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ABSTRACT

Chemometrics represents an extremely effective data analysis tool. Through its
judicious application, information that would otherwise be obscured within a data set
can be discovered. This dissertation investigates the development of novel
chemometric algorithms for accommodating the presence of uncalibrated spectral
components. It will also discuss building models for both the classification of edible

oils as well as predicting the peroxide value of those edible oils.

Adaptive Regression via Subspace Elimination, ARSE, is demonstrated to be
able to effectively handle the presences of uncalibrated chemical components within
the prediction set. This is demonstrated first with a model system consisting of
Gaussian “model spectra”. It is then expand to two different artificial data sets based
upon actual pure component spectra. Across all the data sets a maximum of 4.2x

improvement in prediction compared to just PLS is observed.

Also shown within this dissertation is the ability to build models to accurately
predict the type of edible oil as well as the peroxide value. The classification models
demonstrate an overall 92.75% accuracy. The error for predicting peroxide value
depends on both the type of spectroscopy used as well as the composition of the data
set. The prediction error varies from 3.60 to 8.72 on the same data set for Near IR and

Raman spectroscopy, respectively.
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Chapter 1

INTRODUCTION

1.1 Motivation

The field of chemometrics has been extensively studied and utilized for data
analysis. Chemometrics utilizes patterns and relations in chemical data that may or
may not be visible upon a simple visible inspection of the data. Chemometrics is
employed in pharmaceuticals(1-10), the agricultural industry(11-19) and the
technology sector(20-24) to help analyze a wide varieties of samples. This dissertation
focuses on the development of a novel algorithm for chemometric modeling in the

presence of uncalibrated chemical interferents.

Chemometric models are only as good as the data that is used to construct
them. If a model is introduced to a sample that contains a chemical component not
present in the calibration set that was used to construct that model the prediction will
likely fail. There are three broad categories of approaches to account for an
uncalibrated chemical intereferent. One can construct a model that contains all
possible future chemical components. This is doable with very predictable systems but
can quickly become if not impossible at least impractical with complicated systems.
The next approach would be to construct a new model every time an additional
chemical component is introduced into the system. This approach will work, however
it requires extensive wet lab time for every new model, which is extremely costly and

time consuming. Finally, the original model can be reduced, through some variable



elimination scheme, such that the variables contaminated by the uncalibrated chemical
component are no longer present. This approach is purely data preprocessing, and
therefore requires no additional spectra be collected. This final approach is the basis
on which the novel algorithm Adaptive Regression via Subspace Elimination was

developed, which will be a primary focus of this dissertation.

This dissertation also investigates the collection and analysis of various edible
oil samples. Edible oils, e.g. Olive oil, Vegetable oil, Canola Oil, etc. have been the
subject of numerous research papers (25-35). Two of the primary points of interest
within the literature are the ability to differentiate different types of edible oils and
determining the peroxide value of the edible oils. The identity of the edible oils is of
interest due to fraud, primarily the dilution of Extra Virgin Olive Oil with lesser
quality oils. The peroxide value is an indication of the rancidity of the oil, therefore a
rapid determination of peroxide value via spectroscopy is a hotly researched topic(36-
47).Within this dissertation techniques for building models to predict both type of oil
as well as peroxide value will be discussed, with an addition study comparing the

ability of various types of spectroscopy to accurately predict peroxide value.

1.2 Multivariate Calibration

The term chemometrics was first used by Svante Wold in a grant application in
1971(48).Since then several very detailed explanations of multivariate calibration have
been developed (49-56), and a brief overview is presented here. Multivariate
calibration involves relating an independent variable, such as concentration, to a set of
dependent variables, such as a spectrum. This relationship is described by Equation 1-

1 below.



y=Xb+e (1-1)
where y represents a vector of independent variables, X represents a matrix of

dependent variables, b represents the regression vector and e represents the error.

The crucial portion of any multivariate calibration approach is the regression
vector, this vector represents the mathematical relationship between your independent
and dependent variables. Calculating the regression vector requires calculating an
inverse for the X matrix such that Equation 1-2 below can be reached.

b=X"y (1-2)
where X* represents the pseudoinverse of the X matrix. Once the regression vector has
been calculated it can then be applied to new unknown samples, as seen in equation 1-
3, to obtain an estimate of the property of interest.

Yunk = Xunicb (1-3)
where Xunk represents the dependent variable of a new unknown sample and yunk

represents the estimate of that samples independent variable.

The major difference between all multivariate modelling approaches is the
determination of the pseudoinverse of X. Multiple Linear Regression (MLR) requires
eliminating enough variables such that there are more samples than variables, then a
traditional inverse can be taken(57, 58). Partial least squares (PLS) and Principal
component regression (PCR) require determining the number of latent variables or
principal components to retain respectively (59-61). In Tikhonov Regularization, also
known as Ridge Regression (RR), the appropriate weighting factor must be
determined to stabilize the inverse (62). PLS is the approach that is used within this

dissertation and therefore will be discussed in more detail



Partial least squares was first introduced by Herman Wold in 1979(63) and has
been heavily used in the chemometrics community (64-73). Table 1 below shows the

basic breakdown of Wold’s PLS algorithm (59).

Table 1: Wold’s PLS Algorithm

1) Initialize: y, = y; x, = x;9, =0

2) Fork=1topdo:
2.1) wy = cov(Yy—1Xk-1)
22) Zk = W,t(xk_l
(Yk-12k)
2.3) 1 = [—C"’C’myjzzg)zk ] Z,
28) Y =P+ 1y
25) Y = Y1 — T

cov(ZyXxy—1)

2.6) xpc = X1 = [0y 2k
2.7) if ave(xkx,) = 0 then exit
3) End For

Step 1 in the above Table serves to initialize the algorithm, where Xo is the dependent
variable, yo represents the independent variable, y,represents the model. Step 2.1
computes the covariance wk between yk-1and Xk-1 and then wk is then used to form a
linear combination of the x residuals in step 2.2. Then the y residuals are regressed
against this linear combination in step 2.3. The results of this regression are then
added to the model in step 2.4. Steps 2.5 and 2.6 represent creating the next set of y
and x residuals respectively to be used for the next pass through the loop. Step 2.7 is a
check to see if the residual of the x matrix has reached zero, once this happens this
step terminates the algorithm. The algorithm will stop after k steps, where k is equal to
the rank of the covariance matrix of xx' (59). Once the algorithm has run its course it is

up to the investigator to choose the best model.




1.3 Spectroscopy

1.3.1 Raman Spectroscopy

Raman spectroscopy is based around the principle of the inelastic scattering of
light that was first purposed by Adolf Smekal in 1923(74). However it was first
observed by Sir C.VV. Raman in February 1928, and C.VV. Raman was award the Nobel
Prize in physics in 1930 for his experimental observation (75). Raman was further
developed into a spectroscopy technique by George Placzek, a Czechoslovakian —

physicist, between 1930 and 1934(76).

Raman spectroscopy allows for the probing of the vibrational modes of a
sample. This is accomplished by illuminating a sample with a monochromatic light
source, typically a laser, which temporarily elevates the molecule to a higher virtual
energy state. If the molecule then relaxes to the same initial energy state this is called
Rayleigh scatter. Rayleigh scattering must be filtered out due to its uninformative
nature and the fact that it is several orders of magnitude more intense than the useful
Raman scattering (77). If the molecule relaxes to a higher energy state than it was
originally at this is referred to as Stokes Raman scattering, and if the molecule relaxes
to a lower energy level than the original it is referred to as anti-Stokes Raman

scattering. This can be seen visually in the Jablonski diagram below.
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Figure 1: Raman Scattering Jablonski Diagram(78)

Raman Spectroscopy relies on the ability of a molecule to have a change in
polarizability. This change in polarizability is an effect of the absorbed light causing a
vibrational change with the molecule that may or may not produce a Raman active
band. For example in carbon disulphide, the symmetric stretch is Raman active
because it results in a shift in the polarizability, however that same stretch is not
Infrared active because there is no change in the dipole moment. Conversely the
asymmetric and bend of carbon disulphide are Infrared active due to change in the
dipole by Raman inactive due to no change in the polarizability. This rule of mutual

exclusion, i.e. within symmetric molecules no normal modes can be both Raman and



IR active (77), is what leads to Raman and Infrared spectroscopies being considered

complimentary approaches.

1.3.2 Near and Mid Infrared Spectroscopy

Infrared radiation (IR) was discovered by Sir William Herschel a British
Astronomer in 1800, through its effect on a thermometer (79). Mid-infrared
Spectroscopy, or Mid-IR, encompasses the portion of the electromagnetic spectrum
from approximately 4000 to 400 cm™. Near Infrared spectroscopy or NIR
encompasses the region of the electromagnetic spectrum from 14000 to 4000 cm™.
Due to this wide difference in the energy ranges covered by the two techniques they

excite significantly different processes with a molecule.

Mid-IR spectroscopy is used to study the fundamental vibrations of a
molecule, allowing for an understanding of the rotational-vibration structure of a
molecule complementary of that of Raman spectroscopy. Mid-IR spectroscopy is
accomplished by either sweeping the Mid-IR range of infrared wavelengths one at a
time across the sample or passing the entire Mid-IR range at once over a sample and
using a Fourier transform to obtain the spectrum. With either approach, when a
molecule is hit with the appropriate wavelength to excite a change in the molecule’s
dipole moment radiation with that wavelength will be absorbed; and a dip or peak will
be observed in the transmission or absorption spectrum respectively. Mid-IR is most
commonly used for the identification of organic compounds(80-84); however, in
recent years it has also been applied to a wide range of samples including paintings

and other art objects(85-87) semiconductors(20-24), and food products(88-94).



NIR absorption, unlike Mid-IR, is a result of overtones and combination bands
of those fundamental vibrations observed in the Mid-IR region. The first overtone
bands occurs when a molecule is excited from vibrational mode v=0to v = 2.
Subsequent overtone bands can occur but the probability isn’t high for a first overtone
excitation and is even lower for higher order overtones. Despite the slight difference in
what is being measured NIR spectra are collected in a similar manner to that of Mid-

IR spectra, just within a different wavelength range and a change of detector.

However, NIR bands resulting from overtones and combination bands are
typically 10 to 100 times weaker than those in the Mid-IR region (95). NIR bands are
also significantly more broad than those in the Mid-IR region (95) leading to the
technique being much less popular than Mid-IR, until the widespread use of
multivariate analysis lead to an increase in its usage. NIR also has some major
advantages over MIR: Water is nearly transparent in the NIR, allowing for much
easier sample prep in most cases and glass and quartz are transparent in the NIR,
allowing for much easier sampling. Also the quantum yield of the NIR detectors is

much better than those used in IR, resulting in much less noise than in MIR.

1.4 Overview of Dissertation

This dissertation will have two primary focuses, chemometric method
development and spectroscopy. Chapter 2 is focused on the development of a novel
algorithm allowing for prediction in the presence of uncalibrated chemical
constituents. Chapter 3 focuses on the collection of two separate data sets of edible oil
spectra. Chapter 4 focuses on the analysis of these two data sets. The first data set

collected at the University of Delaware that will be used for both classification



modeling, determining the type of edible oil, as well as building models to predict the
peroxide value of the edible oils. Whereas the second data set, collected at Lawrence
Livermore National Lab, will be used not only for building models predicting the
peroxide value of edible oils, but also to compare the effectiveness of different
spectroscopic techniques in building those models. Finally Chapter 5provides a

conclusion as well as ideas for future directions.



Chapter 2

ADAPTIVE REGRESSION VIA SUB SPACE ELIMINATION

2.1 Introduction

Multivariate calibration models are a widely accepted means of quantitatively
determining analyte properties, such as pH, oxidation state, and, most commonly,
concentration (96, 97). In spectroscopy, calibration models are developed from of a set
of observed spectra with known reference values. These observed spectra describe the
calibration space, the set of all instrumental, environmental, and chemical effects
captured by the spectra. These calibration spectra and associated reference values
often require extensive laboratory time and expense to collect. Due to this time and
expense, many methods for updating an existing model to predict future spectra with

uncalibrated interferents have been developed (98-106).

Calibration maintenance studies have been the subject of review
articles (107). These methods typically fall into two broad categories: robust model
building and model updating (108-117). The goal of any robust modeling approach is
to construct the calibration set such that it spans all possible future chemical,
environment, and instrumental intereferents that may appear in future samples. This
proves impractical in the majority of situations for two reasons. First it is extremely
difficult to predict all the possible interferents that may appear in future samples.

Second, even if one could predict all the possible future interferents one then must

10



build their calibration set containing all interferents in a sufficiently robust
experimental design. The size of such a calibration set could quickly expand well past

a practical size.

The other broad category of calibration maintenance is to update the
calibration set. This can be accomplished by collecting or creating a large number of
new samples containing the uncalibrated intereferent and augmenting the original
calibration set or collecting a few samples and weighting those appropriately when
augmenting the calibration set. These approaches have been well reviewed in literature

but suffer the drawback of requiring references values for those new samples (107).

Additionally, both strategies suffer from an expanding ‘interferent space.’
Including more interferents in the experimental design decreases the net analyte signal
(NAS). From the standpoint of NAS, an optimal experimental design would include
only the interferents present in a future sample. Decreasing the NAS degrades the
noise handling properties of the multivariate model. When the NAS becomes

sufficiently small, the ability to reliably estimate properties of future samples is lost.

The goal of this new calibration maintenance process, Adaptive Regression via
Subspace Elimination (ARSE), is not to update a calibration set but rather eliminate
the contribution of the uncalibrated interferent. By determining the set of variables in
the test spectrum that have a contribution from the uncalibrated interferent, those
variables can be eliminated, and the original calibration set, minus the contaminated

variables, can be reanalyzed to construct a new calibration model. Effectively, ARSE

11



is trading bias for an increase in variance. The variables most biased by the
uncalibrated interferent are identified and eliminated. The remaining subset of
variables, consequently, has diminished capacity to average the effects of random

errors.

2.2 Mathematics and the Approach

The ARSE algorithm is based on the assumption that any uncalibrated
interferent will contaminate a subset of the variables in a future sample. For instance,
if Sc represents the multivariate space described by the variables in the calibration set,
then a future contaminated sample, xt, can be described as the set of variables that lie
within S, Xfa, and the set of variables that would lie with in Sc if not for the

contribution of the uncalibrated interferent (Ul), x, as seen in equation 2-1.

Xf=Xfq ©Sc+ (xXpp & Sc +UI (2-1)
This then becomes a combinatorics problem. If for example, the calibration set
is described by 40 variables and a new sample has an uncalibrated interferent
contaminating 30 of those variables, there consists one 10-variable subspace that is not
contaminated by the interferent out of 8*108 possible 10-variable subspaces. Not only
is this computationally impractical for an exhaustive search but it is also dependent on

knowing exactly how many contaminated variables are present.
However, in many spectroscopic applications, observed interferent spectra

have contributions at (most) all spectroscopically informative wavelengths in the

calibration model. That is to say, the probability of finding a range of wavelengths that

12



are uncontaminated is low. For this reason, methods like secured-PCR (118) have not

seen much practical utility.

To overcome the problems of a large search space with too few
uncontaminated variables, ARSE was performed following transformation of all
spectra into the wavelet domain. As described in reference 118, this is a frequency and
phase transformation that preserves all the information contained within the spectra
(119). This transform significantly increases the number of variables unique to our
analyte of interest with respect to the uncalibrated interferent. (Figure 2) ARSE was
then performed on a finite number of random subsets of variables. This allowed the
computational issues to be avoided while also evaluating the usefulness of each

variable in combination with many different variables.
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Figure 2: Ratio of analyte of interest pure component to uncalibrated

interferent pure component in both wavelength and wavelet space

The goal of ARSE is determine those variables that are described by the
calibration set and have predictive ability while having minimal contribution from the
uncalibrated interferent. The presences of an uncalibrated interferent can be identified
through the projection error,

ProjE = x* (I =V xV')? (2-2)
In Equation 2-2, x represents a future, possibly contaminated, sample with m
variables. , | represents an m x m identity matrix and V represent the eigenvectors of
the calibration space. The projection error for any k-variable subspace of the
calibration space can be equivalently determined by selecting any k of the m variables

of x. The identity matrix becomes k x k, and the eigenvector matrix, V, must be

14



recalculated from just the k variables in the calibration set. This distance outside of
the calibration space is then a measure of the contamination within each set of k

variables.

The net predictive ability of a k-variable subspace is determined by calculating

the prediction error for a set of k variables

PredE = /Z(YT‘W (2-3)

where y represent the calibration reference values, y “represent the PLS calculated
estimate of the reference values and n represents the number of samples in the
calibration set. A separate multivariate model is generated for each unique subspace
analogous to moving window partial least squares regression (120) except the set of

variables employed is not contiguous — and is in the wavelet domain.

After many k-variable subspaces are analyzed, the average projection and
prediction errors can be calculated for each variable based on the observed projection
and prediction errors of subspaces when each variable is employed. This then gives a
measure of how contaminated each variable is by an uncalibrated interferent and how
informative each variable is with respect to determining the analyte of interest in the

calibration space.

After a large set of potential subspaces have been analyzed, the average
projection and prediction errors are used to establish the best subset of variable to use
to predict the sample containing the uncalibrated interferent. This is accomplished by

rank ordering these two errors and then examining the union of those two ordered sets.
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The union of the two sets can be expanded until the desired number of samples are
present, i.e. both errors may need to be expanded until the best performing 30
variables, by each metric, are present before the union of the two sets contains five
variables. Once the desired number of variables are present in the union, those
variables can be selected to build a model and predict the possibly contaminated test

sample. The algorithm in its entirety can be seen below in Figure 3.

| Calibration set spectra | | Prediction set spectrum

|—»| Preprocess II I

Discrete Wavelet Transform
(DWT)

! !

l—{ Pick random subset of variables |

Project unknown sample into
calibration space and obtain
residuals

Calculate calibration error |7

Rank order variables by both
projection and prediction error
]
Expand the union of these two
sets until the desired number
of variables is retained

Repeat for preset
number of iterations

Generate PLS Model and
Obtain Prediction Value

Figure 3: Diagram of the ARSE algorithm

This approach can then be repeated for each sample in the set of samples with
uncalibrated interferent. By doing each uncalibrated sample independently the

calibration model can be rebuilt to fit the needs of each specific sample. This allows
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the algorithm to compensate for a set of samples that may have different interferents in

different samples.
2.3 Experimental

2.3.1 Software
Programs for new methods were written in Matlab 8.4 (The Mathworks,
Natick, MA). PLS programs were used from the PLS toolbox version 7.95

(Eigenvector Research, Inc., Manson, WA).
2.3.2 Data Sets

2.3.2.1 DataSetl

Synthetic mixture spectra were made from pure component spectra obtained
from the EPA Vapor-Phase IR Library. The pure component spectra were measured at
4 cm? resolution from 450 to 4000 cm™. The pure component spectra (Figure 4) were
then used to create 40 calibration samples containing three species and 25 test samples
containing the original three calibration species plus an uncalibrated interferent.
Concentrations were randomly determined values between 0 and 1 and the
concentration of the uncalibrated interferent in the test samples was entirely

independent of the concentration of the analyte of interest.
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Figure 4: Pure component spectra for Data Set 1

2.3.2.2 Data Set 2

Synthetic mixture spectra using pure component UV-VIS spectra were
measured in-house on a HP 8452a UV-VIS with 2 nm resolution from 190 to 820 nm.
The pure components (figure 5) consist of three dyes, Eosin Y, green food coloring
(Blue 1 and Yellow 5) and Rhodamine B, for the calibration set, where Eosin Y was
treated as the analyte of interest. The test set consisted of two dyes, Methyl Red and
Quinaldine Red, to act as different uncalibrated interferents. These were then used to
create a calibration set containing 60 samples and two different 40 sample test sets
with each test set containing one of the uncalibrated interferents. As with the previous

set, concentrations were randomly distributed values from 0 to 1, U(0,1), and the
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concentration of the uncalibrated intereferents were independent of those of the

analyte of interest and also followed a U(0,1) distribution.
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Figure 5: Pure component spectra for Data Set 2

2.4 Data preprocessing and algorithm parameters

All spectra were wavelet transformed using a symlet 8 wavelet to potentially
increase the number of variables that are unique to the calibration set. All spectra and
corresponding reference values were mean centered before any PLS model was built.
The algorithm was allowed to run for 1 million iterations while selecting k = 6 random
variables for each iteration. The ProjE (Eq. 2-2) and PredE (Eq. 2-3) were calculated

for the 6-variable subspace. Preliminary results show that these parameters work well,
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but may not be optimized for general use nor optimal for any particular data set.

Further optimization and validation of the algorithm parameters is an ongoing project.

2.5 Results and Discussion

251 DataSetl

The synthetic IR data are perfectly estimated by a three factor PLS model
when no noise or uncalibrated interferent are present for calibration model
construction in either the wavelength or wavelet space. When estimating
concentrations in the presence of uncalibrated interferents, analysis in the wavelet and
wavelength spaces perform equivalently. In the wavelength space, estimating the
analyte concentration from the 25 spectra containing an uncalibrated interferent
presents a root mean squared error of prediction (RMSEP) of 0.2738 for samples with
a mean nominal concentration of 0.5 (Table 2). These 25 samples have a mean error of
-0.2406 with a standard deviation of 0.1227 based solely on the distribution of added
uncalibrated interferent. In the wavelet space, estimating the analyte concentration
from the 25 spectra containing an uncalibrated interferent presents a RMSEP of
0.2786 for samples with a mean nominal concentration of 0.5 (Table 3). These 25
samples have a mean error of -0.2503 with a standard deviation of 0.1248 based solely
on the distribution of added uncalibrated interferent. The distribution of prediction

errors is shown in Figure 6.

However, application of ARSE performs significantly better on the wavelet

transformed data than on the wavelength-space data. This is due to lack of interferent-
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free variables in the wavelength space. Applying ARSE in the wavelength space does
not improve the RMSEP with either a 6-variable or 12-variable model (Table 2). The
RMSEP converges to the RMSEP without ARSE as more variables are included.

Applying ARSE to the noiseless data reduces the RMSEP by a factor of 5.3 for
both the best 6-variable and best 12-variable ARSE models (Compare rows 2 and 3 to
row 1 in Table 3). The absolute mean error and the standard deviation of observed
errors are also reduced by a factor of 5.3. That is to say, the PLS model is 530% more
biased without ARSE than following application of ARSE. The distribution of errors
following ARSE are virtually identical for the 6-variable and 12-variable ARSE
treatments (Table 3). That the bias shifts from negative to positive is a consequence of
which subspace is kept. This should not be interpreted as an ‘overcorrection’ by
ARSE. It happened that upon selection of variables with minimal uncalibrated
interferent contribution, there was a net greater overlap with positive weighted
variables in the regression vector than negatively weighted variables in the regression

vector when the PLS model was rebuilt within the retained subspace.
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Figure 6: Histogram of errors for noiseless data set

Table 2: Results for Data Set 1 with no noise in wavelength space

Method Mean Error | STD RMSEP
PLS -0.2460 0.1227 |0.2738
ARSE plus PLS 6 variables -1.3785 0.6875 | 1.5342
ARSE plus PLS 12 variables | -0.7455 0.3718 | 0.8298

Table 3: Results for Data Set 1 with no noise in wavelet space

Method Mean Error | STD RMSEP
PLS -0.2503 0.1248 | 0.2786
ARSE plus PLS 6 variables 0.0470 0.0234 | 0.0523
ARSE plus PLS 12 variables | 0.0470 0.0234 | 0.0523
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To further demonstrate the efficacy of this new algorithm, two levels of
normally distributed noise, N (0, 1) were added to the calibration and test data sets.
The noise levels were scaled to be 1 percent and 5 percent of the net spectral intensity
of each variable in the wavelength space. The spectra were then converted from

wavelength space to wavelet space prior to ARSE application.

The addition of 1% and 5% noise does not significantly impact the
performance of the PLS model prior to treatment by ARSE. The RMSEP, mean bias,
and standard deviation of observed biases are all within 0.2% of the values obtained
by PLS analysis of the noiseless data. (Compare Table 4, first row to Table 3, first
row) The errors of analysis are dominated by the bias derived from the uncalibrated

interferent, not the added random spectral noise.
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Figure 8: Histogram of errors for 5% noise data set

Table 4: Results for Data set 1 with noise added in wavelet space

Method | 1 Percent Noise 5 Percent Noise

Mean Error | STD RMSEP | Mean Error | STD RMSEP
PLS -0.2497 0.1247 | 0.2780 | -0.2458 0.1268 | 0.2754
ARSE 0.0448 0.0733 | 0.0846 | 0.0001 0.2028 | 0.1987
plus
PLS 6
variable
ARSE 0.0332 0.0604 | 0.0679 | 0.0111 0.1518 | 0.1491
plus
PLS 12
variable
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A Monte Carlo noise sensitivity analysis highlights the impact of random
errors on the ability of ARSE to determine robust calibration models. With 1%
normally distributed noise, both the 6 variable and 12 variable ARSE models show
improvement of both accuracy (~3x-4x) and precision (~2x) (Table 3, Figure 6). With
5% normally distributed noise the tradeoff between accuracy and precision using
ARSE becomes evident (Figure 8). While a greater than 10x improvement in accuracy
is realized, the precision is degraded substantially. In this example the 12 variable
model yields a better precision without loss of accuracy then the 6 variable model due
to signal averaging because there are at least 12 uncontaminated variables in the
wavelet space. In addition to signal averaging across more variables, where

appropriate, loss in precision can be recovered by averaging replicate samples.

Ultimately the accuracy and precision of ARSE is based on which variables are
selected. Of interest is the effect on variable selection by the noise present. Each test
set sample was replicated 20 times with different realizations of 1% and 5% noise.
Due to similarities in results, only the 1% noise will be discussed. Interestingly,
although each sample was analyzed independently of all other samples, the ARSE
algorithm under corrected samples with low analyte concentration and over corrected
samples with high analyte concentration (Figure 9). Observing the frequency usage of
each variable (Figure 10) in the 12-variable model shows that 5 variables were
employed at least 90 percent of the time and 11 variables where employed at least 50
percent of the time. When the 12 most commonly employed variables for the 5 lowest

concentrations are used to form a model that is applied to all samples, a similar under-
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correction is observed; when the 12 most commonly employed variables for the 5
highest concentration are used to form a model that is applied to all samples, a similar
over-correction is observed. Consequently it is concluded that the under-/over-
correction problem is a function of the variables chosen, and is not intrinsic to the PLS
model or the constructed data. Disaggregating the data shows that the major difference
among the variables selected for the high concentration and low concentration samples
is a simple shift in the variables being chosen, i.e. for high concentration variable 937

is chosen and for the low concentration variable 940 is chosen.

A more accurate and precise model can be realized with a different selection of
variables. From the histogram of employed variables (Figure 9) models were
constructed using the k most frequently selected variables and applied to all the
samples, each with 20 different realizations of noise.(Figure 10) The RMSEP was
determined for the 20 replicates of all 25 samples (from Figure 10) as a function of
number of variables used (Figure 9). Clearly, more accurate and precise models can be
obtained by choosing variables in a manner that is more robust to random noise. Based
on the observed RMSEP for different calibration subspaces in Figure 9, judicious
selection of variables through an improved ARSE algorithm could lead to a further

50% improvement in robustness against uncalibrated interferents.
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2.5.2 Data Set 2

The UV-Vis data set represents a more challenging scenario for ARSE. Not
only are there no analytically useful uncontaminated variables in the wavelength
space, there are few analytically useful, uncontaminated variables in the wavelet
space. When building PLS models across all variables in the presence of Quinaldine
Red, RMSEPs of 0.4872 and 0.4953 in the wavelet and wavelength space,
respectively, were obtained; when in the presence of Methyl Red RMSEPs of 0.1841

and 0.1887 in the wavelet and wavelength space, respectively, were obtained.
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Employing ARSE on the data with Quinaldine Red as the uncalibrated
interferent, a 4.2x improvement is realized for the 6-variable model and 3.8x
improvement is realized for the 12-variable model (Table 5, Figure 11). The ARSE
models also present a 1.9x improvement in model accuracy and 2.4x improvement in
model precision for the 6-variable model and 3.8x improvement in model accuracy
and 4.0x improvement in model precision for the 12-variable model. When examining
the data with Methyl Red as the uncalibrated interferent a slight increase in RMSEP
(1.14x) is observed for the 6-variable model however a 1.8x improvement is observed
for the 12-variable model (Table 6, Figure 12). The accuracy improves for both the 6-
variable and 12-variable model, whereas the precision only improves for the 12-
variable model. This degradation of the precision for the 6-variable model results in

the higher overall prediction error when compared to the PLS model.

As with the IR data, two levels of normally distributed noise, N (0, 1) were
added to the calibration and both test data sets. The noise levels were scaled to be 1
percent and 5 percent of the net spectral intensity of each variable in the wavelength
space. The spectra were then converted from wavelength space to wavelet space prior

to ARSE application.

Again as in the IR data, the addition of noise had no significant effect on the
PLS model. The RMSEP is within 0.1% of the noiseless value for the 1% noise data
set and is exactly the same to 4 decimal places for the 5% noise data set (Compare row
1in Tables 5 and 6, and 7 and 8). The model precision and accuracy also vary by, at

most, 0.1% when comparing the noiseless data to the data sets with additional noise.
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This again demonstrates that the error in the model is inherent to the presence of the

uncalibrated interferent rather than from any additional spectral noise.

Table 5: Data Set 2 with Quinaldine Red as uncalibrated interferent in wavelet space

Method Mean STD RMSEP
PLS -0.3976 0.2852 0.4872
ARSE plus 0.2139 0.1184 0.1184
PLS 6

variable

ARSE plus 0.1039 0.0712 0.1254
PLS 12

variable

Table 6: Data set 2 with Quinaldine Red as uncalibrated interferent in wavelet space
with added noise

Method | 1 Percent Noise 5 Percent Noise

Mean Error | STD RMSEP | Mean Error | STD RMSEP
PLS -0.3969 0.2885 | 0.4869 | -0.3988 0.2834 | 0.4872
ARSE 0.1303 0.2481 | 0.2774 | 1.1586 1.0178 | 1.5337
plus
PLS 6
variable
ARSE 0.9202 0.7289 | 1.1683 | 1.2792 1.1098 | 1.6844
plus
PLS 12
variable

When Quinaldine Red is the uncalibrated interferent, ARSE is able to improve
the RMSEP by a factor of 1.75x for a 6-variable model on the 1% noise data (Table 5).
However, for both the 12-variable model on the 1% noise data and both models on the

5% noise data there is a significant increase in all three factors of merit. This increase
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is due to the inherent difficulty of this data set. The difficulty of the small number of

analytically useful uncontaminated variables in this data set is further complicated by

the introduction of any noise.
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Figure 11: Histogram of prediction errors with Quinaldine Red as uncalibrated
interferent and no noise

Table 7: Data set 2 with Methyl Red as uncalibrated interferent in wavelet space

Method Mean STD RMSEP
PLS -0.1570 0.0973 0.1841
ARSE plus 0.1460 0.1583 0.2139
PLS 6

variable

ARSE plus 0.0685 0.0761 0.1016
PLS 12

variable
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Table 8: Data set 2 with Methyl Red as uncalibrated interferent in wavelet space with

added noise
Method | 1 Percent Noise 5 Percent Noise

Mean Error | STD RMSEP | Mean Error | STD RMSEP
PLS -0.1568 0.0971 | 0.1838 | -0.1596 0.0992 | 0.1873
ARSE 0.0848 0.1055 | 0.1344 | 0.2465 0.2648 | 0.3593
plus
PLS 6
variable
ARSE 0.1917 0.1455 | 0.2396 | 0.2573 0.2703 | 0.3707
plus
PLS 12
variable

Similar to Quinaldine Red, when Methyl Red is the uncalibrated interferent ARSE is
able to improve the RMSEP by a factor of 1.4x for the 6-variable model in the 1%
noise data set (Table 7, 8). Again however for the 12-variable model for the 1% noise
data set and both models for the 5% noise data set there is a significant degradation in

the prediction error, though less than is seen in the case of Quinaldine Red.
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2.6 Conclusions

The results in this chapter show that a solution to the problem of uncalibrated
interferents in future samples exists in the form of determining uncontaminated
variables and then re-building a model with just those variables. This approach is not
without obstacles that must be overcome; first is the creation of variables that are both
analytically relevant to the analyte of interest and uncontaminated by interferents.
Within this chapter that was accomplished via a symlet based wavelet transform.
Future work will focus on analyzing other possible wavelet families as well as wavelet

preprocessing to eliminate irrelevant variables prior to the application of ARSE.
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Once appropriate variables are created, the obstacle becomes selecting those
variables. This work has shown that with an ARSE like algorithm it is possible to
select variables and build a model that improves model accuracy with minimal
increase in model precision. However the selection process must be further modified

to be more robust to the effect of sample to sample variation.
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Chapter 3
EDIBLE OIL DATA COLLECTION

3.1 Introduction

The health benefits of edible oils have caused them to frequently be
recommended for daily consumption. One of the largest health benefits is their ability
to help prevent heart disease (121). This benefit has been linked to the presence of
unsaturated fatty acids in the oils (121). This has led to an increased interest in
determining both the purity and level of unsaturation, or the degree of saturation, of

edible oils.

Determining the purity of an edible oil first relies on being able to accurately
identify an oil. This has been done in the past through various spectroscopic
techniques, including MIR, Raman, and NIR(122-136); however, to our knowledge,
no one has compared classification capabilities of all of these techniques on the same
data set. Another gap in the classification literature is consideration of brand and co-
packer differences. The standard procedure when preforming an edible oils experiment
for classification is to procure samples directly from one source, typically directly
from the distributor, and use aliquots from those samples to make up the data set. One
of the goals of this dissertation is to build classification models using samples
procured from various grocery stores so as to include realistic variation from brand to

brand and supplier to supplier.
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Once the identity of an oil sample is established, the next step is to determine
the degree of saturation, or peroxide value, of the oil. Traditionally the peroxide value
of an oil is determined via the American Oil Chemists Society’s procedure Cd-8b
(137). This method will be discussed in greater detail later in this chapter. Another
goal of this dissertation is to demonstrate the first steps in replacing this involved
chemical procedure with a spectroscopic technique paired with chemometrics to

greatly simplify the determination of the peroxide value.

3.2 Data Set Descriptions and Motivations

Literature has demonstrated that multiple different spectroscopic techniques
are viable for both the classification of edible 0ils(138-144) as well as determining the
peroxide value of a given edible 0il(145-150). However, Raman spectroscopy proves
to be the most popular for classification. This is likely due to the abundance of Raman
active bonds in edible oils as well as easy of data collection with a typical dip probe

Raman set up.

This ease of useful data collection led to the creation of Data Set 1, or the
University of Delaware Data Set. This data set was collected via an Ocean Optics dip
probe instrument detailed in the section below. The goal of this data set was to show
both the classification and quantification power of dip probe Raman combined with
the appropriate chemometric data pretreatment and model building which will be

discussed in Chapter 4.

The goals of Data Set 2, or the Lawrence Livermore National Lab (LLNL)

Data Set, was to compare both the classification and quantification power of various
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spectroscopic techniques. To accomplish this, 100 samples of edible oils were titrated
to determine their respective peroxide values and then were measure using Raman,
NIR at 2 different path lengths, and MIR. The details of this data collection are
described in the remaining sections of this chapter and the results of the comparison

are laid out in Chapter 4.

Both of these data sets consist of edible oils purchased at grocery stores in and
around Newark, DE. The bottles of oils have been stored at room temperature since
they were purchased. The samples vary in purchase date from the summer of 2014 up
to the spring of 2016. All samples were prepared for measurement by first removing
an aliquot and placing it in a 20 mL scintillation vial until the measurement was made.
The samples for Data Set 2 were aliquots removed from bottles in Newark, DE and
then shipped overnight to Lawrence Livermore National Lab( Livermore, CA), where
they were then stored in a room temperature lab until measurements were made.
Peroxide value determination was done as close as possible in time to the
spectroscopic measurements. For Data Set 1, all peroxide value determinations were
done within 24 hours of any Raman collection. For Data Set 2, due to the logistics of
the additional spectroscopic techniques, all data collection was done within a 6-day

window.
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3.3 Spectroscopic Techniques
3.3.1 Raman Spectroscopy

3.3.1.1 Ocean Optics Raman

This data set was collected on an Ocean Optics QE65000 Raman Spectrometer with a
785nm laser. The spectra were collected via a sapphire ball lens immersion probe. The
samples were collected with a 90 second integration time with 2 cm™ spectral
resolution. Shown in the figures below is both the raw Raman data as well as the data
once it has been reduced to the area of interest, then baseline corrected, and finally
normalized to unit area. The spectra were baseline corrected by taking the reduced set
of wavelengths and fitting a second order polynomial to the baseline. This polynomial
was then subtracted from each spectra resulting in a flat baseline for the spectra.
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Figure 13: Raman spectra collected on Ocean Optics Spectrometer before any
preprocessing
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Figure 14: Ocean Optics Raman spectra after it has been baseline corrected,
normalized to unit area and reduced to the area of interest.

3.3.1.2 Lawrence Livermore National Lab Raman

Raman spectra were measured with a Holospec f /1.8i spectrograph (Kaiser
Optical Systems, Ann Arbor, MI) equipped with a liquid nitrogen-cooled charge-
coupled device photodetector (Princeton Instruments Model LN/CCD-1340 BUV,
Trenton, NJ). The 785 nm radiation from a diode laser (Kaiser Optical, Envictus) was
used for excitation, with a maximum output power of 175 mW. A commercially
available filtered fiber-optic Raman probe (Kaiser Optical Systems, Mark Il probe)
and spectrograph (Kaiser Optical Systems, Holospec f /1.8i) were used for all

measurements. Both the spectrograph and Raman probe use holographic gratings and
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filters that result in very high throughput and high spatial resolution with excellent
rejection of scattered laser light. The excitation radiation was delivered to the sample
through a 50 um optical fiber in the probe and focused onto the sample with an
attached Olympus microscope objective lens that has a focal length of 6 mm. The
scattered radiation was collected by the same microscope objective lens via the probe
in at 180-degree geometry and delivered to the spectrograph through a 100 um optical
fiber. No silica background was observed. The Raman spectra were obtained with a
spectral resolution of ~1cm™ over a spectral range of 50-2000cm™.

Similarly to the previous set of Raman spectra, this spectra is presented in both
raw and corrected form. The spectra were treated in the same fashion as the previous
set of Raman spectra; they were reduced to an area of interest, baseline corrected and
then normalized to unit area. Just as before, the spectra were baseline corrected by
fitting a second order polynomial to each spectrum and a subtracting that polynomial
resulting in a flat baseline.

This set of Raman spectra only contains 99 of the 100 samples contained in
this data set. That is a result of sample 8E, a sample of toasted sesame oil, being too
fluorescent to be analyzed via Raman. This sample is still retained for the other

spectroscopic techniques.
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Figure 15: LLNL Raman spectra of 99 samples
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-~ Baseline Corrected and Normalized 785nm Raman Spectra
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Figure 16: LLNL Raman spectra after baseline correction, normalization and reduction
to area of interest.

3.3.2 Mid Infrared Spectroscopy

Mid IR data was collected on a Bruker Vertex 70 FTIR, equipped with a liquid
nitrogen cooled MCT detector. The instrument was set to a 1 mm aperture using a
Pike Technologies flow cell with a 50 um path length. The spectra were collected for
256 scans with a 2 cm™ spectral resolution from 697.15 — 4002.6 2 cm™. Figure 17

below displays the spectra as collected.

43



Mid IR Spectra
3.5 T T T T

N
L8] ()] [#4)
T T T
1 L L

Intensity
-
(4.}

=9
T

o
(4]
T

' |

l5 1 1 | | | 1
4000 3500 3000 2500 2000 1500 1000 500
Wavelength (cm'1)

0

-0

Figure 17: Mid IR spectra of 100 edible oil samples.

3.3.3 Near Infrared Spectroscopy

Both the 24 mm and 8 mm path length NIR data sets were collected at a Imm
aperture size using a room temperature indium gallium arsenide (InGaAs) detector.
The data was collected for 64 scans per sample with a 2 cm™ spectral resolution. The
24mm path length samples were collected from 3797.2 — 15002.8 cm™* and were
collected in triplicate for each sample. The 8mm path length samples were measured
from 3895.5 — 15002.8 cm™ with only one measurement per sample. Below are figures
of the 24 mm and 8 mm path length spectra. The 8mm pathlength spectra exhibited a
small degree of baseline shift and where therefore baseline correct as was previously
described (via a polynomial fit), the spectra displayed below is that baseline correct

spectra.
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Figure 18: 24 mm path length NIR spectra
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Figure 19: 8 mm path length NIR spectra (with baseline correction)

3.4 Peroxide Value Determinations

Peroxide values were determined based on the American Oil Chemists Society
method Cd-8b (137). This method was accomplished via a Mettler Toledo Easy Pro
automatic titrator for the data set collected at the University of Delaware and a Mettler
Toledo T50 automatic titrator for the data collected at Lawrence Livermore National
Lab. Regardless of the titrator used, the procedure is as follows: weigh out
approximately 2g of samples, add 20mL of a 60/40 acetic acid and chloroform
mixture, add 1ml saturated Kl solution, stir and then let stand for 1 minute in the dark,

after 1 minute add 50 mL of H20 and begin the titration using sodium thiosulfate.
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3.5 Peroxide Value and Classification Data Tables

Below in Table 9 are the peroxide value and classification identifier for all the
samples in Data Set 1. As shown in Table 9, the peroxide values for the samples range
from 0.46 milliequivalent/kg to 80.46 milliequivalent/kg. Any value above 10
milliequivalent/kg constitutes a rancid or spoiled oil and a value of 100
milliequivalent/kg can cause food poisoning (151). The data set also consists of 15
different types of oils with the largest percentage being oils which are split into classes
1, 2, and 3 for Extra Virgin, Virgin, and Pure Olive oil, respectively, as laid out in

Table 10.

Similarly, Table 10 below contains the peroxide values and classification
identifiers for the samples in Data Set 2. Table 10 shows that Data Set 2 displays a
much larger range of peroxide values, ranging from 1.52 milliequivalent/kg to 168.40
milliequivalent/kg. This is due to the fact that the Data Set 1 consists primarily of oils
purchased and measured within the same calendar year, whereas Data Set 2 has oils
that are over 4 years old. Data Set 2 contains 19 different types of edible oils, again
with a large percentage of the samples coming from 1 of the 3 Olive Qil categories.

Finally Table 11 identifies each class of oil.
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Table 9: Sample IDs ,Peroxide Values, and Class I1Ds for University of Delaware Data

Set (Data Set 1)
Samp. | Peroxide | Class | Samp. | Peroxide | Class | Samp. | Peroxide | Class
ID Value ID Value ID Value
1 11.2133 |7 19 20.1733 |2 37 12.6567 |1
2 11.4567 | 6 20 32.0067 |1 38 14.8033 | 2
3 40233 |6 21 38.5433 | 3 39 12.5933 | 8
4 12.1200 |1 22 31.2167 |1 40 57.2733 | 8
5 1.0567 |18 23 11.4900 | 8 41 26.5167 |13
6 40833 |1 24 6.0633 | 10 42 80.4567 |7
7 24100 |5 25 12.3367 | 9 43 21.3100 |13
8 1.6767 |1 26 7.8067 |6 44 25.7933 |1
9 52100 |1 27 12.5933 | 8 45 50700 |13
10 0.8300 |13 28 17.3667 | 10 46 32,1700 |19
11 39.2133 |3 29 22.6833 | 10 47 13.4200 | 3
12 10.6450 | 3 30 11.8833 |1 48 10.6367 | 8
13 8.3300 |2 31 10.7367 | 15 49 2.3025 |17
14 10.2967 |1 32 11.7967 | 13 50 6.1167 |3
15 2.7500 |16 33 2.0367 |7 51 12.8033 |1
16 24867 |7 34 2.0233 |13 52 0.5433 |13
17 20.8467 |3 35 47475 |2 53 0.4600 |7
18 10.4367 | 17 36 11,9333 | 1
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Table 10: Sample IDs, Peroxide Value, and Class IDs for Lawrence Livermore

National Lab Data Set (Data Set 2)

Samp. | Peroxide | Class | Samp. | Peroxide | Class | Samp. | Peroxide | Class
ID Value ID Value ID Value

1A 4.2823 8 5D 8.5020 |7 9G 30.0680 | 6
2A 12,1284 |1 6D 25.3629 |7 10G | 125910 |1
3A 27.0728 | 12 7D 14.8180 |1 1H 16.5277 | 8
4A 9.2389 1 8D 22.3575 | 3 2H 11.5350 | 6
5A 4.5023 1 9D 13.0338 |1 3H 1.5240 |19
6A 8.5960 3 10D 12.3427 | 13 4H 25.1979 | 12
7A 88.0056 | 16 1E 14.8593 | 13 5H 1.9079 |7
8A 155798 |2 2E 11.2809 | 18 6H 15326 |8
9A 168.3691 | 1 3E 5.9051 9 7H 5.1241 7
10A | 5.4091 1 4E 3.7311 |1 8H 6.6563 | 15
1B 13.7396 | 2 5E 13.1598 | 2 9H 11.4082 | 3
2B 11.0739 |1 6E 443814 |1 10H |26.9384 |6
3B 13.7396 |1 7E 20.6042 |1 1l 18.3439 | 7
4B 7.7146 1 8E 11.9963 | 15 21 31.0285 | 17
5B 1.5487 15 9E 47.0155 |7 3l 15.8701 | 9
6B 19.6149 |3 10E 26.2818 | 17 41 6.6844 | 13
7B 19.5255 |13 1F 10.8816 |1 51 29771 | 17
8B 37.0341 |3 2F 39.3852 |2 6l 6.2129 |13
9B 103.9495 | 13 3F 119177 |5 71 45,9692 | 12
10B | 17.5244 |3 4F 9.0931 |1 8l 34.2026 | 20
1C 14,1921 |1 5F 58004 |1 9l 55.0535 | 8
2C 4.2071 1 6F 22.8678 |2 101 49.1640 |1
3C 7.0759 3 7F 32.8143 | 10 1] 19.3281 | 6
4C 1.7687 1 8F 16.2763 | 13 2] 11.3021 |8
5C 9.6059 1 9F 22.3206 | 14 3] 11.4322 | 20
6C 4.1524 1 10F 24,9607 |2 4] 16.3954 | 10
7C 10.0417 |1 1G 3.8927 |13 5] 39732 |12
8C 32.2463 | 13 2G 2.2956 |6 6J 225182 | 12
9C 179176 |1 3G 58209 |7 7] 46.9173 | 17
10C | 8.1630 1 4G 15.0724 | 3 8J 18.1342 | 3
1D 36.5767 |8 5G 45513 |5 9J 20.9850 |20
2D 17.3062 |7 6G 17.3479 | 8 10J 10.3424 | 8
3D 18.2620 |7 7G 6.5984 |15

4D 27.6878 |1 8G 18.5038 | 11
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Table 11: Class ldentifiers

Class Number Oil Type Class Number Oil Type
1 Extra Virgin Olive |11 Flaxseed Oil
Oil
2 Extra Light Olive | 12 Almond Oil
Oil
3 Pure Olive QOil 13 Canola Oil
4 Coconut Oil 14 Avocado,
Flaxseed, and
Olive Oil Blend
5 Avocado Oil 15 Sesame QOil
6 Peanut Oil 16 Canola and
Vegetable Oil
Blend
7 Corn Qil 17 Vegetable Oil
8 Grapeseed Oil 18 Canola, Sunflower,
and Soybean Oil
Blend
9 Safflower Qil 19 Sunflower Oil
10 Hazelnut Oil 20 Walnut Oil

3.6 Data Collection Conclusions

Two edible oil spectroscopy data sets were collected along with their
corresponding peroxide value and classification. The results of using both data sets for
the prediction of both peroxide value and class will be discussed in the next chapter.
Additionally the use of Data Set 2 to compare the prediction efficiency of 3 different

spectroscopic approaches will be discussed in the next chapter.
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Chapter 4

EDIBLE OILS DATA ANALYSIS

4.1 Introduction

As previously discussed the freshness and identity of edible oils is of
significant concern in the oil industry. The main cause for loss of freshness is related
to the oxidation of fats within the oil. This oxidation process starts with the creation of
organic peroxides within the oil. These organic peroxides then break down into lower
molecular weight compounds such as alcohols, aldehydes and ketones leading to a
process known as auto-oxidative rancidity (152, 153). The level of these organic
peroxides, or peroxide value (PV), in an oil is traditionally determined via the
accepted American Oil Chemists Society method Cd-8b (137), a titration based

method.

This titration-based method is not only time consuming, but also involves
several organic solvents with varying levels of toxicity. In the interest of moving away
from this method several different analytical approaches for both determining PV as
well as identity of the edible oil have been demonstrated in the literature (145-150).
Analytical techniques, such as chromatography, have demonstrated the ability to
accurately analyze edible oil samples(154-167). However, due to the complex nature
of edible oil samples, chromatography techniques are exceedingly difficult and time
consuming to interpret. This reduces the practicality of using any chromatographic

technique for routine quality assurance or rapid determination of the freshness of an
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edible oil sample. This has been the catalyst for the development of various

spectroscopy methods.

The majority of these spectroscopic approaches focus on the use of either NIR
or MIR (168-174). Raman, though less investigated, has recently shown promise in
both determining both PV and identity of edible oils samples (175-178). Though a
search thorough literature will produce examples of using simply peak heights and
ratio to determine both PV and identity of edible oils (179), the complex nature of the
sample matrix typically necessitates that some kind of chemometric approach be

applied.

The objectives of this chapter are to demonstrate the viability of using Raman
spectroscopy for both determining the peroxide value and identity of edible oil
samples when paired with chemometrics. A second goal is to perform an in-depth
comparison of the most popular types spectroscopy used in edible oil research, NIR,
MIR, and Raman, and their ability to predict both identity and peroxide value on the

same set of edible oil samples.

4.2 Materials and Methods

4.2.1 Data Sets

As detailed in the previous chapter, this study consists of two edible oil data
sets. Data set 1 was a collection of edible oils purchased in the Newark, DE area at
various grocery stores. This data set consists of 53 unique oil samples of varying types

and brands. Each sample was measured in at least triplicate using a 785 nm Ocean
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Optics Raman system. Each sample was then titrated in triplicate using a Mettler

Toledo auto titrator to determine the peroxide value.

Data Set 2 also consists of edible oils purchase in the Newark, DE area. These
samples were then transported to Lawrence Livermore National Lab for data
collection. Spectra of these samples were collected in the NIR and MIR using a Vertex
70 spectrometer and Raman was collected using the setup described in the previous
chapter based around a Holoscpe f/ 1.8i spectrograph. The peroxide value of each was
also determined using a Mettler Toledo M50 autotitrator. For more details about the

specifics of either data set, refer to the previous chapter.

4.2.2 Software

All chemometric analysis was done in MatLab 2014b (The Mathworks, Natick,
MA). The chemometric analysis was done using a combination of author written
software and portions of the PLS toolbox version 8.2 (Eigenvector Research, Inc.,
Manson, WA).The specifics of the chemometric and preprocessing steps will be

detailed within the results and discussion.

4.3 Results and Discussion

4.3.1 DataSetl

4.3.1.1 Classification
Partial Least Squares Discriminant Analysis (PLSDA) was used to create a
model for the predication of edible oil class. For the purpose of this study, Data set 1

was reduced to just those classes that contained 5 or more samples. This resulted in a
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reduced data set that consisted of classes 1, 2, 3, 7, 8, and 13 or Extra Virgin Olive
Oil, Virgin Olive Qil, Pure Olive Qil, Corn Qil, Grapeseed Oil and Canola Qil
respectively. The data was pretreated as was described in the previous chapter. For the
purpose of these models, all three of the olive oils were considered as the same class.
This is due to the fact that despite technical definitions concerning the differences
between different types of oils there is no guarantee that various manufactures and
supplies adhered to the same interpretation of these definitions. Therefore this
combing of classes was to eliminate any unnecessary complexity the modeling that
was outside the research scope, i.e. our goal was not to determine which brands of

Extra Virgin Olive Oil are actually extra virgin.

Once the data set was reduced and preprocessed it was then further broken into
both a calibration set consisting of 78 spectra and a prediction set consisting of 69
spectra. This calibration set was then used to create a 6 factor PLSDA model that was
then applied to the test set. As can be seen in Figure 20 below this resulted in a perfect
prediction for the calibration set and 2 sets of samples, or 5 spectra, misclassified in
the test set. This equates to a 92.75% accuracy for the model overall. If broken down
by class, this model represents 100% correct identification of olive oils with the
presence of two false positives, 100% correct identification of corn oil with the
presence of three false positives, 57.14% correct identification of Grapeseed oil with
three samples being false negatives, and finally 87.5% correct identification of Canola
oil with 2 samples being false negatives. The lack of perfect classification of both
Grapeseed and Canola oils could likely be mitigated by the presence of additional

samples in both classes.

54



This lack of samples within a class was a consistent problem within this data
set. The lack of samples was due to the desire to acquire unique samples, i.e. different
brands of oils. There are simply many more unique brands and sub classes of some
types of oils than others. This is most clearly illustrated by the fact that a full third of
the data set is some variety of olive oil and there is little to no duplication of specific

brand and type combinations.

PLSDA Results
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Figure 20: PLSDA results for Data Set 1, the black line represents the difference
between the calibration set and the test set
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4.3.1.2 Predicting Peroxide Values

Table 12 below shows the results of models built to predict the peroxide values
of samples within Data set 1. Independent models were built with just Extra Virgin
Olive Oil, all types of Olive Qil and all types of oil present in the data set. For the
model built exclusively for Extra Virgin Olive Oil the data set was split into 30 spectra
in the calibration set and 11 spectra in the test set. For all the olive oils the data set was
broken into a 60 spectra calibration set and a 20 spectra test set. Finally for the model
built to encompass all the oils was constructed using 165 spectra for the calibration set

and 56 spectra for the test set.

As can be seen in Table 12 the test set prediction error is 5.57 for the data set
comprised of extra virgin olive oil. This error can be compared to a mean peroxide
value of 14.30 milliequivalent/kg for that portion of the data. The prediction error of
7.32 for all olive oil types can be compared to the mean value of 15.84
milliequivalent/kg for that portion of the data set. Finally, the prediction error of 10.08
for all errors can be compared to the mean value of 14.37 milliequivalent/kg for the
entire data set. While these prediction error are comparable to what has been reported

in literature (174) there is certainly room for improvement.

There is a clear degradation of the model as additional oils are introduced,
shown by the increasing prediction error. This degradation is a result of both the
addition complexity of attempting to model multiple types of oil at once as well as the
increased spread of peroxide values as addition oils are introduced. The Extra Virgin
Olive Oil portion of the data set has a minimum peroxide value of 1.68 and a

maximum of 32.00, the Olive oil portion a minimum of 1.68 and maximum of 39.21
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and the whole data set a minimum of 0.46 and a maximum of 80.47. This increase in
spread of peroxide values coupled with the addition of various other types of oils leads
to increased complexity in the model, which is demonstrated in the increase of latent

variable used in to model the entire data set.

Table 12: PLS Peroxide Value Prediction

Data Set LV |RMSEC | RMSECV | RMSEP
Extra 4 3.67 6.13 5.57
Virgin

Olive Qil

All Olive |4 4.65 7.94 7.32
Oils

All Qils 5 11.39 12.74 10.08

4.3.2 Data Set 2

4.3.2.1 Classification

Classification was attempted on this data set but proved to be unsuccessful. We
were unable to construct models that had better than 50% classification accuracy on
the calibration set. There are multiple possible causes for this, the most likely is a
simple lack of spectra and samples to define a class. With the exception of the 24mm
path length NIR, each sample had a single spectrum taken for any given technique.
Pair this with the fact that other than Extra Virgin Olive Oil, with 27 samples, no oil
type had more than 9 samples. So this lack of data paired with variability in the
samples with in a class (i.e. different brands, supplies, ages, etc.) made an already

difficult chemometrics problem impossible. Of course these problems could be
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remedied with the collection of additional data but unfortunately that is outside the

scope of work for this dissertation.

4.3.2.2 Predicting Peroxide Values

Similarly to Data Set 1, PLS was used to build models to predict peroxide
values however for this data set there were four different spectra for each sample (with
the exception of 1). This data set was collected with the goal of comparing the
suitability of NIR, at two path lengths, MIR and Raman to accurately predict peroxide
value. For all of the sets of spectra, the samples were split into a calibration set
consisting of 60 spectra for Raman, MIR, and NIR with 8 mm path length and 180
spectra for NIR with 24 mm path length, and a test set consisting of the other 40
spectra for Raman, MIR, and NIR with 8mm path length and 120 spectra for NIR with
24mm path length. For more detailed information about the data collection of each

spectral set, please see the previous chapter.

Unlike the previous data set various outliers and further variable selection had
to be done to this data set before prediction models were created. For the all the
spectroscopic techniques those samples with larger than 60 millequivelent/kg were
eliminated for their high leverage within the model. Additional samples were removed
based on a PCA done on each spectroscopic technique after each data set was properly
preprocessed. This resulted in 32 spectra from the NIR 24 mm data set, 11 samples
from the NIR 8mm set, 8 from the Raman set and 12 from the MIR set. Also for the
NIR 24mm data set, the 5200-6000 cm™ was eliminated due to the saturation of the

detector.
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The NIR spectra were collected at two different path lengths to examine the
difference in the information captured by each path length. Though the NIR spectra
were collected from 3895.5 — 15002.8 cm™ and 3797.2 — 15002.8 cm™* for the 8mm
path length and 24 mm path length respectively as discussed in the previous chapter,
the spectra were reduced to 4477 to 11300 cm* for the purposes of this analysis. As
can be seen in the Figure below with the 8 mm path length the peaks at 5792 cm™ and
5679 cm! can be clearly resolved, whereas, in the 24 mm those two peaks combine
and saturate the detector. However, the 8 mm path length spectra sacrifice the detail in
the 4800 to 5200 cm™* and 6200 to 6600 cm™ regions that are clearly evident in the 24

mm path length spectra.
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Figure 21: Comparison between 24mm and 8 mm path length NIR spectra
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As can be seen in Table 13, this difference in NIR path lengths does not
contribute to a significant difference in the prediction error. The 8 mm path length data
set has an RMSEP of 3.93 millequivelent/kg whereas the 24 mm data set has an
RMSEP of 3.60 both compared to an average of 19.61 millequivelent/kg. This lack of
any significant difference in the prediction error indicates that the region from 5600 to
6000 cmt, which represent the first overtone of the C — H stretching (179) from
various functional groups within the edible oils, does not play a crucial role in the
prediction of peroxide value. This instead implies that the smaller peaks are more

crucial for prediction.

The MIR and Raman data sets show comparable RMSEPs to that of the NIR
24mm path length data set. However both MIR and Raman data sets show RMSECV
that are roughly double that of their RMSEC whereas the NIR 24mm path length data
set’s RMSEC and RMSECYV are equivalent. This indicates that there is some
instability within those two models and that, given a different data split, the prediction

could get significantly worse.

Table 13 PLS Peroxide Value Prediction (milliequivelents/kq)

Spectroscopy # Factors RMSEC RMSECV RMSEP
NIR 8mm path 7 3.70 5.37 3.93
length

NIR 24mm path | 6 3.60 3.89 3.65
length

MIR 7 5.87 10.26 6.61
Raman 7 6.83 11.70 8.72
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4.4 Conclusions

441 DataSetl

With this data set the ability to build models both to predict the type of edible
oil as well its peroxide value was demonstrated. The classification models exhibited
nearly perfect classification errors, with only 5 spectra within the 69 spectra test set
being incorrectly classified via PLSDA. This did necessitate the reduction of the data
set to just those classes with 5 or more spectra, however this is reasonable to ensure a
class is adequately described within the calibration set. In the future with additional

data the model could be expanded to include different types of oil.

The models to predict peroxide value showed clear ability to accurately
determine peroxide values with RMSEPs of 5.57, 7.32, and 10.08 milliequivelant/kg
for Extra Virgin Olive Oil, All types of Olive Qil, and All Oils, respectively. The
quality of the prediction dropped as expected when model was expanded to include
additional types of oils. This is due to not only the additional complexity of attempting
to model across numerous types of oils, but also because the range of peroxide values
the model must accurately cover increased as additional highly oxidized oils are
introduced to the model. In the future additional oils, other than Olive oil, with higher
peroxide values, could be introduced to the data set to allow for the creation of a

model that would represent all oils more accurately

4.4.2 Data Set2
Unfortunately, this data set proved ineffective for building models for
classification however, it was extremely effective at building models for predicting

peroxide values. This data set indicates that NIR may be the best spectroscopic
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technique for the prediction of peroxide values, with an RMSEP of 3.93
milliequivelant/kg for the NIR with an 8 mm path length and 3.60 milliequivelant/kg
for the 24 mm path length NIR as compared to 6.61, and 8.72 milliequivelant/kg for
MIR, and Raman respectively. This data set also highlights that there is little gained
from different path lengths in NIR. However, in the future additional studies could be
performed with varying path length for both the NIR and MIR to more thoroughly

determine path length’s effect.
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Chapter 5
CONCLUSIONS

5.1 ARSE Conclusions

This dissertation has demonstrated a novel chemometric algorithm, Adaptive
Regression via Subspace Elimination, or ARSE. This algorithm has shown promise in
its ability to mitigate the contribution of uncalibrated spectral interferents within an
unknown sample. This mitigation is accomplished by determining those variables
within the calibration set that are uncontaminated by contributions from the
uncalibrated spectral interferent.in the new unknown sample and then eliminating
those variables. By this approach, the original calibration data can still be used, saving

time in the lab as well as money.

ARSE is not without its drawbacks, namely variable selection. The crucial
component of ARSE is determining which variables within the calibration set to
retain. One must ensure that the variables are not only uncontaminated but that they
also retain predictive power with regards to the analyte of interest. This first entails
maximizing the number of variables to choose from which is the reason wavelets are
being utilized. Once the number of variables is maximized, the proper subset of
variables must be retained. ARSE has shown great promise in determining which
variables to retain, however future work should be done to further optimize this

process.
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5.2 Edible Oil Conclusions

This dissertation has also demonstrated the successful development of both
classification and calibration models for edible oils. This modeling of edible oils in
novel in two respects, the sampling and the data collection. To the authors’
knowledge, this is the first time edible oil models have been built using such a wide
range of oil types, procured in from such a wide range of sources. By obtaining the
oils from various grocery stores across several different brands our models were able
to incorporate much of the sample to sample variation that is missing in other studies.
This also represent the first time, to the authors knowledge, that various types of
spectroscopy have been applied to the same data set for the purpose of building

models for the prediction of peroxide values.

5.3 Future Directions

5.3.1 ARSE

There is a multitude of ways to expand the applications of ARSE. As
mentioned above, the first step would be additional work to further optimize the
selection process for the retention of variables. Once accomplished, ARSE has the
ability to expand into the realm of classification model, with minor alteration. Ideally,
ARSE could be adapted to correctly classify a samples based on its major component
within a mixture. For example, if a calibration set consists samples of pure Olive oil
and Corn oil while a new sample is Olive Oil mixed with some amount of Sunflower
oil. In this scenario the model would likely fail due to the uncontaminated interferent.
With ARSE, the sample could still be correctly identified as Olive oil, as well as

possible helping identify the interferent based on the variables removed.
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5.3.2 Edible Oils

There are many directions to pursue regarding the edible oil research discussed
within this dissertation. The comparison of different spectroscopic techniques,
discussed in Chapter 4, could be expanded to include any number of other spectral
techniques. Additional an interesting study could be done comparing a wide range of

path lengths both within the NIR and perhaps the MIR.

Additional work could also be done with regards to building models to predict
peroxide values. Though not included in this dissertation, small scale studies of
artificially aging edible oils have been done. These studies could be expanded to
include multiple different oils over a longer time scale. This would allow for the
creation of extensive data sets with a wide range of both oil types as well as peroxide

values.
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Chapter 4 was reprinted with permission from Adaptive Regression via
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of Chemometrics — From Bruce Kowalski to the Future. January 1, 2015, 241-256.

Copyright 2015 American Chemical

83



	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	Chapter 1
	1.1 Motivation
	1.2 Multivariate Calibration
	Table  1: Wold’s PLS Algorithm

	1.3 Spectroscopy
	1.3.1 Raman Spectroscopy
	Figure  1: Raman Scattering Jablonski Diagram(78)

	1.3.2 Near and Mid Infrared Spectroscopy

	1.4 Overview of Dissertation

	Chapter 2
	2.1 Introduction
	2.2 Mathematics and the Approach
	Figure  3: Diagram of the ARSE algorithm

	2.3 Experimental
	2.3.1 Software
	2.3.2 Data Sets
	2.3.2.1 Data Set 1
	Figure  4: Pure component spectra for Data Set 1

	2.3.2.2 Data Set 2
	Figure  5: Pure component spectra for Data Set 2



	2.4 Data preprocessing and algorithm parameters
	2.5 Results and Discussion
	2.5.1 Data Set 1
	Figure  6: Histogram of errors for noiseless data set
	Table  2: Results for Data Set 1 with no noise in wavelength space
	Table  3: Results for Data Set 1 with no noise in wavelet space
	Figure  7: Histogram of errors for 1% noise data set
	Figure  8: Histogram of errors for 5% noise data set

	Table  4: Results for Data set 1 with noise added in wavelet space
	Figure  9: RMSEP as a function of number of variables used. Inset histogram of the percentage of times a variable is chosen
	Figure  10: Predicted vs True Y values for repeated 1% noise samples


	2.5.2 Data Set 2
	Table  5: Data Set 2 with Quinaldine Red as uncalibrated interferent in wavelet space
	Table  6: Data set 2 with Quinaldine Red as uncalibrated interferent in wavelet space with added noise
	Figure  11: Histogram of prediction errors with Quinaldine Red as uncalibrated interferent and no noise

	Table  7: Data set 2 with Methyl Red as uncalibrated interferent in wavelet space
	Table  8: Data set 2 with Methyl Red as uncalibrated interferent in wavelet space with added noise
	Figure  12: Histogram of prediction error with Methyl Red as uncalibrated interferent and no noise



	2.6 Conclusions

	Chapter 3
	3.1 Introduction
	3.2 Data Set Descriptions and Motivations
	3.3 Spectroscopic Techniques
	3.3.1 Raman Spectroscopy
	3.3.1.1 Ocean Optics Raman
	Figure  13: Raman spectra collected on Ocean Optics Spectrometer before any preprocessing
	Figure   14: Ocean Optics Raman spectra after it has been baseline corrected, normalized to unit area and reduced to the area of interest.

	3.3.1.2 Lawrence Livermore National Lab Raman
	Figure  15: LLNL Raman spectra of 99 samples
	Figure  16: LLNL Raman spectra after baseline correction, normalization and reduction to area of interest.


	3.3.2 Mid Infrared Spectroscopy
	Figure  17: Mid IR spectra of 100 edible oil samples.

	3.3.3 Near Infrared Spectroscopy
	Figure  18: 24 mm path length NIR spectra
	Figure  19: 8 mm path length NIR spectra (with baseline correction)


	3.4 Peroxide Value Determinations
	3.5 Peroxide Value and Classification Data Tables
	Table  9: Sample IDs ,Peroxide Values, and Class IDs for University of Delaware Data Set (Data Set 1)
	Table  10: Sample IDs, Peroxide Value, and Class IDs for Lawrence Livermore National Lab Data Set (Data Set 2)
	Table  11: Class Identifiers

	3.6 Data Collection Conclusions

	Chapter 4
	4.1 Introduction
	4.2 Materials and Methods
	4.2.1 Data Sets
	4.2.2 Software

	4.3 Results and Discussion
	4.3.1 Data Set 1
	4.3.1.1 Classification
	Figure   20: PLSDA results for Data Set 1, the black line represents the difference between the calibration set and the test set

	4.3.1.2 Predicting Peroxide Values
	Table  12: PLS Peroxide Value Prediction


	4.3.2 Data Set 2
	4.3.2.1 Classification
	4.3.2.2 Predicting Peroxide Values
	Figure  21: Comparison between 24mm and 8 mm path length NIR spectra
	Table  13 PLS Peroxide Value Prediction (milliequivelents/kq)



	4.4 Conclusions
	4.4.1 Data Set 1
	4.4.2 Data Set 2


	Chapter 5
	5.1 ARSE Conclusions
	5.2 Edible Oil Conclusions
	5.3 Future Directions
	5.3.1 ARSE
	5.3.2 Edible Oils



