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Reports of the application of near infrared (NIR) spectroscopy to analyses of lipid
oxidation in solid foods generally indicate poor performance. To elucidate reasons for this,
effects of sample packing and presentation (off-centered rotation) on NIR analyses were
examined in a sampling system miniaturized to employ amounts of material feasible for research
studies. Packing and presentation conditions affording the best performance in qualitative studies
were utilized in quantitative assays to determine the ability of NIR to monitor lipid oxidation in
model solid food systems by comparison with reference chemical analyses of conjugated dienes,
lipid hydroperoxides, and carbonyl products.
Preliminary investigation indicated constant forming pressure and rotational averaging
during scanning reduced variation among replicate scans of mixtures of up to 15% (w:w) lipid
with white rice flour. Neat pecan or canola oils oxidized at 40°C for up to sixteen weeks and
assayed chemically for conjugated dienes, lipid hydroperoxides and carbonyls were used to
prepare 7.5% (w/w) oil : white rice flour samples for NIR analysis with constant pressure and
rotation. Canola oxidized more readily than pecan oil, reaching apparent maxima for conjugated
dienes and peroxides; however, carbonyls developed only near the end of incubation.

ii

NIR models of oxidation used either the full spectrum (4000 - 10,000 cm-1) or
wavenumber ranges selected by statistical model improvement techniques. Full spectrum models
of conjugated dienes or peroxides for pecan oil samples showed very poor correlations with
chemical analyses; neither was improved by wavenumber selection. Full spectrum models for
canola oil samples were slightly better and improved with wavenumber selection.
Peroxide value model quality rose with sample numbers; the opposite occurred for
conjugated dienes. The best peroxide value models included far fewer wavenumbers than
conjugated diene models, which were more susceptible to interference from various sources.
Results from wavenumber selection appeared pathway dependent, varying with samples used and
pretreatments applied in the initial model. Spectral reproducibility among nominally identical
samples was the primary hindrance to quantitative correlations for conjugated dienes and
peroxide values. Thus, improvements in sample presentation mechanisms and software may
render NIR suitable for quantitative analysis of lipid oxidation in solid food systems.
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1.

INTRODUCTION

Near infrared (NIR) spectroscopy is a rapid analytical technique which if successful can
supplant some traditional chemical assays and the associated time, labor and material costs. It is
environmentally sound as NIR obviates the use of hazardous chemicals. Its speed can expand the
scope of analytical programs at negligible cost, affording certainty of ingredient quality prior to
use in manufacturing. This is particularly advantageous in an increasingly demanding regulatory
environment, ensuring legal compliance and minimizing losses from producing non-salable
goods.
While in theory this technology appears promising, its practical application has often
been limited to simple systems or to analytes present as bulk constituents in more complex ones.
NIR has been used in pharmaceutical analysis, where strict tolerances for the purity and identity
of products provide uniformity advantageous to the application of the technique. It has also been
used in the analysis of agricultural commodities for qualitative identification of origin as well as
quantitative analysis of bulk constituents. Both pharmaceuticals and agricultural commodities are
simpler analytical systems than those of food products, which are nonhomogeneous in nature.
The application of NIR to food systems has met with mixed results depending on the complexity
of the system and the amount of analyte present therein.
Our interest lies in the analysis of lipid oxidation in foods. In addition to the advantages
discussed above, the speed of NIR could greatly benefit the determination of lipid oxidation
products. These analytes pose challenges for traditional chemical assays given their transient and
labile nature, particularly in solid food systems where extractions must be performed without
changing the amount and distribution of lipid oxidation products. Unfortunately, the literature
generally indicates poor performance among NIR analyses of lipid oxidation in solid food
systems. This result reflects the fact that oxidation products are typically present in small
amounts in a complex and nonhomogeneous food matrix.
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To overcome the problem posed by nonhomogeneous systems, NIR practitioners have
adopted averaging techniques in which each spectrum is a composite of spectra acquired from
multiple locations of a sample. Given the number of replicates required to construct a reliable
NIR model, such techniques can demand amounts of sample impractical for a research lab.
While it is possible to reuse samples when quantities are limited, the practice involves physically
disrupting the sample between spectral measurements to generate multiple views of the same
sample. Such approaches are impractical for labile analytes such as lipid oxidation products.
The primary objective of this research was to assess the ability of NIR to monitor lipid
oxidation in solid foods using model systems and to determine the effects of various factors on
the analysis. Each model system included minor amounts (5 – 15% (w/w)) of a fat or oil mixed
with white rice flour. Studies of oxidative degradation were performed by incubating the lipid
constituent alone prior to mixing with flour to obtain the NIR sample. Reference chemical
analyses were thus able to be performed on the lipid component without the complicating effects
of a prior extraction.
Specific objectives of this research included assessing the feasibility of a miniaturized
NIR sampling system to use amounts of sample manageable for a typical research lab and
assessing techniques for sample handling and scanning to minimize sources of spectral variation.
The ability of NIR to discriminate among model systems comprising minor amounts of (a)
different lipids or (b) identical fats or oils at different stages of oxidation were investigated. We
also assessed quantitative NIR assays for three specific markers of lipid oxidation.
The knowledge gained from this research will be particularly useful in rapid assays of
lipid oxidation and more generally for rapid analysis of minor constituents in solid food systems.
If the adverse impact of sample handling and presentation methods, sample nonhomogeneity and
other factors can be identified and corrected, it may be possible to extend the cost-effective, green
benefits of NIR to a much broader range of analytes in solid foods
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2.

BACKGROUND

2.1 NIR Basics
Near Infrared (NIR) spectroscopy has attracted considerable attention since it was first
used in the analysis of agricultural commodities decades ago. Proponents of the technology
assert numerous advantages including rapid sample measurement, often on the scale of seconds to
minutes, minimal to no need for sample preparation, the potential for measurement without
destruction of the sample, and the ability to use inexpensive optical accessories such as glass or
even plastic during measurement (Osborne & Fearn, 1986). The NIR region of the spectrum
spans the wavelength range from 780 to 2500 nm, or in the units commonly employed by
practitioners, the wavenumbers from 4000 to 12,821 cm-1. Nestled between the visible region
(wavelengths lower than 780 nm) and the mid-infrared (mid-IR) (wavelengths above 2500 nm),
the NIR is characterized by signals arising from overtones and combination bands of the
fundamental molecular vibrations which occur in the mid-IR region (Workman & Weyer, 2008).
Unlike the discrete, sharp bands afforded by these fundamental stretching, bending or
deformation vibrations, their overtones and combinations are broad bands with reduced intensity
which typically overlap each other (Osborne & Fearn, 1986). Thus, the NIR was for some time
thought to be lacking as an analytical tool despite the recognition of utility of the mid-IR region.
NIR attracted renewed attention with the advent of modern computing, when
developments in speed and processing power made the use of multivariate statistical analyses to
analyze and extract information from raw spectra a reality. A wide and varied host of such
analyses are encompassed within the discipline known as Chemometrics, which sits at the
interface of analytical chemistry, statistics and computing (Brereton, 2003). Whereas wet
chemical analysis of a sample requires either a technique capable of specifically detecting an
analyte within a sample or a physical separation of the analyte from interferents prior to detection,
Chemometrics offers the potential for mathematical isolation of the signal of an analyte of interest

4
from a complex sample using little or no sample preparation. Early NIR practitioners saw the
potential of Chemometrics to obviate the perceived shortcoming of the broad, overlapping bands
in this region. Moreover, the diminished signal intensity thought to render NIR of secondary
import to mid-IR gave rise to a notable advantage. Given the strong signals of many materials in
the mid-IR, lenses and other optical accessories used for sample presentation to the instrument are
limited to expensive materials such as quartz which afford minimal spectral interferences. A host
of other, more cost-effective accessories become available for use in NIR considering the reduced
intensity of interfering signals from materials such as borosilicate glass and the ability to parse
spectral components with Chemometrics (Osborne & Fearn, 1986).
The union of NIR analysis and Chemometrics holds significant promise for faster,
greener, more cost-effective analyses when properly employed in a sampling program. These
techniques are often used to supplant wet chemical techniques requiring substantially more labor
and time in the preparation and performance of an analysis, as well as the use of consumables
such as hazardous chemicals with their own acquisition and disposal costs. In other cases, the
speed of NIR enables the performance of analyses that were not possible prior to its use, such as
routine and rapid lot testing upon receipt of shipments. These analyses can be used to flag
potentially problematic materials for further assessment by wet chemical techniques. This
minimizes the time, labor, cost, and waste associated with such analyses as they are used only
when necessary. Moreover, with little additional cost companies obtain improved certainty in the
quality of materials to be used in making their products prior to manufacturing. This obviates
losses incurred in using labor, materials and equipment time to produce non-salable goods.
NIR can be applied to determine constituents and/or physical properties of a sample for
qualitative or quantitative purposes. Determinations of constituents have evolved with the
technology. Early adopters used NIR to analyze bulk quantities such as protein, lipid, or moisture
content, while more refined assays for specific compounds have since been added to the growing
body of literature in the field. As a physical technique, NIR has been used in the determination of
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In the analysis of solid systems, particularly those of granules or powders, particle size
effects, packing (pressure) differences and sample thickness give rise to light scattering that
confound spectra (NIRCal 5.4 Software Manual). Scattering increases with the number of
interactions between light and the sample (Naes et al., 2002). This makes FT-NIR of powdered
samples, which have numerous surface interactions, particularly problematic. As a consequence,
single-point measurements of powdered samples are disfavored and averaging the signal acquired
from a large bed of sample with a rotating sample platform is recommended instead (NIRCal 5.4
Software Manual).
Normalization techniques compensate for scattering by acknowledging that this problem
has both additive (baseline-shifting) and multiplicative (intensity dependent) components (Naes et
al., 2002). Standard normal variate (SNV) transformation of a spectrum first involves taking the
mean and standard deviation of intensities at all wavenumbers in the spectrum. Normalization of
each spectrum by SNV is accomplished by subtracting the mean from the intensity at each
wavenumber and then dividing by the standard deviation (Naes et al., 2002). The result
standardizes the baseline of each spectrum and compensates for intensity fluctuations from
scattering, significantly clarifying the basis for comparison of multiple spectra (Figure 1).

2.2.1.2

Smoothing

Smoothing functions are used to remove noise from the signal obtained during scanning
of a spectrum (Brereton, 2003). The simplest of these functions is a moving average, in which
the intensity measured at a given wavelength is averaged with the measurements obtained at the
surrounding wavelengths as shown in Table 1. The intensity of random noise included in any
single measurement is dissipated by distributing the error over the window of wavelengths
included in the moving average (Brereton, 2003).

8

Table 1. Windows for smoothing functions.
Moving Average

Smoothed Intensity at λk

3-Point

Average (λk-1, λk, λk+1)

5-Point

Average (λk-2, λk-1, λk, λk+1, λk+2)

7-Point

Average (λk-3, λk-2, λk-1, λk, λk+1, λk+2, λk+3)

9-Point

Average (λk-4, λk-3, λk-2, λk-1, λk, λk+1, λk+2, λk+3, λk+4)

Unfortunately, as a linear approximation, the moving average method typically
underestimates peak intensity since peaks are better modeled by polynomials (Brereton, 2003).
Also problematic is that polynomial calculations are computationally intensive. To address these
issues, a simplified calculation to approximate polynomials was determined (Savitzky and Golay,
1964). Savitzky-Golay smoothing calculates a set of coefficients based solely upon the order of
the polynomial approximated and the size of the window used for the smoothing operation. The
intensity measured at each wavelength in the smoothing window is multiplied by the
corresponding coefficient, and the smoothed value is simply the sum of these products.
An example of smoothing a spectrum with error from random noise, represented by an
erroneous peak at wavelength 5, is shown in Figure 2. The 5 point moving average function is
only slightly worse than Savitzky-Golay functions at minimizing the error at wavelength 5, but
much worse at modeling the actual peak centered nearby at wavelength 8. In addition to those for
use with original spectra, Savitzky-Golay coefficients have been developed for use with
derivative spectra (Brereton, 2003). A number of conceptually similar window-based smoothing
operations also exist (Brereton, 2003; NIRCal 5.4 Software manual).
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In chemometrics, matrices are used to make the linear transformations described above
(Naes et al., 2002). For a set of samples, the mean centered intensities measured at a given
wavelength represent the variation among the samples along one of the axes in the original
coordinate system. These intensities can be collected in a vector v1. Multiplying v1 with a matrix
M transforms or “maps” v1 into another vector v2:
𝐌𝐌𝐯𝐯𝟏𝟏 = 𝐯𝐯𝟐𝟐

The new vector v2 represents the variation among the samples along a new axis forming
part of the new coordinate system.

4
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Figure 5. Linear transformation applied to a set of samples.
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2.3 Limitations in the Application of NIR to Food Analysis
The examples provided above are both simplified and idealized. In practice, FT-NIR
analyses involve far more wavelengths as well as numerous replicate measurements of each
sample to ensure statistical significance. Small differences in replicate spectra of a sample can
result in variation among the corresponding scores. These differences often arise from random
errors inherent in spectroscopic analyses, but can also arise from the nature of the sample.
Depending on the analyte of interest, the variation among scores of nominally identical
samples may render analysis impossible. When samples differ greatly in comparison to the
variation among replicates, separation of clusters of scores is possible (Figure 8a). When changes
among the samples assayed are similar in magnitude to the variation among replicates, analyses
can fail as shown in Figure 8b where the samples on the left are unable to be resolved.
Most solid foods are inherently heterogeneous. Thus, spectroscopic assay of different
locations in the same solid food sample will result in different spectra due to differences in
composition. Additionally, as a physical technique, FT-NIR is affected by light scattering, which
increases dramatically for granular and powdered solids. These compositional and physical
sources of variation limit the resolving power of FT-NIR analyses of many solid foods. Thus,
while FT-NIR has been used for the assay of bulk constituents of solid foods (Osborne & Fearn,
1986), its use for trace constituents has been problematic (see, e.g. Dellarosa et al., 2015).
A common practice used to minimize variation in granular or powdered solid food
samples is rotational averaging (NIRCal 5.4 Software Manual). This involves rotating a bed of
the sample, often in a petri dish, past the detector as spectra are acquired. The output is a single
average spectrum derived from scans of different points of the sample acquired as it is swept past
the detector. Although rotational averaging helps to reduce variation it typically requires large
amounts of any given sample. This can be prohibitive in a research environment in which many
different samples are systematically investigated and only small quantities are available.
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Figure 9. Overview of techniques for chemometric modeling of spectral data.
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2.5.1.1.1

Poor to Fair Quality NIR Models

Studies in which NIR models of poor to fair quality for peroxide values were found in
neat lipids are shown in Table 2. Each of the four investigations cited used iodometric titration as
the reference assay, whether described in EU regulation EEC/2568/91 (Armenta et al., 2007),
AOAC standard methods from 1990 (Cozzolino et al., 2005) or 1995 (Szabo et al., 2009), or
IUPAC 2.501 (Cayuela Sanchez et al., 2013). Only the study of lard (Szabo et al., 2009)
involved oil samples that were thermally treated according to an accelerated oxidation study.
Thus, the ranges of peroxide values in many of these studies were smaller than those in the
accelerated shelf life studies described below. Moreover, the mean value of peroxides was
typically skewed toward the low end of each range, further indicating the effect that limited
oxidation could have had on these studies.
Each of these studies used partial least squares to model pretreated data from large
spectral ranges. Armenta et al. (2007) used 4599-5450 cm-1 and 7498-11959 cm-1 for both olive
oil and sunflower, seed and maize oil models and 4550-5450 cm-1 and 6100-7500 cm-1 for the
combined model, each of which relied upon first derivative and normalization pretreatments.
Cozzolino et al. (2005) used 4000-9091 cm-1 (1100-2500 nm) with second derivative treatment
and Savitzky-Golay smoothing. Szabo et al. (2009) used 4000-12,500 cm-1 with multiplicative
scatter correction, second derivative and smoothing pretreatments. Cayuela Sanchez et al. (2013)
applied variable selection techniques to choose wavenumber ranges from within an overall range
of 4000-28,571 cm-1 with normalization of absorbance data as the only pretreatment. That group
appeared to have the best validation results based solely upon the RPD value.
Interestingly, two studies (Armenta et al., 2007; Cayuela Sanchez et al., 2013) used
transmittance instruments with increased path lengths than those used in the transflectance
instruments of the others (Cozzolino et al., 2005; Szabo et al., 2009). Thus, both modes of
sample presentation were applied in this group. The number of samples used also ranged from
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moderate (33 in Armenta et al., 2007 and Szabo et al., 2009) to large (245 in Cayuela Sanchez et
al., 2013). Other factors such as extent of oxidation must have adversely affected these results.
It was noteworthy that all but the Armenta et al. (2007) study exhibited fair to poor
linearity among their calibration data sets (r2 in Table 2), which typically indicates assay
condition problems. Cozzolino et al. (2005) stated that operational constraints caused at least a 5
day delay between the NIR and reference analyses, during which time samples were stored in the
dark at room temperature. Changes in peroxide values between assays were thus the likely reason
for the inability to obtain a linear calibration. Szabo et al. (2009) found a calibration r2 of only
0.483 for samples subjected to stability testing. However, that study applied eight frying
temperatures (160-230C) for eight hours per day for up to four days. The authors attributed the
weak correlation to the rapid decomposition of peroxides under their assay conditions. A
dramatic increase in peroxide values was observed after the first eight hours of incubation which
was then followed by a drop almost to initial levels.
Interestingly, Cayuela Sanchez et al. (2013) reported a calibration r2 of only 0.87 using
199 calibration samples, quartz apparatus for sample presentation and computerized variable
selection techniques to optimize wavenumber ranges used in the model. A box and whiskers plot
of the calibration samples indicated approximate values of Q1, Q2 and Q3 were 9, 12, and 26
meq/kg. Thus, although the overall range of peroxide values was moderately large (up to 43.0
meq/kg), the bulk of the samples were in the less oxidized area of the range. The authors noted
that the high monounsaturated to polyunsaturated fatty acid ratio and the natural presence of
strong antioxidants in virgin olive oil afforded high resistance to oxidative degradation. The fair
linearity among calibration samples may indicate issues regarding sensitivity of the technique and
the model may be improved by incorporating samples with higher levels of oxidation.

Table 2. Poor to fair quality NIR models for peroxide values in lipids from the literature.
Reference

Lipid

Number of
Samples

Sample
Presentation

33
(14 Calibration
Olive Oil
10 Validation
9 Prediction)

Transmittance
in 6.5 mm i.d.
36
Sunflower,
Armenta
(15 Calibration Glass Vials in
Seed and
et al., 2007
30 C
12 Validation
Maize Oils
9 Prediction) Thermostatized
Cell Holder
69
(29 Calibration
Combined
22 Validation
18 Prediction)
Transflectance
Oil
160
in 0.1 mm
Cozzolino Byproduct
(80 Calibration Aluminum Back
et al., 2005
of
80 Validation)
Quartz
Fishmeal
Camlock Cell
Transflectance
33 ASL
in 0.1 mm
Szabo
Lard
Treatments of Aluminum Back
et al., 2009
1 Sample
Quartz
Camlock Cell
CayuelaVirgin Olive
Sanchez
Oil
et al., 2013

245
Transmittance
(199
in 5 mm Path
Calibration
Length Quartz
46 Validation)
Cuvettes

Range
(meq / Kg)
2.5 - 17.2
Validation
(Mean 8 SD 3)
Prediction
(Mean 6 SD 2)
1.8 - 7
Validation
(Mean 3.5 SD 0.5)
Prediction
(Mean 3.5 SD 0.8)
1.8 - 17.2
Validation
(Mean 5 SD 2)
Prediction
(Mean 5 SD 3)

Calibration Validation
Model
RMSEC
RMSEP
SEC
SEP
(Factors) (meq / Kg) (meq / Kg) (meq / Kg) (meq / Kg)
r2
r2

RPD

PLS
(7)

0.33

1.87
(1.20)
(RMSEV)

0.997

0.656

1.1
(2.5)
(Val)

PLS
(7)

0.23

0.79
(0.63)
(RMSEV)

0.980

0.500

1.0
(0.8)
(Val)

PLS
(10)

0.94

1.50
(1.20)
(RMSEV)

0.950

Not
Reported

2
(1.7)
(Val)

3.9

0.6

0.16

0.7

0.12 - 16.0
(Mean 5.2 SD 2.8)

PLS
(Not
Reported)

3.56 - 130.0
(Mean 30.9 SD 31.3)

PLS
(1)

22.51

24.05
(SECV)

0.483

Not
Reported

1.3

5.6 - 43.9
Calibration
(Mean 17.0 SD 10.7)
Validation
(Mean 18.7 SD 10.8)

PLS
(Not
Reported)

3.81

3.82

0.87

Not
Reported

2.84
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2.5.1.1.2

Improved Quality NIR Models from ASL Studies

Studies that employed accelerated shelf life (ASL) testing generally increased the range
of sample oxidation and resulted in improved models for peroxide values in neat oils. These
studies used various thermal or illumination conditions to oxidize samples of olive, sunflower,
rapeseed, soybean, canola, safflower or cottonseed oils. More recent studies applied partial least
squares, while previous ones found single or double wavelength models to be optimal after
application of multiple linear regression to spectral data.
Studies that found better PLS models for peroxide values in neat oils are summarized in
Table 3. Each used iodometric titration as the reference assay, whether by AOCS Official
Methods Cd 8b-90 (Manley & Eberle, 2006) or Cd 8-53 (Yildiz et al., 2001), or by EU
Regulation 61/2011, L23 (Wojcicki et al., 2015). All were ASL studies. Manley and Eberle
(2006) used moderately elevated temperatures with illumination for up to 10 weeks on extra
virgin olive oil. Wojcicki et al. (2015) applied higher temperatures in darkness for up to only 15
days on olive, sunflower and rapeseed oils. Yildiz et al. (2001) used illumination with fluorescent
light for up to 180 hours (7.5 days) to oxidize soybean oil. Peroxide value ranges varied with
ASL conditions and oil type, but were generally larger than those of studies cited in Table 2.
PLS models were successfully generated using both transmittance and transflectance
modes for sample presentation. Manley and Eberle (2006) compared results using two different
FT-NIR spectrometers, a Perkin Elmer IdentiCheck and a Buchi NIRLab N-200. Measurements
on the Perkin Elmer spectrometer were made at four different resolutions (64, 32, 16 and 8 cm-1)
using quartz cuvettes at each of 2 path lengths (0.2 mm and 0.5 mm) in transmittance mode.
Measurements on the Buchi spectrometer were performed in transflectance mode at a higher
resolution (4 cm-1) using glass Petri dishes fitted with a 0.3 mm high reflectance plate affording a
path length of 0.6 mm overall. Although paired comparison tests indicated no significant
differences among peroxide value model quality using different path lengths and scanning
resolutions, significant differences were observed among the two spectrometers respecting the
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standard deviation of repeated measurements. The instrument which relied upon quartz cuvettes
resulted in reduced standard deviation among measurements which was attributed to the
consistent path length provided. Measurements from the instrument which relied upon Petri
dishes for sample presentation indicated fluctuations arising from different path lengths due to
their irregular surfaces. The authors noted that transmittance would be preferable to
transflectance in cases such as this where the sample presentation apparatus affected variation
among measurements. Sample presentation in both of the other PLS model studies was via
transmittance using longer path lengths. Yildiz et al. (2001) relied upon both 1 and 2mm quartz
cuvettes, with better validation results arising from the latter. Wojcicki et al. (2015) described
their measurement cell as an 8 mm wide glass vial.
Optimized models in extra virgin olive oil (Manley & Eberle, 2006) were obtained using
only normalization as a pretreatment from 4000-9091 cm-1 (1100-2500 nm) for the transmittance
instrument and 4000-10,224 cm-1 (978-2500 nm) for the transflectance instrument. Absorbance
increases throughout the NIR spectra were observed with oxidation, with particular effect
between 4545 and 5000 cm-1 attributed to the formation of unsaturated hydroperoxides.
Although Wojcicki et al. (2015) investigated the use of both mid and near IR, the best
models for peroxides were found to arise solely from the NIR region. Peroxide models in olive,
sunflower and rapeseed oils used mean-centered absorbance spectra from 4000-12,500 cm-1. PLS
models for sunflower and rapeseed oil required fewer factors than the model for olive oil.
Peroxide formation was fastest in sunflower oil, followed by refined rapeseed oil, cold-pressed
rapeseed oil, and olive oil in keeping with fatty acid content and levels of natural antioxidants.
As samples oxidized, spectral absorbances rose at 4810 cm-1 as well as on the lower energy side
of a peak at 7068 cm-1, which correlated with characteristic hydroperoxide bands at 4831 cm-1 and
6849 cm-1 determined by Holman (Holman et al., 1958). Principal component analysis on a
combined sample set of all oils indicated that 90% of spectral variation was accounted for by two
principal components. Loadings of PC1, which accounted for 75% of the variation, included
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bands at 4800 cm-1 and 6852 cm-1, both attributable to the generation of hydroperoxides. PC2
appeared to correlate with unsaturated structures lost upon oxidation.
The optimized PLS model for peroxides in soybean oil (Yildiz et al., 2001) used first
derivative pretreatment of the range from 1100-2200 nm (4545-9091 cm-1). Key changes among
oxidized samples were observed at 1200-1400 nm (7143-8333 cm-1), 1700 nm (5882 cm-1), and
2000-2200 nm (4545-5000 cm-1). These features were attributed to OH stretching vibrations, CH
stretching vibrations, and OH combination bands, respectively. Although the range of peroxide
values was almost as narrow as studies from Table 2, validation statistics were greatly improved
likely due to the more even distribution of peroxide values in this ASL study. The number of
PLS factors (13) was highest among the studies in Table 3 given the diminished extent of
oxidation, in keeping with the observation of Wojcicki et al. (2015).
Yildiz et al. (2003) subsequently used this PLS model in a comparison among iodometric
titration (AOCS Official Method Cd 8-53) with NIR as well as the ferrous xylenol orange (FOX),
and PeroxySafeTM chemical assays in five soybean oils oxidized with fluorescent light for up to
216 hours. Hydroperoxides determined by iodometric titration correlated highly with both their
NIR method (r = 0.991 and the Standard Deviation of Differences (SDD) = 0.72 meq/kg) and the
PeroxySafeTM method (r = 0.993 and SDD = 0.56 meq/kg). They observed a weaker correlation
between iodometric titration and the FOX method (r = 0.975 and SDD = 2.3 meq/kg).
Accordingly, they concluded that iodometric titration, NIR and the PeroxySafeTM assay were
equivalent for the determination of peroxide values in soybean oil

Table 3. Partial Least Squares (PLS) NIR models for peroxide values in lipids from the literature.
Reference

Lipid

Number of
Samples

ASL
Conditions

Sample
Presentation

Range
(meq / Kg)

Transmittance
Extra Virgin
in 0.2 mm
90 Calibration
Calibration
Olive Oil
Quartz
35C With
and
2.18 - 74.02
Cuvettes
Manley &
44 Validation Illumination for
(Mean 20.51 SD 15.40)
Eberle, 2006
up to 10
from
Validation
Transflectance
Weeks
Treatment of
2.47 - 60.62
using glass
Extra Virgin
23 Oils
(Mean 20.16 SD 14.62)
Petri dishes
Olive Oil
with 0.3 mm
high reflector
Olive Oil

Wojcicki et
al., 2015

36
(6 Treatments
of 6 Oils)

12
Sunflower
(6 Treatments
Oil
of 2 Oils)
30
Rapeseed
(6 Treatments
Oil
of 5 Oils)

60 C in
Transmittance
Darkness for in 8 mm path
up to 15 Days length glass vial


78
Combined (6 Treatments
of 13 Oils)

Yildiz et al.,
2001

128 (16
Treatments of Fluorescent Transmittance
Soybean
Light (12 hr
in 2 mm path
8 Oils) (75
Oil
Calibration Intervals up to length Quartz
180 hrs)
Cuvettes
and 44
Validation)

Calibration Validation
Model
RMSEP
SEP
(Factors) (meq / Kg) (meq / Kg)
r2
r2

RPD

PLS
(6)

4.16

4.15

0.92

3.52

PLS
(8)

5.29

5.28

0.87

2.77

5.9 - 53.2
(Mean 27 SD 17)

PLS
(6)

2.5
(RMSECV)

0.977

6.8

19 - 834
(Mean 335 SD 298)

PLS
(2)

42.4
(RMSECV)

0.982

6.3

1.1 - 568
(Mean 163 SD 166)

PLS
(3)

39.3
(RMSECV)

0.945

4.2

1.1 - 834
(Mean 127 SD 188)

PLS
(3)

32.1
(RMSECV)

0.970

5.3

0.988
(0.994 for
External
Validation
Set)

8.8

Approximately
0.2 - 23
Calibration
(Mean 9.60 SD 6.18)
Validation
(Mean 10.23 SD 6.32)

PLS
(13)

0.720
(0.760 for
External
Validation
Set)

0.992
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Table 4. Single and double wavelength NIR models from MLR for peroxide values in lipids from the literature.
Reference

Cho et al.,
1998

Lipid

Soybean Oil

Number of
Samples

ASL
Conditions

35 Calibration
75C for up to
and
3 Weeks
15 Validation

Sample
Presentation

Range
(meq / Kg)

λs from
MLR

NIRSystems
Model 4500

Calibration
0.4 - 376.3
(Mean 139.84)
(SD 112.94)
Validation
0.7 - 308.1
(Mean 124.94)
(SD 111.09)

(2 λs)
2020 nm
and
2080 nm
4950 cm -1
and
4808 cm -1

Canola Oil

(1 λ)
2084 nm
4798 cm -1

Olive Oil
Safflower Oil
Canola Oil
Takamura
et al., 1995

Olive Oil

14 - 15
50C until
Validation
reaching PV Transmittance
Samples for
of
in 1 mm path
Each Assay 600 meq / Kg length cuvette
cell
Thermostatized
at 30C

Approximately
0 to 600

(1 λ)
1746 nm
5727 cm -1
(1 λ)
1742 nm
5741 cm -1

Safflower Oil
6-7
Validation
Samples for
Cottonseed Oil Each Assay
Soybean Oil

50C until
reaching PV
of
30 meq / Kg

(1 λ)
1744 nm
5734 cm -1

Approximately
0 to 30

(1 λ)
2084 nm
4798 cm -1

Calibration Validation
SEP
(meq / Kg)
r2
r2

9.67

0.994

0.992

8.5

0.998

12.7

0.992

19.2

0.990

18.4

0.988

19.5

0.982

24.0

0.986

0.83

0.992

1.37

0.988

RPD

11.5
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Studies that found good models for peroxide values in neat oils using one or two
wavelengths determined from multiple linear regression (MLR) are summarized in Table 4. In a
three week accelerated shelf life study of soybean oil held at 75 °C, Cho et al. (1998) found a
model incorporating two wavelengths, primarily 2080 nm (4808 cm-1) and secondarily 2020 nm
(4950 cm-1), was not significantly improved upon by the inclusion of additional wavelengths.
Second derivative pretreatment of spectra was used to separate the signals arising from other
chemical changes during oxidation from those of interest. Validation statistics indicated excellent
fit (r2 = 0.992 and RPD = 11.5). This model was highly accurate in the early stages of lipid
oxidation during peroxide accumulation; however, during longer periods where peroxide
decomposition occurred, the accuracy of the model dropped. This phenomenon was previously
observed (Hong et al., 1994) and was later cited by Szabo et al. (2009) to explain the poor
performance of NIR in assessing peroxides in oils subjected to frying temperatures long beyond
the point at which they decomposed.
An accelerated shelf life study by Takamura et al. (1995) followed peroxide values up to
600 meq/kg in stripped canola, olive and safflower oils and up to 30 meq/kg in soybean and
cottonseed oils subjected to autooxidation at 50 °C. Peak intensity at 2084 nm (4798 cm-1) in
second derivative spectra correlated highly with peroxide values in each of these oils. Models
using only this wavelength for each oil exhibited r2 > 0.988 and small standard errors of
prediction for the ranges of peroxides assessed (8.5, 12.7 and 19.2 meq/kg for canola, olive and
safflower oils and 0.83 and 1.37 meq/kg for soybean and cottonseed oils). The authors noted that
Holman et al. (Holman et al., 1958) reported lipid peroxides at 1460 and 2070 nm (6849 and 4831
cm-1), and that the difference between the latter and the 2084 nm (4798 cm-1) peak they observed
was likely due to the pretreatment applied. They also confirmed that this peak was due to
hydroperoxides using pure systems of methyl linoleate autooxidized at 50 °C and observing
losses in this peak in methyl linoleate hydroperoxide upon reduction with sodium borohydride.
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Among the more easily oxidized oils, single wavelength models from another area of the
spectrum also correlated well with peroxide values (1746 nm (5727 cm-1) in olive oil, 1744 nm
(5734 cm-1) in canola oil, and 1742 nm (5741 cm-1) in safflower oil).
The importance of the band in the 4800 cm-1 range determined by both the Cho and
Takamura groups as well as that in the 5700 cm-1 range determined by Takamura was reinforced
by Yildiz et al. (2001). In their soybean oil study discussed above, the Yildiz group also
performed multiple linear regression and found the best four wavelength models at both 1 mm
and 2 mm path lengths. The 1 mm model included 2070 nm (4831 cm-1), 2036 nm (4912 cm-1),
1746 nm (5727 cm-1), and 1400 nm (7143 cm-1), while the 2 mm model included 2068 nm (4836
cm-1), 2016 nm (4960 cm-1), 1612 nm (6203 cm-1), and 1242 nm (8052 cm-1). In both cases, the
band around 2070 nm (4831 cm-1) was highly significant, while the band at 1746 nm (5727 cm-1)
appeared in the model for the same 1 mm path length used in the study by the Takamura group.
Despite agreement with the Takamura group’s finding that 2084 nm was critical, Yildiz et al.
(2001) cautioned against a single wavelength approach given the potential of interference from a
variety of other hydroxyl containing compounds.

2.5.1.2

NIR Analyses in Complex Food Systems

Attempts to monitor peroxide values in solid food systems via NIR have generally been
unsuccessful. The food matrix complicates spectra by reducing signal intensity for analytes of
interest relative to their levels in neat oils, adding potential interferences from signals of matrix
constituents and giving rise to homogeneity issues resulting in increased variation among
measurements of the same sample in different areas. The matrix also complicates correlation
between NIR and chemical reference assays as the latter typically require lipid extraction prior to
analysis, a process which can lead to differences between the NIR sample and the reference assay
sample. These problems require the application of controls over sample presentation during
scanning as well as consideration of what constitutes a representative sample and what spectral
regions should be used to construct models.
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The studies summarized in Table 5 are generally indicative of these complications.
Jensen et al. (2001) investigated walnut kernels and Dellarosa et al. (2015) investigated seven
formulations of precooked fish cakes using ferric thiocyanate reference methods for peroxides.
Kaddour et al. (2006) investigated three food products, salted crackers, moist Asian noodles, and
healthy crackers, as well as bulk rapeseed oil using iodometric titration (AOCS Official Method
Cd 23-93) as the reference method.
Although all three were shelf life studies, only Kaddour et al. (2006) was a true ASL,
with products subjected to 40 °C for up to two months. The others used chilled (0 to 5 °C)
(Jensen et al., 2001; Dellarosa et al., 2015) or room temperature (Jensen et al., 2001) conditions to
track oxidation during normal shelf life conditions for those products. Peroxide value ranges in
the lower temperature studies were small to moderate, resembling those in studies of neat oils
which yielded poor models (Table 2) and likewise implicating the sensitivity of NIR for these
analytes. Ranges of peroxide values for the products in the Kaddour et al. (2006) study varied
according to fatty acid content (saturated vs. unsaturated) and disposition of lipid within the
product (homogeneous throughout or on the surface), and for all products except salted crackers
were far higher than those of the other studies in Table 5. NIR models of the most oxidized
product investigated, moist Asian noodles, relied on data from only the first half of the study
because after a few weeks drying of the product altered spectra and degraded model quality.
(Kaddour et al., 2006) Nevertheless, these models had the best validation statistics (RPD) among
those in Table 5, likely due to the extent of oxidation.
Sample sizes were moderate, with the models of the Kaddour et al. (2006) ASL using
roughly half (17-24) the number as the normal shelf life studies (50 for Jensen et al. (2001) and
45 for Dellarosa et al. (2015)). Jensen et al. (2001) drew duplicate walnut samples at T0 as well
as 3, 8, 12, 16 20 and 25 weeks under each of the four assay conditions for chemical analysis.
Kaddour et al. (2006) drew samples ‘periodically’ up to 60 days. Dellarosa et al. (2015) drew fish
cake samples at T0 as well as 4, 7, 14 and 28 days of storage, the stated shelf life of the product.
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Under three of the four conditions studied (storage at 21°C with or without illumination
and 5 °C with illumination) by Jensen et al. (2001), peroxide values in walnuts were observed to
rise and then fall within the duration of the study. The precooked fish cakes of Dellarosa et al.
(2015) were fried and baked prior to the study; peroxides formed during cooking and measured in
the T0 samples dropped by the second time point and then rose again with the third. The
inclusion of samples from after the point at which peroxides degraded, according to the findings
of Cho et al. (1998) and Hong et al. (1994), may also have adversely affected models in both
studies.
Due to the volume of work, chemical and NIR assays of walnuts were unable to be
performed on the same day (Jensen et al., 2001). Samples were stored at 5 °C in vacuum packed
bags in the dark in the intervening time, the duration of which was not specified. Although these
conditions were improved over those of Cozzolino et al. (2005) (five days in the dark at room
temperature), they were similar to those of Dellarosa et al. (2015) who observed a drop in levels
of peroxides in fish cakes during the first four days of chilled storage. Thus, changes in peroxide
content of the samples between assays may have impacted the correlation between chemical
testing and NIR in models of the walnut study.
Sample presentation in the solid food systems studies occurred by reflectance
spectroscopy. Ground walnut kernels were scanned in reflectance mode using a rotating sample
cup with a quartz window and a compressive paper disk to ensure constant pressure on the sample
(Jensen et al., 2001). Kaddour et al. (2006) scanned products both intact and after grinding using
a fiber optic probe. Dellarosa et al. (2015) did not specify the exact mode of sample presentation
other than that a Bruker Optik MPA spectrometer was used on minced fish cakes. On the issue of
sample homogeneity, scans of walnuts employed rotational averaging, while five scans of distinct
areas in stationary samples were averaged for spectra of minced fish cakes. It is questionable
whether five stationary points (Dellarosa et al., 2015) or the use of a fiber optic probe (Kaddour et

31
al., 2006) would result in a representative sample given the heterogeneous nature of foods. The
improvement in the fit of calibration observed by Kaddour et al. (2006) for healthy crackers upon
grinding (r2 of 0.711 versus 0.575 for intact samples) is further evidence that sample
heterogeneity is an important consideration.
It is also important to consider the spectral regions to use in a model. Excellent
correlations for peroxide values have been found in neat oils using single and double wavelengths
in the 4800 - 5000 cm-1 area as well as the 5730 cm-1 area (Cho et al., 1998; Takamura et al.,
1995). Jensen et al. (2001) found NIR to correlate poorly with peroxides (validation r2 = 0.55)
using second derivative spectra in the combined visible and NIR ranges (400 - 2498 nm or 4003 25,000 cm-1). Results using an NIR specific range (1850 - 1980 nm or 5051 - 5405 cm-1) proved
much worse (validation r2 = 0.28); however, this range did not include any of the wavelengths
indicative of peroxides from other literature and was chosen because it provided the best
separation among oxidized walnuts generally in principal component analysis scores plots. This
simply indicates that changes in peroxides were not the principal driver to alter spectra of walnuts
under the oxidation conditions used in that study.
Full spectrum models were also used in Kaddour et al. (2006) (1000 - 2500 nm or 4000 10,000 cm-1) and Dellarosa et al. (2015) (800 - 2500 nm or 4000 - 12,500 cm-1), and the latter also
used a slightly truncated region (1100 - 2200 nm or 4545 - 9091 cm-1) based upon the findings of
Yildiz et al. (2001). Kaddour et al. (2006) reasoned that many of their models suffered because
sample sets were too small. Dellarosa et al. (2015) cited the minimal range of peroxide values
and interference from the food matrix for the lack of fit. Although these factors contributed to
their results, and in addition to the other issues with these studies noted above, the finding that a
small number of wavelengths correlated well with peroxide values (Cho et al., 1998; Takamura et
al., 1995) could indicate that the wavelength ranges used to construct these models were too
large.
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<LOGL]HWDO  DOVRDVVHVVHG1,5PRGHOVWRTXDQWLI\FRQMXJDWHGGLHQHV5HIHUHQFHDVVD\
YDOXHVZHUHREWDLQHGDVSHUFHQWFRQMXJDWHGGLHQHVE\PHDVXUHPHQWDWQPDFFRUGLQJWR
$2&62IILFLDO0HWKRG7LD  $VR[LGDWLRQYLDIOXRUHVFHQWOLJKWSURFHHGHGFKDQJHVLQ
OHYHOVRIFRQMXJDWHGGLHQHVWUDFNHGWKRVHRISHUR[LGHV,QLWLDOFRQMXJDWHGGLHQHYDOXHVIRUWKH
HLJKWVR\EHDQRLOVUDQJHGIURPDQGDOWKRXJKDUDQJHRIFRQMXJDWHGGLHQHVZDVQRW
UHSRUWHGWKHPHDQRIERWKFDOLEUDWLRQDQGYDOLGDWLRQVDPSOHVZDVZLWKDVWDQGDUG
GHYLDWLRQDURXQG






Table 5. Partial Least Squares (PLS) NIR models for peroxide values in solid food systems from the literature.
Reference

Food System

Walnut Kernels
(53% Fat)
Linoleic Acid (62.0%)
Jensen et
Oleic Acid (17.9%)
al., 2001
Linolenic Acid (10.7%)
Palmitic Acid (7.1%)
Stearic Acid (2.3%)

Salted Crackers
(20% Palm Oil and
Lauric Oil on Surface
of Product)
Moist Asian Noodles
Kaddour et (1.5% Rapeseed Oil
al., 2006 on Surface of Product)

Dellarosa et
al., 2015

Number of
Samples

50
(2 Samples
Each at T0
and 6 Time
Points for
Each of 4
Conditions)

23

17

Healthy Crackers
(10% Rapeseed Oil
throughout Product)

24

Rapeseed Oil

23

Fish Cakes
(7 Different
Formulations
Cooked and
Vacuum Packed)

ASL
Conditions

Storage in
Light or
Darkness at
5C or 21C
for up to 25
Weeks

Sample
Presentation

Reflectance in
Rotating
Sample Cup
with Quartz
Window and
Compressive
Paper Disk

Fiber Optic
Probe on Intact
Product
Storage at
Samples as

40 C for up to
well as After
2 Months
Grinding

Storage at
33 Calibration 0-4C for up
and
to 28 Days
12 Validation (Normal Shelf
Life)

Range
(meq / Kg)

Model
(Factors)

RMSEP
(meq / Kg)

Calibration
r2

PLS
1.9
(3)
(RMSECV)
(Visible and NIR)
0.9 - 12.9
(Mean 5.2
SD 2.9)

Validation
r2

RPD

0.55

0.66

PLS
(3)
(Visible)

1.5
(RMSECV)

0.68

0.52

PLS
(1)
(NIR)

2.5
(RMSECV)

0.28

0.86

0.7 - 5.3
(Mean 1.8)

PLS
(7 Intact)
(3 Ground)

0.726 (Intact)
0.446 (Ground)

1.14 (Intact)
1.03 (Ground)

10.4 - 87.6
(Mean 54.4)

PLS
(5 Intact)
(7 Ground)

0.897 (Intact)
0.916 (Ground)

1.42 (Intact)
1.40 (Ground)

1.2 - 46.9
(Mean 14.0)

PLS
(5 Intact)
(5 Ground)

0.575 (Intact)
0.711 (Ground)

1.16 (Intact)
1.20 (Ground)

PLS
(4)

0.381

1.03

Fiber Optic
0.5 - 161
Probe
(Mean 43.7)
Minced
Approximately
Samples
0.8 - 3.6
Assayed in
(Dependent
Bruker Optik
upon
MPA
Formulation)
Spectrometer

PLS
(9)

0.408

0.738
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Models were made using samples scanned in 1 mm or 2 mm path length quartz cuvettes,
with the latter observed to provide improved validation statistics. All soybean oil models
reported in Table 6 used first derivative pretreatment of spectra. A discrepancy was observed
when wavelength ranges were optimized to provide the best PLS models for each path length.
Although the best 2 mm model used 1100 - 2200 nm (4545 - 9091 cm-1), 1 mm models were not
improved by excluding the 2200 - 2500 nm range (4000 - 4545 cm-1). Yildiz et al. (2001)
proposed that nonlinearities observed at longer path lengths in that region were likely responsible.
As a result, the wavelength range for the best 1 mm path length model of conjugated dienes
differed from that shared by the best 2 mm path length model and the best models of peroxides at
both path lengths.
In addition to indicating the importance of a primary wavelength in the 2064-2070 nm
region (4831-4845cm-1), four wavelength MLR models for conjugated dienes using data from
each path length indicated discrepancies based on sample thickness (Table 6). Two of the four
wavelengths for the 1 mm model, 2430 nm (4115 cm-1) and 2350 nm (4255 cm-1), fell within the
region excluded by PLS models of the thicker sample. The remaining two wavelengths were
shared, including the primary wavelength and one at 1396-1398 nm (7153-7163 cm-1).
Validation statistics indicated PLS and MLR models were fair for 1 mm and good for 2
mm path length. They were also robust as shown by good results obtained with an external
validation set of thirty samples made from ASL treatment of three additional oils (Table 6).
Although good correlation of NIR with conjugated dienes was observed, Yildiz et al. (2001)
noted that it was not as strong as that obtained for peroxides (see Table 3).
Manley and Eberle (2006) investigated conjugated dienes in extra virgin olive oil samples
oxidized for up to 10 weeks at 35°C using the specific extinction coefficient at 232 nm (K232)
(Table 6). As they observed for peroxides, paired comparison tests showed a statistically
significant reduction in the standard deviation of measurements of conjugated dienes from NIR
spectra acquired via transmittance in quartz cuvettes relative to those by transflectance in glass
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petri dishes. The best PLS model based upon transmittance relied upon the 4000-9091 cm-1
range, had only six factors and provided a validation r2 of 0.94 and a RPD of 3.62 indicating it
was suitable for screening. The best PLS model based upon transflectance used the 4000-10,224
cm-1 range, had only four factors and provided a validation r2 of 0.87 and a RPD of 2.56
indicating it was only suitable for very rough screening. They did not elaborate on the specific
wavelengths contributing to the fit of this model. Oxidation increased absorption throughout the
spectrum with particular effect between 4545-5000 cm-1 (2000-2200 nm), which was attributed to
increased unsaturation and peroxide formation.
Cayuela Sanchez et al. (2013) also investigated conjugated dienes using K232 in virgin
olive oil samples. Although transmittance was used in 5 mm path length quartz cuvettes, the best
PLS model obtained had an RPD of 2.56, the worst value obtained among studies with such
sample presentation apparatus in Table 6. This likely indicates the sensitivity of NIR for
conjugated dienes as the study was a survey of collected oils, rather than an ASL, resulting in a
range of K232 values approximately one quarter of the size used by Manley and Eberle (2006).
Although the visible/NIR range of 350-2500 nm (4000-28,571cm-1) was used initially, the model
was the result of multiple rounds of wavelength selection based on regression coefficients. The
final wavelengths used in this model were not reported.

Table 6. NIR models for conjugated dienes in lipids from the literature.
Reference

Yildiz et al.,
2001

Manley &
Eberle,
2006

Lipid

Soybean
Oil

Number of
Samples

ASL
Conditions

128
(73 Calibration
Fluorescent
and 43
Light
Validation
(12hr Intervals
from
up to 180 hrs)
16 Treatments
of 8 Oils)

Sample
Presentation

Range
(% CD or K232)

Transmittance
in 1 mm path
length Quartz
Cuvettes

Transmittance
in 2 mm path
length Quartz
Cuvettes

278
Transmittance
CayuelaVirgin Olive (223 Calibration
NA
in 5 mm Path
Sanchez
Oil
(Not an ASL) Length Quartz
and
et al., 2013
55 Validation)
Cuvettes

SEP

PLS
(9 Factors)

0.025%
(0.021% for
External
Validation)

MLR (4λ)

Range Not Specified
Calibration
(Mean 0.31% SD 0.09%)
Validation
(Mean 0.31% SD 0.11%)

Transmittance
in 0.2 mm
104
Quartz
35C With
(70 Calibration
Cuvettes
Extra Virgin
Illumination for
and
Transflectance
Olive Oil
up to
34 Validation
using glass
from Treatment 10 Weeks
Petri dishes
of 23 Oils)
with 0.3 mm
high reflector

Model

2064 nm
2430 nm
2350 nm
1398 nm

(4845 cm -1)
(4115 cm -1)
(4255 cm -1)
(7153 cm -1)

PLS
(12 Factors)
MLR (4λ)
2070 nm
1164 nm
1396 nm
1406 nm

K232 1.67 - 20.36
Calibration
(Mean 4.76 SD 3.68)
Validation
(Mean 4.61 SD 3.40)

K232 0.9 - 5.0
Calibration
(Mean 2.0 SD 0.8)
Validation
(Mean 2.0 SD 0.8)

(4831 cm -1)
(8591 cm -1)
(7163 cm -1)
(7112 cm -1)

0.023%
(0.017% for
External
Validation)
0.020%
(0.021% for
External
Validation)
0.022%
(0.018% for
External
Validation)

Calibration

Validation

0.857

0.839
(0.912 for
External
Validation)

4.4
(5.2 for
External
Validation)

0.837

0.856
(0.901 for
External
Validation)

4.8
(6.5 for
External
Validation)

0.927

0.893
(0.857 for
External
Validation)

5.5
(5.2 for
External
Validation)

0.824

0.865
(0.882 for
External
Validation)

5.0
(6.1 for
External
Validation)

r2

r2

RPD

PLS
(6 Factors)

0.94

0.94

3.62

PLS
(4 Factors)

1.33

0.87

2.56

PLS
(Not Reported)

0.32

0.82

2.56

36




 &DUERQ\OV
5HVHDUFKHUVKDYHLQYHVWLJDWHGWKHXVHRI1,5WRGHWHUPLQHVHFRQGDU\SURGXFWVRIOLSLG
R[LGDWLRQLQERWKQHDWRLOVDQGIRRGV\VWHPV7KHVHVHFRQGDU\SURGXFWVFRPSULVHDYDULHW\RI
FDUERQ\OFRPSRXQGVLQFOXGLQJVDWXUDWHGDQGXQVDWXUDWHGDOGHK\GHVNHWRQHVDQGDFLGV
8QIRUWXQDWHO\GLUHFWHYDOXDWLRQRIFDUERQ\OVLVQRWSRVVLEOHEHFDXVHWKHVHJURXSVGRQRWJLYHULVH
WRVLJQDOVLQWKH1,5UHJLRQ 6HHHJ<LOGL]HWDO'HOODURVDHWDO 7KXV1,5
DVVD\VPXVWUHO\RQFKDQJHVLQUHODWHGPRLHWLHVVXFKDVDOGHK\GLF&+ERQGVZKLFKGRH[KLELW
VLJQDOVWRGHWHUPLQHVHFRQGDU\OLSLGR[LGDWLRQSURGXFWV$WWHPSWVWRPRGHOFDUERQ\OYDOXHV
KH[DQDODQGIUHHIDWW\DFLGVXVLQJ1,5KDYHPHWZLWKPL[HGVXFFHVV




7RWDO&DUERQ\O9DOXH

'XULQJWKHLULQYHVWLJDWLRQRITXDOLW\DOWHUDWLRQVLQODUGXSRQH[WHQGHGKHDWLQJDWIU\LQJ

WHPSHUDWXUHVUDQJLQJIURP{&6]DERHWDO  DOVRDVVHVVHGWKHDELOLW\RI1,5WR
PRGHOFDUERQ\OYDOXHVDVGHWHUPLQHGE\K\GUR[\ODPLQH+&OWLWUDWLRQ&DUERQ\OYDOXHVRIWKH
VDPSOHVUDQJHGIURPZLWKDPHDQRIDQGVWDQGDUGGHYLDWLRQRI7KHEHVW3/6
PRGHOZDVEDVHGXSRQDVLQJOHIDFWRUDQGDURVHIURPDYHU\ZHDNFDOLEUDWLRQ U  7KH
VWDQGDUGHUURURIFURVVYDOLGDWLRQ 6(&9 UHSRUWHG  LQGLFDWHGDYHU\SRRU53'RIIRU
WKHPRGHO7KHDXWKRUVVSHFXODWHGWKDWYHU\ORZFRQFHQWUDWLRQVRIFDUERQ\OVFRXOGEHUHVSRQVLEOH
IRUWKHODFNRIFRUUHODWLRQZLWK1,5
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PJSHUNJRIIRRGSURGXFW7KHQXWVZHUHLQYHVWLJDWHGDVKLJKIDWIRRGV ZDOQXWVIDWZZ
SHDQXWVIDWZZ ZKLOHPXHVOLSURGXFWVZHUHKLJKFDUERK\GUDWHIRRGV DQGZZIRU
SURGXFWV,DQG,, 3HDQXWVZHUHHYDOXDWHGDWILYHWLPHSRLQWVZLWKLQWKHLUVKHOIOLIHDVZHOODVRQH
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at the twenty four week shelf life and one at twenty six weeks (Jensen et al., 2004). Both muesli
products were evaluated at four, seventeen and twenty six weeks, well within their thirty six week
shelf life. However, muesli I was exposed to 2900 lux fluorescent light, while muesli II was
further investigated at thirty four weeks and considerably beyond its shelf life at thirty nine, forty
two and fifty two weeks (Jensen et al., 2005).
PLS models of hexanal using the full visible/NIR spectral range had moderate correlation
with validation samples in walnuts (r2 = 0.72), peanuts (r2 = 0.64), muesli I (r2 = 0.70), and muesli
II (r2 = 0.83) (Table 7). While limitation of the spectral ranges used to certain areas of the NIR
did not improve models in nuts, validation statistics for samples of muesli I improved (r2 = 0.80)
by use of 5650 - 5994 cm-1. Thus, it appears hexanal models could be slightly better in high
carbohydrate foods rather than high fat ones. Oddly, the best model in Table 7 was obtained for
muesli II, which had the smallest range of hexanal values among samples. This may indicate an
issue with these results. The literature indicates that moderate correlation of hexanal content can
be made using NIR. Jensen et al. (2004) concluded that spectroscopic methods were useful to
complement though not replace chemical assays.

2.5.3.3

Free Fatty Acids

Attempts to use NIR to model free fatty acids (FFA), usually as percentage or
concentration of oleic acid content, have been moderately successful in both neat lipid systems
and solid food systems. These models arose from investigations of shelf life studies of neat
lipids (Cho et al., 1998; Szabo et al., 2009), discrimination of plant oils from various sources
(Manley & Eberle, 2006; Armenta et al., 2007; Cayuela Sanchez et al., 2013), discrimination of
oil byproduct of fish meal (Cozzolino et al., 2005) and fish meat (Karlsdottir et al., 2014) by
species and collection season, and discrimination of beef (Realini et al., 2004) and poultry breast
meat (Berzaghi et al., 2005) based on dietary conditions.

Table 7. NIR models of hexanal content from the literature.
Reference

Jensen et
al., 2001

Food
System

Number of
Samples

Walnut
Kernels

50
(2 Samples
Each at T0 and
6 Time Points
for Each of 4
Conditions)

Peanuts

Jensen et
al., 2004

Muesli
Product I

Muesli
Product II

ASL Conditions

Storage in Light or
Darkness at 5C or
21C for up to 25
Weeks


170 at 7 Time 27 C in Darkness with
up
to 21% Oxygen in
Points
Headspace and Low
Oxygen Permeable
168 at 7 Time
Packaging for up to 26
Points
Weeks

Sample
Presentation

Range
Hexanal (mg/kg)

Reflectance in
Rotating
Sample Cup
0 - 202.1
with Quartz
(Mean 29.9 SD 49.3)
Window and
Compressive
Paper Disk

Reflectance in

Foss
27
C
with
Exposure
to
58 at 3 Time
NIRSystems
Fluorescent
Light
with
Points
Model 6500
up to 21% Oxygen in
using
Small
Headspace and Low or
Ring Cup and
High Oxygen
60 at 3 Time
Spinning
Permeable Packaging
Points
Module
for up to 26 Weeks
(NR-6506)
27C in Darkness with
up to 21% Oxygen in
167 at 7 Time Headspace and Low or
Points
High Oxygen
Permeable Packaging
for up to 52 Weeks

0.0 - 7.3
(Mean 1.3)

Spectral Range

PLS
(5)

400 - 2498 nm
(4003 - 25000 cm -1)

26.2

0.72

PLS
(3)

1850 - 1990 nm
(5051 - 5405 cm -1)

27.8

0.69

PLS
(11)

400 - 2500 nm
(4000 - 25000 cm -1)

0.7

0.64

PLS
(6)

930 - 1034 nm
(9671 - 10,753 cm -1)

0.7

0.58

PLS
(4)

400 - 2500 nm
(4000 - 25000 cm -1)

1

0.70

PLS
(4)

1668 - 1770 nm
(5650 - 5995 cm -1)

0.8

0.80

PLS
(8)

400 - 2500 nm
(4000 - 25000 cm -1)

0.2

0.83

0.9 - 141.9
(Mean 20.5)

0.0 - 1.5
(Mean 0.7)

RMSECV Validation
(mg/kg)
r2

Model
(Factors)
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2.6 Issues raised by analysis of the literature
Considering all the studies cited above, issues of concern that impede the progress and
acceptance of NIR as a valid and useful tool for analyzing lipid oxidation include the following:
1)

Most calibrators are prepared from lipids extracted from foods and analyzed for lipid

oxidation while NIR analyzes intact food samples with matrices intact and lipids unmodified.
2) Non-homogeneity of foods on a molecular scale leads to large variation in NIR data,
which in turn impairs ability to develop and apply accurate mathematical models of foods.
3) Chemical analyses used to quantitate target molecules in calibrators seldom have the
same sensitivity as NIR, impairing strong correlations in mathematical models.
4) Detailed analysis of chemometric models is often overlooked, leading to the
possibility of incorrect correlation of spectral features with chemical analyses.
Much still needs to be learned to optimize NIR analyses of solid samples, particularly in
the context of lipid oxidation in foods.
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3.

HYPOTHESIS AND OBJECTIVES

3.1 Hypothesis and Overall Objective
Fourier Transform Near Infrared Spectroscopy and Chemometrics can provide qualitative
and quantitative information about lipid oxidation in complex food systems with minimal sample
preparation, as reflected by using a solid food model system having minor amounts of oils
analyzed for conjugated dienes, lipid hydroperoxides, and carbonyl products of lipid oxidation.
Many food companies have rejected use of NIR for on-line and quality control analyses
of lipid oxidation, claiming poor sensitivity, large data scatter, and general inaccuracy, i.e. factors
inherent in NIR as a methodology. Some basic research has also reported poor performance of
NIR in identifying lipid oxidation in foods or model systems. This research questions these
assessments and seeks to determine if apparent problems with NIR analyses stem from limitations
of NIR spectroscopy itself or rather from practical issues of sample handling and analysis.
Accordingly, we start with the working hypothesis that NIR indeed has the capabilities to
detect and differentiate products of lipid oxidation in foods and model systems, and propose that
poor results with NIR analyses arise from suboptimal handling of samples, inappropriate or
inaccurate calibrators, and random application of chemometric statistical analyses. Development
of robust and accurate NIR analyses will probably require considerable revision and tailoring of
approaches, rather than just transferring methodologies, e.g. from mid-IR.

3.2 Specific Objectives
1. Identify and minimize sources of spectral variation to improve methods for sample handling
and presentation to the FT-NIR and enable analysis of lipid oxidation in complex solid food
model systems using sample sizes practical for a research laboratory.
a. Test effects of compacting solid food samples rather than analyzing loose particles, and
of forming pressure used to compact miniaturized samples of solid food model systems of oil
mixed with white rice flour on variability of FT-NIR spectra and principal component scores.
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b. Test effects of rotational averaging in miniaturized samples of solid food model
systems of oil mixed with white rice flour on variability of FT-NIR spectra and principal
component scores.
2. Test the ability of FT-NIR to discriminate among fats and oils present as a minor ingredient in
a model solid food system primarily composed of white rice flour.
3. Test the ability of FT-NIR to discriminate among model solid food systems with different
oxidation levels in oils present as a minor ingredient by preparing the model systems with fresh
soybean, canola, sunflower or safflower oil as well as with oils subjected to oxidation at 60°C for
one, two or three weeks.
4. Test the ability of FT-NIR to accurately quantify three markers of lipid oxidation, conjugated
dienes, lipid hydroperoxides, and carbonyls, in solid food model systems with different oxidation
levels in lipids present as a minor ingredient, by including canola and pecan oils chemically
assayed for those markers both fresh and after oxidation at 40°C at six time points up to fifteen
weeks.
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 ([SHULPHQWDO'HVLJQ
7KLVVWXG\ZDVXQGHUWDNHQWRHYDOXDWHWKHSHUIRUPDQFHRI)71,5IRUDQDO\VLVRIOLSLG
R[LGDWLRQLQVROLGIRRGV\VWHPVDQGWRGHWHUPLQHIDFWRUVLPSDFWLQJWKDWSHUIRUPDQFH2XU
ODERUDWRU\UHFHQWO\DFTXLUHGDQ)71,5LQVWUXPHQWZLWKDVDPSOHSODWIRUPGHGLFDWHGIRUWKH
DQDO\VLVRIVROLGVWKXVZHQHHGHGWRSUHSDUHDPRGHOVROLGIRRGV\VWHP7KHV\VWHPZDVFKRVHQ
WRPRGHOWKHFRPSRVLWLRQRIFHUHDOEDVHGIRRGSURGXFWV:KLWHULFHIORXUZDVFKRVHQDVWKHPDLQ
FRQVWLWXHQWEDVHGRQLWVZLGHVSUHDGXVHLQIRRGSURGXFWV*LYHQWKHFRPSOH[LW\LPSDUWHGWRWKH
V\VWHPE\IRRGSURFHVVLQJWHFKQLTXHVDQGWKHQHHGIRUFHUWDLQW\WKDWOLSLGR[LGDWLRQSHUVHZDV
EHLQJPRGHOHGVKHOIOLIHVWXGLHVZHUHFRQGXFWHGE\H[SRVLQJQHDWOLSLGVWRR[LGDWLRQDWHOHYDWHG
WHPSHUDWXUHVSULRUWRPL[LQJZLWKZKLWHULFHIORXUDWURRPWHPSHUDWXUHDWWKHWLPHRIDQDO\VLV
7KLVSURFHGXUHHOLPLQDWHGWKHQHHGWRH[WUDFWOLSLGVIURPDVROLGPDWUL[SULRUWRFKHPLFDODQDO\VLV
DQGWKXVSURYLGHGOLSLGVRILGHQWLFDOFRPSRVLWLRQIRUERWKFKHPLFDODQG1,5DQDO\VHV
3UHOLPLQDU\LQYHVWLJDWLRQVXVLQJPRGHUDWHVDPSOHVL]HVLQGLFDWHGDVFDWWHULQJSUREOHPLQVSHFWUD
7KXVWKHRYHUDOOH[SHULPHQWDOGHVLJQDGGUHVVHGWKHGHYHORSPHQWDQGWHVWLQJRIDPLQLDWXUL]HG
)71,5VDPSOHSODWIRUPSULRUWRFRQGXFWLQJDQDFFHOHUDWHGVKHOIOLIH $6/ VWXG\WRDVVHVVWKH
DELOLW\RI)71,5WRTXDQWLWDWLYHO\PRQLWRUOLSLGR[LGDWLRQLQPRGHOVROLGIRRGV\VWHPV

 'HYHORSPHQWRID0LQLDWXUL]HG)71,56DPSOH3ODWIRUP
)71,5PRGHOVRIFKHPLFDORUSK\VLFDOSDUDPHWHUVUHTXLUHDODUJHQXPEHURIUHSOLFDWHV
WRHQVXUHDFFXUDF\DQGILW'HSHQGLQJXSRQWKHVDPSOHSUHVHQWDWLRQIRUPDWDYDLODEOHWKLVFDQ
JLYHULVHWRWKHQHHGIRUODUJHDPRXQWVRIVDPSOHDVZHOODVUHODWHGUHTXLUHPHQWVIRUJODVVZDUH
DQGLQFXEDWRUDQGVWRUDJHVSDFH7KLVPDNHVWKHXVHRI)71,5IRUV\VWHPDWLFODEVFDOH
LQYHVWLJDWLRQSURKLELWLYHZLWKRXWDQDSSURSULDWHPLQLRUPLFURVFDOHVDPSOHSUHVHQWDWLRQIRUPDW
7KXVZHGHYHORSHGDPLQLDWXUL]HGIRUPDWIRUXVHLQWKHVKHOIOLIHVWXG\UHSRUWHGKHUHLQDVZHOODV
IRUJHQHUDODQDO\VHVRIIRRGVDQGPRGHOV\VWHPVE\1,5






)71,5DQDO\VHVRIFRPSOH[VROLGIRRGV\VWHPVDUHFRPSOLFDWHGE\YDULDWLRQGXHWR
LQKRPRJHQHLW\RIFRPSRVLWLRQDQGGLIIHUHQFHVLQVDPSOHSDFNLQJ9DULDWLRQFDQEHSDUWLFXODUO\
FRQIRXQGLQJLQDQDO\VHVLQYROYLQJRQO\PLQRUFKDQJHVLQFRPSRVLWLRQDPRQJGLIIHUHQWVDPSOHV
7KHVKHOIOLIHVWXG\KHUHLQZDVRQHVXFKFDVHDVFKDQJHVZHUHOLPLWHGWRWKRVHDWWULEXWDEOHWR
R[LGDWLYHGHJUDGDWLRQRIDPLQRUFRQVWLWXHQWRIWKHPRGHOV\VWHP$FFRUGLQJO\ZHDVVHVVHG
PHDQVWRUHGXFHVSHFWUDOYDULDWLRQE\FRQWUROOLQJPDWHULDOSDFNLQJDQGLQFUHDVLQJVSHFWUDO
VDPSOLQJE\URWDWLRQLQDPLQLDWXUL]HGVDPSOHKROGHU6XFFHVVIXOPRGLILFDWLRQVVKRXOGLPSURYH
PRGHOLQJQRWRQO\RIWKHPDUNHUVRIOLSLGR[LGDWLRQEXWDOVRRIPLQRUFRQVWLWXHQWVLQIRRG
V\VWHPVPRUHJHQHUDOO\
7KHH[SHULPHQWDOGHVLJQIRUGHYHORSPHQWDQGWHVWLQJRIWKH)71,5PLQLDWXUL]HG
VDPSOLQJV\VWHPLVVKRZQLQ)LJXUH6WXGLHVZHUHXQGHUWDNHQWRGHWHUPLQHLI)71,5GDWD
DFTXLUHGIURPVPDOOVDPSOHVZDVUHSURGXFLEOHDQGFRXOGSURYLGHPRGHOVZKLFKDFFXUDWHO\
GLVFULPLQDWHDPRQJIRRGV\VWHPVFRQWDLQLQJGLIIHUHQWOLSLGV$GGLWLRQDOO\VWXGLHVZHUH
XQGHUWDNHQWRGHWHUPLQHLI)71,5FRXOGGLVFULPLQDWHDPRQJVPDOOVDPSOHVPDGHZLWKWKHVDPH
OLSLGDWGLIIHUHQWVWDJHVRIR[LGDWLRQ)LQDOO\VWXGLHVZHUHXQGHUWDNHQWRGHWHUPLQHWKHHIIHFWVRI
IRUPLQJSUHVVXUHDSSOLHGGXULQJVDPSOHSUHSDUDWLRQDQGRIVDPSOHURWDWLRQGXULQJ)71,5
DQDO\VLVRQYDULDWLRQLQVFRUHVSORWV7KHVHYDULDWLRQVWXGLHVXVHGPRGHOVEDVHGRQSUHVVXUH
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Figure 10. Experimental design for preliminary investigation of FT-NIR analysis of model solid food systems.
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sample surface. Accordingly, transflectance involves collecting radiation which interacts with the
sample prior to returning to a detector placed on the same side of the sample as the source of the
impinging radiation.

Figure 12. Buchi NIRFlex Solids N500 FT-NIR instrument used in this study.

The Buchi FT-NIR accommodates a number of platforms for sample presentation. The
instrument was originally acquired with a rotating platform for large petri dishes full of solid
materials. Unfortunately, the amount of sample as well as incubator and freezer space plus
glassware required was excessive for a systematic research program, making analysis of a large
number of samples difficult if not prohibitive. Accordingly, an adjustable vial holder was
acquired to accommodate small samples. Initial experiments using borosilicate glass shell vials
to hold small amounts of sample indicated a high degree of spectral variation due to inconsistent
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thickness and poor optical quality of vial bottoms. More importantly, the holder did not rotate
and thus allowed only single point measurements for each sample, which per the manufacturer
were unadvisable for the powdered sample mixtures of our model food systems.
Also, a bed of powdered or granular sample contains gaps of air at random locations,
which can result in the detection of NIR radiation that has not fully interacted with the sample.
Such non-interacted radiation has been reported to lead to spectral variation (Yoon et al., 2013).
Curvilinearity of response in NIR measurement of powdered samples is also known to give rise to
variation (Barnes et al., 1989). Although certain pretreatments may be applied to raw spectra to
reduce these effects, the sensitivity of our application for lipid oxidation analyses in complex
food systems required better reproducibility than these algorithms could provide. We therefore
sought to apply a forming pressure to the samples to minimize air dispersed within the samples.
Sample packing is known to affect NIR spectra to such an extent that NIR has been
applied to measure tablet compaction in the pharmaceutical industry (Guo et al., 1999; Roggo et
al., 2005). To test the effect of applying a forming pressure in our model systems, samples were
pressed into tablets using a manually-operated Carver hydraulic press (Carver, Inc., Wabash, IN,
USA) (Figure 13). Following initial experiments, the incorporation of a digital pressure gauge
(Figure 13, bottom right) confirmed that the Carver was incapable of applying pressure
reproducibly to each sample. Thus, it was necessary to ascertain whether the differences in
pressure exerted on different samples during forming added to variability among sample spectra,
confounding the NIR analysis.
To explore this issue, a lever press (Figure 14) was constructed to ensure application of
reproducible pressures during forming of the samples. The lever press arm weighed 65 lbs and
had holders positioned to confer a mechanical advantage of 5X, 10 X, 15 X and 20 X to any
weights applied. Plate weights were obtained from a local fitness store and masses verified with
a Toledo scale (Mettler-Toledo, Columbus, OH, USA).
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Figure 13. Carver hydraulic press used to prepare sample tablets for NIR analysis.

Figure 14. Lever press constructed for compacting samples at discrete pressures.
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Approximately 4 g of each sample were pressed in a 1.125 inch diameter die which
provided a 0.994 square inch sample tablet (Figure 15). In initial experiments, spectra were
acquired by placing the pressed sample on a washer which was then inserted directly over the
coverplate window. This window was centrally disposed over the rectangular NIR beam,
resulting in a stationary scan on the center of the tablet through the hole in the middle of the
washer. To reduce variation by expanding the surface area scanned by the NIR, a rotating sample
holder was mounted on the original coverplate as shown in Figure 16. The motorized apparatus
turned a sample holder insert one revolution every 15 seconds (4 rpm).

Figure 15. Compacted 7.5% (w/w) canola oil : white rice flour samples.
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The sample holder was disposed off-center from the original coverplate window so that the beam
would sweep over the full surface of the sample during rotation. Compacted samples varied in oil
content from 7.5 to 15% (w:w), and ranged from moderately to very friable depending upon oil
content and forming pressure applied. To structurally support the samples during measurement
and accommodate scanning of the larger surface area, they were placed on 1.125 inch diameter, 2
mm thick borosilicate glass discs (Specialty Glass Products, Inc., Willow Grove, PA, USA)
(Figure 17). The discs rested on a lip in the base of the sample holder insert. These pressing and
sample rotation techniques were used in all quantitative FT-NIR analyses in this study.

Figure 17. Insertion of compacted sample on borosilicate glass disc in sample holder.
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7RDVVHVVWKHDELOLW\RI1,5WRGLVFHUQLQGLFDWRUVRIOLSLGR[LGDWLRQDQDFFHOHUDWHGVKHOI

OLIH $6/ VWXG\ZDVFRQGXFWHGXVLQJWZRFRPPHUFLDORLOV SHFDQDQGFDQROD LQFXEDWHGIRUXSWR
ZHHNVDW&LQGDUNQHVVLQD-HLR7HFKLQFXEDWRUHTXLSSHGZLWKDURWDWLQJSODWIRUPVHWDW
USP -HLR7HFK,QF:REXUQ0$86$ 5HSOLFDWHJVDPSOHVRIRLOZHUHLQFXEDWHGLQ
POERURVLOLFDWHJODVVVHUXPERWWOHV :KHDWRQ,QGXVWULHV,QF0LOOYLOOH1-86$ FRYHUHGZLWKD
ODERUDWRU\ZLSHWREORFNSDUWLFOHVEXWDOORZIRUR[\JHQWRLQWHUDFWZLWKWKHVDPSOH)RUHDFKRLO
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18 samples were incubated, allowing assay of three replicate samples for each of six time points
in addition to three replicate samples at T0.
NIR data were correlated with three chemical analyses for indicators of lipid oxidation:
conjugated dienes and peroxides as two early indicators of oxidation, as well as carbonyls, a later
indicator of oxidation. Chemical analyses were performed on samples the day they were
removed from the incubator. Due to time constraints, NIR assays were typically performed on
the following day.
At each time point, three bottles containing the same type of oil were removed from the
incubator, flushed with argon and sealed after withdrawal of an approximately 1 mL aliquot for
use in chemical assays before stoppering the serum bottles, wrapping the closure with gas
impermeable Teflon tape and storing under foil in the -80◦ C freezer. Each aliquot for chemical
assays was kept under argon in a sealed borosilicate glass test tube in darkness. Throughout all
chemical assays precautions were taken to protect the aliquots and assay samples from light and
oxygen where possible.

4.4.5.1

Conjugated Dienes

Oils were assayed for conjugated dienes using a modified version of AOCS Official
Method Ti 1a-64. Given the instability of these compounds, this assay was always performed
first after samples were withdrawn from the incubator and equilibrated to room temperature given
the instability of these compounds. 250 ml of isooctane was sparged with argon for at least 15
minutes and its absorbance at 233 nm was verified to be no greater than 0.070 against a distilled
deionized water blank. Typically, two serial dilutions of each sample of oil in isooctane were
made, with the second made directly in the microcuvette in which the absorbance reading was
made. For time points after 10 weeks of incubation, it was necessary to incorporate a third serial
dilution to account for the increased content of conjugated dienes. For each sample, three
replicate dilutions were performed and the average result was used for regression of the NIR data.
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Absorbance measurements were made with a Cary 50 Bio UV-Visible spectrophotometer
(Varian, Inc., Palo Alto, CA, USA) using the Simple Reads program. Each replicate dilution was
scanned three times for 3 seconds each at both 233 nm and 215 nm. The specific absorbance
value or oxidation index (Klein, 1970) was obtained by dividing the average value for the sample
at 233 nm by that at 215 nm, and normalized among all samples by multiplying by the dilution
factor. The specific absorbance values were found to be much more stable among repeated
measurements than absorbance values at 233 nm alone.

4.4.5.2

Lipid Hydroperoxides

Oils were analyzed for peroxide value using the PeroxySafeTM STD kit (MP Biomedicals,
Solon, OH). Measurements were performed on a Cary 50 spectrometer using the Simple Reads
program. The instrument was fitted with a platform to accept 10 mm borosilicate glass test tubes,
which helped minimize use of the reagents while affording stable results by eliminating timeconsuming transfers to cuvettes. Isopropyl alcohol was a major solvent in this reaction. Given
the volatility of this solvent, opening the reaction vessel to transfer its contents to a cuvette gave
rise to fluctuations in concentration which confounded results. Also, it was very difficult to use
the same cuvette to read multiple samples given the time constraints of this assay discussed
below. Accordingly, measurements were obtained in the same sealed vessel in which the reaction
occurred.
Although this colorimetric assay is based on the ferrous xylenol orange assay which
develops a stable color within 20 minutes to a half hour, the color in this kit continues to develop
beyond the 15 minute incubation recommended by the manufacturer. Accordingly, this assay was
found to be extremely time sensitive and it was necessary to read the sample exactly 15 minutes
after addition of the final reagent to the reaction.
If the concentration of peroxides in a sample is too high, it can bleach the color complex
and result in underestimation of the peroxide value. For this reason, it is advised to test at least
two different dilutions of each sample to ensure accuracy of the result. On any given day, three
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2LOVZHUHDQDO\]HGIRUFDUERQ\OVXVLQJDQ+3/&DVVD\EDVHGRQGHULYDWL]DWLRQZLWK

GLQLWURSKHQ\OK\GUD]LQH '13+ )RUPLFDFLGZDVFKRVHQDVWKHDFLGXODQWDVLWZDVYRODWLOHDQG
WKXVZRXOGEHFRPSDWLEOHZLWK/&06LQWKHIXWXUH$S+RIZDVVHOHFWHGIRUWKHUHDFWLRQ
PHGLXPZKLFKVWUXFNDEDODQFHEHWZHHQWKHS+QHHGVRIWKHUHDJHQWDQGFDUERQ\OVXEVWUDWHVDQG
UHQGHUHGWKHVDPSOHVXLWDEOHIRUGLUHFWLQMHFWLRQZLWKRXWGLOXWLRQRQWKH+3/&FROXPQZKLFKKDG
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UHFU\VWDOOL]HIURPQEXWDQROJRI'13+ZDVDGGHGWRPORIQEXWDQROLQDPO
URXQGERWWRPIODVN$PDJQHWLFVWLUUHUZDVDGGHGEHIRUHWKHIODVNZDVILWWHGZLWKDUHIOX[
FRQGHQVHUDQGSODFHGLQDKHDWLQJPDQWOH7KHPL[WXUHZDVUHIOX[HGZLWKVWLUULQJIRURQHKRXU
DQGWKHQGHFDQWHGZKLOHKRWLQWRDVHFRQGURXQGERWWRPIODVNIRUUHFU\VWDOOL]DWLRQDQGGU\LQJLQD
URWDU\HYDSRUDWRU %XFKL&RUSRUDWLRQ1HZ&DVWOH'(86$ ILWWHGZLWKDZDWHUEDWKKHDWHGWR
&7KHUHFU\VWDOOL]HG'13+ZDVGLVVROYHGLQQEXWDQRODQGWKHSURFHVVZDVUHSHDWHG
7KHWZLFHUHFU\VWDOOL]HG'13+ZDVWKHQUHFU\VWDOOL]HGIURPDFHWRQLWULOHXVLQJWKHVDPH
SURFHGXUHRXWOLQHGDERYHH[FHSWWKDWD&EDWKZDVXVHGZLWKWKHURWDU\HYDSRUDWRUGXULQJ
UHFU\VWDOOL]DWLRQWRDYRLGEXPSLQJEHFDXVHRIWKHUHGXFHGERLOLQJSRLQWRIWKLVVROYHQWUHODWLYHWR
QEXWDQRO)ROORZLQJWKHILQDOUHFU\VWDOOL]DWLRQWKH'13+ZDVGULHGLQGDUNQHVVLQDYDFXXP
RYHQDW&RYHUQLJKW7KHILQDOSURGXFWZDVYHULILHGWREHIUHHRILPSXULWLHVE\+3/&DQG
VWRUHGLQFU\VWDOOLQHIRUPDWURRPWHPSHUDWXUHLQGDUNQHVVLQDIRLOZUDSSHGERURVLOLFDWHJODVV
VFUHZFDSYLDOIOXVKHGZLWKDUJRQDQGVHDOHGZLWKJDVLPSHUPHDEOH7HIORQWDSH



3UHSDUDWLRQRI'13+5HDJHQW
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'13+5HDFWLRQDQG+3/&$VVD\


7KH'13+UHDFWLRQZDVSHUIRUPHGE\FRPELQLQJȝORISUHPL[HG YY 

LVRSURSDQRODFHWRQLWULOH ,3$$&1 ȝORIFKORURIRUPȝORIWKHOLSLGVDPSOHȝORI
P0ODXULFDOGHK\GH DVDQLQWHUQDOVWDQGDUG DQGȝORIIUHVK'13+UHDJHQWLQDQ+3/&YLDO
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pre-flushed with argon. Each assay included three blank replicates which were prepared by
combining 750 µL of 1:1 (v/v) acetonitrile/isopropanol, 125 µL of chloroform, 25 µL of 40 mM
lauric aldehyde, and 100 µL of DNPH reagent. The overall DNPH concentration in the reaction,
including protonated (inactive) and free reagent, was 20.2 mM. All twelve reactions (three
blanks and three replicates each of the three oil samples assayed that day) were prepared and
incubated at room temperature in darkness for five hours prior to initiation of the HPLC run on
the first sample.
HPLC was performed according to the conditions of Yao (Yao, 2015). The column was
a Restek® Ultra C18 (4.6 mm I.D. x 150 mm length with 5 μm particle size), for which the
manufacturer’s recommended pH range was 2.5 – 8.0. The method used a gradient elution with
two mobile phases, 1:1:2 (v/v) Isopropanol: Acetonitrile: ddH2O (B) and 1:1 (v/v) Isopropanol:
Acetonitrile (A), as shown in Table 8. The overall run time was 60 minutes.

Table 8. HPLC Gradient Conditions for DNPH Carbonyl Assay.

Time (min)

%B

Flow Rate (ml / min)

0
17
19
50
55
60

83.3
0
0
0
83.3
83.3

1.2
1.2
1.4
1.4
1.2
1.2

Analyses were performed using an Agilent 1100 Series liquid chromatograph equipped
with a diode array detector. HPChemStation software provided system control as well as data
analysis. In addition to 360 nm and 206 nm, wavelengths evaluated included 233 nm for
monounsaturated carbonyls with π systems conjugated to the carbonyl bond (2-enals) and 270 nm



IRUSRO\XQVDWXUDWHGFDUERQ\OVVXFKDVGHFDGLHQDOZLWKʌV\VWHPVFRQMXJDWHGWRWKHFDUERQ\OERQG
HQDOV 



1HDU,QIUDUHG6SHFWURVFRS\
'DWD&ROOHFWLRQ

$OO1,5DQDO\VHVZHUHFRQGXFWHGRQD%XFKL1,5)OH[11,5VSHFWURPHWHUZLWK
1,5:DUHVDPSOHPDQDJHPHQWDQGRSHUDWLQJVRIWZDUHDQG1,5&DOFKHPRPHWULFVRIWZDUH
%XFKL&RUSRUDWLRQ1HZ&DVWOH'(86$ 7KLVLQVWUXPHQW )LJXUH ZRUNVLQWUDQVIOHFWDQFH
PRGHZKHUHE\WKHVROLGVDPSOHFDXVHVVRPHRIWKHLQFLGHQWUDGLDWLRQWREHUHGLUHFWHGEDFNWRWKH
GHWHFWRU)RUHDFKVDPSOHLQWKLVTXDQWLWDWLYHR[LGDWLRQVWXG\DZZRLOPL[WXUHZDV
SUHSDUHGE\DGGLWLRQRIJRIRLOWRJRIZKLWHULFHIORXU 5HP\IOR5  %HQHR,QF
0RUULV3ODLQV1-86$ LQDVPDOOVWDLQOHVVVWHHOPL[LQJERZOZKLOHPL[LQJZLWKDKDQG
RSHUDWHG2;2VWDLQOHVVVWHHOHJJEHDWHU 2;2,QWHUQDWLRQDO/WG1HZ<RUN1<86$ 
0L[LQJUHVXOWHGLQDKHWHURJHQHRXVSURGXFWJLYHQWKHK\GURSKLOLFQDWXUHRIULFHIORXU$V
WKHSDFNLQJGHQVLW\RIDSRZGHUHGVDPSOHFRXOGLQIOXHQFHWKH1,5VSHFWUDRIVDPSOHVILIWHHQ
VDPSOHVRIJHDFKRIWKHRLODQGIORXUPL[WXUHZHUHSUHVVHGLQDLQFKGLDPHWHUGLHXQGHU
DXQLIRUPSUHVVXUHRISVLXVLQJWKHOHYHUSUHVV )LJXUH (DFKVDPSOHWDEOHWZDVFRYHUHG
ZLWKDLQFKGLDPHWHUERURVLOLFDWHJODVVGLVFXSRQUHPRYDOIURPWKHGLH7KHWDEOHWDQG
JODVVGLVFZHUHWKHQLQYHUWHGLQWRDKROGHU )LJXUH 7KHKROGHUDVVHPEO\PRXQWHGLQD
URWDWLQJVDPSOHSODWIRUP )LJXUH GLVSRVHGRIIFHQWHUIURPWKHEHDPRIQHDULQIUDUHGUDGLDWLRQ
DOORZLQJIRUWKHEHDPWRVZHHSRYHUWKHIXOODUHDRIWKHWDEOHWDVLWURWDWHGGXULQJVSHFWUDO
DFTXLVLWLRQ


1,5VSHFWUDZHUHDFTXLUHGLQWULSOLFDWHRQHDFKRIILIWHHQURWDWLQJVDPSOHV(DFK

VSHFWUXPZDVDFRPSRVLWHRIVFDQVDFTXLUHGRQFHSHUKDOIVHFRQG DPRXQWLQJWRDVHFRQG
VFDQWLPH DWDUHVROXWLRQRIFP7KHIRUW\ILYHVSHFWUDDFTXLUHGIRUHDFKEDWFKZHUHDYHUDJHG
IRUXVHLQFKHPRPHWULFDQDO\VLVWRFUHDWHPRGHOVIRUFRQMXJDWHGGLHQHVDQGSHUR[LGHYDOXHVXVLQJ






WKHUHVSHFWLYHUHIHUHQFHDVVD\GDWD&KHPRPHWULFDSSURDFKHVLQFOXGHGSULQFLSDOFRPSRQHQW
UHJUHVVLRQDQGSDUWLDOOHDVWVTXDUHVUHJUHVVLRQRIVSHFWUDXVLQJDYDULHW\RISUHWUHDWPHQWV
LQFOXGLQJQRUPDOL]DWLRQVPRRWKLQJDQGRUILUVWRUVHFRQGGHULYDWL]DWLRQRIWKHRULJLQDOVSHFWUD
&URVVYDOLGDWLRQZDVXVHGWRREWDLQWKHEHVWPRGHOIRUHDFKVHWRIFRQGLWLRQVIURPWKHVRIWZDUH
0RGHOTXDOLW\ZDVHYDOXDWHGE\WKHPDQXIDFWXUHU¶VLQGH[WKH4YDOXHGHVFULEHGLQ$SSHQGL[%

$VVHVVPHQWRI:DYHQXPEHUVIRU8VHLQ0RGHOV
,WLVSRVVLEOHWRLPSURYHWKHTXDOLW\RIPRGHOVE\UHILQLQJWKHUDQJHRIZDYHQXPEHUV
HPSOR\HGWKHUHLQ,WLVLPSRUWDQWWRPDLQWDLQDVPXFKRIWKHYDOXDEOHLQIRUPDWLRQFRQWDLQHGLQWKH
VSHFWUXPDVSRVVLEOH+RZHYHULQFOXVLRQRIGDWDIURPDQ\JLYHQZDYHQXPEHUDGGVQRLVHLQ
DGGLWLRQWRDQ\XVHIXOLQIRUPDWLRQLWFDQSURYLGH7KXVLWLVLPSRUWDQWWRLGHQWLI\DQGH[FOXGH
ZDYHQXPEHUVZKLFKODFNVXIILFLHQWXVHIXOLQIRUPDWLRQWRRYHUFRPHWKHDGGLWLRQDOQRLVHWKH\
LPSDUWWRDPRGHO
 &RPSDULVRQRI6SHFWUDO9DULDWLRQ$PRQJDQG:LWKLQ*URXSVH
2QHPHWULFXVHGWRDVVHVVWKHLPSRUWDQFHRIZDYHQXPEHUVIRUGLVFULPLQDWLQJDPRQJ
VDPSOHVLVHWKHUDWLRRIYDULDQFHEHWZHHQGLIIHUHQWJURXSVRIVDPSOHVWRWKHYDULDQFHRIVDPSOHV
ZLWKLQWKHVDPHJURXS7KLVLVGHWHUPLQHGE\WKHIROORZLQJIRUPXOD :XHWDO 
݁ =

σୀଵ ݊ ൫ݕത െ ݕത. ൯
σୀଵ൫݊ െ 1൯ ݏଶ

ଶ



7KHVXEVFULSWVLDQGMGHQRWHWKHZDYHQXPEHUDQGWKHVDPSOHJURXSUHVSHFWLYHO\ZKLOH
QMLQGLFDWHVWKHQXPEHURIVDPSOHVLQJURXSM,QWKHQXPHUDWRUݕത LVWKHPHDQDEVRUEDQFHRIDOO
VDPSOHVIURPWKHVDPHJURXSDWDJLYHQZDYHQXPEHUZKLOHݕത. LVWKHRYHUDOOPHDQDEVRUEDQFHDW
DJLYHQZDYHQXPEHUIRUVDPSOHVIURPDOOJURXSV,QWKHGHQRPLQDWRUݏ LVWKHVWDQGDUG
GHYLDWLRQIRUDOOVDPSOHVIURPWKHVDPHJURXSDWDJLYHQZDYHQXPEHU
:KHQDSDUWLFXODUZDYHQXPEHULVXVHIXOLQGLVFULPLQDWLQJDPRQJGLIIHUHQWW\SHVRI
VDPSOHVWKHVXPRIGLIIHUHQFHVEHWZHHQWKHPHDQDEVRUEDQFHIRUHDFKJURXSDQGWKHRYHUDOO






PHDQLQWKHQXPHUDWRUZLOOJURZ:KHQDSDUWLFXODUZDYHQXPEHULVVWDEOHDPRQJLGHQWLFDO
VDPSOHVWKHVWDQGDUGGHYLDWLRQIRUVDPSOHVZLWKLQWKHVDPHJURXSLQWKHGHQRPLQDWRUZLOO
GLPLQLVK:DYHQXPEHUVZKLFKDUHERWKVWDEOHDQGXVHIXOIRUGLVFULPLQDWLRQZLOOWKXVKDYHWKH
ODUJHVWYDOXHVRIH
 &URVV9DOLGDWLRQ5HJUHVVLRQ&RHIILFLHQWVW7HVW
7KHXVHRIFURVVYDOLGDWLRQWRHVWLPDWHXQFHUWDLQW\LQ3/6UHJUHVVLRQZDVRULJLQDOO\
GHVFULEHGE\0DUWHQVDQG0DUWHQV  7KLVGHYHORSPHQWHQDEOHGVLJQLILFDQFHWHVWLQJRI3/6
PRGHOSDUDPHWHUVVXFKDVUHJUHVVLRQFRHIILFLHQWVVFRUHVDQGORDGLQJVDGGUHVVLQJDNH\FULWLFLVP
RI3/6DPRQJVWDWLVWLFLDQVDWWKHWLPH 'DYLHV 6LJQLILFDQFHWHVWLQJRIUHJUHVVLRQ
FRHIILFLHQWVZDVXVHGWRLPSURYHWKHTXDOLW\RIPRGHOVE\HOLPLQDWLQJXQLPSRUWDQWZDYHQXPEHUV
IURPPRGHOV 0DUWHQV 0DUWHQV:HVWDG 0DUWHQV 
&URVVYDOLGDWLRQLVXVHGWRHYDOXDWHWKHSHUIRUPDQFHRIPRGHOVLQSUHGLFWLQJXQNQRZQV
:LOOLDPV1DHVHWDO $QH[DPSOHIRUPRGHOVFUHDWHGZLWKWHQVDPSOHVLVVKRZQLQ
)LJXUH$WHVWRIWKHPRGHOLVUXQIRUHDFKVDPSOHE\UHPRYLQJLWIURPFRQVLGHUDWLRQGXULQJ
FDOLEUDWLRQIRUDQDQDO\WHRILQWHUHVW7KHSUHGLFWLRQHUURUIRUWKDWWHVWLVGHWHUPLQHGE\WKH
GLIIHUHQFHEHWZHHQWKHDPRXQWVRIDQDO\WHSUHGLFWHGE\WKH1,5PRGHO(ݕො)DQGGHWHUPLQHGIURP
WKHUHIHUHQFHDVVD\()ݕ7HVWUHVXOWVDUHFRPELQHGLQDVLQJOHWHUPWKH5RRW0HDQ6TXDUH(UURU
RI&URVV9DOLGDWLRQ 506(&9 ZKLFKGHFUHDVHVDVSUHGLFWLYHDELOLW\RIWKHPRGHOLPSURYHV$V
WKH506(&9LVDFRPSRVLWHRIWHUPVIRUWKHELDVDQGVWDQGDUGGHYLDWLRQRIUHVLGXDOV VHH
$SSHQGL[% UHSRUWHGE\WKH%XFKL1,5&DOVRIWZDUHWKRVHWHUPVZHUHXVHGKHUHLQVWHDG





Evaluate Predictive Ability of Models A, B and C by Performing Cross Validation on Each as Follows:
Samples (N = 10)
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Figure 19. Cross validation of models created from a set of ten samples. [Adapted from Williams (2001) and Naes et al. (2002)].
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Although the “leave one out” approach at the heart of the cross validation appears again
in the cross validation regression coefficients t-test (Figure 20), the two procedures differ
thereafter and are used for distinct purposes. While the goal of cross validation is to evaluate
model performance, that of the cross validation regression coefficients t-test is to evaluate
wavenumbers to include in a model. In the former procedure, each sample is excluded in turn to
test the accuracy of the model. In the latter, each sample is excluded to generate a “submodel”
from the remaining samples. Like the overall model, each submodel contains a regression
coefficient for each wavenumber.
Wavenumbers with larger regression coefficients in the overall model (B), whether
positive or negative, are more relevant to NIR determination of the analyte of interest.
Wavenumbers with a smaller standard deviation among the regression coefficients of the
submodels (SB) provide more stable results. Wavenumbers which are both relevant and stable are
sought to include in good models, and can be determined by the following t-test when N samples
are used [NIRCal 5.4 Manual; Martens &Martens (2000)]:
𝑡𝑡 =

|𝐵𝐵|�√𝑁𝑁�
(𝑆𝑆𝐵𝐵 )

Regression coefficients can be tested for significance with the use of a t-distribution table. Those
wavenumbers lacking regression coefficients statistically different from zero at the desired
confidence level can be excluded from the model. Alternatively, values of t can be ranked and
models created which retain wavenumbers with t values falling at or above a certain cutoff limit.
In the initial description of the cross validation regression coefficients t-test, Martens and
Martens (2000) used the equation for SB reproduced in Figure 20. This formula used a scaling
coefficient g which reflected terms originally proposed by Tukey (1958) for use in “leave one
out” scenarios. Tukey’s approach was evaluated for effectiveness and subsequently advocated by
Efron (1982).
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Figure 20. Cross validation regression coefficients t-test for a model created from a set of ten samples.
[Adapted from Martens and Martens (2000), Tukey (1958) and NIRCal 5.4 Software Manual].
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Figure 21. Scores plot of qualitative model for discrimination of
15% lipid : white rice flour mixtures.

Table 9. Q-value criteria of qualitative model for discrimination of
15% lipid : white rice flour mixtures.
Penalty
C-Set False Identified (Calibration Sample in Wrong Cluster)
C-Set Not Identified (Calibration Sample Outside All Clusters)
V-Set False Identified (Validation Sample in Wrong Cluster)
V-Set False Identified (Validation Sample Outside All Clusters)
Cluster Index (Samples of Same Type Should be in Single Cluster)
Property Uniformity (Even Spread of Samples Within Clusters)
Property Interference (Independence of Clusters from Each Other)
Q-Value

Value
0
0
0
0
0
0.026112
1.5385
0.847485

Weight
10
10
5
1
1
1
0.1

(-) Flaxseed Oil
(-) Soybean Oil
(-) Canola Oil
(-) Sunflower Oil

(-) Palm Oil
(-) Lard
(-) Chicken Fat
(Saturated)

5.0
4.0
3.0
2.0
1.0

5797 cm-1: -CH2- Stretch
5865 cm-1: -CH3 Stretch
5900

5880

5860

5840

0.0

(Unsaturated)
5820

Wavenumber (cm-1)

5800

5780

-1.0
5760

Intensity of Pretreated Spectra (SNV;
2nd Derivative 9-Point SG Smoothing)
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Figure 22. Pretreated spectra of different fats or oils in 15% lipid : white rice flour
mixtures from 5760-5900 cm-1.

The property uniformity penalty indicated a certain degree of variation in the spread of
nominally identical samples within their respective clusters. Two effects related to such variation
were evident. First, samples of the saturated fats displayed greater variability in scores plots than
those of oils (Figure 21). This is believed to be an artifact of the sample preparation process.
Small pieces of saturated fat samples often stuck to the die upon removal of the sample tablet,
rendering the surface scanned by NIR uneven. Since this experiment involved a single point
measurement directed at the center of the tablet’s surface, the effect of physical scattering was
more pronounced for these samples in comparison to the oil samples which ejected cleanly and
had a uniform flat surface. This scattering was particularly evident for lard and palm oil and is
apparent in the 5760 – 5820 cm-1 region of the second derivative spectra (Figure 22).
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incubation) was only obtained for canola oil. The scores plot for this model is shown in Figure
24. Q-value criteria for this model are shown in Table 11.
To produce an acceptable qualitative model, PCA requires the ability to differentiate
between each time point. If any two cannot be discriminated, the model will fail. Given the
similarity of the sunflower and safflower oils tested as noted in the experiment above, as well as
the high polyunsaturated fatty acid content of sunflower, safflower and soybean oils (67.5, 77.7
and 53.7% linoleic acid (18:2), respectively), the inability to distinguish samples at different time
points likely reflected the difference in times necessary to degrade these oils. Among those
tested, the canola sample was apparently the most stable. As all four time points of the canola
incubation were discernible, the other oil samples reached a state of degradation by the third week
or sooner which was undiscernible from at least one other time point. This is substantiated by
an apparent circular pattern through which samples move during oxidation as shown in scores
plots of the soybean and canola models (Figure 23 and Figure 24, respectively).
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Figure 23. Scores plot of discrimination of oxidation status of soybean oil in 15% soybean
oil : white rice flour mixtures. [Due to data loss, image shown from NIRCal 5.4 with
tolerance radii (ellipses) about scores of calibration (+) and validation () samples.]
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Table 10. Q-value criteria of qualitative model for discrimination of oxidation status of
soybean oil in 15% soybean oil : white rice flour mixtures.
Penalty
C-Set False Identified (Calibration Sample in Wrong Cluster)
C-Set Not Identified (Calibration Sample Outside All Clusters)
V-Set False Identified (Validation Sample in Wrong Cluster)
V-Set False Identified (Validation Sample Outside All Clusters)
Cluster Index (Samples of Same Type Should be in Single Cluster)
Property Uniformity (Even Spread of Samples Within Clusters)
Property Interference (Independence of Clusters from Each Other)
Q-Value

Value
0
0
0
0
0
0.0158566
0.903865
0.90396

Weight
10
10
5
1
1
1
0.1

0.25
0.20
0.15
0.10

PC 2

0.05
0.00
-0.05
-0.10
-0.15
-0.20

T0
1 Week at 60°C
2 Weeks at 60°C
3 Weeks at 60°C
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-0.25 -0.20 -0.15 -0.10 -0.05

0.00
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0.15
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Figure 24. Scores plot of discrimination of oxidation status of canola oil in
15% canola oil : white rice flour mixtures. Each square represents the score of an
individual spectrum acquired on the sample. Three replicate scans were made on each of
ten tablets pressed from each sample.
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Table 11. Q-value criteria of qualitative model for discrimination of oxidation status of
canola oil in 15% canola oil : white rice flour mixtures.
Penalty
C-Set False Identified (Calibration Sample in Wrong Cluster)
C-Set Not Identified (Calibration Sample Outside All Clusters)
V-Set False Identified (Validation Sample in Wrong Cluster)
V-Set False Identified (Validation Sample Outside All Clusters)
Cluster Index (Samples of Same Type Should be in Single Cluster)
Property Uniformity (Even Spread of Samples Within Clusters)
Property Interference (Independence of Clusters from Each Other)
Q-Value

Value
0
0
0
0
0
0.02505
1.634
0.8414

Weight
10
10
5
1
1
1
0.1

In both instances, separation of the samples was possible on two principal component
axes. Interestingly, scores in the canola model appeared to follow a circular path as oxidation
progressed. This was likely in keeping with the cyclic nature of lipid oxidation frequently
mentioned in the literature. Concentrations of early products, conjugated dienes and peroxides,
rise to a certain level before falling as they are converted to secondary product carbonyls. The
soybean model scores also appeared to follow such a path, though they were less conclusive on
this point as soybean oil oxidized earlier, rendering the 3 week sample indistinguishable from one
of the earlier samples and causing the four point model to fail.
Incubation occurred in bottles open to air, which would have allowed volatile aldehydes
to evaporate from the samples. Although it is noted by some authors (Dellarosa et al., 2015;
Yildiz et al., 2001) that signals for the direct detection of carbonyls are lacking in the NIR region
anyhow, the loss of volatile aldehydes from late stage oxidation samples would further render
their spectra similar to early stage samples with equivalent levels of primary oxidation products.
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It was also noteworthy that the canola model was obtained from PCA after selecting
certain wavenumbers from the full range of 4000-10,000 cm-1. This model included spectral
ranges from 4152-4216 cm-1, 4300-4552 cm-1, 4848-5100 cm-1, 5148-5480 cm-1, 6980-7340 cm-1
and 7500-7652 cm-1.

Loadings for both principal component axes are shown in Figure 25. The

importance of wavenumbers around 5000-5200 cm-1 as well as at 7000-7200 cm-1 was
consistently evident in preliminary oxidation studies of different oils on white rice flour.
Possible chemical assignments for important wavenumbers from each of the loading
spectra are shown in Table 12. It is apparent therein that wavenumbers consistent with those
determined from previous lipid oxidation studies (Appendix A) as well as those relevant to the
flour matrix (starch, protein) and possible interferents (moisture) are represented. This
underscores the complexity of the problem as well as the need to account for sample handling and
presentation issues as fully as possible for fine analyses using NIR.
As was the case with the model from the lipid discrimination experiment above, streaking
of scores among nominally identical samples was observed in the canola oxidation model. The
scores for replicate scans of the ten NIR sample tablets made from canola oil at T0 are shown in
Figure 26a, with the tablet number closest to the first replicate and subsequent replicates
connected in order by a line for that tablet. Although scores of each tablet fell randomly within
the cluster along both principal component axes, replicate scans for a given tablet drifted
systematically, primarily along the axis for principal component 1. These effects were also
evident in scores of replicates at each incubation time point (Figure 26b-d). The random scatter
was likely due to inhomogeneity among the samples. The drifting was likely due to sample
temperature or moisture content as neither was controlled and either could result in a systematic
change with time. This is discussed further in Section 5.2.4.2.
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Figure 25. Loadings plots for 15% canola oxidation status model:
(a) Principal component 1; (b) Principal component 2.
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Table 12. Possible chemical assignments from 15% canola oil oxidation status model
loadings: (a) Principal component 1; (b) Principal component 2.

a. Principal component 1
Rank

Wavenumber
(cm-1)

Loading

Possible Assignment(s)

1

5284

2.6567

Starch: 5263*; Carboxylic Acid: 5263*, 5263 (Holman
& Edmondson, 1956); Hydroxyl: 5241*

2

5192

-1.6196

Amide: 5208*; Water: 5165 (Realini et al., 2004), 5181
(Berzaghi et al., 2005), 5187 (Cozzolino et al., 2005),
5195 (Kaddour et al., 2006) and 5208 (Karlsdottir et al.,
2014); Possible Secondary Oxidation Product: 5219
(Takamura et al., 1995)

3

7096

1.1237

Hydroxyl: 7092*, 7042 (Holman et al., 1958);
Hydroperoxides: 7068 (Wojcicki et al., 2015)

1.0551

Hydroxyl: 4975 (Holman et al., 1958); Carbonyl from
Liberated Fatty Acids: 4980 (Cho et al., 1998); Starch:
5000*; Amide: 5000*

4

4980

5

4464

0.8645

Possible Secondary Oxidation Product: 4456
(Takamura et al., 1995); Amino Acid: 4460*; Starch:
4440*; Terminal Epoxides: 4532 (Peck et al., 1987),
4545 (Goddu & Delker, 1958)

6

5368

-0.6839

Polymer Content of Sunflower Oil: 5400 (El-Rafey et
al., 1988)

7

4392

-0.6452

8

4872

-0.5409

9

7232

-0.5107

10
11

4168
7620

0.4646
-0.2968

Starch: 4394*; Methyl: 4386 (Holman & Edmondson,
1956)
Linoleic Acid Content of Sunflower Oil: 4873 (ElRafey et al., 1988); Protein: 4864 (Berzaghi et al., 2005),
4878*; Hydroperoxides: 4831 (Holman et al., 1958)
Polar Content of Sunflower Oil: 7267 (El-Rafey et al.,
1988)
-

* Indicates Data from NIRCal 5.4 Software Chemical Bonding Module
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Table 12. (Continued) Possible chemical assignments from 15% canola oil oxidation status
model loadings: (a) Principal component 1; (b) Principal component 2.
b. Principal component 2
Wavenumber
(cm-1)

Loading

1

4460

0.5696

Possible Secondary Oxidation Product: 4456
(Takamura et al., 1995); Amino Acid: 4460*; Starch:
4440*; Terminal Epoxides: 4532 (Peck et al., 1987),
4545 (Goddu & Delker, 1958)

2

5260

-0.5131

Starch: 5263*; Carboxylic Acid: 5263*, 5263 (Holman
& Edmondson, 1956); Hydroxyl: 5241*

3

5344

0.3602

Polymer Content of Sunflower Oil: 5400 (El-Rafey et
al., 1988)

4

5360

0.3575

Polymer Content of Sunflower Oil: 5400 (El-Rafey et
al., 1988)

5

4392

-0.3479

6

7136

-0.3280

7

7280

0.3063

8

4344

-0.3059

Rank

Possible Assignment(s)

Starch: 4394*; Methyl: 4386 (Holman & Edmondson,
1956)
Hydroxyl: 7143 (Cozzolino et al., 2005)
Polar Content of Sunflower Oil: 7267 (El-Rafey et al.,
1988)
Methylene: 4348 (Holman & Edmondson, 1956), 4348
(Kaddour et al., 2006); Conjugated Systems: 4348
(Holman & Edmondson, 1956)

9

7192

0.2800

Methylene: 7168*; Polymer Content of Sunflower Oil:
7163 (El-Rafey et al., 1988); Hydroxyl: 7143 (Cozzolino
et al., 2005)

10
11

7572
4908

-0.2745
0.2719

Amide: 4926*

* Indicates Data from NIRCal 5.4 Software Chemical Bonding Module
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Figure 26. 15% Canola oil oxidation status model scores: (a) T0; (b) 1 Week; (c) 2 Weeks;
and (d) 3 Weeks incubation. Each number indicates the first replicate of each sample tablet
in the order assayed. Replicate scans are connected by lines in the order acquired.
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Figure 26. (Continued) 15% Canola oil oxidation status model scores: (a) T0; (b) 1 Week;
(c) 2 Weeks; and (d) 3 Weeks. Each number indicates the first replicate of each sample
tablet in the order assayed. Replicate scans are connected by lines in the order acquired.
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Figure 27. Scores plot showing effects of pressure on variability in 15% canola oil : white
rice flour samples using all four forming pressures assayed.
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Figure 28. Scores plot showing effects of pressure on variability in 15% canola oil : white
rice flour samples using the lowest three forming pressures assayed.
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A review of numerous cereal-based food products at the inception of our work indicated
most had oil contents of less than 10%. Our initial experiments were performed with 15% oil to
ensure that the alterations of interest solely in this minor constituent could be detected by FTNIR. Given the inverse relationship between forming pressure and oil content as well as other
preliminary results indicating the sensitivity of FT-NIR, we undertook an investigation of
samples incorporating only 7.5% oil.

5.1.3.2

7.5% Canola Oil: White Rice Flour Samples

Results of the experiment to assess the ability of NIR to discriminate among 7.5% (w:w)
canola oil: white rice flour sample tablets pressed uniformly at different pressures are shown in
the scores plot in Figure 29 and Q-Value criteria in Table 13. In this experiment, NIR was able to
discriminate among samples of identical nominal composition subjected to pressures differing by
only 25 psi. Accordingly, the use of NIR to evaluate forming pressures in powdered samples
with modest oil composition appeared effective, in keeping with its use at much higher pressures
employed in pharmaceutical tableting (Guo et al., 1999; Roggo et al., 2005).
Conversely, if identical samples were packed with variable pressures, e.g. either different
loading into vials or different packing into tablets, the differences in packing would increase
variation among the corresponding NIR spectra and could thereby increase scatter among scores.
Thus, controlling sample packing must be a critical consideration for reducing scatter and
eliminating overlap of sample clusters. It is essential for accurate quantitation of lipid oxidation
and other assays tracking minor changes in samples using NIR.
Whether pressure differences confounded analysis of lipid oxidation in the initial ASL
studies described above depends on the loadings of the pressure discrimination model in
comparison to those of a lipid oxidation model. If there is overlap in the wavenumbers critical to
the models, it is more likely that pressure differences in lipid oxidation samples would interfere
with that analysis.
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Figure 29. Scores plot of pressure discrimination model in 7.5% canola oil : white rice flour
samples using all four forming pressures assayed. Spheres indicate tolerance radii about
sample scores shown as points within to aid three-dimensional visualization.

Table 13. Q-value criteria of qualitative model for pressure discrimination in
7.5% canola oil : white rice flour samples.
Penalty
C-Set False Identified (Calibration Sample in Wrong Cluster)
C-Set Not Identified (Calibration Sample Outside All Clusters)
V-Set False Identified (Validation Sample in Wrong Cluster)
V-Set False Identified (Validation Sample Outside All Clusters)
Cluster Index (Samples of Same Type Should be in Single Cluster)
Property Uniformity (Even Spread of Samples Within Clusters)
Property Interference (Independence of Clusters from Each Other)
Q-Value

Value
0
0
0
0
0
0.001667
0.6691
0.9358

Weight
10
10
5
1
1
1
0.1
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Table 14 shows the eigenvalues for all four principal components of the pressure
discrimination model, including the three principal component axes along which the samples can
be discriminated as well as a fourth corresponding to errors in the data. The eigenvalue for each
principal component indicates the amount of variation among samples in the model attributable to
that principal component. Principal components one through three account for 38.4%, 26.0% and
24.6% of the variation in the set of samples, respectively.
Figure 30 shows the loadings spectra for the first three principal components, with red
highlighted areas in each corresponding to wavenumber ranges used in the qualitative canola
oxidation model above. Although the most critical wavenumbers in the pressure discrimination
model are between 9000 – 10,000 cm-1, there are important features for all three principal
components in this pressure model falling within the 4300-4552 cm-1 range used in the canola
oxidation model. This range is particularly important in loadings of the first and most important
principal component in the pressure discrimination model (Figure 30a). Also, changes in sample
packing, arising here from different forming pressures, are a bulk phenomenon. Thus, packing
differences among samples likely contributed to variation in sample scores of the qualitative
canola oxidation model and forming pressure should be controlled to minimize variation during
quantitative analyses.
Table 14. Eigenvalues of qualitative model for pressure discrimination in
7.5% canola oil : white rice flour samples.

Principal Component 1
Principal Component 2
Principal Component 3
Principal Component 4 (Error)
Total

Eigenvalue
0.0323
0.0219
0.0207
0.0092
0.0841

% of Total
Variation
38.4
26.0
24.6
10.9
100
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Figure 30. Loadings plots for 7.5% canola oil pressure discrimination model:
(a) Principal component 1; (b) Principal component 2; (c) Principal component 3.
Wavenumber ranges important in loadings of the canola oxidation model are shown in red.
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Figure 31. Scores plots of a 10% canola oil: white rice flour sample: (a) Stationary; (b)
Rotating [ Powder;  415 psi Tablet]. Each square indicates the score of a single
replicate stationary scan made at or rotating scan starting at a distinct point of the sample.
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Table 15. Standard deviation of scores of one 10% canola oil : white rice flour sample.
21 Scans Each of 1 Sample
Principal Component 1
Principal Component 2

Powder (n=21)
Stationary
Rotating
-2
1.16 x 10
2.33 x 10-3
-2
1.38 x 10
8.00 x 10-3

415 psi Tablet (n=21)
Stationary
Rotating
-2
1.88 x 10
3.98 x 10-3
-2
3.17 x 10
4.57 x 10-3

Standard Deviation (Scores)

0.04

S
0.03

S

0.02

S

S
0.01

R
0.00

R

Principal Component 1

R

R

Principal Component 2

Figure 32. Standard deviation among scores of 21 scans of a single 10% canola oil : white
rice flour sample [ Powder;  415 psi Tablet; Stationary (S); Rotating (R)].

94

-0.896

7

-0.898
-0.900
-0.902
-0.904

PC2

2

1

-0.906

4

-0.908

5

6

-0.910
-0.912
-0.914

3

-0.916
-0.918
-0.782

-0.780

-0.778

-0.776

-0.774

-0.772

-0.770

-0.768

PC1
Figure 33. Expanded view of scores plot from scans of a single pressed
10% canola oil : white rice flour sample acquired with rotation. Groups of three scans
acquired at 120° angles relative to each other are connected by lines. Numbers indicate the
first scan of each group in temporal order.
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Figure 34. Expanded view of scores plot from scans of a single powdered
10% canola oil : white rice flour sample acquired with rotation. Groups of three scans
acquired at 120° angles relative to each other are connected by lines. Numbers indicate the
first scan of each group in temporal order.
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5.1.4.2

Variability Among Replicate Scans of Multiple Samples

Results of replicate FT-NIR scans of ten samples each of 10% (w:w) canola oil: white
rice flour assayed after tableting at 115 psi or 415 psi are shown in Figure 35. Both panels of
Figure 35 are on the same scale and show an identical area of principal component space.
Although the effect of sample rotation in reducing variation was less profound than in the case of
a single sample, variation among scans of multiple samples was reduced by sample rotation on
both principal component axes. Comparison of these scores plots also indicates rotation
improved resolution among samples subjected to different forming pressures as evidenced by
reduced overlap between different clusters of rotating samples (Figure 35b) than those of
stationary ones (Figure 35a).
Standard deviation data for scores from sets of three scans of each of ten samples are
shown in Table 16 and Figure 36. Sample rotation reduced the standard deviation of scores by
30% along Principal Component 1 and by 33% along Principal Component 2 for the set of low
pressure (115 psi) sample tablets. Rotation also reduced the standard deviation of scores by 59%
along Principal Component 1 and by 56% along Principal Component 2 for the set of high
pressure (415 psi) sample tablets. The difference in the effect of rotation between the two
forming pressures was likely the result of increased sample inhomogeneity induced by the higher
pressure. Although scores from stationary scans of the high pressure samples were more variable,
sample rotation eliminated this effect. Given the advantages of pressure for sample handling, the
415 psi forming pressure was selected for the quantitative ASL study.

96

-0.7

a

-0.72
-0.74
-0.76

PC 2

-0.78
-0.8
-0.82
-0.84
-0.86
-0.88
-0.9
-0.68

-0.66

-0.64

-0.62

-0.6

-0.58

-0.56

PC 1
-0.7

b

-0.72
-0.74
-0.76

PC 2

-0.78
-0.8
-0.82
-0.84
-0.86
-0.88
-0.9
-0.68

-0.66

-0.64

-0.62

-0.6

-0.58

PC 1
Figure 35. Scores plots of 10% canola oil: white rice flour samples:
(a) Stationary; (b) Rotating [ 115 psi Tablets;  415 psi Tablets].
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Table 16. Standard deviation of scores of ten 10% canola oil : white rice flour samples.
3 Scans Each of 10 Samples
Principal Component 1
Principal Component 2

115 psi Tablets (n=30)
Stationary
Rotating
1.51 x 10-2
1.06 x 10-2
1.94 x 10-2
1.29 x 10-2

415 psi Tablets (n=30)
Stationary
Rotating
2.14 x 10-2
8.72 x 10-3
2.82 x 10-2
1.23 x 10-2

Standard Deviation (Scores)

0.04

S

0.03

S
0.02

0.01

0.00

S

R

S
R

Principal Component 1

R

R

Principal Component 2

Figure 36. Standard deviation among scores of triplicate scans of ten 10% canola oil :
white rice flour sample tablets [ 115 psi;  415 psi; Stationary (S); Rotating (R)].

An expanded view of the rotating 415 psi sample scores is shown in Figure 37. Unlike
scores from repeated scanning a single rotating tablet as shown in Figure 33 or from scanning
multiple stationary tablets as shown in Figure 26, no trend was evident in the scores of multiple
rotating tablets. The trending in earlier experiments may have been a temperature or moisture
effect. Repeated scanning of a single sample increased the duration that the sample was atop the
spectrometer, allowing greater shifts in temperature or moisture content of the sample between
initial and final scans. Although scanning only three replicates per sample as in the qualitative
canola oxidation study provided much less time for changes associated with these effects,
repeated measurement of a stationary point was not complicated by shifts in scores due to

98
changes in the sample composition which arise from rotation of the sample during scanning.
Thus, scores of replicate scans of each sample in Figure 24 and Figure 26 showed trending, while
the initial placement for any particular sample in those scores plots depended upon its
composition. The trending effect was not evident in scores of the multiple rotating sample tablets
in Figure 37, likely due to the brief time each sample spent on the spectrometer and the fact that
sample rotation gave rise to shifting composition effects which obscured trending.
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Figure 37. Expanded view of scores plot of rotating sample tablets pressed at 415 psi.
Replicate scans made on each sample tablet are connected by lines. Numbers indicate the
first scan of each of the ten sample tablets assayed in temporal order.
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Plots of oxidation index versus incubation time for each oil are shown in Figure 39,
which displays the average of the three samples taken at each time point with error bars indicating
95% confidence intervals.
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Figure 39. Oxidation index (conjugated dienes) for (a) pecan and (b) canola oils incubated
at 40°C. Each point represents the average of three replicates drawn at that incubation
time. Where error bars do not appear they are below the size of the marker.
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Klein’s oxidation index has been reported to have a linear relationship with the duration
(Babincova et al., 1999) and intensity (Mandal et al., 1978) of oxidizing conditions. Three points
are clearly evident from the figure. First, the first two samples of each oil were taken during a lag
period prior to the propagation phase accompanied by development of conjugated dienes at a
constant rate. The lag period for pecan oil was longer than that for canola oil, a consequence of
different fatty acid composition and different levels of antioxidants in these oils. Second, the rate
at which conjugated dienes were generated during the propagation phase was nearly 30% higher
in canola oil based on the ratio of slopes of the propagation phase lines. Third, while no clear
maximum was reached for pecan oil, oxidation index values for canola oil peaked during the
study as samples at the final time point taken sixteen days after the previous assay were far below
the growth line. This decrease was consistent with the conclusion that conversion of conjugated
dienes to secondary oxidation products was reached in canola.

5.2.1.2 Lipid Hydroperoxides Reference Assay
The distribution of peroxide values among pecan and canola oils during the ASL, shown
in Figure 40, indicated a large disparity between the two oils. The range of peroxide values
observed in canola oil was nearly 6.5 times that of pecan oil. As was observed for conjugated
dienes, peroxide values in both sets of oil samples were skewed towards lower levels of oxidation
under the conditions investigated.
Plots of peroxide values versus incubation time for each oil are shown in Figure 41,
which displays the average of the three samples taken at each time point with error bars indicating
95% confidence intervals. Peroxide values for pecan oil (Figure 41a) were less than one quarter
of the overall range for the first five of the seven time points evaluated. Variability increased as
peroxide values rose in pecan oil. The latter observation was even more pronounced in canola oil
(Figure 41b) where data from the last two time points were highly variable. Unlike the case in
pecan oil, in canola oil the changes between peroxide values of the final two time points appeared
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to level off and their confidence interval ranges largely overlapped. This reinforces the inference
from the oxidation index data that canola oil but not pecan oil reached the point at which levels of
primary lipid oxidation products began to level off or drop, likely as secondary products arose.
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Figure 40. Box and whiskers plots showing distribution of peroxide values (meq/Kg) for oils
during the 40°C ASL study. Whiskers indicate first and fourth quartiles of data and boxes
indicate second and third quartiles of data.

5.2.1.3 Non-Volatile Carbonyl Products Reference Assay
Analysis of carbonyl secondary products of lipid oxidation by the modified DNPH assay
indicated that incubations at 40C for just over fourteen weeks in pecan oil or over fifteen weeks
in canola oil were insufficient to generate substantial amounts of these products. No carbonyls
were observed in chromatograms of any of the pecan oil samples, while among canola oil
samples short chain saturated carbonyls developed only in the final two time points of the study
(Figure 42).
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Figure 41. Peroxide values for (a) pecan and (b) canola oils incubated at 40°C. Each point
represents the average of three replicates drawn at that incubation time. Where error bars
do not appear they are below the size of the marker.
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Figure 42. 360 nm chromatograms following DNPH derivatization of canola oil
incubated at 40°C for 10.86 weeks (top), 13.57 weeks (center) and 15.86 weeks (bottom).
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The conditions for the DNPH assay relied upon lauric aldehyde as a valid internal
standard for saturated aldehydes, while less reactive unsaturated aldehydes were monitored using
233 nm for 2-enals and 270 nm for 2, 4-dienals. Incorporation of the internal standard indicated
the assay worked properly for saturated aldehydes, as peaks for the hydrazone derivative of lauric
aldehyde were consistently observed throughout all blanks and samples. Saturated aldehydes
generated from sample incubation were only observed in the final two time points of the canola
oil incubation.
Although a small peak corresponding to the retention time for butanal was observed at
almost 11 weeks of incubation, it did not arise from oxidation as the chromatogram shown in
Figure 42 (top) was identical to the blank. Interestingly, butanal was not found to increase in
later time points, but a many products arose at shorter retention times in addition to successively
longer chain saturated aldehydes (Figure 42 center, bottom). Casale et al. (2007) investigated the
kinetics of aldol condensation in C2-C8 aliphatic aldehydes and determined butanal to be the
most reactive. Our observations could indicate butanal was not a significant product of oxidation,
evaporated during sample incubation, or underwent side reactions during the DNPH assay.
While many of the products eluting prior to butanal were also observed in the respective
blanks at diminished concentrations, sample chromatograms were much noisier and contained a
peak at 2.8 minutes (Figure 42 bottom) not found in the blank. Yao (2015) also found large
amounts of early eluting products during studies of lipid oxidation using a similar DNPH assay.
These could be natural products of lipid oxidation or side products generated during the DNPH
assay. None of the seven longer chain saturated aldehydes observed in the final week samples of
canola (Figure 42 bottom) were observed in the blank.
Monitoring at 233 nm indicated characteristic peaks for each oil between 16 and 26
minutes (Figure 43). Peak areas among sample batches correlated with conjugated diene levels.
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Figure 43. 233 nm chromatograms of oils incubated at 40°C following DNPH
derivatization: pecan oil at 14.14 weeks (top); canola oil at 13.57 weeks (center); and canola
oil at 15.86 weeks (bottom).
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Given the retention times of these products, they were tentatively identified as core conjugated
dienes attached to triacylglycerols. Chromatograms of samples containing the maximal amount
of conjugated dienes observed for pecan oil (Figure 43 top) and canola oil (Figure 43 center)
indicated a greater amount of a core product eluting between 22 and 23 minutes in canola. This
discrepancy among pecan and canola oils was consistent throughout the ASL, thus it was likely
attributable to differences among the respective fatty acid compositions of the two oils. Typical
compositions for the two are shown in Table 17.
Table 17. Typical fatty acid composition of pecan and canola oils.

Fatty Acid
Pecan Oil* Canola Oil** Pecan Oil*** Canola Oil***
Palmitic
(16:0)
5.2%
5.2%
Stearic
(18:0)
2.7%
4.4%
Saturated
7.9%
9.6%
9.5%
9.6%
Oleic
(18:1)
64.6%
59.5%
Monounsaturated
64.6%
59.5%
52.0%
59.7%
Linoleic
(18:2)
24.4%
18.8%
Linolenic
(18:3)
2.2%
11.9%
Polyunsaturated
26.6%
30.7%
38.5%
30.7%
(Other)
0.9%
0.2%
* (Toro-Vazquez et al., 1999) Average of values from three growing regions.
** (Kostik et al., 2013) Values for high oleic variety.
*** ("Benefits of Cooking With Pecan Oil", 2019)
Toro-Vazquez et al. (1999) observed that the content of oleic acid in pecan oil dropped
while those of linoleic and linolenic acids rose with tree age, with linoleic acid content
significantly greater than linolenic acid. Comparison of values from the first two columns of
Table 17 indicates the largest differences in fatty acid composition between pecan oil and high
oleic canola oil are attributable to these three unsaturated fatty acids. Values in the final two
columns of Table 17 are from the website of Kinloch Plantation Products, LLC, the manufacturer
of the pecan oil used in this study. The canola oil values are identical to those of Kostik et al.
(2013), while those for pecan oil differ greatly from Toro-Vazquez et al. (1999) in the amount of
unsaturated fatty acids. This indicates that the pecan oil used herein had lower contents of oleic
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and linolenic acids but a much higher content of linoleic acid than the high oleic canola oil
assayed herein. Differences in conjugated dienes evident from chromatograms of the two oils at
233 nm thus reflect differences in fatty acid composition. The difference in oxidation rates of the
two oils was attributable to the very high level of natural antioxidants present in pecans, 179.4
μmol Trolox equivalents (TE)/g (Wu et al., 2004) relative to those typically found in plant oils
[i.e. 2.20 μmol TE/g in soybean oil, 1.79 μmol TE/g in extra virgin olive oil, and 1.17 μmol TE/g
in sunflower oil (Pellegrini et al., 2003)].
The changes in chromatograms of canola oil from the penultimate (Figure 43 center) and
final (Figure 43 bottom) time points of the ASL also reflected the observations from the
conjugated dienes assay (Figure 39b). Reduction of conjugated dienes in the final canola oil
samples corresponded with the increase in secondary carbonyl products of lipid oxidation (Figure
42 bottom).
Results may have been attributable to gentle incubation conditions, to evaporation of
volatile aldehydes during incubation, and/or to the presence of endogenous or added antioxidants
in the commercial oils. The incubation periods used for these oils at 40°C were insufficient to
reach the later stages of lipid oxidation in which large amounts of carbonyl secondary products
arose. These observations were also interesting in light of alternate competing pathways of lipid
oxidation being studied in this laboratory. Carbonyl products typically result from scission
reactions of lipid alkoxyl radicals. A strong proton donating source is necessary to stabilize
scission products and drive the reaction forward (Schaich, 2005). In oxidizing oils with randomly
oriented triacylglycerol molecules, abstractable hydrogens are not readily available. Peroxyl
radicals add preferentially to lipid double bonds, generating epoxides instead of hydroperoxides.
Preliminary testing of oils from this experiment indicated the presence of elevated levels of
epoxides. These shifting reaction pathways could explain why carbonyls were not detected under
the conditions investigated. More detailed analyses will be necessary in future studies. Without
available data from the carbonyl reference assay, NIR analysis was not performed for carbonyls.
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reference assay data is lacking. PLS factors, which are derived using the quantitative reference
assay data, are more easily interpreted than principal components in quantitative analyses. Given
this increased difficulty in interpretation and the lack of any improvement in PCR models over
PLSR models, analysis was constrained to PLSR.

Figure 44. Original NIR reflectance spectra of 7.5% (w/w) nominal mixtures of oils from
the ASL study with white rice flour: (a) Pecan oil samples and (b) Canola oil samples.
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Figure 45. Normalized and smoothed average NIR spectra for each of the twenty one
7.5% oil : white rice flour batches from ASL studies of (a) Pecan oil and (b) Canola oil.
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remaining samples. Eliminating the T0 samples reduced scattering at the low end of the data,
while eliminating samples from the final week discarded the most oxidized samples.
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+
+
+
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2
2
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+
+
+
+
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(9 Point S-G
Gap 2)

Q-Value
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(SNV)

Table 18. Q-values for models of conjugated dienes in 7.5% pecan oil samples.

Samples Excluded
from Model

n

+
+
+

1st
2nd

-

21
21
21
21
21

+
+
+

1st
2nd

T0
T0
T0
T0
T0

18
18
18
18
18

+
+
+
+

+
+
+

1st
2nd

Week 14
Week 14
Week 14
Week 14
Week 14

18
18
18
18
18

+
+
+
+

+
+
+

1st
2nd

T0 and Week 14
T0 and Week 14
T0 and Week 14
T0 and Week 14
T0 and Week 14

15
15
15
15
15

The best full spectrum model was obtained by discarding only the T0 samples and
applying normalization, smoothing and first derivative transformation of the spectral data. This
full spectrum model afforded a Q-value of 0.6266.
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Results of models prepared using normalization with smoothing and first derivative
pretreatment are shown in Table 21 ranked by Q-value. Each of the best five models eliminated
the final week samples for canola and all but one also excluded the final week samples for pecan.
Most excluded the T0 samples for canola as well. Overall, improved quality was observed in
conjugated diene models using this pretreatment as samples were excluded.
Table 21. Combined data models of conjugated dienes using
SNV and first derivative pretreatment ranked by Q-value.

PLS
Q-Value
Factors
0.6946
0.6795
0.6774
0.6665
0.6393
0.6282
0.6202
0.6139
0.6131
0.6102
0.5790
0.5529
0.5472
0.5440
0.5355
0.5145

3
6
5
3
6
3
3
3
5
3
5
3
3
5
6
6

Pecan Samples
Excluded

Canola Samples
Excluded

T0

Week 14

T0

Week 15

X

X
X
X

X

X
X
X
X
X

X
X
X

X
X
X
X

X
X

X
X

X
X
X
X
X
X

X

X

X
X
X

n
30
36
33
36
33
36
33
39
39
36
36
39
33
42
36
39

Results of models prepared using normalization and smoothing pretreatment are shown in
Table 22 ranked by Q-value. Although the change in pretreatment shifted the order of sample
sets relative to model quality, the general trend towards improvement with exclusion of samples,
particularly with respect to initial and final canola samples, was preserved. This pretreatment
resulted in the best overall model for the combined data set by excluding the final weeks of each
oil as well as the initial canola oil samples, with a Q-value of 0.7214.
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samples. Eliminating the T0 samples reduced scattering at the low end of the data, while
eliminating samples from the final week discarded the most oxidized samples.

0.3949
0.4575
0.4577
0.4648
0.3041

2
2
2
2
2

+
+
+
+

0.4298
0.5029
0.5030
0.5027
0.4702

2
2
2
2
2

+
+
+
+

0.3533
0.3934
0.3936
0.3548
0.3609

2
2
2
2
2

0.4139
0.4410
0.4412
0.4258
0.4293

2
2
2
2
2

Derivatization

PLS
Factors

Smoothing
(9 Point S-G
Gap 2)

Q-Value

Normalization
(SNV)

Table 23. Q-values for models of peroxide values in 7.5% pecan oil samples.

Samples Excluded
from Model

n

+
+
+

1st
2nd

-

21
21
21
21
21

+
+
+

1st
2nd

T0
T0
T0
T0
T0

18
18
18
18
18

+
+
+
+

+
+
+

1st
2nd

Week 14
Week 14
Week 14
Week 14
Week 14

18
18
18
18
18

+
+
+
+

+
+
+

1st
2nd

T0 and Week 14
T0 and Week 14
T0 and Week 14
T0 and Week 14
T0 and Week 14

15
15
15
15
15

The best model, obtained by excluding only the T0 samples and pretreating spectra by
normalization and smoothing, afforded a Q-value of only 0.5030. Comparison of these models
with those for conjugated dienes (Table 18) using corresponding sample sets and pretreatments
indicated a general reduction in quality among peroxide value models.
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samples and the second best model for pecan oil samples. Either of these pretreatments
accounted for all of the best pecan sample models as well as the three best canola sample models.
Accordingly, each pretreatment was evaluated for all permutations of T0 and final week sample
exclusions of both oils in the combined data set.

+
+
+
+

0.4692
0.4560
0.4444
0.4308

2
3
3
2

+
+
+
+

+
+
+
-

Derivatization

2
2
2
2

Smoothing
(9 Point S-G
Gap 2)

0.5030
0.4648
0.4412
0.3936

Samples Excluded
from Model

n

+
+
+
+

1st
-

T0
T0 and Week 14
Week 14

18
21
15
18

1st
1st
-

T0
Week 15
T0 and Week 15

18
18
21
15

Canola

PLS
Factors

Pecan

Q-Value

Normalization
(SNV)

Table 25. Best individual oil peroxide value models for each sample set.

Results of models from the sixteen sample permutations using normalization with
smoothing and first derivative pretreatment are shown in Table 26 ranked by Q-value. Unlike the
case for conjugated diene models, quality for peroxide models appeared higher when more
samples were included. The sole exceptions were models which excluded only the T0 samples
from either oil (see Table 26 bottom). Models were also generally worse than corresponding ones
for conjugated dienes, which ranged from Q of 0.5145 to 0.6946 (Table 21). The few exceptions
to this observation included the model made with all 42 samples (Q = 0.5913 for peroxides and
0.5440 for conjugated dienes).
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Table 26. Combined data models of peroxide values using
SNV and first derivative pretreatment ranked by Q-value.

Q-Value

PLS
Factors

0.5981
0.5922
0.5913
0.5878
0.5849
0.5829
0.5769
0.5761
0.5736
0.5625
0.5610
0.5516
0.5471
0.5376
0.5229
0.4667

3
3
3
3
3
3
3
3
3
3
3
3
3
3
3
4

Pecan Samples
Excluded
T0
X
X

Week 14
X
X
X
X

X
X
X
X
X

X

Canola Samples
Excluded
T0
X

X
X

X
X
X
X

Week 15

X
X
X
X
X

X
X
X
X
X
X
X
X

n
36
36
42
39
36
36
36
39
33
36
33
33
30
33
39
39

Results of models from the sixteen sample permutations using normalization and
smoothing pretreatment are shown in Table 27 ranked by Q-value. As was the case with
conjugated diene models, the change in pretreatment shifted the order of sample sets relative to
model quality. Without applying the first derivative, the trend of improved quality with
additional samples was clarified.
All eight models comprising the bottom half of the quality rankings excluded the final
week of canola samples (Table 27). The worst four models among those also excluded the T0
canola samples. The worst two of those four models excluded the T0 pecan samples. The worst
of those two models also excluded the final week of pecan samples. This pattern repeated
throughout all eight models which excluded the final week of canola samples, with the single
caveat that the top two of those models had effectively identical Q-values.
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oxidation parameters of interest aligned with overall changes among spectra of different oil
samples during ASL testing. The cross validation regression coefficients t test (Martens &
Martens, 2000) enabled selection of wavenumbers based on how critical they were to changes in
the analyte of interest among ASL samples. Both approaches favor spectral regions which are not
only relevant but also where repeated measurements of a sample are stable.
Analyses using the sample set for the best conjugated dienes (oxidation index) model
[Q value 0.7214, normalization (SNV) and smoothing pretreatment, n = 33 excluding T0 canola
oil samples and the final week samples of both oils] are reported below. However, problems
were encountered using the sample set for the best peroxide value model [Q value 0.6200,
normalization (SNV) and smoothing pretreatment, n = 39 excluding only the T0 canola oil
samples]. Although numerous studies have ascribed bands to peroxides in the area of 4500 5000 cm-1 (see Appendix A), application of the cross validation regression coefficients t test to
this sample set dropped this entire region from the model.
A comparison of the cross validation regression coefficient t test statistics for two models
of peroxide values, one using the 39 samples from the data set providing the best peroxide value
model and the other using the 33 samples from the data set providing the best conjugated diene
model is shown in Figure 46. These sample sets differed only by the final week samples of each
oil. In the 4500 - 5000 cm-1 region, a large difference between sample sets was observed in the t
test values (Figure 46, top) which was largely attributable to an increased standard deviation
(Figure 46, bottom) when the final week samples were included. While including these samples
improved model quality for full spectrum models, it also increased variability in this critical
spectral region that shifted the wavenumber selection process away from a region known for
peroxide signals. When the t test was applied using the smaller sample set, wavenumbers in this
critical region were identified as important. Therefore, the smaller set of 33 samples was used for
wavenumber selection in peroxide value models as well as those for conjugated dienes.
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Figure 46. Comparison of regression coefficient statistics for two initial models of peroxide
values made from different sample sets ( — n = 39; — n = 33): t test values (top), absolute
value (center) and standard deviation among cross validation submodels (bottom).
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(Schaich & Karel, 1976), followed by protonation from antioxidants present, by lipids, or by
protein donor groups.
Values of e for all wavenumbers were within a single order of magnitude (Figure 47a).
Thus, only limited improvements to the model were possible by excluding less valuable
wavenumbers because no regions within the spectrum were overwhelmingly better than any
others. While extremely low value wavenumbers possessing significant noise and little useful
information could be excluded, removal of those with a moderate amount of useful information
would degrade the quality of the model much more rapidly than in the case where certain
wavenumbers were favored by extremely large discrepancies in e values.
Further analysis was made of the individual components of e (Figure 47b). The
numerator of e indicated discrepancies among sample batches at 7116 cm-1 as well as 8264 cm-1
which were degraded in the final calculation of e due to within group variation in those areas. The
former is coincident with hydroxyl vibrations indicative of water, alcohols and other
hydroxylated species, while the latter is a -CH overtone region common in oils. Also, the
numerator indicated a much broader peak above 5000 cm-1 than was evident from e (Figure 47a)
which was degraded by within group variation, particularly at 5028 cm-1 and 5272 cm-1 which
coincides with starch from the rice flour.
These observations indicate compositional variation as the relative content of oil and rice
flour varied within the samples. Additionally, moisture contents may have fluctuated both within
and among sample batches. Both of these phenomena could have impaired model quality.

5.2.4.1 Conjugated Diene Model Improvement Based on e Values
Attempts were made to improve model quality by eliminating wavenumber ranges with e
values below a cutoff threshold. Figure 48 shows the Q-value for the best model obtained for the
full spectrum (e cutoff 0.0) and at wavenumber ranges determined by e cutoffs at intervals of
0.25. As shown in Figure 49, as the e cutoff applied increased, wavenumber ranges used in
models were split, truncated, or lost entirely.
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Figure 47. Plots of (a) e coefficient values; and (b) the numerator and denominator of e.
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Figure 48. Refinement of conjugated dienes model by wavenumber selection based on e.
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Figure 49. Wavenumber ranges used in models after application of e coefficient cutoffs.
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Improvements were slight, while a minor drop in quality was observed from an e cutoff
of 2.25 to 2.5 and sudden drops in quality were observed at two points (2.5 to 2.75 and 5.75 to
6.0). These breakpoints corresponded to the loss of entire regions shown in red in Figure 49. The
slight drop in model quality corresponded to the loss of the 8740-8788 cm-1 region, which falls
within the 8547-8873 cm-1 range for the second overtone of the CH stretch band. The first large
drop coincided with the loss of 4000-4076 cm-1, a region known to contain bands for a methylene
CH combination in lipids (4049 cm-1) as well as CH and CC stretch combination bands (4000
cm-1 and 4063 cm-1) in starch. The second large drop occurred upon loss of the 5148-5180 cm-1
region atop the first of the three largest peaks in the e value spectrum. As discussed above, this
range encompasses bands for moisture and its combination with hydroxyls in starch from the
flour matrix. The highest Q-value (0.7336) was obtained by applying a cutoff of 2.5 with
reinstatement of the 8740-8788 cm-1 region.

5.2.4.2 Conjugated Diene Model Improvement Based on the Numerator of e
Attempts to improve model quality were also made using the numerator of e to determine
the importance of ranges exhibiting differences between groups but with e values decreased due
to within group variation. Figure 50 shows the Q-value for the best model obtained for the full
spectrum and at wavenumber ranges (Figure 51) determined by cutoff intervals of 0.025.
Elimination of wavenumbers at lower cutoff values initially detracted from the quality of
the full spectrum model. Q-values returned to those of the initial model using a cutoff of 0.15, the
first point at which the 7076-7148 cm-1 range (red in Figure 51) was fully discarded. This
corresponds to hydroxyl signals from water, alcohols and other oxygenated compounds, including
hydroperoxides. A slight improvement in model quality peaked at a cutoff of 0.20 (Q-value
0.7288), corresponding to the removal of the shoulder from 5244-5272 cm-1 overlaying an area of
increased within group variability (Figure 47b and Figure 51). This region is near bands reported
for water and includes bands reported for starch, indicating that variation in moisture content or
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Figure 51. Wavenumber ranges used in models after application of numerator of e cutoffs.
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composition (% oil) of the samples likely confounded the analysis. The three ranges in the best
model included 4000-4092 cm-1, 5020-5240 cm-1 and 5780-5852 cm-1. Due to CH bands in the
first and last regions (Appendix A), they may be linked to measurement of oxidation while the
middle region likely accounted for variation in oil and possibly moisture content of the samples.

5.2.4.3 Peroxide Value Model Improvement Based on e Values
The value of e for the combined set of 33 samples was also used to assess peroxide value
model quality. The same pretreatments that provided the best conjugated dienes model, namely,
normalization (standard normal variate) followed by smoothing (9 point Savitzky-Golay gap 2),
were also found to provide the best peroxide value models. Attempts were made to improve
model quality by eliminating wavenumber ranges with e values below a cutoff threshold. Figure
52 shows Q-values for the best models obtained for the full spectrum (e cutoff 0.0) and at
wavenumber ranges determined by e cutoffs at intervals of 0.25.
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Figure 52. Refinement of peroxide value model by wavenumber selection based on e.
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Figure 53. Wavenumber ranges used in models after application of e coefficient cutoffs.
Q values for peroxide models were lower than those for conjugated dienes, indicating a
drop in model quality for this analyte. Unlike those for conjugated dienes, peroxide models
steadily improved as wavenumbers were removed from consideration, with the exception of
quality losses from a peak at an e cutoff of 1.75 to 2.50. The wavenumber ranges lost in this drop
include 6156-6356 cm-1 and 8724-8856 cm-1, both shown in red in Figure 53. The former range
includes CH bands for alkenes as well as hydroxyl bands of water or alcohols. The latter is the
same region observed in quality losses in the conjugated dienes model and corresponds to the
second overtone of the CH stretch band (8547-8873 cm-1).
The best Q-value (0.6110) was observed at an e cutoff of 6.0, in which only the narrow
region from the largest peak in the spectrum of e values (5764 - 5872 cm-1) was retained. The
model was improved by combining that region with 6156-6356 cm-1 and 8724-8856 cm-1,
resulting in a Q-value of 0.6250. When the six samples dropped from the best peroxide value
model were reinstated, model quality improved to a Q-value of 0.6636.
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5.2.4.4 Peroxide Value Model Improvement Based on the Numerator of e
Attempts to improve model quality were also made using the numerator of e to determine
the importance of the ranges exhibiting differences between groups but minimized in the e
calculation due to within group variation. Figure 54 shows Q-values for the best models obtained
for the full spectrum and at wavenumber ranges determined by e numerator cutoffs of 0.025.
Figure 55 shows the wavenumber ranges meeting the respective cutoffs.
Elimination of wavenumbers at lower cutoff values initially improved model quality to a
maximum Q-value of 0.5725 at a cutoff of 0.075. The subsequent drop in model quality
corresponded to the loss of 4336-4376 cm-1 and 8240-8292 cm-1, shown in red in Figure 55. The
former region corresponds to numerous reports of CH bands from lipid oxidation studies and is
close to signals for combination bands for CH stretching and methylene deformation as well as
OH and CC stretching in starch. Lipid oxidation studies have also reported CH bands in the latter
region (Kaddour et al., 2006; Cozzolino et al., 2005; Armenta et al., 2007).
All of the NIR studies we found for peroxides indicated the importance of wavenumbers
in the 4500-5000 cm-1 range (Appendix A). As the 4660-4820 cm-1 range was dropped in going
from a cutoff of 0.050 to 0.075, a refined analysis was performed to determine if this region
should have been discarded. Q values are shown in Figure 56 and wavenumber ranges in Figure
57. The analysis indicated the highest quality model occurred at a cutoff of 0.065 (Q-value
0.5748). This model relied upon seven wavenumber ranges, 4000-4152 cm-1, 4288-4396 cm-1,
4712-4792 cm-1, 4956-5352 cm-1, 5500-5912 cm-1, 7036-7176 cm-1, and 8220-8324 cm-1, which
included an area near wavenumbers attributed to peroxides in several NIR studies of lipid
oxidation (Appendix A).

135
0.65

Q Value

0.60
0.55
0.50
0.45
0.40
0.00

0.05

0.10

0.15

0.20

Numerator of e Cutoff

0.25

0.30

0.35

0.325
0.300
0.275
0.250
0.225
0.200
0.175
0.150
0.125
0.100
0.075
0.050
0.025
0
10000

9000

8000

7000

Wavenumber

6000

(cm-1)

5000

Numerator of e Cutoff

Figure 54. Refinement of peroxide value model by selection of wavenumbers based on the
numerator of e.

4000

Figure 55. Wavenumber ranges used in models after application of numerator of e cutoffs.
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Figure 58. Regression coefficient statistics for best initial conjugated dienes model: t test
values (top), absolute value (center) and standard deviation among cross validation
submodels (bottom).
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Figure 59. Regression coefficient statistics for initial peroxide values model subjected to
improvement procedures: t test values (top), absolute value (center) and standard deviation
among cross validation submodels (bottom).
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Figure 60. Regression coefficient statistics for conjugated dienes model after second
iteration of significance testing (99.5% Confidence): t test values (top), absolute value
(center) and standard deviation among cross validation submodels (bottom).
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5.2.5.2 Conjugated Diene Model Improvement by Ranking of t
Because model optimization stalled during significance testing due to the large size of t
values relative to the critical value in the t-distribution for the number of samples used, ranking
was also evaluated. During each iteration, a series of models was assessed using wavenumbers
with t values at or above a threshold cutoff value. The model with the highest Q-value was
selected and t values were recalculated using regression coefficients of the overall model as well
as the standard deviation of the regression coefficients of submodels generated during cross
validation. These values were used in a cutoff analysis for the following iteration. Q-values for
models from these cutoff analyses beginning with the best initial model for conjugated dienes
(see values of t in Figure 58) are shown in Figure 61, while statistics for the best models are
shown in Table 29.
Table 29. Conjugated diene models from ranking of cross validation regression coefficient
t test values.

Model
Initial (Full Spectrum)
Iteration 1
Iteration 2

Q Value

Wavenumbers Used

0.7214
0.7389
0.7409

1501
911
887

t Cutoff
(Best Model)
10
7.5
0

Application of a t cutoff of 10 to the data from the initial model removed over 1/3 of the
wavenumbers and improved the Q-value to 0.7389. A modest increase in Q-value to 0.7409 was
observed using a t cutoff of 7.5 on data from the first iteration model. Cutoff analysis on the
second iteration model (Figure 61 bottom) failed to generate any improvement, causing
wavenumber ranges to converge and ending the optimization. The ranking procedure resulted in
a slight improvement in model quality beyond significance testing (Q = 0.7409 versus 0.7293)
due to the exclusion of data from additional wavenumbers evident from comparison of Figure 60
and Figure 62. Although sixteen wavenumber ranges were isolated, empirical testing showed that
use of only eight of those further improved model quality to a Q-value of 0.7519 (see Table 32).
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Figure 61. Conjugated dienes model Q-values: wavenumber selection based on cross
validation regression coefficients t test cutoff thresholds for the best initial model (top), best
first iteration model (middle) and best second iteration model (bottom).

143
70
60
50
30

t

40
20
10
9000

8000

7000

6000

Wavenumber (cm-1)

5000

0
4000

1.4
1.2
1.0
0.8
0.6
0.4
0.2
10000

9000

8000

7000

6000

Wavenumber (cm-1)

5000

0.0
4000

| Regression Coefficient |

10000

0.25
0.20
0.15
0.10
0.05
10000

9000

8000

7000

Wavenumber

6000

(cm-1)

5000

Standard Deviation

0.30

0.00
4000

Figure 62. Regression coefficient statistics for conjugated dienes model after second
iteration of regression coefficient t test ranking: t test values (top), absolute value (center)
and standard deviation among cross validation submodels (bottom).
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5.2.5.3 Peroxide Value Model Improvement by Significance Testing of t
As was the case with conjugated dienes, the overwhelming majority of wavenumbers for
the initial peroxide value model (Figure 59) exhibited regression coefficients with t test values
well above zero. A high level of confidence (99.5%) was used to provide the best opportunity for
model improvement during iterations of significance testing. The t test critical value was 2.740.
Optimization converged to a final set of 1255 wavenumbers within four iterations, resulting in a
very modest improvement in model quality (Table 30).
Table 30. Peroxide value models from significance testing of cross validation
regression coefficient t test values at 99.5% confidence.

Model
Initial (Full Spectrum)
Iteration 1
Iteration 2
Iteration 3
Iteration 4
Iteration 5

Q Value
0.5332
0.5486
0.5562
0.5565
0.5567
"

Wavenumbers Used
1501
1322
1263
1256
1255
"

Significance testing from the peroxide value model resulted in slightly fewer
wavenumbers than for the conjugated dienes model. Notable changes included a much broader
gap between wavenumbers used around key hydroxyl bands near 7000 cm-1 in the former [6788 7196 cm-1 (Figure 63)] than in the latter [7100 - 7162 cm-1 (Figure 60)]. Also, the peroxide model
appeared to include slightly more wavenumbers in the 4500 - 5000 cm-1 range often cited in the
lipid oxidation literature.
A modest quality increase resulted upon application of the 1255 wavenumbers isolated by
significance testing to the set of 39 samples which provided the best peroxide value model. As
the Q-value rose from 0.6200 for the full spectrum model to only 0.6360 using wavenumbers
from significance testing, ranking procedures were investigated to determine if the model could
be further improved.
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Figure 63. Regression coefficient statistics for peroxide value model after fourth iteration of
significance testing (99.5% confidence): t test values (top), absolute value (center) and
standard deviation among cross validation submodels (bottom).
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5.2.5.4 Peroxide Value Model Improvement by Ranking of t
The ranking procedure (see 5.2.5.2) was also used on the peroxide value model from the
combined data set of 33 pecan and canola oil samples. Q-values for models from cutoff analyses
beginning with the initial model (Figure 59) are shown in Figure 64, while statistics for the best
models are shown in Table 31.
Table 31. Peroxide value models from ranking of cross validation regression coefficient
t test values
Model
Initial (Full Spectrum)
Iteration 1
Iteration 2
Iteration 3

Q Value

Wavenumbers Used

0.5332
0.5763
0.6453
0.6467

1501
864
226
178

t Cutoff
(Best Model)
12
24
34
0

Analysis of the data from the initial full spectrum model indicated that a t cutoff of 12
resulted in the first maximum in Q-value of 0.5763 (Figure 64 top) associated with the
elimination of over 42% of the spectrum. A t cutoff of 24 was applied in the next iteration
(Figure 64 center), eliminating 85% of the spectrum and improving quality to a Q-value of
0.6453. In the final iteration applied (Figure 64 bottom), a t cutoff of 34 resulted in a slight
improvement in Q-value to 0.6467. This model was unable to be further improved by the ranking
procedure and retained only 178 wavenumbers or 12% of the full spectrum. Unlike the
conjugated dienes model resulting from the ranking procedure (Figure 62), the peroxide value
model (Figure 65) included many fewer wavenumbers in only five discrete regions of the NIR
spectral range. This result reflected the smaller number of hydroxyl bands relative to -CH bands
in NIR. Wavenumbers isolated included 4176 - 4360 cm-1, 4592 - 4632 cm-1, 5216 - 5260 cm-1,
5768 - 5884 cm-1, and 8808 - 9116 cm-1.
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Figure 64. Peroxide value model Q-values: wavenumber selection based on cross validation
regression coefficients t test cutoff thresholds for the initial model (top), best first iteration
model (center) and best second iteration model (bottom).

148
50
40

t

30
20

10000

10000

9000

9000

8000

7000

6000

Wavenumber (cm-1)

8000

7000

Wavenumber

6000

(cm-1)

5000

0
4000

5000

900
800
700
600
500
400
300
200
100
0
4000

| Regression Coefficient |

10

140
120
100
80
60
40
20
10000

9000

8000

7000

Wavenumber

6000

(cm-1)

5000

Standard Deviation

160

0
4000
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and standard deviation among cross validation submodels (bottom).
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Figure 66. Summary of wavenumber ranges isolated by techniques to improve models of conjugated dienes.
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Figure 67. Summary of wavenumber ranges isolated by techniques to improve models of peroxide values.
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5.2.6.1 Conjugated Dienes
Statistics of the best models for conjugated dienes are summarized in Table 32. Models
shown were based on the full spectral range scanned by the NIR as well as selected wavenumber
ranges isolated by the ranking procedure and a subset of those ranges empirically determined to
improve model quality. This subset excluded wavenumbers in the 7000 - 8000 cm-1 region as
well as all wavenumbers above 9100 cm-1. The former range includes bands known to be
associated with moisture near its low end while the latter is inherently variable as noise increases
in FT-NIR spectra approaching 10,000 cm-1.
Plots comparing original and NIR predicted values of conjugated dienes expressed as the
oxidation index for the best models for each sample set are shown in Figure 68. Poor linearity
was observed among samples made with pecan oil (Figure 68, top), while good linearity was
observed for canola oil samples (Figure 68, center) and to a lesser extent for the combined
samples (Figure 68, bottom). The disparity in fit was likely due to changes in the degree of
oxidation of the respective samples.
Despite the large difference in peroxide values observed for the respective oils during the
ASL, the oxidation index values for the two exhibited a substantial degree of overlap. This
indicated that models for both oils should be of similar quality, while the opposite was observed.
Although the increased maximum oxidation index for canola oil (1.3 vs. 1.0 for pecan oil)
certainly contributed to the disparity in quality, closer inspection of the data revealed the
respective distribution of oxidation index values in the samples as the likely explanation for the
poor quality of the pecan oil sample model. While twelve of the fifteen batches (80%) used in the
canola oil sample model had oxidation index values of at least 0.72, twelve of the eighteen
batches (67%) used in the pecan oil sample model had oxidation index values of 0.60 or less.

Table 32. Statistics of best models for conjugated dienes.
Wavenumbers

Q-Value

Calibration
SEC
r2

Pecan Samples
(Normalization (SNV), Smoothing and 1st Derivative)
0.6266
0.6710
Full Spectrum (4000 - 10,000 cm-1)

r

2

Validation
SECV

BIAS

SDReference

RPD

0.1523

0.5739

0.1799

All Samples Except T0 (n = 18)
-0.006836
0.2655
1.476

Selected Ranges *

0.6309

0.6831

0.1495

0.5855

0.1773

-0.006675

0.2655

1.497

Selected Ranges **

0.6331

0.6808

0.1500

0.5870

0.1771

-0.006533

0.2655

1.499

Full Spectrum (4000 - 10,000 cm )
Selected Ranges *

0.7252

0.9817

0.04469

0.8858

All Samples Except T0 and Final Week (n = 15)
0.1437
0.007160
0.3305
2.299

0.7510

0.9727

0.05462

0.8945

0.1299

0.008679

0.3305

2.545

Selected Ranges **

0.7721

0.9743

0.05296

0.9099

0.1206

0.008042

0.3305

2.741

Full Spectrum (4000 - 10,000 cm )
Selected Ranges *

0.7214

All Samples Except Pecan Final Week and Canola T0 and Final Week (n = 33)
0.8687
0.1225
0.7824
0.1694
0.003700
0.3380
1.996

0.7409

0.8610

0.1260

0.7931

0.1621

0.002298

0.3380

2.086

Selected Ranges **

0.7519

0.8630

0.1251

0.8027

0.1585

0.001175

0.3380

2.133

Canola Samples
(Normalization (SNV) and Smoothing)
-1

Pecan and Canola Samples
(Normalization (SNV) and Smoothing)
-1

* 4000 - 4088 cm-1, 4148 - 4416 cm-1, 4568 - 4636 cm-1, 4916 - 5256 cm-1, 5600 - 5900 cm-1, 5940 - 6956 cm-1, 7220 - 7500 cm-1, 7764 -

7820 cm-1, 7884 - 8048 cm-1, 8216 - 8280 cm-1, 8556 - 9100 cm-1, 9176 - 9216 cm-1, 9288 - 9300 cm-1, 9320 - 9348 cm-1, 9724 - 9788 cm-1

and 9848 - 10,000 cm-1

** 4000 - 4088 cm-1, 4148 - 4416 cm-1, 4568 - 4636 cm-1, 4916 - 5256 cm-1, 5600 - 5900 cm-1, 5940 - 6956 cm-1, 8216 - 8280 cm-1, and
8556 - 9100 cm-1
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Figure 68. Original vs. NIR predicted values of conjugated dienes (oxidation index) for best
models of pecan oil samples (n = 18) (top), canola oil samples (n = 15) (center) and combined
sample set (n = 33) (bottom): Pecan oil samples (); Canola oil samples ().
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A key sample presentation issue was whether the amount of sample scanned by the
miniaturized sample system was sufficiently representative to provide a true average spectrum of
the material. The data in Table 32 indicate that the values of SECV were much larger than those
of the BIAS for each model. The former is a measure of precision while the latter is a measure of
accuracy (NIRCal 5.4 Software Manual). Thus, the reproducibility of sample measurement was a
much larger factor than the inherent ability of NIR to discern changes among oxidized samples.
These results indicate that improved sample presentation techniques which can generate more
representative sample spectra can improve the quality of these models.
The miniaturized sample system employed here provided good although not quantitative
results for a set of moderately to well oxidized samples (canola set) and poor results for a set of
limited to moderately oxidized samples (pecan set). As expected, a combination of the sample
sets resulted in a combined model of intermediate quality. Further improvement in sampling
techniques to reduce spectral variation and enhance reproducibility could enable NIR to provide
quantitative results of conjugated dienes in solid food systems.

5.2.6.2 Peroxide Values
Statistics of the best models for peroxide values are summarized in Table 33. Models
shown were based on the full spectral range scanned by the NIR as well as selected wavenumber
ranges isolated by the ranking procedure. As evident from the RPD values, limitation of
wavenumbers used failed to improve model quality for the pecan oil samples. Although a very
limited improvement was observed for canola oil samples when derivatization was used as a
pretreatment, significant improvement was observed when only normalization and smoothing
were applied. This indicated that the optimization process may be linked to the pretreatment
applied. Additional improvement was observed when T0 canola samples were also included.
Although full spectrum models for the combined data set were already superior to those of
individual data sets, the use of selected wavenumber ranges moderately improved quality.

Table 33. Statistics of best models for peroxide values.
Wavenumbers

Q-Value

Calibration
SEC
r2

r

2

Validation
SECV

BIAS

SDReference

RPD

Pecan Samples
(Normalization (SNV) and Smoothing)
-1

Full Spectrum (4000 - 10,000 cm )
Selected Ranges *

0.5030

0.5421

18.06

0.4140

21.34

All Samples Except T0 (n = 18)
-0.7721
26.64
1.248

0.5058

0.5346

18.21

0.4112

21.41

-0.7736

26.64

1.244

Canola Samples
(Normalization (SNV), Smoothing and 1st Derivative)
0.4692
0.8514
Full Spectrum (4000 - 10,000 cm-1)
Selected Ranges *

0.5142

0.8707

72.98

0.7289

102.7

All Samples Except T0 (n = 18)
3.951
189.3
1.843

68.08

0.7814

91.91

1.504

189.3

2.060

Canola Samples
(Normalization (SNV) and Smoothing)
Full Spectrum (4000 - 10,000 cm )
Selected Ranges *

0.4449

0.7739

90.02

0.6109

125.1

All Samples Except T0 (n = 18)
5.995
189.3
1.513

0.5968

0.9308

49.82

0.8958

66.03

4.783

Selected Ranges *

0.6511

0.9320

48.88

0.9050

61.15

-0.01690

-1

189.3

2.867

All Samples (n = 21)
187.5
3.066

Pecan and Canola Samples
(Normalization (SNV) and Smoothing)
-1

Full Spectrum (4000 - 10,000 cm )
Selected Ranges *

0.6200
0.7328

0.9114
0.9184

45.83
43.99

0.8693
0.8998

58.01
50.10

All Samples Except Canola T0 (n = 39)
0.09040
154.0
2.654
-0.3785
154.0
3.073

* 4176 - 4360 cm-1, 4592 - 4632 cm-1, 5216 - 5260 cm-1, 5768 - 5884 cm-1, and 8808 - 9116 cm-1
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Figure 69. Original vs. NIR predicted peroxide values (meq / Kg) for best models of pecan
oil samples (n = 18) (top), canola oil samples (n = 21) (center) and combined sample set
(n = 39) (bottom): Pecan oil samples (); Canola oil samples ().
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Although RPD values of the best models for canola (3.066) and combined sample (3.073) data
sets fell between the ‘poor’ and ‘fair’ ranges (Williams, 2001), they were significantly larger than
the best RPD reported for a peroxide value model in a solid food system (1.42 for moist Asian
noodles, Kaddour et al., 2006).
Plots comparing original and NIR predicted peroxide values for the best models for each
sample set are shown in Figure 69. Poor linearity was observed among samples made with pecan
oil (Figure 69, top), while moderately good linearity was observed for canola oil samples (Figure
69, center) and to a lesser extent for the combined samples (Figure 69, bottom). As was the case
with models of conjugated dienes, the disparity in fit can be explained by the degree of oxidation
of the respective samples.
Unlike the oxidation index values observed for the two oils during the ASL, a nearly six
and a half fold disparity in peroxide values was observed between canola and pecan oils. Given
the much greater stability of pecan oil, the inability to obtain a good linear model for pecan
samples in this study showed that the error tolerable in the canola models which used more
oxidized samples was not acceptable for less oxidized samples with lower peroxide values.
Moreover, although models from canola and combined data sets were much better than those of
pecan, neither was quantitative indicating error affected these models as well.
Part of this error may have arisen from the reference assay values as the PeroxySafeTM kit
(MP Biomedicals, Solon, OH) was subjected to repeated temperature cycling during the course of
the ASL, gradually degrading the response of the standard curve. The largest effect would have
been on later samples, and unlike those of canola the longest incubated pecan oil samples
remained limited in their extent of oxidation. The fact that the peroxide value model was worse
than the conjugated diene model for pecan oil samples supports this since the same spectral data
set was used with the respective reference assay data sets to generate each model.
It was also likely that the number of replicates used (fifteen tablets scanned three time
each) for NIR with the miniaturized sample presentation platform was insufficient to result in an
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average spectrum for each sample batch that accurately reflected the true mean spectrum of that
batch. As observed in the conjugated diene data, values of SECV were much greater than those
of the BIAS across all models (Table 33), reinforcing the finding that reproducibility of sampling
was a greater issue than the inherent accuracy of NIR in quantifying lipid oxidation. Thus, in
addition to ensuring accurate reference assay values throughout the ASL, further improvements in
sample presentation methods may enable NIR to quantitatively model peroxide values as well as
conjugated dienes in solid food systems.
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derived from a set of canola oil samples or a combination set including both pecan and canola oil
samples are shown in Figure 72, with wavenumbers of regression coefficient maxima labeled for
the canola model.
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Figure 70. Characteristic wavenumbers important in lipid oxidation assays. Each circle
represents a wavenumber corresponding to the group or product specified reported in the
literature (see Appendix A).
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Figure 71. Wavenumber ranges used in the best models for lipid oxidation parameters.
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Figure 72. Regression coefficients of best conjugated diene models from 7.5% oil: white rice flour samples:
() canola samples; (–) combined set of pecan and canola samples.
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Assignment of the functional groups important to the conjugated diene models was made
by comparison of the Colthup chart data in Appendix A with these regression coefficients (Figure
73). The largest regression coefficients were in the 5600 - 5900 cm-1 region around 5812 cm-1
(canola model) or 5820 cm-1 (combined pecan and canola model). CH bands are well
documented in this region in oxidation studies of numerous oils as shown in Table 34
(reproduced from Appendix A). The experiment to discriminate among lipids indicated this
region was significant in distinguishing saturated from unsaturated fats (Figure 22). Figure 73
also indicates methyl and methylene signals in this area. Although carboxylic acid, ketone,
alcohol, amine and amide signals also appear in this region, all but the final two of these arise
from CH signals associated with these compounds (Appendix A). Thus, as expected, conjugated
diene models accord weight to regions indicative of carbon-carbon double bonds.
Table 34. CH bands reported near key wavelengths in best conjugated diene model.
Wavenumber
(cm-1)

Feature

Compound / Lipid
System
Ground Beef from
Grass or Grain Fed
Cattle

5780

Oil

5787

Methylene CH
(Asymmetric)

Aliphatic
Compounds

5797

C-H Str. first
overtone

Workman, J., &
Weyer L. (2008)
[Appendix 4a]

CH2

NIRCal 5.4

5797

Methylene CH

Aliphatic
Compounds

Workman, J., &
Weyer L. (2008)
[Appendix 4a]

Palm; Rapeseed

Kaddour et al.,
2006

5807

CH2 (more intense
for fully saturated
fatty acids)
CH

5807

CH2

5814

CH

Fish Oil

5829

CH

Olive; Maize; Seed;
Sunflower

5797

Soybean Oil
Marine & Linseed
Oil Dietary
Supplements

Reference
Realini et al., 2004

Cho et al., 1998
Berzaghi et al.,
2005
Cozzolino et al.,
2005
Armenta et al.,
2007
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Another significant range in both conjugated diene models was 4148 - 4416 cm-1. This
region was linked to lipids and CH bands in numerous oxidation studies (Figure 73 and Appendix
A) as well as an alkene signal at 4261 cm-1 (NIRCal 5.4 Software). The conjugated triene triplet
observed in standards by Holman and Edmondson (Holman & Edmondson, 1956), also evident in
trans, trans conjugated dienes, was associated with this range as well. A number of signals
corresponding to starch and amide bonds have also been found in this area. This region was
likely important for determining the relative amount of oil to flour for any given sample because
signals for lipid, carbohydrate and protein constituents have each been found here. The
determination that much of this region was also included in the best peroxide value models (see
below) reinforced this role. Thus, 4148 - 4416 cm-1 was used for direct determination of
conjugated dienes as well as adjustment of the model for sample composition.
The next significant range included a single broad peak from 4916 - 5256 cm-1.
Regression coefficients in this range differed among models, with those of the canola sample
model being much larger than the model using both pecan and canola samples (Figure 72). No
hydrocarbon CH or alkene signals were found that overlap this region, but numerous oxygenated
products including carboxylic acids, alcohols, polysaccharides and water as well as proteins have
been determined here (Figure 73 and Appendix A). The secondary wavelength (4950 cm-1) in a
MLR model of peroxide values in soybean oil (Cho et al., 1998) also fell within this range. This
region was most likely the key indicator of moisture content among samples, although a second
role is needed to explain the discrepancy in regression coefficients among models with and
without pecan samples. Shifting amounts of other oxygenated products in less oxidized (pecan)
and more oxidized (canola samples) may have caused this difference, indicating a dual purpose
for this range. Thus, to ensure accuracy in lipid oxidation measurements the moisture content of
samples should be monitored as well.
Other significant wavenumber ranges where regression coefficients differed among
models were 8216 - 8280 cm-1 and 8556 - 9100 cm-1. Only methylene CH signals have been
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found in the relatively narrow former region (Figure 73 and Appendix A), thus it is another
indicator of the degree of unsaturation. Changing oxidation levels among the two oils as well as
differences in fatty acid composition [oleic versus linoleic and linolenic acid content (see Table
17)] could explain the discrepancy in regression coefficients among models. The initial peak
(8584 cm-1) in the latter region was also clearly associated with oxidation, as corresponding
methyl and methylene CH and alkene bands (Figure 73 and Appendix A) indicated the degree of
unsaturation. An aliphatic carbonyl signal has also been reported nearby at 8621 cm-1 indicating
the possible contribution of aldehydes or ketones (Appendix A). The broad set of additional
peaks (8700 - 9100 cm-1) overlapped regions documented for the second overtone of alkenes as
well as hydrogen bonded secondary amides indicative of proteins (Figure 73 and Appendix A).
The highest energy (shortest wavelength or longest wavenumber) area included in the models,
this region would have been most affected by application of the Fourier transformation as well as
differences in pressure among the samples (see pressure discrimination model loadings in Figure
30).
The model also included wavenumbers in the 5940 - 6956 cm-1 range with two peaks
flanking the region at 6104 cm-1 and 6956 cm-1. Multiple signals have been found in this area for
matrix constituents (starch, water and proteins) as well as lipid oxidation products including
alkenes, carboxylic acids, alcohols, peroxides and epoxides (Figure 73 and Appendix A).
Functional groups with signals closest to the major peaks in the region include CH (6079 cm-1),
alkenes (6120 cm-1) and epoxides (up to 6100 cm-1) on the low energy side and methylene (6944
cm-1), carboxylic acids (6935 cm-1), peroxides (6950 cm-1), starch (6993 cm-1) and water (6897
cm-1) on the high energy side.
Finally, two minor regions were also included in models of conjugated dienes. The peak
(4568 cm-1) of the narrow range from 4568 - 4636 cm-1 coincided with cis unsaturation signals
(4566 cm-1) found in standards (Holman & Edmondson, 1956; Holman et al., 1958) and breast
meat from chickens fed supplements of marine and linseed oils (Berzaghi et al., 2005). An
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Figure 74. Regression coefficients of best peroxide value models from 7.5% oil: white rice flour samples:
() canola samples; (–) combined set of pecan and canola samples.
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Regression coefficients in the remaining three wavenumber ranges were significantly
reduced. Two of these ranges, 4176 - 4360 cm-1 and 8808 - 9116 cm-1, were slightly truncated
but had similar peak values relative to corresponding regions in the conjugated diene models.
Canola model regression coefficients in the latter range had opposite signs for conjugate diene
(Figure 72) and peroxide value (Figure 74) models. However, T0 and final week samples were
excluded from conjugated diene models but not those of peroxide values. Thus, differences in
wavenumber ranges as well as samples used could explain the shift. As neither wavenumber
range was associated with peroxide signals, each was likely incorporated to monitor matrix
composition and other background changes (fluctuation of alkene and conjugated diene signals)
arising from lipid oxidation according to the functional group assignments made in the discussion
on conjugated diene models (see Section 5.2.6.3.1).
The final range, 4592 - 4632 cm-1, was also slightly truncated from a corresponding
region (4568 - 4636 cm-1) in the conjugated diene models, although the peak value in the peroxide
models shifted to 4608 to 4620 cm-1. Despite loss of the band for cis unsaturation from the
conjugated diene model, bands for alkenes and proteins (hydrogen bonded secondary amides)
remain in this narrower region (Figure 75 and Appendix A). The range also included bands
reported in an assay of fried sunflower oil for linoleic acid content (4604 cm-1 and 4621 cm-1)(ElRafey et al., 1988), a significant fatty acid in both canola and pecan oils (Kostik et al., 2013;
Toro-Vazquez et al., 1999). Although aldehydes and terminal epoxides have also been reported
nearby at 4545 cm-1, the nearest peroxide signal reported fell well above the region at 4798 cm-1.
Interestingly, none of the wavenumbers from the 4800 - 5000 cm-1 range in which
peroxides have been reported in lipid oxidation studies using NIR [4798 cm-1 (Takamura et al.,
1995); 4808 cm-1 and 4950 cm-1 (Cho et al., 1998); 4810 cm-1 (Wojcicki et al., 2015); and 4831
cm-1 (Holman & Edmondson, 1956; Holman et al., 1958; Yildiz et al., 2001)] were isolated in the
best peroxide value models in this study. Also, wavenumbers near the center of the NIR
spectrum were fully dismissed despite reports of peroxides at 6849 cm-1 (Holman & Edmondson,
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1956; Holman et al., 1958) and 7068 cm-1 (Wojcicki et al., 2015). These were likely due to the
manner in which the ASL study was conducted and the sample presentation apparatus used.
Unlike prior studies of lipid oxidation using NIR spectroscopy, in this investigation neat
oils were oxidized and then mixed with a solid carrier to a nominal composition of 7.5% w/w oil
prior to the acquisition of NIR spectra. This procedure ensured that correlations would arise from
lipid oxidation in the oil per se rather than interactions with or oxidation of components of the
rice flour matrix during thermal treatment. It also enabled the reference assay to be performed
without the complicating effects of extraction from the solid matrix. However, to perform NIR
spectroscopy on a solid sample, the oxidized oil first needed to be mixed with the rice flour
matrix.
NIR sample preparation was accomplished using food grade (Type 316) stainless steel
mixing equipment, which includes iron, chromium, manganese and molybdenum (“Stainless
Steel 304-Alloy Composition”, 2019). Although in stainless steel these metals are present in their
elemental state, ionized forms are possible via corrosion. Isopropyl alcohol was used to remove
lipids when this equipment was cleaned between samples. The compatibility between this solvent
and stainless steel (types 304 or 316) is rated as “B-Good: Minor Effect, slight corrosion, or
discoloration” (“Chemical Compatibility Database”, 2019). In the presence of reducing metals
such as Fe2+, lipid hydroperoxides (LOOH) can degrade to alkoxyl radicals (LO) and hydroxide
ions (Schaich, 2005).
It is also possible for lipid alkoxy and peroxyl radicals to undergo co-oxidation with
proteins and carbohydrates (Schaich, 2008). Both of these effects could have occurred to account
for the loss of a clear hydroperoxide signal in the solid sample despite the high degree of
correlation among NIR and reference assay results in models using canola oil samples where high
levels of lipid hydroperoxides were attained during the ASL. Lipid hydroperoxides in neat oils
had the opportunity to decompose to other oxygenated products, such as alcohols, aldehydes and
carboxylic acids, when those oils were incorporated into white rice flour.
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Regarding the absence of signals near the middle of the NIR where peroxides have been
reported, in addition to the considerations above it is known that moisture affects this spectral
region (Appendix A). Fluctuations in moisture content can increase variability, decreasing model
quality and hindering variable selection in improvement techniques. High variability among
pecan and canola samples of the combined data sets was observed at and above 7000 cm-1 in both
conjugated diene and peroxide value models (see bottom of Figures 56 and 57).
The certificate of analysis for the rice flour used in all samples indicated it contained
9.2% moisture. Rice flour is hygroscopic but was stored under argon in Ball jars sealed with gas
impermeable Teflon tape. Although exact moisture control was not possible during sample
preparation and analysis, these were carried out in a small (roughly 50 sq. ft.) dedicated
laboratory on the top floor of the building. A review of campus meteorological records for days
on which apparent outliers were assayed indicated no unusual weather or major shifts in relative
humidity. Thus, while moisture content is important to control, in this study an alternative
explanation was needed for the observed variability.
Boron oxide is the agent responsible for limiting thermal expansion in borosilicate glass.
Hanst et al. (1965) observed a broad infrared peak for boron oxide vapor centered near 1400 cm-1.
Multiples of this fundamental include 7000 cm-1. The specifications for the borosilicate glass
discs used here indicated a thickness of 2 +/- 0.2 mm and a diameter of 1.125” +/- .01”. For each
sample tablet, discs were seated in the insert for placement in the rotating sample holder. Discs
may not have been perfectly flat depending on the fit within the holder insert. Moreover, samples
were friable and small pieces of flour were able to fall between the lip at the base of the insert and
the bottom of the disc. These problems were exacerbated because the assay used transflectance
measurements. Radiation needed to travel twice through the disc, once to reach the sample and a
second time to return to the detector. These changes in placement of the discs may have added
significant variability by altering the path length for radiation to travel through the borosilicate
glass substrate on a sample by sample basis.
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5.2.6.4 Summary of Tentative Functional Group Assignments in Models
Wavenumbers with high regression coefficients in the best models obtained herein
correlated with a number of documented signals for functional groups and compounds implicated
in lipid oxidation per se as well as constituents of the white rice flour matrix. A summary of the
tentative functional group assignments for NIR models of conjugated dienes is presented in
Figure 77. A summary of the tentative functional group assignments for NIR models of peroxide
values is presented in Figure 78. Sources for each functional group assignment are listed in
Appendix A.
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Figure 77. Summary of tentative functional group assignments for important wavenumbers from the best models for conjugated
dienes from 7.5% oil: white rice flour samples: () canola samples; (–) combined set of pecan and canola samples. Sources of
assignments are presented in Appendix A.
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Figure 78. Summary of tentative functional group assignments for important wavenumbers from the best models for peroxide
values from 7.5% oil: white rice flour samples: () canola samples; (–) combined set of pecan and canola samples. Sources of
assignments are presented in Appendix A.
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6.

SUMMARY AND CONCLUSION

Two main objectives were addressed in this project to determine whether NIR could be
applied successfully in studies of lipid oxidation in solid foods. The first was to determine
whether the poor performance reported for such assays was due to inherent limitations of the
technique or arose from causes that could be remedied to enable application of the technique for
rapid analysis of oxidation products. The second was to determine whether it was possible to
carry out such assays using sample sizes practical for a research laboratory.
Qualitative assessments were initially made regarding the ability of NIR to discriminate
among different fats and oils present as a minor ingredient in a model solid food system and to
discriminate among different oxidation levels in oils present as a minor ingredient in a model
solid food system. The effect of sample preparation and presentation on variation observed in the
initial studies was also investigated. Finally, the ability of NIR to accurately quantify three
markers of lipid oxidation, conjugated dienes, lipid hydroperoxides and soluble carbonyls, in
oxidized oils present as a minor ingredient in a model solid food system was studied.
NIR was able to discriminate among seven of eight fats and oils assayed at 15% (w/w) in
white rice flour. Samples which incorporated chicken fat, lard, or palm, flaxseed, canola or
soybean oil were each distinguishable. Sunflower or safflower oil were also distinguishable from
the first six but not each other due to similarities in their fatty acid compositions. The model to
discriminate all but safflower oil samples emphasized the wavenumber range from 5770 - 5900
cm-1, corresponding to CH stretching vibrations for methyl and methylene groups and indicative
of the degree of unsaturation of constituent fatty acids. A scores plot indicated variation along an
axis corresponding to the fat or oil content within each sample, as well as random scatter among
samples of saturated fats from inconsistencies in sample surfaces due to adhesion of those
samples to the die in which they were pressed.
NIR was also able to discriminate among different oxidation levels of the same oil
assayed at 15% (w/w) in white rice flour provided samples were assayed at times which
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correlated with the duration over which the oil oxidized. Following oxidation of thin films of oil
at 60°C for one, two or three weeks, all four time points (including fresh oil at T0) were
distinguishable in samples incorporating canola oil, while only the first three time points were
distinguishable in samples incorporating soybean oil and only the first two were distinguishable
in samples incorporating either sunflower oil or safflower oil. This reflected the different time
required for each oil to degrade, as soybean, sunflower and safflower oils had high levels of
polyunsaturated fatty acids (linoleic acid (18:2) content >50% in soybean oil and >67% in
sunflower and safflower oils) and canola oil was the most stable. Thus, a sampling plan to
develop NIR models of lipid oxidation must account for the rate of oxidative degradation of the
fat or oil of interest.
Variation among nominally identical samples was evident in both discrimination
experiments. Given its negative impact on quantitative assays, sample preparation and
presentation methods were assessed to minimize variation. Results of the qualitative NIR model
for discriminating oxidation states in canola oil samples indicated variation occurred along the
same axis at each time point. Scores of replicates of each sample drifted consistently along the
first principal component axis, indicating a systematic temperature or pressure effect degraded the
quality of the model. Scores of the first replicate of each sample were randomly distributed along
both principal component axes, indicating spurious interferences arising from differences in
composition and/or pressure applied to form the samples. To examine the effects of these
interferences, a lever press capable of applying a uniform pressure to form the samples and a
miniaturized rotating sample platform to average compositional effects were constructed.
Using nominally identical samples of 15% (w/w) canola oil on white rice flour, NIR was
able to discriminate among forming conditions at moderate pressures (340 psi, 365 psi and 390
psi) but not those high enough (415 psi) to induce pooling of oil within samples. The hydrophilic
nature of the rice flour matrix resulted in sample inhomogeneity induced by applying too great a
forming pressure for the amount of oil present in a given sample. Reduction of sample oil content
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to 7.5% (w/w) indicated NIR was able to discriminate forming conditions at higher pressures as
well. Although loadings from the pressure discrimination model indicated wavenumbers in the
9000 - 10,000 cm-1 range were most affected, important wavenumbers from the model for
discriminating oxidation states of canola oil were also impacted. Thus, pressure differences
among identical samples can give rise to NIR spectral variation in lipid oxidation assays and must
be minimized.
A tradeoff existed between the use of pressed and powdered samples. Pressing resulted
in improved protection against the environment (moisture, oxygen and light) during scanning on
the one hand and increased variability from temperature fluctuations and inhomogeneity induced
by the forming process on the other. The latter was compensated for by rotation of the sample
during spectral acquisition to increase the number of positions analyzed. Due to the labile nature
of lipid oxidation products, avoidance of exposure was critical and thus the accelerated shelf life
study was conducted using pressed and rotated samples.
Neat oils were oxidized during an ASL study at 40°C for up to 14.14 to 15.86 weeks for
pecan and canola oils, respectively. Conditions were chosen to avoid shifts in oxidation pathways
altering the distribution of products normally occurring in foods by elevated study temperatures.
Although early products of oxidation were present throughout the incubation, soluble carbonyls
only developed in the final time points of canola oil. Thus, NIR models were confined to
conjugated dienes and lipid hydroperoxides using three sample sets: samples incorporating pecan
oil, samples incorporating canola oil and a combined data set including both types.
The best full spectrum NIR model of conjugated dienes in pecan samples was very poor
(Q = 0.6266), while that in canola samples was better but not quantitative (Q = 0.7252) and that
of the combined sample set was of intermediate quality (Q = 0.7214). The best full spectrum NIR
models of peroxide values were much worse than the corresponding models of conjugated dienes
(Q = 0.5030 for pecan samples, 0.4692 for canola samples, and 0.6200 for all samples).
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Four wavenumber selection methods were investigated to attempt to improve the quality
of the best models using a combined set of pecan and canola samples. For both conjugated diene
and peroxide value models, ranking of the cross validation regression coefficients t test values
provided the greatest improvements. Selection of wavenumbers via this approach provided a
moderate improvement of the conjugated diene model (Q = 0.7214 rose to 0.7409) and a
significant improvement of the peroxide value model (Q = 0.6200 rose to 0.7328). Selection of
certain ranges isolated by the process further improved the conjugated diene model (Q = 0.7519).
Despite reliance on identical NIR sample spectra, conjugated diene models improved as
more samples were excluded while peroxide value models favored the opposite. The importance
of a broader array of wavenumbers to conjugated dienes, due to the prevalence of CH bands
throughout the NIR, afforded more opportunities for interference from a variety of sources to
affect models for that product. Peroxide value models relied upon fewer wavenumbers, making
them more robust to interference. However, inclusion of far more wavenumbers than necessary
in full spectrum models diminished their quality overall relative to corresponding models of
conjugated dienes. This coincided with previous reports that single wavenumber models
provided good results for peroxide values in neat oils.
Wavenumbers isolated from the improvement process were also applied to the best
models based upon sample sets of either oil. Among pecan oil samples, negligible improvement
was observed in both conjugated diene (Q = 0.6266 rose to 0.6331) and peroxide value (Q =
0.5030 rose to 0.5058) models. For canola oil samples, significant improvement was seen in the
conjugated diene model (Q = 0.7252 rose to 0.7721). Although a similar improvement was
observed in the best full spectrum peroxide value model of canola samples (Q = 0.4692 rose to
0.5142), an even greater improvement (Q = 0.4449 rose to 0.5968) was seen in a suboptimal full
spectrum model which relied upon the same normalization and smoothing pretreatments used for
the combined sample model subjected to the improvement procedure. In keeping with the
tendency toward sample inclusion, the optimized peroxide value model for canola samples was
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further improved (Q = 0.6511) by reinstatement of the T0 samples. These samples could not be
reinstated in the conjugated diene model without degrading its quality. The dramatic
improvement in the peroxide value model using normalized and smoothed spectra of canola
samples indicated the pretreatment applied affected the outcome of the improvement process.
The sample set used in the model subjected to improvement also affected the
wavenumbers selected by the process. Direct improvement of the best model of peroxide values
from thirty-nine pecan samples and canola samples resulted in the loss of all wavenumbers from
4500-5000 cm-1, a region known to be associated with peroxides. Improvement of a lower quality
model for peroxides based upon the same thirty-three samples used in the best conjugated diene
model retained an area within that region. Wavenumbers isolated from that procedure were then
able to be applied to improve the best initial model. Interferences affect model quality in two
ways: those at important wavenumbers have a direct impact, while those occurring throughout
the NIR spectrum can shift the outcome of the improvement process, affecting wavenumber
selection and thus the quality of the optimized model. This makes presentation of representative
samples to the NIR using adequate controls for environmental effects (i.e. moisture content)
critical for both creation and use of models.
Models based solely on pecan oil samples were very poor while those using canola oil
samples or a combined set of pecan oil samples and canola oil samples were better but not
quantitative. The limited extent of oxidation in the majority of pecan oil samples was a key
reason for this disparity. For all models, the bias was much smaller than the SECV, indicating
that precision of the NIR results was the most significant detriment to model quality. A major
contributor to the lack of precision was compositional heterogeneity within the samples.
Moreover, the use of borosilicate glass lenses in the sample presentation apparatus also
contributed variation at wavenumbers that may have been important for oxidation studies. The
NIR instrument used transflectance in a bottom-up orientation, thus radiation had to pass through
the substrate twice, once to impinge upon the sample and again to return to the detector. This not
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only reduced the intensity of the beam, but because lenses varied slightly in thickness and may
have seated improperly within the rotating sample holder, changes in path length may have
caused spectral variations. Also, the additive used to impart resistance to thermal expansion in
borosilicate glass, boron oxide, has a broad absorption centered near 1400 cm-1 and thus added to
variation near 7000 cm-1 where peroxide signals have been reported.
Another issue arose from the approach of oxidizing neat oils. As peroxides are highly
reactive species, this approach improved the accuracy of chemical assays by eliminating an
extraction step but added the potential for conversion of analytes to other species in NIR samples
upon incorporation of oxidized oils into a solid matrix. Among the best models of peroxide
values, wavenumbers with the highest regression coefficients corresponded to a host of oxidized
species, including aldehydes, ketones, alcohols and carboxylic acids. However, regions
traditionally associated with peroxide signals were largely absent. This suggested that many of
the peroxides present in oxidized oils converted to secondary oxidation products either by
standard decomposition or by co-oxidation of other components of the rice flour matrix upon
mixing and/or forming the NIR samples. Metal leaching from the stainless steel bowl may have
catalyzed standard peroxide degradation during mixing and forming of NIR samples. Although
lipid co-oxidation of proteins via radical reactions or hydroperoxide-protein amine cage reactions
has been documented in model systems, it remains to be determined if these reactions occur when
oil hydroperoxides are incubated within a solid food matrix.
NIR is a powerful technique that holds great promise for rapid and environmentallysound analysis of food products. Using a simplified model solid food system and moderate
amounts of sample practical for use in a research laboratory, high although not quantitative
correlations for conjugated dienes and peroxide values were obtained for oils present at an
amount similar to the oil content of many cereal-based and other dry food products. However,
results were obtained after employing an improvement process which can be computationally
intensive and is highly dependent on the quality of sample measurements. Although RPD values
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for the best models herein fell at the borderline of the fair and poor classifications (see Appendix
B, Table B.1), they were over twice that of the best models previously reported in similar food
systems (Kaddour et al., 2006, see Table 5) based on spectral data collected with a fiber optic
probe.
Improvements in sample presentation mechanisms will enhance the precision of
measurements, notably the main issue degrading quality in the models developed herein.
Dedicated instruments or modules can be created using optical path configurations and materials
appropriate to finer analyses. Resulting improvements in spectral data will avoid hindrances to
wavenumber selection techniques. Improvements in software will enable automated and
systematic isolation of relevant wavenumber ranges for analytes of interest to supplant manual
calculations and trial and error approaches. Together, such advances may render NIR fully
effective for quantitation of lipid oxidation in solid foods in the future. Even if this goal is not
ultimately achieved, these improvements will extend the range of the technology to analytes
beyond the bulk properties at the core of many current applications. Prospective economic and
environmental benefits of NIR indicate that further development of this technology remains a
worthwhile objective.
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7.

FUTURE WORK

Although NIR models were unable to quantify conjugated dienes and peroxide values in
oils incorporated in the model solid food systems herein, a high degree of correlation was
obtained for these products and factors impacting model quality were identified. Given the
potential advantages of NIR generally as well as for rapid analyses of labile products such as the
indicators of lipid oxidation studied herein, further research is merited with special attention to
the following areas.
The effect of sample moisture on NIR spectra should be investigated to determine
whether monitoring relative humidity in the lab and/or moisture content of samples should
become standard procedures when performing NIR assays of lipid oxidation. This may be
necessary to distinguish contributions of water from other oxygenated products (i.e. alcohols and
carboxylic acids) to certain key regions of NIR spectra. Also, one could incubate larger volumes
of oil and titrate with different volumes of fresh oil to obtain samples with multiple
concentrations of lipid oxidation products to assay contemporaneously. Such analysis of multiple
concentrations of lipid oxidation products on the same day under identical ambient conditions
would provide insight on the effect of relative humidity in lipid oxidation studies such as those
herein in which samples are assayed on different days and under different ambient conditions.
The effect of sample composition should be further investigated. Larger volumes of oil
can be incubated and mixed with a given sample matrix at different weight percentages (i.e. 5,
7.5, 10, 12.5 and 15% (w/w) to determine effects on spectra at each oxidation level.
The effect of co-oxidation of fats or oils of interest with constituents of the solid food
matrix should be investigated. ASL studies wherein oxidized oils are mixed with an inert solid
sample matrix can confirm whether peroxides in this study converted to secondary oxidation
products via co-oxidation with the sample matrix. Additionally, components of the matrix used
in this study (rice starch and rice protein) can be used in separate experiments to determine levels
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of co-oxidation. Finally, experiments wherein oils are co-incubated with the solid matrix should
be performed to determine changes in product composition and spectra.
In each case above, assays of multiple analytes should be performed contemporaneously
by coordinated research teams. Otherwise, a single analyte should be assayed to ensure reference
chemical and NIR assays are performed as close in time as possible and without intervening
storage periods.
Finally, in conjunction with an instrument manufacturer, an improved sample
presentation platform for monitoring labile analytes when using small sample volumes as well as
improved software for optimizing models by selecting wavenumber ranges should be developed.
In the context of lipid oxidation, sample presentation platforms should avoid the use of
borosilicate glass as a sample substrate. Ideally, such platforms will protect the sample from
exposure to the environment, maximize the information obtainable from a limited amount of
sample, and if transflectance is employed, use a top-down orientation to avoid the need for
radiation to pass through a substrate to impinge upon the sample and to return to the detector.
The above experiments and measures will be useful to address areas extrinsic to the NIR
technique per se which can be improved and controlled. Success from the application of one or
more of these modifications could extend the range of this technique for rapid, cost-effective and
green analysis of solid product samples in the food industry as well as many other fields of
endeavor.
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APPENDIX A
Colthup Chart from NIR Studies of Lipids and Lipid Oxidation
[Adapted from NIRCal 5.4 Software Module, Appendix 4a of Workman & Weyer (2008) and Lipid Oxidation Literature]
Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

1744

Carbonyl (tentative; slight change)

Wojcicki et al., 2015

3007

Cis Unsaturation CH (small)

3448

Hydroperoxides

3500
3534
3546
3610
3636
3676
4000

Wojcicki et al., 2015
Holman & Edmondson, 1956
Holman et al., 1958
Holman et al., 1958
Holman & Edmondson, 1956
Holman & Edmondson, 1956
Holman & Edmondson, 1956

Polysaccharides

Workman & Weyer, 2008

Cellulose

Workman & Weyer, 2008

4049
4049

Peroxides
Carboxylic Acid (intense)
Hydroperoxide (tentative)
Hydroxyl
Alcohol Hydroxyl (intense)
Carboxylic Acid (intense)
CH
CH Stretch, CC and COC Stretch
Combination
CH Stretch and CC Stretch
Combination
Methylene CH Combination
Amide

Olive; Sunflower; Rapeseed Oil
Pork Scratchings; Peanuts; Oatmeal;
Muesli
Rapeseed; Corn; Soybean; Sunflower;
Peanut; Extra Virgin Olive Oil
Olive; Sunflower; Rapeseed
Standards
Fatty Acid Standards
Fatty Acid Standards
Standards
Standards
Standards

Workman & Weyer, 2008
Workman & Weyer, 2008

4052

Protein

4060
4063
4068

Amide
C-H Str.+ C-C Str.
Methyl CH

Lipids and Aliphatic Compounds
Proteins
Marine & Linseed Oil Dietary
Supplements
Proteins
Starch
Aliphatic Compounds

4000
4019

Jensen et al., 2004
Vieira & Pasquini, 2013

Berzaghi et al., 2005
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Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

Proteins
ROH

Workman & Weyer, 2008
NIRCal 5.4

Lipids

Workman & Weyer, 2008

4232
4252
4252

Amide
O-H def. Second overtone
CH Stretch and CC Stretch
Combination
Methylene CH Combination
C-H def. Second overtone
CH Bending

Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008

4255

Oil

4259
4259
4261
4261

CH
CH
CH2 sym. Str.+ =CH2 def.
Methylene CH Combination

Aliphatic Compounds (Branched)
Cellulose
Polysaccharides
Ground Beef from Grass or Grain Fed
Cattle
Soybean Oil
Fish Oil
HC=CHCH2
Aliphatic Compounds (Linear)

4264

CH2 Stretch and Bend Combination

Extra Virgin Olive Oil

Manley & Eberle, 2006

4274

CH2
Part of Conjugated Triene Triplet
(also slightly evident in t,tConjugated Dienes)
CH Combination
C-H Str.+ C-H def.

Standards

Holman & Edmondson, 1956

Standards

Holman & Edmondson, 1956

Lean Fish
Cellulose
Cellulose

Karlsdottir et al., 2014
NIRCal 5.4
Workman & Weyer, 2008

Polysaccharides

Workman & Weyer, 2008

Polysaccharides

Workman & Weyer, 2008

CH2

NIRCal 5.4

4090
4202
4202

4274
4274
4281
4281
4283
4292

Cho et al., 1998
Cozzolino et al., 2005
NIRCal 5.4
Workman & Weyer, 2008

194

4305

CH Stretch and CH2 Deformation
Combination
CH Stretch and CH2 Deformation
Combination
C-H Str.+ C-H def.

Realini et al., 2004

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

Polysaccharides

Workman & Weyer, 2008

Standards

Holman & Edmondson, 1956

4314

CH Stretch and CH2 Deformation
Combination
Part of Conjugated Triene Triplet
(also slightly evident in t,tConjugated Dienes)
Methylene

Aliphatic Compounds (Branched)

Workman & Weyer, 2008

4329

CH2 Stretch and Bend Combination

Extra Virgin Olive Oil

Manley & Eberle, 2006

4329
4329
4329
4333
4333
4337

N-H Str.+ C-H def.
CHO
CH Bending
CH
Methylene
CH

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Cozzolino et al., 2005
Workman & Weyer, 2008
Cho et al., 1998

4337

Oil

4348

CH2
Part of Conjugated Triene Triplet
(also slightly evident in t,tConjugated Dienes)
CH2 (more intense for fully
saturated fatty acids)
CH Combination
CH Bending
N-H Str.+ C=O Str.
Amide
C-H Str.+ C-H def.

CH2
Lipids
Lipids
Fish Oil
Aliphatic Compounds (Linear)
Soybean Oil
Ground Beef from Grass or Grain Fed
Cattle
Standards

Holman & Edmondson, 1956

Standards

Holman & Edmondson, 1956

Palm; Rapeseed

Kaddour et al., 2006

Lean Fish
Amides
Amino Acid
Proteins
CH3

Karlsdottir et al., 2014
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
NIRCal 5.4

4307
4310

4348
4348

195

4348
4348
4359
4365-4370
4383

Realini et al., 2004

Wavenumber
(cm-1)
4386
4386
4394
4400
4405
4405
4425
4425
4440
4444
4456
4460
4520-4570
4525
4525-4540
4532
4545
4545
4545

Feature

Compound or Lipid System

Reference

CH3
CH Stretch and Methylene
Deformation
O-H Str.+ C-C Str.
OH Stretch and CO Stretch
Combination
Amide
OH Stretch and CO Stretch
Combination
CH3
Methyl Ester (sharp)
O-H Str.+ O-H def.
Protein

Standards

Holman & Edmondson, 1956

Starch

Workman & Weyer, 2008

Starch

NIRCal 5.4

Glucose

Workman & Weyer, 2008

Proteins

Workman & Weyer, 2008

Cellulose

Workman & Weyer, 2008

Standards
Standards
Starch
Lean Fish

Holman & Edmondson, 1956
Holman & Edmondson, 1956
NIRCal 5.4
Karlsdottir et al., 2014

Canola, Olive and Safflower Oils
Characteristic Absorbance (possible
secondary oxidation product)

Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

Takamura et al., 1995

N-H Str.+ NH3+ def.
CH Stretch and C=O Stretch
Combination
Aldehyde Carbonyl (weak)
Amide
Terminal Epoxides
C-H Str.+ C=O Str.
CH Stretch and C=O Combination
CH

Amino Acid

NIRCal 5.4

Aldehydes

Siesler, et al., 2002

Standards
Proteins
Standards
-CHO
Carbohydrates
Standards

Holman & Edmondson, 1956
Workman & Weyer, 2008
Peck et al., 1987
NIRCal 5.4
Workman & Weyer, 2008
Holman & Edmondson, 1956
196

Wavenumber
(cm-1)
4545
4545
4545

Feature
Deviation in Hoki Spectra related to
Oxygenated Compounds
CHO
Terminal Epoxides (intense)

4550

Linoleic Acid Content Determination
of oil Heated at 200-210°C

4550-5550
4566
4566
4566

Broad OH Band
CH2 asym. Str.+ C= Str.
Cis Unsaturation
Cis Unsaturation

4566

Fatty Acids (Cis Unsaturation)

4587
4587

2x amide I+ amide III
N-H
Polar Content Determination of oil
Heated at 200-210°C
-C=C- Combination (decrease)
Polar Content Determination of oil
Heated at 170-180°C

4587
4590
4596

Compound or Lipid System

Reference

Lean Fish

Karlsdottir et al., 2014

Aldehyde
Standards

Osborne & Fearn, 1986
Goddu & Delker, 1958

Sunflower Oil (Fried)

El-Rafey et al., 1988

Water, Alcohols or Polyols
HC=CH
Standards
Fatty Acid Standards
Marine & Linseed Oil Dietary
Supplements
Protein
Proteins

Workman & Weyer, 2008
NIRCal 5.4
Holman & Edmondson, 1956
Holman et al., 1958

Sunflower Oil (Fried)

El-Rafey et al., 1988

Olive; Sunflower; Rapeseed

Wojcicki et al., 2015

Sunflower Oil (Fried)

El-Rafey et al., 1988

Berzaghi et al., 2005
NIRCal 5.4
Workman & Weyer, 2008

Polymer Content Determination of
oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

4600

Protein

Marine & Linseed Oil Dietary
Supplements

Berzaghi et al., 2005

4604

Linoleic Acid Content Determination
of oil Heated at 200-210°C

Sunflower Oil (Fried)

El-Rafey et al., 1988
197

4596

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

4608
4615

CH of HC=CH
Amide

Alkenes
Proteins

Workman & Weyer, 2008
Workman & Weyer, 2008

4621

Linoleic Acid Content Determination
of oil Heated at 200-210°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

CONHR

NIRCal 5.4

Sunflower Oil (Fried)

El-Rafey et al., 1988

CONH2
Standards
Fatty Acid Standards
Marine & Linseed Oil Dietary
Supplements

NIRCal 5.4
Holman & Edmondson, 1956
Holman et al., 1958

Fish Oil

Cozzolino et al., 2005

Olive; Sunflower; Rapeseed
Standards
HC=CH

Wojcicki et al., 2015
Holman & Edmondson, 1956
NIRCal 5.4

Lipids

Workman & Weyer, 2008

Amino Acid
CONH2,CONHR

NIRCal 5.4
NIRCal 5.4

Fish Oil

Cozzolino et al., 2005

Sunflower Oil (Fried)

El-Rafey et al., 1988

4630

4651
4651
4651

2x amide I+ amide III
Polymer Content Determination of
oil Heated at 170-180°C
2x amide I+ amide III
Cis Unsaturation
Cis Unsaturation

4651

Fatty Acids

4638

4664
4670
4673
4673
4673
4690
4739
4762
4762

198

Cis Unsaturation and CH
Combination
-C=C- Combination (decrease)
Methyl Ester (sharp)
=C-H Str.+ C=C Str.
CH Stretch and C=O Stretch
Combination
N-H Str.+ C=O Str.
N-H sym. Str.+ amide III
Cis Unsaturation and CH
Combination for Terminal Double
Bonds (Characteristic of Fish Oil)
Polymer Content Determination of
oil Heated at 200-210°C

Berzaghi et al., 2005

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

4762
4762
4770

2x O-H def.+ 2x C-O Str.
Carbohydrates
OH Deformation

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

4798

PV (high correlation)

Starch
Carbohydrates
Water or Alcohols
Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

4798

Canola, Olive and Safflower Oils
Characteristic Absorbance (possible
secondary oxidation product); PV in
Soya bean and Cottonseed (low PV
range oils)

Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

Takamura et al., 1995

4804
4808
4808

Peroxides (increase)
PV Calibration Wavelength
Hydroperoxide

Olive; Sunflower; Rapeseed
Soybean Oil
Standards

Wojcicki et al., 2015
Cho et al., 1998
Holman & Edmondson, 1956

4808

Linoleic Acid Content Determination
of oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

ROH, Sucrose, Starch
Olive; Sunflower; Rapeseed
Standards
Fatty Acid Standards
Soybean Oil

NIRCal 5.4
Wojcicki et al., 2015
Holman & Edmondson, 1956
Holman et al., 1958
Yildiz et al., 2001

Proteins

Workman & Weyer, 2008

Proteins
Marine & Linseed Oil Dietary
Supplements

Workman & Weyer, 2008

4808
4810
4831
4831
4831

4854

O-H Str.+ O-H def.
Hydroperoxides
Alcohol Hydroxyl (weak)
Hydroperoxide
PV (significant correlation)
NH Combination (Secondary
Amides)
Amide

4864

Protein

4850

Takamura et al., 1995

Berzaghi et al., 2005
199

Wavenumber
(cm-1)
4865
4866

Feature

Compound or Lipid System

Reference

Amide
Amide NH Stretch and C=O Stretch
Combination

Proteins

Workman & Weyer, 2008

Proteins

Workman & Weyer, 2008

4873

Linoleic Acid Content Determination
of oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

4878
4925
4926
4926
4926
4950
4975
4975
4975
4980
5000
5000
5051
5051

N-H Str.+ amide II
NH and CN Combination
C=O Str. Second overtone
C=O; Acid Value Estimation
Amine
PV Calibration Wavelength
NH and CN Combination
Amine
Hydroxyl
C=O from liberated fatty acids
2x O-H def.+ C-O def.
N-H sym. Str.+ amide II
N-H asym. Str.+ amide II
Amide

CONH2, Protein
Primary Amides
CONH2
Lard
Standards
Soybean Oil
Primary Amides
Standards
Fatty Acid Standards
Soybean Oil
Starch
CONH2,CONHR
Protein
Proteins

NIRCal 5.4
Workman & Weyer, 2008
NIRCal 5.4
Szabo et al., 2009
Holman & Edmondson, 1956
Cho et al., 1998
Workman & Weyer, 2008
Holman & Edmondson, 1956
Holman et al., 1958
Cho et al., 1998
NIRCal 5.4
NIRCal 5.4
NIRCal 5.4
Workman & Weyer, 2008

5076

Linoleic Acid Content Determination
of oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

5100
5102
5102

NH Combination
N-H asym.Str.+ amide II
Polymeric OH

Primary Amides
CONH2
Polysaccharides

Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
200

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

5112

Linoleic Acid Content Determination
of oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

-CO2R
Acids and Esters
Standards
H2O

NIRCal 5.4
Workman & Weyer, 2008
Holman & Edmondson, 1956
NIRCal 5.4

Water

Workman & Weyer, 2008

5128
5128
5128
5155
5155

C=O Str. Second overtone
C=O / C=OOR
Methyl Ester (weak)
O-H Str.+ O-H def.
OH Stretch and HOH Bending
Combination

5165

Water

Ground Beef from Grass or Grain Fed
Cattle

Realini et al., 2004

5181

OH Stretch and HOH Bending
Combination

Polysaccharides

Workman & Weyer, 2008

5181

Moisture

5187
5195

OH (Hydroxyl)
OH Water Combination
OH Stretch and HOH Deformation
Combination
C=O Str. Second overtone
Amide
Water
2x C=O Stretch

5200
5208
5208
5208
5210-5290
5219

Canola, Olive and Safflower Oils
Characteristic Absorbance (possible
secondary oxidation product)

Marine & Linseed Oil Dietary
Supplements
Fish Oil
Palm; Rapeseed

Cozzolino et al., 2005
Kaddour et al., 2006

Water

Workman & Weyer, 2008

CONH
Amides
Lean Fish
Carboxylic Acids

NIRCal 5.4
Workman & Weyer, 2008
Karlsdottir et al., 2014
Siesler, et al., 2002

Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

Takamura et al., 1995

Berzaghi et al., 2005

201

Wavenumber
(cm-1)
5241
5263
5263
5263
5263
5400
5405
5459
5495
5495
5543
5587
5618
5618

Feature

Compound or Lipid System

Reference

O-H Str. first overtone
C=O Str. Second overtone
O-H Str.+2x C-O Str.
Carboxylic Acid (intensity drops with
increasing chain length)
Methyl Ester (weak)
Polymer Content Determination of
oil Heated at 200-210°C
Polymer Content Determination of
oil Heated at 200-210°C
CH (Carbonyls)
O-H Str.+2x C-O Str.
OH Stretch and CO Stretch
Combination
Polymer Content Determination of
oil Heated at 200-210°C
OH Combination
C-H Str. first overtone
Methylene CH

ROH
-CO2H
Starch

NIRCal 5.4
NIRCal 5.4
NIRCal 5.4

Standards

Holman & Edmondson, 1956

Standards

Holman & Edmondson, 1956

Sunflower Oil (Fried)

El-Rafey et al., 1988

Sunflower Oil (Fried)

El-Rafey et al., 1988

Fish Oil
Cellulose

Cozzolino et al., 2005
NIRCal 5.4

Cellulose

Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

Water
Cellulose
Cellulose

Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008

Linoleic Acid Content Determination
of oil Heated at 170-180°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

5650
5666
5666
5666
5675

CH2 in Acids or Alcohols
CH2
C-H Str. first overtone
Methylene CH (Asymmetric)
Methylene CH (Symmetric)

Standards
Extra Virgin Olive Oil
CH2
Aliphatic Compounds
Aliphatic Compounds

Holman & Edmondson, 1956
Manley & Eberle, 2006
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
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5631

Wavenumber
(cm-1)

Feature

5675

Oil

5682

CH
CH2 (more intense for fully
saturated fatty acids)

5682

CH2

5682
5682
5708

5747
5747
5747
5755
5765
5767
5767
5770
5773

CH
CH
Acid Value Calibration Wavelength
Canola, Olive and Safflower Oils
Characteristic Absorbance; PV
(correlation)
S-H Str. first overtone
SH
CH2 in Acids or Alcohols
Amide
Methyl CH (NH2CH3)
CH
CH2
Methyl CH (ROCH3)
Methyl CH (ROHCH3)

5780

Oil

5787
5797
5797

Methylene CH (Asymmetric)
C-H Str. first overtone
Methylene CH

5734

Ground Beef from Grass or Grain Fed
Cattle
Soybean Oil
Palm; Rapeseed
Marine & Linseed Oil Dietary
Supplements
Fish Oil
Lean Fish
Soybean Oil
Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate
-SH
Thiols
Standards
Proteins
Amines
Olive; Maize; Seed; Sunflower
Extra Virgin Olive Oil
Ethers
Alcohols
Ground Beef from Grass or Grain Fed
Cattle
Aliphatic Compounds
CH2
Aliphatic Compounds

Reference
Realini et al., 2004
Cho et al., 1998
Kaddour et al., 2006
Berzaghi et al., 2005
Cozzolino et al., 2005
Karlsdottir et al., 2014
Cho et al., 1998
Takamura et al., 1995
NIRCal 5.4
Workman & Weyer, 2008
Holman & Edmondson, 1956
Workman & Weyer, 2008
Workman & Weyer, 2008
Armenta et al., 2007
Manley & Eberle, 2006
Workman & Weyer, 2008
Workman & Weyer, 2008
Realini et al., 2004
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
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5682

Compound or Lipid System

Wavenumber
(cm-1)

Feature

5807

CH2 (more intense for fully
saturated fatty acids)
CH

5807

CH2

5814
5829
5853
5865
5865

CH
CH
Terminal Methyl CH (RCH3)
C-H Str. first overtone
Methyl CH

5869

Linoleic Acid Content Determination
of oil Heated at 170-180°C

5869
5870
5872
5880
5880
5882

Methyl CH
CH2 (decrease)
Methyl CH
Methyl CH (ROCH3)
Methyl CH (ROHCH3)
CH Stretch

5882

- CH3

5797

5882

Reference

Palm; Rapeseed

Kaddour et al., 2006

Soybean Oil
Marine & Linseed Oil Dietary
Supplements
Fish Oil
Olive; Maize; Seed; Sunflower
Aliphatic Compounds
CH3
Aliphatic Compounds

Cho et al., 1998

Cozzolino et al., 2005
Armenta et al., 2007
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

Aliphatic Compounds
Olive; Sunflower; Rapeseed
Aliphatic Compounds (Branched)
Ethers
Alcohols
Soybean Oil
Marine & Linseed Oil Dietary
Supplements

Workman & Weyer, 2008
Wojcicki et al., 2015
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Yildiz et al., 2001

Fish Oil

Cozzolino et al., 2005

Standards
Standards
Methyl Ketones

Holman & Edmondson, 1956
Holman & Edmondson, 1956
Workman & Weyer, 2008

Berzaghi et al., 2005

Berzaghi et al., 2005
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5882
5882
5898

Characteristic of Oxygenated
Products of Lipid Oxidation in Fish
Oils
CH
CH3 in Acids or Alcohols
Methyl CH Adjacent to Carbonyl

Compound or Lipid System

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

5900
5900
5903
5905
5908
5915-5925
5925
5935

C-H Str. first overtone
Methyl CH
Methyl CH (Asymmetric)
Methyl CH
Methyl CH Beta to Carbonyl
Amide
Methyl CH (ROHCH3)
C-H Str. first overtone

CH3
Aliphatic Compounds
Aliphatic Compounds
Aliphatic Compounds
Ethyl Ketones
Proteins
Alcohols
Aromatic

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4

5938

Canola, Olive and Safflower Oils
Characteristic Absorbance (possible
secondary oxidation product)

Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

Takamura et al., 1995

5946

Methyl CH Beta to Carbonyl

Workman & Weyer, 2008

5952

Fatty Acids

5952
5960

CH
Methyl CH Adjacent to Carbonyl
Polar Content Determination of oil
Heated at 200-210°C
Methyl CH (ROHCH3)
C-H Str. first overtone

Ethyl Ketones
Marine & Linseed Oil Dietary
Supplements
Lean Fish
Methyl Ketones
Sunflower Oil (Fried)

El-Rafey et al., 1988

Alcohols
cis-RCH=CHR`

Workman & Weyer, 2008
NIRCal 5.4

Sunflower Oil (Fried)

El-Rafey et al., 1988

Sunflower Oil (Fried)

El-Rafey et al., 1988

Epoxides

Siesler, et al., 2002

6010
6011
6024
6039
6053

Polar Content Determination of oil
Heated at 170-180°C
CH Stretch 1st Overtone

Karlsdottir et al., 2014
Workman & Weyer, 2008
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6060-6100

Linoleic Acid Content Determination
of oil Heated at 200-210°C

Berzaghi et al., 2005

Wavenumber
(cm-1)
6061
6079
6120
6143
6173
6173
6200
6240-6850
6240-7100
6250-6540
6319
6329
6330
6369
6369
6369
6471
6494

Compound or Lipid System

Reference

Terminal Epoxides
C-H Str. first overtone
Vinyl CH (CH2=CH-)
Polymer Content Determination of
oil Heated at 170-180°C
C-H Str. first overtone
Alkene CH
Vinyl CH Conjugated to Carbonyl
Hydrogen Bonded Alcohol OH
OH Stretch
NH (Secondary Amide)
OH Stretch
O-H Str. first overtone (intermol.Hbond)
OH Combination (Broad)
N-H Str. first overtone
Amide
NH
NH (Secondary Amine)
O-H Str. first overtone (intramol.Hbond)
Polymeric OH
C-H Str. first overtone
Amine
N-H Str. first overtone
Methyne CH
Amide

Standards
R-CH-CH
Aliphatic Compounds

Goddu & Delker, 1958
NIRCal 5.4
Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

=CH2
Alkenes
Alkenes
Alcohols
Water or Alcohols
Proteins
Water or Alcohols

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008

Glucose

NIRCal 5.4

Water or Alcohols
-CONHProteins
Palm; Rapeseed
Secondary Amines

Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Kaddour et al., 2006
Workman & Weyer, 2008

Starch

NIRCal 5.4

Starch / Polymeric Alcohols
=CH
Standards
RNH2

Workman & Weyer, 2008
NIRCal 5.4
Holman & Edmondson, 1956
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

Proteins

206

6494
6523
6536
6536
6536
6536

Feature

Wavenumber
(cm-1)

Feature

Compound or Lipid System

Reference

Secondary Amines

Workman & Weyer, 2008

Starch

NIRCal 5.4

CONH2

NIRCal 5.4

6579
6579
6580

NH (Secondary Amine)
O-H Str. first overtone (intramol.Hbond)
N-H Str. first overtone (intramol.Hbond)
O-H Str. first overtone
Amide
NH (Secondary Amine)

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

6596

Protein

6623
6623
6667
6667
6702
6702
6710
6711

N-H Str. first overtone
Amide
N-H Str. first overtone
Amide
N-H Str. first overtone
Amide
NH (Primary Amides)
N-H Str. first overtone
O-H Str. first overtone (intramol.Hbond)
NH (Secondary Amide)
Polymeric OH
NH (Secondary Amine)
N-H Str. first overtone
Amide
NH (Secondary Amine)

ROH
Proteins
Secondary Amines
Marine & Linseed Oil Dietary
Supplements
Proteins
Proteins
NH
Proteins
ArNH2
Proteins
Primary Amides
CONHR
Cellulose

NIRCal 5.4

Proteins
Starch / Polymeric Alcohols
Secondary Amines
CONH2
Proteins
Secondary Amines

Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

6536
6545
6579

6711
6711
6711
6729
6743
6743
6751

Berzaghi et al., 2005
NIRCal 5.4
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4

207

Wavenumber
(cm-1)
6757

Feature

Compound or Lipid System

O-H Str. first overtone (intramol.H-bond)

Reference
NIRCal 5.4

6798
6798
6805

N-H Str. first overtone
NH (Secondary Amide)
NH (Primary Amides)

CONHR
Proteins
Primary Amides

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

6812

Canola, Olive and Safflower Oils
Characteristic Absorbance (possible
secondary oxidation product)

Canola; Olive; Safflower; Soybean;
Cottonseed; Methyl Oleate; Methyl
Linoleate

Takamura et al., 1995

6812
6826
6831
6835
6844
6849
6849
6849

Tertiary Alcohol OH
NH (Secondary Amine)
Secondary Alcohol OH
Amide
NH (Secondary Amine)
N-H Str. first overtone
Hydroperoxide
Hydroperoxide

Proteins
Secondary Amines
CONH2
Standards
Fatty Acid Standards

Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4
Holman & Edmondson, 1956
Holman et al., 1958

6850

Intramolecularly Bonded Alcohol OH

Alcohols

Workman & Weyer, 2008

6887

Primary Alcohol OH

Workman & Weyer, 2008

6897

Moisture

6897

Water

6897
6897
6897

O-H Str. first overtone
Carbonyl
Polymeric OH

Primary Alcohols
Marine & Linseed Oil Dietary
Supplements
Ground Beef from Grass or Grain Fed
Cattle
Starch,H2O
Ketones and Aldehydes
Starch / Polymeric Alcohols

Secondary Amines

Berzaghi et al., 2005
Realini et al., 2004
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NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

Wavenumber
(cm-1)
6916
6935
6940
6944
6944
6944
6950
6964

Feature

Compound or Lipid System

Reference

2x C-H Str.+ C-H def.
Acid Value Calibration Wavelength
Sugar OH
2x C-H Str.+ C-H def.
Methylene CH
OH
Peroxides (increase)
Polar Content Determination of oil
Heated at 170-180°C

Aromatic
Soybean Oil
Crystalline Sucrose
CH
Aliphatic Compounds
Lean Fish
Olive; Sunflower; Rapeseed

NIRCal 5.4
Cho et al., 1998
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Karlsdottir et al., 2014
Wojcicki et al., 2015

Sunflower Oil (Fried)

El-Rafey et al., 1988

6964

Linoleic Acid Content Determination
of oil Heated at 200-210°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

6964

Linoleic Acid Content Determination
of oil Heated at 200-210°C

Sunflower Oil (Fried)

El-Rafey et al., 1988

Palm; Rapeseed

Kaddour et al., 2006

Sunflower Oil (Fried)

El-Rafey et al., 1988

Sucrose, Starch
Primary Amides
Pork Loin
ArOH
Standards
Fatty Acid Standards
Aromatic
Alcohols

NIRCal 5.4
Workman & Weyer, 2008
Park et al., 2008
NIRCal 5.4
Holman & Edmondson, 1956
Holman et al., 1958
NIRCal 5.4
Workman & Weyer, 2008

6969
6974
6993
6995
7018
7042
7042
7042
7057
7060

OH
Polymer Content Determination of
oil Heated at 170-180°C
O-H Str. first overtone
NH (Primary Amides)
OH
O-H Str. first overtone
Alcohol Hydroxyl (intense)
Hydroxyl
2x C-H Str.+ C-H def.
Alcohol OH (hydrogen bonded)
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Wavenumber
(cm-1)
7062
7062
7065
7067
7067
7068
7082
7085
7090
7092
7092
7092
7143
7163
7163
7168
7168
7194
7267

Polar Content Determination of oil
Heated at 200-210°C
Polar Content Determination of oil
Heated at 200-210°C
Alcohol OH (non-bonded)
2x C-H Str.+ C-H def.
Methylene CH
Hydroperoxides
Polar Content Determination of oil
Heated at 200-210°C
Methylene CH
OH (non-bonded)
O-H Str. first overtone
Methylene CH
Alcohol OH
OH
Methyl CH
Polymer Content Determination of
oil Heated at 200-210°C
2x C-H Str.+ C-H def.
Methylene CH
Methyl CH
Polar Content Determination of oil
Heated at 170-180°C
CH
2x C-H Str.+ C-H def.
Methyl CH Combination

Compound or Lipid System

Reference

Sunflower Oil (Fried)

El-Rafey et al., 1988

Sunflower Oil (Fried)

El-Rafey et al., 1988

Alcohols
CH2
Aliphatic Compounds
Olive; Sunflower; Rapeseed

Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Wojcicki et al., 2015

Sunflower Oil (Fried)

El-Rafey et al., 1988

Aliphatic Compounds (Branched)
ROH
Aliphatic Compounds (Linear)
Alcohols
Fish Oil
Aliphatic Compounds (Branched)

Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Cozzolino et al., 2005
Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

CH2
Aliphatic Compounds
Aliphatic Compounds (Linear)

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

Palm; Rapeseed
CH3
Aliphatic Compounds

Kaddour et al., 2006
NIRCal 5.4
Workman & Weyer, 2008
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7353
7353
7353

Feature

Wavenumber
(cm-1)

Feature

8163

Polymer Content Determination of
oil Heated at 170-180°C
C-H Str. Second overtone

8163

CH (Secondary or Tertiary Carbon)

8143

8425

Protein

8547
8547
8591-8651
8600
8621
8621
8681

C-H Str. Second overtone
Alkene CH (CH=CH)
Methyl Asymmetric CH Stretch
CH2 (decrease)
CH
Carbonyl
C-H Str. Second overtone

Reference

Sunflower Oil (Fried)

El-Rafey et al., 1988

CH

NIRCal 5.4

Aliphatic Compounds

Workman & Weyer, 2008

Sunflower Oil (Fried)

El-Rafey et al., 1988

CH2
Aliphatic Compounds
Aliphatic Compounds
Palm; Rapeseed
Fish Oil
Olive; Maize; Seed; Sunflower
Extra Virgin Olive Oil
Pork Loin
CH3
Aliphatic Compounds
Aliphatic Compounds
Ground Beef from Grass or Grain Fed
Cattle
HC=CH
Alkenes

NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Kaddour et al., 2006
Cozzolino et al., 2005
Armenta et al., 2007
Manley & Eberle, 2006
Park et al., 2008
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008

Olive; Sunflower; Rapeseed
Lean Fish
Aliphatic Compounds
CH3

Realini et al., 2004
NIRCal 5.4
Workman & Weyer, 2008
Osborne & Fearn, 1986
Wojcicki et al., 2015
Karlsdottir et al., 2014
Workman & Weyer, 2008
NIRCal 5.4
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8230
8230
8258
8264
8278
8285
8333
8333
8368
8368
8375

Polymer Content Determination of
oil Heated at 170-180°C
C-H Str. Second overtone
Methylene CH
Methylene CH
CH
CH
CH
CH2
CH
C-H Str. Second overtone
Methyl CH
Methyl CH

8197

Compound or Lipid System

Wavenumber
(cm-1)
8730-8850
8757-8850
8930-9660
8937-9025
9116
9259
9386
9434
9497
9550
9600
9606
9643
9709
9720
9794
9795
9804
9852
9940
9960
10000
10000
10040
10417

Feature
Alkene 2nd Overtone
Alkene 2nd Overtone
H-bonded Secondary Amide
H-bonded Secondary Amide
2x C-H Str.+2x C-C Str.
2x C-H Str.+2x C-C Str.
OH Combination
N-H Str. Second overtone
2x C-H Str.+2x C-H def.+(CH2)n
OH (hydrogen bonded)
Methylene CH
Methylene CH
2x C-H Str.+2x C-H def.+(CH2)n
N-H Str. Second overtone
OH and CO Combination in
Polyfunctional Alcohols
Methyl CH
Methyl CH
2x N-H Str.+2x amide
2x C-H Str.+3x C-H def.
Tertiary Alcohol OH
Secondary Alcohol OH
OH
O-H Str. Second overtone
Primary Alcohol OH
CH

Compound or Lipid System

Proteins
Proteins
Cyclopropane
Benzene
Water or Alcohols
RNH2
CH2
Alcohols
Aliphatic Compounds (Branched)
Aliphatic Compounds (Linear)
Oil
RNH2
Ethers and Esters containing Alcohol
Group
Aliphatic Compounds (Branched)
Aliphatic Compounds (Linear)
Protein
CH3

Pork Loin
ArOH
Lean Fish

Reference
Siesler, et al., 2002
Osborne & Fearn, 1986
Siesler, et al., 2002
Osborne & Fearn, 1986
NIRCal 5.4
NIRCal 5.4
Workman & Weyer, 2008
NIRCal 5.4
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Workman & Weyer, 2008
NIRCal 5.4
NIRCal 5.4
Workman & Weyer, 2008
Workman & Weyer, 2008
Park et al., 2008
NIRCal 5.4
Workman & Weyer, 2008
Karlsdottir et al., 2014
212



$33(1',;%
6WDWLVWLFDO0HDVXUHVRI0RGHO)LWQHVV
7KURXJKRXWWKHSURFHVVRIFDOLEUDWLRQDQGYDOLGDWLRQDYDULHW\RIVWDWLVWLFDOPHDVXUHVDUH
DSSOLHGWRGHWHUPLQHWKHEHVWPRGHOVEDVHGRQWKHFDOLEUDWLRQVDPSOHVDQGKRZZHOOHDFKPRGHO
ILWVWKHUHIHUHQFHDVVD\GDWDIRUDGGLWLRQDOVDPSOHV'XULQJYDOLGDWLRQWKHSUHGLFWLRQVIURPWKH
1,5PRGHO ݕො DQGWKHUHIHUHQFHDVVD\GDWD  ݕUHSUHVHQWGHSHQGHQWDQGLQGHSHQGHQWYDULDEOHV
UHVSHFWLYHO\ :LOOLDPV 7KHVWDWLVWLFDOPHDVXUHVRIILWHQFRPSDVVERWKWKHDFFXUDF\DQG
SUHFLVLRQRIWKHPRGHO,WLVFULWLFDOWRLQWHUSUHWWKHPFRUUHFWO\WRDYRLGJURVVHUURUVLQWKH
SUHGLFWLYHDELOLW\RIWKHPRGHO



'HILQLQJ(UURUWR$VVHVV0RGHO)LWQHVV

7KHSURFHGXUHWRFUHDWHDQ1,5PRGHOLVDQLQKHUHQWO\FRPSDUDWLYHSURFHVVZKLFKUHOLHV
XSRQWKHFROOHFWLRQRIYDOLGGDWDIRUWKHTXDQWLW\RILQWHUHVWXVLQJDQDFFXUDWHUHIHUHQFHDVVD\
$VVXPLQJDVHWRIWHQVDPSOHVDUHPHDVXUHGXVLQJDFHUWDLQUHIHUHQFHDVVD\DQ1,5PRGHOZRXOG
LGHDOO\SURYLGHWKHVDPHYDOXHVDQGDSORWRIUHVXOWVIURP1,5YHUVXVWKHUHIHUHQFHDVVD\ZRXOG
IDOORQDOLQHZLWKDVORSHRIDQG]HURLQWHUFHSW$OWKRXJKVXFKDSORWLQWKHFDVHZKHUH
UHIHUHQFHDVVD\YDOXHVDUHDQGZRXOGLGHDOO\ORRNOLNH)LJXUH%DLQ
UHDOLW\WKHUHVXOWVSUHGLFWHGIURPWKH1,5PRGHOZLOOGHYLDWHIURPWKHLGHDOUHODWLRQVKLS\LHOGLQJ
DVHWRIUHVLGXDOV )LJXUH%E 
7KHDWWULEXWHVRIWKHGLVWULEXWLRQRIUHVLGXDOVLQGLFDWHWKHILWQHVVRIWKH1,5PRGHOLQ
TXDQWLI\LQJWKHDQDO\WHRILQWHUHVW'LVWULEXWLRQVRIWKHRULJLQDOGDWDDQGWKHUHVLGXDOVIURPWKH
H[DPSOHLQ)LJXUH%DUHVKRZQLQ)LJXUH%7KHPHDQRIWKHUHVLGXDOVLVNQRZQDVWKHELDV
ே

 = ܵܣܫܤ(ݕො െ ݕ ) /ܰ
ୀଵ

7KHELDVLVDPHDVXUHRIWKHDFFXUDF\RIWKH1,5PRGHODQGLWVLGHDOYDOXHLV]HUR 1,5&DO
6RIWZDUH0DQXDO 7KHVWDQGDUGGHYLDWLRQRIWKHUHVLGXDOVLVJHQHULFDOO\NQRZQDVWKHVWDQGDUG

214
error of the estimate (SEE) (Naes et al., 2002). The SEE is more specifically termed the standard
error of calibration (SEC) when applied to calibration samples, the standard error of performance
(SEP) or standard error of validation (SEV) when applied to validation samples, and the standard
error of cross validation (SECV) when samples are used for validation in a cross-validation
procedure (Naes et al., 2002; NIRCal 5.4 Software Manual).
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Figure B.1. Correlation of NIR predictions with reference assay values:
(a) Ideal case and (b) Real case.

11





0HDQRI5HVLGXDOV %LDV  

3UREDELOLW\)XQFWLRQ



6' RI5HVLGXDOV 6((  




0HDQRI2ULJLQDO'DWD 



6'RI2ULJLQDO'DWD
6'5HIHUHQFH  
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$SORWRIWKHSUHGLFWHG ݕො YHUVXVUHIHUHQFHDVVD\YDOXHV  ݕIRUWKHVDPSOHVLGHDOO\
SURYLGHVDOLQHZLWKDVORSHRIDQGD]HURLQWHUFHSW )LJXUH%D 7KHFRUUHODWLRQFRHIILFLHQW
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 U LQGLFDWHVWKHGHJUHHRIOLQHDUUHODWLRQVKLSEHWZHHQ ݕො DQG  ݕDQGVKRXOGEHDVFORVHWRDV
SRVVLEOH 1DHVHWDO:LOOLDPV 7KHFRHIILFLHQWRIGHWHUPLQDWLRQ U LQGLFDWHVWKH
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DQGYDOLGDWLRQGDWDVHWV 1,5&DO6RIWZDUH0DQXDO 7KHJHQHUDOIRUPXODIRUWKH49DOXHLV
ܳ െ ܸ݈ܽ= ݁ݑ
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OHDVW7KHSHQDOWLHVDQGZHLJKWVIRUDVVHVVLQJTXDOLWDWLYHDQGTXDQWLWDWLYHPRGHOVDUHVKRZQ
LQ7DEOHV%DQG%UHVSHFWLYHO\
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Table B.2 Q-Value criteria for qualitative models [From NIRCal 5.4 Software Manual].
Penalty

Ideal Value

Weight

C-Set False Identified (Calibration Sample in Wrong Cluster)

0

10

C-Set Not Identified (Calibration Sample Outside All Clusters)

0

10

V-Set False Identified (Validation Sample in Wrong Cluster)

0

5

V-Set False Identified (Validation Sample Outside All Clusters)

0

1

Cluster Index (Samples of Same Type Should be in Single Cluster)

0

1

Property Uniformity (Even Spread of Samples Within Clusters)

Small

1

Property Interference (Independence of Clusters from Each Other)

Small

0.1

Table B.3 Q-Value criteria for quantitative models [From NIRCal 5.4 Software Manual].
Penalty
Rejection of
Known
Rejection of
Unknown
Relative
Consistency
Weighted
BIAS
Validity
Comparability
Precision
Weighted
Accuracy

Formula
Number of C-Set Spectra with
Residual too Large
Number of V-Set Spectra with
Residual too Large
|(𝑆𝑆𝑆𝑆𝑆𝑆 − 𝑆𝑆𝑆𝑆𝑆𝑆)|
(|𝑆𝑆𝑆𝑆𝑆𝑆| + 1)
|𝑉𝑉 − 𝑆𝑆𝑆𝑆𝑆𝑆 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵|
|𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅|
1 – (V-Set Regression
Coefficient)
|(C-Set Regression Coefficient) –
(V-Set Regression Coefficient)|
𝑆𝑆𝑆𝑆𝑆𝑆
|𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅|
|𝑉𝑉 − 𝑆𝑆𝑆𝑆𝑆𝑆 𝑅𝑅𝑅𝑅𝑅𝑅|
�
|𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅|
�
(# 𝑜𝑜𝑜𝑜 𝑉𝑉 − 𝑆𝑆𝑆𝑆𝑆𝑆 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)
�

Ideal Value
0
0
C-Set and V-Set Have Similar
Low Standard Error Terms
Absolute V-Set BIAS Low

Weight
10
1
2
2

V-Set Regression Coefficient
Near 1
C-Set and V-Set Have Similar
High Regression Terms
Standard Error of the V-Set
Low

1

V-Set Residual Sum of
Squared Error Low

1

1
1

