He made no attempt to 

precisely quantify the change in voltage, nor did he attempt to interpret the patterns that 

were created by these sensors.  He envisioned that by applying several of these coated 

wires in succession, one could create a system that identifies a particular mixture of 

compounds without knowing its individual components. 

Simultaneously, Moncrieff reported the development of a sensor which could 

discriminate a large number of odors.28  His sensor consisted of an array of thermistors, 

temperature sensitive resistors coated with various materials such as poly(vinyl chloride), 

gelatin, and vegetable fat.  The diverse interactions of six different thermistors with 

odorants were able to provide enough data to distinguish a range of aromas. 

Despite the increasing amount of research dedicated to this topic, no breakthrough 

reports of a true electronic nose were made until a few decades following these earlier 

publications.  In conjunction with significant technological advances, this goal was 

finally achieved when Persaud and Dodd reported a true electronic nose comprised of tin 

oxide (SnO2) sensors.29  Their device consisted of an array of three commercially 

available Figaro gas sensors:  the first sensor chosen was selective toward alcohols, the 

second toward carbon monoxide, and the third was a more robust sensor designed for the 

general class of combustible gasses.  A Figaro sensor is comprised of a ceramic tube with 

a heating apparatus running through its center.  This tube is covered with a layer of SnO2, 

and electrodes are attached to both ends.  The output measured is the change in resistance 

that is seen following addition of gas to the sensor.  This quantifiable measurement is 

compared to the resistance in only the presence of air and occurs due reactions between 

the analyte molecules and oxygen containing sorbents on the SnO2 surface. 
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In order to confirm the presence of a differential response, the researchers 

measured the sensitivities of the three sensors to the analyte, ethanol.  The relative 

sensitivity of the alcohol selective sensor was measured to be 0.4, and the carbon 

monoxide specific sensor gave 10.0, when normalized to the combustible gas sensor 

(designated as 1.0).29  The observed differential nature of these sensors with ethanol 

helped to prove the potential applicability of this system.  The apparatus was constructed 

with all three sensors connected in a circuit, and results were obtained by comparing 

combinations of the sensors.  Outputs from the first and third sensors allowed for 

discrimination of the compounds 1.4-1.7, which were the volatile organics amyl acetate, 

octanol, ethanol, and diethyl ether (Figure 1.4).  Additionally, the responses of organic 

compounds methylpyrazine, valeric acid, and isojasmone (1.8-1.10) could be 

differentiated, as well as lemon oil, by comparing the responses of the second and third 

sensors.  This initial contribution provides evidence that discrimination between specific 

odors can be achieved through the use of several non-specific differential receptors.  
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Figure 1.4: Discrimination of organic compounds with the electronic nose from Persaud 
and Dodd.   Top left graph shows responses from the first and third sensors 
for 1.4 (), 1.5 (), 1.6 (), and 1.7 ().  Bottom left graph shows 
responses of the second and third sensors to 1.8 (), 1.9 (), 1.10 (), and 
lemon oil ().  Right box has chemical structures of all of the analytes 
tested.  (Reproduced from Ref. 29. © Nature Publishing Group, 1982.) 

The Di Natale group has demonstrated the practical applicability of this kind of 

technique in the analysis of red wine.30  Four wines were selected, all made from the 

same type of grape, Groppello, and differed only in the vineyard from which the grapes 

grew.  Wines from different vineyards are known to have subtly different chemical 

compositions, owing mostly to the make-up of the soils where the grapes were grown.  

The local wine authority runs a series of tests that are usually sufficient to detect these 

subtle differences.  The measurements taken include quantifying the alcohol content, 

acidity, concentration of tartaric acid, pH, and amount of SO2 present in each samples.  

However, using such measurements it was only possible to differentiate two out of four 

O

O

1.4

OH O

OH

1.6 1.7

1.5

OH

O

1.9

N

N

1.8

O

1.10



 15 

of the wine samples (Garda BS and S. Emiliano were differentiated while DOC BS 1 and 

DOC BS 2 were not.)  The goal of the Di Natale group was to create a sensor that could 

assign the difference between these two remaining undifferentiated wine samples. 

The sensor array made consisted of five different SnO2 gas sensors connected to a 

computer capable of recording any change in resistance.  The tests were performed at 400 

°C by passing a gaseous sample that was primarily wine vapor, mixed with a small 

amount of air, over the sensors.  Data from each wine was used to train a neural network, 

which was then subjected to unknown wine samples.  The results of the neural network 

analysis are shown in Figure 1.5, with complete differentiation of the two previously 

undifferentiated wine varietals.  When the analysis was performed with the original two 

wine varietals that had been successfully differentiated earlier, they clearly did not fit into 

the two groupings, pointing to a potential method to reject outlier wine samples. 

Figure 1.5: Discrimination of wine varietals with the electronic nose from Di Natale et 
al.  Plot of the SnO2 sensor data separated by a neural network.  
(Reproduced from Ref. 30. © Elsevier, 1996.) 
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Despite these examples, the use of electronic noses based on SnO2 sensors has 

been limited in scope.  When applying SnO2 tubes as sensors, there is a necessity to heat 

the apparatus to a very high temperature.  One reason is to ensure that no water adsorbs to 

the surface, as this will change the resistance of the system.  This elevated temperature 

requirement may not prove fatally detrimental for detection of several simple organic 

analytes, as they are stable at high temperatures.  Many other organic compounds of 

interest, however, may not be quite as stable at elevated temperatures.  This lack of 

stability leads to a risk that the species may break down before the analysis has been 

carried out.  Additionally, researchers are limited to a single output reading of resistance 

from these sensors, and thus have little ability to tailor the sensor towards particular 

analytes or classes of analytes of interest.  Furthermore, the analysis is performed on 

species in the gas phase, precluding the opportunity to perform analysis in solution.  

Several larger molecules cannot be readily evaporated and are excluded from these 

analyses.  For all of these reasons, it became desirable for scientists to create an 

electronic tongue approach that allowed for solution-based analysis. 

1.2.2 The Electronic Tongue 

One of the early reports of array-based differential sensing in solution came from 

Toko and coworkers.31, 32  An array was created with membranes comprised of eight 

analogous lipids.  Each of these lipids was stirred with a plasticizer (dioctyl 

phenylphosphate) and polyvinyl chloride (PVC), then subsequently dried onto a glass 

plate to create a clear and colorless film.  The detection was enabled by a silver wire that 

served as an electrode to read any change in voltage that occurred upon analyte 

introduction.  This signal was amplified before being fed to a computer, where the data 

were recorded following correction from a plain silver reference electrode.  
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The goal of this analysis was to differentiate between varieties of species that 

make up the main groups of taste bud receptors.  To this end, the researchers utilized 

sucrose to imitate sweet, sodium chloride to represent salty, quinine for bitter, 

hydrochloric acid to serve as sour, and finally, monosodium glutamate (MSG) to 

represent umami.32  They determined that it was possible to fully differentiate each of the 

individual classes of taste by plotting the voltage readings produced by this array of lipid 

polymer membranes.  To further prove the power of this technique, the researchers 

sought to classify molecules within each taste category subset.  Hydronium ions give 

food or drink a characteristic sour taste, which can be created by a variety of acids.  This 

sensor array was subjected to three different acids:  hydrochloric acid, acetic acid, and 

citric acid.  Similarly, sodium chloride was tested in conjunction with potassium chloride 

and potassium bromide to make up the class of tastes designated as salty.  Graphs 

obtained for the response of the array to these analytes are shown in Figure 1.6.  Though 

some members of the array gave similar responses to the analytes (such as the sensor in 

channel 4 in the sour component acids graph), the composite responses created non-

overlapping curves inherent to each sufficiently different component. 
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Figure 1.6: Discrimination of sour and salty compounds with the electronic tongue from 
Toko et al.  Composite electric potential responses of the array of lipid 
membrane sensors (i.e., channel 1-8) to the sour class (left) and salty class 
(right).  For sour class: ( ) HCl, ( ) Citric acid, (---) Acetic acid.  For 
salty class: ( ) NaCl, ( ) KCl, (---) KBr.  (Reproduced from Ref. 31. © 
Wiley-VCH, 1998.) 

Another electronic tongue was reported by a group of researchers at the 

University of Texas who created a microchip array of differential sensors that was aimed 

at solution-phase study of analytes.33  Their strategy was centered on immobilization of a 

range of receptors that were affixed to a solid support, creating what they termed a “taste 

chip.”  The solution being tested was passed over the chip, which was analyzed with a 

charge-coupled device (CCD).  This CCD was able to record changes that took place in 

the red, blue, and green portions of the spectrum.  The creation of this system was simple 

with its size being amenable to manipulation by standard laboratory equipment. 

Poly(ethylene glycol)-polystyrene (PEG-PS) beads were synthetically modified to 

include a variety of indicators.  These beads were then placed into wells etched into 

Si/SiN wafers, with each different bead being analogous to a new taste bud.  The varying 

response of the receptor beads to the analyte constitutes the ability of the system to 
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differentiate analytes.  To prove this concept was amenable to solution-phase 

differentiation, the researchers created an experiment utilizing a 3 x 3 array of the 

derivatized beads.  A fast protein liquid chromatograph pumped solutions through the 

well, with solution entering at the top and exiting through the bottom of the etched wells.  

The wafer was contained within an aluminum carriage, which was put between a 

stereoscope added to capture images and the CCD.  Data were collected over a range of 

pH values for many analytes.  The absorption of the beads by the CCD, and this data was 

used to create a pattern.  The patterns created were unique to the analyte that had been 

introduced to the system.  This particular array was comprised of five classes of beads.  

The first bead was derivatized with alizarin complexone (ALZ).  This indicator was 

chosen for its sensitivity towards Ca2+ and Ce3+, as well as pH values.  The second bead 

was derivatized with a fluorescein indicator (FLU) that could be used for pH 

measurements.  The third bead incorporated a boronic ester (BOH) in order to monitor 

both fructose presence and pH.  The fourth bead contained o-cresolphthalein complexone 

(CRP), utilized both for Ca2+ and pH measurements.  Finally, a resin bead whose terminal 

amines had been acetylated was used as a blank control (BLK).  The change in absorption 

of red, blue, and green components of light was measured at the indicated pH values 

(Figure 1.7) with pure solutions of Ca2+, Ce3+, and mixtures thereof.  Analyses were 

performed quickly, and differentiated colorimetric patterns were created for each unique 

solution. 
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Figure 1.7: Differential responses for calcium ion with the electronic tongue from 
Anslyn et al.  (Top) Indicator bearing beads that are fixed in the chip.  
(Bottom) The color deviation that occurred for the analyte in terms of red, 
green, and blue portions of the light.  Ca2+ concentration is 0.1 M.  
(Reproduced from Ref. 33. © American Chemical Society, 1998.) 

Anslyn, McDevitt, and coworkers34 refined this technique by making a few minor 

changes to the system, as well as improving the applicability of this technology.  The first 

refinement was the incorporation of a video capture device in conjunction with the CCD.  

The video capture allows for the storage of numerous consecutive images, allowing the 

reactions taking place in these microwell reactors to be visualized kinetically.  A 

fluorescence microscope was used as the light source, which allowed simultaneous 

collection of both absorbance and fluorescence data.  An increasing number of beads 

were prepared with numerous varying indicators covalently attached, leading toward 

better differentiating power.  In addition, swapping agarose beads for PEG-PS made 

feasible the use of enzymes and biological proteins.  These modifications opened the door 

to a broad scope of substrates and methods, such as applying the chip to the analysis of 

immunoassays.  The authors foresaw the future potential application of these chips in a 
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multitude of analytical applications, such as environmental testing, petrochemical 

processing, and toxicology monitoring.34 

These examples represent some of the first applications of array-based sensing.  

The examples range from gas detection by the electronic nose to the ability of the 

electronic tongue to differentiate analytes in solution.  The one unifying principle of these 

early systems was the need to fabricate relatively extensive laboratory equipment in order 

to differentiate analytes.  This fact poses no problem if the goal of the work is to create an 

instrument (rather than chemical technology) that may be commercially available to the 

public.  Several chemists have borrowed from these initial reports to broadly expand 

upon these techniques, allowing scientists to impart their own design into creating 

receptor arrays that function through a range of supramolecular interactions, for the most 

part completely in the solution phase and requiring less instrumental development than 

the previous examples. 

1.3 ARRAYS FOR SINGLE ANALYTE SENSING 

As supramolecular chemists began to expand their research to study array based 

sensing, they first targeted single analyte solutions.  Examples of important analyte 

classes which have been targeted include solutions of simple organics, amino acids, 

nucleotides, peptides, and proteins.  Various strategies and techniques detailed in this 

section have been employed by researchers for the development of sensor arrays which 

can be applied toward the detection and differentiation of such single analyte solutions. 

1.3.1 Simple Organics 

Simple organic molecules are some of the most basic analyte targets of solution-

based arrays.  One example from Anslyn et al.35 demonstrated that these kinds of arrays 

could detect and differentiate seven structurally similar molecules, including two α-
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hydroxycarboxylic acids (1.11 and 1.12), two phenolic acids (1.13 and 1.14), and three 

amino acids (alanine, glutamic acid, and aspartic acid).  The array from the Anslyn group  

consisted of two categories of receptors, non-designed receptors and designed receptors.  

Non-designed receptors, such as metal salts, benefit the array as they require no synthetic 

efforts, while designed receptors overcome the lack of selective binding usually seen with 

non-designed receptors.  The array employed the use of previously synthesized designed 

receptors (1.15 – 1.23) which contain amine and guanidinium groups for carboxylic acid 

binding and boronic acid groups for diol and α-hydroxycarboxylic acid binding.  The   

non-designed receptors in the array consisted of various metal salts (ZnCl2, CuCl2, CdCl2, 

MnSO4, LaCl3) which contain multiple coordination sites at each metal center.  These 

metal salts often have complex guest-receptor binding stoichiometries which were found 

to be advantageous for the discrimination of these subtly different analytes.  In 

conjunction with six UV indicators (alizarin, pyrocatechol violet, xylenol orange 

tetrasodium salt, fluorescein, arsenazo III, and gallocyanine) an indicator displacement 

assay was developed which produced various signals that were collected and then 

subsequently subjected to PCA.  This PCA plot was then further improved through over-

direct comparison-based preselection and choosing the optimized wavelength for the 

data, proving that data pre-processing can be an effective method for increasing analyte  

1.12 1.11 

1.13 1.14 



 23 

differentiation in a PCA plot.  Through this study, it was found that an array with many 

types of receptors can increase differentiation and that complex binding stoichiometries 

offer more spectroscopic data which can be useful in pattern recognition of single organic 

analytes. 

 

1.15 1.16 1.17 

1.18 1.19 

1.20 with ZnCl2 (1 equiv.) 
1.21 with CuCl2 (1 equiv.) 

1.22 with ZnCl2 (1 equiv.) 
1.23 with CuCl2 (1 equiv.) 
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1.3.2 Amino Acids 

1.3.2.1 Detection of Amino Acids by Array Sensing 

Arrays for amino acid detection focus primarily on differentiating amino acids by 

their various side chain characteristics.  These differing characteristics, such as being 

hydrophobic, positively charged, negatively charged, and aromatic, derive from the 

chemical structure of the particular side chain on an amino acid.  Since amino acids have 

such a wide range of side chains with various chemical characteristics, discrimination of 

these analytes is in certain ways simplified, especially in comparison to more subtly 

different analytes such as nucleotides discussed in the subsequent section. 

Severin et al.36 developed an array which detects amino acids using a rhodium-

cyclopentadiene complex (1.24) and three UV indicators.  Upon introduction of amino 

acids to these metal receptor-indicator complexes, a certain degree of indicator 

displacement could be measured for each amino acid.  An important feature of this array 

arose from collecting optical data at various pH levels, which resulted in selectivity 

changes for the amino acids to the metal receptor.  First, the authors tested the amino 

acids with one metal-indicator combination at pH 7.  This led to a separation of the amino 

acids into two groups: one group with a high affinity to the receptor, and another group 

with a weaker affinity to the receptor.  Differentiation of the amino acids within these two 

groups required combinations of receptor-indicators, pH levels, and multivariate analysis.  

The optical data was used to construct a PCA plot (Figure 1.8), which revealed that each 

amino acid produced a unique absorption pattern, even for circumstances where there 
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were subtle differences between the side chains of the amino acids.  Good discrimination 

of all amino acids was seen in this study, with the exception of valine and isoleucine, 

which showed a moderate overlap in their PCA scores.  Several patterns were noted in 

the PCA score plot.  The hydroxyamino acids, serine and threonine, were seen to have 

similar scores in the plot.  Aromatic amino acids, phenylalanine, tyrosine, and tryptophan 

also had similar scores in the PCA plot.  Presumably, those amino acids with comparable 

scores interacted in a similar manner with the metal-indicator complexes.  The 

investigators also found that proline, the only cyclic amino acid, was very well separated 

from the rest of the amino acids studied.  This study was successfully able to discriminate 

all twenty amino acids using a very simple array, requiring no synthetic efforts.  Severin 

also demonstrated how simply adjusting the pH at which the absorbance is measured 

could be an additional discriminatory factor for multivariate analysis. 

Figure 1.8: Discrimination of amino acids with the array from Severin et al.  PCA plot 
discriminating 15 amino acids.  (Reproduced from Ref. 36. © American 
Chemical Society, 2005.) 
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1.3.2.2 Detection of Amino Acids by Receptors Amenable for Array Sensing 

The following examples are receptors which have been synthesized by several 

research groups for the detection of amino acids.  In each example, several receptors are 

constructed which have differential binding to a selection of amino acids.  Although these 

particular examples were not constructed in an array format, these reports are detailed 

here as examples of differential sensors which are amenable to array sensing and could 

have improved amino acid discrimination results if applied in a manner such as array-

based sensing. 

Schrader37 synthesized two bisphosphonate receptors (1.25), one with an oxygen 

atom bridging the two phosphonate groups and one with a sulfone group joining the 

phosphonates.  These receptors were designed to bind a guanidinium cation with their 

two phosphate units.  Each receptor had different guanidinium binding abilities due to the 

different sizes of the cleft in the receptor.  A wider opening is achieved with oxygen 

present in the receptor, while a narrower one exists with a sulfone group present in the 

receptor.  Through NMR studies, it was found that in comparison to a monophosphate 

receptor, the bisphosphonate receptors have increased binding constants with various 

guanidinium analytes.  These receptors were found to be highly selective for binding the 

amino acid arginine, which contains a guanidinium group, over other amino acids such as 

alanine and lysine. 
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Another receptor that has found broad use in amino acid sensing is the calixarene.  

Calixarenes are cyclic macromolecules comprised of para-substituted phenol units.  The 

para position can be decorated with diverse functional groups to modify their binding 

ability to various analytes.  Ungaro et al.38 found that a calixarene with a rigid cone 

structure binds amino acids better than a calixarene with a more flexible structure.  A 

calixarene (1.26) was made rigid by attaching two diethylene glycol units to the lower 

rim of the calixarene.  The top of the calixarene was functionalized with alanine moieties, 

with the carboxy anion from the amino acid functionalization exposed on the outside of 

the calixarene.  This allowed the core of the calixarene to complex hydrophobic moieties. 

NMR studies suggested that hydrophobic amino acids were most favorably complexed, 

with aromatic amino acids like tryptophan having much stronger binding constants than 

aliphatic amino acids.  The authors hypothesized that the aromatic amino acids may have 

additional π−π interactions with the calixarene receptor which aid in increased binding 

ability.  It was also found that glycine did not bind to the receptor, most likely due to the 

hydrophilic character of glycine.  This work by Ungaro highlights the potential benefits 

of rigid receptors in molecular recognition. 

A group of calixarenes with four, six, and eight phenol groups conjugated to 

different functional groups such as carboxy, cyano, amido, and amino moieties, were 

1.26 
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created by Da Silva and Coleman.39  The various numbers of phenol components enabled 

the different sized calixarene receptors to form diverse shapes.  The calixarenes with four 

phenol groups formed cone shaped receptors, while molecules with six or eight phenol 

groups lead to fan shaped receptors.  The attached functional groups provided the 

calixarenes with arms to differentially interact with a selection of amino acids.  The 

binding of these amino acids to the calixarenes was measured with NMR spectroscopy.  

It was proposed that electrostatic interactions, hydrogen bonding, and the hydrophobic 

effect all contribute to the differential binding affinities of the amino acids to each 

calixarene receptor.  Thus, Da Silva and Coleman demonstrated the use of a receptor with 

various size calixarenes that possessed different functional groups to create differential 

receptors. 

Although the above studies are not specific instances where array sensing has 

been employed for amino acid detection and differentiation, they are clear examples of 

systems amenable to array sensing.  Such circumstances where receptors have differential 

binding to the target analytes represent cases which would benefit from array sensing 

techniques. 

1.3.3 Nucleotides 

Unlike amino acids, nucleotides do not have the large diversity of side chains to 

be targeted for detection.  Nucleotides, the components which make up DNA and RNA, 

all have aromatic cores with hydrogen bond donors and acceptors.  The subtle chemical 

differences between these nucleotides makes detection and differentiation of these 

analytes challenging. 

One approach to detecting nucleotides was constructed by Mirsky et al.,40 

reporting the use of molecularly imprinted polymers (MIPs) to synthesize semi-selective 
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receptors for nucleotides.  To synthesize these receptors, an alkanethiol matrix is first 

adsorbed onto a gold surface.  To imprint an image of the analyte molecule within the 

alkanethiol matrix, a thiol derivative of the analyte molecule was introduced to the 

matrix.  Incorporating this template molecule allowed for an ideal stamp to be generated 

for each analyte of interest.  This resulted in MIPs having recognition units which were 

each selective for the micromolar detection of the following nucleotides: adenine, 

cytosine, thymine, and uracil.  The binding of these analytes was monitored by measuring 

cyclic voltammetry and electrochemical impedance, and the data collected were analyzed 

with PCA.  The PCA plot obtained (Figure 1.9) indicates that the MIPs successfully 

discriminate between all nucleotide analytes.  This study showed the power of MIPs to 

easily synthesize a number of semi-selective receptors for use with subtly different 

analytes. 

Figure 1.9: Discrimination of nucleotides with the array from Mirsky et al.  PCA plot 
discriminating caffeine (1), uracil (2), adenine (3), cytosine (4), thymine (5), 
and uric acid (6) with both principle components X1 and X2 representing 75 
percent of the total variance.  (Reproduced from Ref. 40. © The Royal 
Society of Chemistry, 2003.) 
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Alternatively, Severin et al.41 formed an array that was comprised of four 

commercially available compounds.  Using the same rhodium chloride complex 

previously discussed (1.24) and three UV indicators, an array was created utilizing metal-

indicator complexes that had differential binding affinities to the nucleotides studied.  

These metal-indicator complexes were selective for nucleotides, including adenosine 

diphosphate (ADP), adenosine triphosphate (ATP), guanosine triphosphate (GTP), cyclic 

adenosine monophosphate (cAMP), adenosine monophosphate (AMP), and 

pyrophosphate anion (PPi).  Linear discriminant analysis was used to statistically analyze 

the data collected (Figure 1.10).  The successful differentiation achieved with the LDA 

plot led the authors to investigate whether they could employ their array to determine the 

concentrations of ATP and PPi/cAMP simultaneously with a single UV data 

measurement.  This study had particular interest since ATP is hydrolyzed by the enzyme 

adenylate cyclase in order to form cAMP and PPi.  Using ANN, a training set comprised 

of data from the array was used to determine an algorithm that successfully predicted the 

outcome from unknown data.  The detection of nucleotides by Severin shows that simple 

array systems which do not necessarily take into account the subtle structural differences 

of the analytes can be successfully employed for pattern recognition, as long as the 

receptors provide differential binding to the desired analytes. 
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Figure 1.10: Discrimination of nucleotides with the array from Severin et al.  LDA plot 
discriminating five nucleotides and pyrophosphate.  (Reproduced from Ref. 
41. The Royal Society of Chemistry, 2007.) 

1.3.4 Peptides and Proteins 

1.3.4.1 Peptide Recognition 

Various techniques have been explored for the purposes of array-based 

differentiation of more complex analyte targets, peptides and proteins.  Peptide 

recognition commonly incorporates into its array design features which primarily focus 

on the binding of a few specific amino acids.  For example, the amino acids histidine, 

cysteine, and methionine are all known to bind to various transition metals.  This enables 

the sensing of portions of peptides which contain these specific amino acids. 

This rationale led Severin et al.42 to construct an array consisting of CuCl2, NiCl2, 

and three UV active chromophores, resulting in six metal-indicator combinations to 

comprise a dynamic combinatorial library.  A dynamic combinatorial library is an array 

of differential sensors which are simultaneously present in one solution, under 

thermodynamic control, such that this one solution can provide multiple signals from the 
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composite interactions of an analyte with all the sensors in solution.  They found this 

simple dynamic combinatorial library of receptors was able to successfully discriminate 

two angiotensin peptides (Angiotensin I and Angiotensin II) and mixtures of these two 

peptides.  Angiotensin I (Asp-Arg-Val-Tyr-Ile-His-Pro-Phe-His-Leu) and Angiotensin II 

(Asp-Arg-Val-Tyr-Ile-His-Pro-Phe) each have different binding affinities to the metal 

centers that were used in the array, primarily due to the presence of an additional 

histidine residue in Angiotensin I.  These differences in binding affinities led to 

displacement of a corresponding indicator from each metal-indicator complex to varying 

degrees.  The absorbance changes collected at various time intervals were analyzed using 

statistical techniques.  These analyses showed that the two individual peptides, and 

mixtures thereof, could be discriminated at low micromolar concentrations. 

Severin et al.43 recently published another successful array for differentiating 

peptides by employing three commercially available metal complexes (1.24, 1.27, 1.28).  

One complex contained rhodium, the second ruthenium, and the third palladium.  In the 

presence of six selected fluorophores, these constituents formed a collection of 

differential sensors.  The receptors were able to differentiate 10 dipeptides at a 50 µM 

concentration (the closed symbols in Figure 1.11) and two dipeptides at 20 µM 

concentration (the open symbols in Figure 1.11). 
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Figure 1.11: Discrimination of dipeptides with the array from Severin et al.  LDA plot 
discriminating 10 dipeptides at 50 µM concentration (closed symbols) and 
two dipeptides at 20 µM concentration (open symbols.)  (Reproduced from 
Ref. 43. © Wiley-VCH, 2010.) 

The authors found that peptides containing histidine and methionine residues were 

best discriminated, most likely because these residues displaced a larger fraction of 

bound fluorophores.  The PCA plot obtained showed discrimination of the dipeptide 

analytes with all 14 metal-dye combinations.  The authors examined this plot to elucidate 

metal-dye combinations that attributed the most to analyte differentiation. This led them 

to use the six greatest differentiating combinations in an array, resulting in similar analyte 

discrimination.  This refined array was then used to discriminate two longer plasma 

peptides, which were structurally similar, bradykinin (Arg-Pro-Pro-Gly-Phe-Ser-Pro-Phe-

Arg), kallidin (Lys-Arg-Pro-Pro-Gly-Ser-Pro-Phe-Arg), and mixtures of these peptides.  

Although these longer peptide sequences did not include histidine or methionine residues, 
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differential signal modulations were still observed.  This afforded the discrimination of 

these peptides and mixtures of these peptides primarily along one axis of discrimination. 

Anslyn et al.44 have explored the incorporation of multiple binding components 

within a receptor to further increase the analyte differentiating ability of an array.  To 

accomplish this goal, a core tridentate ligand which coordinates to a Cu(II) center was 

used.  Peptide arms were attached to this ligand to diversify the library of receptors and to 

provide greater binding selectivity for certain peptides (1.29).  The sequences for the 

peptide arms, containing three amino acids, were generated by split and pool synthesis, 

which is an efficient way to prepare a large quantity of differential receptors.  Thirty of 

these differential receptors were randomly chosen for an array, along with the indicator 

Orange G, to differentially separate four different tripeptides, all containing histidine and 

threonine residues (tripeptide sequences HKT, HET, HGT, and GHT.)  The statistical 

analysis performed on the data revealed that the discrimination of the tripeptides was not 

simply a result of the histidine residue in the peptide analyte coordinating to the metal at 

the center of the receptor, but rather a combination of histidine-metal coordination and 

specific interactions between the side arms on the receptors and the other amino acids in 
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the tripeptide.  Mixtures of these tripeptides were also studied with the arbitrarily chosen 

array, and statistical analysis resulted in a PCA plot displaying good discrimination of 

each mixture analyzed. To achieve even greater peptide differentiation, a subsequent 

study constructed an array where the same combinatorial library was prescreened to 

discover receptors that best bound a particular peptide analyte conjugated with a dye.45  

The six receptors which bound to this chromophore analyte conjugate were chosen, along 

with three metal salts (CuCl2, CuOTf, CdOAc), to be used in an array.  This array was 

utilized to discriminate two tripeptide α-neuorkinin analogues, another tripeptide for 

comparison, and the neurotransmitter peptides α-neurokinin and substance P.  The results 

revealed a PCA plot with improved discrimination (Figure 1.12) from the PCA plot 

obtained in the previous study. This result confirmed that prescreening of combinatorial 

library of receptors was a powerful method for achieving excellent analyte classification 

along multiple facets of discrimination.  To further support this conclusion, a recently 

published report by Anslyn et al.46 showed that prescreening a library of receptors was 

critical to the successful discrimination of tripeptides and their phosphorylated analogues. 
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Figure 1.12: Discrimination of tripeptides with the array from Anslyn et al.  PCA plot 
discriminating the α-neurokinin analogue peptides His-Lys-Thr (red) and 
His-Lys-Thr-Asp (purple), the tripeptide His-Glu-Thr (green), and α-
neurokinin (dark blue) and substance P (light blue.)  (Reproduced from Ref. 
45. © Wiley-VCH, 2007.) 

1.3.4.2 Protein Recognition 

Receptors for protein recognition must target a much larger analyte than peptides, 

such as targeting a portion of the solvent exposed exterior of the protein.  To accomplish 

such a goal, supramolecular chemists have introduced large scaffolds containing various 

recognition units capable of binding a wide range of protein surfaces. 

As an example, Hamilton et al.47 synthesized a library of intrinsically fluorescent 

porphyrin receptors with four arms consisting of peptides (1.30).  The diverse peptide 

arms contained a range of sequences including aromatic, acidic, and basic amino acids.  

The addition of these peptides resulted in a library of 35 porphyrin receptors ranging in 

charge, size, hydrophobicity, and symmetry. From this combinatorial library, eight 

receptors were chosen for an array.  A wide range of diverse protein targets was studied 
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with this array, including the very basic protein cytochrome c, the very acidic protein 

ferredoxin, and the proteins cytochrome c551 and myoglobin.  Upon addition of the 

protein targets to these receptors, differential quenching of the porphyrin fluorescence 

was observed, which could be seen even by the naked eye.  The results obtained 

confirmed that the proteins were bound most strongly by receptors with complementary 

characteristics, such as charge.  Basic protein cytochrome c is bound by negatively 

charged porphyrin receptors, whereas the acidic protein ferredoxin is more strongly 

bound by positively charged porphyrin receptors.  Alternatively, the protein myoglobin 

has a neutral surface and can thus provide binding sites for most of the receptors used.  

These fluorescent responses resulted in the complete identification of each of the four 

proteins studied by visual pattern recognition.  Another array was developed from this 

study, where a refined array of eight porphyrin receptors was employed to distinguish a 

collection of metal and metal-free proteins.48  The fluorescence patterns from this array 

were analyzed with PCA, and showed good discrimination of all ten protein analytes. 
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Rotello et al.49 applied an array consisting of water-soluble conjugated polymers 

with terminally charged residues to differentiate an impressive selection of 17 proteins.  

The synthesized polymers were based on functionalized poly(p-phenylene ethynylene) 

units, which have two important characteristics making them ideal scaffolds:  (1) the 

polymers have the ability to bind protein surfaces with multivalent interactions, and (2) 

the polymers are fluorescent with emissions that are highly sensitive to conformational or 

environmental changes.  Differential receptors were designed by altering the charge 

characteristics and molecular weights of the constructed polymers.  Six polymer receptors 

were synthesized (1.31-1.36) and utilized within an array to differentiate the 

aforementioned 17 proteins in the high nanomolar concentration range through 

fluorescence modulation observed upon protein binding.  Most proteins studied resulted 

in a quenching of the fluorescence, suggesting that protein binding instigates a 

modulation of the electronic state of the polymer.  Successful discrimination of all the 

studied proteins led the authors to accurately resolve the concentration and identity of 

unknown protein samples. 
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Anslyn et al.50 synthesized via combinatorial chemistry a library of receptors with 

different peptidic arms around a hexa-substituted benzene scaffold (1.37).  These peptide 

arms provided differential binding to protein analytes through various binding modes 

such as ion pairing, hydrogen bonding, and hydrophobic effects.  The receptors also 

included boronic acid moieties to enable the binding of glycoproteins.  From the 

combinatorial library, 29 receptors were randomly chosen to form an array, along with 

1.31: n~12 

1.32: n~12 

1.33: n~4 

1.35: n~12 
1.36: n~21 

1.34: n~7 
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the UV/vis indicator bromopyrogallol red.  The array was able to differentiate the 

glycoproteins ovalbumin and fetuin and the proteins lysozyme, bovine serum albumin, 

and elastin.  Through PCA, these proteins were distinctly differentiated at high 

micromolar concentrations.  After sequencing the 29 receptors, it was found that the 

proteins were discriminated by subtly different receptors.  This study confirms the use of 

differential receptors which utilize a variety of binding modes such as various peptide 

arms to be highly advantageous in arrays for the discrimination of large molecules, such 

as proteins. 

Rotello et al.51 introduced an array of gold nanoparticles functionalized with 

various structural features in the presence of green fluorescent protein (GFP) for protein 

recognition and differentiation.  Nanoparticles, such as the gold nanoparticles which 
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Rotello employs, have large surface areas and are therefore ideal scaffolds to assemble 

various binding units.  A unique feature of this array is the use of both synthetic and 

biomolecular elements.  The incorporation of GFP as the fluorescent signaling 

mechanism expands the scope of this approach by enabling biocompatibility of the 

system.  Additionally, the GFP-nanoparticle receptor complex mimics protein-protein 

surface interactions thus enhancing the ability of the system to reach low limits of 

detection.  Five nanoparticles were synthesized which contained ligand shells with 

different properties including hydrophobic, aromatic, and hydrogen-bonding ability.  The 

nanoparticles all contained a cationic charge which allowed the negatively charged GFP 

to bind, resulting in the quenching of the GFP fluorescence.  Five proteins were studied: 

fibrinogen, human serum albumin, α-antitrypsin, transferrin, and IgG.  Each differentially 

displaced GFP, increasing the observed fluorescence from the fluorescence of the 

previously formed GFP-nanoparticle complexes.  The observed results show (Figure 

1.13) that this array was successful in differentiating these five proteins at a fixed 

concentration of 25 nM.  Additionally, these five proteins and mixtures of these proteins 

were discriminated at a total protein concentration of 500 nM when added to human 

serum.  This study highlighted two important characteristics for array sensing of proteins: 

(1) a range of synthetically attached groups to the nanoparticle scaffold enables 

differential binding of the studied proteins to these receptors, and (2) the use of GFP as a 

fluorescent signaling mechanism allows for high sensitivity within a biological context, 

as seen with this array. 



 42 

Figure 1.13: Discrimination of proteins with the array from Rotello et al.  LDA score 
plot, with 95% confidence ellipses, discriminative five proteins at 25 nM 
concentration.  (Reproduced from Ref. 51. © Nature Publishing Group, 
2009.) 

1.3.5 Concluding Remarks for Single Analyte Sensing 

In conclusion, there was a recurring theme of receptor diversification for array 

sensing of single analytes.  Various techniques have been utilized to synthesize receptors 

which were refined to detect certain analyte classes.  Among these techniques, the 

following have been observed: (1) several binding mechanisms within one receptor exist 

so that multiple portions of an analyte can be sensed, (2) receptors that targeted 

hydrophobic, positive or negative charge, and aromatic groups, and (3) receptors which 

have recognition units built off of scaffolds so that large analytes can be discriminated.  

Through array sensing with these unique receptors, patterns can be observed.  These 

patterns can be used in conjunction with statistical analysis techniques to allow analytes 
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as simple as organics, amino acids, nucleotides, and peptides and as complex as proteins 

to be effectively detected, identified, and discriminated. 

1.4 ARRAYS FOR MULTIANALYTE SENSING 

The power of array sensing is most apparent when discriminating multianalyte 

solutions.  In such solutions, multiple compounds (possibly hundreds or even thousands) 

make up each mixture.  Array sensing is ideal for such a situation, with its inherent ability 

to detect multiple analytes simultaneously using various differential sensors, especially in 

circumstances where the multianalyte solutions have only subtle differences in chemical 

compositions.  The resultant fingerprint response achieved for each solution allows 

discrimination through pattern recognition.  Literature examples of differentiating 

multianalyte solutions include mixtures of ions, beverages, and biomolecules. 

1.4.1 Mixtures of Ions 

Mixtures of ions, specifically metal ions, are important analytical targets for 

various environmental and health reasons.  Wolfbeis et al.52, 53 have developed a sensing 

system capable of detecting ions such as Ca2+, Na+, Mg2+, SO4
2-, Cl–, Hg2+, and mixtures 

of these ions.  Their sensing system was comprised of six fluorescent indicators added to 

wells in a 3 x 2 array containing poly(ethylene glycol) to make a film.  The six indicators 

chosen for this particular system were excited by a blue LED light at 470 nm.  These 

indicators were selected because each was known to have selectivity for one of the 

individual ions (Figure 1.14).  Upon addition of aqueous solutions of the ions to the array 



 44 

Figure 1.14: Sensor array cation selectivity for the array by Wolfbeis et al.  A visual 
representation of the selectivity of each indicator in the well for a particular 
cation in respect to the well placement within the array.  (Reproduced from 
Ref. 52. © The Royal Society of Chemistry, 2002.) 

of films, the indicator-poly(ethylene glycol) film dissolved, allowing interaction between 

the indicator and the ions.  This indicator-ion interaction resulted in a measurable 

fluorescence modulation, imaged with a CCD camera.  The interaction resulted in a 

fluorescence signal that was either enhanced or quenched depending on the particular 

indicator-ion pair.  This system allowed the authors to differentiate between solutions 

containing Mg2+, Hg2+, SO4
2-, Cl–, and partly Na+, as well as mixtures of these ions 

(Figure 1.15).  However, Ca2+ and Mg2+ were difficult to differentiate due to poor 

indicator selectivity. 
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Figure 1.15: Discrimination of cations with the array from Wolfbeis et al. A grey-scale 
response of the array to various cation mixtures.  (Reproduced from Ref. 52. 
© The Royal Society of Chemistry, 2002.) 

Anzenbacher et al.54 developed an array to detect anions.  Anions are often 

challenging analytes to detect in comparison to cations due to the lower charge-to-radius 

ratio, which makes electrostatic binding to anions less effective.  Additionally, sensing is 

difficult in aqueous media because the anions must compete with the solvent (water via 

hydrogen bonding) for the sensor.  The array consisted of eight sensors; seven of the 

sensors were calix[4]pyrroles which were hydrogen bonded based anion receptors, and 

one which was a quinoxaline sensor.  These sensors all showed strong affinities for 

fluoride, pyrophosphate, and acetate anions, and had cross-reactive selectivity for other 

anions.  The array utilized fluoride as the primary differentiating analyte, while the cross-

reactivity of the sensors for other anions allowed for additional differentiation among 
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analyte mixtures.  The array was constructed with the sensors suspended in a 

polyurethane hydrogel, which assists with analyte recognition by overcoming solubility 

limitations between the sensors and analytes.  Upon anion addition to the array, a change 

in color was observed as a result of partial intramolecular charge transfer from the anion 

to the sensor.  This color change was visible to the naked eye at anion concentrations of 

100 µM or higher; however, the working concentration range of the array was 10 µM – 

20 mM.  Anzenbacher then applied this array to the discrimination of complex mixtures 

of anions, in the form of toothpastes.  Three brand toothpastes (Aquafresh®, Colgate®, 

and Crest®), one specialized toothpaste which contained more fluoride than regular 

toothpastes (Fluoridex®), and NaF as a control analyte were tested.  PCA was performed 

on the response from these selected mixtures resulting in discrimination of all the studied 

toothpastes and NaF (Figure 1.16A).  The three brand toothpastes all had similar PCA 

plot scores, although each toothpaste was well differentiated from the others.  Fluoridex® 

and NaF score plots were vastly different from the brand toothpastes. Two further studies 

were done to investigate the array response to these complex mixtures of anions.  First, 

NaF was added to the less fluorinated toothpastes.  The modified mixtures had new 

placements in the PCA plot which were not very well discriminated, but had moved to 

scores close to the Fluoridex® toothpaste (Figure 1.16B).  The increase in fluoride 

content in the mixture thus prevented the array from additional discrimination by the 

cross-reactive behavior from the other toothpaste components.  This result suggests that 

the array was much more responsive to fluoride content in the complex mixture than 

other anions.  Another study added [2.2.1]-cryptand to Fluoridex® to remove some of the 

sodium cations in the toothpaste mixture to generate more free fluoride anion.  The new 

placement in the PCA plot of the cryptand-Fluoridex® mixture further indicated that 

fluoride plays a major role in the array’s response (Figure 1.16B.)  Most importantly, 
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Anzenbacher showed through these results successful differentiation of complex anion 

mixtures with a combination of simple calixpyrrole sensors and a quinoxaline sensor. 

Figure 1.16: Discrimination of toothpastes by anion content with the array from 
Anzenbacher et al.  PCA plots showing the discrimination of four different 
toothpastes, NaF, three toothpastes with NaF added, and one toothpaste with 
[2.2.1]-cryptand added.  A) PCA plot showing all analytes tested.  B) 
Zoomed-in PCA plot of analytes in additive experiment.  (Reproduced from 
Ref. 54. © American Chemical Society, 2007.) 

In a subsequent study, Anzenbacher et al.55 developed an array to detect cations 

and complex mixtures of cations.  The array consisted of six 8-hydroxyquinoline 

receptors substituted in the 5-position with a pyrene or fluorine fragment to extend the 

conjugation of the fluorescent receptors.  Once a metal cation was introduced to the array, 

the cations formed metaloquinoloates, and the luminescence quantum yield and 

maximum emitting wavelength of the receptor were modulated.  The sensors were added 

to a polyurethane film in the array to help prevent problems associated with 

incompatibility of the lipophilic sensor and the hydrophilic cation.  The analysis was 

conducted at pH 5 to avoid cation precipitation.  Ten metal cations were analyzed (Al3+, 

Ca2+, Cd2+, Co2+, Cu2+, Ga3+, Hg2+, Mg2+, Ni2+, and Zn2+), and differential fluorescent 

A) B) 
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responses were recorded for each sensor-ion complex.  These responses were a result of a 

combination of changes in fluorophore conjugation, fluorescence enhancement, energy 

transfer, and heavy metal quenching.  The data were analyzed with PCA, showing 

excellent analyte discrimination in the two-dimensional and three-dimensional plot.  To 

expand the scope of this study, a variety of electrolyte and metal-ion enhanced beverages 

were analyzed without sample pre-treatment.  Eight complex cation mixtures were 

studied (Nanopure Water®, Dasani Lemon®, Powerade Option®, Propel®, Propel 

Calcium®, Owater®, VitaminWater Multi-V®, and Antioxidant Water Snapple®.)  The 

PCA plots revealed patterns indicative of analyte separation primarily due to the beverage 

Ca2+, Mg2+, and Zn2+ content (Figure 1.17). The plot indicated that beverages low in 

cation content (Dasani Lemon®, Powerade Option®, and Propel®) appeared closest to pure 

water in the PCA plot, whereas the Ca2+ rich beverages (Propel Calcium® and Owater®) 

clustered close to one another.  The beverages high in Ca2+, Mg2+, and Zn2+ 
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(VitaminWater Multi-V ® and Antioxidant Water Snapple®) were located in the same 

region on the plot.  Through these PCA studies, the three most effective sensors for 

cation discrimination were determined.  This enabled the size of the array to be reduced, 

while still affording a good separation between the mixtures of cations. 

Figure 1.17: Discrimination of beverages with high cation concentration with the array 
from Anzenbacher et al.  PCA plot discriminating eight different cation 
mixtures, in the form of cation enriched beverages.  (Reproduced from Ref. 
55. © American Chemical Society, 2008.) 

1.4.2 Analytes in Beverages 

Research performed by Suslick et al. 56 has led to several arrays in which the 

target analytes were the components which make up various beverages, including beers, 

soft drinks, and coffee.  The general array which was constructed for their sensing 

purposes consisted of three types of dyes: (1) a tetraphenyl porphyrin which responded to 
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the Lewis basicity of an analyte, i.e., electron pair donation and metal ion ligation, (2) a 

solvatochromic dye which measured analyte polarity, and (3) a pH dye which responded 

to Brønsted acidity, i.e. proton acidity and hydrogen bonding (Figure 1.18).  These dyes 

were printed onto a hydrophobic surface by utilizing an array of stainless steel pins to 

transfer the dye from an ink well array to the hydrophobic surface.  The designed array 

relied on strong dye-analyte interactions, instead of weak, non-specific interactions.  To 

record the dye-analyte interactions, data acquisition was carried out with flatbed scanners 

which were able to measure the change in color profile upon analyte addition.  

Figure 1.18: Sensors which discriminate beverages in the array from Suslick et al. 
Examples of dyes used by Suslick et al. in array sensing of beverages.  From 
left to right: a metalloporphyrin dye, a solvatochromic dye (Reichert’s), and 
a pH indicator dye (phenol red). 

To study the discrimination of different beers, Suslick et al.57 investigated beers 

which were both lagers and ales.  Lagers are beers in which the yeast ferments at the 

bottom of the fermentation vessel under cool temperature conditions, whereas ales allow 

the yeast to ferment at the top of the vessel using higher temperatures.  These differing 

fermentation procedures result in beers which have subtly different chemical 

compositions and largely different tastes.  The liquid phase and head-gas of 18 

commercially available beers were tested.  Each beer gave a specific color change pattern 
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with the array, allowing differentiation among the 18 beers to be achieved (Figure 1.19).  

PCA and HCA were both used to further investigate the discriminatory power of the 

array to differentiate beers.  Data analysis revealed a PCA plot which contained high 

dimensionality, i.e., many principle components.  This indicated that the array could have 

a high predictive capability for identifying and discriminating unknown samples of beer. 

The effects of degassing, primarily caused by loss of CO2 (flatness) and the effects of 

analyte dilution were also tested.  These studies found that both flatness and dilution of 

beer can be detected with this array, possibly suggesting the utility of this array for 

quality control or quality analysis purposes. 
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Figure 1.19: Discrimination of beers with the array from Suslick et al.  Absorbance 
difference profiles for 18 commercially available beers, as a result of 
differential dye-analyte interactions.  (Reproduced from Ref. 57. © 
American Chemical Society, 2006.) 

The same array was also employed by Suslick et al.58 to differentiate 14 different 

commercial soft drinks in the liquid phase.  The array was successfully able to 

discriminate all the soft drinks from one another.  Large color changes were seen after the 

soft drink was added to the array.  These responses did not primarily result from 

dissolved CO2, as beverages containing only CO2 (i.e., soda water) gave much smaller 

color changes.  However, the array was still able to discriminate carbonated beverages 
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based on a slight difference in CO2 content, i.e., a small difference in pH. A three-

dimensional PCA plot, which accounts for 65.7% of the data variance was obtained, and 

revealed that the placement of each analyte reflects the organic content in the beverage 

and the pH of each drink (Figure 1.20).  Several trends were observed in the PCA plot.  

Figure 1.20: Discrimination of carbonated beverages with the array from Suslick et al.  
Three-dimensional PCA plot discriminating various beverage analytes.  
Abbreviations – A&W RB: A&W Root Beer®; CDTW: Canada Dry Tonic 
Water®; CDCS: Canada Dry Club Soda®; LCSW: LaCroix Sparkling Water®.  
(Reproduced from Ref. 58. © American Chemical Society, 2007.) 

First, A&W Root Beer® had a distinct placement from all the other sodas.  This may 

reflect the very unique taste of root beer, and therefore its chemical composition relative 

to other citrus or cola flavored sodas.  Additionally, pairs of sodas with very similar tastes 

such as Diet 7-Up® and Diet Sprite®, 7-Up® and Sprite®, Diet Pepsi® and Diet Coke®, and 
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Pepsi® and Coke® have close placements in the PCA plot.  This close proximity indicates 

that these pairs of sodas may have similar chemical compositions.  An HCA dendrogram 

showed that the array was capable of distinguishing various classes of sodas from one 

another.  For example, cola sodas were separated from citrus sodas, and diet sodas were 

separated from regular sodas.  This study demonstrated the power of this array to 

discriminate beverages composed of subtly different complex mixtures.  Potential uses 

for this array include quality control and quality analysis of various soda beverages. 

Another example has been reported by Suslick et al.,59 utilizing this same type of 

array to distinguish analytes in other beverages.  In this example, coffee aromas were 

studied.  Coffee is an extremely complex beverage, with over 1000 volatile compounds 

present in roasted coffee beans, and over 300 volatile compounds found in unroasted 

coffee beans.  Various environmental factors including changes in the soil, microclimate, 

and altitude, as well as numerous human variables, including the types and species of 

beans used, the roasting process, and the preparation of the coffee, can affect the 

chemical composition of the aroma.  To detect aromas, the printed dye array was aged 

under nitrogen to remove solvent vapors which could potentially saturate the dye signal 

change.  The vapor from the coffee beans was removed with a pump which resulted in 

saturation of the pump line with the coffee aroma. The array was then exposed to the 

pumped aroma for two minutes to allow interaction with the array (see Figure 1.21 for a 

pictorial view of the setup).  The dye-aroma interactions resulted in a change in color 

profile that was measured and subsequently analyzed.  The array was able to distinguish 

ten brands of commercially available coffees (Figure 1.22). 
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Figure 1.21: Instrumentation setup to implement the array from Suslick et al.  Diagram 
detailing the setup for introducing coffee volatiles to an array through a 
vacuum line, where it is then imaged with a flat bed scanner.  (Reproduced 
from Ref. 59. © American Chemical Society, 2007.) 

The porous matrix of the array also helped to preconcentrate the sensor and improve its 

sensitivity towards coffee aromas.  Additionally, coffee aromas could be distinguished as 

a function of roasting times and temperatures.  It was found that the colorimetric 

responses from the array increased with increasing roasting time, most likely a result of 

decomposing carboxylic acid components in the aromas.  The results from this report 

showed the power of an array to distinguish complex mixtures in the gas phase. 
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Figure 1.22: Discrimination of coffees with the array from Suslick et al.  Absorbance 
difference profiles for the aromas of ten commercially available coffees, as a 
result of differential dye-analyte interactions.  (Reproduced from Ref. 59. © 
American Chemical Society, 2007.) 

1.4.3 Biomolecules 

Biomolecular matrices, such as blood and urine, are exceedingly complex mixtures.  As 

of recent, few examples targeting biomolecules using array sensing have been reported.  

One example by Rotello et al.60 differentiated cell lines and different health statuses of 

genetically identical cells using array sensing.  The array consisted of poly(p-

phenyleneethynylene) polymers, molecules that are highly sensitive to environmental 

changes.  A library of these polymers was synthesized and eight of these conjugated 

fluorescent polymers were chosen to comprise the array. These polymers were water 

soluble, fluorescent, and structurally diverse with various charge characteristics and 

degrees of polymerization.  The authors believed that the diversity of these polymers 

aided in enhancing the differential sensing ability of the ensemble, as every polymer 

potentially had a different interaction with each cell surface.  The surfaces of cells were 

composed primarily of lipids, proteins, and polysaccharides.  The polymer receptors in 

the presence of the cell surfaces had different aggregation states, which can be measured 
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with fluorescence.  From the original eight polymer receptors synthesized, four of these 

polymers were found through LDA to contribute the most to differentiation of the cell 

analytes.  Three of these four polymers were cationic polymers, while one of them was 

anionic, allowing for maximum differentiation. The analytes discriminated included four 

different cell lines: HeLa (cervical cells), MCF7 (breast cells), HEPG2 (liver cells), and 

NT2 (testes cells).  Through LDA, the data obtained were analyzed revealing that all four 

cell lines could be differentiated from one another.  The F1 axis was found to contain 

97% of the data variance, with the F2 axis comprising 3% of the variance (Figure 1.23).  

Figure 1.23: Discrimination of cell lines with the array from Rotello et al.  LDA plot 
discriminating four cell lines.  (Reproduced from Ref. 60. © American 
Chemical Society, 2010.) 

Next, the authors examined the ability of the array to distinguish unhealthy cells from 

healthy cells.  The array was used to test three genetically identical cells, each of which 

had different health states, one healthy cell line (CDBgeo), one cancerous cell line (TD 

cell), and one metastatic cell line (V14 cells).  The LDA plot was again able to 
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successfully discriminate each type of cell (Figure 1.24), thus proving that this array is 

capable of differentiating subtle changes in cell states, and suggesting the potential ability 

for discriminating other biomolecules with differential sensing.  

Figure 1.24: Discrimination of cells by state of health with the array from Rotello et al.  
LDA plot discriminating three isogenic cells with different health states.  
(Reproduced from Ref. 60. © American Chemical Society, 2010.) 

Another recent example of detecting and differentiating cell lines with array 

sensing comes from Yan et al.61  In their study, an array of dual-ligand nanoparticles was 

used to differentiate three similar cancer cell lines, which were chosen due to the shared 

characteristic of over expressed folate receptors.  The dual-ligand nanoparticle was 

decorated with two different recognition unit moieties and differed from typical 

nanoparticles which are generally synthesized with one ligand or recognition unit.  The 

advantage of employing a dual-ligand nanoparticle in an array is that the second ligand 

on the nanoparticle further enabled the nanoparticle to better differentiate similar 

analytes.  This was facilitated through the ability of the nanoparticle to interact with both 
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the primary receptors on the cell surface (folate receptors in this example) and the 

secondary receptors which surround the primary receptors.  In this study, a library of 30 

nanoparticles was synthesized via combinatorial chemistry, with each nanoparticle 

containing both an acylator and an amine ligand (Table 1.1). 

Table 1.1: Structures of the 30 dual-ligand nanoparticles in the array from Yan et al.  
FA = folic acid, TA = 1,2-dithiolan-3-yl pentanamide moiety, Tyr=tyrosine 
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Figure 1.25: Discrimination of cell lines with the array from Yan et al.  Heat maps from 
isothermal coupled plasma mass spectrometry results indicating the 
interaction between the array with the cell surface of (B) HeLa cells, (C) KB 
cells, and (D) HepG2 cells.  The darker colors in these heat maps indicate a 
stronger interaction while the lighter colors represent a weaker binding.  
(Reproduced from Ref. 61. © American Chemical Society, 2011.) 

These nanoparticles were then introduced to three cancerous cell lines HeLa, KB, and 

HepG2, which overexpressed folate receptors.  The nanoparticle-cell surface interactions 

were evaluated via inductively coupled plasma mass spectrometry (ICP-MS) which 

allowed researchers to investigate whether the nanoparticles were taken up by the cell.  

The results from these studies can be seen in the heat map, where each rectangle in this 

map represents the cell recognition of one particular dual-ligand nanoparticle (Figure 

1.25).  These heat maps show a wide magnitude of interactions between the individual 

nanoparticles in the array and the cells, with the darker colored rectangles in the heat map 

representing a stronger interaction between a specific dual-ligand nanoparticle and the 

cell surface.  The obvious differences in the heat maps between cell lines shows the 

distinct interactions the array has between each cell line.  These interactions of the dual-

ligand nanoparticle with the cell lines were significantly increased in comparison to the 

mono-ligand nanoparticles and blank control samples which were studied, indicating that 
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the second ligand on the dual-ligand nanoparticle improve the magnitude of association 

between the nanoparticle and the cell surface, presumably due to cooperative 

multivalency effects. 

1.4.4 Concluding Remarks for Multianalyte Sensing 

In summary, a variety of examples have been shown where array sensing has been 

successfully employed to differentiate and discriminate multianalyte solutions.  The 

examples presented discriminate complex mixtures by incorporating receptor/indicator-

analyte interactions in their corresponding arrays.  Each investigator had a different 

approach for choosing the appropriate receptor/indicator for an array.  These approaches 

ranged from using specific interactions to cross-reactive interactions, or a combination of 

both.  These design techniques have proven to be successful for their respective sensing 

purposes, and further support the power of differential sensing for discriminating 

multianalyte solutions. 

1.5 SUMMARY AND OUTLOOK 

While antibodies and enzymes function with inherently high selectivity for 

particular molecules, the synthesis of designed receptors with similarly high binding 

affinities and selectivities has been notoriously challenging for supramolecular chemists.  

The introduction of array sensors that utilize chemometrics has taught the synthetic 

receptor community that single highly selective receptors designed for one specific 

analyte may not be necessary for certain purposes.  Instead, arrays can be utilized which 

mimic the mammalian olfactory senses through pattern recognition with low selectivity 

receptors.  These receptors are attractive as they alleviate the difficulties involved in the 

meticulous design and synthesis of receptors generally used in the lock-and-key principle.  

Such array sensing using supramolecular principles has extended the applicability of 
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earlier electronic nose and tongue approaches.  Since these early electronic noses and 

tongues generally require relatively complicated and expensive laboratory equipment, the 

field of differential sensing has shifted towards sensing techniques with chemical 

receptors which can be applied in solution phase.  This advance has led to arrays that 

detect and differentiate simple organic analytes, amino acids, nucleotides, peptides, and 

proteins.  The various receptor properties utilized in these arrays include incorporating 

several binding mechanisms within one receptor, incorporating sensing units within the 

receptor which target the general properties of the analytes (i.e. hydrophobicity, 

aromaticity, charge), and incorporating a scaffold to which the receptor can be attached to 

enable the differentiation of large analytes.  Finally, array based sensing has been utilized 

to differentiate complex mixtures of solutions such as anion and cation solutions, 

beverage solutions, and biomolecular solutions.  Such analyses of complex mixtures rely 

heavily on the pattern recognition capabilities of arrays comprised of differential 

receptors. 

In this chapter, multiple examples have shown the power of array based sensing to 

differentiate and identify various analytes.  These examples hint that any analyte could be 

successfully targeted with this technique, so long as the receptors utilized within an array 

display a sufficient amount of differential sensing ability.  The future remains bright for 

supramolecular chemists who employ array based sensing for detection purposes, with 

the hope of one day reaching the sophistication of the mammalian olfactory sensory 

system. 

1.6 CONTRIBUTIONS AND ADDITIONAL INFORMATION 

The review above was completed in collaboration with Leo A. Joyce, who 

contributed to the introduction and electronic sensors sections of this work.  This work 
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has been modified from its original form and can be found as a book chapter in 

Supramolecular Chemistry: From Molecules to Nanomolecules.62 
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Chapter 2:  Principal Component Analysis and Linear Discriminant 
Analysis in Differential Sensing Routines 

2.1 INTRODUCTION 

The need for efficiently differentiating analytes has grown due to the desire to 

discriminate subtly different complex mixtures.  Differential sensing has become an 

increasingly important concept in the field of supramolecular chemistry, as trends in 

research shift from using lock-and-key receptors to employing less selective receptors in 

array sensing.1-7  Modeled after the mammalian olfactory senses, differential sensing uses 

a collection of low selectivity receptors which signal a specific pattern for each analyte or 

complex solution.  In turn, each analyte or solution is discriminated from others by a 

unique fingerprint. 

In practice, the fingerprint, consisting of various fluorescence, absorbance, or 

electrode data cannot be easily analyzed by individual calibration curves for the purpose 

of analyte and solution identification and differentiation.  To alleviate such difficulties, 

chemists have explored the use of statistical analysis techniques such as principal 

component analysis (PCA) and linear discriminant analysis (LDA).  These techniques aid 

scientists in reducing the number of dimensions in which the data being analyzed is 

displayed.  Although these techniques are becoming particularly important for differential 

sensing purposes,8-18 these techniques are sometimes used as a “black box” (i.e., they are 

often used without thoroughly understanding the principles of these techniques.)  PCA 

and LDA are widely utilized across multiple fields of academia and industry, and thus 

reviews and tutorials on these techniques are available to study.19-26  However, these 

articles are often heavily laden with mathematical symbols and derivations, or with 

seemingly unrelated examples, that are often challenging to translate to differential 

sensing.  There are also instances where incorrect statements of these techniques have 
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been reported and where the methods associated with these techniques could be 

improved.  For this reason, a qualitative explanation of these techniques which help 

chemists interpret PCA and LDA plots that result from differential sensing studies is 

greatly needed.  The aim of this work is to present PCA and LDA in a manner which will 

shed light on the types of receptor arrays which lead to certain plots, and to give a few 

general criteria for obtaining optimal PCA and LDA plots.  This information ultimately 

can be utilized for refining differential sensing systems to achieve better analyte and 

solution discrimination and differentiation. 

2.2 BACKGROUND 

Both PCA and LDA are statistical analysis techniques, which through a series of 

algorithms produce score plots for the analytes or solutions tested.  These score plots 

consist of axes in a two, three, or higher dimensionality space, which visually show 

discrimination of the tested analytes.  Both PCA and LDA generate these scores plots by 

decomposing the raw data into eigenvectors and associated eigenvalues, although the 

manner in which each of these techniques arrives at the corresponding eigenvectors and 

eigenvalues is slightly different. 

To explore how PCA and LDA work, a relevant analogy can be made to a 

familiar eigenvalue problem.  Most chemists have a reasonable, if not excellent, 

understanding of eigenvalue problems from studying how to solve the Schrödinger 

equation using molecular orbital theory (MOT), just one of many examples of an 

eigenvalue problem.  In general, an eigenvalue problem is where the eigenvectors of a 

square matrix are multiplied by that matrix and return a vector that is simply proportional 

to the original vector with no change in direction (Equation 2.1).27  In these problems, 

the values in the square matrix are the only needed data.  This following treatise does not 
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examine the mathematical steps involved in solving an eigenvalue problem, but instead 

focuses on making ties between MOT, PCA, and LDA. 

 

𝒜x = λx,meaning  
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⋮
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  (Eq. 2.1) 

 

The Schrödinger equation (Hψ=Eψ) is used to derive the molecular orbitals (ψ, 

eigenvectors) and their associated energies (E, eigenvalues) from a square matrix called 

the Hamiltonian matrix (H).  The Hamiltonian matrix elements consist of complex 

integrals arising from the expression Schrödinger derived involving the kinetic and 

potential energy of electrons and nuclei in atoms and molecules. In addition, with MOT, 

these matrix elements reflect the notion that the ultimate molecular orbitals will be linear 

combinations of differing fractions (i.e. coefficients) of each atomic orbital for all the 

atoms in the molecule and the eigenvectors represent these coefficients. 

PCA is also an eigenvalue problem (Cv=Dv), where (C) is the covariance matrix, 

(v) are the eigenvectors, and (D) is the eigenvalue matrix.  The differences between one 

eigenvalue problem and another arises from the properties of the square matrix.  Because 

the goal of PCA is to find the greatest extents of variance in a set of data, the square 

matrix is a function of variance.  Specifically, in PCA, the matrix reflects covariance.  

Deriving the covariance matrix (C) is the key to PCA, just like deriving the Hamiltonian 

matrix is key to solving the Schrödinger equation. 

To create the covariance matrix, first consider a matrix of experimental 

observations (m) for different samples (n) to make an m x n data matrix.  For example, in 

differential sensing the observations may be absorbance values at various wavelengths 
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for an array of receptors interacting with different analytes.  The samples (number = n) 

are the individual analytes and replicates of the analytes.  If 50 absorbance values with 5 

receptors were recorded, there would exist 250 experimental observations (m = 50 x 5) 

for every sample studied.  Next, for each sample n, the variance in the data (experimental 

observations) is calculated.  The standard deviation (Equation 2.2) squared gives the 

variance (Equation 2.3.) 

 

s =
1

N !1
x
i
! x

i( )
2

i=1

N

"    (Eq. 2.2) 

 

Var(X) = s
2     (Eq. 2.3) 

 

In this particular example, the data for which variance is calculated consists of all 

the absorbance values for the series of receptors.  Thus far, each sample (n of these) and 

the corresponding potentially large set of data (m observations) can be simply represented 

by one number – variance.  The goal of PCA is to understand how the variance of one 

sample correlates with the variance of another sample.  For example, PCA can determine 

if the variance in absorbance for one analyte is either proportional or not proportional to 

other analytes, as well as replicates of an analyte.  To do this, the method calculates 

covariance, defined as in Equation 2.4. 
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Importantly, there is a covariance value for each sample relative to each 

additional sample being tested by the array.  Hence, for n samples there will be n x n 

covariance values.  These values can therefore be arranged into the square covariance 

matrix (see Equation 2.5) and this sets the stage for an eigenvalue problem as discussed 

above. 

 

𝐶 =

𝑐𝑜𝑣(1,1) 𝑐𝑜𝑣(1,2) … 𝑐𝑜𝑣(1,𝑛)
𝑐𝑜𝑣(2,1) 𝑐𝑜𝑣(2,2) … 𝑐𝑜𝑣(2,𝑛)

⋮
𝑐𝑜𝑣(𝑛, 1)

⋱
𝑐𝑜𝑣(𝑛, 2)

  ⋮
… 𝑐𝑜𝑣(𝑛,𝑛)

  (Eq. 2.5) 

 

In the covariance matrix the diagonal is necessarily symmetric, because the covariance of 

two different samples does not change, for example the covariance of sample 3 with 

sample 5 must be the same as the covariance between sample 5 and sample 3. 

In the original data matrix, a vector can be defined for each sample in an m 

dimensional space.  After PCA, each sample exists as a vector in n dimensional space, 

where each dimension (PC1, PC2, PC3, PC4…) reflects decreasing extents of variance 

between the samples.  The x, y, z coordinates for each sample in the new space are called 

the scores for that sample, and the score values along each axis reflect the extent to which 

the samples differ expressed by the variance along that axis.  The extent of variance along 

each PC axis is the eigenvalue for that axis.  See Appendix A for a brief example of how 

PCA score plots are generated for a small data set. 

LDA is another eigenvalue problem, and has many features in common with 

PCA.  The main difference between LDA and PCA is that in LDA there is no bias placed 

on finding the greatest variance between samples.  This means that replicates of the same 

analyte are treated identically instead of as different sets of the analyte.  Therefore, 
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clustering of the samples in PCA indicates that the variance between these samples is 

indeed smaller than the variance with other samples.  In LDA, the mathematics are 

derived to place a bias toward clustering repetitive samples (called a class) and separating 

them from repetitions of a different set of an analyte (a different class.)  LDA is a 

function which maximizes the difference between the means of various classes, while 

minimizing the difference within a class.  To carry this function out, the scatter within 

each class and the scatter between the classes are determined.  The scatter of matrices in 

this case is analogous in form to the covariance matrices used in PCA.20  Importantly, 

with LDA two matrices are used, one for between class scatter (SB) and one for within 

class scatter (SW).  Accordingly, the eigenvalue problem is formulated as in Equation 

2.6. 

 

S
W

!1
S
B
w = Jw      (Eq. 2.6) 

 

The inverse of the within class scatter matrix multiplied by the between class scatter 

matrix acts to maximize between class scattering while minimizing within class 

scattering.  The eigenvectors (w) represent weighted combinations of scatter within and 

between the samples, while the eigenvalue (J) represents the extent that scatter is best 

maximized between classes and minimized within classes.  The J values are analogous to 

the extent of variance found in PCA.  Since LDA has the bias built into the mathematical 

approach, it is called a “supervised” routine, while PCA is “unsupervised”.  Consequently 

due to the supervised nature of LDA, the resulting plots often show better analyte 

classification than a corresponding PCA plot.  See Appendix B for a brief example of 

how LDA score plots are generated for a small data set. 
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Now that summaries of the Schrödinger equation and PCA/LDA eigenvalue 

problems have been given, an analogy can be made between the results of the two kinds 

of problems.  The eigenvectors of the Schrödinger equation are linear combinations of 

atomic orbitals, interpreted as molecular orbitals.  Each value of the eigenvector is the 

coefficient of the atomic orbital that contributes to the molecular orbital, and it acts as a 

weighting factor for that atomic orbital.  Each element in an eigenvector for a particular 

eigenvalue from PCA or LDA is the coordinate position of individual samples along 

different axes in the n-dimensional space.  The dimensions in this new space are 

orthogonal, and each principal component is associated with an eigenvalue.  The 

eigenvalues from the Schrödinger equation are the orbital energies, where the important 

orbitals for most chemistry applications are those associated with the HOMO (highest 

occupied molecular orbital) and LUMO (lowest unoccupied molecular orbital).  In PCA 

and LDA, the eigenvalues are the extent of variance or differentiation, respectively, 

carried by each axis in the n-dimensional space.  It is generally the first few principal 

coordinates that are the most important because they reflect the greatest amount of 

variance or differentiation between the samples. 

In a PCA or LDA plot resulting from differential sensing, the responses from 

multiple receptors can contribute to each axis in the plot, although some receptors often 

have a much larger contribution to a particular axis than others.  The power of PCA and 

LDA becomes most apparent in the cases that have data sets with a large number of 

receptors, spectral data, or other experimental data where it is nearly impossible to 

comprehensively evaluate the raw data with a few simple calibration curves. 

As already mentioned, PCA and LDA are common techniques employed to 

analyze the data that result from differential sensing.  The receptors used in this technique 

are commonly referred to as differential, or cross-reactive.  The terms are often 
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synonymous, and in the field, they are used and likely will continue to be used in this 

manner.  However, for purposes of this work, these terms have slightly different 

definitions.  Differential receptors simply show different responses from each other 

relative to the analytes.  Cross-reactive receptors, on the other hand, have differences in 

their trends of affinities to the analytes, meaning that some receptors have higher 

affinities to some analytes, while the corresponding cross-reactive receptors prefer 

different analytes. Thus, cross-reactive receptors are a subset of differential receptors.  

Finally, given these definitions, highly selective receptors are clearly both cross-reactive 

and differential. 

2.3 EVALUATION OF VARIOUS ARRAYS AND CORRESPONDING PCA AND LDA 
PLOTS 

2.3.1 Model Setup 

In order to illustrate the use of PCA and LDA in differential sensing, a variety of 

artificial data sets are presented which mimic behaviors often seen in array sensing 

experiments.  In each specific example, a set of five hosts (also called receptors) and five 

guests (modeling some group of analytes or mixtures of analytes) are created where each 

host-guest measurement is repeated five times.  The measurements are host:guest binding 

constants (Ka values), although they could represent any kind of data, such as spectral 

intensities.  However, by using Ka values, the discussion naturally has lessons related to 

receptor selectivity and specificity. 

For each scenario, values were selected to represent the Ka of each host:guest pair.  

For each pair, five values representing repetitions were randomly generated to display a 

normal distribution.28  This distribution was set such that the mean of the values was 

equal to the Ka values selected to represent the host:guest pair.  The 0.5 to 5 standard 
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deviations (σ) of the distributions of Ka values for each host:guest pair were used in order 

to simulate a range of variances (noise) in the data.  For each example discussed, a 

summary of the mean Ka values used is given.  The complete set of data, including all 

repetitions, can be found in Section 2.6 of this chapter. 

2.3.2 Lock-and-Key Array Versus Cross-Reactive Array 

Most times when examining LDA and PCA score plots, receptor performance for 

an array is generally not clear.  However, careful examination of the plot results can shed 

light on how each receptor is performing.  Consider a situation in which a panel of 

antibody-like receptors is highly selective, with each receptor having selectivity for a 

different individual guest along with a very low σ relative to the Ka values (Figure 2.1).  

The resulting score plot, displaying the F1 and F3 axes (for reasons which will be 

discussed later in this chapter) shows that each guest occupies a distinct location in the 

PCA plot.  G1, G3, and G4 are discriminated primarily across the F1 axis (principal 

component 1) and G2 and G5 are discriminated primarily across the F3 axis (principal 

component 2.)  It is important to note that approximately 50% of the variance is found in 

the F2, F4, and F5 axes (recall, in most circumstances there will be the same number of 

axes as there are hosts).  In this particular case, all of the guests can be visually 

discriminated by these two axes, though there is still significant discrimination in the 

remaining axes.  Similar results can be achieved through lower selectivity but fully cross-

reactive receptors as well (Figure 2.2).  Figure 2.2 represents a plot in which each 

receptor is cross-reactive with all other receptors.  In this case, although each guest 

responds to every host in the array, each host:guest pair behaves in a unique manner and 

each guest is separated from the other guests in both the F1 and F3 axes. 
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Figure 2.1: PCA plot of antibody-like array. PCA plot derived from data in Table 2.1. 

 H1 H2 H3 H4 H5 

G1 1000 10 10 10 10 

G2 10 1000 10 10 10 

G3 10 10 1000 10 10 

G4 10 10 10 1000 10 

G5 10 10 10 10 1000 

Table 2.1: Mean Ka values for antibody-like array.  Data used to obtain PCA plot in 
Figure 2.1.  In this example, each host:guest behaves in a very specific 
manner, i.e., Guest 1 (G1) and Host 1(H1) have a very high affinity for each 
other relative to the other host:guest pairs (0.5 standard deviations.) 
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Figure 2.2: PCA plot of cross-reactive array.  PCA plot derived from data in Table 2.2. 

 

 H1 H2 H3 H4 H5 

G1 2.5 10 18 13 8 

G2 8 2.5 22 18 13 

G3 13 10 2.5 22 18 

G4 18 10 8 2.5 22 

G5 22 10 13 8 2.5 

Table 2.2: Mean Ka values for cross-reactive array.  Data used to obtain PCA plot in 
Figure 2.2.  In this example, each host:guest behaves in a very unique  
manner, i.e., Guest 1 (G1) and Host 1(H1) have lower affinity for each other 
than H1 for any of the other guests, whereas Host 2 (H2) has the lowest 
affinity for Guest 2 (G2) relative to the other host:guest pairs (2 standard 
deviations.) 
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From this example, it seems that there is very little difference in using a panel of 

receptors that have antibody-like behavior as opposed to cross-reactive behavior, since 

discrimination of the analytes can be effectively achieved in both circumstances.  In these 

models each host responds in an unambiguously different manner to all the guests.  This 

situation is ideal for optimal discrimination.  However, quality discrimination can still be 

achieved with small differences between responses to guests for an array of hosts, as is 

the case in most cross-reactive arrays, since each receptor behaves in a sufficiently 

unique manner.  These preliminary conclusions support the notion for utilizing cross-

reactive arrays, which generally requires far less synthetic effort to develop than 

antibody-like highly selective receptors. 

2.3.3 Choosing the Best Number of Hosts for an Array 

The selection of the correct number of hosts in an array can be an important point 

for both antibody and cross-reactive arrays.  Studying what is termed the (n-1) rule may 

be helpful in such a case.  Figure 2.3 portrays the same data as Figure 2.1 but uses only 

four hosts instead of five.  This is an example where the (n-1) rule can explain the 

similarities between the two figures.  The analysis reveals that a lack of a signal can be 

just as important as a measurable signal in an array setting.  In Figure 2.3, Guest 3 does 

not respond to any of the hosts.  The behavior of this guest is therefore different from the 

others and can easily be separated from the remaining guests.  Essentially, in arrays with 

high sensitivity and specificity, one fewer hosts than guests (n-1) is needed to achieve 

discrimination. 
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Figure 2.3: PCA plot for antibody-like array with four hosts.  PCA plot derived from 
data in Table 2.3. 

 

 H1 H2 H4 H5 

G1 1000 10 10 10 

G2 10 1000 10 10 

G3 10 10 10 10 

G4 10 10 1000 10 

G5 10 10 10 1000 

Table 2.3: Mean Ka values for antibody-like array with four hosts.  Data used to obtain 
PCA plot in Figure 2.3.  The same data sets as presented in Table 2.1, 
however Host 3 (H3) has been omitted from the data set (0.5 standard 
deviations applied.) 
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An increase in total variance of the plot (the variance of F1 and F2 combined) can 

also be seen, from 50.07% to 63.94% for the antibody-like case, and from 69.74% to 

79.17% for the cross-reactive case.  This is due to the properties of the data set itself.  In 

x-y plots of multivariate data, there is variance, found in each of the variables but only 

two dimensions are displayed.  Therefore, in a five variable array, the variance is 

distributed across five dimensions.  When a variable is removed from the system, there 

are fewer dimensions across which the variance can be distributed. 

When a single host is removed from the cross-reactive data set in Figure 2.2, the 

score plot still retains a high level of discrimination (as shown in Figure 2.4.)  However, 

Guests 2 and 4 begin to show significant overlap.  This is due to the lack of a sufficient 

number of hosts behaving in a distinctly unique manner. 
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Figure 2.4: PCA plot for cross-reactive array with four hosts. PCA plot derived from 
data in Table 2.4. 

 

 H1 H2 H3 H4 

G1 2.5 22 18 13 

G2 8 2.5 22 18 

G3 13 8 2.5 22 

G4 18 13 8 2.5 

G5 22 18 13 8 

Table 2.4: Mean Ka values for cross-reactive array with four hosts.  Data used to 
obtain PCA plot in Figure 2.4.  The same data sets as presented in Table 
2.2, however Host 5 (H5) has been omitted from the data set (2 standard 
deviations.) 
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2.3.4 Adding Hosts to an Array 

An array in which every host:guest pair generates a signal which contains sample 

variance comparable in intensity to background noise occurs when different host:guest 

pairs show very similar affinities to analytes.  In Figure 2.3, clustering in the various 

guests may roughly exist, but the groups are not readily distinguishable.  This is due to a 

high standard deviation between the repetitions, which has a similar magnitude between 

all the guest groups.  This can simulate a series of host:guest pairs that are not highly 

selective for analytes within a data set and do not all behave in a fully unique manner.   

Figure 2.5 is the PCA plot of the data, which appears as total scatter.   Presented with 

this type of data, a common next step is to move on to a supervised method such as LDA 

(Figure 2.6).  However, even when the algorithm is actively trying to create clusters of 

the groups which are identified prior to the algorithm running, the method falls short of 

completely discriminating the analyte classes.  In cases like this, adding additional hosts 

can improve the data discrimination by reinforcing difficult to observe patterns in the 

data sets.  Figure 2.7 and Figure 2.8 show the PCA and LDA results, respectively, when 

ten hosts are considered rather than five.  Here we see that visually each guest is more 

localized in the PCA plot (Figure 2.7), though overlap still exists.  In the LDA plot 

(Figure 2.8), there exists a much tighter clustering of the guests.  The improvement can 

be further supported by considering that the jack-knife analysis for the five host data set 

is 76%, and the jack-knife analysis for the ten host set is improved to 84%. 
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Figure 2.5: PCA plot of data set with significant overlap in the data.  PCA plot derived 
from data in Table 2.5. 

 

Figure 2.6: LDA plot of data set with significant overlap in the data.  LDA plot derived 
from data in Table 2.5. 
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 H1 H2 H3 H4 H5 

G1 3  23 18 13 8 

G2 8 3 23 18 13 

G3 13 8 3 23 18 

G4 18 13 8 3 23 

G5 23 18 13 8 3 

Table 2.5: Mean Ka values for overlapping data set with five hosts.  Data used to obtain 
PCA plot in Figure 2.5 and LDA plot in Figure 2.6 (5 standard deviations.) 
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Figure 2.7: PCA plot of data set with significant overlap in the data and ten hosts.  PCA 
plot derived from data in Table 2.6. 

Figure 2.8: LDA plot of data set with significant overlap in the data and ten hosts.  LDA 
plot derived from data in Table 2.6. 
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 H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 

G1 3  23 18 13 8 3 13 5 8 23 
G2 8 3 23 18 13 13 18 2 3 13 
G3 13 8 3 23 18 18 8 1 13 3 
G4 18 13 8 3 23 23 23 4 23 8 
G5 23 18 13 8 3 8 3 3 18 18 

Table 2.6: Mean Ka values for overlapping data set with ten hosts.  Data used to obtain 
PCA plot in Figure 2.7 and LDA plot in Figure 2.8 (5 standard deviations.) 

The reason additional hosts improved the discriminatory power of this system is 

that each host responds to the guests in a different manner than the other hosts, thus 

creating more unique and individual patterns.  This situation, where adding hosts to a 

high noise system increases the discriminatory power of an array, is often referred to as 

“co-linearity”.29 

2.3.5 High Dimensionality in an Array and Determining Host Performance 

High dimensionality in PCA and LDA plots is often a goal for many researchers 

during the statistical analysis of their data.12,13,30-32  High dimensionality is defined in PCA 

and LDA as a large number of principal components or discriminating axes, all of which 

carry a significant extent of the total differentiation.  High dimensionality is desirable in 

cases where the goal is to differentiate very similar analytes.  However, in many 

circumstances where high dimensionality exists, a two or three-dimensional 

representation of the PCA or LDA will not be sufficient for visual discrimination of the 

data.  Thus, a high dimensional PCA or LDA plot, while mathematically aiding in the 

discrimination of subtly different analytes, may not lead to an optimal pictorial 
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representation of differentiated data.  High dimensionality, and thus more principal 

components or discriminating axes, is obtained by adding more cross-reactive or highly 

selective receptors to an array.  This makes sense, as the number of discriminating axes 

possible in a PCA or LDA is directly correlated to the number of receptor variables. 

The math in PCA and LDA reduces a data set into its corresponding eigenvectors 

and necessitates that the number of eigenvectors which emerge from the calculation be 

equal to the number of receptors in the array or the number of samples, whichever of 

these two numbers is smaller.  In most circumstances of differential sensing, the number 

of receptors in an array will be smaller than the number of analytes and thus, the number 

of eigenvectors which arise in PCA and LDA will be equal to the number of receptors.33  

However, this correlation between the number of eigenvectors and number of receptors 

often leads to an incorrect conclusion: believing each discriminating axis represents one 

receptor (variable.)  To further understand why this conclusion is a misconception, 

loading plots, which are simultaneously generated when PCA and LDA plots are 

produced, must be investigated. 

Loading plots show the influence which each receptor, or variable, has on the 

corresponding discriminating axis.  A vector in a loading plot represents each receptor.  

The x-y coordinates (or higher coordinates) of each vector indicates the extent to which 

each receptor contributes to a discriminating axis.  Vectors of (-1, 0) or (1, 0) most 

influence the discrimination of analytes along the x-axis (F1), with the vector (-1, 0) best 

discriminating analytes on the left side of F1 and vector (1, 0) best discriminating 

analytes on the right side of F1.  Conversely, vectors (0, -1) or (0, 1) most influence the 

lower half of the y-axis or the upper half of the y-axis, respectively.  Receptors with 

vectors of intermediary x-y values indicate contributions to both axes.  Thus, the loading 
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plot becomes very helpful in analyzing which receptors or variables are most useful for 

discrimination and thus aid in the determination of receptor performance. 

Similar to a loading plot is a biplot.  Biplots are most commonly seen in 

conjunction with PCA plots, where the loading plot of the PCA plot is superimposed onto 

its corresponding PCA plot.  In these plots, the receptors which most influence a 

particular data point are located close in vector space to the data point.  The proximity of 

a receptor vector point to a data point allows further analysis of the array system to 

determine whether the receptor is important for discriminating that particular analyte.  

Both loading plots and biplots are important plots to analyze once PCA or LDA results 

have been generated.  They allow the user to probe the importance of the receptors in an 

array, which in turn provides information to improve and modify the array to obtain the 

best results. 

The LDA plot in Figure 2.9 and the corresponding LDA loading plot in Figure 

2.10 were derived from an array consisting of 15 receptors, where Table 2.7 shows the 

mean Ka values used for this simulation.  These values were chosen to maximize the 

dissimilarity between the behavior of each host:guest interaction in order to observe how 

each receptor can contribute to multiple axes.  The first axis (F1) discriminates analytes 

based on the data from all the receptors, except the receptor H2.  H2 contributes most to 

the F2 axis, since the vector for H2 contained a near-zero value as an x-component.  

Thus, the other nine receptors contribute to the discrimination which results from the F1 

axis in this example.  The second axis (F2) discriminates analytes based on the data from 

all the receptors, because no receptors contain a vector with a near-zero value as a y-

component.  Receptors H2, H4, H8, and H10 contribute the most to the discrimination 

seen with the F2 axis because the absolute value of their vector y-component is larger 
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than the absolute value of the y-vector components in the vectors of the other receptors.  

Therefore, each discriminating axis contains contributions from multiple variables. 
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Figure 2.9: LDA plot of data set with fifteen hosts and co-linear variables.  LDA plot 
derived from data in Table 2.7. 

Figure 2.10: Corresponding LDA loading plot of data set with fifteen hosts and co-linear 
variables.  LDA loading plot of LDA in Figure 2.9, derived from data in 
Table 2.7. 
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Table 2.7: Mean Ka values for co-linear data set.  Data used to obtain LDA plot in 
Figure 2.9 and LDA loading plot in Figure 2.10 (2 standard deviations.) 

The misconception that each discriminating axis represents one receptor in an 

array is most likely a result of the direct correlation seen between the number of receptors 

(variables) in an array and the number of discriminating axes obtained.  Thus, as the 

number of variables in an array increases, more discriminating axes will be obtained.  

Another reason for this misunderstanding may be that in high dimensionality systems 

with a large number of receptors, it is often the case that only a few of the receptors have 

a pertinent contribution to a particular discriminating axis, while the other variables in the 

array have a very small contribution that can almost be considered negligible. 

2.3.6 Obtaining the Best Visually Representative Plot 

After running PCA or LDA algorithms, many statistical programs automatically 

generate a two-dimensional plot using the two discriminating axes which contain the 

maximum variance or discrimination.  Oftentimes, this leads to a satisfactory plot.  

However, there are circumstances where this automatically generated two-dimensional 

PCA or LDA plot may not be the best visual representation of the data.  In cases such as 

this, it becomes important to consider all of the components computed by the statistical 

 H1 H2 H3 H4 H5 H6 H7 H8 H9 H10 H11 H12 H13 H14 H15 

G1 3 23 18 13 8 3 13 13 8 23 23 23 18 3 3 

G2 8 3 23 18 13 13 18 8 3 13 13 8 3 8 8 

G3 13 8 3 23 18 18 8 3 13 3 18 28 23 23 18 

G4 18 13 8 3 23 23 23 18 23 8 8 13 13 13 13 

G5 23 18 13 8 3 8 3 13 18 18 3 3 8 18 23 
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analysis program.  Figure 2.11 and Table 2.8 give an example where a two-dimensional 

plot of the data shows considerable overlap between the analytes G1 and G5.  The Ka 

values used, as well as the σ values employed, were chosen to generate this coincidental 

overlap. 

Once the three-dimensional plot is examined (Figure 2.12), which takes into 

account a third discriminating component, excellent discrimination of all the analytes is 

seen.  If any other of the discriminating axes calculated by the PCA or LDA algorithms 

hold substantial discriminating percentage (i.e., >5%), it would be beneficial to further 

examine those axes in addition to the two greatest discriminatory axes.  For instance, 

there may be circumstances where a third or fourth discriminating component is 

important to differentiate a data set.  In this case, an examination of the plots generated 

from all combinations of the first through fourth axes may be necessary (i.e., compare 

plots 1 vs. 2, 1 vs. 3, 1 vs. 4, 2 vs. 3, 2 vs. 4, etc.)  Thus, careful consideration of all 

components may lead to the best visual representation of differentiated data. 

To specifically optimize PCA plots, there exist rotation methods which often aid 

in simplifying the discriminating axes for easier interpretation.  Although there are 

several methods, varimax rotation introduced by Kaiser34 in 1958 is the most common.  

Varimax works by searching for a rotation of the original discriminating axes which 

maximizes the variance of the squared loading scores.  The advantage of utilizing 

varimax is that the new plot may be easier to analyze because each axis represents 

response from one, or only a few receptors.35  This tends to lead to loading scores (i.e., 

placements within the PCA plot) which range over a large span of values and thus 

emphasizes clustering.33 
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Figure 2.11: Two-dimensional PCA of inconsistent variance data set.  PCA plot of F1 
and F2 axes, derived from data in Table 2.8. 

Figure 2.12: Three-dimensional PCA plot of inconsistent variance data set.  PCA plot of 
F1, F2, and F3 axes, derived from data in Table 2.8. 
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 H1 H2 H3 H4 H5 

G1 10  10 10 10 10 

G2 10 40 30 20 40 

G3 20 10 40 30 30 

G4 30 20 10 40 20 

G5 40 30 20 10 10 

Table 2.8: Mean Ka values for inconsistent variance data set.  Data used to obtain PCA 
plots in Figure 2.11 and Figure 2.12 (0.5 standard deviations applied to G1; 
0.5 standard deviations applied to G2-G5 with Ka values of 10; 1 standard 
deviation applied to G2-G5 with Ka values of 20; 1.5 standard deviations 
applied to G2-G5 with Ka values of 30; 2 standard deviations applied to G2-
G5 with Ka values of 40.)  

2.3.7 Including Blank or Control Responses in an Array 

Another factor which should be considered when selecting data to be 

discriminated by PCA or LDA is whether to include blank or control responses in the 

data set.  Oftentimes, researchers are eager to show the excellent response which their 

receptor array shows towards the desired analytes versus a blank or control sample.  

However, inclusion of blank or control data within the data set evaluated by PCA or LDA 

can lead to artificial discrimination in the plot.  The generated plot becomes skewed from 

the blank or control sample data.  Take the following example, where G1 represents 

blank or control samples, which do not respond to the receptor array. 

In this example, the F1 discrimination is primarily a result of the response 

difference between the blank or control samples and the analytes being tested.  Here the 

F2 axis instead becomes the differentiation that is seen within the analytes tested (Figure 

2.13).  Once the blank or control data is removed from the data set, the plot below is 

generated (Figure 2.14). 
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Figure 2.13: LDA of low variance data set with blank included.  LDA plot derived from 
data in Table 2.9 

 H1 H2 H3 H4 H5 

G1 10 10 10 10 10 
G2 9000 800 850 650 1000 
G3 8500 700 800 550 750 
G4 7000 500 750 450 650 
G5 6000 400 700 350 400 

Table 2.9: Mean Ka values for low variance data set with blank included.  Data used to 
obtain LDA plot in Figure 2.13 (0.5 standard deviations.) 
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Figure 2.14: LDA of low variance data set with blank removed. LDA plot derived from 
data in Table 2.10. 

 H1 H2 H3 H4 H5 

G2 9000 800 850 650 1000 
G3 8500 700 800 550 750 
G4 7000 500 750 450 650 
G5 6000 400 700 350 400 

Table 2.10: Mean Ka values for low variance data set with blank removed.  Data used to 
obtain LDA plot in Figure 2.14 (0.5 standard deviations.) 
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However, usually the goal is to differentiate analytes, and thus, an omission of the blank 

or control samples from the PCA or LDA data set is generally most sensible. 

2.3.8 Circumstances When Arrays may not be Necessary 

Multivariate analysis tools, such as PCA and LDA, find great utility in 

circumstances where data is obtained from cross-reactive receptors.  The cross-reactivity 

of receptors, described previously, results in highly differentiable data among receptors 

for a set of analytes.  However, in cases where high cross-reactivity is not seen within 

receptors, repetitive data may exist which may not greatly assist in the differentiation of 

the analytes.  In these types of circumstances, an array of receptors may not be necessary, 

and instead one single receptor may be sufficient for analyte discrimination.  Take for 

example, a case where there are several receptors which have nearly identical signal 

response trends, with only slight differences between receptor signal intensity.  The 

corresponding LDA plot for this example (Figure 2.15) shows the data tightly clustered 

according to analyte identity along the F1 axis.  The F2 axis has a negligible amount of 

discriminatory power (0.04%).  The PCA plot for this example (Figure 2.16), on the 

other hand, has a considerable amount of variance of the data along both axes.  The 

variance of the F2 axis, however, is a misleading variance which arises solely from the 

noise found within analyte groupings for the array.  In this case, both of these plots would 

be better represented in a two dimensional graph (analyte vs. signal) plotted from the data 

obtained with only one of the receptors from the original array.  Thus, an array and the 

multivariate statistical analysis tools used to analyze the obtained data are both 

unnecessary here.  In circumstances like this, one receptor is sufficient for the purpose of 

analyte differentiation.  To prevent such a case where unnecessary work and time have 

been spent planning, engineering, and executing an array when only one receptor from 
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the array is needed to accomplish the desired goal of analyte differentiation, it is prudent 

to always be observant for arrays in which receptors give highly similar response trends. 

Figure 2.15: LDA plot of data set with highly similar host response.  LDA plot derived 
from data in Table 2.11. 
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Figure 2.16: PCA plot of data set with highly similar host response.  PCA plot derived 
from data in Table 2.11. 

 

 

 

 

 

Table 2.11: Mean Ka values for data set with highly similar host response.  Data used to 
obtain LDA plot in Figure 2.15 and PCA plot in Figure 2.16 (0.5 standard 
deviations.) 

 H1 H2 H3 H4 H5 

G1 9500 10000 9000 8000 11000 
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G5 5500 4000 7000 3500 4000 
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2.4 PRACTICAL APPLICATION OF PCA AND LDA 

2.4.1 Using PCA and LDA Together and Validation Techniques 

PCA and LDA are methods which are best used conjunctively to optimize data 

analysis.  Typically, PCA is run first to assist in uncovering general trends in the data set.  

Once PCA is run, LDA is run to specifically investigate the classification and grouping 

trends present in the data set.  Although sometimes the graphs obtained for a data set with 

PCA and LDA look similar, occasionally both methods can identify different patterns in 

the data set.  For this reason, it is generally recommended to run both of these methods on 

a data set and simultaneously studying the outcomes of these analyses for trends. 

As already mentioned, it is often very common for an LDA plot to look better 

than its corresponding PCA plot. Therefore, validation techniques are simultaneously run 

with supervised models to allow users to evaluate the validity of the model for their data 

set.  The most common technique for LDA is the jack-knife analysis, also known as the 

“leave-one-out” analysis.  In this validation technique, data for one analyte is removed 

from the data set and a new model is constructed.  The classification of this removed 

analyte is then estimated from the new model and compared to its previous classification.   

This entire process is completed with every analyte in the data set, and the resulting 

number is the percentage of classifications which were correctly identified.33 

In addition to validation techniques for LDA, most computer software programs 

give an option to display confidence ellipses for the grouped data.  These ellipses 

generally represent a 95% confidence limit for a specific analyte group.  These 

confidence ellipses help the user to more easily identify the extent to which all analyte 

groups are classified.  On this note, however, the incorporation of arbitrarily drawn 

circles which encompass analyte groups should be discouraged, as these may be mistaken 

for confidence ellipses. 



 100 

Validation techniques also exist for PCA; however, these techniques may only be 

available in programs where predictive models for PCA can be obtained.  Oftentimes, 

PCA predictive models may be available as an add-on to the existing software program. 

2.4.2 Pre-processing Data 

Pre-processing data is often an important step to take into consideration before 

running multivariate analysis methods.  Analysis of raw data without standardization or 

normalization of the data is generally called a covariance method, whereas normalization 

or standardization of the data is often called a correlation method (Pearson’s.)  

Correlation methods are always applied when the data set being used contains different 

units (i.e., absorbance and fluorescence data both contained within a data set.)  There are 

four main pre-processing methods (1) covariance about the origin, (2) covariance about 

the mean, (3) correlation about the origin, and (4) correlation about the mean.  Rozett and 

Peterson36 give a detailed analysis of these four methods and their advantages and 

disadvantages.  In the context of differential sensing, covariance about the origin is often 

used as a pre-processing method.  Using this pre-processing method prevents the loss of 

data around the zero point of the experimental scale and avoids the loss of information 

regarding the relative size and relative error associated with the data from different 

receptors.33 

It is important to note that because pre-processing of data can be key to obtaining 

the best differentiating model for a data set, some programs which run PCA often include 

a pre-processing step in the program calculations.  In these cases, additional pre-

processing may not be necessary for the user and the raw data can be used directly. 
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2.4.3 Experimental Setup 

Lastly, it is important to note that researchers must take care in an experimental 

setup to avoid any inherent experimental design flaws which could cause artificial trends.  

Take for example, microarrays.  It has been shown in the literature that if care is not 

taken with the experimental design one can generate spurious discrimination, where the 

differences are not due to analyte tissue type but rather the days on which the arrays were 

performed.37  Thought and consideration must be taken to ensure that uniform conditions 

and parameters are applied to each analyte.  In addition, when judging the validity of an 

array one must also consider the differences between laboratory conditions and real-

world conditions.  In order to validate the performance of an array, one must try to 

replicate real-world conditions and variability. 

It is also important to note the difference between technical replicates and 

experimental replicates.  Technical replicates involve replicated data which were derived 

from using the same stock solution.  These types of replicates help to evaluate pipetting 

accuracy and the homogeneity of the solutions or media being tested.  Experimental 

replicates require the entire experiment to be reproduced including the growing of cells 

and preparation of stock solutions.  These types of replicates are very useful in preventing 

results which discriminate data based on irrelevant variables such as the petri dish in 

which the cells were grown, the well plate in which the array was run, and the conditions 

in which the solutions or media were stored.  Not all systems may require the 

incorporation of both technical replicates and experimental replicates in a data set, but a 

clear understanding of the benefits which arise from each different type of replicate may 

prevent false or unsupported discrimination in a plot, and thus avoid incorrect 

conclusions. 
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2.5 CONCLUDING REMARKS 

In this work, statistical analysis tools such as PCA and LDA have been shown to 

discriminate data from cross-reactive arrays.  Additionally, a number of key observations 

regarding the relationships between the data in an array and the corresponding plots have 

been presented through model data sets.  (1) Cross-reactive arrays have demonstrated 

high discriminatory power and are particularly advantageous over a lock-and-key array 

when differentiating similar analytes.  (2) Optimizing the number of hosts based on the 

behavior of an array is an important aspect in designing an array; in particular, the 

presented examples have emphasized how to choose the best number of hosts for an array 

and how to recognize circumstances in which adding additional hosts to the array is 

beneficial.  (3) High dimensionality and the benefits and consequences of incorporating 

high dimensionality into an array were discussed, as well as the importance of 

investigating the data provided by loading plots and biplots for analyzing receptor 

performance.  (4) The model data sets have shown how to analyze PCA or LDA data to 

obtain the best visual plot representation possible, assuming that visual representation is a 

clear goal, and thus learning how to not rely exclusively on variance or differentiation as 

a measure for the quality of an array.  (5) The effect of blank or control samples on the 

appearance of the plot and the circumstances when an array may not be necessary for 

differentiating purposes were explored.  (6) Lastly, the implementation of PCA and LDA 

as statistical analysis tools for working up data obtained by sensing arrays was discussed, 

highlighting the use of validation techniques to probe the effectiveness of the model at 

representing the data and learning how to avoid bias from experimental design. 

Through this work, it is hoped that an increased understanding of multivariate 

statistical analysis tools is gained, which aids in the interpretation of complex data sets, 

specifically those seen in differential sensing schemes. 
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2.6 Ka DATA REPETITIONS FOR DISCUSSED EXAMPLES 

The data listed in the tables below (Tables 2.13-2.24) represent the simulated Ka 

values for the examples previously presented.  These values are the raw data that were 

introduced to XLSTAT 2011, which subsequently produced the corresponding PCA and 

LDA plots.  A standard number generator was applied to obtain the repetitions of the Ka 

values in an unbiased manner.  To do this, the mean Ka values presented in earlier tables 

were entered into the standard number generator, a normal distribution was applied, and 

anywhere from 0.5 to 5 standard deviations (depending on the particular circumstance 

being investigated) were used. 
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 H1 H2 H3 H4 H5 
G1 11421.98 10.02 9.36 9.90 9.90 
G1 10266.38 9.59 9.34 9.82 9.21 
G1 9131.71 10.57 10.41 9.21 9.87 
G1 10194.41 9.95 9.91 10.19 10.16 
G1 9841.78 10.26 9.65 10.74 8.97 
G2 8.57 9858.90 9.35 9.80 9.59 
G2 10.07 9359.08 9.70 9.89 10.73 
G2 9.44 9737.14 10.08 10.38 10.39 
G2 10.38 9968.63 10.43 9.80 10.28 
G2 9.42 9848.00 10.44 10.05 9.88 
G3 9.89 9.85 9821.58 9.72 9.89 
G3 11.17 9.96 10195.19 10.35 10.81 
G3 9.65 9.80 9713.83 9.68 9.46 
G3 10.19 9.84 10312.85 9.80 9.38 
G3 10.37 9.69 10462.36 9.96 9.66 
G4 10.26 9.82 10.12 10146.12 9.45 
G4 10.30 9.70 8.56 9672.74 10.20 
G4 10.24 9.14 9.84 10058.52 9.56 
G4 10.59 9.28 9.29 10390.63 10.07 
G4 10.00 10.17 10.08 9969.63 10.03 
G5 9.75 10.47 10.96 10.02 9048.61 
G5 9.89 11.11 9.37 10.17 10251.99 
G5 9.95 10.33 9.74 9.90 9453.60 
G5 10.04 9.01 9.40 9.70 10136.57 
G5 10.32 10.33 10.26 9.91 9108.50 

Table 2.13: Ka values for the antibody-like array.  Complete set of data used to obtain 
PCA plot in Figure 2.1, corresponds to mean Ka values in Table 2.1  (0.5 
standard deviations.) 
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 H1 H2 H3 H4 H5 
G1 0.01 20.35 15.49 11.26 5.54 
G1 1.15 20.47 15.72 11.20 6.58 
G1 2.08 22.19 17.93 12.90 8.13 
G1 4.78 22.30 17.97 14.49 9.58 
G1 4.88 23.96 19.26 14.17 10.75 
G2 6.00 0.81 20.00 16.75 11.26 
G2 7.83 1.40 21.56 17.05 11.20 
G2 7.79 3.80 22.83 17.85 12.90 
G2 8.23 4.29 22.41 18.90 14.49 
G2 10.13 5.24 24.54 20.80 14.17 
G3 10.37 5.08 1.10 20.36 16.75 
G3 12.00 6.03 1.43 21.66 17.05 
G3 12.81 8.33 3.96 23.65 17.85 
G3 14.58 8.46 3.47 23.31 18.90 
G3 14.12 9.29 5.73 25.82 20.80 
G4 16.85 10.46 6.31 1.68 20.36 
G4 16.61 12.93 6.41 2.88 21.66 
G4 17.74 13.86 7.66 3.32 23.65 
G4 18.46 13.54 9.59 4.65 23.31 
G4 20.19 14.85 10.62 4.85 25.82 
G5 20.89 16.36 11.32 6.50 1.24 
G5 22.68 16.11 12.29 7.80 3.24 
G5 23.03 17.26 12.68 8.42 4.41 
G5 23.70 18.21 14.91 8.64 4.76 
G5 25.30 20.35 15.49 10.58 5.54 

Table 2.14: Ka values for the cross-reactive array.  Complete set of data used to obtain 
PCA plot in Figure 2.2, corresponds to mean Ka values in Table 2.2 (2 
standard deviations applied.) 
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 H1 H2 H4 H5 
G1 11421.98 10.02 9.90 9.90 
G1 10266.38 9.59 9.82 9.21 
G1 9131.71 10.57 9.21 9.87 
G1 10194.41 9.95 10.19 10.16 
G1 9841.78 10.26 10.74 8.97 
G2 8.57 9858.90 9.80 9.59 
G2 10.07 9359.08 9.89 10.73 
G2 9.44 9737.14 10.38 10.39 
G2 10.38 9968.63 9.80 10.28 
G2 9.42 9848.00 10.05 9.88 
G3 9.89 9.85 9.72 9.89 
G3 11.17 9.96 10.35 10.81 
G3 9.65 9.80 9.68 9.46 
G3 10.19 9.84 9.80 9.38 
G3 10.37 9.69 9.96 9.66 
G4 10.26 9.82 10146.12 9.45 
G4 10.30 9.70 9672.74 10.20 
G4 10.24 9.14 10058.52 9.56 
G4 10.59 9.28 10390.63 10.07 
G4 10.00 10.17 9969.63 10.03 
G5 9.75 10.47 10.02 9048.61 
G5 9.89 11.11 10.17 10251.99 
G5 9.95 10.33 9.90 9453.60 
G5 10.04 9.01 9.70 10136.57 
G5 10.32 10.33 9.91 9108.50 

Table 2.15: Ka values for the antibody-like array with four hosts.  Complete set of data 
used to obtain PCA plot in Figure 2.3, corresponds to mean Ka values in 
Table 2.3 (0.5 standard deviations.) 
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 H1 H2 H3 H4 H5 
G1 0.01 20.35 15.49 11.26 5.54 
G1 1.15 20.47 15.72 11.20 6.58 
G1 2.08 22.19 17.93 12.90 8.13 
G1 4.78 22.30 17.97 14.49 9.58 
G1 4.88 23.96 19.26 14.17 10.75 
G2 6.00 0.81 20.00 16.75 11.26 
G2 7.83 1.40 21.56 17.05 11.20 
G2 7.79 3.80 22.83 17.85 12.90 
G2 8.23 4.29 22.41 18.90 14.49 
G2 10.13 5.24 24.54 20.80 14.17 
G3 10.37 5.08 1.10 20.36 16.75 
G3 12.00 6.03 1.43 21.66 17.05 
G3 12.81 8.33 3.96 23.65 17.85 
G3 14.58 8.46 3.47 23.31 18.90 
G3 14.12 9.29 5.73 25.82 20.80 
G4 16.85 10.46 6.31 1.68 20.36 
G4 16.61 12.93 6.41 2.88 21.66 
G4 17.74 13.86 7.66 3.32 23.65 
G4 18.46 13.54 9.59 4.65 23.31 
G4 20.19 14.85 10.62 4.85 25.82 
G5 20.89 16.36 11.32 6.50 1.24 
G5 22.68 16.11 12.29 7.80 3.24 
G5 23.03 17.26 12.68 8.42 4.41 
G5 23.70 18.21 14.91 8.64 4.76 
G5 25.30 20.35 15.49 10.58 5.54 

Table 2.16: Ka values for the cross-reactive array with four hosts.  Complete set of data 
used to obtain PCA plot in Figure 2.4, corresponds to mean Ka values in 
Table 2.4 (2 standard deviations.) 
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 H1 H2 H3 H4 H5 
G1 7619.16 6098.44 7219.87 6882.09 8961.45 
G1 10981.22 7307.02 7934.60 7948.04 7315.00 
G1 10090.35 8233.60 8362.55 8781.22 9398.20 
G1 8967.48 7760.58 7766.27 6964.70 8416.65 
G1 11167.25 7945.64 8073.20 7664.57 6127.11 
G2 7045.95 9608.21 8935.01 7970.53 6754.95 
G2 7864.01 9692.24 8395.35 7587.55 7536.14 
G2 7947.48 9432.79 7497.28 6548.94 6610.46 
G2 7662.17 8778.43 7378.14 8282.47 8154.04 
G2 7977.02 11091.27 7045.32 5315.93 9431.52 
G3 9608.43 7964.95 10994.92 6690.39 7826.97 
G3 8353.42 8428.90 11732.45 7228.00 8367.24 
G3 7274.19 8894.99 10543.91 8648.71 8718.72 
G3 8309.28 6775.49 11175.60 8314.56 7210.86 
G3 6248.46 7235.47 9799.58 8027.15 8447.02 
G4 9299.90 8382.81 8771.81 9044.34 8537.96 
G4 7021.19 8183.76 7496.09 10397.50 9686.36 
G4 8891.00 8762.02 7777.87 11946.15 9489.83 
G4 7120.18 7747.24 8195.78 9422.07 7033.11 
G4 8033.76 7952.82 7990.97 9451.56 6377.94 
G5 10732.87 7723.58 6775.29 8694.86 7965.93 
G5 9762.91 9339.50 8943.54 6979.51 8930.30 
G5 8074.28 7778.06 7716.88 7583.56 7514.39 
G5 11018.41 7899.71 8591.75 7739.31 10701.77 
G5 12222.55 9361.37 8327.69 6869.44 10355.61 

Table 2.17: Ka values for an overlapping data set with five hosts.  Complete set of data 
used to obtain PCA plot in Figure 2.5 and LDA plot in Figure 2.6, 
corresponds to mean Ka values in Table 2.5 (5 standard deviations.) 
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 H1 H2 H3 H4 H5 
G1 7619.16 6098.44 7219.87 6882.09 8961.45 
G1 10981.22 7307.02 7934.60 7948.04 7315.00 
G1 10090.35 8233.60 8362.55 8781.22 9398.20 
G1 8967.48 7760.58 7766.27 6964.70 8416.65 
G1 11167.25 7945.64 8073.20 7664.57 6127.11 
G2 7045.95 9608.21 8935.01 7970.53 6754.95 
G2 7864.01 9692.24 8395.35 7587.55 7536.14 
G2 7947.48 9432.79 7497.28 6548.94 6610.46 
G2 7662.17 8778.43 7378.14 8282.47 8154.04 
G2 7977.02 11091.27 7045.32 5315.93 9431.52 
G3 9608.43 7964.95 10994.92 6690.39 7826.97 
G3 8353.42 8428.90 11732.45 7228.00 8367.24 
G3 7274.19 8894.99 10543.91 8648.71 8718.72 
G3 8309.28 6775.49 11175.60 8314.56 7210.86 
G3 6248.46 7235.47 9799.58 8027.15 8447.02 
G4 9299.90 8382.81 8771.81 9044.34 8537.96 
G4 7021.19 8183.76 7496.09 10397.50 9686.36 
G4 8891.00 8762.02 7777.87 11946.15 9489.83 
G4 7120.18 7747.24 8195.78 9422.07 7033.11 
G4 8033.76 7952.82 7990.97 9451.56 6377.94 
G5 10732.87 7723.58 6775.29 8694.86 7965.93 
G5 9762.91 9339.50 8943.54 6979.51 8930.30 
G5 8074.28 7778.06 7716.88 7583.56 7514.39 
G5 11018.41 7899.71 8591.75 7739.31 10701.77 
G5 12222.55 9361.37 8327.69 6869.44 10355.61 

 
      

G1 H6 H7 H8 H9 H10 
G1 7631.99 6111.60 6111.60 6118.47 6124.26 
G1 10918.40 7953.49 7953.49 7109.46 8642.01 
G1 9051.68 7489.88 7489.88 7696.45 7884.33 
G1 9625.41 8740.62 8740.62 7560.54 8565.36 
G2 10926.01 7904.15 7904.15 6885.81 8446.02 
G2 7929.56 7635.75 9291.49 7287.12 7850.95 
G2 8932.59 8958.31 8843.21 6635.23 7419.37 
G2 8614.52 10572.97 8791.03 8329.89 7962.44 
G2 8569.06 8648.83 8266.37 8282.93 8299.67 



 110 

G3 8103.13 8908.45 9147.76 8098.56 7248.51 
G3 9335.53 6115.54 7660.09 8697.98 8671.85 
G3 7449.70 8687.21 8809.30 9479.55 9510.42 
G3 8711.42 8693.61 12247.65 7871.33 8637.88 
G3 7515.78 8114.80 9986.12 7827.84 7848.08 
G4 9045.13 8583.42 8059.92 7208.77 8031.80 
G4 8305.78 6798.67 6115.54 7663.62 9190.67 
G4 7916.90 9308.68 8687.21 9861.44 6361.35 
G4 7544.00 8537.81 8693.61 10082.52 6548.30 
G4 7955.33 7115.01 8114.80 9257.29 8629.93 
G5 8985.31 8506.53 8583.42 9590.14 8547.05 
G5 7909.69 8711.33 6798.67 6121.38 7667.11 
G5 8036.15 9464.91 9308.68 7921.39 10748.47 
G5 8474.91 8566.31 8537.81 9013.35 8581.59 
G5 8449.24 9071.86 7115.01 6442.27 11789.02 

Table 2.18: Ka values for an overlapping data set with ten hosts.  Complete set of data 
used to obtain PCA plot in Figure 2.7 and LDA plot in Figure 2.8, 
corresponds to mean Ka values in Table 2.6 (5 standard deviations.) 

 H1 H2 H3 H4 H5 H6 H7 H8 
G1 -8.91 11.92 20.43 5.59 -1.27 6.77 5.42 13.58 
G1 0.69 30.24 20.02 10.13 15.25 2.14 9.43 26.90 
G1 -6.50 26.25 8.74 12.87 5.86 3.07 17.26 13.49 
G1 3.52 26.56 18.24 15.04 9.34 5.79 21.74 33.67 
G1 4.70 24.98 17.38 23.38 18.79 11.48 23.20 28.65 
G2 6.30 -1.24 10.91 17.00 5.59 3.38 15.41 0.47 
G2 0.77 1.70 17.86 11.40 10.13 10.32 23.77 10.18 
G2 3.48 11.07 29.96 25.78 12.87 8.19 15.79 0.83 
G2 -0.18 -4.02 19.92 20.57 15.04 11.00 12.45 3.09 
G2 2.19 -4.28 22.00 14.84 23.38 7.19 29.99 7.19 
G3 17.50 15.82 -5.32 27.55 17.00 21.67 4.47 -8.78 
G3 14.22 15.99 10.96 17.84 11.40 12.30 3.59 6.18 
G3 13.15 15.07 -6.88 20.72 25.78 12.87 -0.97 5.40 
G3 19.49 14.59 12.40 16.44 20.57 26.34 9.71 9.51 
G3 10.62 8.25 -0.20 27.70 14.84 3.58 16.43 3.66 
G4 23.44 2.43 -0.73 -8.15 27.55 19.56 25.88 23.37 
G4 18.52 14.71 6.61 1.03 17.84 23.21 24.08 12.93 
G4 9.40 21.26 9.61 -3.46 20.72 15.83 24.68 17.38 
G4 27.04 21.42 0.55 13.82 16.44 22.11 15.08 21.45 
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G4 15.76 12.86 13.39 -3.62 27.70 26.98 25.31 20.43 
G5 24.53 22.08 11.49 9.31 3.10 4.56 2.43 15.64 
G5 19.88 25.47 19.62 2.07 6.07 8.21 -7.62 21.81 
G5 20.01 14.59 21.11 0.63 11.14 0.83 4.34 21.44 
G5 17.36 11.28 8.50 8.21 9.31 7.11 -4.34 23.98 
G5 19.79 11.92 20.43 13.66 -1.27 11.98 9.50 18.49 

 
 H9 H10 H11 H12 H13 H14 H15 
G1 2.87 27.52 14.48 21.45 15.09 -8.77 -0.35 
G1 12.07 25.80 15.24 24.69 21.97 -7.90 5.37 
G1 -0.96 31.81 20.98 30.14 22.51 1.73 6.53 
G1 13.17 22.23 26.51 30.79 4.57 12.32 3.71 
G1 3.44 26.47 15.39 24.30 19.76 7.73 17.17 
G2 -8.78 15.46 15.12 25.70 14.85 -2.75 -8.76 
G2 -7.26 21.87 22.04 18.41 1.57 3.47 -1.34 
G2 -3.69 8.46 11.12 22.37 10.11 8.32 12.63 
G2 4.20 4.18 24.80 25.92 3.56 13.63 7.01 
G2 9.96 5.58 23.51 17.87 4.67 0.92 14.03 
G3 15.55 -8.78 15.37 10.06 6.86 22.35 8.03 
G3 21.84 -0.70 21.89 -2.23 11.14 13.04 23.88 
G3 14.95 7.21 21.97 13.68 24.86 17.64 27.35 
G3 14.08 -1.12 14.28 3.40 28.15 23.64 10.39 
G3 12.04 -3.75 19.13 12.18 26.58 31.04 15.30 
G4 20.55 5.27 15.37 15.27 -8.77 17.44 14.91 
G4 16.35 13.98 21.89 21.92 5.54 7.51 2.03 
G4 22.65 17.25 21.97 15.49 10.82 16.11 9.53 
G4 17.95 3.24 14.28 4.38 -2.37 9.27 4.77 
G4 17.56 19.68 19.13 12.67 1.43 20.94 6.85 
G5 13.95 24.53 -8.77 -8.77 15.39 15.00 29.32 
G5 9.30 25.67 5.86 -7.58 23.59 2.00 22.49 
G5 8.63 19.88 -1.89 9.02 28.47 16.02 26.80 
G5 22.57 23.68 13.57 8.26 19.36 14.67 27.92 
G5 14.79 29.15 2.55 8.84 22.13 13.31 19.95 

Table 2.19: Ka values for a co-linear data set.  Complete set of data used to obtain LDA 
plot in Figure 2.9 and LDA loading plot in Figure 2.10, corresponds to 
mean Ka values in Table 2.7 (2 standard deviations.) 
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H1 H2 H3 H4 H5 

G1 8.75 10.17 10.66 10.41 8.82 
G1 8.75 10.90 9.94 10.03 9.77 
G1 9.96 9.36 9.91 8.95 9.83 
G1 10.82 10.72 9.99 10.36 9.52 
G1 9.96 8.88 9.97 10.78 9.23 
G2 8.75 19.45 30.16 41.22 38.76 
G2 10.12 19.14 28.99 40.15 41.70 
G2 10.79 21.46 31.51 38.81 38.30 
G2 11.92 20.96 30.39 37.53 38.42 
G2 10.35 20.10 32.42 39.23 40.65 
G3 17.51 30.46 37.29 9.68 32.52 
G3 20.23 29.17 38.02 10.03 33.50 
G3 21.59 32.20 40.09 9.69 30.08 
G3 23.84 30.57 38.06 11.36 29.99 
G3 20.69 26.64 39.52 10.71 28.64 
G4 26.27 43.26 11.38 19.36 20.35 
G4 30.84 39.41 9.79 20.05 19.08 
G4 32.32 42.95 9.52 19.38 21.01 
G4 30.11 39.84 9.13 22.71 20.77 
G4 28.11 39.93 9.99 21.42 20.63 
G5 35.04 9.73 22.76 33.88 10.18 
G5 41.92 9.57 19.59 27.07 9.54 
G5 43.03 10.73 19.04 31.11 10.51 
G5 36.86 10.48 18.27 27.57 10.39 
G5 39.76 10.05 19.97 28.35 10.32 

Table 2.20: Ka values for an inconsistent variance data set.  Complete set of data used to 
obtain PCA plots in Figure 2.11 and Figure 2.12, corresponds to mean Ka 
values in Table 2.8 (0.5 standard deviations applied to G1 repetitions, 0.5 
standard deviations applied to G2-G5 repetitions with mean Ka values of 10, 
1 standard deviation applied to G2-G5 repetitions with mean Ka values of 
20, 1.5 standard deviations applied to G2-G5 repetitions with mean Ka 
values of 30, 2 standard deviations applied to G2-G5 repetitions with mean 
Ka values of 40.) 
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H1 H2 H3 H4 H5 

G1 8.77 10.11 10.44 9.87 10.50 
G1 9.91 10.54 10.28 9.17 10.55 
G1 10.68 10.76 10.63 10.42 10.11 
G1 10.27 10.08 11.00 9.86 10.43 
G1 9.57 10.51 10.26 9.90 10.53 
G2 7914.64 703.69 741.90 572.06 880.30 
G2 9045.92 844.80 811.59 652.01 1052.40 
G2 9262.02 774.88 889.53 637.94 1064.21 
G2 7960.39 826.33 847.65 624.18 1081.23 
G2 9204.20 892.72 826.99 659.87 1075.36 
G3 7484.80 616.53 704.77 484.63 661.06 
G3 8112.10 700.76 839.25 523.18 749.32 
G3 8441.90 782.57 803.61 511.57 762.08 
G3 8701.44 692.63 758.70 583.05 761.42 
G3 8211.84 705.61 846.69 526.18 750.75 
G4 6171.19 440.89 661.48 397.00 573.56 
G4 7321.44 473.96 747.82 469.33 613.82 
G4 6668.09 514.32 726.09 469.51 637.67 
G4 6868.89 466.22 784.72 453.23 632.15 
G4 7324.10 472.71 745.51 466.41 604.74 
G5 5295.52 353.11 618.10 309.11 353.34 
G5 5970.52 416.05 658.33 347.58 414.97 
G5 6380.01 397.11 778.67 351.44 371.63 
G5 5415.85 414.13 699.51 337.00 435.78 
G5 5921.37 411.15 632.10 342.83 408.02 

Table 2.21: Ka values for a low variance data set with blank included.  Complete set of 
data used to obtain LDA plot in Figure 2.13, corresponds to mean Ka values 
in Table 2.9 (0.5 standard deviations.) 
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H1 H2 H3 H4 H5 

G2 7914.64 703.69 741.90 572.06 880.30 
G2 9045.92 844.80 811.59 652.01 1052.40 
G2 9262.02 774.88 889.53 637.94 1064.21 
G2 7960.39 826.33 847.65 624.18 1081.23 
G2 9204.20 892.72 826.99 659.87 1075.36 
G3 7484.80 616.53 704.77 484.63 661.06 
G3 8112.10 700.76 839.25 523.18 749.32 
G3 8441.90 782.57 803.61 511.57 762.08 
G3 8701.44 692.63 758.70 583.05 761.42 
G3 8211.84 705.61 846.69 526.18 750.75 
G4 6171.19 440.89 661.48 397.00 573.56 
G4 7321.44 473.96 747.82 469.33 613.82 
G4 6668.09 514.32 726.09 469.51 637.67 
G4 6868.89 466.22 784.72 453.23 632.15 
G4 7324.10 472.71 745.51 466.41 604.74 
G5 5295.52 353.11 618.10 309.11 353.34 
G5 5970.52 416.05 658.33 347.58 414.97 
G5 6380.01 397.11 778.67 351.44 371.63 
G5 5415.85 414.13 699.51 337.00 435.78 
G5 5921.37 411.15 632.10 342.83 408.02 

Table 2.22: Ka values for a low variance data set with blank removed.  Complete set of 
data used to obtain LDA plot in Figure 2.14, corresponds to mean Ka values 
in Table 2.10 (0.5 standard deviations.) 

  



 115 

 
H1 H2 H3 H4 H5 

G1 9543.35 11030.53 9045.97 8348.39 10110.73 
G1 9628.19 10591.01 9064.02 8479.34 11041.46 
G1 10049.10 10024.56 8801.45 8132.15 10961.71 
G1 9503.56 10200.53 9390.76 8041.92 11158.18 
G1 9893.81 10883.19 9276.68 7803.13 11294.21 
G2 9340.23 8314.44 8504.44 5720.61 9500.14 
G2 9045.92 8448.01 8115.88 6520.11 10524.01 
G2 9262.02 7748.75 8895.29 6379.41 10642.14 
G2 7960.39 8263.29 8476.49 6241.85 10812.29 
G2 9204.20 8927.21 8269.88 6598.72 10753.56 
G3 8523.12 7831.73 7503.12 4846.34 7520.62 
G3 8112.10 7007.64 8392.49 5231.83 7493.19 
G3 8441.90 7825.74 8036.14 5115.72 7620.81 
G3 8701.44 6926.27 7586.99 5830.50 7614.21 
G3 8211.84 7056.08 8466.90 5261.79 7507.50 
G4 7042.13 4408.94 6614.81 3970.00 5735.63 
G4 7321.44 4739.58 7478.20 4693.28 6138.22 
G4 6668.09 5143.24 7260.88 4695.08 6376.68 
G4 6868.89 4662.21 7847.16 4532.29 6321.47 
G4 7324.10 4727.11 7455.07 4664.09 6047.36 
G5 5240.25 3531.06 6500.43 3091.13 3533.42 
G5 5970.52 4160.50 6583.26 3475.75 4149.69 
G5 6380.01 3971.08 7786.68 3514.44 3716.32 
G5 5415.85 4141.34 6995.14 3370.03 4357.80 
G5 5921.37 4111.51 6320.97 3428.27 4080.18 

Table 2.23: Ka values for a data set with highly similar host response.  Complete set of 
data used to obtain LDA plot in Figure 2.15 and PCA plot in Figure 2.16, 
corresponds to mean Ka values in Table 2.11 (0.5 standard deviations.) 
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Chapter 3:  Serum Albumin Cross-Reactive Arrays for Differentiating 
Terpenes and Terpenes in Perfumes 

3.1 INTRODUCTION 

Terpenes are found in many aspects of life.  They are generally highly 

hydrophobic molecules and exist in many mixtures at low concentrations in aqueous 

media.  A terpene detection system which can operate with a low detection limit under 

aqueous conditions is quite challenging to design, as the system must be capable of 

detecting and differentiating terpenes from other more prevalent and higher concentration 

molecules in solution.  Therefore, to create a system which will have a preferential 

affinity for terpenes in aqueous media, the hydrophobic nature of these analytes is 

primarily targeted in this study to discriminate and differentiate terpenes and complex 

mixtures of terpenes. 

3.2 ABOUT TERPENES 

All compounds built up from 2-methylbutane residues and originating from plants 

are typically denoted as terpenes.  The word terpene comes from the Latin word 

turpentine meaning “resin of pine trees.”  There are approximately 30,000 terpenes 

currently known which are found in a large number of plants, including balm trees, 

carnations, caraway, citrus fruits, conifer wood, coriander, eucalyptus, lavender, lemon 

grass, lilies, peppermint species, roses, rosemary, sage, thyme, and violet.1  The terpenes 

found in these plants contribute to giving these species their pleasant smells, spicy tastes, 

and pharmacological activities.  They also have great significance in attracting insects for 

pollination, protecting plants from being eaten by animals, and contributing to the signal 

and growth regulation of plants.  Terpenes found in nature typically have alcohol, ether, 

aldehyde, ketone, carboxylic acid, or ester modulations.  The terpenes can be isolated 
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from plants via extraction or steam distillation to give ethereal or essential oils, which 

have found particular use in perfume aromas, food and drink flavors, and medicine 

production.  

The structure of terpenes contain a carbon skeleton of 2-methylbutane residues 

(3.1), also known as isoprene units or (C5)n units.2  Ruzicka and Wallach3 termed this 

C40, Tetraterpene

!,!-Carotene, 3.8

C30, Triterpene

Squalene, 3.7

C25, Sesterterpene

2,6,10,14,18-Pentamethylicosane, 3.6

C20, Diterpene

Phytane, 3.5

C15, Sesquiterpene

Farnesane, 3.4

2,6-Dimethyloctane, 3.3

2-Methylbutane, 3.2

C10, Monoterpene

C5, Hemiterpene

3.1a, Isoprene 3.1b, Isoprene unit

head
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finding “the isoprene rule”, winning the Nobel Prize in 1910.  The number of isoprene 

units (C5)n contained within a terpene determines the nomenclature of the terpene 

subclass.  For example, 3.2 is a hemiterpene (C5) containing one isoprene unit, 3.3 is a 

monoterpene (C10) containing two isoprene units, 3.4 is a sesquiterpene (C15) containing 

three isoprene units, 3.5 is a diterpene (C20) containing four isoprene units, 3.6 is a 

sesterterpene (C25) containing five isoprene units, 3.7 is a triterpene (C30), containing six 

isoprene units, and 3.8 is a tetraterpene (C40) containing eight isoprene units.1  The 

isopropyl portion of the isoprene unit is defined as the head of the isoprene unit, while the 

ethyl part of the structure is termed the tail (see 3.1b).  These multi-isoprene structures 

are formed by linking the isoprene units head-to-tail, with the exception of triterpenes and 

tetraterpenes which contain one tail-to-tail connection at the center of the structure. 

Terpenes are also biologically synthesized, as depicted in Scheme 3.1. Acetyl-

coenzyme A (activated acetic acid, 3.9) is the biogenetic precursor of terpenes.1  The 

biosynthesis begins with a biological Claisen condensation to give 3.10 followed by a 

biological aldol reaction which yields 3.11.  Subsequently, an enzymatic reduction with 

dihydronicotinamide adenine dinucleotide (NADPH) is carried out to make 3.12, along 

with a phosphorylation by adenosine triphosphate (ATP) resulting in 3.13.  

Decarboxylation and dehydration of 3.13 then gives activated isoprene (3.14).  Addition 

of two isomerases (3.14a and 3.14b) of the activated isoprene give a monoterpene (3.15).  

Addition of another equivalent of activated ispoprene (3.14a) to the previously obtained 

monoterpene (3.15) the yields a sesquiterpene (3.16).  
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Scheme 3.1: Biological synthesis of monoterpenes and sesquiterpenes. 
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3.3 PREVIOUS STUIDES WITH TERPENE DETECTION 

The detection of terpenes has previously been carried out using macrocyclic 

molecules.  Macrocyclic molecules, such as cyclodextrins and calixarenes, have 

hydrophilic outer surfaces and hydrophobic cores, a feature which promotes the enclosure 

of hydrophobic guest molecules.4, 5  Cyclodextrins and calixarenes are useful in the 

detection of a variety of small hydrophobic molecules as a result of the numerous 

possible sizes of cores available, which is determined by the number of α-1,4-linked D-

glucopyranose units (for cyclodextrins)4 or by the number of para-substituted phenol 

linked units (for calixarenes)5.  Cyclodextrins are cone-shaped oligosaccharide 

macrocyclic molecules comprised of six, seven, or eight α-1,4-linked D-glucopyranose 

units (α-, β-, and γ-cyclodextrin, respectively.)6  Clarot et al.7 has calculated apparent Kf 

values for the inclusion of four terpenes into β-cyclodextrin.  Calixarenes are cone-

shaped macrocyclic molecules comprised of para-substituted phenol linked units.8  

Ramon et al.9 has synthesized two calixarene based hosts, para-hexanoyl calix[4]arene 

and para-octanoyl calix[4]arene, which have been shown to interact with six terpenes via 

crystal structures.  A receptor which incorporated both a cyclodextrin and a calixarene for 

use in terpene detection was prepared by Reinhoudt et al.10 who used a β-cyclodextril-

calix[4]arene receptor (Figure 3.1) with a synthetically attached 2-napthyl amine 

fluorophore.  This macromolecule was able to detect three terpenes at the 1 mM level 

through the monitoring of fluorescence change. 
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Figure 3.1: Reinhoudt et al. terpene sensor.  β-cyclodextril-calix[4]arene receptor with a 
synthetically attached 2-napthyl amine fluorophore, which binds to terpenes 
at low mM concentrations.  (Reproduced from Ref. 10. © American 
Chemical Society, 1998.) 

The selective enantiomeric differentiation of the terpene menthol has been 

reported by Percival et al.11 using molecularly imprinted polymers.  The molecularly 

imprinted polymer is imprinted as a thin permeable film onto a gold-coated quartz crystal 

microbalance electrode.  The system, which works through non-covalent template 

polymerizations, measures a frequency shift which responds differently to the D and L 

enantiomers of menthol at low micromolar concentrations. 

The work of Kalasinsky et al.12 reports on the differentiation of several terpenes in 

mixtures using GC/FTIR.  Although the method has low microgram detection limits for 

terpenes, the limitation of this work lies in the time required to separate the terpenes on 

the packed GC column.  In this case, terpene detection involves lengthy data collection, 

requiring anywhere from 15-33 minutes for each mixture being analyzed. 

Proteins have recently been utilized in sensing arrays in the field of 

supramolecular chemistry.13  Moore et al. 14 designed a foldamer, a protein mimic, (shown 

in Figure 3.2) which binds to a variety of chiral terpenes, through induced circular 

dichroism association, with association constants near 103 M-1.  The use of proteins as 
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receptors for small molecule recognition, however, remains an underdeveloped field.15, 16  

The approach taken in this research uses the protein serum albumin as a receptor to bind 

terpenes. 

Figure 3.2: Moore et al. terpene sensor.  Foldamer synthesized to bind chiral terpenes 
with association constants around 103 M-1. 

3.4 SERUM ALBUMIN 

3.4.1 The Function of Serum Albumin Within The Body 

Serum albumin is a plasma protein found in the body which has several important 

roles in stabilizing the physical environment of blood.17  First, serum albumin has 

important circulatory roles within the body, accounting for approximately 80% of the 

colloid osmotic pressure of plasma.  Secondly, serum albumin contributes greatly to the 

transportation of metabolites.  The most important of these metabolites are long-chain 

fatty acids, which are otherwise insoluble in the blood stream without the presence of 

serum albumin.  Serum albumin binds these long-chain fatty acids and aids in their 

transportation from the intestines to the liver, from the liver to muscle, and to and from 

adipose tissue.  In addition to the transportation of long-chain fatty acids, serum albumin 

is also known to transport a host of other endogenously found compounds, including 

copper, bile acids, hormones, and vitamins.  Serum albumin also provides protective 

functions for the body by binding toxic waste and delivering these bound toxins to the 

liver for excretion.  Additionally, some molecules have antioxidant properties when 

bound to serum albumin.  Lastly, serum albumin has been shown to play a role in 
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metabolic effects, such as participating in stimulating lipoprotein lipase activity in 

adipose tissue and contributing to eicosanoid metabolism. 

Figure 3.3: Human serum albumin.  A) Human serum albumin, with each double loop 
in the protein represented by a different color.  B) Human serum albumin, 
showing the tertiary structure of the protein including the subdomain 
locations.  (Figure 3.3A Reproduced from Ref. 18. © Oxford University 
Press, 1999. Figure 3.3B Reproduced from Ref. 17. © Elsevier, 1996.) 

3.4.2 Serum Albumin Properties 

Serum albumin is a medium sized protein, weighing approximately 66 kDa and 

containing roughly 580 amino acids.  The protein contains 35 cystine residues which 

participate in 17 disulfide bonds, forming eight and a half double loops.19, 20  The 

complete amino acid sequences of bovine and human serum albumin were both identified 

in 1974-1975 by various cleavage techniques coupled with Edman degradation.20-22  

These structures were later confirmed with both cDNA and mass spectrometry 

methods.23-25  X-ray diffraction has shown human serum albumin (HSA) to have a heart-

shaped structure, with dimensions (additionally confirmed by physical studies) of 

approximately 140 Å x 40 Å.26, 27  Similar dimensions have been found for bovine serum 

A) B) 
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albumin (BSA) via physical studies.28  X-ray diffraction has also determined that HSA 

contains roughly 67% α-helicity with 10% β-turns.29  Physical studies with BSA indicate 

similar parameters with 68% α-helicity and 17% β-turns.30  The protein is segregated into 

three domains (Domains I, II, and III) which are each subsequently divided into two 

subdomains (Subdomains IA, IB, IIA, IIB, IIIA, and IIIB), (see Figure 3.3B).17 

Various species of serum albumin are known to have significant differences in 

sequence identity.  For example, BSA and HSA have a 24% difference in amino acid 

sequence.17  This characteristic of serum albumin is particularly advantageous for array 

sensing purposes, as multiple species of serum albumin can be employed as differential 

sensors to obtain cross-reactive analyte interactions. 

3.4.3 Serum Albumin Ligand Binding 

Serum albumin is known to bind a wide range of molecules, binding best to 

hydrophobic molecules with a molecular weight of 100-600 g mol-1.17  There are a 

number of endogenous compounds are known to bind to serum albumin with fairly large 

binding constants, which include long-chain fatty acids (Ka of 106-107 M-1),31 bile acids 

(Ka of 103 M-1),32 steroids (Ka of 103-105 M-1),33-35 bilirubin (Ka of 107 M-1),36 L-thyroxine 

(Ka of 106 M-1),37 and vitamins D and B-12 (Ka of 104-105 M-1 and 107 M-1, 

respectively)38,39.  In addition, a number of exogenous fluorescent indicators and 

pharmaceutical drugs have been found to bind to this protein. 
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3.4.3.1 Sudlow Sites I and II 

There are many binding sites present in serum albumin which can accommodate 

hydrophobic ligand binding.  Sudlow et al.40, 41  participated in some of the first research 

studies, investigating ligand binding to serum albumin.  Through their investigations, it 

was found that there are two primary sites where most ligands bind.  These sites would 

later be referred to as Sudlow Site I and Sudlow Site II.  Sudlow Site I is located 

primarily in subdomain IIA and Sudlow Site II resides mostly in subdomain IIIA. 

Figure 3.4: Amino acids in human serum albumin which participate in Sudlow Site I 
and Sudlow Site II binding.  Two-dimensional representation of serum 
albumin, indicating amino acids which participate in Sudlow Site I binding 
in green and amino acids which participate in Sudlow Site II binding in 
blue.  Subdomains are labeled under the two-dimensional serum albumin. 
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Figure 3.4 shows a two-dimensional representation of serum albumin, portraying only 

the double loops in the protein and not any tertiary structure characteristics.  The small 

circles in the figure each represent an amino acid in the protein structure.   The 

subdomains of the protein are labeled at the bottom of the figure and the amino acids 

which most contribute to ligand binding in Sudlow Site I are highlighted in green and 

those in Sudlow Site II are highlighted in blue. 

3.4.3.2 Identifying Specific Serum Albumin Binding Sites 

Since serum albumin has multiple binding sites, it is difficult to predict exactly 

where a ligand has the highest affinity to bind.  In 1975, Sudlow et al.40 investigated 

serum albumin binding sites.  This was facilitated with indicator displacement, using 

dansyl amide as an indicator to probe one site (Sudlow Site I) and dansyl sarcosine to 

probe a second site (Sudlow Site II).40, 41  These indicators were used to study which of 

these two binding pockets various drugs and pharmaceutical compounds preferred, 

through fluorescence competition assays. 

Though crystal studies are most commonly employed to analyze protein-ligand 

interactions, crystals of serum albumin are notoriously difficult to grow (in fact, a crystal 

for BSA has yet to be grown.)  Carter et al.26 grew the first crystal of HSA in 1992 (see 

Figure 3.5).  These crystals were grown using the hanging drop vapor diffusion method.  

In this crystal growing technique, a drop containing the protein is placed on a microscope 

slide, which is then hung upside-down to seal a well containing a precipitant.  The 

precipitant then slowly diffuses into the upside-down hanging drop, which leads to the 

formation of a crystal.  The crystals of HSA were studied with x-ray crystallography 

(with a resolution of 3.4 Å), identifying the exact amino acid sequence of the protein and 

the amino acids involved in the Sudlow Site I and II binding sites.29, 42  Studies have also 
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been completed with specific ligands co-crystalized in the binding sites, giving more 

insight into specific ligand binding.  For example, in 2001 Curry et al.43 co-crystallized 

monounsaturated fatty acids with HSA, which identified seven distinct binding sites for 

fatty acids on HSA.  As noted above, crystal structures of serum albumin are extremely 

challenging to grow.  The naturally occurring dimers and trimers found in commercially 

purchased serum albumin must first be removed, and tedious preparations including 

specific solution concentrations, temperatures, and time must be strictly followed.  In 

certain cases, allowing the solutions too much time to grow crystals can result in the 

simultaneous growth of microbial agents.  Additionally, once serum albumin crystals are 

grown, there are no guarantees that a co-crystal can be successfully grown.  

Figure 3.5: Crystals of human serum albumin.  Crystals of HSA grown by Carter et al. 
using hanging drop vapor diffusion. (Reproduced from Ref. 42. © Wiley-
VCH, 1994.) 

Circular dichroism (CD) has also been used to evaluate the binding behavior of 

ligands to serum albumin.44, 45  A CD spectrum can show the α-helical character of the 

protein.  Upon binding of a ligand to Sudlow Site I, a perturbation of the CD signal can 

often be observed, indicating a decrease in the helicity of the protein.  This is due to the 

binding of a ligand to this site inducing change of the tertiary structure of the protein and 

thus changing the α-helical character of the site. 
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Ligand binding can also be investigated through DNA sequencing, fluorescence 

energy estimates of intramolecular distances, affinity labeling, and isolation of functional 

fragments.17 

3.4.3.3 Fluorescent Indicator Binding 

There are numerous indicators which bind to serum albumin, and these indicators 

have diverse binding properties to various species of serum albumin.  Several of these 

indicators have found great success in the typical arrays which have been used in the 

Anslyn group for the detection and differentiation of hydrophobic analytes, such as 6-

propionyl-2-dimethylaminonaphthalene (PRODAN, 3.17), 2-anthracene carboxylate (2-

AC, 3.18), 1-anilino-8-naphthalene sulfonate (1,8-ANS, 3.19), dansyl amide (DNSA, 

3.20), dansyl proline (DP, 3.21), dansyl cadaverine (DC, 3.22), fluorescein (3.23), 5(6)-

carboxyfluorescein (5(6)-CF, 3.24) 7-amino-4-methyl coumarin (7-HF, 3.25), and 

nitrobenzofuran-fatty acid (NBD-FA, 3.26).  These indicators have in some cases been 

previously reported to bind to serum albumin (PRODAN,46, 47 2-AC,48 1,8-ANS,47 

DNSA,40 NBD-FA49).  The binding of some of these indicators to BSA, HSA, and rabbit 

serum albumin (RSA) are shown below in Figures 3.6-3.11.  A comparison of these 

titrations shows the remarkable differences in the number of equivalents required to reach 

saturation and the differences binding stoichiometries (as estimated by tangential line 

intersects).  These titrations support the notion that the differences in the amino acid 

sequence and tertiary structures of various species of serum albumin are significant 

enough to induce differential binding of hydrophobic molecules, such as aromatic 

fluorphores.  In general from these titrations, there are no trends seen with serum albumin 

species regarding which species most strongly binds hydrophobic fluorphore molecules.  

Again this provides evidence for the use of serum albumin as differential receptors. 
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Figure 3.6: Binding of PRODAN to serum albumin.  Binding isotherms from the 
titrations of BSA (0-40 µM) added to PRODAN (2 µM), HSA (0-35 µM) 
added to PRODAN (2 µM), and RSA (0-90 µM) added to PRODAN (2 µM) 
in 10 mM phosphate buffer, H2O, pH 7.0, 0.02% NaN3, with λex 365 nm and 
plotted at λem 522 nm. 

N

O

O

O

S

HN

O

O

O

SO

NH2

N

O

N

ON

NO2

H
N

O

O

N

SO O

N
O

O

O

O

O

OHHO

O OH2N

N

SO O

NH

H3N

3.17

3.18

3.19

3.20

3.21

3.26

3.22

3.23

3.25

O

O

O

OHHO

3.24

O

O

-25000

-20000

-15000

-10000

-5000

0

0 10 20 30 40 50

∆ 
Fl

uo
re

sc
en

ce


Total Equivalents Added
(Moles SA)/(Moles PRODAN)

BSA
HSA
RSA



 132 

Figure 3.7: Binding of 1,8-ANS to serum albumin.  Binding isotherms from the titrations 
of BSA (0-40 µM) added to 1,8-ANS (10 µM), HSA (0-60 µM) added to 
1,8-ANS (10 µM), and RSA (0-40 µM) added to 1,8-ANS (10 µM) in 10 
mM phosphate buffer, H2O, pH 7.0, 0.02% NaN3, with λex 385 nm and 
plotted at λem 423 nm. 

Figure 3.8: Binding of 2-AC to serum albumin.  Binding isotherms from the titrations of 
BSA (0-25 µM) added to 2-AC (10 µM), HSA (0-15 µM) added to 2-AC 
(10 µM), and RSA (0-18 µM) added to 2-AC (10 µM) in 10 mM phosphate 
buffer, H2O, pH 7.0, 0.02% NaN3, with λex 340 nm and plotted at λem 465 
nm. 
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Figure 3.9: Binding of DNSA to serum albumin.  Binding isotherms from the titrations 
of BSA (0-400 µM) added to DNSA (30 µM), HSA (0-360 µM) added to 
DNSA (30 µM), and RSA (0-360 µM) added to DNSA (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.0, 0.02% NaN3, with λex 350 nm and plotted at 
λem 495 nm. 

Figure 3.10: Binding of DC to serum albumin.  Binding isotherms from the titrations of 
BSA (0-750 µM) added to DC (30 µM), HSA (0-1050 µM) added to DC (30 
µM), and RSA (0-750 µM) added to DC (30 µM) in 10 mM phosphate 
buffer, H2O, pH 7.0, 0.02% NaN3, with λex 335 nm and plotted at λem 500 
nm. 

0

100000

200000

300000

400000

500000

600000

0 5 10 15

∆ 
Fl

uo
re

sc
en

ce


Total Equivalents Added
(Moles of SA)/(Moles of DNSA)

BSA
HSA
RSA

0

40000

80000

120000

160000

200000

0 10 20 30 40

∆ 
Fl

uo
re

sc
en

ce


Total Equivalents Added
(Moles SA)/(Moles DC)

BSA
HSA
RSA



 134 

Figure 3.11: Binding of NBD-FA to serum albumin.  Binding isotherms from the 
titrations of BSA (0-150 µM) added to NBD-FA (30 µM), HSA (0-30 µM) 
added to NBD-FA (30 µM), and RSA (0-105 µM) added to NBD-FA (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.0, 0.02% NaN3, with λex 480 
nm and plotted at λem 530 nm. 
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Hence for the purposes of this study, the hydrophobic nature of these molecules is the 

discriminating characteristic targeted for analyte differentiation. 

3.5.2 Finding a Fluorescent Indicator 

A variety of indicators were investigated for a terpene detection array.  For each 

indicator investigated, a solution of a terpene was added to the serum albumin-indicator 

mixture.  Fluorescence spectra from these titrations were then observed for modulation in 

the fluorescence intensity.  Several indicators were investigated, including 2-AC, 7-HF, 

and 1,8-ANS.  However, these indicators did not show any fluorescence modulation.  The 

selection of a fluorescent indicator for the proposed sensing ensemble in this study was 

finally made by finding an indicator with similar characteristics to terpenes, such as being 

hydrophobic and electrically neutral.  The indicator chosen, PRODAN (3.17), was first 

synthesized by Weber et al.46 who also reported binding of PRODAN to BSA.  This 

indicator is extremely hydrophobic with a maximum solubility in room temperature water 

of about 3.5 µM.47  PRODAN is known to form a 1:1 complex with BSA, having a 

binding affinity of 1 × 105 M-1, making it an optimal competitive binder with terpenes for 

serum albumin. 47 

Binding studies with the chosen indicator were completed for BSA, HSA, and 

RSA.  Upon addition of serum albumin to a solution of PRODAN, the initial free 

indicator peak for PRODAN at 522 nm decreased while a new peak at 460 nm appeared, 

forming an isosbestic point (see Figure 3.12).  Since PRODAN is an environmentally 

N

O

3.17
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sensitive, solvatochromic indicator,46 the new peak that formed at 460 nm is most likely a 

result of the indicator binding into a hydrophobic pocket on the serum albumin.  Binding 

into a hydrophobic pocket destabilizes the charged excited state of PRODAN resulting in 

a larger HOMO-LUMO gap and leading to a higher energy, lower wavelength emission.  

The binding isotherms obtained were used to calculate binding affinities of PRODAN to 

BSA, HSA, and RSA, assuming a 1:1 binding ratio.  From these binding constants, it was 

found that PRODAN has the highest affinity to bind BSA with a Ka of (5.0 ± 0.3) × 105 

M-1, which is comparable to the previously mentioned literature value.  PRODAN has the 

next highest affinity to bind HSA with a Ka of (9.6 ± 0.5) × 104 M-1, followed by RSA 

with a Ka of (8.3 ± 0.5) × 104 M-1. 
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Figure 3.12: Binding of PRODAN to BSA.  A) Addition of BSA (0-40 µM) to PRODAN 
(2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm.  
B) Binding isotherm of data in Figure 3.12A measured at 522 nm. 

3.5.3 Terpene Titrations with Serum Albumin and PRODAN 

The binding of the five terpenes studied (linalool, α-terpineol, nerol, geraniol, and 
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solution in ethanol to serum albumin and PRODAN in phosphate buffer led to an increase 

at the λmax for the free indicator (522 nm), along with first an increase then a decrease at 

the λmax of the bound indicator (460 nm) (Figure 3.13).  The fluorescence modulation 

indicates that the terpene binds to serum albumin in a manner which perturbs the 

environment of the bound indicator.  This perturbation could be a result of indicator 

displacement from the hydrophobic binding pocket, in which the opposite fluorescence 

spectra to Figure 3.12A would be observed (i.e., a decrease at 460 nm and an increase at 

522 nm would be seen) or the perturbation could be a result of a change in the solvent 

environment within the binding pocket where PRODAN resides as a result of allosteric 

changes in the PRODAN binding pocket which occurs upon terpene binding.  Two 

control experiments were carried out.  The first involved titrating a terpene (3.27-3.31) 

into PRODAN without any serum albumin.  Little to no fluorescence modulation was 

observed during this control, providing evidence for the role of serum albumin in this 

system.  A second control experiment was done to test the effect of ethanol addition from 

the terpene solution on the PRODAN environment.  The addition of ethanol was not 

found to significantly disrupt the environment where PRODAN resides. 
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Figure 3.13: Addition of geraniol to BSA-PRODAN.  A) Addition of geraniol in EtOH 
(0.0-2.5 mM) to BSA (20 µM), PRODAN (2 µM) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.25% 
(v/v).  B) Binding isotherm of data in Figure 3.13A measured at 522 nm. 

 

0

10000

20000

30000

40000

50000

60000

375 425 475 525 575 625 

Fl
uo

re
sc

en
ce


Wavelength (nm) 

A) 

B) 

0

5000

10000

15000

20000

25000

30000

0 50 100 150

∆ 
Fl

uo
re

sc
en

ce
 a

t 5
22

 n
m


Total Equivalents Added 
(Moles Geraniol/Moles BSA)



 140 

There were two noticeable trends in the fluorescence response.  First, all five 

terpenes showed a change in fluorescence at 522 nm in following the order: 

RSA<HSA<BSA.  Figure 3.14 shows this trend for the terpene geraniol. 

Figure 3.14: Comparison of responses from geraniol addition to BSA-PRODAN, HSA-
PRODAN, and RSA-PRODAN.  Fluorescence change at 522 nm upon 
addition of geraniol in EtOH (1 M) to a solution of PRODAN (2 µM) with 
either BSA (20 µM), HSA (40 µM), or RSA (90 µM) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3, final EtOH volume < 0.3% (v/v), λex 
365 nm. 

Second, as shown in Figure 3.15, the tertiary alcohol terpenes linalool (3.27) and 

α-terpineol (3.28), show the lowest modulation of fluorescence.  Nerol (3.29) and 

geraniol (3.30), which are configurational isomers, show similar but different responses.  

Lastly, citronellol (3.31), the only mono-olefin and primary alcohol terpene studied, 

shows the greatest change in fluorescence.  Although not proven, it is likely that the 

greater the change in fluorescence, the greater the affinity of the terpene to the serum 

albumin.  
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Figure 3.15: Comparison of responses from five terpenes each added to BSA-PRODAN.  
Fluorescence change at 522 nm upon addition of either linalool (0-2500 
µM), α-terpineol (0-2000 µM), nerol (0-3000 µM), geraniol (0-2500 µM), 
citronellol (0-1200 µM) in EtOH to a solution of PRODAN (2 µM) with 
BSA (20 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, final 
EtOH volume < 1.5% (v/v), λex 365 nm. 

3.5.4 Transitioning the Array to a Well Plate for Differentiation with Statistical 
Analysis 

The sensing ensemble was then transitioned from a cuvette assay to a 96-well 

plate assay.  An array was generated by adding solutions of serum albumins, PRODAN, 

and terpene analytes in 24:1 aqueous phosphate buffer:ethanol.  The emission data was 

analyzed using linear discriminant analysis (LDA).  Figure 3.16 shows an LDA plot 

obtained for the five terpenes.  The plot shows discrimination almost completely along 

the F1 axis, indicating that a single discriminant function suffices to describe the majority 

of the differences between the analytes, with 96.5% of the data differentiated along the 

F1 axis and 3.2% of the data differentiated along the F2 axis.  In this plot, the terpenes 
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are organized along F1 by emission modulation to the sensing ensemble, with citronellol 

to the far right and linalool to the far left.  The validation of the LDA classification was 

examined using a jack-knife analysis, affording a validity of 100%. 

 

Figure 3.16: LDA plot differentiating terpenes with an array consisting of BSA, HSA, 
RSA, and PRODAN.  Data collected from a 96 well plate reader with the 
parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror.  The 
array components consisted of BSA (20 µM), HSA (40 µM), RSA (90 µM), 
PRODAN (2 µM), and terpene (1 mM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3 with 4% EtOH (v/v), jack-knife analysis 100%. 

A small note about analyte concentrations in plots like this one should be noted.  

These plots are conctration dependent, however, similar trends and patterns should exist 

at different analyte concentrations.  As concentrations of the analytes tested decrease, the 

placements of analytes may start to group closer to the center of the plot.  As some low 

analyte concentration near the signal-to-noise ratio of the sensing ensemble, the 

repetitions of one analyte may be indistinguishable from other analyte groupings, leading 
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to poor discrimination.  For future potential application studies where analyte 

concentrations are not previously known, uniform dilution of the or absorbance 

standardization of these samples may be used in order to prevent concentration caused 

discrimination in these plots. 

3.5.5 Increasing the F2 Axis Differentiation 

Although discrimination of the five terpenes can be seen along the F1 axis, it was 

next investigated if the addition of other hydrophobic molecules would improve the 

cross-reactivity of the array.  It was hypothesized that the addition of another 

hydrophobic ligand would bind to serum albumin in a manner that would differentially 

affect the binding of the terpene to the protein, thus further influencing the binding of 

PRODAN and modulating the fluorescence signal.  A series of ions and small molecules 

that are known to bind serum albumins were screened.  Table 3.1 displays the additives 

screened and lists the corresponding association constants found in the literature for these 

additives. 
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Dopant Screened Association Constant to Serum Albumin17 

Cu(II) – CuCl2, Cu(OAc)2 1.5 x 1016 M-1 

Zn  – ZnCl2 3.4 x 107 M-1 

Ca2+ – CaCl2, Ca(NO3)2 1.5 x 103 M-1 

Cl– – NaCl 7.2 x 102 M-1 

Fatty acids – oleate, steate (1-69) x 107 M-1 

Bile acids – deoxycholate, cholate (3-200) x 103 M-1 

Ascorbate – sodium L-ascorbate 3.5 x 104 M-1 

Tryptophan – L-tryptophan 1.0 x 104 M-1 

Table 3.1: Additives screened to increase LDA plot differentiation and the 
corresponding association constants for each additive. 

Several molecules were shown to modulate the fluorescence intensity of a BSA-

PRODAN-geraniol solution (see Figure 3.17).  Stearate, dexoycholate, and the copper 

species were found to most influentially change the fluorescence intensity.  From this 

screening, these molecules (stearate – one equivalent and seven equivalents, 

deoxycholate – ten equivalents, and CuCl2 – two equivalents) were then each individually 

added to a well plate array consisting of a serum albumin (BSA, HSA, or RSA), 

PRODAN, and a terpene (linalool, α-terpineol, nerol, geraniol, or citronellol). Stearate 

(one equivalent) was found to increase the F2 axis differentiation from 3.15% to 16.97%; 

however, the resulting LDA plot showed significant overlap of linalool and α-terpineol 

terpene analytes, affording a jack-knife analysis of 92.5%.  To maximize stearate binding 

to the serum albumin, an addition of seven equivalents of stearate was added as a dopant 

to the array.  However, seven equivalents of stearate as an additive of the array only 
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increased the F2 axis differentiation from 3.15% to 5.22%.  The addition of copper (II) 

chloride resulted in an insignificant increase in the F2 axis differentiation to 4.10%. 

 

Figure 3.17: Results from additive screening.  Data collected from a 96 well plate reader 
with the parameters: λex 360 ± 10 nm, λem 525 ± 10 nm, and a top 400 
mirror.  Additives (20 µM or 40 µM) were each introduced into a solution of 
BSA (20 µM), PRODAN (2 µM), and geraniol (1 mM) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3 with 4% EtOH (v/v). 
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The molecule which best increased the overall differentiation of the terpene 

analytes was the bile acid, deoxycholate (3.32).  Deoxycholate is known to have two 

binding sites to serum albumins, with Ka values of 4 x 104 M-1 for HSA.32  Upon addition 

of deoxycholate to the serum albumins, PRODAN, and terpene solutions, the 

fluorescence signal was modulated to a varying degree for each terpene.  Emission data 

from the arrays with and without deoxycholate were used to construct a second LDA plot 

(Figure 3.18).  The F2 axis variance was increased from 4% to 17%, while also retaining 

excellent discrimination (jack-knife analysis gave 100% classification.)  This increase in 

F2 axis discrimination is beneficial in its ability to potentially further aid the array in 

discriminating more complex terpene solutions. 
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Figure 3.18: LDA plot differentiating terpenes with an array consisting of BSA, HSA, 
RSA, PRODAN, and deoxycholate.  Data collected from a 96 well plate 
reader with the parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 
mirror.  The array components consisted of BSA (20 µM) with deoxycholate 
(200 µM), HSA (40 µM) with deoxycholate (400 µM), RSA (90 µM) with 
deoxycholate (900 µM), PRODAN (2 µM), and terpene (1 mM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 4% EtOH (v/v), jack-
knife analysis 100%. 

3.6 DIFFERENTIATING TERPENES IN COMPLEX MIXTURES 

The sensing ensemble was then evaluated to determine if terpenes in a complex 

mixture could be discriminated.  Perfumes are composed of essential oils in an ethanol-

water solution, containing 300 or more compounds.50 Terpenes, primarily linalool, 

geraniol, and citronellol, are common components of these essential oils which impart 

floral and citrus smells.50  The composition of several perfumes were first studied with 

HPLC.  To do this, four common non-terpene components found in perfumes were 

purchased: 2-Ethylhexyl-trans-4-methoxycinnamate (3.33), 2-(4-tert-Butylbenzyl)-
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propionaldehyde (3.34), 1-(4-Methoxyphenyl)-3-(4-tert-butylphenyl)-1,3-propanedione 

(3.35), and 4-(4-Hydroxy-4-methylpentyl)-3-cyclohexene-1-carboxaldehyde (3.36).  The 

HPLC retention times of these common perfume components (3.33-3.36), along with the 

HPLC retention times of all five terpene analytes were compared to the HPLC retention 

times of several perfume mixtures (see Table 3.2).   However, the HPLC results were not 

able to provide compositional analysis of these perfumes, due to very similar retention 

times and the complex chromatograph obtained for the perfume mixtures (see the 
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chromatograph of a perfume below with non-discernable peaks in Figure 3.19.)  Hence, 

to determine if terpenes could be differentiated in the presence of a perfume matrix, one 

perfume variety was used to make terpene doped samples.  By this method, the identity 

of prevalent terpene in the complex mixture would be known, while still enabling the 

evaluation of whether terpenes could be differentiated in the presence of complex 

mixtures. 

O
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2-Ethylhexyl-trans-4-methoxycinnamate
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4-(4-Hydroxy-4-methylpentyl)-3-cyclohexene-1-carboxaldehyde
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Figure 3.19: HPLC of Masakï perfume. HPLC column - Phenomenex Gemini 5µ, C18, 
110 Å, 150 x 4.60 mm, 5 micron column.  HPLC method - 50% acetonitrile 
to 90% acetonitrile in 10 minutes, holding at 90% acetonitrile for 10 
minutes, and then equilibrating the HPLC for the subsequent run at 50% 
acetonitrile for 10 minutes. 
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Analyte Retention Times of Prominent HPLC Peaks (min) 

3.33 16.192 

3.34 8.489, 10.016, 10.840, 15.985, 17.511, 17.706, 18.033 

3.35 16.052 

3.36 2.212, 3.620, 4.187 

Linalool (3.27) 5.689 

Nerol (3.29) 5.295, 6.414 

Geraniol (3.30) 5.370, 6.775 

Citronellol (3.31) 2.387, 2.690, 5.365, 6.495 

Perfume 1 (Masakï) 

2.868, 3.673, 4.462, 5.440, 6.245, 7.386, 8.311, 9.765, 

10.466, 11.462, 12.134, 12.738, 13.050, 13.538, 

14.227, 14.785, 15.144, 15.522, 16.098, 16.613 

Perfume 2 (Stella) 

2.863, 4.366, 5.108, 6.509, 10.339, 11.136, 11.577, 

11.833, 12.327, 13.136, 14.075, 14.670, 14.872, 

15.168, 15.545, 16.160 

Table 3.2: HPLC retention times of primary perfume components, terpenes, and 
perfumes Masakï and Stella. HPLC column - Phenomenex Gemini, C18, 
110 Å, 150 x 4.60 mm, 5 micron column.  HPLC method - 50% acetonitrile 
to 90% acetonitrile in 10 minutes, holding at 90% acetonitrile for 10 
minutes. 

The fluorescence emission obtained from the array with the terpene doped 

perfume analytes was collected and the data were analyzed with LDA.  The three-

dimensional LDA plot (Figure 3.20) shows good discrimination of the terpenes alone 

and in the presence of the perfume “Masakï”, with a jack-knife analysis of 99%.  A 

distinctive placement is obtained for each terpene in the presence of perfume.  Generally, 
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the new placement for the terpene doped perfume moves towards the position of the 

original terpene.  The LDA shows that the added terpene content in this perfume can be 

correlated to individual terpene identity.  

Figure 3.20: Three-dimensional LDA plot differentiating terpenes and terpene doped 
perfumes with an array consisting of BSA, HSA, RSA, PRODAN, and 
deoxycholate.  Data collected from a 96 well plate reader with the 
parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror.  The 
array components consisted of BSA (20 µM) with deoxycholate (200 µM), 
HSA (40 µM) with deoxycholate (400 µM), RSA (90 µM) with 
deoxycholate (900 µM), PRODAN (2 µM), terpene (1 mM), and perfume 
(1250 fold dilution in ethanol) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3 with 4% EtOH (v/v), jack-knife analysis 100%. 



 153 

3.7 CONCLUDING REMARKS 

In summary, the research presented here introduces the use of a serum albumin 

protein as a non-selective receptor for use in the differential sensing of terpenes.  The 

results obtained suggest that upon terpene addition to a solution of serum albumin and the 

indicator PRODAN, the terpene interacts with the serum albumin in a manner which 

induces an environmental change to the bound indicator, which in turn modulates the 

monitored fluorescence signal.  The cuvette assay was then transitioned into a 96-well 

plate array to obtain an LDA plot which discriminated the terpene analytes along the F1 

axis.  To improve this discrimination a hydrophobic additive was introduced, 

deoxycholate, which aided in increasing the F2 axis variance, leading to better 

discrimination.  Finally, the sensing ensemble described was used to fingerprint terpenes 

in the presence of a complex perfume mixture. 

3.8 STUDIES STEMMING FROM THIS WORK 

Encouraged by the preliminary success of this work, a sensing array employing 

serum albumin to detect and differentiate fatty acids was conducted in the Anslyn 

group.51  In this investigation, an array consisting of BSA, HSA, RSA, and three 

fluorescent indicators (2-AC, 1,8-ANS, and fluorescein) were used to discriminate four 

fatty acids, two saturated fatty acids – palmitic acid (3.37) and stearic acid (3.38) and two 

unsaturated fatty acids – oleic acid (3.39) and linoleic acid (3.40). 
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The PCA plot differentiating these four analytes can be seen in Figure 3.21A.  

This array was further utilized to detect fatty acids in the presence of a complex mixture, 

in the form of edible oils.  Thus, five edible oils, notably sunflower, canola, extra virgin 

olive, peanut, and hazelnut oil, were differentiated (see Figure 3.21B).  This study could 

have implications on the quality control analysis of oils, in efforts to aid in the 

identification of adulterated extra virgin olive oils which are often fraudulently 

contaminated with other less expensive oils, such as hazelnut oil, to decrease oil 

production costs. 
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Figure 3.21:  PCA plots obtained by Anslyn et al. to discriminate fatty acids and edible 
oils.  A) PCA plot discriminating four fatty acids.  B) PCA plot 
discriminating five edible oils. 

-300000

-150000

0

150000

300000

-800000 -400000 0 400000 800000

F2
 (6

.5
8%

)

F1 (92.21%)

Observations (axes F1 and F2: 98.79%)

Palmitic Acid

Stearic Acid

Oleic Acid

Linoleic Acid

-400000

-200000

0

200000

400000

-800000 -400000 0 400000 800000

F2
 (9

.3
2%

)

F1 (88.36%)

Observations (axes F1 and F2: 97.68%)

Extra Virgin Olive Oil

Hazelnut Oil

Peanut Oil

Canola Oil

Sunflower Oil

A) 

B) 



 156 

In 2012, in an effort to improve the sensitivity of this specific work, Lavilla et 

al.52 presented the use of a headspace single drop microextraction procedure (HS-SDME) 

in conjunction with BSA and a fluorophore for terpene detection. In this work, a 

measurable fluorescence quenching was found when terpenes were exposed to a 

covalently bound fluorescein-BSA complex.  To carry out these studies, a solution of 

analyte in 40% ethanol (v/v) was immersed into a water bath at 45 ºC and was 

continuously stirred.  A 2.5 µL drop of the fluorescein-BSA probe was then positioned in 

the needle tip of a microsyringe and exposed to the headspace of the analyte sample for 

ten minutes.  The drop was next retracted back into the syringe and analyzed for 

fluorescence intensity readings (see sensing schematic in Figure 3.22.)  The researchers 

found a fluorescence quenching which occurred upon terpene binding, facilitated by 

exposure of the drop containing the probe to the headspace of the analyte solution.  This 

quenching is thought to be contact quenching, highly dependent on the distance of the 

analyte to the covalently bound fluorescein indicator.  The researchers optimized the 

procedure used for terpene detection (HS-SDME) by studying the following parameters: 

drop composition, drop volume, microextraction time, sample volume, sample 

temperature, stirring rate, and salt addition.  Once the procedure was optimized, this 

method of terpene detection was applied to the detection of terpenes in leave-on 

cosmetics, particularly in leave-on cosmetics which are fraudulently labeled as fragrance-

free. 
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Figure 3.22: Schematic of sensing ensemble by Lavilla et al. to detect terpenes in 
perfumes via headspace single drop microextraction. (Reproduced from 
Ref. 52. © Elsevier, 2012.) 

In 2010, Matile et al.53 exploited the hydrophobic character of fragrant aldehydes 

and ketones to pattern odorants and subsequently used this array to discriminate 

perfumes.  To do this, a lipid bilayer was employed which contained fluorescently 

charged molecules within the vesicle.  The hydrophobic analytes were reacted with 

cationic hydrazides to produce a cationic amphiphile.  The amphiphile activates a polyion 

transporter (in this case calf-thymus DNA) which can then cross the lipid bilayer.  This 

enables the activated polyion transporter to pick up suitably charged fluorescent probes, 

located within the vesicle and then move them across the membrane.  The fluorescence 

intensity of this probe drastically changes as the environment of the fluorophore is altered 

from the inside of the lipid bilayer vesicle to the outside of the lipid bilayer.  Differential 

sensing capabilities of this system were enabled by introducing different reactive 

hydrophilic hydrazides.  This created an array of amphiphiles with different activation 

abilities for polyion transport across the lipid bilayer membrane (see Figure 3.23 for 

schematic of sensing array and structures of analytes and activators.) 
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Figure 3.23: Lipid bilayer sensor by Matile et al. which differentiate shown terpenes in 
conjunction with amphiphilic activators. (Reproduced from Ref. 53. © The 
Royal Society of Chemistry, 2011.) 

The odorants in Figure 3.23 were used as example of hydrophobic analytes in this 

study and the perfumes were subsequently studied in order to test the compatability of the 

sensing array with complex matrices.  This sensing array shows through PCA and HCA 

that targeting the hydrophobic character of these analytes enables excellent 

discrimination of analytes (see Figure 3.24A), even allowing for the differentiation of 

enantiomers, cis and trans isomers, and single-atom homologs.  Complex perfume 
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matrices were also capable of being discriminated based on the hydrophobic content 

present in these mixtures (see Figure 3.24B). 

 

Figure 3.24: PCA plots obtained with the sensing ensemble by Matile et al.  A) PCA plot 
discriminating hydrophobic terpenes using an array with lipid bilayer 
membranes and various amphiphilic activators.  B) PCA plot discriminating 
perfumes by the hydrophobic components within these mixtures using an 
array with lipid bilayer membranes and various amphiphilic activators. 
(Reproduced from Ref. 53. © The Royal Society of Chemistry, 2011.) 

3.9 ADDITIONAL AND EXPERIMENTAL INFORMATION 

This work has been published as a communication in the Journal of the American 

Chemical Society.54 

3.9.1 Materials and Methods 

All reagents and solvents were used as purchased from Sigma Aldrich.  BSA, 

HSA, and RSA are fatty acid free.  Fluorescent measurements for the cuvette assays were 

done on a PTI fluorimeter with an 814 photomultiplier detection system using a 75W 

xenon short arc lamp.  UV measurements were done on a Beckman Coulter DU 800 

A) B) 
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spectrometer.  The 96-well plates were prepared using the Biotek Precision Microplate 

Pipetting system and the plates were analyzed using the Biotek Synergy 2 Multi-Mode 

Microplate Reader.  The program used to carry out linear discriminant analysis studies 

was XLSTAT 2009.  The program used to fit the binding curves to a 1:1 binding ratio 

was OriginPro 7.5. 

3.9.2 Experimental Information 

A solution of 10 mM phosphate buffer at pH 7.00 was prepared using a 2:1 molar 

ratio of Na2HPO4:NaH2PO4 in degassed deionized water.  0.02% NaN3 (w/v) was added 

to the buffer as an antimicrobial agent to prevent the growth of mold and other microbial 

agents in the serum albumin stock solutions.47 A stock solution of PRODAN was 

prepared by stirring a suspension overnight in 10 mM phosphate buffer and filtering the 

supernatant.  The final concentration was determined spectrophotometrically at 365 nm 

using a molar extinction coefficient in water of 1.45 × 104 M-1 cm-1.46, 47  Cuvette assays to 

study the binding of PRODAN to serum albumin were completed by titrating serum 

albumin (90 µM BSA, 100 µM HSA, or 200 µM RSA in 10 mM phosphate buffer) into 2 

µM PRODAN in phosphate buffer. Cuvette assays to study terpene interaction with the 

sensing ensemble were carried out by adding a concentrated terpene solution in ethanol 

(1 M linalool, 1 M α-terpineol, 1 M nerol, 1 M geraniol, or 0.5 M citronellol) into 2 µM 

PRODAN, serum albumin (20 µM BSA, 40 µM HSA or 90 µM RSA) in phosphate 

buffer.  The final ethanol concentration within the cuvette was always less than 1% (v/v).  

All cuvette assays were done using the parameters λex = 365 nm and λem = 375–650 nm. 

The type of 96-well plates used were flat bottom, non-treated, black polystyrene 

plates.  Several stock solutions were prepared for this assay: (A) 3 µM PRODAN, serum 

album (30 µM BSA, 60 µM HSA, or 135 µM RSA) in phosphate buffer (B) 120 mM 
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terpene (linalool, α-terpineol, nerol, geraniol, and citronellol) in ethanol and (C) 120 mM 

terpene (linalool, α-terpineol, nerol, geraniol, and citronellol) with perfume (brand - 

Masakï) diluted from the store bought concentration by 10.5 fold in ethanol (this was 

done to prevent signal overloading; the rough terpene concentration in eau de parfume is 

around 850 mM, assuming around 15% of the eau de parfum consists of aromic 

compounds.)  The stock solutions were used to make 30 homogenous mixtures (D) using 

8 mL of A and 100 µL of either B or C in phosphate buffer.  Deoxycholate solutions 

were also prepared in ethanol (200 µM deoxycholate with BSA well plates, 400 µM 

deoxycholate with HSA well plates, and 900 µM deoxycholate with RSA well plates.)  

The Biotek Precision Microplate Pipetting system was used to prepare the well plates, 

pipetting across the well plate: 250 µL of solutions D, 40 µL of phosphate buffer, and 10 

µL of either deoxycholate solutions or pure ethanol.  The final ethanol concentration in 

each well was 4.17% (v/v).  The 96-well plates were read with a λex filter of 360 ± 20 nm 

and a λem filter of 528 ± 10 nm, using a top 400 mirror. 

3.9.3 Supplementary Figures 

 

Figure 3.25: Binding isotherm for the binding of PRODAN to BSA.  Binding isotherm fit 
to a 1:1 binding ratio at λem  522 nm from the data in Figure 3.12A, 
calculating a Ka value of (5.0 ± 0.3) x 105 M-1. 
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Figure 3.26: Fluorescence change and binding isotherm for the binding of PRODAN to 
HSA.  A) Addition of HSA (0.0–33.4 µM) to PRODAN (2 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm.  B) Binding 
curve for the binding of PRODAN to HSA, fit to a 1:1 binding ratio at λem 
522 nm from the data in Figure 3.26A, calculating a Ka value of (9.6 ± 0.5) 
x 104 M-1. 

 

 

Figure 3.27: Fluorescence change and binding isotherm for the binding of PRODAN to 
RSA.  A) Addition of RSA (0.0–85.7 µM) to PRODAN (2 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm.  B) Binding 
curve for the binding of PRODAN to RSA, fit to a 1:1 binding ratio at λem 
522 nm from the data in Figure 3.27A, calculating a Ka value of (8.3 ± 0.5) 
x 104 M-1.  
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Figure 3.28: Addition of linalool to BSA-PRODAN, HSA-PRODAN, and RSA-PRODAN.  
A) Addition of linalool in EtOH (0.0–8.9 mM) to BSA (20 µM), PRODAN 
(2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, 
final EtOH volume 0.89% (v/v).  B) Addition of linalool in EtOH (0.0–7.9 
mM) to HSA (40 µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.79% (v/v).  C) 
Addition of linalool in EtOH (0.0–7.9 mM) to RSA (90 µM), PRODAN (2 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, 
final EtOH volume 0.70% (v/v). 
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Figure 3.29: Addition of α-terpineol to BSA-PRODAN, HSA-PRODAN, and RSA-
PRODAN.  A) Addition of α-terpineol in EtOH (0.0–13.8 mM) to BSA (20 
µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3, λex 365 nm, final EtOH volume 1.38% (v/v).  B) Addition of α-
terpineol in EtOH (0.0–14.8 mM) to HSA (40 µM), PRODAN (2 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH 
volume 1.48% (v/v).  C) Addition of α-terpineol  in EtOH (0.0–3.0 mM) to 
RSA (90 µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3, λex 365 nm, final EtOH volume 0.30% (v/v). 
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Figure 3.30: Addition of nerol to BSA-PRODAN, HSA-PRODAN, and RSA-PRODAN.  
A) Addition of nerol in EtOH (0.0–3.0 mM) to BSA (20 µM), PRODAN (2 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, 
final EtOH volume 0.30% (v/v).  B) Addition of nerol in EtOH (0.0–3.5 
mM) to HSA (40 µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.35% (v/v).  C) 
Addition of nerol in EtOH (0.0–4.0 mM) to RSA (90 µM), PRODAN (2 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, 
final EtOH volume 0.40% (v/v). 
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Figure 3.31: Addition of geraniol to BSA-PRODAN, HSA-PRODAN, and RSA-PRODAN. 
A) Addition of geraniol in EtOH (0.0–3.0 mM) to HSA (40 µM), PRODAN 
(2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, 
final EtOH volume 0.30% (v/v).  B) Addition of geraniol in EtOH (0.0–3.0 
mM) to RSA (90 µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.30% (v/v). 
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Figure 3.32: Addition of citronellol to BSA-PRODAN, HSA-PRODAN, and RSA-
PRODAN. A) Addition of citronellol in EtOH (0.0–1.6 mM) to BSA (20 
µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3, λex 365 nm, final EtOH volume 0.25% (v/v).  B) Addition of 
citronellol in EtOH (0.0–1.7 mM) to HSA (40 µM), PRODAN (2 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH 
volume 0.35% (v/v).  C) Addition of citronellol in EtOH (0.0–2.0 mM) to 
RSA (90 µM), PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3, λex 365 nm, final EtOH volume 0.40% (v/v). 
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Figure 3.33: Control experiments without serum albumin.  A) Addition of linalool in 
EtOH (0.0–8.9 mM) to PRODAN (2 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.89% (v/v).  B) 
Addition of α-terpineol  in EtOH (0.0–13.8 mM) to PRODAN (2 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH 
volume 1.38% (v/v).  C) Addition of nerol in EtOH (0.0–3.0 mM) to 
PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
λex 365 nm, final EtOH volume 0.30% (v/v).  D) Addition of geraniol in 
EtOH (0.0–3.0 mM) to PRODAN (2 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH volume 0.30% (v/v).  E) 
Addition of citronellol in EtOH (0.0–1.6 mM) to PRODAN (2 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 365 nm, final EtOH 
volume 0.25% (v/v). 
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Figure 3.34: Control experiment with ethanol.  Graph of fluorescence change at λem 522 
nm during the addition of ethanol (0%–5% total volume) to BSA (20 µM), 
PRODAN (2 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
λex 365 nm. 
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Figure 3.35: LDA plot differentiating terpenes with an array consisting of BSA, HSA, 
RSA, PRODAN, and one equivalent of stearate.  Data collected from a 96 
well plate reader with the parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, 
and a top 400 mirror.  The array components consisted of BSA (20 µM) 
with stearate (20 µM), HSA (40 µM) with stearate (40 µM), RSA (90 µM) 
with stearate (90 µM), PRODAN (2 µM), and terpene (1 mM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 4% EtOH (v/v), jack-
knife analysis 92.5%. 
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Figure 3.36: LDA plot differentiating terpenes with an array consisting of BSA, HSA, 
RSA, PRODAN, and seven equivalents of stearate.  Data collected from a 96 
well plate reader with the parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, 
and a top 400 mirror.  The array components consisted of BSA (20 µM) 
with stearate (140 µM), HSA (40 µM) with stearate (280 µM), RSA (90 
µM) with stearate (630 µM), PRODAN (2 µM), and terpene (1 mM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 4% EtOH (v/v), 
jack-knife analysis 100%. 
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Figure 3.37: LDA plot differentiating terpenes with an array consisting of BSA, HSA, 
RSA, PRODAN, and copper(II) chloride.  Data collected from a 96 well 
plate reader with the parameters: λex 360 ± 20 nm, λem 528 ± 10 nm, and a 
top 400 mirror.  The array components consisted of BSA (20 µM) with 
copper (II) chloride (40 µM), HSA (40 µM) with copper (II) chloride (40 
µM), RSA (90 µM) with copper (II) chloride (90 µM), PRODAN (2 µM), 
and terpene (1 mM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3 
with 4% EtOH (v/v), jack-knife analysis 100%. 
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Chapter 4:  Serum Albumin Cross-Reactive Arrays for Differentiating 
Plasticizers and Plastic Explosive Mixtures 

4.1 EXPLOSIVE DETECTION 

Due to the recent increase in terrorism activity and the need for improved 

homeland security, there is a growing interest in advancing methods for explosive 

detection.1, 2  In addition, overseas military endeavors require the need for a facile method 

to detect and differentiate explosive materials in the context of the battlefield.2  There are 

a plethora of methods used for both bulk and trace explosive detection.1, 3, 4  For trace 

explosive detection, the primary methods depend upon various forms of chromatography 

and spectrometry.4  The superb canine olfactory senses have also been exploited for such 

detection, although with some difficulties.3, 4  In addition, several methods have been 

reported to utilize colorimetric and fluorescent techniques.3  The number of methods 

developed for explosive detection is fairly expansive, and the vast majority of these 

methods target the detection of the most common explosive molecules, including TNT 

(2,4,6-Trinitrotoluene, 4.1), RDX (1,3,5-Trinitro-1,3,5-triazacyclohexane, 4.2), PETN 

(Pentaerythritol tetranitrate, 4.3), HMX (1,3,5,7-Tetranitro-1,3,5,7-tetrazacycloocatane, 

4.4), EGDN (Ethylene glycol dinitrate, 4.5), AN (ammonium nitrate, 4.6), and NC 

(nitrocellulose, 4.7).4-6  Explosive mixtures, however, are far less studied. 
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4.2 SEMTEX AND C4 PLASTIC EXPLOSIVE MIXTURES 

The commonly employed and widely known plastic explosive mixtures, Semtex 

and C4, are known to be relatively easy to use and the components required to prepare 
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these mixtures are readily available.  These factors make these explosives popular 

choices for terrorist and combat activities.7 

4.2.1 Current Detection of Semtex and C4 

The wide use of Semtex and C4 across the world has led to the development of 

methods which aim to detect the explosive materials (i.e., RDX and PETN) found in 

these common plastic explosives.5  Vapor and particle detection have been largely used 

for their detection.  Vapor detection is generally more difficult to use for RDX and PETN 

detection than for the detection of TNT, nitroglycerin (NG), or EGDN due to the low 

vapor pressure of both RDX and PETN.  Pre-concentrators are often used to enhance the 

recognition of these explosives.  The detection systems employed are typically gas 

chromatography–ion mobility spectrometry (GC-IMS) systems.  Particle detection 

involves the identification of explosives which have been transferred to a surface or 

person, generally through fingerprint contamination.  This type of detection method is 

advantageous for plastic explosives, as they are typically “sticky” and are easily 

transferred from one area to another.  The sensitivity of particle detection is fairly low, in 

the 20-200 pg range.  Vapor and particle detection methods have been used together for 

effective RDX and PETN recognition.  Color detection assays have also been employed 

for such uses.  DETEX I and DETEX II are examples of commercially available color 

detection assays, which are printed on a sheet that turns pink in the presence of certain 

classes of explosive compounds such as nitramines, organic nitroesters, and inorganic 

nitrates (the exact chemistry of these assays is not known due to proprietary reasons).  

Lastly, canine detection has been a well-used detection method, allowing the dogs to 

potentially reveal hidden plastic explosives, which are generally not well detected by 

other methods. 
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4.2.2 Composition of Semtex and C4 

For this study, research was done to develop an assay that detects and 

differentiates the plasticizers found in the following explosive mixtures: Semtex 1A, 

Semtex 2P, Semtex H, and C4.  The Semtex mixtures each contain differing proportions 

of RDX (4.2), PETN (4.3), a styrene-butadiene binder (4.8), a Sudan dye (4.10-4.12), 

plasticizers, and in Semtex 1A, an antioxidant (4.9).  C4 mixtures contain RDX (4.2), 

polyisobutylene (4.13), motor oil, and plasticizers.  Table 4.1 lists the composition make-

ups of each explosive mixture.8, 9, 10, 11 
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 Semtex 1A Semtex H Semtex 2P C4 

PETN 76.00% 40.90% 58.45% – 

RDX 4.60% 41.20% 22.90% 84.50% 

Plasticizers 9.00% 7.90% 8.45% 9.20% 

Styrene-butadiene (binder), 4.8 9.40% 9.00% 9.20% – 

Dye 0.50% 

Sudan IV, 

4.10 

0.5% 

Sudan I, 

4.11 

1.00% 

Sudan III, 

4.12 

– 

N-phenyl-2-naphthylamine 

(antioxidant), 4.9 

0.5% – – – 

Polyisobutylene, 4.13 – – – 2.70% 

Motor Oil – – – 3.60% 

Table 4.1: Composition Make-up of Semtex 1A, Semtex H, Semtex 2P, and C4.8, 9 

4.3 PLASTICIZERS 

4.3.1 Detecting Semtex and C4 Mixtures by Plasticizer Composition 

Although targeting the explosive compounds in these mixtures is logical for 

detection and differentiation, methods which target the less prevalent compounds in these 

mixtures, such as plasticizers, may lead to additional information regarding the identity 

and source of an explosive mixture, specifically because some plasticizers are less 

accessible in certain countries due to associated health regulations.12  (Reference 12 

details the health regulations associated with certain plasticizers in the USA.)  Other 

regulations presumably exist in other countries.  Thus, since certain plasticizers are 

forbidden in specific countries, the presence or lack thereof of these plasticizers may help 
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to identify the geographic origin of these explosive mixtures.  Their detection could 

potentially complement other well-known, developed detection systems. 

Therefore, the primary and fundamental goal of this work is to study if plastic 

explosive mixtures can be differentiated by their minor plasticizer composition, which 

could enable the uncovering of further information about the mixtures being tested. 

4.3.2 Plasticizers within Semtex and C4 

Semtex and C4 are termed plastic explosives due to the presence of plasticizers 

within the explosive mixture, amounting to roughly 10% of the composition.7, 12  When 

plasticizers are incorporated into explosives, they stabilize the mixture against accidental 

detonation and preserve the explosive from weathering conditions.12  Three plasticizers 

are known to exist within Semtex explosive mixtures, (tri-n-butyl citrate P1, phthalate 

P4, and di-n-octylphthalate P5) and two plasticizers within C4 explosive mixtures 

(dioctyl sebacate P2 and dioctyl adipate P3.)10, 11 

These plasticizers lack functional handles or chemical functional groups to target 

for detection and differentiation purposes.  Additionally, these plasticizers, with the 

exception of P4, are very aliphatic in nature making them highly hydrophobic molecules.  

For this reason, it is hypothesized that the detection and differentiation of plasticizers and 

phthalate (P4, 4.17) di-n-octylphthalate (P5, 4.18)tri-n-butyl citrate (P1, 4.14)

dioctyl adipate (P3, 4.16)dioctyl sebacate (P2, 4.15)
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plastic explosives could be achieved by targeting the hydrophobic character of these 

molecules. 

4.3.3 Previous Detection of Plasticizers 

Plasticizer detection has largely been accomplished with GC/MS techniques.12  

Using this method, plasticizers of different molecular sizes and structures are capable of 

being discriminated through differing retention times.  Typically, the plasticizers are 

extracted with an organic solvent and then concentrated for analysis.  The mass spectra 

results obtained are generally compared to other known mass spectra through a computer-

based spectral matching system.  In this manner, plasticizers of different molecular sizes 

and with different structures are identified.  Thermal desorbtion-GC/MS has also been 

used for plasticizer detection and has been found to have advantages in identifying small 

quantities of plasticizers, near the low ppb level.  Thermogravimetric analysis-GC/MS 

(TGA-GC/MS) is useful in applied settings of plasticizer detection, as the analysis 

process is simplified since sample preparation is omitted and can be run directly from the 

TGA.  Additionally, FTIR has been shown to detect plasticizers; however, the exact 

identity of plasticizers generally cannot be uncovered using this method, particularly 

when analyzing plasticizers in the presence of other additives to the mixture. 

4.3.4 Plasticizer-Serum Albumin Binding 

Simultaneously with the research presented here, (already completed and 

submitted for peer-review journal publication) a study was published in the Journal of 

Agricultural and Food Chemistry which investigated the binding between phthalate 

plasticizers and human serum albumin (HSA).13  Due to the recent health concerns 

associated with plasticizers, specifically concerns that plasticizers can mimic, block, or 

interfere with hormones in the body and potentially cause reproductive damage, Chen et 
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al.13 investigated the binding interaction between three phthalate plasticizers and the most 

crucial carrier protein in the plasma – HSA.  The three plasticizers studied were diethyl 

phthalate (DEP), dibutyl phthalate (DBP), and diisobutyl phthalate (DIBP).  The binding 

constants of these plasticizers to HSA were measured by monitoring the change in 

intrinsic fluorescence intensity of the protein (from the one tryptophan residue in HSA, 

residue 214), and using this collected fluorescence data in the Stern-Volmer equation.  

The binding constants from these studies are shown in Table 4.2. 

 

 Binding Constants Ka (x 10-5) M-1 

Temperature (K) DEP-HSA DBP-HSA DIBP-HSA 

292 0.57 1.28 1.75 

298 0.49 1.15 1.60 

304 0.40 1.04 1.47 

310 0.34 0.94 1.37 

Table 4.2: Binding constants reported by Chen et al. for diethyl phthalate (DEP), 
dibutylphthalate (DBP), and diisobutylphthalate (DIBP) to HSA.   Binding 
constants measured at four different temperatures with fluorescence data and 
the Stern-Volmer equation. 

Through van’t Hoff experiments, the type of binding interaction was studied.  

Support was found for entropically driven binding of plasticizers to HSA, through a large 

positive ∆Sº contribution.  A small negative ∆Gº was found which provides evidence for 

hydrogen bonding interactions within the binding pocket of HSA where plasticizers bind.  

Circular dichroism spectrometry (CD) was also used to investigate the change in α-

helicity of the protein upon plasticizer binding.  A small decrease in absorbance was 

noted in the CD spectrum of the protein-plasticizer species versus the absorbance of the 
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CD spectrum of the protein alone.  This indicates a slight decrease in the α-helicity of the 

protein, and provides support for plasticizer binding to Sudlow Site I.  Molecular docking 

(shown in the Figure 4.1 below) also supports Sudlow Site I plasticizer binding. 

Figure 4.1: Molecular docking providing support for plasticizer binding to HSA at 
Sudlow Site I. (Reproduced from Ref. 13. © American Chemical Society, 
2012.) 

4.4 PLASTICIZER DETECTION WITH SERUM ALBUMIN ARRAYS 

Inspired by the mammalian olfactory senses, differential sensing of plasticizers 

can enable discrimination of subtly different plasticizer molecules. As such, cross-

reactive arrays of serum albumin can be exploited for plasticizer detection, where the 
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hydrophobic property of plasticizer molecules is the targeting characteristic for plasticizer 

detection. 

4.4.1 Sensing Ensemble with Serum Albumins and DNSA 

The sensing ensemble for this study consists of two serum albumins, HSA and 

bovine serum albumin (BSA), fluorescent indicators, and a dopant molecule to help 

increase analyte differentiation.  To choose the appropriate fluorescent indicator, a 

variety of indicators which bind to serum albumin were screened: 6-propionyl-2-

dimethylaminonaphthalene (PRODAN), 5(6)-carboxyfluorescein (5(6)-CF), 1,8-

anilinonaphthalene sulfonic acid (1,8-ANS), dansyl proline (DP), and dansyl amide 

(DNSA).  These indicators were examined to determine whether the addition of 

plasticizer to a solution of the serum albumin and fluorescent indicator caused a 

fluorescence signal modulation.  The first successful indicator found was DNSA, which 

has previously been studied as an indicator to categorize serum albumin Sudlow Site I 

binding, and is known to have two binding sites to human serum albumin with binding 

constants of 1.79 x 105 M-1 and 6.99 x 103 M-1.14 

Figure 4.2A shows the fluorescence change upon binding of DNSA to BSA.  

Figure 4.2B was generated from the data in Figure 4.2A, and was used to find the 

concentration of DNSA at which approximately 90% saturation occurs, the percentage of 

indicator that has been previously found to give an optimal signal for indicator 

displacement assays.15  Next, fluorescence experiments were run titrating plasticizers into 

BSA and DNSA.  Figure 4.2C shows the titration of P1 into a solution of DNSA and 

BSA. 
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Figure 4.2: Binding of DNSA to BSA and addition of P1 to BSA-DNSA. A) Addition of 
BSA (0-400 µM) to DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 
7.00, 0.02% NaN3, λex 350 nm. B) Binding isotherm of data in Figure 4.2A 
measured at 485 nm. C) Addition of P1 (tributyl citrate) in EtOH (0-500 
µM) to BSA (150 µM), dansyl amide (30 µM) in 10 mM phosphate buffer, 
H2O, pH 7.00, 0.02% NaN3, λex 350 nm, overall EtOH volume 0.2%. 

Another indicator was investigated to add a further discriminating variable to the 

array.  The indicator studied was DP, thought to primarily reside in Sudlow Site II, with a 

binding constant of 1.41 x 105 M-1.14  However, a majority of the experiments conducted 

with DP either showed no response towards plasticizer addition or were, for some reason, 

difficult to reproduce.  For these reasons, it was decided not to further investigate DP as a 

potential indicator in an array for the purposes of discriminating plasticizers. 

Once it was observed that the five plasticizers tested resulted in a unique 

fluorescent change for each plasticizer, the cuvette assay was shifted to a 96-well plate 

array so that multiple data repetitions (required for LDA) could be obtained.  In the 96-
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well plate, ten percent ethanol was added to each well to help solubilize the plasticizer in 

the solution, while preventing protein denaturation which occurs at higher ethanol 

concentrations.  An LDA plot was obtained from 96-well plate arrays with BSA/DNSA 

and HSA/DNSA, analyzing all five plasticizers at a concentration of 375 µM (Figure 

4.3).  In early experiments, the array for plasticizer discrimination included a third serum 

albumin species variable – rabbit serum albumin (RSA).  However, as the research in this 

project progressed, the price of the commercially available fatty acid free RSA became 

inordinately high.  It was found that an array consisting of only the BSA and HSA could 

achieve similar discrimination of the plasticizers when compared to an array including 

RSA.  Thus, RSA was removed from the array. 

Figure 4.3 shows the resulting LDA plot for the array with BSA-DNSA and 

HSA-DNSA with a jack-knife analysis of 100%.  The LDA plot shows P1 on the left of 

the graph, and both P4 and P2 on the right side of the graph.  P1 is the most responsive 

plasticizer, while P4 and P2 are less responsive plasticizers.  Thus, array responsiveness 

may have contributions to the ordering seen in the x-axis, though other factors 

presumably exist which influence the x-axis ordering.  It is hypothesized that P4 is not 

very responsive to the sensing ensemble due to its more hydrophilic nature in comparison 

to the other plasticizers, thus decreasing the driving force of P4 to bind to the 

hydrophobic binding sites on serum albumin where the dansyl indicators reside.  P2, on 

the other hand, is the longest and largest plasticizer molecule of the group, and it is 

proposed that P2 may not fit as well into the dansyl indicator bovine serum albumin 

binding pockets as well as some of the smaller plasticizers (P2 responsiveness is 

increased with HSA-DNSA versus BSA-DNSA.) 
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Figure 4.3: LDA plot discriminating plasticizers.  Data collected from a 96 well plate 
reader with the parameters: λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 
mirror.  The array components consisted of BSA and HSA (150 µM), 
DNSA (30 µM), and plasticizers (375 µM) in 10 mM phosphate buffer, 
H2O, pH 7.00, 0.02% NaN3 with 10% EtOH, jack-knife analysis 100%. 

4.4.2 Increasing the F2 Axis Differentiation - Screening for Dopants 

Although the results in Figure 4.3 were a promising first step in discriminating 

plasticizers with the array, the next step to improving the array was to increase the 

differentiation in the F2 axis of the LDA plot so that a secondary discriminatory axis 

could be obtained which carries more weight, enabling better differentiation of more 

complex samples, such as analyte mixtures. To increase differentiation along the F2 axis, 

a variety of compounds were screened that are known to bind to serum albumin (stearate, 

cholate, deoxycholate, ascorbic acid) that could be added to the assay to differentially 

modify the fluorescent signal solution for each plasticizer.  From this screening, stearic 

acid and ascorbic acid were shown to further attenuate the decrease in fluorescence 
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observed.  The addition of both five and ten equivalents of stearic acid to the assay were 

not found to increase the F2 axis differentiation, each resulting in a percent 

discrimination for both of the F2 axes of less than 9%.  However, the addition of ascorbic 

acid (Ka of 104 M-1 to serum albumin16) to the assay was found to increase the F2 axis of 

the LDA plot from 9 percent to 14 percent, with a jack-knife analysis of 100% (Figure 

4.4).  This plot shows a greater amount of discrimination along the F2 axis and thus leads 

to further differentiation of P1 from the other plasticizers.  A significant change in the 

ordering of the plasticizer analytes in the graphs is seen, specifically in the placement of 

P2.  The placement of P2 in the middle of the LDA plot is now indicative of an 

intermediate response, potentially occurring because the ascorbic acid dopant leads to 

better binding of this analyte within the serum albumin hydrophobic binding site. 
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Figure 4.4: LDA plot discriminating plasticizers with ascorbic acid added to the array.  
Data collected from a 96 well plate reader with the parameters: λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror.  The array components consisted 
of BSA and HSA (150 µM), DNSA (30 µM), plasticizers (375 µM), and 
ascorbic acid (2250 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3 with 10% EtOH, jack-knife analysis 100%. 

4.5 PLASTICIZER DETECTION IN COMPLEX MIXTURES 

4.5.1 Preparing Plastic Explosive Analytes 

Having successfully differentiated the five main plasticizers found within Semtex 

and C4, it was next investigated whether the assay could be used to differentiate these 

plasticizers within their respective explosive mixtures.  The compositions of both Semtex 

and C4 contain a large percentage of explosive material.  To ensure safety during this 

research, appropriate explosive surrogates were utilized for RDX (found in C4 and 

Semtex) and PETN (found in Semtex), which would mimic the physical and electronic 

properties of these explosives without actually being explosive.  As surrogates, 2,4-
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diamino-1,3,5-triazine (4.17) was used as a replacement for RDX and pentaerythritol 

tetraacetate (4.18) was used in place of PETN.17  

To make the Semtex and C4 mixtures used in this study, the compositions of 

these explosive mixtures were found from sources widely available on the internet to the 

public and therefore most likely to be used by potential terrorists.8, 9 However, these 

compositions found were checked with more reliable sources (see references 10 and 11) 

to ensure that the used compositions were within a reasonable limit.  Solutions were 

made that represented these composition percentages, which were then subsequently 

taken down to dryness, and then re-dissolved in the assay solvent system.  Either no 

plasticizer, P1, P4, or P5 was added to each of the Semtex mimics, or no plasticizer, P2, 

or P3 was added to the C4 mimics.  Consequently four different samples were made for 

each Semtex 1A, Semtex H, and Semtex P mixture and three different samples for the C4 

mixture. 

4.5.2 Differentiating Explosive Mixtures 

The prepared solutions were directly used as analytes in the well plate assay 

consisting of combinations of BSA, HSA, DNSA, and ascorbic acid.  The data from this 

assay was statistically analyzed and an LDA plot was obtained with a jack-knife analysis 

of 93.3% (Figure 4.5).  Figure 4.5 shows distinctive separation of the mixtures into their 
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mixture categories, with the C4 and Semtex 1A mixtures located on the left side of the F1 

axis and the Semtex 2P and H mixtures located to the right side. 

Figure 4.5: LDA plot discriminating explosive mixtures.  Data collected from a 96 well 
plate reader with the parameters: λex 360 ± 20 nm, λem 485 ± 10 nm, and a 
top 400 mirror.  The array components consisted of BSA and HSA (150 
µM), DNSA (30 µM), explosive mixtures (C4 600 µM, Semtex 100 µM), 
and ascorbic acid (2250 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3  with 10% EtOH, jack-knife analysis 93.3%. 

With each Semtex mixture class, it can be noted that the clusters with no 

plasticizer (i.e., just the explosive mixture background) and the clusters with P4 are 
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located closest to each other.  This is consistent with the earlier results that show P4 has 

little impact on the indicator signal modification of the sensing ensemble, again due to 

the lack of hydrophobic driving force for the binding of P4 by serum albumin. There is 

no clear trend with plasticizer order for each explosive mixture, and it can be observed 

that the sensing ensemble is best able to distinguish the large differences between 

explosive mixture categories, with small amounts of differentiation seen according to the 

plasticizer composition within the mixtures.  Thus, the assay best discriminates explosive 

mixtures by plasticizer composition when making comparisons within the same category, 

but is still capable of providing significant differentiation by plasticizer identity when 

explosive mixture categories are considered.  In this study the concentration of 

plasticizers within these mixtures was approximately 7-80 µM.  It should be pointed out, 

however, that the array could potentially be optimized to obtain lower detection limits by 

adding more discriminating variables to the assay. 

4.5.3 Adding Another Indicator to the Array 

Although the LDA plot in Figure 4.5 shows clear discrimination of the explosive 

mixtures into their corresponding mixture category (i.e., C4, Semtex 1A, Semtex 2P, and 

Semtex H) there is considerable overlap between the explosive mixtures within each 

category, where the mixtures only differ by which plasticizer (if any) is added.  To help 

further aid in discrimination, several more indicators were screened for the assay: 2-

anthracene carboxylate, p-nitrobenzofurazan-fatty acid, p-nitrobenzofurazan-

monoacylglycerol, and dansyl cadaverine (DC.)  Through this search, the indicator DC 

was found to improve the discrimination of the array.  Interestingly, this indicator has the 

same dansyl core that exists in DNSA; however, it possesses a positive charge at neutral 

conditions, giving it differing properties from the DNSA indicator.  After first studying 
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the binding of DC to serum albumin, DC was then introduced to the array.  The addition 

of DC to the array resulted in a third axis (F3) which carried enough discriminatory 

weight to allow a three-dimensional plot with a jack-knife analysis of 98.9% to be 

obtained. 
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Figure 4.6: LDA plots discriminating explosive mixtures with DC added to the array.  
Data collected from a 96 well plate reader with the parameters: λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror.  The array components consisted 
of BSA and HSA (150 µM), DNSA (30 µM), DC (30 µM), explosive 
mixtures (C4 600 µM, Semtex 100 µM), and ascorbic acid (2250 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 10% EtOH, jack-
knife analysis 98.9%.  A) Two-dimensional LDA plot; B) Three-
dimensional LDA plot. 

The three-dimensional plot shown in Figure 4.6B adds a layer of topography, which 

accounts for further plasticizer differentiation within each explosive mixture class, in 

particular improved discrimination is seen within the C4 and Semtex 2P mixtures.  

Additionally, the loading plot shown in Figure 4.6 uncovers the significant receptor 

performance of the BSA-DC, BSA-DC-ascorbic acid, and HSA-DC-ascorbic acid 

receptors (shown in green in Figure 4.7), accounting for the increased discriminatory 

power of the array. 

B) 
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Figure 4.7: Loading plot corresponding to the LDA in Figure 4.6.  The variables 
including DC are highlighted in green to show the improved discriminatory 
power of the array with DC.  AA is ascorbic acid. 

Furthermore, if individual LDA plots are run on each explosive mixture category (Figure 

4.8), very distinct discrimination is found between the plasticizers in the mixtures.  Thus, 

the addition of DC to the sensing ensemble improves the ability of the array to 

differentiate plasticizers contained within the explosive mixture classes. 
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Figure 4.8: LDA plots obtained for individual explosive mixture categories.  Data 
collected from a 96 well plate reader with the parameters: λex 360 ± 20 nm, 
λem 485 ± 10 nm, and a top 400 mirror.  The array components consisted of 
BSA and HSA (150 µM), DNSA (30 µM), DC (30 µM), and ascorbic acid 
(2250 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 
10% EtOH.  A) Discrimination of C4 mixtures (600 µM), 100% jack-knife 
analysis; B) Discrimination of Semtex 1A mixtures (100 µM), 100% jack-
knife analysis; C) Discrimination of Semtex H mixtures (100 µM), 95.6% 
jack-knife analysis; D) Discrimination of Semtex 2P mixtures (100 µM), 
jack-knife analysis 100%. 

-15

-10

-5

0

5

10

15

-15 -10 -5 0 5 10 15

F2
 (4

0.
98

%
)

F1 (53.96%)

Discrimination of Semtex 1A Mixtures
Observations (axes F1 and F2: 94.94%)

Semtex 1A -No P Semtex 1A -P1
Semtex 1A -P4 Semtex 1A -P5

-6

-4

-2

0

2

4

6

-5 -3 -1 1 3 5

F2
 (1

9.
89

%
)

F1 (73.95%)

Discrimination of Semtex H Mixtures
Observations (axes F1 and F2: 93.84%)

Semtex H - No P Semtex H - P1
Semtex H - P4 Semtex H - P5

-6

-4

-2

0

2

4

6

-10 -5 0 5 10

F2
 (2

1.
66

%
)

F1 (76.23%)

Discrimination of Semtex 2P Mixtures
Observations (axes F1 and F2: 97.89%)

Semtex 2P - No P Semtex 2P - P1
Semtex 2P - P4 Semtex 2P - P5

-20

-10

0

10

20

-25 -15 -5 5 15 25

F2
 (1

0.
07

%
)

F1 (89.93%)

Discrimination of C4 Mixtures
Observations (axes F1 and F2: 100%)

C4 - No P C4 - P2 C4 - P3

A) B) 

C) D) 



 199 

4.5.4 Array Reproducibility 

The experimental reproducibility of this sensing assay was investigated by fully 

replicating the experiment in its entirety (see Figure 4.9).  The x-axis in the LDA plot 

was inverted for the reproduced results with respect to the original results (which has no 

significant meaning) and there was slightly less prominent clustering (jack-knife analysis 

of 95.6%.)  However, the data was similar to the original data, and thus the assay can 

discriminate plastic explosive mixtures in reproduced experiments. 
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Figure 4.9: LDA plot differentiating plastic explosive mixtures.  Data collected from a 
96 well plate reader with the parameters: λex 360 ± 20 nm, λem 485 ± 10 nm, 
and a top 400 mirror.  The array components consisted of BSA (150 µM), 
HSA (150 µM), DNSA (30 µM) DC (30 µM), ascorbic acid (2250 µM), C4 
without plasticizer (600 µM), C4 with dioctyl sebacate (P2) (600 µM). C4 
with dioctyl adipate (P3) (600 µM), Semtex 1A without plasticizer (100 
µM), Semtex 1A with tri-n-butyl citrate (P1) (100 µM), Semtex 1A with 
phthalate (P4) (100 µM) and Semtex 1A with di-n-octyl phthalate (P5) (100 
µM), Semtex 2P without plasticizer (100 µM), Semtex 2P with tri-n-butyl 
citrate (P1) (100 µM), Semtex 2P with phthalate (P4) (100 µM) and Semtex 
2P with di-n-octyl phthalate (P5) (100 µM), Semtex H without plasticizer 
(100 µM), Semtex H with tri-n-butyl citrate (P1) (100 µM), Semtex H with 
phthalate (P4) (100 µM) and Semtex H with di-n-octyl phthalate (P5) (100 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with 10% 
EtOH, jack-knife analysis 95.6%. 
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4.6 DIFFERENTIATING EXPLOSIVE MIXTURES IN THE PRESENCE OF DIRT 

4.6.1 Preparing Contaminated Samples 

Finally, as a first step toward accessing the utility of this sensing ensemble to 

discriminate explosive mixtures and the plasticizers within explosive mixtures in a real-

life setting, a protocol was developed to analyze the mixtures in the presence of soil 

contaminants.  To prepare the soil-contaminated samples, the previously made explosive 

mimics were mixed with soil by adding each explosive mixture to a petri dish with 20 mL 

of ethanol and 10 g of soil.  The soil was then filtered from the solution, the solution was 

taken down to dryness, and the remaining residue was redissolved the solvent system. 

4.6.2 Utilizing Serum Albumin Array to Differentiate Contaminated Samples 

Analysis of 15 soil-contaminated samples was carried out by directly introducing 

them into an array consisting of BSA, HSA, DNSA, DNSA, and ascorbic acid.  The 

ensuing LDA plot, with a jack-knife analysis of 96.5%, (Figure 4.10) shows the dirt 

exposed samples in new locations within the plot.  These contaminated samples (in blue 

dashed boxes and labeled as dirty samples) were always clustered to the left of their 

corresponding non-contaminated clusters (in red dashed boxes and labeled as clean 

samples).  The new location of these clusters is likely due to a combination of factors.  

First, there is a concentration change in the main responsive components in these 

mixtures, a consequence of how the contaminated versus non-contaminated samples were 

prepared.  Second, there could be a change in the responsiveness of these components 

when in the presence of unknown contaminants found in soil.  Although the soil samples 

carried a larger amount of noise (i.e., less tightly clustered replicates) it is important to 

note that the ensemble of receptors, indicators, and an additive can still discriminate 
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small differences in composition, even in the presence of soil which could otherwise 

potentially mask or hinder the performance of the assay. 
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Figure 4.10: LDA plot discriminating explosive mixtures and contaminated explosive 
mixtures.  Data collected from a 96 well plate reader with the parameters: 
λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror.  The array 
components consisted of BSA and HSA (150 µM), DNSA (30 µM), DC (30 
µM), explosive mixtures (C4 600 µM, Semtex 100 µM), contaminated 
explosive mixtures (C4 600 µM, Semtex 100 µM), and ascorbic acid (2250 
µM) in phosphate buffer with 10% EtOH, jack-knife analysis 96.5%. 
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4.7 CONCLUSIONS 

From this research the following has been determined: (1) plasticizers can be 

differentiated using cross-reactive serum albumin proteins in conjunction with a dopant 

and two indicators, (2) this sensing ensemble can be further applied to differentiate 

plastic explosive mixtures according to their explosive mixture classes and plasticizer 

composition, and (3) discrimination of these same explosive mixtures in the presence of 

soil contaminants can be achieved to simulate real-world conditions. 

In conclusion, this study shows that differential arrays of serum albumins, an 

additive, and indicators, can differentiate plasticizers, even when they are minor 

components in explosive mixtures.  These results, coupled with previous studies on 

terpenes in perfume and fatty acids in edible oils, supports the generality of this sensing 

approach.  Thus, the method has promise to classify other small differences in complex 

mixtures based upon the content and structure of their hydrophobic components. 

Looking to the future of this particular sensing system, the ability to differentiate 

plastic explosive mixtures according to their explosive mixture class and plasticizer 

composition has the possibility to uncover the identity of the explosives, as well as their 

geographic origin.  Further, the sensing array has been shown to successfully respond in 

the presence of soil contaminants, although with a shift in the patterns from pure samples.  

Admittedly, other contaminants would also likely lead to a shift in the patterns, yet with a 

retention of the differentiating power of the array.  The robustness of 96-well plates as 

potential kits for field use is currently being explored. 

4.8 CONTRIBUTIONS AND ADDITIONAL AND EXPERIMENTAL INFORMATION 

The work presented here has been published in the journal Chemical Science.18  

Lauren Gallagher, an undergraduate student who has worked closely under my 
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supervision, contributed greatly to the work produced in this chapter.  Her help largely 

enabled the success of this project. 

4.8.1 Materials and Methods 

All reagents and solvents were purchased from Sigma Aldrich and/or Fisher and 

used as received without purification. BSA and HSA were purchased fatty acid free. 

Cuvette assays were completed with a PTI fluorimeter with an 814 photomultiplier 

detection system using a 75W xenon short arc lamp. The 96-well plates were analyzed 

using the Biotek Synergy 2 Multi-Mode Microplate Reader.  XLSTAT 2011 was used for 

linear discriminant analysis. 

4.8.2 Experimental Information 

A solution of 10 mM phosphate buffer in H2O at pH 7.00 was prepared and 

filtered using a 2:1 molar ratio of Na2HPO4:NaH2PO4 in degassed, deionized water. 

0.02% (m/v) NaN3 was added to the phosphate buffer to limit the growth of microbial 

agents and prevent contamination in the prepared stock solutions.  

To determine the binding ratios of dansyl amide to serum albumins, cuvette 

assays were done by titrating serum albumin (800 µM BSA or 800 µM HSA in 10 mM 

phosphate buffer) into 30 µM dansyl amide in phosphate buffer.  To study plasticizer 

interaction with the sensing ensemble, cuvette assays were completed by adding 

plasticizer (250 mM tri-n-butyl citrate, 250 mM dioctyl sebacate, 250 mM dioctyl 

adipate, 250 mM phthalate, or 250 mM di-n-octyl phthalate in ethanol) into 30 µM 

dansyl amide and 150 µM serum albumin (BSA or HSA) in phosphate buffer.  Cuvette 

assays were completed with the parameters λex  350 nm and λem  360–690 nm.  

Cuvette assays to study the binding interaction of dansyl cadaverine were 

completed by the titration of serum albumin (1500 µM BSA in 10 mM phosphate buffer) 
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into 30 µM dansyl cadaverine in phosphate buffer. Plasticizer interaction with the sensing 

ensemble was studied by adding plasticizer (250 mM tri-n-butyl citrate, 250 mM dioctyl 

sebacate, 250 mM dioctyl adipate, 250 mM phthalate, or 250 mM di-n-octylphthalate in 

ethanol) into 30 µM dansyl cadaverine and 150 µM bovine serum albumin in phosphate 

buffer.  Cuvette assays were done using the parameters λex  335 nm and λem  345–660 nm. 

Well plate assays were completed using flat-bottom, non-treated, black 

polystyrene, 96-well plates.  To test the ability of the sensing ensemble to differentiate 

between plasticizers, a comparison of the previously conducted cuvette assays with the 

five plasticizers was made.  From this comparison, it was determined that 375 µM was 

the optimal plasticizer concentration for differentiation purposes.  A well plate assay was 

prepared to have final concentrations of 30 µM dansyl amide, 150 µM serum albumin 

(BSA or HSA) and 375 µM plasticizer (tri-n-butyl citrate, dioctyl sebacate, dioctyl 

adipate, phthalate, or di-n-octylphthalate) in phosphate buffer. The final ethanol 

concentration in each well was 4.99% (v/v). The 96-well plates were read with λex filter 

of 360 ± 10 nm and λem filter of 480 ± 20 nm, using a top 400 mirror.  

To further increase the F2 axis differentiation in the LDA plot, a variety of 

additives, all of which are known to bind to serum albumin, were studied.  To explore the 

affects of these additives on the fluorescence signal of the assay, 150 µM stearic acid, 

750 µM stearic acid, 1500 µM deocycholate, 1500 µM cholate, 1500 µM ascorbic acid, 

and 2250 µM ascorbic acid were each individually added to the assay.  Although ascorbic 

acid did not give the greatest change in fluorescence signal in the original screening of 

additives, it was found that it best further discriminates the plasticizer analytes in 

comparison to the other additives studied. 

Addition of ascorbic acid to the array was carried out using a well plate assay 

prepared to have final concentrations of: 30 µM dansyl amide, 150 µM serum albumin 
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(BSA or HSA) in phosphate buffer, and 375 µM plasticizer (tri-n-butyl citrate, dioctyl 

sebacate, dioctyl adipate, phthalate or di-n-octylphthalate) in phosphate buffer, with half 

of the wells containing 2250 µM ascorbic acid in phosphate buffer. The final ethanol 

concentration in each well was 9.99% (v/v). The 96-well plates were read with λex filter 

of 360 ± 10 nm and λem filter of 480 ± 20 nm, using a top 400 mirror. 

Plastic explosives were prepared with reagents purchased from Sigma Aldrich.  

The explosive composition was modified using surrogates for RDX and PETN. Semtex 

1A was prepared by combining 4.6% 2,4-diamino-1,3,5-triazine in ethanol, 76% 

pentaerythritol tetraacetate in acetone, 9.4% styrene-butadiene in tetrahydrofuran, 0.5% 

N-phenyl-2-napthylamine in methanol and 0.5% Sudan IV in methanol.  The solution 

was sonicated until all components dissolved into solution and a homogenous pink 

solution remained.  The solvent from the solution was removed and ethanol was added.  

This solution was then used to make eight homogenous solutions: (1) no plasticizer, (2) 

no plasticizer and 4527 µM ascorbic acid, (3) 9.00% tri-n-butyl citrate (w/w), (4) 9.00% 

tri-n-butyl citrate (w/w) and 4527 µM ascorbic acid, (5) 9.00% phthalate (w/w), (6) 

9.00% phthalate (w/w) and 4527 µM ascorbic acid, (7) 9.00% di-n-octylphthalate (w/w), 

and (8) 9.00% di-n-octylphthalate (w/w) and 4527 µM ascorbic acid.  Ethanol was added 

to each solution to help solubilize the plasticizer in solution and resulted in an ethanol 

concentration of 27.8% (v/v).  Semtex H was prepared by combining 40.9% 

pentaerythritol tetraacetate in acetone, 41.2% 2,4-diamino-1,3,5-triazine in ethanol, 9% 

styrene-butadiene in tetrahydrofuran and 0.5% Sudan I in methanol. The solution was 

sonicated until all components dissolved into solution and a homogenous pink solution 

remained.  The solvent from the solution was removed and ethanol was added.  This 

solution was then used to make eight homogenous solutions: (1) no plasticizer, (2) no 

plasticizer and 4527 µM ascorbic acid, (3) 7.90% tri-n-butyl citrate (w/w), (4) 7.90% tri-
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n-butyl citrate (w/w) and 4527 µM ascorbic acid, (5) 7.90% phthalate (w/w), (6) 7.90% 

phthalate (w/w) and 4527 µM ascorbic acid, (7) 7.90% di-n-octylphthalate (w/w), and (8) 

7.90% di-n-octylphthalate (w/w) and 4527 µM ascorbic acid.  Ethanol was added to each 

solution to help solubilize the plasticizer in solution and resulted in an ethanol 

concentration of 25% (v/v).  Semtex 2P was prepared by combining 58.45% 

pentaerythritol tetraacetate in acetone, 22.9% 2,4-diamino-1,3,5-triazine in ethanol, 9.7% 

styrene-butadiene in tetrahydrofuran, 0.5% Sudan III in methanol.  The solution was 

sonicated until all components dissolved into solution and a homogenous pink solution 

remained.  The solvent from the solution was removed and ethanol was added.  This 

solution was then used to make eight homogenous solutions: (1) no plasticizer, (2) no 

plasticizer and 4527 µM ascorbic acid, (3) 8.45% tri-n-butyl citrate (w/w), (4) 8.45% tri-

n-butyl citrate (w/w) and 4527 µM ascorbic acid, (5) 8.45% phthalate (w/w), (6) 8.45% 

phthalate (w/w) and 4527 µM ascorbic acid, (7) 8.45% di-n-octylphthalate (w/w), and (8) 

8.45% di-n-octylphthalate (w/w) and 4527 µM ascorbic acid.  Ethanol was added to each 

solution to help solubilize the plasticizer in solution and resulted in an ethanol 

concentration of 22.61% (v/v).  C4 was prepared by combining 84.5% 2,4-diamino-1,3,5-

triazine in ethanol, 2.7% polyisobutylene in tetrahydrofuran and 3.6% SAE 30 non-

detergent motor oil purchased from Autozone in pentane. The solution was sonicated 

until all components dissolved into solution and a homogenous pink solution remained. 

The solvent from the solution was removed and ethanol was added.  This solution was 

then used to make six homogenous solutions: (1) no plasticizer, (2) no plasticizer and 

4527 µM ascorbic acid, (3) 9.20% dioctyl sebacate (w/w), (4) 9.20% dioctyl sebacate 

(w/w) and 4527 µM ascorbic acid, (5) 9.20% dioctyl adipate (w/w), (6) 9.20% dioctyl 

adipate (w/w) and 4527 µM ascorbic acid.  Ethanol was added to each solution to help 
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solubilize the plasticizer in solution and resulted in an ethanol concentration of 21.25% 

(v/v). 

To determine the equivalents to be used in the well plate assays, a range of 

concentrations of the plastic explosive mixtures (C4 with no plasticizer [0-5700 µM], C4 

with dioctyl sebacate [0-5700 µM], C4 with dioctyl adipate [0-4000 µM], Semtex 1A 

with no plasticizer [0-450 µM], Semtex 1A with tri-n-butyl citrate [0-450 µM], and 

Semtex 1A with di-n-octylphthalate [0-450 µM]) were each added to wells with 30 µM 

dansyl amide and 150 µM BSA in phosphate buffer. The 96-well plates were read with 

λex filter of 360 ± 10 nm and λem filter of 480 ± 20 nm, using a top 400 mirror.  From this 

experiment, it was determined that 100 µM of Semtex mixtures and 600 µM of C4 

mixtures would most likely be good concentrations at which differentiation could be 

achieved. 

Well plate assays of the plastic explosive mixtures were completed by the use of 

several stock solutions: (A) 90 µM indicator (dansyl amide or dansyl cadaverine), 450 

µM serum albumin (BSA or HSA), (B) 161 µM Semtex 1A (no plasticizer, no plasticizer 

with ascorbic acid, tri-n-butyl citrate, tri-n-butyl citrate with ascorbic acid, phthalate, 

phthalate with ascorbic acid, di-n-octylphthalate or di-n-octylphthalate with ascorbic 

acid), (C) 625 µM Semtex 2P (no plasticizer, no plasticizer with ascorbic acid, tri-n-butyl 

citrate, tri-n-butyl citrate with ascorbic acid, phthalate, phthalate with ascorbic acid, di-n-

octylphthalate or di-n-octylphthalate with ascorbic acid), (D) 2120 µM Semtex H (no 

plasticizer, no plasticizer with ascorbic acid, tri-n-butyl citrate, tri-n-butyl citrate with 

ascorbic acid, phthalate, phthalate with ascorbic acid, di-n-octylphthalate or di-n-

octylphthalate with ascorbic acid), and (E) 1935 µM C4 (no plasticizer, no plasticizer 

with ascorbic acid, dioctyl sebacate, dioctyl sebacate with ascorbic acid, dioctyl adipate, 

or dioctyl adipate with ascorbic acid.)  The Semtex 1A wells were prepared by pipetting 
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100 µL of A, 186 µL of B and 14 µL of phosphate buffer; the Semtex 2P wells were 

prepared by pipetting 100 µL of A, 48 µL of C and 152 µL of phosphate buffer; the 

Semtex H wells were prepared by pipetting 100 µL of A, 21.2 µL of D and 178.8 µL of 

phosphate buffer; the C4 wells were prepared by pipetting 100 µL of A, 93 µL of E and 

107 µL of phosphate buffer.  The final ethanol concentration was 10%.  The final 

plasticizer concentrations in the wells were 71 µM P1, 10.4 µM P4, and 6.56 µM P5 for 

Semtex H, 79.4 µM P1, 11.2 µM P4, and 7.1 µM P5 for Semtex 1A, 12.8 µM P1, 18.6 

µM P4, and 11.7 µM P5 for Semtex 2P, and 19.4 µM P2 and 22.3 µM P3 for C4.  The 

96-well plates were read with either λex filter of 360 ± 10 nm and λem filter of 480 ± 20 

nm or λex filter of 340 ± 11 nm and λem filter of 528 ± 20 nm, using a top 400 mirror. 

Solutions of contaminated explosives were made from the original stock solutions 

of the plastic explosives.  Soil obtained from a garden was weighed out (10 g) onto a petri 

dish.  The explosives were added to individual petri dishes by pipetting 4830 µL of the 

Semtex 1A solution (B), 2492 µL of the Semtex 2P solution (C), 1150 µL of the Semtex 

H solution (D), or 2741 µL of the C4 solution (E) directly onto the soil.  Ethanol (20 mL) 

was added to soil directly after explosive addition and was allowed to sit for 5 minutes.  

The soil was then filtered, and the solvent was removed.  The solvent system was then 

added to mixture (75% buffer/25% ethanol) and it was sonicated.  All dirty explosives 

were a dark yellow color.  

Well plate assays of the dirty plastic explosive mixtures were completed by the 

use of several stock solutions: (F) 3125 µM Dirty Semtex 1A (no plasticizer, no 

plasticizer with ascorbic acid, tri-n-butyl citrate, tri-n-butyl citrate with ascorbic acid, 

phthalate, phthalate with ascorbic acid, di-n-octylphthalate or di-n-octylphthalate with 

ascorbic acid), (G) 3125 µM Dirty Semtex 2P (no plasticizer, no plasticizer with ascorbic 

acid, tri-n-butyl citrate, tri-n-butyl citrate with ascorbic acid, phthalate, phthalate with 
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ascorbic acid, di-n-octylphthalate or di-n-octylphthalate with ascorbic acid), (H) 3260 

µM Dirty Semtex H (no plasticizer, no plasticizer with ascorbic acid, tri-n-butyl citrate, 

tri-n-butyl citrate with ascorbic acid, phthalate, phthalate with ascorbic acid, di-n-

octylphthalate or di-n-octylphthalate with ascorbic acid), and (I) 1765 µM Dirty C4 (no 

plasticizer, no plasticizer with ascorbic acid, dioctyl sebacate, dioctyl sebacate with 

ascorbic acid, dioctyl adipate, or dioctyl adipate with ascorbic acid.)  The Dirty Semtex 

1A wells were prepared by pipetting 100 µL of A, 9.6 µL of F and 190.4 µL of phosphate 

buffer; the Dirty Semtex 2P wells were prepared by pipetting 100 µL of A, 9.6 µL of G 

and 190.4 µL of phosphate buffer; the Dirty Semtex H wells were prepared by pipetting 

100 µL of A, 9.2 µL of H and 190.8 µL of phosphate buffer; the Dirty C4 wells were 

prepared by pipetting 100 µL of A, 17 µL of I and 183 µL of phosphate buffer.  The final 

ethanol concentration was 10%.  The concentration of plasticizer within each well was 

approximately the same as the concentration in the previous uncontaminated experiment.  

However, it is likely that some volume was lost during the filtration step involved in this 

procedure, and thus may be slightly lower in concentration than the calculations predict.  

The 96-well plates were read with either λex filter of 360 ± 10 nm and λem filter of 480 ± 

20 nm or λex filter of 340 ± 11 nm and λem filter of 528 ± 20 nm, using a top 400 mirror. 
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4.8.3 Supplementary Figures 
 

 

Figure 4.11: Binding of DNSA to HSA. A) Addition of HSA (0.0–350 µM) to DNSA (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm. 
B) Binding curve for the addition of HSA to DNSA from the data in Figure 
4.11A at 498 nm.  

 
 

 

Figure 4.12: Binding of DP to BSA. A) Addition of BSA (0.0–130 µM) to DP (30 µM) in 
10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm. B) 
Binding curve for the addition of BSA to DP from the data in Figure 4.12A 
at 485 nm. 
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Figure 4.13: Binding of DC to BSA. A) Addition of BSA (0.0–730 µM) to DC (30 µM) in 
10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 335 nm. B) 
Binding curve for the addition of BSA to DC from the data in Figure 4.13A 
at 500 nm. 
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Figure 4.14: Plasticizer addition to BSA-DNSA. A) Addition of dioctyl sebacate (P2) in 
ethanol (0.0–375 µM) to BSA (150 µM), DNSA (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm B) Addition of 
dioctyl adipate (P3) in ethanol (0.0–625 µM) to BSA (150 µM), DNSA (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm C) 
Addition of phthalate (P4) in phosphate buffer (0.0–750 µM) to BSA (150 
µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3, λex 350 nm D) Addition of di-n-octylphthalate (P5) in ethanol (0.0–
625 µM) to BSA (150 µM), DNSA (30 µM) in 10 mM phosphate buffer, 
H2O, pH 7.00, 0.02% NaN3, λex 350 nm. E) Binding isotherm for the 
addition of plasticizer to BSA and DNSA from the data in Figures 4.14A-D. 
The number of equivalents chosen for the final well plate array was 2.5 
equivalents (375 µM plasticizer). 
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Figure 4.15: Plasticizer addition to BSA-DC. A) Addition of tri-n-butyl citrate (P1) in 
ethanol (0.0–750 µM) to BSA (150 µM), DC (30 µM) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3, λex 335 nm.  B) Addition of dioctyl 
sebacate (P2) in ethanol (0.0–625 µM) to BSA (150 µM), DC (30 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 335 nm.  C) Addition 
of dioctyl adipate (P3) in ethanol (0.0–625 µM) to BSA (150 µM), DC (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 335 nm.  
D) Addition of phthalate (P4) in phosphate buffer (0.0–750 µM) to BSA 
(150 µM), DC (30 µM) in 10 mM phosphate buffer,H2O, pH 7.00, 0.02% 
NaN3, λex 335 nm.  E) Addition of di-n-octyl phthalate (P5) in ethanol (0.0–
625 µM) to BSA (150 µM), DC (30 µM) in 10 mM phosphate buffer,H2O, 
pH 7.00, 0.02% NaN3, λex 335 nm.  F) Binding isotherm for the addition of 
plasticizer to BSA and DC from the data in Figures 4.15A-E. The number 
of equivalents chosen for the final well plate array was 2.5 equivalents (375 
µM plasticizer.) 
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Figure 4.16: Plasticizer addition to HSA-DNSA.  A) Addition of tri-n-butyl citrate (P1) in 
ethanol (0.0–750 µM) to HSA (210 µM), DNSA (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm.  B) Addition of 
dioctyl sebacate (P2) in ethanol (0.0–625 µM) to HSA (210 µM), DNSA 
(30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 
nm.  C) Addition of dioctyl adipate (P3) in ethanol (0.0–500 µM) to HSA 
(210 µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3, λex 350 nm. 
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Figure 4.17: Additive screening.  Data was collected from 96 well plates with 
fluorescence parameters of λex 340-380 nm and λem 465-505 nm, analyzing 
BSA (150 µM), DNSA (30 µM), P1 (375 µM), and additive (150 µM stearic 
acid, 750 µM stearic acid, 150 µM deoxycholic acid, 150 µM cholate, or 
150 µM ascorbic acid) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3 with 10% EtOH. 
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Figure 4.18: LDA plot discriminating plasticizers with five equivalents of stearic acid 
added to the array.  Data collected from a 96 well plate reader with the 
parameters: λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror.  The 
array components consisted of BSA (150 µM), HSA (150 µM), DNSA (30 
µM), plasticizers (375 µM), and stearic acid (750 µM) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3 with 10% EtOH, jack-knife analysis 
100%. 
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Figure 4.19: LDA plot discriminating plasticizers with ten equivalents of stearic acid 
added to the array.  Data collected from a 96 well plate reader with the 
parameters: λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror.  The 
array components consisted of BSA (150 µM), HSA (150 µM), DNSA (30 
µM), plasticizers (375 µM), and stearic acid (1500 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3 with 10% EtOH, jack-knife 
analysis 100%. 
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Figure 4.20: C4 mixutres added to BSA-DNSA.  Addition of 2,4-diamino-1,3,5-triazine 
(0-5.6 mM) in a C4 mixture without plasticizer in 10% EtOH to a solution 
of BSA (150 µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 
7.00, 0.02% NaN3.  Addition of 2,4-diamino-1,3,5-triazine (0-5.4 mM) in a 
C4 mixture with dioctyl sebacate (P2) in 10% EtOH to a solution of BSA 
(150 µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3.  Addition of 2,4-Diamino-1,3,5-triazine (0-3.9 mM) in a C4 
mixture with dioctyl adipate  (P3) in 10% EtOH to a solution of BSA (150 
µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3.  The parameters for analysis: λex 360 ± 20 nm, λem 485 ± 10 nm, and a 
top 400 mirror.  The number of equivalents chosen for subsequent well plate 
arrays was 4 equivalents (600 µM C4). 
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Figure 4.21: Semtex 1A mixtures added to BSA-DNSA.  Addition of 2,4-diamino-1,3,5-
triazine (0-3.93 mM) in a Semtex 1A mixture consisting of no plasticizer 
with 10% EtOH to a solution of BSA (150 µM), DNSA (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3.  Addition of 2,4-diamino-
1,3,5-triazine (0-3.93 mM) in a Semtex 1A mixture consisting 9% tri-n-
butyl citrate (P1) with 10% EtOH to a solution of BSA (150 µM), DNSA 
(30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3.  Addition 
of 2,4-diamino-1,3,5-triazine (0-3.93 mM) in a Semtex 1A mixture 
consisting 9% di-n-octyl phthalate (P5) with 10% EtOH to a solution of 
BSA (150 µM), DNSA (30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3.  The parameters for analysis: λex 360 ± 20 nm, λem 485 ± 10 
nm, and a top 400 mirror.  The number of equivalents chosen from this 
experiment for subsequent well plate arrays was 0.67 equivalents (100 µM 
Semtex 1A.) 
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Figure 4.22: LDA plot differentiating plasticizers alone and plastic explosive mixtures.  
Data collected from a 96 well plate reader with the parameters: λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror.  The array components consisted 
of BSA (150 µM), HSA (150 µM), DNSA (30 µM), ascorbic acid (2250 
µM), tri-n-butyl citrate (P1) (375 µM), dioctyl sebacate (P2) (375 µM), 
diotcyl adipate (P3) (375 µM), phthalate (P4) (375 µM), di-n-octyl 
phthalate (P5) (375µM), C4 without plasticizer (600 µM), C4 with dioctyl 
sebacate (P2) (600 µM). C4 with dioctyl adipate (P3) (600 µM), Semtex 1A 
without plasticizer (100 µM), Semtex 1A with tri-n-butyl citrate (P1) (100 
µM), Semtex 1A with phthalate (P4) (100 µM) and Semtex 1A with di-n-
octyl phthalate (P5) (100 µM), Semtex 2P without plasticizer (100 µM), 
Semtex 2P with tri-n-butyl citrate (P1) (100 µM), Semtex 2P with phthalate 
(P4) (100 µM) and Semtex 2P with di-n-octyl phthalate (P5) (100 µM), 
Semtex H without plasticizer (100 µM), Semtex H with tri-n-butyl citrate 
(P1) (100 µM), Semtex H with phthalate (P4) (100 µM) and Semtex H with 
di-n-octyl phthalate (P5) (100 µM) in 10 mM phosphate buffer, H2O, pH 
7.00, 0.02% NaN3, with 10% EtOH, jack-knife analysis 94.2%. 
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Chapter 5: Serum Albumin Cross-Reactive Arrays for Differentiating 
Glycerides and Adipocyte Cell Extracts 

5.1 DIABETES 

Diabetes affects millions of people in the world, and the growing number of 

incidences of this disease is reaching staggering proportions.1  Diabetes Mellitus is a 

condition in which the metabolism of glucose is deregulated.  There are three different 

types of diabetes: type I diabetes, gestational diabetes, and the most prevalent, type II 

diabetes.  Type I diabetes is seen in approximately 15% of diabetic cases and is generally 

diagnosed at a young age.  In this type of diabetes, an autoimmune response results in 

self-destruction of the β-cells found in the pancreas.  Upon complete destruction of β-

cells, insulin production is entirely stopped and glucose metabolism is prevented.  

Gestational diabetes is a form of diabetes which occurs only during pregnancy as a result 

of hormone induced insulin resistance.  Type II diabetes is the most common form of 

diabetes and accounts for nearly 85% of diabetic diagnoses.  Type II diabetes occurs as a 

result of insulin resistance, caused by improper use of insulin by cells and often 

inadequate production of insulin.  The factors which put individuals at risk for developing 

type II diabetes are thought to be both genetic and environmental; however, a lifestyle of 

inactivity and excessive food intake are known to be major factors which increase 

diabetes risk.  Due to the associated complications of diabetes, which can be life 

threatening and disabling, the diagnosis of early onset diabetes is important.  Factors 

identifying individuals that are more at risk for the development of diabetes can be 

beneficial for clinical and laboratory research related to diabetes treatment and 

prevention. 
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5.2 ADIPOCYTE CELLS 

Adipocyte cells are responsible for the storage of ingested fat.2  Fat is generally 

ingested in the form of triglycerides, which are absorbed by the body once these 

triglycerides are transformed into their corresponding free fatty acids and monglycerides 

by a pancreatic lipase.  Once absorbed into the body, the free fatty acids and 

monoglycerides are transported to adipocyte and hepatocyte cells, as well as muscle 

fibers where they are stored or metabolized for energy.  Adipocytes store energy by 

converting free fatty acids back into triglycerides. 

There is great interest in studying the lipid patterns of diabetic and non-diabetic 

individuals as a diagnostic tool.  For example, the inhibition of hormone lipase, indirectly 

inhibited by insulin, is known to increase glyceride content within adipocytes.3, 4  A 

recent study has shown a significant increase in the serum triglyceride levels after intake 

of a meal in individuals with metabolic syndrome versus individuals without metabolic 

syndrome.5  This study supports the notion that lipid profiling can help to identify 

metabolic related diseases, such as diabetes.  Lipid profiling has previously been 

accomplished with the brain tissues of mice to study Alzheimer’s disease.6  Lipid 

composition is known to regulate the activity of the proteins which control amyloid-β, the 

major component of plaques seen in Alzheimer’s disease.  Using liquid chromatography 

mass spectrometry (LCMS) to pattern the lipids in brain tissue extracts, lipid differences 

were identified to assist in uncovering specific lipid anomalies potentially linked to 

Alzheimer’s disease.  
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Figure 5.1: Lipid profiling in Alzheimer’s disease research.  Lipid patterns found from 
the prefrontal cortex of the brain tissues of Alzheimer’s disease mice (AD) 
and control mice (Control) (Reproduced from Ref. 6. © American Society 
for Biochemistry and Molecular Biology, 2012.) 

5.3 GLYCERIDES 

The detection of lipoproteins is typically achieved with TLC separation followed 

by gas chromatography and electrospray ionization-LCMS.7, 8  These methods, however, 

can be time consuming and have limitations in sensitivity, specificity, and accuracy.  

Since glycerides are extremely hydrophobic molecules, cross-reactive serum albumin 

arrays could be employed for the detection and patterning of adipocyte extracts. 

Below, the structures of 23 subtly different glyceride molecules are presented - 

nine triglycerides (5.1-5.9, T1-T9), nine diglycerides (5.10-5.18, D1-D9), and five 

monoglycerides (5.19-5.23, M1-M5).  These are the analytes for which the designed 

sensing ensemble was optimized before studying adipocyte extracts. 
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5.4 DEVELOPING A SENSING ENSEMBLE FOR GLYCERIDE DETECTION 

5.4.1 Choosing Indicators for an Array 

In order to mimic the binding properties seen when glyceride molecules bind to 

serum albumin, a fluorophore was synthesized to contain a fatty acid tail.  To synthesize 

this fluorophore, a procedure reported by Petry et al.9 was followed which combines 12-

aminododecanoic acid (5.24) and 7-chloro-4-nitrobenzo-2-oxa-1,3-diazole (5.25) in 

sodium methoxide to make a nitrobenzofurazan fatty acid indicator (5.26, NBD-FA), as 

depicted in Scheme 5.1. 

Scheme 5.1: Synthesis of NBD-FA. 

To study the binding of NBD-FA to serum albumin, a solution of bovine serum 

albumin (BSA) was titrated into a solution of NBD-FA.  Upon titrating BSA into NBD-
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FA, an increase in fluorescence emission was observed along with a blue shift in 

wavelength maximum of the emission spectra (Figure 5.2A).  A binding isotherm of this 

titration (Figure 5.2B) showed fluorescence saturation around three equivalents of BSA 

added with tangential line intersect (used to estimate binding stoichiometry) seen at 

approximately 1 equivalent of serum albumin per NBD-FA.  However, attempts were 

made to fit the binding isotherm to a 1:1 and 1:2 binding ratio, and a good fit could not be 

achieved with these binding ratios, indicating that higher stoichiometries may take place 

for the binding of NBD-FA to BSA.  This makes sense as there are seven potential serum 

albumin binding sites for fatty acids which could accommodate the fatty acid tail 

incorporated into the NBD-FA indicator.10 
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Figure 5.2: Binding of NBD-FA to BSA. A) Addition of BSA (0-200 µM) to NBD-FA 
(30 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 470 
nm.  B) Binding isotherm of data in Figure 5.2A measured at 530 nm. 

Once the binding of NBD-FA to serum albumin was studied, the next step was to 

investigate whether the fluorescence signal of a BSA-NBD-FA species would respond in 

the presence of glycerides.  Beginning investigations mirrored those carried out in other 

studies with terpenes, fatty acids, and plasticizers in which very small quantities of 
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concentrated analyte solution in organic solvent was added to a solution of indicator and 

serum albumin.11-13  The difficulties encountered, however, were related to the extreme 

hydrophobic properties of the glycerides being studied.  Triglycerides, diglycerides, and 

monoglycerides are very hydrophobic molecules (all with cLogP values greater than 4.)14  

Upon addition of these glycerides (dissolved in tetrahydrofuran for the triglycerides and 

diglycerides and ethanol for the monoglycerides) to a solution of BSA-NBD-FA, 

precipitation was observed immediately.  Sonication and heating could not alleviate this 

problem.  Thus, in order to investigate the fluorescence response which occurs for BSA-

NBD-FA in the presence of glyceride molecules, indicator uptake experiments were 

conducted.  In these experiments, a pre-saturated solution of glyceride and serum albumin 

was made in phosphate buffer.  The serum albumin greatly assisted in the solubility of the 

glyceride, presumably due to binding of the glyceride to hydrophobic pockets in the 

protein.  It should be noted that some insolubility of the glyceride still existed in solution, 

as the solutions were cloudy; however, the cloudiness was uniform throughout the 

solution.  To conduct the experiment, NBD-FA was added to the serum albumin-

glyceride solution and the fluorescence change observed was compared to the change 

seen when NBD-FA was added to a solution of serum albumin and to a solution of just 

buffer.  The results from this experiment (Figure 5.3) show that in the presence of a 

triglyceride bound to serum albumin, uptake of the NBD-FA indicator is inhibited.  This 

gives evidence for proximity of the binding sites where NBD-FA binds and where 

triglyceride molecules bind.  A decrease in the fluorescence intensity is observed at 

higher concentrations of NBD-FA, potentially due to self-quenching which occurs when 

multiple NBD-FA molecules bind to similar binding sites.  Parallel experiments were 

performed with dansyl amide (DNSA) (Figure 5.4), also indicating DNSA uptake 

inhibition in the presence of a triglyceride bound to serum albumin. 
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Figure 5.3: NBD-FA uptake.  NBD-FA addition (0-250 µM) to BSA (100 µM) and 
trimyristin, T6 (90 µM) in 10 mM phosphate buffer, H2O, pH 7.0, 0.02% 
NaN3, < 0.3% THF - (blue data points), to BSA (100 µM) in 10 mM 
phosphate buffer, H2O, pH 7.0, 0.02% NaN3 - (pink data points), and to 10 
mM phosphate buffer, H2O, pH 7.0, 0.02% NaN3 (green data points).  
Fluorescence parameters: λex 470 nm, monitored at λem 540 nm. 
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Figure 5.4: DNSA uptake.  DNSA addition (0-175 µM) to BSA (100 µM) and 
trimyristin, T6 (90 µM) in 10 mM phosphate buffer, H2O, pH 7.0, 0.02% 
NaN3, < 0.3% THF - (blue data points), and to BSA (100 µM) in 10 mM 
phosphate buffer, H2O, pH 7.0, 0.02% NaN3 - (pink data points).  
Fluorescence parameters: λex 350 nm, monitored at λem 490 nm. 

5.4.2 Analyzing Glycerides with the Preliminary Sensing Array 

With evidence in hand that the fluorescence signals of both BSA-NBD-FA and 

BSA-DNSA differentially respond in the presence of glycerides, a 96-well plate array 

was prepared using both BSA-NBD-FA and BSA-DNSA as discriminating variables, 

using concentrations of indicator which ensured saturation of the serum albumin.  Nine 

commercially available glycerides were chosen as analytes to initially study the ability of 

the array to differentiate glycerides and to refine the array to discriminate between subtly 

different analytes.  The nine glycerides included three triglycerides (T5, T6, and T7), 

three diglycerides (D1, D6, and D7), and three monoglycerides (M2, M4, and M5.)  To 

prepare the well plates, solutions of serum albumin-glyceride were pre-made and then 

sonicated before being added to the well plate.  The following LDA plot (Figure 5.5) was 

obtained for the array with a jack-knife analysis of 68.1%, showing 77.2% of the data 
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discriminated along the F1 axis and 22.8% of the data discriminated along the F2 axis.  

Considerable overlap of six of the analytes is seen in the center of this plot.  Addition of 

human serum albumin (HSA) to the array significantly improves the discriminatory 

power of the array, yielding the LDA plot seen in Figure 5.6A.  Though most of the 

differentiation of the analytes is seen along the F1 axis, the LDA plot shows nine distinct 

groupings of the analytes, resulting in a jack-knife analysis of 95.8%.  The corresponding 

loading plot for this LDA plot (Figure 5.6B) uncovers the large contributions which the 

variables BSA-NBD-FA and HSA-NBD-FA have in the discrimination of these glyceride 

analytes.  This contribution is anticipated since the fatty acid tail of the NBD-FA 

indicator presumably mimics similar binding interactions as those seen between the 

glyceride analytes and serum albumin.  DNSA is also seen to contribute to the 

discrimination observed in the LDA plot, though the contribution of DNSA is not as 

significant as that seen with NBD-FA. 
  



 238 

 

Figure 5.5: LDA plot discriminating nine glycerides.  Data collected from a 96 well 
plate reader with the parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a 
top 510 mirror for NBD-FA plates and λex 360 ± 20 nm, λem 485 ± 10 nm, 
and a top 400 mirror for DNSA plates.  The array components consisted of 
BSA (100 µM), NBD-FA (15 µM), DNSA (15 µM), and Glyceride (90 µM) 
in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF, 
jack-knife analysis 68.1%. 
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Figure 5.6: LDA plot discriminating nine glycerides with HSA added to the array. Data 
collected from a 96 well plate reader with the parameters: λex 485 ± 10 nm, 
λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates and λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates.  The array 
components consisted of BSA (100 µM), HSA (100 µM), NBD-FA (15 
µM), DNSA (15 µM), and Glyceride (90 µM) in 10 mM phosphate buffer, 
H2O, pH 7.00, 0.02% NaN3, with < 2% THF, jack-knife analysis 95.8%.A) 
LDA plot.  B) Corresponding loading plot for LDA in Figure 5.6A. 
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5.4.3 Investigating the Addition of a Dansyl Glycine-Fatty Acid Indicator 

Because the indicators NBD-FA and DNSA both contained significant 

discriminatory power for the array seen in Figure 5.6, an indicator was synthesized 

which incorporated both the dansyl characteristic of DNSA and the fatty acid tail of 

NBD-FA.  The indicator synthesized was a dansyl glycine-fatty acid (5.29, DG-FA.)  To 

synthesize this molecule, 12-aminododecanoic acid (5.24) was Fmoc protected15 and then 

the Fmoc-amino acid (5.27) was loaded onto a Wang resin via the Sieber method16 to 

give 5.28.  The Fmoc group was deprotected with piperdine and then dansyl glycine was 

coupled to the amino group with standard peptide coupling conditions.17  The peptide was 

then cleaved from the resin and purified with HPLC, resulting in DG-FA (5.29). 

Scheme 5.1: Synthesis of DG-FA. 

The binding of DG-FA to BSA was investigated by adding a solution of BSA to 

DG-FA.  This resulted in the fluorescence data presented in Figure 5.7A and the 

corresponding binding isotherm (Figure 5.7B).  The binding of dansyl glycine (DG) to 

BSA was also investigated, and the binding isotherm can be observed in Figure 5.7C.  
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Comparison of the binding isotherm obtained for BSA added to DG-FA (Figure 5.7B) to 

the binding isotherm obtained for BSA added to DG (Figure 5.7C) shows a decrease in 

the number of equivalents needed to reach saturation and a decrease in the estimated 

binding stoichiometry for DG-FA in comparison to DG (as estimated with tangential line 

intersects showing approximately a 1:4 binding stoichiometry for BSA:DG-FA vs. 1:2 for 

BSA:DG).  This suggests that DG-FA has more sites to bind on BSA than DG.  This may 

be due to the binding of DG-FA occurring through interactions with both the fatty acid 

side chain and the dansyl core of the molecule. 
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Figure 5.7: Binding of DG-FA to BSA.  A) Addition of BSA (0-70 µM) to DG-FA (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 340 nm.  
B) Binding isotherm of data in Figure 5.7A measured at 505 nm.  C) 
Binding isotherm of data from the addition of BSA (0-80 µM) to DG (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 350 nm 
measured at 480 nm. 

This new indicator was added to the array to discriminate the nine glyceride 

analytes previously tested.  The LDA plot in Figure 5.8A was obtained from this array, 

with 86% of the data discriminated along the F1 axis and 8.5% differentiation along the 

F2 axis, giving a jack-knife analysis of 95.8%.  The LDA plot does not show increased 

discriminatory power with the incorporation of the indicator DG-FA in comparison to 

Figure 5.6A.  The corresponding loading plot (Figure 5.8B) also confirms that DG-FA 

has a less significant impact on the differentiation of analytes than the other 

discriminatory variables in the array.  Thus, DG-FA was shown to not be beneficial 

towards the array and was not used in future experiments. 
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Figure 5.8: LDA plot discriminating nine glycerides with DG-FA added to the array. 
Data collected from a 96 well plate reader with the parameters: λex 485 ± 10 
nm, λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates, and λex 340 
± 10 nm, λem 485 ± 10 nm, and a top 400 mirror for DG-FS plates.  The 
array components consisted of BSA (100 µM), HSA (100 µM), NBD-FA 
(15 µM), DNSA (15 µM), DG-FA (15 µM), and glyceride (90 µM) in 10 
mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF, jack-
knife analysis 95.8%.  A) LDA plot. B) Loading plot for the LDA plot in 
Figure 5.8A. 
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5.4.4 Investigating the Detection Limits of the Sensing Assay 

Next, it was investigated whether the limits of detection could be lowered for this 

sensing array.  The concentration of glyceride analytes in the previous experiments was 

90 µM, and so to test whether the limit of detection could be improved, a glyceride 

concentration of 45 µM was investigated.  From these studies, the LDA plot in Figure 

5.9 was obtained.  This LDA plot, resulting in a jack-knife analysis of 86.1%, shows 

discrimination of most of the glyceride analytes.  There is some overlap of analytes in the 

center of the plot, though even within this area of the plot, slight discrimination of these 

analytes can be seen.  In comparison to previously obtained LDA plots with higher 

glyceride concentration, a flip in the ordering of analytes along the F1 axis was seen 

(which has no significant meaning), as well as a slight decrease in discriminatory power 

of the array.  Discrimination still can be seen though at these lower concentrations, and 

improved differentiation may be possible at these lower concentrations with the addition 

of more discriminatory variables to the array. 
  



 246 

 

Figure 5.9: LDA plot discriminating nine glycerides at 45 µM concentrations.  Data 
collected from a 96 well plate reader with the parameters: λex 485 ± 10 nm, 
λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates and λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates.  The array 
components consisted of BSA (50 µM), HSA (50 µM) NBD-FA (7.5 µM), 
DNSA (7.5 µM), and Glyceride (45 µM) in 10 mM phosphate buffer, H2O, 
pH 7.00, 0.02% NaN3, with < 1% THF, jack-knife analysis 86.1%. 

5.4.5 Increasing Differentiation by Adding More Indicators 

In an effort to increase the percent differentiation seen in the F2 axis of the LDA 

plots obtained with this array, the addition of other indicators was investigated.  Two 

indicators, 1-anilino-8-naphthalenesulfonate (1,8-ANS) and 2-anthracene carboxylate (2-

AC) were previously implemented in an array to differentiate fatty acids.12  Since fatty 

acids are derivatives of glycerides, these indicators were studied to see if their 

incorporation into the array could improve the discrimination of the glyceride analytes.  

First, indicator uptake experiments were performed for both 1,8-ANS and 2-AC with a 

triglyceride.  Unexpectedly, no significant differences were observed in the uptake of the 
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indicator by serum albumin in the presence of the triglyceride (Figure 5.10).  Although 

the indicator uptake experiments hinted that these indicators may not be successful at 

increasing the differentiation of the glyceride analytes, a quick 96-well plate array 

experiment was performed with these indicators to fully investigate the indicator 

performance in glyceride discrimination.  (Note that since the indicator uptake 

experiments were unsuccessful, a “quick and dirty” 96-well plate experiment was carried 

out with only two glyceride replicates.  This is not the typical number of replicates seen 

in LDA or PCA plots; however, it was sufficient to determine if either 1,8-ANS or 2-AC 

would aid in further discriminating the analytes.)  The resulting LDA plot, Figure 5.11, 

was obtained with an array consisting of the serum albumins - BSA, HSA and the 

indicators - NBD-FA, DNSA, 1,8-ANS, and 2-AC, giving eight discriminatory variables.  

Increased differentiation is observed for this array, with 29.1% differentiation seen in the 

F2 axis.  To investigate receptor performance, the loading plot was studied which showed 

the receptors with 1,8-ANS to have substantial contributions towards the discrimination 

of the array, specifically in the F2 axis.  The indicator 2-AC, on the other hand, does not 

have large contributions on the differentiation seen. 
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Figure 5.10: Indicator uptake experiments with 1,8-ANS and 2-AC.  A) 1,8-ANS addition 
(0-170 µM) to BSA (100 µM)/T6 (90 µM) (blue points) or BSA (100 µM) 
(pink points) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3 < 
0.3% THF,  fluorescence parameters: λex 400 nm, monitored at λem 475 nm.  
B) 2-AC addition (0-170 µM) to BSA (100 µM)/T6 (90 µM) (blue points) 
or BSA (100 µM) (pink points) in 10 mM phosphate buffer, H2O, pH 7.00, 
0.02% NaN3 < 0.3% THF, fluorescence parameters: λex 386 nm, monitored 
at λem 422 nm. 
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Figure 5.11: LDA plot discriminating nine glycerides with 1,8-ANS and 2-AC added to 
the array.  Data collected from a 96 well plate reader with the parameters: 
λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA 
plates, λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA 
plates, λex 380 ± 10 nm, λem 485 ± 10 nm, and a top 400 mirror for 1,8-ANS 
plates, and λex 380 ± 10 nm, λem 440 ± 15 nm, and a top 400 mirror for 2-AC 
plates.  The array components consisted of BSA (100 µM), HSA (100 µM) 
NBD-FA (15 µM), DNSA (15 µM), 1,8-ANS (15 µM), 2-AC (15 µM) and 
glyceride (90 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
with < 2% THF, jack-knife analysis 100%.  A) LDA plot.  B) Loading plot 
for the LDA in Figure 5.11A. 
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5.5 MODIFICATION OF UNSATURATED GLYCERIDES 

The array consisting of BSA, HSA, NBD-FA, DNSA, and 1,8-ANS was able to 

differentiate the nine analytes tested; however, in order to improve the array in achieving 

successful differentiation of 23 glyceride analytes and mixtures of glycerides which are 

found in adipocyte extracts, another method for increasing the differentiation was 

investigated.  Two of the analytes tested, T5 and D1, are both unsaturated glycerides and 

their placements in the LDA plot are located in close proximity to each other.  In order to 

better discriminate unsaturated glycerides, olefin metathesis was investigated as a method 

by which modification at the double bonds of these glycerides could be performed.  

Olefin metathesis would enable scrambling of the unsaturated glyceride analytes with an 

olefin of choice and result in a change in the binding of these glycerides to serum 

albumin, thus better discriminating unsaturated glycerides with the array. 

5.5.1 Previous Studies with Olefin Metathesis on Unsaturated Glycerides 

The study of olefin metathesis with unsaturated glycerides has been widely 

explored as methods for both renewable natural resources for energy and for producing 

raw materials for the chemical industry.  These metathesis reactions occur in the presence 

of a transition metal alkylidene (carbene) complex in a [2+2] fashion to form a 

metallocyclobutane intermediate which can open to give a new olefin.  Cross-metathesis 

has been used in this context to react high molecular weight unsaturated fatty acid esters 

with an alkene to afford lower molecular weight olefins, as a means of creating desired 

homologues of these glycerides.  A review written by Mol18 in 2002 highlights various 

cross-metathesis reactions which can afford the transformation of oleic acid (containing a 

Z-configuration olefin) with ethylene to synthesize lower molecular weight products.  

The classic catalysts discussed in this review involve catalysts with transition metals such 

as ruthenium, molybdenum, tungsten in combination with an alkylating co-catalyst.  The 
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review points out the large success of the Grubb’s catalyst which has excellent functional 

group tolerance.  Methyl oleate in the presence of the Grubb’s first generation catalyst 

(less than 0.1 mol%) was metathesized with a high yield at a reaction temperature of 55 

ºC over six hours in the absence of solvent (the oil provided the solvent in this case.) 

The cross-metathesis of vegetable oils with the Grubb’s first gerneration catalyst 

(0.1 mol%) has also been explored by Larock et al.19 to form lower weight alkenes and 

polymerized olefins.  Many reaction conditions were explored including the presence of 

vacuum, temperature, the time of the reaction, and degassing of solvent.  These studies 

found that decreasing reaction temperatures required longer reaction times and that 

reactions run at a low pressure had higher yields (as determined by crude NMR analysis.) 

A study by Meier et al.20 shows the cross-metathesis between oleic acid and 

methyl acrylate using Grubb’s first and second generation catalysts and the Hoveyda-

Grubb’s second generation catalyst.  Using 21 equivalents of methyl acrylate (to prevent 

self-polymerization of the glyceride), 1.5 mol% catalyst in the absence of solvent, and 

under slight heat resulted in successful transformation with both the Grubb’s second 

generation catalyst and Hoveyda-Grubbs second generation catalyst, as determined by 

ESI-MS results.  Grubbs first generation catalyst was not successful for these reactions, 

as this catalyst is known to be less reactive than the previous two catalysts for the 

metathesis of internal double bonds. 

For the purposes in this study, olefin metathesis was investigated as a means to 

differentially scramble the unsaturated glycerides of interest to better discriminate these 

analytes in the developed array.  The Grubb’s second generation catalyst was a first 

choice for these reactions due to the availability of this catalyst in these studies.  To 

analyze the scrambled reaction mixture, a fluorophore with an allyl group was designed 

which could be monitored via the differential fluorescence modulation which occurs 
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upon binding to serum albumin for each newly formed fluorophore olefin product from 

the scrambled reaction. 

5.5.2 Synthesis of Allyl-Fluorescein Indicator 

To carry out the desired olefin metathesis, a fluorophore (5.33) was synthesized 

through literature procedures to contain an allyl functionality, such that this fluorophore 

could be scrambled onto an unsaturated glyceride.  To synthesize this fluorophore, 

fluorescein disodium salt (5.31) was made with sodium hydroxide from fluorescein 

(5.30), which was then subsequently reacted with allyl bromide to give a diallyl 

fluorescein intermediate (5.32).21  The product (5.33) was then obtained by removing one 

of the allyl groups with sodium hydroxide by refluxing in acetone.22 

Scheme 5.3: Synthesis of 5.33 
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To investigate the olefin metathesis with unsaturated glycerides and 5.33, the 

unsaturated glyceride - monoerucin (M1) was first studied for simplicity purposes, since 

this was the smallest unsaturated glyceride and contained only one double bond.  NMR 

was first used to study the reaction progress; however, resolution of the peaks proved 

extremely difficult and monitoring of the reaction was prevented through this method.  

Thus, LCMS seemed the most reasonable method to determine if a scrambled mass 

resulted from a reaction with M1 and 5.33. 
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5.5.3 Optimizing the Olefin Metathesis with M1 and 5.33 

Several reactions conditions (summarized in Table 5.1) were investigated to 

optimize the olefin metathesis reaction with M1 and 5.33 (Scheme 5.4). 

Scheme 5.4: Olefin metathesis with M1 and 5.33. 

First, the reaction was run under vacuum (Reaction 1 in Table 5.1.)  These 

reaction conditions follow the recommendation of work by Larock et al.19 which found 

that low pressure reactions of unsaturated vegetable oil polymerizations through olefin 

metathesis resulted in a higher yield due the removal of lower molecular weight alkenes.  

This first reaction resulted in successful scrambling of the glyceride.  However, 

recognizing the limitations of carrying out a reaction requiring vacuum in a high-

throughput scenario, reaction conditions were investigated which did involve low 

pressure.  The same reaction which previously resulted in a successful metathesis 

reaction was run without vacuum (Reaction 2 in Table 5.1.)  No product was observed in 

this case.  Next, the solvent was changed from chloroform to tetrahydrofuran (Reaction 3 

in Table 5.1.)  This solvent change did not result in a successful reaction.  The solvent 

was then changed to dichloroethane to enable a higher reaction temperature without 

refluxing conditions.  Additionally more catalyst and an excess of the fluorophore were 
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observed.  To enhance the rate of this reaction, copper (I) iodide (3 mol%) was added to 
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result of the ability of the copper (I) iodide to act as a stabilizing ligand on the ruthenium 

catalyst, and thus extending the lifetime of the catalyst.  The addition of copper (I) iodide 

in this study resulted in more scrambled product formation (Reaction 5 in Table 5.1.)  To 

further enhance the reaction yield, more Grubb’s catalyst, more copper (I) iodide, and 

less fluorophore were added to the reaction (Reaction 6 in Table 5.1.)  No change was 

seen with these reaction conditions.  Next, the solvent was changed to chloroform and the 

reaction temperature was lowered slightly (to enable the use of well plates to carry out 

the reactions which cannot be heated over 64 ºC, due to melting of the plastic well 

plates.)  The equivalents used of fluorophore were also decreased in order to prevent an 

excess of unwanted serum albumin-unscrambled fluorophore interactions (Reaction 7 in 

Table 5.1.)  These reaction conditions proved to be successful resulting in more product 

formation.  The reaction also proved successful when even less fluorophore equivalents 

were added (Reaction 8 in Table 5.1.)  Finally, the copper (I) iodide was removed from 

the reaction to examine whether the presence of this reagent really assisted in the 

formation of product (Reaction 9 in Table 5.1.)  The reaction was found to be just as 

successful without the presence of copper (I) iodide, indicating the importance of a higher 

concentration of Grubb’s catalyst versus copper (I) iodide.  This importance of higher 

concentration of Grubb’s catalyst can be confirmed when comparing this reaction to other 

olefin metathesis reactions which contain larger, bulky unsaturated analytes for 

scrambling which also require a large mole percent of Grubb’s catalyst.24 
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Table 5.1: Reaction conditions for olefin metathesis optimization between M1 and 
5.33. 

5.5.4 Binding Studies of 5.33 and 5.34 to Serum Albumin 

To investigate the binding of 5.34 to BSA, 5.34 was first isolated from the 

reaction mixture via HPLC.  The binding was studied by adding BSA to a solution of 

5.34 (Figure 5.12B).  This titration was compared to the titration of BSA added to a 

solution of 5.33 (Figure 5.12A).  Interestingly, very different fluorescent trends were 

observed for 5.33.  The titration of BSA into 5.33 resulted in a decrease in the 

fluorescence signal.  The titration of BSA into 5.34, on the other hand, led to an increase 

in the overall fluorescence, while a distinct peak at 550 nm formed as the titration 

progressed.  This difference suggests that the binding interaction is unique for each 

indicator to BSA.  Also, the fluorescence intensities recorded for these two fluorophores 

 Solvent Temperature Reaction 

Duration 

M1 

Equiv. 

5.33 

Equiv. 

G2 Catalyst 

mol% 

CuI 

mol% 

Reaction 

Success 

Reaction 1 CDCl3 55 ºC, vacuum 24 hr. 1.1 1 0.1  Yes 

Reaction 2 CHCl3 55 ºC 24 hr. 1.1 1 0.1  No 

Reaction 3 THF 50 ºC 24 hr. 1.1 1 0.1  No 

Reaction 4 DCE 70 ºC 2 hr. 1 15 1.5  Yes 

Reaction 5 DCE 75 ºC 24 hr. 1 15 2 3 Yes 

Reaction 6 DCE 75 ºC 24 hr. 1 5 20 25 Yes 

Reaction 7 CHCl3 50 ºC 2 hr. 1 2 20 25 Yes 

Reaction 8 CHCl3 50 ºC 2 hr. 1 1.1 20 30 Yes 

Reaction 9 CHCl3 50 ºC 2 hr. 1 1.1 20  Yes 
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are notably different, with around 2.5 million counts being observed for the titration with 

5.33 and around 400,000 counts seen for the titration with 5.34.  This indicates that the 

long alkyl tail in 5.34 contributes to quenching of the fluorescein fluorescence. 

The shapes of the fluorescence spectra in these two titrations also differ.  The 

dual-peak shape of the fluorescence spectra for the titration with 5.33 is characteristic of 

the fluorescence curves typically seen in fluorescein molecules, and this shape is retained 

throughout the entire titration with 5.33.  Contraily, as the titration with 5.34 progresses, 

the shape of the fluorescence spectra change from a spectrum with one prominent peak to 

a similar dual-peak shape observed with 5.33.  This notable change could be attributed to 

the change in aggration state of 5.34 as the titration is carried out.  At the beginning of the 

titration with 5.34 (with no BSA present), there is presumably a large amount of 

aggregation in solution due to the increased hydrophobic nature of 5.34 with a long alkyl 

tail in comparison to 5.33.  As more molecules of 5.34 bind to BSA during the titration, 

less aggregation occurs and the dual-peak shape of the curve is observed, corresponding 

to the fluorescence of bound, monomeric 5.34. 
  



 258 

 

 

 

Figure 5.12: Binding of 5.33 and 5.34 to BSA.  A) Fluorescence spectra for the addition 
of BSA (0-200 µM) added to a solution of 5.33 (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.2% NaN3, λex 470 nm.  B) Fluorescence 
spectra for the addition of BSA (0-200 µM) added to a solution of 5.34 (30 
µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 490 nm. 
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5.5.6 FRET with DNSA 

The indicators dansyl and fluorescein-5-isothiocyanate (FITC) have been reported 

to be Förster Resonance Energy Transfer (FRET) pairs, with a R0 of 33-41 Å.25  Thus, it 

was expected for the indicators DNSA (with a dansyl core) and 5.34 (with a fluorescein 

core) to have FRET.  Figure 5.13 shows the fluorescence emission spectra which occur 

with an excitation at 350 nm, for a solution of 250 µM DNSA/100 µM BSA, a solution of 

90 µM 5.34/ 100 µM BSA, and solution of 250 µM DNSA/90 µM 5.34/100 µM BSA.  

These spectra show the fluorescence spectrum of DNSA when bound to BSA having an 

extremely broad peak bandwidth with a λmax of 485 nm and fluorescence intensity of 

approximately 750,000 fluorescent counts.  On the other hand, 5.34 bound to BSA has 

very little fluorescence when excited at this wavelength and has a λmax of 515 nm.  When 

DNSA is introduced to a solution of 5.34 and BSA, the fluorescence of the solution 

decreases in comparison to the BSA-DNSA solution but increases in comparison to the 

BSA-5.34 solution.  Additionally, the spectrum has a λmax at 515 nm, but has a distinct 

hump in the peak at 485 nm.  These results indicate a possible FRET mechanism, with 

DNSA as the donor and 5.34 as the acceptor.  Since the R0 of these FRET indicator pairs 

is fairly large in comparison to the size of BSA (approximately 40 Å x 140 Å)26, the 

evidence for FRET in this case does not give very much information about the proximity 

in binding of these two indicators by serum albumin.  The presence of FRET between 

these two indicators gives another variable which can add discriminatory power to the 

array. 
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Figure 5.13: Fluorescence spectra showing possible FRET between DNSA and 5.34.  
Comparison of the fluorescence spectra from solutions of 250 µM 
DNSA/100 µM BSA in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% 
NaN3, λex 350 nm, of 90 µM 5.34/100 µM BSA in 10 mM phosphate buffer, 
H2O, pH 7.00, 0.02% NaN3, λex 350 nm, and 250 µM DNSA/90 µM 5.34/ 
100 µM BSA in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, λex 
350 nm. 

5.5.6 Investigating Olefin Metathesis with All the Unsaturated Glycerides of 
Interest 

After 5.34 was shown to have different binding and fluorescent properties than 

5.33, the rest of the unsaturated glyceride analytes of interest were subjected to the olefin 

metathesis reaction to study whether the metathesis could be applied to glycerides 

containing double bonds, other than M1.  Eleven unsaturated glycerides were exposed to 

similar metathesis conditions as previously used, however, at overall lower 

concentrations in comparison to the reactions in Table 5.1 (in order to conserve the use 

of the non-commercially available 5.33 indicator.)  The results obtained from these 

reactions are summarized in Table 5.2, and the structures of the most common scrambled 

products observed in these reactions are shown below. 
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Glyceride Product 
m/z (M+1) Seen, 

Rxn Success 

 
5.36 

457.2 

Successful 

 
5.34 

485.2 

Successful 

 
5.34 

485.2 

Successful 

 
5.37 Not Successful 

 

5.35,  

MW 482.2 g/mol 
Not Successful 

 
5.36 Not Successful 

 5.36 
457.2 

Successful 

 
5.34 

485.2 

Successful 

 
5.34 

485.2 

Successful 

 

5.35, MW 

468.5, 494.6, 520.6 

443.2 

Successful 

 5.34 Not Successful 

Table 5.2: Olefin metathesis with 5.33 and glycerides T1-T5, D1-D5, and M1. 
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From the results in Table 5.2, it appears that the olefin metathesis reaction occurs 

most easily on cis oriented unsaturated glycerides, and the only trans unsaturated 

glyceride which is successful in this metathesis study is the analyte T3.  This is most 

likely due to steric effects which prevent the Grubb’s catalyst from easily accessing the 

trans olefin.  It should be noted that not all cis unsaturated glycerides were successful in 

this reaction.  In fact, the cis unsaturated monoglyceride on which this reaction was first 

studied and optimized, monoerucin (M1), does not seem to be successful in this reaction 

at these conditions.  This indicates that the reaction may be sensitive to concentration 

changes of the glyceride analyte.  Though this sensitivity is not ideal for assay purposes, 

so long as uniform conditions are applied to the analytes of interest, these sensitivities 

may not be significant for the purposes of differentiation.  One interesting observation in 

these reactions is that the lower molecular weight olefin product was always the observed 

product and the corresponding higher molecular weight olefin product was never 

detected.  Reasons for these observations are unknown at this point, and further 

fundamental studies on these specific metathesis reactions must be conducted in the 

future.  For the present purposes of this study however, the reactions studied above with 

eleven unsaturated glycerides shows the promise of a very traditional synthetic reaction 

for increasing differentiation of an assay by further discriminating analytes based upon 

the amount and identity of scrambled olefin product which results from this reaction with 

unsaturated glycerides. 

5.5.7 Adding Olefin Metathesis to the Sensing Ensemble 

Next, the developed sensing ensemble was employed for the differentiation of 23 

glyceride analytes – nine triglycerides (T1-T9), nine diglycerides (D1-D9), and five 

monoglycerides (M1-M5).  Serum albumins were pre-saturated with these analytes and 
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then used directly in well plates consisting of indicators.  For the Grubb’s olefin 

metathesis scrambling reaction, these analytes were used directly from their stock 

solutions.  After the reaction was finished, serum albumins were pre-saturated with an 

aliquot of the reaction mixture and these solutions were added directly to well plates 

consisting of DNSA and well plates consisting of buffer.  The developed sensing 

ensemble consisted of the variables: BSA/NBD-FA, BSA/DNSA, BSA/1,8-ANS, 

HSA/NBD-FA, HSA/DNSA, HSA/1,8-ANS, BSA/Scrambled mix (fluorescein 

parameters), BSA/DNSA/Scrambled mix (DNSA parameters), BSA/DNSA/Scrambled 

mix (FRET parameters), HSA/Scrambled mix (fluorescein parameters), 

HSA/DNSA/Scrambled mix (DNSA parameters), and HSA/DNSA/Scrambled mix 

(FRET parameters).  The scrambled mixes which were used in these experiments were 

additionally analyzed with LCMS, indicating that the glycerides T4, T5, D3, D4, and D5 

were all successfully scrambled.  These results vary a little from the previously obtained 

metathesis results, where both T3 and D2 were also successfully scrambled.  However, 

differentiation can still be achieved and the obtained PCA plot from this array is shown in 

Figure 5.14A, with 28.24% of the variance along the F1 axis and 19.87% of the variance 

along the F2 axis.  This plot shows several trends.  First, the triglycerides are clustered on 

the right side of the F1 axis, the diglycerides are mostly clustered in the bottom left 

corner of the plot (with the exception of the analytes D1 and D6), and the monoglycerides 

are clustered in the top left corner.  The successfully scrambled unsaturated glycerides are 

shown in the circles.  These unsaturated glycerides all have placements within the PCA 

plot on the bottom half of the plot.  The loading plot of this PCA plot (Figure 5.14B) 

shows the significance which some of the metathesis-related receptors (such as HSA-

DNSA-scramble and HSA-DNSA-FRET) had on the discrimination seen in the plot.  

This significant contribution can be confirmed when examining the PCA plot of the 
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analytes without the olefin metathesis experimental data (Figure 5.15) which shows a 

significant increase in overlapping clusters of analytes.  One other point to mention in the 

PCA plot is that most of the analyte classes are scattered along the diagonal.  This 

indicates that the diagonal of this plot represents the replicate noise found within the 

assay.  A three-dimensional plot can also be plotted for this data (Figure 5.14C), with a 

third axis carrying 18.87% of the variance.  Although this axis does carry a lot of 

variance for the data, visually, this particular three-dimensional plot is more difficult to 

interpret by the eye than the two-dimensional plot in Figure 5.14A. 
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Figure 5.14: PCA plots and loading plot for the discrimination of 23 glycerides.  Data 
collected from a 96 well plate reader with the parameters: λex 485 ± 10 nm, 
λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates, and λex 380 ± 
10 nm, λem 485 ± 10 nm, and a top 400 mirror for 1,8-ANS plates, λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA scrambled 
fluorophore plates, λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror 
for DNSA scrambled fluorophore FRET plates, and λex 485 ± 10 nm, λem 
528 ± 10 nm, and a top 510 mirror for scrambled fluorophore plates.  The 
array components consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 
µM), DNSA (15 µM), 1,8-ANS (15 µM), glyceride (90 µM), and scrambled 
glyceride (90 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
with < 2% THF.  A) Two-dimensional PCA plot, circled analytes were 
successfully olefin metathesized.  B) Corresponding loading plot.  C) Three-
dimensional PCA plot. 

C) 
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Figure 5.15: PCA plot for the discrimination of 23 glycerides without olefin metathesis 
experimental data.  Data collected from a 96 well plate reader with the 
parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for 
NBD-FA plates, λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror for 
DNSA plates, and λex 380 ± 10 nm, λem 485 ± 10 nm, and a top 400 mirror 
for 1,8-ANS plates, λex 360 ± 20 nm, λem 485 ± 10 nm.  The array 
components consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 µM), 
DNSA (15 µM), 1,8-ANS (15 µM), and glyceride (90 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF. 

An LDA plot was also obtained with the collected data, shown below in Figure 

5.16A.  The LDA plot shows 47.88% of the data differentiated along the F1 axis and 

26.34% of the data differentiated along the F2 axis, with a jack-knife analysis of 100%.  

This plot shows very tight analyte clustering, especially in comparison to the previously 

discussed PCA plot in Figure 5.14A.  The plot shows one particular outlier from the data, 
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D3.  This glyceride was a successfully scrambled glyceride, which may be the attributing 

factor for the extreme difference in loading score compared to other loading scores.  The 

analyte D9 also appears to be further removed from the rest of the analytes.  The 

reasoning behind the placement of D9 in the plot is not entirely known; however, this 

may be due to the very hydrophobic nature of this analyte in comparison with the other 

diglycerides. 

If the LDA data is expanded in the region where most of the analytes are plotted 

(Figure 5.16B), several trends can be observed.  First, most of the monoglycerides (with 

the exception of M3) are seen located on the top of the upper right corner.  The 

diglycerides (with the exception of D1, D3, and D9) are located in the lower left hand 

corner of the plot.  The triglycerides are dispersed on both the left and right sides of the 

plot; however, they tend to be located closer to the bottom portion of the graph in 

comparison to the di and monoglycerides.  The circled analytes are the successfully 

scrambled unsaturated glycerides (not including D3 which cannot be seen in this 

expansion of the LDA plot.)  These scrambled analytes are all located on the left side of 

the graph.  The corresponding loading plot (Figure 5.16C) also portrays the importance 

which the receptors resulting from the olefin metathesis experiments have on analyte 

discrimination.  The LDA plot which is obtained for the discrimination of these analytes 

without the olefin metathesis experimental data (Figure 5.17) shows a decrease in the 

discriminatory power of the array with a jack-knife analysis of 91.8%, thus supporting 

the beneficial addition of the olefin metathesis experimental data to the array. 
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The LDA plot also contains a third discriminating axis, carrying 13.11% of the 

data.  The three-dimensional LDA plot (Figure 5.16D), shows improved visual 

discrimination of the analytes.  In particular, it can be noticed that successfully scrambled 

unsaturated glycerides (such as T1, T2, and D5) are clearly better discriminated in the 

third axis, perhaps indicating that the scrambling reactions have some contribution to the 

differentiation seen along that axis. 
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Figure 5.16: LDA plots and loading plot for the discrimination of 23 glycerides.  Data 
collected from a 96 well plate reader with the parameters: λex 485 ± 10 nm, 
λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates, and λex 380 ± 
10 nm, λem 485 ± 10 nm, and a top 400 mirror for 1,8-ANS plates, λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA scrambled 
fluorophore plates, λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror 
for DNSA scrambled fluorophore FRET plates, and λex 485 ± 10 nm, λem 
528 ± 10 nm, and a top 510 mirror for scrambled fluorophore plates.  The 
array components consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 
µM), DNSA (15 µM), 1,8-ANS (15 µM), glyceride (90 µM), and scrambled 
glyceride (90 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
with < 2% THF, jack-knife analysis 100%.  A) Two-dimensional LDA plot.  
B) Two dimensional LDA plot expanded, circled analytes were successfully 
olefin metathesized.  C) Corresponding loading plot.  D) Three-dimensional 
LDA plot. 

D) 
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Figure 5.17: LDA plot for the discrimination of 23 glycerides without olefin metathesis 
experimental data. Data collected from a 96 well plate reader with the 
parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for 
NBD-FA plates, λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror for 
DNSA plates, and λex 380 ± 10 nm, λem 485 ± 10 nm, and a top 400 mirror 
for 1,8-ANS plates.  The array components consisted of BSA (100 µM), 
HSA (100 µM) NBD-FA (15 µM), DNSA (15 µM), 1,8-ANS (15 µM), and 
glyceride (90 µM) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, 
with < 2% THF, jack-knife analysis 91.8%. 
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5.6 ADIPOCYTE EXTRACTS 

The adipocyte extracts were prepared in Germany under the supervision of Günter 

Müller.  There were two processes which were of interest to investigate – the decrease of 

adipocyte content through lipolysis and the increase of adipocyte glyceride content 

through the inhibition of lipolysis.  In these initial studies, the molecule isoproterenol was 

administered to induce lipolysis and insulin was introduced for the inhibition of lipolysis.  

The time of onset and the duration of lipolysis and lipolysis inhibition were also of 

interest to study. 

The adipocyte extract samples each contained three parts: (1) the fat portion of the 

sample, (2) the supernatant portion of the sample, and (3) the pellet portion of sample.  

The following adipocyte extract samples listed in Table 5.3 were studied with the assay. 

 

Sample Number Type of Extract Extraction Date Characterizing Information 

10 Fat 

7-26-11 Control 11 Supernatant 

12 Pellet 

13 Fat 

7-26-11 + 1 µM Isoproterenol 14 Supernatant 

15 Pellet 

16 Fat 

7-26-11 + 10 nM Insulin 17 Supernatant 

18 Pellet 

19 Fat 

8-2-11 + 1 µM Isoproterenol, 0 hr 20 Supernatant 

21 Pellet 
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22 Fat 

8-2-11 + 1 µM Isoproterenol, 3 hr. 23 Supernatant 

24 Pellet 

25 Fat 

8-2-11 + 1 µM Isoproterenol, 6 hr. 26 Supernatant 

27 Pellet 

37 Fat 

8-10-11 + 10 nM Insulin, 0 hr. 38 Supernatant 

49 Pellet 

40 Fat 

8-10-11 + 10 nM Insulin, 30 min. 41 Supernatant 

42 Pellet 

43 Fat 

8-10-11 + 10 nM Insulin, 6 hr. 44 Supernatant 

45 Pellet 

Table 5.3: Details of the adipocyte extracts tested. 

5.6.1 Preparing the Adipocyte Extracts 

The extracts were prepared by adding 500 µL of ethyl acetate and 500 µL of 

saturated sodium chloride to the samples and shaking the samples for five minutes.  The 

samples were then ultracentrifugated for 30 minutes to completely separate the two layers 

and to remove any “interfacial fluff”.27  The ethyl acetate layer was then collected and the 

solvent was removed with rotary evaporation.  The samples were then dried under high 

vacuum overnight.  The weights of the samples were measured and the precipitates were 

then subsequently dissolved in four milliliters of tetrahydrofuran (THF).  Some 
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precipitates were noted not to dissolve in the supernatant samples; these were assumed to 

be salts.  The THF solutions were then used directly in the well plate and olefin 

metathesis experiments. 

5.6.2 Analyzing the Adipocyte Extracts with the Sensing Ensemble 

The solutions for the well plates were prepared by making pre-saturated solutions 

of serum albumin-adipocyte extract.  These solutions were then added to well plates 

containing indicators.  The adipocyte extracts were also exposed to the olefin metathesis 

reaction conditions and the products from these reactions were used to make saturated 

serum albumin solutions which were then added to well plates with DNSA or buffer.  The 

following variables were used in this experiment to differentiate the 27 adipocyte extract 

samples: BSA/NBD-FA, BSA/DNSA, BSA/1,8-ANS, HSA/NBD-FA, HSA/DNSA, 

HSA/1,8-ANS, BSA/Scrambled mix (fluorescein parameters), BSA/DNSA/Scrambled 

mix (DNSA parameters), BSA/DNSA/Scrambled mix (FRET parameters), 

HSA/Scrambled mix (fluorescein parameters), HSA/DNSA/Scrambled mix (DNSA 

parameters), and HSA/DNSA/Scrambled mix (FRET parameters).  The PCA plot in 

Figure 5.18A was obtained with the sensing array, with 47.6% of the data variance along 

the F1 axis and 31.5% of the data variance along the F2 axis.  Along the diagonal of this 

plot, the “fat” samples are located on the left side of this line with the “supernatant” and 

“pellet” samples on the right side.  The “supernatant” and “pellet” samples presumably 

contain less glyceride content then the corresponding “fat” samples.  Thus, the diagonal 

axis potentially discriminates samples primarily based on amount of glyceride content.  

The “fat” samples which contain more glyceride content (i.e., the samples which were 

collected from rats administered insulin to inhibit lipolysis – see samples 16, 37, 40, and 

43) are seen on the lower left corner of the plot, and the “fat” samples which contain less 
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glyceride content (i.e., the samples which were collected from rats administered 

isoproterenol to induce lipolysis – see samples 13, 19, 22, and 25) are seen to the right 

and above the high glyceride content “fat” samples.  The other diagonal (not drawn in the 

figure) may discriminate samples based on glyceride identity within the sample.  If these 

conclusions are correct, the samples which were taken at different time intervals could 

indicate that insulin inhibits lipolysis best at 0 hr (i.e., amount of glyceride content should 

be greater at 0 hr than 30 min and 6 hr.)  Additionally, it appears that isoproterenol could 

be more efficient at inducing lipolysis as time increases (i.e., amount of glyceride content 

should be in the order of 0 hr > 3 hr > 6 hr).  The corresponding loading plot (Figure 

5.18B) indicates that the variables from the olefin scrambling experiment do not have as 

much contribution to analyte discrimination as the contribution previously seen in the 

experiment differentiating the 23 glyceride samples (see Figure 5.14B).  This may 

indicate that the adipocyte extracts do not contain as large an amount of unsaturated 

glycerides as anticipated.  This conclusion may be supported by the PCA plot obtained 

without the olefin metathesis experimental data (Figure 5.19), which still displays good 

discrimination of the “fat” adipocyte analytes. 

If the “supernatant” and “pellet” samples are removed from the data set, the PCA 

plot in Figure 5.20 is obtained.  This PCA plot presumably shows the amount of 

glyceride content displayed along the F2 axis (with 31.13% of data variance), with 

lipolysis inhibited samples (16, 37, 40) seen at the bottom of the plot and lipolysis 

induced samples (13, 19, 22, and 25) seen at the top of the plot.  The F1 axis (with 

48.66% of the data variance), on the other hand, may have contributions from the 

glyceride identity within the extract samples.  This plot mimics the ordering of the PCA 

plot obtained for these samples (Figure 5.18A), if the plot is viewed with a 90º 



 278 

counterclockwise turn.  Similar conclusions can be drawn about these fat samples as 

previously mentioned. 
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Figure 5.18: PCA plot and loading plot discriminating adipocyte extracts.  Data collected 
from a 96 well plate reader with the parameters: λex 485 ± 10 nm, λem 530 ± 
12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 20 nm, λem 485 
± 10 nm, and a top 400 mirror for DNSA plates, and λex 380 ± 10 nm, λem 
485 ± 10 nm, and a top 400 mirror for 1,8-ANS plates, λex 360 ± 20 nm, λem 
485 ± 10 nm, and a top 400 mirror for DNSA scrambled fluorophore plates, 
λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror for DNSA 
scrambled fluorophore FRET plates, and λex 485 ± 10 nm, λem 528 ± 10 nm, 
and a top 510 mirror for scrambled fluorophore plates.  The array 
components consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 µM), 
DNSA (15 µM), 1,8-ANS (15 µM), adipocyte extract (60 µL of 4-fold 
dilution solution), and scrambled adipocyte extract (60 µL of a 4-fold 
dilution) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 
2% THF. A) Two-dimensional PCA plot.  B) Corresponding loading plot. 
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Figure 5.19: PCA plot discriminating adipocyte extracts without olefin metathesis 
experimental data.  Data collected from a 96 well plate reader with the 
parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for 
NBD-FA plates, λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror for 
DNSA plates, and λex 380 ± 10 nm, λem 485 ± 10 nm, and a top 400 mirror 
for 1,8-ANS plates, λex 360 ± 20 nm.  The array components consisted of 
BSA (100 µM), HSA (100 µM) NBD-FA (15 µM), DNSA (15 µM), 1,8-
ANS (15 µM), and adipocyte extract (60 µL of 4-fold dilution solution) in 
10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF. 
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Figure 5.20: PCA plot discriminating “fat” adipocyte extracts.  Data collected from a 96 
well plate reader with the parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, 
and a top 510 mirror for NBD-FA plates, λex 360 ± 20 nm, λem 485 ± 10 nm, 
and a top 400 mirror for DNSA plates, and λex 380 ± 10 nm, λem 485 ± 10 
nm, and a top 400 mirror for 1,8-ANS plates, λex 360 ± 20 nm, λem 485 ± 10 
nm, and a top 400 mirror for DNSA scrambled fluorophore plates, λex 360 ± 
20 nm, λem 528 ± 10 nm, and a top 400 mirror for DNSA scrambled 
fluorophore FRET plates, and λex 485 ± 10 nm, λem 528 ± 10 nm, and a top 
510 mirror for scrambled fluorophore plates.  The array components 
consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 µM), DNSA (15 
µM), 1,8-ANS (15 µM), “fat” adipocyte extract (60 µL of 4-fold dilution 
solution), and scrambled “fat” adipocyte extract (60 µL of a 4-fold dilution) 
in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF.  

The LDA plot obtained from the sensing array is shown in Figure 5.21A.  In this 

plot, the “supernatant” and “pellet” samples are not as well separated from the “fat” 

samples as seen in the PCA plot in Figure 5.18A.  Instead they reside scattered along the 

F1 axis with close to zero or negative F2 axis values.  Some of the samples which contain 
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axis with negative F2 axis values, however, this does not remain true for sample 16 

which contains a positive F2 axis value.  While understanding the pattern obtained may 

not be easy for this LDA plot, it is quite remarkable that the array is successfully able to 

discriminate 27 subtly different analytes with 100% jack-knife analysis validation.  The 

receptors which contribute most to this discrimination can be seen in Figure 5.21B, 

showing the nearly equal importance of all the receptors in the array.  The removal of the 

olefin metathesis experimental data leads to an LDA plot (Figure 5.22) with a decrease 

in the clustering of the analyte classes, with a jack-knife analysis of 88.9%, supporting 

the importance of this data for discriminatory capabilities.  This importance of the olefin 

metathesis experimental data seen for the obtained LDA plots is in slight contradiction to 

the conclusions obtained for the PCA plots discussed in Figures 5.18A and 5.19.  

However, ultimately, good discrimination is achieved for both PCA and LDA with the 

inclusion of the olefin metathesis experimental data. 
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Figure 5.21: LDA plot and loading plot discriminating adipocyte extracts.  Data 
collected from a 96 well plate reader with the parameters: λex 485 ± 10 nm, 
λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 20 
nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates, and λex 380 ± 
10 nm, λem 485 ± 10 nm, and a top 400 mirror for 1,8-ANS plates, λex 360 ± 
20 nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA scrambled 
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fluorophore plates, λex 360 ± 20 nm, λem 528 ± 10 nm, and a top 400 mirror 
for DNSA scrambled fluorophore FRET plates, and λex 485 ± 10 nm, λem 
528 ± 10 nm, and a top 510 mirror for scrambled fluorophore plates.  The 
array components consisted of BSA (100 µM), HSA (100 µM) NBD-FA (15 
µM), DNSA (15 µM), 1,8-ANS (15 µM), adipocyte extract (60 µL of 4-fold 
dilution solution), and scrambled adipocyte extract (60 µL of a 4-fold 
dilution) in 10 mM phosphate buffer, H2O, pH 7.00, 0.02% NaN3, with < 
2% THF, jack-knife analysis 100%.  A) LDA plot.  B) Corresponding 
loading plot.  

Figure 5.22: LDA plot discriminating adipocyte extracts without olefin metathesis 
experimental data.  Data collected from a 96 well plate reader with the 
parameters: λex 485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for 
NBD-FA plates, λex 360 ± 20 nm, λem 485 ± 10 nm, and a top 400 mirror for 
DNSA plates, and λex 380 ± 10 nm, λem 485 ± 10 nm, and a top 400 mirror 
for 1,8-ANS plates.  The array components consisted of BSA (100 µM), 
HSA (100 µM) NBD-FA (15 µM), DNSA (15 µM), 1,8-ANS (15 µM), and 
adipocyte extract (60 µL of 4-fold dilution solution) in 10 mM phosphate 
buffer, H2O, pH 7.00, 0.02% NaN3, with < 2% THF, jack-knife analysis 
88.9%. 
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5.7 CONCLUSIONS 

In summary, serum albumin-indicator arrays were employed to differentiate 

glyceride molecules.  Through various experiments, the serums albumins – BSA and 

HSA and the indictors – NBD-FA, DNSA, and 1,8-ANS were found to have significant 

contributions in the discrimination of these analytes.  Further differentiation of these 

analytes was achieved in a novel manner with an olefin metathesis reaction, which 

enabled scrambling at the double bonds of unsaturated glycerides with an allyl 

fluorescein indicator.  This sensing ensemble was then successfully employed in the 

differentiation of 23 glyceride molecules.  Adipocyte extracts were tested next, obtaining 

impressive results with multivariate analysis techniques which discriminated samples 

based on both amount of glyceride content and glyceride identity within the extract 

sample. 

5.8 FUTURE WORK 

The research in this project has opened doors to chemistry which may assist in 

improving diagnostic techniques associated with obesity and type 2 diabetes-related 

health issues.  Many experiments are still left in this project.  Some important future 

experiments include studying the reproducibility of these results, improving the olefin 

metathesis reaction fluorescence responses through efficient extraction removal of the 

remaining unscrambled allyl fluorescein indicator, better understanding how the array is 

discriminating samples with tandem mass spec analysis, and testing how diet-induced 

lipolysis inhibition adipocyte extracts react to the sensing ensemble.  In the far future, 

there is interest in conducting experiments which can discriminate adipocyte extracts and 

identify unknown adipocyte extract samples. 
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5.9 ADDITIONAL AND EXPERIMENTAL INFORMATION 

The research presented here was conduced in collaboration with scientists from 

Sanofi Aventis.  Special acknowledgments should be given both to Stefan Petry, who has 

had a large hand in organizing the collaboration and has given important insight into the 

project, and Günter Müller who supplied the adipocyte extracts tested in this research.  A 

common patent between Sanofi Aventis and The University of Texas at Austin is in the 

process of being filed. 

5.9.1 Materials and Methods 

All reagents and solvents were purchased from Sigma Aldrich, unless otherwise 

indicated, and were used as received without purification.  The glyceride analytes were 

purchased by Sanofi Aventis from various manufacturers and the adipocyte extracts were 

prepared in Germany by Günter Müller.  BSA and HSA were purchased fatty acid free. 

Cuvette assays were completed with a PTI fluorimeter with an 814 photomultiplier 

detection system using a 75W xenon short arc lamp. The 96-well plates were analyzed 

using the Biotek Synergy 2 Multi-Mode Microplate Reader.  NMR spectra were taken on 

a 500 mHz Varian NMR, and LCMS results were obtained with an Agilent LCMS. 

XLSTAT 2011 was used for principal component analysis and linear discriminant 

analysis. 

5.9.2 Experimental Information 

A solution of 10 mM phosphate buffer in H2O at pH 7.00 was prepared and 

filtered using a 2:1 molar ratio of Na2HPO4:NaH2PO4 in degassed, deionized water. 

0.02% (m/v) NaN3 was added to the phosphate buffer to limit the growth of microbial 

agents and prevent contamination in the prepared stock solutions.  
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Stock solutions of the indicators NBD-FA, DNSA, and DG-FA were dissolved in 

DMSO and stock solutions of the indicators 1,8-ANS and 2-AC were dissolved in 10 mM 

NaOH.  To study the binding of NBD-FA to serum albumins, cuvette assays were done 

by titrating serum albumin (300 µM BSA or 100 µM HSA in 10 mM phosphate buffer) 

into 30 µM NBD-FA in phosphate buffer with λex 470 nm.  DG-FA binding was also 

investigated by adding BSA (350 µM in buffer) to a solution of 30 µM DG-FA in 

phosphate buffer with λex 340 nm.  This titration was compared to a titration in which 

BSA (350 µM in buffer) was added to a solution of 30 µM DG with λex 350 nm.  Stock 

solutions of the glyceride analytes were prepared in THF with concentrations ranging 

from 8 mM to 30 mM.  To study triglyceride interaction with serum albumin and various 

indicators, indicator uptake experiments were conducted.  In these studies, indicator (500 

µM NBD-FA, 500 µM of DNSA, 500 µM of 1,8-ANS, or 500 µM of 2-AC) was added 

to a sonicated solution of BSA (100 µM)/T6 (90 µM) with λex 470 nm, λex 350 nm, λex 

400 nm, λex 386 nm for the NBD-FA, DNSA, 1,8-ANS, and 2-AC titrations, respectively.  

Diglyceride and monoglyceride interaction with both serum albumin and NBD-FA or 

serum albumin and DNSA, by adding indicator (500 µM NBD-FA or 500 µM DNSA) to 

a sonicated solution of BSA (100 µM)/D6 (90 µM) or BSA (100 µM)/M4 (90 µM) with 

λex 470 nm for the NBD-FA titrations and λex 350 nm for the DNSA titrations.  These 

uptake experiments were compared to titrations of adding indicator (500 µM NBD-FA, 

500 µM DNSA, 500 µM 1,8-ANS, 500 µM 2-AC) into BSA (100 µM). 

Well plate assays were completed using flat-bottom, non-treated, black 

polystyrene, 96-well plates.  For these experiments, the glycerides (and adipocyte 

extracts) were first sonicated with serum albumin before being added to the well plates, 

to aid in the solubility of these analytes.  The parameters utilized for these plates were λex 

485 ± 10 nm, λem 530 ± 12.5 nm, and a top 510 mirror for NBD-FA plates, λex 360 ± 20 
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nm, λem 485 ± 10 nm, and a top 400 mirror for DNSA plates, λex 380 ± 10 nm, λem 485 ± 

10 nm, and a top 400 mirror for 1,8-ANS plates, λex 380 ± 10 nm, λem 440 ± 15 nm, and a 

top 400 mirror for 2-AC plates.  An experiment was conducted with a sensing ensemble 

of the following final concentrations BSA (100 µM), NBD-FA (30 µM), DNSA (30 µM), 

and glyceride (90 µM).  Another experiment involving the use of the sensing ensemble 

with final concentrations of BSA (100 µM), HSA (100 µM), NBD-FA (30 µM), DNSA 

(30 µM), and glyceride (90 µM) was carried out.  Next, DG-FA was added to the sensing 

ensemble with well plates have final concentrations of BSA (100 µM), HSA (100 µM), 

NBD-FA (30 µM), DNSA (30 µM), DG-FA (30 µM), and glyceride (90 µM).  To study 

the limits of detection of the system, well plates were prepared to have final 

concentrations of BSA (50 µM), HSA (50 µM), NBD-FA (7.5 µM), DNSA (7.5 µM), 

and glycerides (45 µM).  Next, two more indicators were added to the array with a 

sensing ensemble of BSA (100 µM), HSA (100 µM), NBD-FA (30 µM), DNSA (30 

µM), 1,8-ANS (30 µM), 2-AC (30 µM), and glycerides (90 µM).  Well plates to test all 

23 glyceride analytes were prepared to have final concentrations of BSA (100 µM), HSA 

(100 µM), NBD-FA (30 µM), DNSA (30 µM), 1,8-ANS (30 µM), and glycerides (90 

µM).  Adipocyte well plates were prepared to have final concentrations of BSA (100 

µM), HSA (100 µM), NBD-FA (30 µM), DNSA (30 µM), 1,8-ANS (30 µM), and 

adipocyte extracts (60 µL of 4mL THF stock solution). 

The olefin metathesis reactions were first investigated in a Schlenck tube with 

monoerucin (0.051 mmols), 5.33 (0.047 mmols), and G2 catalyst (0.00047 mmols) in 

CDCl3, exposed to slight vacuum at 55 ºC over a timeframe of 24 hours.  An NMR was 

taken, however, it proved too difficult to interpret whether metathesis had occurred from 

the spectra taken.  An LCMS (method – positive/negative ES/APCI, UV 200-600 nm; 

Gemini C18, 3.5 micron, 2.1 x 50 mm; 0.7 ml/min, 5-95% acetonitrile in 12 min, 95% 
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acetonitrile 1.5 min hold) confirmed metathesis had occurred with the presence of a m/z 

of 485.2 and 645.2 (M+1 mass of both possible scrambled products). 

Subsequent olefin metathesis reactions were run in a vial (with a volume of 

approximately 2 mL) without the presence of vacuum.  These reactions are detailed in 

Table 5.1.  The second reaction combined monoerucin (0.0148 mmols), 5.33 (0.0134 

mmols), and G2 catalyst (0.000134 mmols) in CHCl3 at 55 ºC for 24 hours.  The third 

reaction combined monoerucin (0.0148 mmols), 5.33 (0.0134 mmols), and G2 catalyst 

(0.000134 mmols) in THF at 50 ºC for 24 hours.  The fourth reaction combined 

monoerucin (0.0121 mmols), 5.33 (0.1818 mmols), and G2 catalyst (0.00018 mmols) in 

DCE at 70 ºC for 2 hours.  The fifth reaction combined monoerucin (0.0121 mmols), 5.33 

(0.1818 mmols), G2 catalyst (0.00024 mmols), and copper (I) iodide (0.00036 mmols) in 

DCE at 75 ºC for 24 hours.  The sixth reaction combined monoerucin (0.0121 mmols), 

5.33 (0.0606 mmols), G2 catalyst (0.0024 mmols), and copper (I) iodide (0.0030 mmols) 

in DCE at 75 ºC for 24 hours.  The seventh reaction combined monoerucin (0.0121 

mmols), 5.33 (0.0242 mmols), G2 catalyst (0.00242 mmols), and copper (I) iodide 

(0.00303 mmols) in CHCl3 at 50 ºC for 2 hours.  The eight reaction combined 

monoerucin (0.0121 mmols), 5.33 (0.0133 mmols), G2 catalyst (0.00242 mmols), and 

copper (I) iodide (0.00364 mmols) in CHCl3 at 50 ºC for 2 hours.  The ninth reaction 

combined monoerucin (0.0121 mmols), 5.33 (0.0242 mmols), and G2 catalyst (0.00242 

mmols) in CHCl3 at 50 ºC for 2 hours.  The first, and fourth through ninth reactions all 

showed a peak in the LCMS (m/z = 485.2 g/mol, M+1) which corresponded to a 

successful metathesis reaction.  The ninth reaction was used as the optimized reaction 

conditions for the metathesis, however, when the rest of the glycerides were exposed to 

this reaction the concentrations of the reaction components were lowered in order to 

conserve starting materials.  The unsaturated glycerides (T1-T5, D1-D5, and M1) were 
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added to a polypropylene deep well plate (total volume capacity of 2 mL) to have final 

concentrations of glyceride (2 mM), 5.33 (2.2 mM), and G2 catalyst (0.4 mM) in CHCl3.  

The plate was then sealed with an adhesive plate cover and placed in an oven set at 50 ºC 

for 2 hours.  The CHCl3 was then allowed to evaporate and the remaining residue was 

dissolved in 1 mL of THF.  This solution was then used to make a serum 

albumin/scrambled glyceride mixture, which was then directly added to a well plate to 

have final concentrations of BSA (100 µM), HSA (100 µM), glyceride (90 µM) and 

either DNSA (15 µM) or buffer.  The scrambled glyceride solutions were also monitored 

by LCMS to determine which glycerides were successfully scrambled.  The LCMS 

results indicated the following glycerides as successfully scrambled as determined by 

presence of a m/z of the scrambled product: T1 (457.2 g/mol), T2 (485.2 g/mol), D3 

(485.2 g/mol), D4 (485.2 g/mol), D5 (443.2 g/mol).  These same scrambling 

experimental parameters were used to scramble the adipocyte extracts, using 0.44 mL of 

the adipocyte extract stock solution in the deep well plate for the scrambling reaction.  

The final concentrations of the scrambled adipocyte extract well plates were BSA (100 

µM), HSA (100 µM), adipocyte extract (60 µL stock solution), and either DNSA (15 

µM) or buffer. 

The adipocyte extracts (in eppendorf vials) were prepared by adding 500 µL of 

EtOAc and 500 µL of saturated NaCl to each extract, shaking the extract for five minutes, 

and then ultracentrifugating each sample for 30 minutes.  The EtOAc layer was then 

removed.   500 µL of EtOAc was then added again to each extract, the extracts were 

shaken for five minutes, and ultracentrifugated for 30 minutes.  The EtOAc layer was 

removed again and combined with the previously collected EtOAc layer.  The EtOAc 

layer was removed via rotary evaporation and each sample was dried over high vacuum 

pressure overnight.  The mass of each sample was recorded and the remaining 
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precipitates were dissolved in 4 mL of THF and stored in the fridge.  These solutions 

were the adipocyte extract stock solutions used in the well plates and metathesis 

experiments. 

NBD-FA Synthesis (following literature procedures in reference 9): To 

synthesize NBD-FA, 0.15 g of sodium methoxide (2.80 mmols) in 15 mL of anhydrous 

methanol was added to a stirring solution of 0.67 g of 12-aminododecanoic acid (3.11 

mmols) in 40 mL of anhydrous methanol.  The solution was heated for five minutes after 

which the solution cleared up.  Then 0.55 g of 7-chloro-4-nitrobenzo-2-oxa-1,3-diazole 

(2.78 mmols) in 40 mL of anhydrous methanol was added to the solution.  The solution 

turned a dark red/brown color within a few minutes.  The reaction was allowed stir 

overnight at room temperature.  After 24 hours, the reaction was quenched with 15 mL of 

1M Methanolic HCl.  The solvent was then removed.  The crude product was dissolved 

in ethyl acetate and then filtered.  The filtrate was adsorbed onto silica and then purified 

with flash chromatography (solvent – 1:1 Toluene: Ethyl acetate).  The pure product was 

dried over high vacuum pressure overnight.  LCMS (ES/APCI) results indicated pure 

product with m/z = 377.2 g/mol (M-1).  Desired product mass = 0.044 g, 1.2% yield.  1H-

NMR (400 MHz, CDCl3, ppm): δ 8.50 (d, 1H, H-Ar), 6.37 (m, 1H, H-N), 6.17 (d, 1H, H-

Ar), 3.48 (dt, 2H, -CH2-NH2), 2.35 (t, 2H, -CH2-COOH), 1.8-1.25 (m, 18H, 9 -CH2).  A 

concentrated stock solution of NBD-FA was prepared in DMSO. 

DG-FA Synthesis: Fmoc Protection (following literature procedures in reference 

15) – To Fmoc protect 12-aminododecanoic acid, 0.499g of 12-aminododecanoic acid 

(2.31 mmol) was added to a beaker with 180 mL of solvent consisting of 1:1 (v/v) of 

THF: 5% Na2CO3.  The solution was stirred with a glass stirring rod which resulted in a 

cloudy solution.  The solution was transferred to a separatory funnel and the two layers 

were allowed to separate.  The organic layer was collected into a round bottom flask and 
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0.669g of fluorenylmethyl chloroformate (2.59 mmol) was added to the flask.  After 

stirring at room temperature for 24 hours, the reaction was acidified with HCl.  Upon 

acidification, the solution became cloudy.  The crude product was extracted three times 

with diethylether.  The ether layers were collected and dried over MgSO4.  The ether was 

removed via rotary evaporation.  A crude solid remained, which was then purified with 

normal phase flash chromatography, using chloroform as a solvent.  The pure product 

was the last compound to elute from the column.  The TLC spot of this compound was 

identified as the product due to the UV activity of the spot indicating the FMOC group 

present and due to the yellow color of the spot after staining with bromocresolgreen 

indicating the presence of a carboxylic acid group.  An LCMS was run in MeOH to 

confirm m/z = 438.4 g/mol (M+1).  0.7242 g of the pure product was obtained, resulting 

in a yield of 79.4%.  Wang Resin Loading (similar to literature procedures in reference 

16) – To load the Fmoc protected 12-aminododecanoic acid onto a wang resin, the Sieber 

method was followed.  0.75g of Wang resin with a substitution of 1.1 mmol/g, 0.7242g of 

Fmoc-12-aminododecanoic acid (1.66 mmol), and 10 mL of DMF were added to a fritted 

peptide synthesis tube and shaken for 15 minutes.  Then 0.22 mL of pyridine (2.74 mmol) 

and 0.24 mL of 2,6-dicholorobenzoylchloride (1.66 mmol) were added to the suspension, 

which was then shaken overnight.  The resin was then washed with DMF, CHCl2, and 

MeOH.  Next, 3 mL of benzoyl chloride and 3 mL of pyridine in 35 mL of 

dicholoroethane was added to the resins to benzoylate any remaining hydroxyl groups on 

the resin.  The resin was shaken for 2 hours and then washed with DMF, CHCl2, and 

MeOH.  The resin was then dried under high vacuum overnight.  To determine the 

loading of the Wang resin, 8.57 mg of dry resin was weighed out.  2 mL of 2% DBU in 

DMF was added.  The solution was shaken for 30 minutes and then diluted to 10 mL with 

CH3CN.  2mL of this solution was then further diluted to 25 mL with CH3CN.  A 
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reference solution was made following the same procedure, however, omitting the 

addition of resin.  The absorbance of both the reference and resin samples were taken and 

the loading was determined from the following equation: Fmoc loading = mmol/g = 

(Abssample-Absreference) x 16.4/ mg of resin.  The loading of the resin was determined to be 

0.778 mmol/g. Dansyl Glycine Coupling (similar to literature procedures in reference 17) 

– To couple dansyl glycine to the Wang resin loaded with the Fmoc protected 12-

aminododecanoic acid, the Fmoc group was first removed by exposure of 0.1741g of 

Fmoc-12-aminododecanoic acid Wang resin (0.136 mmols) to 20% piperidine in DMF 

for 30 minutes.  The resin was washed with DMF, CH2Cl2, and MeOH.  Dansyl glycine 

was then coupled to the amine by adding 0.1671g of dansyl glycine (0.542 mmols), 

0.1022g of HOBt (0.680 mmols), 0.21 mL DIC (1.36 mmols), and 0.23 mL DIPEA (1.36 

mmols) in 10 mL DMF to the deprotected Wang resin.  This solution was shaken for a 

week.  The peptide was cleaved from the resin with 95% TFA, 2.5% H2O, 2.5% 

triisopropylsilane for 1.5 hours.  The TFA filtrate was collected and the TFA was 

removed via rotary evaporation.  HPLC was used to purify the peptide using a prep 

column (a C18 Luna column, 10 micron, 100 Å, 250 x 21.2 mm) with the method 5-95% 

CH3CN with 0.1% TFA over a period of 25 minutes, holding at 95% CH3CN for 10 

minutes.  The pure product, DG-FA, eluted at 16 minutes.  A high resolution mass spec 

identified m/z  = 506.2654 g/mol (M+1).  11.1 mg of the pure product was obtained, 

giving a yield of 16.1%.  1H-NMR (400 MHz, CDCl3, ppm): δ 8.57 (dt, 1H, H-Ar), 8.24 

(t, 2H, H-Ar), 7.59 (t, 1H, H-Ar), 7.52 (t, 1H, H-Ar), 7.20 (d, 1H, H-Ar), 6.26 (t, 1H, -

NH-CH2-CO), 5.69 (t, 1H, -CO-NH-CH2), 3.50 (d, 2H, -NH-CH2-CO-NH), 3.07 (q, 2H, -

CO-NH2-CH2-CH2), 2.87 (s, 6H, -N-(CH3)2), 2.33 (t, 2H, -CH2-CH2-COOH), 1.30-1.23 

(m, 18H, -CH2).  13C-NMR (400 MHz, CDCl3, ppm): 167.84, 152.28, 133.12, 131.17, 

130.26, 129.92, 129.37, 128.92, 128.68, 123.19, 117.99, 115.38, 109.98, 45.94, 45.37, 
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40.89, 39.47, 33.63, 29.06, 28.96, 28.88, 28.78, 28.70, 28.59, 26.42, 24.60.  A 

concentrated stock solution of DG-FA was prepared in DMSO. 

Synthesis of 5.33 (following literature procedures in references 21 and 22): To 

synthesize MA5-241, fluorescein disodium salt was first prepared by dissolving 2g of 

fluorescein (6.02 mmols) and 0.48g of sodium hydroxide (12.00 mmols) in 25 mL of 

water.  The water was then removed to give fluorescein disodium salt.  Next 2.2510 g of 

fluorescein disodium salt (6.77 mmols) was dissolved in 100 mL water.  60 mL of 

acetone with 1.33 mL of allyl bromide (15.24 mmols) was added to the fluorescein 

solution.  This solution was refluxed for two hours, after which a small amount of red oil 

formed at the bottom of the flask.  The supernatant was poured into 100 mL of water.  A 

cloudy orange solution formed.  Dilute sodium hydroxide was added to the solution until 

precipitate formed.  The precipitate was then removed via filtration.  The red oil in the 

flask was dissolved in acetone and then added to 100 mL of water.  Dilute sodium 

hydroxide was added to this solution until precipitate formed.  This precipitate was 

filtered off and combined with the previously collected precipitate.  The combined 

precipitates were then recrystallized in carbon tetrachloride.  Next, the precipitate was 

dissolved in 15 mL of acetone.  This solution was brought to a reflux and then 8 mL of 

1.25 M sodium hydroxide was added.  The reaction was allowed to reflux for 12 minutes.  

The reaction was cooled and then added to 50 mL of water.  The solution was acidified 

with concentrated HCl.  The solution was allowed to cool to promote precipitation.  The 

precipitate was then filtered off and dissolved in a small amount of ethanol.  Water was 

added to this solution, which then became cloudy.  The pure product was then extracted 

with dicholoromethane.  The dichloromethane layers were combined and the solvent was 

removed.  The pure product was dried over high vacuum pressure overnight.  LCMS 

(ES/APCI) results indicated pure product with m/z = 373.2 g/mol (M+1).  The melting 
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point for the pure product was 199-200 ªC (literature value of 205 ºC).  Desired product 

mass = 0.2157 g, 8.6% yield.  1H-NMR (400 MHz, CDCl3, ppm) δ 8.00 (dt, 1H, H-Ar-

COOH), 7.65 (td, 1H, H-Ar-COOH), 7.60 (td, 1H, H-Ar-COOH), 7.15 (dt, 1H, H-Ar-

COOH), 6.76 (d, 1H, H-Ar), 6.71 (d, 1H, H-Ar), 6.67-6.50 (m, 6H, H-Ar), 6.02 (m, 1H, -

CH2-CH=CH2), 5.40 (dq, 1H, geminal cis –CH2-CH=CH2), 5.30 (dq, 1H, geminal trans –

CH2-CH=CH2), 4.55 (dt, 2H, -CH2-CH=CH2). 

5.34 Synthesis:  To synthesize 5.34, 20 mg of monoerucin (0.0484 mmols), 20 

mg of 5.33 (0.0540 mmols, and 10.2 mg of G2 catalyst (0.0120 mmols) were dissolved in 

approximately 8 mL of CHCl3 and heated at 50 ºC for two hours.  The reaction was 

extracted twice with water.  The CHCl3 layers were collected and the solvent was then 

removed via rotary evaporation.  The remaining residue was dissolved in about 1 mL of 

CH3CN.  The sample was then directly used for HPLC purification in order to isolate the 

pure scrambled product (5.34).  The method used for purification was 5-95% CH3CN 

with 0.1% TFA for 25 minutes, holding at 95% for 15 minutes, using a C18 Luna 

column, 10 micron, 100 Å, 250 x 21.2 mm.  The product 5.34 eluted at 36 minutes.  The 

pure product was dried over high vacuum pressure overnight.  LCMS (ES/APCI) results 

indicated pure product with m/z = 485.2 g/mol (M+1).  A high resolution mass spec 

identified m/z  = 485.23218 g/mol (M+1).  Desired product mass = 3.6 mg, 1.5% yield.  
1H-NMR (400 MHz, CDCl3) δ 8.01 (dt, 1H, H-Ar-COOH), 7.46 (td, 1H, H-Ar-COOH), 

7.61 (td, 1H, H-Ar-COOH), 7.15 (dt, 1H, H-Ar-COOH), 6.76 (dd, 2H, H-Ar), 6.68-6.60 

(m, 3H, H-Ar), 6.55 (dd, 1H, H-Ar), 5.82 (dt, 1H, J = 15.6 Hz, 6.6 Hz, -O-CH2-CH=CH), 

5.66 (dtt, 1H, J = 15.2 Hz, 6.2 Hz, 1.6 Hz, -O-CH2-CH=CH-CH2), 4.49 (d, 2H, -O-CH2-

CH=CH), 4.10 (q, 2H, -CH=CH-CH2-CH2), 2.35-1.98 (m, 12H, -CH2), 0.86 (t, 3H, -CH2-

CH3). 13C-NMR (400 MHz, CDCl3, ppm): 152.53, 152.38, 136.55, 134.87, 133.45, 

129.67, 129.50, 129.04, 125.21, 124.13, 123.86, 112.48, 103.04, 101.76, 101.57, 69.20, 



 296 

60.42, 32.31, 31.84, 29.40, 29.23, 29.16, 26.70, 26.68, 26.58, 25.92, 25.85, 22.64, 21.04, 

14.17, 14.09. 
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5.9.3 Supplemental Figures 

 

 

Figure 5.23: NBD-FA uptake and DNSA uptake with T6/BSA, D6/BSA, and M4/BSA.  
DNSA uptake with T6/BSA, D6/BSA, and M4/BSA.  A) Addition of NBD-
FA (0-250 µM) to solutions of BSA (100 µM)/T6 (90 µM), BSA (100 
µM)/D6 (90 µM), BSA (100 µM)/M4 (90 µM), BSA (100 µM), and buffer 
in 10 mM phosphate buffer, H2O, pH 7.00, 0.2% NaN3, λex 470 nm, λem 540 
nm.  B) Addition of DNSA (0-250 µM) to solutions of BSA (100 µM)/T6 
(90 µM), BSA (100 µM)/D6 (90 µM), BSA (100 µM)/M4 (90 µM), BSA 
(100 µM), and buffer in 10 mM phosphate buffer, H2O, pH 7.00, 0.2% 
NaN3, λex 350 nm, λem 470 nm. 

0

100000

200000

300000

400000

500000

0 50 100 150 200 250 300

Fl
uo

re
sc

en
ce

 In
te

ns
ity


NBD-FA Concentration (µM)

BSA/T6
BSA/D6
BSA/M4
BSA
Buffer

0

200000

400000

600000

800000

1000000

1200000

0 50 100 150 200 250 300

Fl
uo

re
sc

en
ce

 In
te

ns
ity


DNSA Concentration (µM)

BSA/T6
BSA/D6
BSA/M4
BSA
Buffer

A) 

B) 



 298 

Figure 5.24: A binding fit for the binding of DG to BSA.  A) Fluorescence change upon 
the addition of BSA (0-70 µM) to a solution of DG (30 µM) in 10 mM 
phosphate buffer, H2O, pH 7.00, 0.2% NaN3, λex 350 nm.  B)  1:2 (BSA:DG) 
binding fit for the change in fluorescence at 484 nm for the data presented in 
Figure 5.24A; the program hyperquad was used to fit the binding isotherm 
finding a Ka of (9.8±0.1) x 105 M-1 for the first binding event and a Ka of 
(2.4±0.01) x 105 M-1 for the second binding event. 

 

A) 

B) 
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Figure 5.25: LCMS Results for Successful Olefin Metathesis with T1, T2, D3, D4, and 
D5.  A) T1 olefin metathesis forming 5.36, with a m/z of 457.2 g/mol 
(M+1.)  B) T2 olefin metathesis forming 5.34, with a m/z of 485.2 g/mol 
(M+1.)  C) D3 olefin metathesis forming 5.34, with a m/z of 485.2 g/mol 
(M+1.)  D) D4 olefin metathesis forming 5.34, with a m/z of 485.2 g/mol 
(M+1.)  E) D5 olefin metathesis forming 5.35, with a m/z of 443.2 g/mol 
(M+1.) 
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Appendix A:  A Detailed Look at the Computations Used in Principal 
Component Analysis 

A.1 INTRODUCTION 

Principal component analysis (PCA) is a statistical analysis tool which is used to 

reduce the dimensionality of a data set and find the greatest variance between the data, 

allowing analytes with subtle differences to be discriminated.  PCA has found great 

utility across many areas of natural and social sciences.  In differential sensing, PCA is 

commonly used to discriminate analytes tested with an array of cross-reactive sensors.  

The following information in this appendix details how the mathematical equations and 

computations used in PCA produce a plot from raw data.  This is done using actual raw 

data collected to work through these equations, arriving at the calculated principal 

component scores. 

A.2 PRESENTATION OF RAW DATA SET AND THE CORRESPONDING COVARIANCE    
(n-1) PRINCIPAL COMPONENT FACTOR SCORES AND PCA PLOT 

The following fluorescence data was produced by an array containing three 

variables (BSA-PRODAN, HSA-PRODAN, and RSA-PRODAN) and five terpene 

analytes (linalool, geraniol, nerol, citronellol, and α-terpineol).  Though typically five to 

eight repetitions in an array are generally carried out for statistical analysis computations, 

here only three repetitions are presented in order to make the mathematics more 

appropriate for example purposes.  Below are the raw data (normalized fluorescence 

intensity) which was imported into XLSTAT 2011 and the corresponding PCA plot 

which was obtained through this statistical analysis program. 
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Sample Sample Identity BSA HSA RSA 
n1 Linalool 0.2448 0.2553 0.1567 
n2 Linalool 0.2414 0.2369 0.1398 
n3 Linalool 0.2465 0.2597 0.1852 
n4 Geraniol 0.5364 0.9005 0.7930 
n5 Geraniol 0.5938 0.9186 0.8298 
n6 Geraniol 0.5663 0.9403 0.8106 
n7 Nerol 0.8321 0.6933 0.7816 
n8 Nerol 0.6508 0.5949 0.8710 
n9 Nerol 0.8027 0.5856 0.7488 
n10 Citronellol 0.5987 1.1022 0.8636 
n11 Citronellol 0.6402 1.1103 0.8717 
n12 Citronellol 0.6889 1.1305 0.7995 
n13 α-Terpineol 0.2643 0.4772 0.3240 
n14 α-Terpineol 0.3350 0.4244 0.3756 
n15 α-Terpineol 0.3291 0.4807 0.3011 

Table A.1: Raw data for PCA computations.  Data was collected by 96 well plate reader 
with the parameters: λex 360 ± 10 , λem 525 ± 10 nm, and a top 400 mirror.  
Data represents normalized fluorescent measurments for an array consisting 
of BSA (20 µM), HSA (40 µM), RSA (90 µM), PRODAN (2 µM), and 
terpene (1 mM). 

Below are the final principal component factor scores which were calculated from 

the raw data.  The F1 and F2 values in this table are the scores which are plotted to form 

the PCA plot, shown in Figure A.1. 
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Figure A.1: PCA of preliminary terpene differentiation results.  PCA plot obtained using 
XLSTAT.  Data collected by a 96 well plate reader with λex filter of 360 ± 
10 nm and λem filter of 525 ± 10 nm, using a top 400 mirror.  The plot shows 
data for BSA (20 µM), HSA (40 µM), RSA (90 µM), PRODAN (2 µM), 
and terpene (1 mM). 

 

 

 

 

 

 

 

 

 

 

 

 

-0.4

-0.2

0

0.2

0.4

-0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6

F2
 (9

.0
8%

)

F1 (89.51%)

Observations (axes F1 and F2: 98.59%)

L

G

N

C

T



 306 

Sample Sample Identity F1 F2 F3 
n1 Linalool -0.656 0.018 -0.017 
n2 Linalool -0.680 0.013 -0.022 
n3 Linalool -0.634 0.011 0.000 
n4 Geraniol 0.292 0.072 0.057 
n5 Geraniol 0.350 0.035 0.041 
n6 Geraniol 0.341 0.074 0.038 
n7 Nerol 0.264 -0.262 -0.080 
n8 Nerol 0.183 -0.237 0.129 
n9 Nerol 0.160 -0.306 -0.052 
n10 Citronellol 0.495 0.147 0.007 
n11 Citronellol 0.522 0.123 -0.016 
n12 Citronellol 0.509 0.127 -0.104 
n13 α-Terpineol -0.395 0.106 0.023 
n14 α-Terpineol -0.369 0.007 0.030 
n15 α-Terpineol -0.381 0.072 -0.035 

Table A.2: PCA factor scores.  Principal component factor scores calculated for the raw 
data in Table A.1 using covariance (n-1) PCA. 

In the following sections, N refers to the number of analytes, including 

repetitions, analyzed with the array and ni refers to the data for one repetition in the data 

set (i.e., the raw data from BSA, HSA, and RSA for one repetition.)  The notation nj 

refers to the collective data from one variable in the data set (i.e., the complete set of data 

from either BSA, HSA, or RSA.)  And nji refers to the specific value for one variable for 

one repetition.  In these examples, xi represents the data from BSA, yi represents the data 

from HSA, and zi represents the data from RSA (these variables, x, y, and z are 

generically termed as nj). 

A.3 EQUATIONS AND MATHEMATICAL STEPS USED FOR PCA COMPUTATIONS 

To begin the PCA calculations, the equation for standard deviation (s) is 

presented. 
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    (Eq. A.1) 

 

Variance can be computed from the standard deviation and is equal to the 

standard deviation squared. 

 

      (Eq. A.2) 

 

The equation for variance can be rewritten as follows. 

 

    (Eq. A.3) 

 

    (Eq. A.4) 

Covariance, which looks very similar in its equation to variance, measures the 

variance between two dimensions. 

  

   (Eq. A.5) 

 

The following steps are followed to compute the principal component scores for a 

multidimensional data set. 

1. Find the mean value for the data obtained with each variable. 

2. Find the sample-mean sample value for each sample. 

3. Find the  values for the data set. 
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4. Find the summation of each  class. 

5. Find the covariance for each sample pair in the data set. 

6. Find the covariance matrix. 

7. Find the eigenvalues of the covariance matrix. 

8. Find the eigenvectors of the covariance matrix. 

9. Find the principal component scores with the eigenvectors obtained. 

A.4 RUN-THROUGH EXAMPLE 

The following pages explain each of these presented steps by using the data set 

given earlier as an example for computing the calculations in each step. 

A.4.1 Find the Mean Value for the Data Obtained with Each Variable 

The  can be calculated from the raw data. 

 
   

0.50474 0.67403 0.59014 

Table A.3: Step one results. The mean values calculated from the raw data. 
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n j
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A.4.2 Find the Sample-Mean Sample Value for Each Sample 

The  can be computed from the  value found in step one. 

 

   
-0.260 -0.419 -0.433 
-0.263 -0.437 -0.450 
-0.258 -0.414 -0.405 
0.032 0.226 0.203 
0.089 0.245 0.240 
0.062 0.266 0.220 
0.327 0.019 0.191 
0.146 -0.079 0.281 
0.298 -0.088 0.159 
0.094 0.428 0.273 
0.135 0.436 0.282 
0.184 0.456 0.209 

-0.240 -0.197 -0.266 
-0.170 -0.250 -0.215 
-0.176 -0.193 -0.289 

Table A.4: Step two results.  The sample mean values calculated from the mean values 
in Table A.3. 
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A.4.3 Find the  Values for the Data Set 

Using the values found in step two,  can be found. 

 
      

0.068 0.109 0.113 0.175 0.181 0.188 
0.069 0.115 0.119 0.191 0.197 0.203 
0.067 0.107 0.105 0.172 0.168 0.164 
0.001 0.007 0.006 0.051 0.046 0.041 
0.008 0.022 0.021 0.060 0.059 0.057 
0.004 0.016 0.014 0.071 0.059 0.049 
0.107 0.006 0.063 0.000 0.004 0.037 
0.021 -0.012 0.041 0.006 -0.022 0.079 
0.089 -0.026 0.047 0.008 -0.014 0.025 
0.009 0.040 0.026 0.183 0.117 0.075 
0.018 0.059 0.038 0.190 0.123 0.079 
0.034 0.084 0.039 0.208 0.096 0.044 
0.058 0.047 0.064 0.039 0.052 0.071 
0.029 0.042 0.036 0.062 0.054 0.046 
0.031 0.034 0.051 0.037 0.056 0.084 

Table A.5: Step three results.  The  values calculated from the 

 values in Table A.4. 
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A.4.4 Find the Summation of Each  Class 

The summations of the products found in step three give . 

 

 

 

   

1.455 1.174 1.241 

Table A.6: Step four results.  The  values calculated from the 

summation of all the  values in Table A.5. 

A.4.5 Find the Covariance for Each Sample Pair in the Data Set 

Hence, using the covariance equation shown earlier  can be calculated. 

 
   

0.044 0.047 0.056 

 
   

0.104 0.084 0.089 

Table A.7: Step five results.  The  values calculated from the 

values in Table A.6 with Eq. A.5. 

A.4.6 Find the Covariance Matrix 

The covariance matrix in this example consists of a 3 x 3 matrix of the covariance 

values presented above.  Note that covariance of two samples remains the same, 
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regardless of which sample is being considered first in the covariance equation (i.e., 

). 

 

  (Eq. A.6) 

 

     

A.4.7 Calculate Eigenvalues from the Covariance Matrix 

To find the coefficient for the discriminant functions, the eigenvectors of C must 

be found, which can be determined from the eigenvalues for the matrix represented by C.  

The eigenvalues, λ, of a 3 x3 matrix can be found with the instructions below. 

 

     (Eq. A.7) 

 

 

This determinant gives a third degree polynomial for which three values of λ can 

be found.  Calculating through and solving for λ, there are three eigenvalues for C: 

 

 

Cov(x, y) =Cov(y, x)

C =

Cov(x, x) Cov(x, y) Cov(x, z)

Cov(y, x) Cov(y, y) Cov(y.z)
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#
#
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&
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a!! b c

d e!! f

g h i!!

where a through i are coefficients of the matrix and ! are the eigenvalues of the matrix

det = a!!( ) e!!( ) i!!( )! fh( ) a!!( )! bd( ) i!!( )+ bfg( )+ cdh( )+ cg( ) e!!( )

!
1
= 0.212 !

2
= 0.021 !

3
= 0.003



 313 

A.4.8 Calculate the Eigenvectors from the Eigenvalues Obtained 

The corresponding eigenvectors can be found by solving the following equation 

for x, y, and z. 

    (Eq. A.8) 

 
The eigenvectors for the matrix C are :
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A.4.9 Use Eigenvectors to Find Principal Component Scores 

Once the eigenvectors , , and  are found, the principal component scores 

, , and  can be calculated for each sample  using the following equation. 

     (Eq. A.9) 

     

 

So for every sample  in this given example, there will be an , , and  

calculated discriminant value.  To obtain the PCA plot, the two principal components 

with the greatest data variances are plotted against each other.  In this example, a plot of 

 versus  is created resulting in the obtained PCA plot. 
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Thus, the principal component score for sample n1 will have the vector (-0.656, 

0.018) in the PCA plot. 

Forexample :

e
1
=
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A.5 PCA COMPUTATIONS FOR PEARSON PCA PLOTS 

The previous example was carried out for a covariance (n-1) PCA.  Another 

common type of PCA plot is a Pearson PCA, which normalizes the data during the 

calculation process.  This type of PCA is particularly useful for raw data which contain 

large magnitudes of differences (i.e., absorbance data and fluorescence intensity data.)  

For Pearson PCA, a Pearson correlation is calculated instead of covariance.  The 

following equation is used to calculate correlation, where sx and sy are the standard 

deviation of the x values and the y values, respectively. 

 

 

   (Eq. A.10) 

 

For a Pearson PCA, a correlation matrix is calculated in place of a covariance 

matrix.  The correlation matrix employs the following setup for a three variable system.  

 

 

(Eq. A.11) 

 

 

 

This correlation matrix is used to find the corresponding eigenvalues and 

eigenvectors needed to compute the principal component scores.
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Appendix B:  A Detailed Look at the Computations Used in Linear 
Discriminant Analysis 

B.1 INTRODUCTION 

Linear discriminant analysis (LDA) is a statistical analysis tool which was first 

introduced by R. A. Fisher in 1936.  LDA is a pattern recognition technique used for data 

classification and for assigning new analytes to their appropriate classes (a class 

represents analyte identity for repetitions of an analyte.)  The purpose of LDA is to 

arrange input data into distinguishable clusters which are representative of particular 

sample classes.  This is done by computing linear discriminant functions to maximize the 

separation between classes and to minimize the separation of analytes within classes.  

The result of these mathematical computations is a two-dimensional graphical display 

which presents the input data as clusters of each sample class studied.  LDA is best used 

in cases where a linear relationship between observations and sample class exists. 

B.2 PRESENTATION OF RAW DATA SET AND THE CORRESPONDING DISCRIMINANT 
FUNCTION SCORES AND LDA PLOT 

The following fluorescence data was produced by an array containing three 

variables (BSA-PRODAN, HSA-PRODAN, and RSA-PRODAN) and five terpene 

analytes (linalool, geraniol, nerol, citronellol, and α-terpineol).  Though typically five to 

eight repetitions in an array are generally carried out for statistical analysis computations, 

here only three repetitions are presented in order to make the mathematics more 

appropriate for example purposes.  Below is the raw data (normalized fluorescence 

intensity) which was imported into XLSTAT 2011 and the corresponding LDA plot 

which was obtained through this statistical analysis program. 
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Sample Sample Identity BSA HSA RSA 
n1 Linalool 0.2448 0.2553 0.1567 
n2 Linalool 0.2414 0.2369 0.1398 
n3 Linalool 0.2465 0.2597 0.1852 
n4 Geraniol 0.5364 0.9005 0.7930 
n5 Geraniol 0.5938 0.9186 0.8298 
n6 Geraniol 0.5663 0.9403 0.8106 
n7 Nerol 0.8321 0.6933 0.7816 
n8 Nerol 0.6508 0.5949 0.8710 
n9 Nerol 0.8027 0.5856 0.7488 
n10 Citronellol 0.5987 1.1022 0.8636 
n11 Citronellol 0.6402 1.1103 0.8717 
n12 Citronellol 0.6889 1.1305 0.7995 
n13 α-Terpineol 0.2643 0.4772 0.3240 
n14 α-Terpineol 0.3350 0.4244 0.3756 
n15 α-Terpineol 0.3291 0.4807 0.3011 

Table B.1: Raw data for LDA computations.  Data was collected by 96 well plate reader 
with the parameters: λex 360 ± 10 , λem 525 ± 10 nm, and a top 400 mirror.  
Data represents normalized fluorescent measurments for an array consisting 
of BSA (20 µM), HSA (40 µM), RSA (90 µM), PRODAN (2 µM), and 
terpene (1 mM). 

Below are the final discriminant function scores which were calculated from the 

raw data in Table B.1.  The F1 and F2 values in this table are the scores which are 

plotted to form the LDA plot, shown in Figure B.1. 
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Figure B.1: LDA of preliminary terpene differentiation results.  LDA plot obtained using 
XLSTAT.  Data collected by 96 well plate reader with λex filter of 360 ± 10 
nm and λem filter of 525 ± 10 nm, using a top 400 mirror.  The plot shows 
data for BSA (20 µM), HSA (40 µM), RSA (90 µM), PRODAN (2 µM), 
and terpene (1 mM).  
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Sample Sample Identity F1 F2 F3 
n1 Linalool -22.164 -0.769 0.257 
n2 Linalool -23.009 -0.612 0.331 
n3 Linalool -21.349 -0.427 -0.037 
n4 Geraniol 10.163 -2.209 -0.964 
n5 Geraniol 12.011 -0.993 -0.681 
n6 Geraniol 11.737 -2.384 -0.655 
n7 Nerol 8.286 8.826 1.442 
n8 Nerol 6.656 9.107 -2.047 
n9 Nerol 4.889 10.539 1.000 
n10 Citronellol 16.819 -5.136 -0.164 
n11 Citronellol 17.590 -4.403 0.233 
n12 Citronellol 16.703 -5.032 1.704 
n13 α-Terpineol -13.095 -3.628 -0.446 
n14 α-Terpineol -12.270 -0.098 -0.521 
n15 α-Terpineol -12.967 -2.778 0.547 

Table B.2: LDA factor scores.  The table shows the values from the three linear 
discriminant functions calculated from the data shown in Table B.1.  
Function F1 represents 90.06% of the data variance, function F2 represent 
9.86% of the data variance, and function F3 represents 0.08% of the data 
variance.  Functions F1 and F2 are used to construct the LDA plot because 
they contain the greatest data variance. 

B.3 EQUATIONS AND MATHEMATICAL STEPS USED FOR LDA COMPUTATIONS 

The math behind the linear discriminant functions involves the use of matrix 

mathematics, which becomes progressively more complex as the number of sample 

classes, sample replicates, and discriminating variables increases.  Additionally, it is 

known that software programs can tweak the LDA equations used within their programs 

to find linear discriminant functions which present the data in a more desirable manner.  

Due to proprietary reasons, these software programs are not required to publish the exact 
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equations used in the linear discriminant function calculations.  Thus, the generally 

accepted equations for linear discriminant function calculations are presented here. 

First, the variables which will be used in the subsequent equations must be 

defined and are listed below. 

 

 

The following steps are followed to compute the discriminant function scores for 

a multidimensional data set. 

1. Calculate the sample mean vector for each sample class. 

2. Calculate the sample covariance matrix for each sample class 

3. Calculate the total covariance matrix. 

4. Calculated the within group variation and between groups variation 

5. Calculated eigenvalues, eigenvectors, and unit scale eigenvectors. 

6. Use eigenvectors to find discriminant values. 

B.4 RUN-THROUGH EXAMPLE 

The following pages explain each of these presented steps by using the data set 

given earlier as an example for computing the calculations in each step. 

! 

Variables to define :

k = number of sample classes

xi = sample mean vector for sample class i

Si = sample covariance matrix for sample class i

ni = number trials (repetitions) for sample class i

x = sample mean vector over entire data set

Sp = total covariance matrix for entire data set

W = within groups variation for data set

B = between groups variation for data set
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B.4.1 Calculate the Sample Mean Vector for Each Sample Class 

To begin computations of the linear discriminant functions, the sample mean 

vector for each sample class within the data set must be calculated.  This can be done by 

calculating  with Eq. B.1. 

   (Eq. B.1)

 

 

B.4.2 Calculate the Sample Covariance Matrix for Each Sample Class 

Next, the sample covariance matrix for each sample class within the data set, , 

can be determined with Eq. B.2, where T is the transpose of the matrix. 
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T   (Eq. B.2)  

 

Note: a transpose operator transforms all columns into rows and all rows into 

columns. 
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B.4.3 Calculate the Total Covariance Matrix 

Then, the total covariance matrix is calculated by finding  with Eq. B.3. 

    (Eq. B.3) 
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Next, the sample mean vector over the entire data set, , is calculated with Eq. 

B.4. 

    (Eq. B.4) 

 

 

B.4.4 Calculate the Within Groups Variation and Between Groups Variation 

The within groups variation for the data set is defined as , found by Eq. B.5 

below. 

    (Eq. B.5) 
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The between groups variation for the data set is defined as , and is calculated 

with Eq. B.6. 

  (Eq. B.6) 
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The eigenvalues, λ, of a 3 x 3 matrix can be found with Eq. B.7. 

 

     (Eq. B.7) 

 

 

This determinant gives a third degree polynomial for which three values of λ can 

be found.  Calculating through and solving for λ, there are three eigenvalues for W-1B: 

 

!
1
= 335.00 !

2
= 36.66 !

3
= 0.30  

 

The corresponding eigenvectors can be found by solving Eq. B.8 for x, y, and z. 

W
!1
B

x

y

z

"

#

$
$
$

%

&

'
'
'
= !

x

y

z

"

#

$
$
$

%

&

'
'
'

    (Eq. B.8) 

 

For example :

W
!1
B =

!5535.2 !5525.6 !5565.2

!5525.6 !5453.5 !5505.4

!5565.2 !5505.4 !5479.3

"

#

$
$
$

%

&

'
'
'
1.0837

W
!1
B =

!5998.5 !5988.1 !6031.0

!5988.1 !5909.9 !5966.2

!6031.0 !5966.2 !5938.0

"

#

$
$
$

%

&

'
'
'

det

a!! b c

d e!! f

g h i!!

where a through i are coefficients of the matrix and ! are the eigenvalues of the matrix

det = a!!( ) e!!( ) i!!( )! fh( ) a!!( )! bd( ) i!!( )+ bfg( )+ cdh( )+ cg( ) e!!( )
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The eigenvectors for the matrix W
!1
B are as follow :

x
1

y
1

z
1

=

3.029

6.761

7.823

"

#

$
$
$

%

&

'
'
'

x
2

y
2

z
2

=

6.260

!8.165

4.695

"

#

$
$
$

%

&

'
'
'

x
3

y
3

z
3

=

!3.464

!1.475

3.690

"

#

$
$
$

%

&

'
'
'

 

B.4.6 Use Eigenvectors to Find Discriminant Values 

Once the eigenvectors , , and  are found, the factor scores , , and 

 can be calculated for each sample  using Eq. B.9. 

     (Eq. B.9) 

     

So for every sample , there will be an , , and  calculated discriminant 

value.  To obtain the LDA plot, the two discriminating components with the greatest 

differentiation in data are plotted against each other.  In this example, a plot of  versus 

 is created resulting in the obtained LDA plot. 
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