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[INTRODUCTION]

1. INTRODUCTION

Traditional medicine is the most widely used complementary and alternative medicine therapy
worldwide!. Research from Pengpid S and Peltzer S? (2018) stated that 24.4% to 32.9% of
the Indonesian population used traditional medicine every month. This population includes
those who are older, live in urban and rural areas, are unhealthy, have chronic conditions,
have experience symptoms of depression and sleep disorders. Therefore, Indonesia, which is
widely known as the center of world biodiversity, has utilized one of its plant species, red fruit

(Pandanus conoideus, Lam.), as one of the traditional medicinal substances.

1.1 Red Fruit Oil

Pandanus conoideus Lam. is an endemic plant in Papua, Indonesia, and Papua New Guinea.
The local name of Pandanus conoideus is “red fruit”. This fruit has an unusual shape with 68-
110 cmin length and a 10-15 cm diameter. It is red and contains a large amount of oil, known
as Red Fruit Oil (RFO)3. Fig. 1 shows an overview of red fruit trees, red fruit, crude red fruit

oil, and red fruit oil products.

Fig. 1 Red fruit trees (A), Red fruit (B), crude red fruit oil (C), and example of red fruit oil products (D).
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Some species of the genus Pandanus are essential for people who live in the highlands of the
Papua and West Papua Provinces, one of which is Pandanus conoideus, Lam. It is known by
different local names in Indonesia, such as Pandan Seran (Maluku), saun (Seram), Sihu
(Halmahera). At the same time, Papuan calls this plant Buah Merah, which means red fruit.
People of Papua New Guinea also use this plant, commonly known as Marita (Pidgin)*. Red
fruit grows at wider altitudes from the coast up to 1700 m above sea level®. Therefore, these
plants spread almost all over Papua and West Papua territory. However, the tree can
predominantly be found in Jayawijaya Mountains, Jayapura, Manokwari, Nabire, Timika, and

Sorong (sub-district of Ayamaru)®. The botanical classification of the Pandanus conoideus,

Lam.?, is:

Kingdom : Plantae

Division : Spermatophyte

Class : Angiospermae

Subclass : Monocotyledonae

Order : Pandanales

Family : Pandanaceae

Species : Pandanus conoideus, Lam.

Traditionally, red fruit is used by Papuanese as an edible oil to increase energy and strengthen
the immune system. RFO is a natural product obtained from extracted Pandanus conoideus,
Lam. fruit. RFO contains active components such as phenols, carotenoids, tocopherols, and
unsaturated fatty acids. RFO's reported characteristics differ from other Indonesian vegetable
oils such as coconut and palm oil. RFO consist of by saturated fatty acid (10-20 %),
monounsaturated fatty acid (oleic) (60-70 %), and polyunsaturated (2-10 %). The main

components of red fruit oil and the nutritional content of RFO are presented in Table 1.




[INTRODUCTION]

Table 1. Chemical and nutritional properties of RFO per 100 g sample®

Parameter Value
Moisture (g) 0.70
Energy (kcal) 868
Protein (g) <0.10
Lipid (@) 99.70
Carbohydrate (g) 5.10
Sodium (mg) 3
a-Carotene (ug) 130
B-Carotene (ug) 1.980
B-Cryptoxanthin (ug) 1.460
Water (g) 0.30
Calorific value (kcal) 899
Calorific value (kJ) 3695
a-Tocopherol (mg) 21.20

Recent studies indicate that the RFO is the most popular consumed in herbal commerce. This
oil is used for medicinal purposes; the literature records some pharmacological studies with
this RFO. Some of the benefits of red fruit oil are presented in Table 2.

The substantial pharmacological potential makes RFO a promising candidate for herbal
products or functional food. Various RFO products are already on the market in Indonesia and
abroad. However, multiple factors, such as geographical region, harvest time, and processing
method, cause variability of the oil content of this red fruit?*. Furthermore, quality assurance is
required under regulations to ensure that RFO products have a qualified standard as an

alternative to traditional medicine or functional food.
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Table 2. The utilization of RFO

No Study of activity Technical information References
1 Antioxidant activity
Natural Antioxidant 14.45 ppm 9,10
Decreased oxidative DNA damage 50 pM benzo[a]pyrene + RFO, 500 uM tert-butylhydroperoxide + RFO, RFO at 11
a dilution of 1: 10,000 for 24 h
2 Anticancer activity
Prevention of breast cancer development LDso 600 ppm, LDso 0.25 pL/mL 12,13, 14
Prevention of colorectal cancer development LDso 200 ppm 12
Prohibition of the growth of lung cancer cells 500 mg RFO/mL 8,15
Induction of apoptosis of servix cancer sells upregulation of p53ser46 expression and downregulation of pAkt and mTOR 16
3 Antihyperchlolesteromic Activity
Reduction the low-density alloxan induction + RFO 0.12 mL 17
lipoproteincholesterol (LDL-C) in the blood
4 Hypoglycaemeic Activity
Reduction of blood glucose levels RFO 45 mL, 0.5 %, 0.25 % 18,19
5 Antiinflammatory activity
Inhibition inflamation of bowel diseases the inhibition rate was higher at 97% 24 hours after inflamation induction 20
characterized by chronic inflamation to
colorectal cancer
6 Immunomodulatory activity increase the percentage of CCR5 mRNA human blood imune cell by 13.54% 21
on the HIV patient.
7 Hepatoteraphy activity
Recover liver damage RFO 6% b/v 22
8 Natural pigments heptadecene-(8)-carbonic acid (79.66%), hexadecanoid acid (5.62%), and 2,2- 23

dimethyltetrahydrofuran (2.95%)
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1.2. Quality assesment of oils

Oils are generally defined as triacylglycerides (TAG), liquid at room temperature. Based on
their chemical properties, oils can be characterized by specifying values commonly known as
fat parameters. The value of each parameter can be used as a basis for determining oil

quality?>.

The chemical characteristics of edible fats and oils, including acid value (AV), saponification
value (SV), ester value (EV), iodine value (IV), and fatty acid content, are critical parameters
of interest. They determine the shelf-life quality and hence the economic value of oils. A list of
chemical characteristics of edible fats and oils cited from the Ph Eur 10.02¢ standard methods

is given in Table 3.

Table 3. Some chemical characteristics of edible fats and oils

Analysis Abbreviation Ph.Eur Method Determination of

Acid value AV 2.05.01 Titration  Free fatty acid

Ester value EV 2.05.02 (SV-AV) Ester degree

lodine value v 2.05.04 Titration  Unsaturated degree
Saponification value SV 2.05.06 Titration  Average molecular weight
Fatty acid composition - 2.04.22 GLC Percentages of fatty acid

(saturated, monounsaturated and
polyunsaturated fatty acid)

The disadvantages of their determination which are e.g. described in international
pharmacopoeias are the high consumption of solvents and other toxic chemicals and especially

the poor specificity?”:28,

The AV measures the concentration of free fatty acids in fats and oils. The AV is determined
by a titration based on the neutralization reaction of potassium hydroxide in ethanol. The values
are usually expressed as a percent of free fatty acids calculated as oleic acid, lauric, ricinoleic,
and palmitic acids and indicating the hydrolysis of the fat and/or oil. Therefore, free fatty acids

are an essential quality indicator during oil processing and storage.

In order to measure SV, edible fats and oils are refluxed with a defined quantity of known

potassium hydroxide, in an ethanol solution. Subsequently, non-reacted potassium hydroxides
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are back titrated with standard hydrochloric acid. SV represents the average molecular weight

of TAG. The higher SV measures the lower is the molecular weight of the TAG of fats and oils.

The IV characterizes the content of unsaturated fatty acids in TAG. When the mixture of edible
fats and oils is added to a constant iodine bromide solution, the iodine molecules are added to
the present double bonds of the TAG. The remaining iodine is titrated to the starch endpoint
using the standard sodium thiosulfate. Therefore, IV is a valuable parameter for evaluating
vegetable and fish oils. For example, olive oil contains monounsaturated fatty acids (18:1) and
has an IV of 75-90, while soybean oil and corn oil are rich in polyunsaturated fatty acids (18:2);

therefore, they have IV in the range from 120 to 140.

The composition of fatty acids (FA) is a valuable parameter in distinguishing edible fats and
oils. Therefore, with GLC, the composition of fatty acids and oils from edible oils can be
determined using a flame ionization detector (FID) and a capillary column. Therefore, the fatty

acids have to be derivatized to give a methyl ester.

Different sophisticated instrumental techniques have been applied as an alternative to the
classical indices SV, AV, EV, and IV. These techniques include pH-meters?®, chromatography,
especially gas chromatography®, high-performance liquid chromatography3!, high-
performance size exclusion chromatography?’, and FTIR spectroscopy3®?33. Generally, the
results are in good accordance with the classical indices. In 2013, the German Society for Fat
Science issued a standard method [DGF C VI 21a (13)] for using FT-NIR to determine polar
compounds, polymerized triacylglycerols, acid value and anisidine value on frying fats and

oils®4.
1.3 NMR Spectroscopy

1.3.1 Principle of NMR Spectroscopy

All spectroscopic techniques have the same principle, namely the difference in energy between
the two states. This condition is also the main principle of nuclear magnetic resonance (NMR)

spectroscopy. In NMR, there are two nuclear states with nuclear spin quantum numbers of 1/2,
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commonly referred to as a- and [(B-states. The intervention of the atomic nucleus external
magnetic field (Bo) will cause an energy difference between the two nuclei®?, as illustrated in

Fig 2. The energy difference (AE) between the two states is:

AE = yh Bo 1)
where y is the gyromagnetic ratio for a given nucleus and h the reduced Planck’s constant.
Each nucleus has a different gyromagnetic ratio, for example, gyromagnetic ratios of proton

(*H) and carbon (*3C) are 42.58 MHz/T and 10.71 MHz/T, respectively.

If a nucleus is placed in the magnetic field, the spins of the nucleus align along the magnetic
field Bo®3. Since the possible orientation of N of the spins is affected by the spin quantum
number | = 2 | + 1, in the case of hydrogen with |= %, 2 energy levels (E1 and E2) will be
generated, which allow for two types of orientation, namely: parallel and anti-parallel. As can

be seen in Fig. 2. This energy level is known as the Zeeman level®.

||
Bo = ,” YYVYVYY VY E T Spectrum

~—

Fig. 2 lllustration of basic principle NMR: if a nucleus is in a magnetic field, resonance can absorb
electromagnetic energy

A collection of nuclei of atoms with magnetic properties are distributed onto various energy

levels defined by the orientation of their magnetic moments concerning an external magnetic

field. This field is either homogeneous or inhomogeneous, depending on the NMR

methodology. After reaching the so-called thermal equilibrium, nuclei are irradiated by a
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second weak radiofrequency field. The excited nuclei give back their excess energy and return
to low energy levels by two relaxation processes: interaction with the environment (lattice) or

exchanging energy with neighboring nuclei at lower energy levels.

Furthermore, the rotating magnetization vector will produce a weak oscillating voltage in the
surrounding coil to detect the voltage. Eventually, it will lead to the observed NMR signal.
Relaxation of the bulk magnetization vector causes a loss of oscillatory voltage generating the
NMR signal. It causes the NMR signhal to decay over time, resulting in the observed
independent free induction decay (FID). Furthermore, the final step of the processing of the
NMR spectrum is the transformation of the time-dependent FID into a frequency-dependent
spectrum. These two domains, time and frequency, are related by a simple function, and a
frequency domain spectrum can be generated from a time domain signal by the Fourier

transform3.

1.3.2 Quantitative NMR

According to Holzgrabe?¢ (2010), the most important fundamental relationship of gNMR is that
the signal intensity (integrated signal area) Ix in the NMR spectrum is directly proportional to
the number of nuclei Nx which are responsible for particular resonance:

Ix = Ks + Nx 2)
where Ks is the spectrometer constant and remains the same for all resonances in a NMR
spectrum. Furthermore, three main factors affect Ks, including (a) uniformity of pulse excitation
over the entire spectral width. (b) the repetition time must be more than five times T1, and (c)
the bandwidth decoupling, which causes an inherent distortion in intensity due to the nuclear
overhauser effect (NOE).

There are two ways of quantifying analytes using NMR spectroscopy, including relative
guantitation and absolute quantitation. First, the relative quantitation method is one of the
easiest methods for NMR. Using the MX/MY molar ratio between the two compounds X and Y

can be calculated by the equation:

My _Ix Ny 3)
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Ks is not included in the formula because it will be the same for all the resonances in the
spectrum, providing all the factors affect the optimized Ks. Similarly, the determination of the
fraction of compound A in a mixture of components Z can also be calculated using the following

formula:

Ma _la- Na
YEan TEq N

- 100% 4)

Second, there are two analytical procedures to determine the absolute concentration of
analyte: (A) If all impurities (or other components) present in the NMR spectrum can be defined
structurally and measured quantitatively, then the test is a fair difference from the value of
100%. This method is limited if the resonance of the impurity overlaps in the spectrum with the
desired molecule or impurities (e.g., carbonates, moisture, an additive compound consisting of
the same targeted signal) present in the sample. (B) In this procedure, provided the signals are
separate, the purity of the principal component X can be calculated directly from the NMR

spectrum using the following formula:

e R b TP ®)

where, I, N, M, W and P are integral area, number of nuclei, molar mass, gravimetric weight
and purity of analyte (x) and standard (std), respectively.

The quantitative inaccuracy of gNMR has been reported to be less than 2.0%, which is an
acceptable limit for precision. Unlike other techniques, gNMR spectroscopy has certain
acquisition and processing parameters and referencing techniques that need careful
consideration in order to achieve a high degree of accuracy and precision. Sample preparation
and experimental methods used may also introduce significant errors into quantitative NMR
analysis, thereby reducing the accuracy and the precision of the resulting data. The analyst
should therefore be well acquainted with acquisition (e.g., delay, pulse sequence, and
acquisition time, T1) and processing parameters (phasing and baseline correction), referencing

techniques and other analytical steps for careful optimization?6.
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1.3.3 NMR method to determination of quality and main component oil

Nuclear magnetic resonance (NMR) is essential for studying dietary lipids, oils, and fats.
Several studies have shown that low-resolution NMR has been successfully applied, including
the determination of solid fat content in samples, melting point curves of semi-solid fats, or

weight percentage of oil in foods38:3°,

Characteristics of the NMR instrument in the study of oils and fats depend on the purpose of
the study. At a minimum, instruments with field strengths from 60 to 600 MHz have been used.
Higher field strengths*%-43 provide better resolution, relatively minor signal overlap, and
increased sensitivity. However, many studies indicate using medium-strength field instruments,
such as 300 MHz*4+46, or even lower*’.

The sample preparation is relatively simple, because a certain amount of oil or fat is dissolved
in a suitable deuterated solvent, in specific proportions, usually in a 5 mm diameter NMR tube.
Deuterated chloroform is most commonly used as a solvent*®-52, DMSO%35* and a mixture of
deuterated dimethyl sulfoxide with CHCI3%3-45,

Several previous studies demonstrated the use of various acquisition parameters. Among
them; spectral acquisition is usually carried out at a controlled temperature between 20 °C and
30 °C545%5, Acquisition time ranges between 1.28 and 2.7 seconds*®4, but appears in some
recent authors to use a longer time, 5 - 7 s455,

Recovery delays ranging from 1.5 to 53 seconds have previously been used®”-%°, the majority
at 2541434960 However, some recent studies use a longer time?*>5361 The recovery delay
depends on the relaxation time of T1 in the triglyceride molecule, which holds also true for the
methylene proton of the glyceryl group. The longest T1 relaxation times are indicated by the
proton of the terminal methyl group at 2.2 seconds. While the shortest T1 belongs to the four
methylene protons on the glyceryl group at 0.36 seconds®’. In addition, the relaxation delay
time also considers T1 from the internal standard used®. Of note, T1 is dependent of the
solvent used. The number of scans commonly used varies from 16 to 64, but depends on the

purpose. The pulse width varies from 30° to 90° 42:43.62,

10
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For NMR spectroscopy, the resonant position of the signal in the spectrum is called chemical
shift. The chemical shift, intensity, and multiplicity contain helpful information on the different
individual sample types of 'H nuclei®®. The chemical shift is referenced to 'H signal of

tetramethylsilane (TMS) being 6 = 0.00 ppm.

F C |
i i l
| CH; CH (CH2)s
= H,C 0 CHE/ (CH2)4/ e cHy” CHa
0
N CHa CHa CH CH CHa CH CHa
E| B—»HC o CH/ {CH.)% e (:|-12/ e A a7 CHQ/
0
a a
N CH, i
3 H,C (o] CHZ R’ (Oleic/Palmitic/Linolenic/Linoleic)

TAG

Fig. 3 Representative structures of TAG

As shown in Fig. 3, the triacylglycerol (TAG) structure is given, and Table 4 shows the general
proton signal chemical shifts of these compounds, the assignment of the protons to different
functional groups, and the intensity of their typical relatives>6:61.65,

Table 4. Chemical shift assignment of the *H NMR signals of the main components of edible oils and fat

Signal Functional group Chegg:ril)shift
A (-CH3) saturated, oleic and linoleic acyl chains 0.93-0.83
a (-CHg) linolenic acyl chains 1.03-0.93
B (-(CH2)n-) methylene groups 1.42-1.22
C (—-OCO-CH2-CH2-) B-methylene protons 1.70-1.52
D (-CH2-CH=CH-) allyl methylene protons 2.14-1.94
E (-CH20COR) methylene protons in the glyceryl group 4.32-4.10
F2 (-OCO-CHz2-) a-methylene protons 2.37-2.27
H (=HC-CH2-CH=) divinyl methylene protons 2.84-2.70
B (-CHOCOR) methine proton at C2 of glyceride 5.26-5.20

I (—CH=CH-) olefinic protons 5.37-5.27

H NMR experiments allow the determination of the parameters, such as average molecular

weight and average number of double bonds of the sample, in a speedy and straightforward

11
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way, using different approaches: some examples of determination quality parameters on oil

and fats samples are given in Table 5.

Table 5 Some simple *H NMR analytical determination on oils and fats samples

Sample NMR (MHz) Parameter References

Natural fat 60 Average molecular weight 65
lodine value

Butterfat 90 Average number of double bonds 66
Average molecular weight
lodine value

Vegetable and 300 Number of double-bond protons 57

Hydrogenated oils Average molecular weight
lodine value

Olive all 400 Proportion of the several acyl 67
groups

Leguminosae seed 500 Proportion of the several acyl 40

oils groups

Edible vegetable oils 300 Proportion of the several acyl 68
groups

Fish lipids 400 w-3 polyunsaturated fatty acid 69
proportion

Fish oils 500 w-3 polyunsaturated fatty acid 70
proportion

Fats and oils 300 Acid value, Saponification value, 71
p-anisidin value, free fatty acid
value

Kirk olil 400 Peroxide value 51

Walnuts oil 400 Unsaturated fatty acid 46

compositions

1.4. FTIR Spectroscopy

1.4.1 Principle FTIR

Infrared (IR) spectroscopy is a technigue based on the vibrations of the atomic bonds of a
molecule. The IR spectrum is generally obtained by passing infrared radiation through the
sample and determining how much radiation is absorbed?. Fourier-transform infrared (FTIR)
spectroscopy is based on radiation interference between two partitions to produce an
interferogram. The resulting signal is a function of the change in path length between the two
partitions. Two distance and frequency domains, that mathematical methods can exchange,
are called Fourier transforms’2. The essential components of an FTIR spectrophotometer can

be described as shown in Fig. 4.

12
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Source [ Interferometer —| Sample —| Detector —| Amplifier

Analog-to-Digital
Computer  |— Converter

Fig. 4 Basic components of the FTIR spectrophotometer

Mid-region FTIR spectroscopy (4000-400 cm?) is a commonly used technique for analyzing
organic compounds. This area generally uses Globar and Nernst light sources. The commonly
used detector is Deuterium Triglycine Sulfate (DTGS). Currently, handling samples on FTIR
spectrophotometers use the Attenuated Total Reflectance (ATR) technique. This ATR
technique can obtain spectra of solids, liquids, semi-solids, and thin films. Besides being used
for qualitative analysis, the ATR technique can also be used for quantitative analysis. The core

of ATR is a crystal (infrared transparent material) with a high refractive index”® (Fig. 5).

Pressure applicator

Rubber
heater

A A

Diamond IRE

Fig. 5 Schematic overview of ATR with modified with permission from Shinzawa et al.”™

The ATR description of the FTIR spectra of some edible oils provides essential information in
determining the quality of these edible oils. This information is critical because every
absorbance band that appears results from vibrations from the functional groups that make up
the oil”*. Consequently, oil analysis using the mid-region IR spectrum can provide information
about bonds between atoms in the molecule and information regarding the various functional

groups contained in the oil”®. This absorption information is presented as a spectrum with wave
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numbers in MIR spectroscopy or wavelengths in NIR spectroscopy on the x-axis and
absorbance on the y-axis’®.

1.4.2 Quantitative FTIR

IR spectroscopy can also be used for quantitative analysis based on intensity or absorbance.
The absorption of the IR spectrum band is directly proportional to the concentration of the
corresponding functional group, as shown in the Lambert-Beer law (A=e-b-c)’¢, where A is the
measured absorbance, € is the molar absorptivity coefficient, b is the path length, and c is the

analyte concentration.

1.4.3 FTIR method to determination of quality and main component oil.

IR Spectroscopy technique, which is associated with multivariate calibration chemometrics
such as partial least squares (PLS) and principal component analysis (PCA), can characterize
vegetable oils, which allows characterizing differences between sample spectra’®. For
example, Rohman et al.” (2011) have distinguished RFO from canola oil and rice brain oil, all
of which have similarities in the FTIR spectra profile, with the help of PLS chemometrics
Discriminant Analysis (DA).

FTIR spectroscopy has also determined free fatty acid levels in olive oil copy by quantifying
the band intensity at a wavenumber at 1710 cm. In addition, after the sample is converted to
a carboxylate anion, free fatty acid can be assessed at a wavenumber at 1570 cm™.
Parameters related to the concentration of primary or secondary products of oil oxidation, such
as peroxide value and anisidin value, can also be obtained from IR specta with a PLS
combination within a specific calibration range. This technique has proven useful for monitoring
the oxidation process as one of the parameters for the assessment of the oil quality®°.

The degree of unsaturation of the oil can also be determined using FT-IR spectroscopy
according to the ratio absorbance of the aliphatic olefin group —C-H at 3007 cm* or from the
absorbance of one band due to the vibration of -C=C- at 1500 cm &, Table 6 are given some

examples of application FTIR for quantification on oil and fats sample.
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Table 6 Some simple FTIR analytical determination on oils and fats sample using middle IR

Sample Parameter References
Fats and oils lodine value, Saponification value 32
Fats and oils Peroxide value 81
Thermal stressed oil Anisidine value and aldehyde 82
Edible oils and lard Composition of concentrate 83
Palm oil lodine value 84
Edible oil Oxidative stability 85
Frying oll Quality parameters 86
Lubricant Acid value 87
Edible oll Trans content, IV, SV 88
Virgin coconut olil Oxidative stability 89
Jatropa curcas seed Oil Hydrolysis process 90
Red fruit oil lodine value, Acid value 91
Edible oil and mixtures Fatty acid composition 78
Essential oils Purity and quality 92

1.5 Chemometrics

Chemometrics is defined as applying mathematical and statistical methods in chemical
measurements. Chemometrics in food and beverage analysis has been applied in many ways
such as process monitoring and control, geographic origin determination of foodstuffs, food
sources, and detection of adulteration®®. Chemometrics in spectroscopy provides a way to
develop multivariate calibrations from simple spectra to complex spectra’®. In addition, the
availability of more modern software on chemometrics can produce precise data models and
more robust calibration models™.

The chemometric method involves procedures for multivariate data analysis, which consists of
a series of techniques used for data analysis with more than one variable®. The most common
projection methods of multivariate data analysis used in olive oil studies, especially for
classification and authentication, are Principal Component Analysis (PCA) and Partial Least
Square (PLS).

1.5.1 PCA

Modern instruments efficiently do a multitude of measurements per unit of time. For example,
if a spectroscopic sensor is used in situ to measure a spectrum at 300 wavelengths every 15
s, one hit will produce a 2406300 matrix of data, i.e. 72 000 values. However, this array's
fraction of helpful information may be relatively low due to the multicollinearity. Therefore, data

compression methods are used in chemometrics (unlike the traditional approach in which only
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the results of some, essential measurements, are selected from the data) to provide a
beneficial output®. Fig 6 illustrates the equivalence between the experimental profile (*H NMR

spectra) and its graphical representation of the matrix.

MATRIXX
210ppm - 209ppm 206ppm 207ppm 206 ppm 205ppm 204 ppm 203 ppm 202ppm- 201ppm - 2.00 pprm

M
JJJ\_\1234567391011
N
N

Sample 5

03630 308269 487016 702651 1204784 1446380 187BT6 1187066 670287 208023 156961
T M7 40270 41383 B0 1361371 1497160 19162608 1224900 696231 233428 186127
330710 300679 5309 7195 2T 1510807 1943884 118280 640365 171526 144581
06915 40030 608305 788304 1035081 1306867 1273649 944996 4ATNIE 1914 1A0TT2
L — {04519 479391 579182 TT8B6T 907376 1308811 1203031 040460 377313 146303 13380

Sample 4

A
|
b

Sample 2

Sample 1
F

T T d
2.1 20 1.9 ppm

Fig. 6 Graphical illustration of the equivalence between the collected experimental data (in this case, *H
NMR spectra for 5 samples) and the data matrix X. Each row of the data matrix corresponds to
the spectrum of a sample, whereas each column contains the value of a specific variable over all

the individuals according to Biancolillo A and Marini F.%
New latent variables are used to represent the initial data in these methods. Two conditions
must be fulfilled. First, the number of new variables should be much lower than the initial
variables. Second, the loss caused by data compression should be commensurable with the
noise. Data compression allows one to represent useful information in a more compact form
convenient for visualization and interpretation.
The principal component analysis implies decomposition of the original 2D matrix X, i.e.
representing it as a product of two 2D matrices T and P®S,

X =TP'+E = YA, t,pl +E (6)
In this equation, T is called the matrix of scores, P is the matrix of loadings, and E is the matrix
of residuals (Fig. 7). The numbers of columns, ta in the matrix T and pa in the matrix P, are
equal to the effective (chemical) rank of the matrix X. This value is designated by A and is
called the number of principal components; naturally, it is smaller than the number of columns

in the matrix X.
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ts ta

Fig. 7 Graphical view of the principal component analysis, adopted from and with permission Rodionova

OY & Pomerantsev ALY,

The principal component analysis is not only efficient in the problems of resolution, but is used
to analyze any chemical data. In this case, the score T and loading P matrices can no longer
be interpreted as the spectra, concentrations, and the number of principal components A, as
the number of chemical components present in the system. Nevertheless, even formal analysis
of the scores and loadings helps understand the data structure.

Since the scores represent a new set of coordinates along highly informative (relevant)
directions, they may be used in two- or three-dimensional scatterplots (scores plots). This
offers a straightforward visualization of the data, which can highlight possible trends in data,
presence of clusters or, in general, of an underlying structure. A schematic representation of

how PCA works is displayed in Fig 8.

Loading vector pl of the first principal component (PC1) determines the direction of the new
axis along which the data change more appreciably. The projections of all initial points on this
axis form vector t1. The second principal component p2 is orthogonal to the first one, its
direction (PC2) corresponding to the largest variation in the residuals (shown by segments

perpendicular to the axis p1l).

17



[INTRODUCTION]

PCA Projection
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Fig. 8 Graphical illustration of the basics of PCA. The samples, here represented in a three-dimensional

space (a), are projected onto a two-dimensional subspace spanned by the first two principal

components. Inspection of the data set can be carried out by looking at the distribution of the

samples onto the informative PC subspace (scores plot) (b) and interpretation can be then carried

out by examining the relative contribution of the experimental variable to the definition of the

principal components (loadings plot) (c) according to Biancolillo A and Marini F*® and Rodionova
OY & Pomerantsev AL®’

When exploring the data by PCA, the attention is focused on score and loading plots. They

bear information on the data structure. The proximity of two points implies their similarity, i.e.

positive correlation. The points at a right angle are uncorrelated, while those in the opposite

positions have a negative correlation. By using this approach in NMR and FTIR analysis, one

can find out, for example, whether the linear section in the score plot corresponds to the regions

of pure components in the spectrogram. The curved sections are regions of peak overlap, and

the number of such sections corresponds to the number of components in the system.

Whereas the score plot is used to analyze sample relationships, the loading plot is used to

study the role of variables. By analyzing this plot similar to the scope plot, one can understand
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which variables are interconnected or independent. A joint investigation of pair scores and
loading plots also helps retrieve helpful information from the data®.

152 PLS

Partial Least Squares Regression (PLSR) was proposed as an alternative method to calculate
a reliable regression model in the presence of a variety of matrices, both simple and complex.
PLS-regression, which uses a two-block predictive PLS model to model the relationship
between two matrices, X and Y. In addition, PLS regression models give richer results than the

traditional multiple regression approach.

Two blocks of data are used to solve problems of quantitative analysis. The first block X is the
matrix of analytical signals (for example, spectra, chromatograms, and so on); the second block
Y is the matrix of chemical parameters (for example, concentrations). The number of rows (1)
in these matrices is equal to the number of samples, and the number of columns (J) in matrix
X corresponds to the number of channels (wavelengths or chemicals shift) in which the signal
is recorded. The number of columns (K) in matrix Y is equal to the number of chemical
parameters, i.e. responses®. The purpose of calibration is to construct a mathematical model
that would relate blocks X and Y and could be subsequently used to predict parameters y over
a new row of analytical signals X. The simplest calibration model is one-dimensional regression

(J=1, K=1).

y =a+ bx (7)

The second approach can be explained using Y=C and X=S. This approach currently prevails
in chemometrics because it is more practically convenient. It directly predicts the required
analytical parameter (for example, the concentration C) from the measured signal (spectrum
S). In addition, modern regression methods (PCR, PLS) make it possible to handle data with
errors in both blocks. PLS is the most widely used method for multivariate calibration in
chemometrics. Therefore, an important distinction is that PLS implies simultaneous

decomposition of matrices X and Y*&.
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The projections are constructed in coordination in such a way as to maximize the correlation
between the X-score and Y-score vectors. Therefore, the PLS regression describes much

better complex relationships using a smaller number of the principal component. Fig. 9

displayed operation data in basic PLS.
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0 1 2 3 4 5 6 7 8 9 10 11
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Sample 4 n 426915 499380 606305 786304 1035081 1306867 1273649  9449% 417178 155184 140772
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Fig. 9 Graphical illustration of the basics of PLS operation. The samples, represented in a two-matrix,
are projected onto a low-dimensional subspace spanned by the two factors. Inspection of the
data set can be carried out by looking at the distribution of the samples onto the informative
scores plot (a), and interpretation can then be carried out by examining the relative contribution
of the experimental variable to the definition of the X-and Y- Loading of Factor 1 (b). Plot of X-
loading with axis X-Variables (PC1) of Factor 1 (c). Finally, PLS regression of predicted Y vs.
reference Y can be determined by Factor 1 (d) according to Biancolillo A and Marini F.%°
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Furthermore, it should be emphasized that, for the calibration built by PLS to be accurate and
reliable, the critical parameter is selecting several suitable latent variables to represent the
exact data. For example, selecting a small humber of components may risk not explaining all
the relevant variances (underfitting). On the contrary, if it has too many (so that not only
systematic information is captured but also noise), it can cause overfitting, i.e. the model is
overfitting. As a result, it is very good at predicting the calculated sample but performs poorly
on the new model. Therefore, an appropriate validation strategy is needed to reduce this risk,
especially in selecting the optimal number of latent variables to lead to a minimum error during

one of the validation stages. This validation model is commonly called cross-validation.

1.5.3 Validation multivariate analysis

Appropriate procedures for validating the chemometric model should be chosen to avoid model
redundancy, as is the case when random noise is analyzed along with valuable data.
Subsequently, the application of the most appropriate and optimal validation method uses a
set of independent tests. In addition, this method makes it possible to estimate the new model
to reliably estimate the predictive ability of the new model. Unfortunately, this is not always
possible due to experimental and economic considerations, so the cross-validation method can
be used.% In this validation method, a portion of samples is removed automatically from the
model, simulating the remaining portion of data to subsequently estimate the model's quality
with their aid. Thus, it is possible to obtain a real relative root mean square error of cross-

validation®?. If good results are obtained, the model is ready for practical use.

In principle, chemometrics relies on empirical models based on experimental measurements,
which must then be able to fairly summarize data information, approximate the system being
studied, and allow the prediction of one or more properties of interest. Therefore, many models
can be calculated in principle on the same data. However, its performance can be affected by
various factors, including the representative number of samples, the type of method itself, and

algorithm®®. Therefore, selecting the most appropriate model for the data under study and
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verifying its reliability is very important, and the chemometric strategy for doing so is collectively

referred to as validation1,

Process validation requires an appropriate definition, which can be based on model
parameters. However, in general, it is more likely to rely on the calculation of some residuals
(i.e. the error criterion). In this context, to avoid over-optimism or bias, a correct validation
strategy should involve estimating the model error on a different data set than the one used to
calculate the model parameters. This method is usually achieved through external test sets or

cross-validation.

Utilizing a second data with an entirely independent one as an evaluator of the model's
performance to calculate the residuals is the best validation method to emulate. On the other
hand, cross-validation based on repeated re-sampling of data set subsets for calibrating and
testing can also be a feasible alternative, especially when the number of samples available is
small and there is no possibility of constructing an external test set. Then, the predicted and
residual values can be calculated on the the left-out samples. Finally, validation residual
variance and standard error of cross validation (SECV) are computed. Generally, this method

is more used for model selection (e.g., estimating the optimal number of components)®®.
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[AIM OF THE THESIS]

2. AIM OF THE THESIS

This doctoral thesis aims to develop and apply a quantitative *H NMR method for determining
the quality of RFO, including AV, EV, IV, and SV, as well as their unsaturated fatty acids
content. In addition, this study also combines chemometrics with *H NMR data for quality
assurance and RFO authentication. The purpose of this work can be described in detail as

follows:

1. To develop, optimize, and apply a *H NMR quantitative method for simultaneously
determining oil quality parameters (AV, EV, IV, and SV). The optimization carried out
includes solvent effects, determination of T1, internal standards used, determination
of appropriate acquisition parameters, and method validation so that the quantitative
H NMR method is obtained for an alternative for determining oil quality parameters
that is faster, and more efficient without losing accuracy and precision.

2. To apply chemometrics to the 'H NMR and FTIR spectra for visualization grouping,
prediction and authentication of RFO based on the quality parameters of the degree
of unsaturation and the acid value so that a fast and accurate grouping model is
achieved to determine the quality and authenticity of RFO products.

3. To develop a 'H NMR quantification technique with internal standards to determine
the value of monounsaturated fatty acids, polyunsaturated fatty acids, and total
unsaturated fatty acids of RFO. Subsequently, to apply chemometrics directly to *H
NMR RFO spectra data for visualization grouping, prediction, and authentication of
RFO products based on their unsaturated fatty acid composition, to obtain a fast,
efficient and robust choice of quality assurance and authentication analysis methods

of RFO.
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3. RESULTS

3.1 Simultaneous determination of the Saponification Value, Acid Value, Ester Value,
and lodine Value in commercially available Red Fruit Oil (Pandanus conoideus, Lam.)

using H qNMR spectroscopy

Liling Trivasmono, Curd Schollmayer, Jens Schmitz, Emilie Hovah, Cristian Lombo, Sebastian
Schmidt, Ulrike Holzgrabe
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Abstract

Red Fruit Oil (RFO) can be extracted from fruits of Pandanus conoideus, Lam., an
endogenous plant of Papua, Indonesia. It is a commonly used essential original traditional
medicine. By applying a newly developed quantitative *H NMR (QNMR) spectroscopy method
for quality assessment, a simultaneous determination of the saponification value (SV), acid
value (AV), ester value (EV), and iodine value (IV) in RFO was possible. Dimethyl sulfone
(DMSO,) was used as an internal standard. Optimization of NMR parameters, such as NMR
pulse sequence, relaxation delay time, and receiver gain, finally established the 'H NMR-
based quantification approach. Diagnostic signals of the internal standard at & = 2.98 ppm,
SV at & = 2.37-2.20 ppm, AV at 6 = 2.27-2.20 ppm, EV at = 2.37-2.27 ppm, and IV at d =
5.37-5.27 ppm, respectively, were used for quantitative analysis. The method was validated
concerning linearity (R? = 0.999), precision (less than 0.83%), and repeatability in the range

99.17-101.17%. Furthermore, this method was successfully applied to crude RFO, crude RFO
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with palmitic and oleic acid addition, and nine commercial products. The gNMR results for the
respective fat values are in accordance with the results of standard methods, as can be seen
from the F- and t-test (< 1.65 and < 1.66, respectively). The fundamental advantages of
gNMR, such as its rapidity and simplicity, make it a feasible and existing alternative to titration

for the quality control of RFO.

Keywords: quantitative *H NMR, Saponification Value, Acid Value, Ester Value, lodine

Value, Red Fruit Oil

Introduction

The demand for speed and effectiveness of analytical methods, thereby resulting in high
accuracy and precision, has increasingly become priority in recent years. One of the most
promising methods for overcoming these challenges is quantitative nuclear magnetic
resonance (QNMR) (Yu et al. 2018). The guidance on the use of gNMR and its application for
guantitative purposes was reviewed by Holzgrabe (2010) and Beyer et al. (2010a) by depicting
the quantitative analysis of oversulfated chondroitin sulfate and dermatan sulfate in heparin
glycosaminoglycans. This has become the required method in the USP, as well as the use of
gNMR for purity control of pharmaceutical grade L-alanine and determination of several lipid

parameters with internal calibration for iodine, peroxide, and acid values.

Although the cost of NMR equipment is relatively high and requires operator experience, the
gNMR method has many outstanding advantages. In addition to the 'H NMR's ability to
provide structural information, the proportionality of signal intensity with the number of cores
allows quantification if recorded with the proper experimental NMR parameters (Beyer et al.
2010a; Holzgrabe 2010). Furthermore, a reliable non-destructive analysis enabling a rapid,
simple, and simultaneous analysis of different analytes in one sample is possible (Hollis 1963;
Jungnickel and Forbes 1963). Of note, it is not even necessary to have a refence substance
(Holzgrabe 2010). Therefore, these inherent advantages make *H NMR a powerful tool for
guantification. Between 1991 and 2015, gNMR was used in more than 1,750 publications in

the field of food science (Lachenmeier et al. 2016) which indicates its potential.
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Conventionally, the saponification value (SV) and acid value (AV) are determined by an acid-
base titration method; the ester value (EV) is calculated from both these values. Such titration
methods are dependent on observing the visual endpoint, which might be challenging,
especially in the case of red fruit oil (RFO) where the solution is already colour red. The iodine
value (IV) is generally used to estimate the degree of unsaturation of oil and fat. This
determination is based on the reaction of double bonds within fatty acids and monoiodine
bromide. This reaction consists of several steps and is also time-consuming. Potentiometric
pH metrics, chromatography, and FTIR have been used to overcome these problems
(Bernardez et al. 2005; Triyasmono et al. 2013; Tubino and Aricetti 2013). However, some of
these methods still have weaknesses because they require chemical modification of the
sample for analysis, as described by Guillen et al. (2003). However, some gNMR methods
have recently been reported for the characterization and quality assessment of lipids and oils

(Guillén and Ruiz 2003a, b; Skiera et al. 2014; Hafer et al. 2020).

Red fruit oil (RFO) which is extracted from the fruit of the Pandanus conoideus, Lam. plant.
This fruit is red, 68 to 110 cm long, 10 to 10 cm in diameter, and contains large oil. The plant
is endogenous in Papua, Indonesia and is a commonly used traditional medicine. The oil has
large quantities of monounsaturated fatty acids, mainly oleic acid (60-70%) (Rohman et al.
2012), which supposedly account for beneficial impacts on human well-being, for example,
forestalling cardiovascular infections, decreasing plasma triacylglycerol (TAG), or expanding
cholesterol levels of high-density lipoprotein (HDL) levels (Garcia-Gonzalez et al. 2008).
Testimonies of the effectiveness of RFO have been published, among others, inhibiting tumor

growth and killing cancer cells could be observed (Khiong et al. 2009).

The substantial pharmacological potential makes RFO a promising candidate for herbal
products or functional food. Today, various RFO products are already available on the market
in Indonesia and abroad. However, multiple factors, such as geographical region, harvest
time, and processing method, cause this red fruit's oil content and composition (Sarungallo et

al. 2015). Therefore, the required RFO quality control is carried out at all stages of the
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production cycle, including incoming raw materials, during processing stages, and control of
product output (Kleymenova et al. 2021). The quality assurance of RFO has to be ensured by
the determination of SV, AV, EV, and IV (Endo Y 2018), which are given in a certificate so
that certified RFO products will be guaranteed quality and increase the competitiveness of

their products.

This study aimed to develop a gNMR method for simultaneously determining the SV, AV, EV,
and IV of RFO. Experimental NMR conditions were systematically optimized, including
relaxation delay time, pulse angle, and receiver gain. Method validation includes linearity,
precision, repeatability, limit of detection (LOD), and limit of quantitation (LOQ) based on the
guidelines of the International Conference on Harmonization (ICH) (ICH 2005). Furthermore,
the results obtained by the gNMR method were compared with the compendial methods

(titration) of the European Pharmacopoeia (Ph. Eur. 10 2020).

Material and Methods

Chemicals

Deuterated chloroform (CDCls, 99.8 % D) was purchased from Eurisotop (Saarbriicken,
Germany). Tetramethylsilane (TMS) and hexa deuterium dimethyl sulfoxide (DMSO-ds, 99.9
% D) from Deutero (Kastellaun, Germany), dimethyl sulfone (DMSO., TraceCERT®, 99.99 %)
internal standard for quantitative NMR grade, palmitic acid, and oleic acid standards from
Merck (Darmstadt, Germany). Furthermore, for titration, 0.1 M NaOH, 0.1 M sodium
thiosulfate, 0.5 M HCI, and 0.5 M ethanolic KOH were purchased from VWR (BDH Chemicals)
(Darmstadt, Germany). Ethanol, petroleum ether, chloroform, iodine monobromide, Kl, and
starch were purchased from Merck (Darmstadt, Germany); they all were of analytical grade

and complied with the requirements of the international standard 1SO 660:2009.

Apparatus

Quantitative 'H NMR experiments were performed by using a Bruker AVANCE Il 400MHz

spectrometer operating at 400.13 MHz (Bruker BioSpin GmbH, Rheinstetten, Germany);

38



[RESULTS 3.1]

using an inverse probe NMR tube Boro 400-5-7 (Deutero, Kastellaun, Germany). The
analytical balances AT21 Comparator (FACT) and AB204-S (Mettler Toledo, Giel3en,
Germany) were used. Titrations were carried out using a Titroline 6000/7000 instrument (Sl
Analytics, Mainz, Germany); lithium chloride was applied to the ethanol electrode, pH

electrode (SI Analytics N6480 Eth, Mainz, Germany).

Sample extraction

The fruits of Pandanus conoideus, Lam. were collected from different regions (Nabire and
Jayawijaya) of Papua, Indonesia. Furthermore, the RFO was obtained using the solvent
extraction method by Sarungallo et al. (2015). Briefly, the fruits were cut into small pieces and
subsequently subjected to a commercial blender containing ethanol and water (1:1, w/v).
Next, approximately 12 g of the pulp of the red fruit was macerated with 80 ml of a solvent
mixture of chloroform and methanol (2:1, v/v) and stirred at room temperature for 1 hour. The
resulting solution was filtered, evaporated, 16 ml of a 0.88 % aqueous NaCl solution was
added, and then the aqueous and the organic layers were separated. The organic layer will
remain red, and the aqueous layer will be colorless and slightly cloudy. Finally, the organic
layer was evaporated at 40 °C, fined in dark bottles, dried with nitrogen gas and stored at -20

°C until analysis.

Comercial products collection

Nine samples from different manufacturers of commercial products of RFO were purchased
from a traditional herbal market in Jakarta, Indonesia, including one sample of BMOP (Griya
An-Nur/ Exp date: 03.2023), Golden Red (Basmallah Food/ Exp date: 11.2022), MBM (PRIMA
SOLUSI/ Exp date: 10.2022), Pro Jep (HERBAL 21/ Exp date: 06.2022), Red Oil papua (FIRA
HERBALINDO/ Exp date: 07.2022), REDOTEN (SERIBU PULAU INDONESIA/Exp date:
07.2022), Redwin (Natures/ Exp date: 03.2023), Sari Buah Merah (athaku Herbalife/ Exp date:

12.2021), Sari Buah Merah (Loh Jinawi / Exp date: 10.2022).
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NMR-experiments

833.33 mg of each RFO sample and 3.33 mg of DMSO; were dissolved in a solvent mixture
CDCIl3; and DMSO-ds (5:1, v/v) containing °.1% TMS and were diluted to 2.0 ml. After mixing

for 1 minute, 600 uL of each sample was analyzed by NMR spectroscopy in triplicate.

The *H NMR experiments were measured at 300.11 + 0.10 K with a 30° flip angle, 32 scans,
no rotation, and an acquisition time of 6.81s, followed by a relaxation delay of 9s. The receiver
gain was set to 4, and for processing a line broadening factor of 0.3 Hz was applied. The
resulting digital resolution was 0.15 Hz with a spectral width of 30.00 ppm (time-domain size
163k). Phase and baseline corrections were performed manually with TopSpin version 4.0
(Bruker BioSpin GmbH, Rheinstetten, Germany). All offset signals are referenced to the TMS

signal (6= 0.00 ppm).

Longitudinal relaxation time (T1) Determination

250 mg of each RFO sample and 1.0 mg DMSO; were dissolved in a 600uL of a mixture of
CDCl; and DMSO-ds (5:1, v/v). After mixing for 1 min, 600 uL of each sample was analyzed
by NMR spectroscopy. The relaxation delays of all of these protons were determined by the
inversion recovery pulse sequence method, using the T1 cal Bruker program. An arrayed

experiment was set with different values of relaxation delay, ranging from 0.05to 17 s.

Determination of SV, AV, EV and IV by gNMR

The following signals were used for quantitative analysis: DMSO; (6= 2.98 ppm), SV (6= 2.37-
2.20 ppm), AV (6= 2.27-2.20 ppm), EV (8= 2.37-2.27 ppm), and IV (6= 5.37-5.27 ppm). The
acquisition was carried out under the conditions mentioned above. Based on the calculation
formula of quantitative NMR discussed by Holzgrabe 2010, Bharti and Roy 2012 and
development by Skiera et al. 2014. Furthermore, the results were calculated according to the

equation below:

sV —Mkon Mbwmso, - Pomso, Nowmso, la-CH2 (total) (2-37-2.20 ppm) 1000 )
NMR " Mowso,  Ne(@ ° lpwso, (298ppm)
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AV —Mkon Mbwmso, - Pomso, Nowmso, la-CH2 (acig) (2-27-2.20 ppm) 1000 @)
NMR ’ Mbmso5 " Ns(2) IpMso, (2.98 ppm)
EV —Mkon Mbwmso, - Pomso, Nowmso, la-CH2 (ester) (2-37-2.27 ppm) 1000 3)
NMR™ “me " Mpmso, ~ Ns( ~ Ipuso, (298ppm)
_Mjpg Mpmsos, - Ppbmso, Nbwmsos  l.op=ch- (5.37-5.27 ppm)
IVNVR=E—. v N2 298 . 100 (4)
mg DMSO2 s (2) DMSO3 (2.98 ppm)

ms denotes the sample weight in mg, P the purity, M the molecular weight in g/mol, Ns the

number of protons, and | the *H NMR integral area according to Skiera et al. (2014).

Method validation

The validation process requires testing for linearity, precision, accuracy (repeatability), LOD,
and LOQ according to International Conference on Harmonization (ICH) guidelines (ICH
2005). For determining the linearity, precision, and accuracy of this method, five solutions
containing 50, 100, 150, 200, 250 mg of RFO and 1.0 mg of DMSO., respectively, were
prepared in 600 pl of a solvent mixture of CDCIl; and DMSO-ds (5:1, v/v) containing 0.1% of
TMS. For the determination of LOD and LOQ, a six-series limited concentration solution
containing 0, 2, 4, 6, 8, 10 mg of RFO, 1.0 mg of DMSO, was prepared and dissolved in 600
bl of solvent mixture CDCl; and DMSO-ds (5:1, v/v) containing 0.1% of TMS. Each final

solution was analyzed by NMR spectroscopy in triplicate.

Linearity. Linearity was assessed by measuring five different concentration solutions of RFO,
as described above. The regression curve is presented y = a + bx, with the mass ratio
representing and the integral values, respectively. The correlation coefficients of quantitative
protons were quantified at & = 2.37-2.20 ppm, at & = 2.27-2.20 ppm, at & = 2.37-2.27 ppm,

and at & = 5.37-5.27 ppm.

Precision. The RSD of repeatability expressed precision. As described above, the
repeatability was tested using five different concentration solutions which were measured in
triplicate. In addition, the multivariate test was carried out to see all selected quantitative

proton contributions of the RFO.
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Accuracy. The accuracy of gNMR was evaluated by a recovery, using five different
concentration solutions were determined in triplicate, as described above. Accuracy is
calculated by means of the following equation: Recovery (%) = [ (myx-mo/ms] x 100%, where
my is the weight of the calculated sample, mg is the weight of the calculated blank sample, and

ms is the weight of the sample taken.

Limit of detection and Limit of quantitation. LOD and LOQ were calculated based on the
standard deviation of the y-intercept response and the slope of the calibration curve. A linear
calibration curve is assessed by measuring six concentrations of RFO limited of range, as
described above. It can be expressed in a model such as y = a + bx. This model is used to
compute the sensitivity b and the LOD and LOQ. Therefore, LOD and LOQ can be expressed
as LOD = 3.3Sa/b, LOQ = 10S./b, respectively, with S, being the standard deviation of y-

intercepts of the response and b being the slope of the calibration curve.

Determination of SV, AV, EV and IV by Titration

The SV was determined according to the Ph. Eur. 10.0 (2020). In brief: 2.0 g of RFO was
dissolved in 25.0 ml of 0.5 M ethanolic potassium and refluxed for 30 min. The hot solution
has to be titrated immediately with 0.5 M aqueous hydrochloric acid (HCI) solution using a
potentiometric endpoint detection. A blank test was carried out. The SV was calculated using
the equation SV =[28.05 x (n2-n1)}/m, with m being the sample weight, n, being the volume of
0.5 M aqueous HCI solution used for titration of the blank samples, and n; being the volume
of 0.5 M aqueous HCI solution used for titration of the sample. The presumed SV for RFO is

200-300 mg KOH/g.

The AV was determined according to the Ph. Eur. 10.0 (2020). In brief: 250 mg of RFO were
dissolved in 50 ml of a mixture of ethanol and diethyl ether (1:1, v/v) and titrated with an
agueous 0.1 M potassium hydroxide solution using potentiometric endpoint detection. The AV
was calculated using the equation AV = (5.610 x n)/m, with m being the sample weight and n

being the volume of 0.1 M potassium hydroxide solution used for titration of the sample.
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The EV was determined according to Ph. Eur. 10.0 (2020). In brief: The EV was calculated

according to the equation EV = SV-AV.

The IV was determined according to the Ph. Eur. 10.0 (2020). In brief: 0.25 g RFO was placed
in a dry 250 ml iodine flask. 15.0 ml of chloroform was added, followed by a slow addition of
25.0 ml of iodine monobromide solution; the flask was closed. The solution was allowed to
stand in the dark for 30 minutes, shaking frequently. Then, 10.0 ml of 100 g/l potassium iodide
solution and 100 ml of water was added and the solution was titrated with 0.1 M sodium
thiosulphate, using the starch solution as an indicator, which were added towards the end of
the titration. A blank test was carried out. IV was calculated using the equation IV = [1,269 x
(n2-ny)])/m, with m being the sample weight, n, being the volume of 0.1 M sodium thiosulphate
solution used for titration blank sample, and n1 being the volume of 0.1 M sodium thiosulphate

solution used for titration of the sample. The presumed IV for RFO is 60-100 g 12/100g.

Comparison of the results with Titration Methods

To compare the gNMR and titration methods, an F test, t-test, and a regression test were
applied. The F test was used to assess the same precision and the t-test to assess the
consistency between the two methods. A regression test was considered to evaluate the
correlation and accuracy of gNMR with the titration method. The data was processed using

Microsoft® Excel® 2019 MSO (Version 2204 Build 16.0.15128.20158) 64-bit software.

Results and Discussion

The main components of RFO are mixed triglycerides formed from different fatty acids. Minor
components are mono- and di-glycerides, sterols, vitamins, fatty acids, and others (Rohman
et al. 2012; Sarungallo et al. 2015). In general, the RFO NMR spectra have a pattern similar
to vegetable oils (Beyer et al. 2010a). The assignment of the *H NMR spectra can be seen in

Fig. 1.
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Fig. 1 a Representative structures of triacylglyceride (TAG) and free fatty acid (FFA) and b *H
NMR spectrum of RFO dissolved in a mixture of CDCIl; and DMSO-ds (5:1 v/v) containing

TMS 0.1% with enlargement signal at 6= 2.20-2.37 ppm (F1 and F2).

Selection of solvents

A prerequisite for quantitative NMR spectroscopy is an unambiguous assignment of separated
signals; hence choosing an appropriate solvent is important and was adopted from Skiera et
al (2014). A good signal separation was achieved using a mixture of CDCIl; and DMSO-ds
(5:1, viv), because the specific protons of the methylene a-CH; group at & = 2.37-2.20 ppm
(F1 and F2) are clearly visible. The beneficial effect of adding DMSO-dsto CDClz is due to the
NMR complex formation between DMSO and the fatty acid moiety (Abraham et al. 2006;

Beyer et al. 2010b).
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Selection of an appropriate internal standard

Selecting a proper internal standards is of great significance in gNMR experiments. DMSO;
was used in this procedure because its signal at 6= 2.98 ppm does not overlap with sample
and/or solvent components (see Fig. 1b). It is close to the analyte's resonance, thus
minimizing the impact of pulse resonance (Fulmer et al. 2010; Giraudeau et al. 2014).
Furthermore, DMSO; can be easily obtained with high purity and has good stability and

solubility in the solvent system (Wells et al. 2004).
Assignment of the *H NMR spectra

The 'H NMR spectrum of RFO consists of eleven signal groups appearing in spectral regions
between 6= 0.50 and 5.50 ppm (Guillén and Ruiz 2003a, b; Beyer et al. 2010a) (see Fig 1).
The signals are divided into eleven groups (A, a, B, C, D, E, F1, F2, H, |, and B) and are shown

in Table. 1.

Table. 1 Assignment of signals of *H NMR spectra from RFO. Signal number are given in Fig.
1; TAG 6= 0.83- 5.50 ppm, FFA 6= 0.83-5.50 ppm

Chemical shift (ppm)

Signal Functional group
TAG FFA

A (-CH?3) saturated, oleic and linoleic acyl chains 0.93-0.83 0.93-0.83
a (-CHBg) linolenic acyl chains 1.03-0.93 1.03-0.93
B (-(CH2)n-) methylene groups 1.42-1.22 1.42-1.22
C (—~OCO-CH2-CH2-) B-methylene protons 1.70-1.52 1.70-1.52
D (~CH2-CH=CH-) allyl methylene protons 2.14-1.94 2.14-1.94
E (—~CH20COR) methylene protons in the glyceryl group  4.32-4.10 -
F1 (—~OCO-CHz2-) a-methylene protons - 2.27-2.20
F2 (-OCO-CHz2-) a-methylene protons 2.37-2.27 -

H (=HC-CH2-CH=) divinyl methylene protons 2.84-2.70 2.84-2.70
B (-CHOCOR) methine proton at C2 of glyceride 5.26-5.20 5.26-5.20
I (=CH=CH-) olefinic protons 5.37-5.27 5.37-5.27

The a-CH; of both RFO and the FFA at 6= 2.27-2.20 ppm (F1) and &= 2.37-2.20 ppm (F2)

are of specials interest in addition to F1/2 the glyceride protons at 6= 4.32 - 4.10 ppm.
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Selection of quantitative signals

Acidic hydrolysis using aqueous sulfuric acid was performed with RFO sample to confirm the
assignment of signals F1 and F2 which were used to assess the SV, AV, and EV. Hydrolyzed
RFO vyields free fatty acids (FFA) (Salimon et al. 2011). As can be seen in Fig. 2b, upon
hydrolysis a-CH, (F2) of the TAG disappeared, whereas the a-CH; (F1) of the FFA increases.
The E signal of the methylene protons TAG at & = 4.32 - 4.10 ppm disappeared after
hydrolysis. Interestingly, the signals of the free glycerol are not visible because acidic
conditions can catalyze the dehydration reaction of glycerol to form acrolein and other
products, such as acrylic acid (Chai et al. 2007). Furthermore, the acrolein proton signal will
resonate in the downfield region; CHO signal at 6= 9.51 ppm, CHz= group at & = 6.26 ppm
and 0 = 6.11 ppm relative to TMS. This signal moved slightly, depending on the solvent and
pH used (De las Heras et al. 2020). As happened in the hydrolyzed RFO spectra, acrolein
gave a signal at & = 6.52 ppm and & = 6.37 ppm from protons of the CH,= group with the
enlarged spectra of these regions (see Fig. 2b), while CHO signal overlaps with other signals

at & =9.00 ppm.

The triplets of the a-CH; signals of the FFA are slightly high field shifted in comparison to the
corresponding signal of TAG which is a multiplet. This is in accordance with the data reported

by Nieva-Echevarria et al. (2014) and Kan et al. (1964).

Comparison of *H NMR spectra between RFO, oleic acid, and palmitic acid standards were
carried out to confirm the signal | (-CH=CH-) assignment to IV calculation because there is a
linear relation between IV and the number of olefinic protons (Miyake et al.1998). The -
CH=CH- signals resonate at & = 5.37-5.27 ppm in both RFO and oleic acid (see Fig 2a and

d).
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Fig. 2 Stacked Plot *H NMR Spectra 0.00 — 7.00 ppm (from bottom to top) of a RFO (100 mg),
b hydrolyzed RFO (85 mg) with enlargement region of 6.20 — 6.80 ppm, ¢ palmitic Acid
standard, and d oleic Acid standard

The integrals of the signals F1 and F2, corresponding to a-CH, of both FFA and TAG at d =
2.37-2.20 ppm, can be used for the quantification of SV: F1 correlated to a-CH,; FFA at & =
2.27-2.20 ppm for the determination of AV, F2 corresponding to a-CH, TAG at 6= 2.37-2.27
ppm for the quantification of EV, and signal | correlated to -CH=CH- signals at = 5.37-5.27

ppm can be used for the determination of IV, respectively.
Optimization of the measuring and processing parameters

It is indispensable to know the relaxation time T1 for each signal when quantifying because
of a complete relaxation of all signals to achieve more than 99.3% of the equilibrium
magnetization is required (Holzgrabe 2010). An inversion recovery experiment revealed T1

times as follows: DMSO; proton 2.748 s (the longest T1); a-CH2 FFA 0.524 s; a-CH2 TAG
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0.287 s; and -CH=CH- 1.583 s (see Fig. 3). All the T1 signals of RFO measured are similar
to T1 triolein and other edible oils (Miyake et al.1998). Hence, for 90° flip angle, a relaxation
delay of 13 s is reasonable. To shorten the analysis time, a flip angle of 30° was applied,

resulting in a delay of 9 s.
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Fig. 3 400 MHz *H NMR; an inversion-recovery pulse sequence of experiments used to
measure the values of T1 for the protons of RFO in CDCls: DMSO-ds (5:1, v/V), flip angle 180°

- T-90° was applied

Choosing an appropriate NMR receiver gain (RG) can maximize the signal-to-noise ratio.
Hence, the RG was varied between 4, 5, 5.65, and 6.35 (Torres and Price 2016). Fig. 4 shows
that the S/N value of the selected signal has a value of 1000, indicating that the sensitivity is
acceptable (Holzgrabe 2010). However, the optimal S/N of each signal is appearing within the

range of RG 4 to 5.

Furthermore, a suitable processing of the spectrum is essential to ensure reproducibility and
traceability. The phase correction was done manually, and the baseline correction was carried
out by the polynomial ABSG resulting in a narrow full width at half maximum (FWHM) value
for the selected signal (TMS: 0.81 £ 0.07 Hz; DMSO3: 0.84 £ 0.09 Hz). Therefore, the spectra

appear to have sharp and symmetrical signals as desired (Deborde et al. 2019).
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Fig. 4 Relationship between Receiver Gain and S/N

Method validation

The linearity was examined with the obtained integrals of the signals at & = 2.37-2.20 ppm; &

= 2.27-2.20 ppm; & = 2.37-2.27 ppm; and & = 5.37-5.27 ppm. They were plotted versus the

series of RFO concentrations. Linear regression was processed using Microsoft® Excel®

2019 MSO (Version 2204 Build 16.0.15128.20158) 64-bit software. As shown in Table 2,

linearity was represented by the linear regression equation and its coefficient of determination

(R?) being 0.999 for all selected signals.

Table 2 Linearity test results of the gNMR method

Linear regression RSD (%)
Signal NMR (ppm)
Equation R?
2.37-2.20 y =0.11x - 0.02 0.999 0.52
2.27-2.20 y = 0.06x + 0.08 0.999 0.69
2.37-2.27 y =0.05x - 0.11 0.999 0.60
5.37-5.27 y =0.10x + 0.05 0.999 0.47
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A multivariate test was carried out to see all selected integral contributions of the RFO signal
to the precision and repeatability of the chosen measurement method. The Principal
Component Regression (PCR) test indicates that the reference concentration of the RFO
sample was proportional to the RFO determined by *H NMR, indicated by R?> 0.999 during
calibration and 0.999 during validation. Additionally, precision was also demonstrated by small
root mean square error (RMSE) values, RMSE Calibration of 0.77, and RMSE Validation of
0.90. The results of the model prediction test also show a linear relationship between the
concentration measured by 'H NMR and the prediction indicated by R?> 0.999 and RMSE
Prediction 0.78. As shown in Table 3, the mean recoveries of the five samples were in the
range of 99.17-101.17%, with RSD% less than 0.83% (Gonzalez et al. 2010). The recovery
calculation is based on the principle of an external standard method. Taken together, the NMR

method can be regarded as precise and accurate

Table 3 Precision and recovery of five serial amounts of RFO

ta\;:\éﬁ%r:g) Recovery (%) RSD (%) Averagio}?)ecovery Averaéog/oe) RSD

100.91 0.64

50 101.50 1.05 101.17 0.83
101.12 0.79
99.12 0.63

100 98.82 0.84 99.17 0.59
99.56 0.31
99.51 0.35

150 99.64 0.25 99.92 0.34
100.60 0.42
100.53 0.38

200 100.13 0.09 100.23 0.16
100.04 0.03
100.43 0.30

250 99.97 0.02 99.96 0.23
99.49 0.36

LOD and LOQ were determined by calculating the standard deviation of the y-intercept

response and the slope of the calibration curve of six limited concentrations of RFO (ICH
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2005). Furthermore, as shown in Table 4, the LOD is in the same range of 0.35-0.38 mg for
all selected signals, and the LOQ for all selected signals has a similar value of 1.37-1.58 mg,
except for signals at 6= 2.27-2.20 ppm that are below 4.78 mg, respectively. All LOQ values
are comparable to the minimum S/N of 150 for achieving an RSD of less than 1% (Ph. Eur.

10.0. 2020).

Table 4 LOD and LOQ based on the calibration curve of SV, AV, EV and IV, respectively

Signal NMR Signal Range Calibration curve LOD LOQ

(ppm)  Correlation  (mg) R2__ Equation (mg)  (mg)
2.37-2.20 SV 0.995 y =90.88x + 5.93 0.37 1.58
2.27-2.20 AV 0-10 0.995 y =90.88x + 5.93 0.37 1.58
2.37-2.27 EV 0.995 y=31.12x +1.23 1.46 4.78
5.37-5.27 v 0.996 y =108.98x - 0.27 0.35 1.37

These data demonstrated that the established gqNMR approach was precise, accurate, and

sensitive enough for the simultaneous quantitative determination of SV, AV, EV, and IV.

Quantification of SV, AV, EV, and IV of RFO with palmitic acid and oleic acid addition

One of the principal methods that can be used to obtain absolute quantitative data is the
standard addition method (Beyer et al. 2010a; Holzgrabe 2010). For this purpose, the
standard addition method was carried out by adding palmitic acid and oleic acid to RFO,
respectively. Furthermore, the difference of the selected signal integral and its application to

guantify SV, AV, EV, and IV can be assessed.

Fig. 5a displays the palmitic acid addition effect of linear increase integral signal at & = 2.37-
2.20 (R? 0.994) and & = 2.27-2.20 (R? 0.998), meanwhile the integral signal at & = 2.37-2.27
and 6 = 5.37-5.27 are constant. Fig. 5b shows a linear increase in SV (R? 0.993; RSD 0.61)

and AV (R? 0.996; RSD 0.16) upon adding palmitic acid, while EV and IV remain.

Upon addition of oleic acid, a linear increase in SV (R? 0.958; RSD 0.43), AV (R? 0.964; RSD
0.56), and IV (R? 0.970; RSD 0.38) of the sample in comparison to RFO was observed when

using the integral increase in the RFO signal at & = 2.27-2.20 and & = 5.37-5.27 ppm (see
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Fig. 5¢c and d). These results prove that adding oleic acid an unsaturated fatty acid, affects
SV, AV, and IV due to an increase in the number of a-CH; signals of FFA and the signal of
double bonds -CH=CH- in RFO. As expected, the calculated EV remains constant.
Accordingly, this result also proves that the EV calculation can be directly read from the *H
NMR RFO spectra on the a-CH, TAG signal at & = 2.37-2.27 ppm. This is in stark contrast to
the standard titration approach where it is calculated by EV = SV-AV. Taken together, the

standard addition method gives reliable results for SV, AV, EV and IV using the gNMR method.

a b
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Fig. 5 a Correlation between RFO with palmitic acid addition versus Integral of *H NMR RFO
(6=5.37-5.27 ppm, 6=2.37-2.27 ppm, 6= 2.27-2.20 ppm, 6= 2.37-2.20 ppm) and b Correlation
between RFO with palmitic acid addition versus SV, AV, EV, and IV by gNMR calculation. ¢
Correlation between RFO with oleic acid addition versus integral of *H NMR RFO (&= 5.37-
5.27 ppm, 8= 2.37-2.27 ppm, 8= 2.27-2.20 ppm, 6= 2.37-2.20 ppm) and d correlation between

RFO with oleic acid addition versus SV, AV, EV, and IV by gNMR calculation
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Comparison with the Titration method

SV, AV, EV, and IV were determined for 17 RFO samples. This sample series contains 4
crude RFO with palmitic acid (10, 40, 80, and 120 mg), 4 crude RFO with oleic acid (10, 20,
40, and 80 mg), and 9 commercial product samples of RFO. Subsequently, SV, AV, EV and
IV were determined using both the standard titration method (Ph. Eur. 10.0) and the gNMR
method. An F-test and a Student's t-test were applied to evaluate significant differences
between the two methods. The results displayed in Table 5 are similar for both analysis
methods. The values determined for commercials RFO products differ significantly: AV (9 —
100), EV (94 — 107) and IV (66- 80), respectively, indicating different qualities. Especially the
broad range of the AV limit is an indicator for ongoing hydrolysis processes. Interestingly, the
SV is similar (194 — 198) for all products. These SV results indicate that the fatty acids in
commercial samples of RFO have a similar mean molecular weight. The range of 190 to 200
points towards a substantial amount of oleic, stearic, and palmitic acid, which is typical for
RFO. Several SV values from the NMR calculation do not precisely match if compared with
summarizing AVnwr plus EVavr. A random error may cause this condition of the integration

technique (Torres et al. 2017). However, the differences are not significant (RSD< 0.66).
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Table 5 The SV, AV, EV and IV of RFO samples determined by gNMR and Titration methods (n=3)

Sample? SV (mg KOH/g) AV (mg KOH/qg) EV (mg KOH/Qg) IV (g 12/100 g)
gNMR Titration gNMR Titration gNMR Titration (SV-AV) gNMR Titration
1 19471 + 056 19450 + 0.58| 10029 + 0.71 10054 + 080 | 9442 + 020 9396 + 066 | 7633 * 0.83 7553 + 0.33
2 19896 + 138 19969 + 030| 6193 + 048 6165 + 0.67|137.02 + 090 13803 =+ 0.37| 66.46 = 037 66.37 * 0.43
3 199.46 + 041 199.76 + 0.23| 4572 + 059 4530 + 02315562 + 096 15446 + 0.29| 6958 + 0.79 70.08 + 0.37
4 191.11 + 0.76 19163 + 042 | 8387 + 083 84.00 + 0.21|107.24 + 0.18 10763 * 022| 7735 * 035 7750 * 0.32
5 19732 + 033 19751 + 032| 7123 + 080 7340 + 0.10|126.11 + 0.78 12411 + 022 | 8284 + 025 8144 + 0.68
6 191.19 + 047 19192 + 0.70| 6048 + 051 60.87 + 0.73]130.72 + 0.13 13105 + 0.04| 79.24 * 096 79.67 * 0.94
7 18760 + 0.03 186.86 *+ 0.01 9.05 + 0.09 936 + 0.03|17855 + 0.12 17751 + 0.04| 89.01 * 030 86.99 + 0.77
8 19264 + 035 19140 + 023 | 8422 + 030 83.02 + 01010740 + 163 10838 =+ 0.24| 7719 *= 049 77.26 * 0.19
9 19681 + 116 196.75 + 0.45]100.82 + 057 10119 + 044 | 9599 + 064 9555 + 055| 8059 + 053 80.39 + 043
10 20162 + 0.97 20212 + 0.59|107.16 *+ 0.96 11034 + 0.03| 9397 + 072 91.78 + 062 | 8066 + 041 80.37 = 0.28
11 23556 + 0.69 23146 + 0.06|13742 + 0.08 13775 + 0.06| 9814 + 077 9371 + 0.00| 8120 + 056 80.62 =+ 0.48
12 26693 *+ 056 26842 + 0.20|174.12 * 0.20 17552 + 025| 9282 + 036 9289 + 0.05| 8041 * 0.09 81.06 * 0.64
13 20959 + 1.07 30007 + 0.31 20532 + 0.08 20246 + 134| 9590 + 116 9762 + 104 | 8170 + 035 80.79 + 0.65
14 19850 + 1.15 200.70 * 0.53|103.02 + 117 10535 + 098 | 9548 + 004 9535 + 1.21| 8387 *= 0.13 8284 + 0.25
15 216.09 + 0.76 21691 + 05211868 + 0.80 11832 + 0.79| 9741 + 018 9859 + 131 | 9123 + 033 9194 + 021
16 22805 *+ 0.73 23123 + 04013288 =+ 0.21 13516 + 0.74| 9518 + 052 96.06 + 1.02| 9580 + 0.02 96.83 = 0.21
17 25956 + 054 25886 + 0.79|164.83 + 0.46 169.12 + 039]| 9440 + 134 89.74 + 05910923 + 0.81 10890 =+ 0.55

& 1-8 are commercial product RFO; 9 is crude RFO; 10-13 are crude RFO with palmitic acid (10, 40, 80, 120 mg); 14-17 are crude RFO with oleic acid
(10, 20, 40, 80 mg)
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Table 6 Statistics F-test, Student's t-test, and RSD results for four quality parameters of
RFO calculated from gNMR method versus titration method

F-critical P(T<=t) tcritical P(T<=t) t critical

Parameter F-Test value one-tail one-tail two-tail two-tail RSD (%)
Y 0.47 0.47 0.94 1.74
0.93
AV 0.47 1.65 0.47 1.66 1.99 1.65
EV 0.48 0.44 0.89 2.15
v 0.50 0.46 0.92 0.90

As can be seen from Table 6, the t-test showed the consistency of both methods, and the F-
test stated that both methods are of similar precision. Considering that both methods produce
almost identical results for SV, AV, EV, and IV, a regression correlation was applied to
calculated SV, AV, EV, and IV directly from *H NMR. The following equation was obtained for
calculation of SV (y = 0. 986x + 2.426); AV (y = 0. 989x + 0.270); EV (y = 0.987 + 2.170); and
IV (y = 0.994x + 0.782). Based on this result, it can be stated that gNMR could develop into a

method for determining SV, AV, EV, and IV parallel to the conventional methods.

Conclusions

In this work, a gNMR method using the internal standard DMSO, with optimized conditions
was developed (Solvent CDCl; and DMSO-ds (5:1 v/v) containing 0.1% TMS; acquisition
parameters: 163 K, SW 30.00 ppm, AQ 6.81 s, digital resolution 0.15 Hz, d1 9 s and pulse
angle 30°) and successfully demonstrated the advantages of feasible detection speed,
selectivity, linearity, precision, and accuracy in the quantitative analysis of four simultaneous
oil quality parameters (SV, AV, EV, and IV) in crude RFO, a mixture of crude RFO with palmitic

and oleic acid addition and its commercial products.

The NMR results were in good correlation with those determined by the compendial titration
method. Furthermore, SV, AV, EV, and IV successfully can be determined directly from H
NMR spectra. In addition, the quantitative *H NMR method is simple, rapid, demands for less
chemical reagents, and does not require complex preparation steps. Therefore, it represents

an interesting alternative for routine quality control of RFO and commercial products.
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Data availibility

The authors declare that all data supporting the findings of this study are available within the

article.
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3.2 Chemometric analysis applied to *H NMR and FTIR data for a quality parameter

distinction of Red Fruit (Pandanus conoideus, Lam.) Oil products!

1 This chapter was accepted for publication in Phytochem. Anal. (2022). For details see

chapter 7.1 List of publications

Liling Triyasmono, Curd Schollmayer, Ulrike Holzgrabe

Copyright
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pca (manuscriptcentral.com)

Abstract

Introduction: Red fruit oil (RFO) is a natural product extracted from Pandanus conoideus
Lam. fruit, a native plant from Papua, Indonesia. Nowadays, recent studies indicate that RFO

is popularly consumed as herbal medicine. Furthermore, the quality of RFO must be assured.

Objectives: This study aimed to develop chemometric analysis applied to *H NMR and FTIR
data for a quality parameter distinction of Red Fruit Oil (RFO), especially on the degree of

unsaturation and the amount of free fatty acids (FFA), which are important quality parameters.

Materials and methods: Forty samples consisting of one crude RFO, thirty-three commercial
RFOs, and three oils as blends, including olive oil, virgin coconut oil, and black seed oil, were
analyzed by 'H NMR and FTIR spectroscopy. After appropriate preprocessing of the spectra,

the PCA and PLSR were used for model development.

Results: The essential signals for modeling the degree of unsaturation are the signal at 8=
5.37-5.27 ppm (*H NMR) and the band at 3000-3020 cm?* (FTIR). The FFA profile is
represented by the signal at 6= 2.37-2.20 ppm (*H NMR) and the band at 1680-1780 cm
(FTIR), respectively. PCA allows the visualization grouping of both methods with > 98% for

the degree of unsaturation and > 88% full PC for FFA values. In addition, the PLSR model
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provides an acceptable coefficient of determination (R?) and errors in calibration, prediction,

and cross-validation.

Conclusion: Chemometric analysis applied to *H NMR and FTIR spectra of RFO successfully

classified and predicted product quality based on the degree of unsaturation and FFA values.

Keywords: *H NMR, FTIR, PCA, PLSR, Red fruit oil, degree of unsaturation, free fatty acid

value

Abbreviations

RFO, Red Fruit Oil, PCA, Principal component analysis, PLS, Partial least Square, RMSEC,
Root mean square error calibration, RMSEV, Root mean square error validation, RMSEP,
Root mean square Prediction, FFA, Free fatty acid, TAG, Triacylglycerol, OR, Crude RFO
(Original RFO), BSO, Black Seed Qil (Habattusauda), OVO, Olive Oil, VCO, Virgin Coconut
Oil, ORCO, Crude RFO plus VCO, ORVO, Crude RFO plus Olive QOil, Crude RFO plus Black
Seed Oil (Habbatusauda), AT, ATHAKU, BMO, Buah Merah Oil Papua, BMP, Buah Merah
Papua, FR, Fira Herbalindo Buah Merah, GR, Golden Red, JW, Jaya Wijaya, KF, KF Minyak
Buah Merah, KP, King Pandanus, LJ, Loh Jinawi, PG, Premium Gold, PR , Pro Jep Buah
Merah, RD, REDOTEN, AH, Agro Herbal Husada, BMPro, BMPro Minyak Buah Merah, BMW,
Buah Merah Wamena, CH, Cahaya Minyak Buah Merah, DIO, DioDes Minyak Buah Merah,
EZA, Essensa Naturale Buah Merah, HM, Herbal Food Buah Merah, HP, Herbal Produk Buah
Merah, MBM, Minyak Buah Merah, MHJ, Mahesa Herbal Jogja, OF, Oil Fit, PCI, PCI Buah
Merah, PI, Papua Indonesia Minyak Buah Merah, PS, Planta Sehat, PT, Papua Tropika MBM,
ROP, Red Oil Papua, RW, Redwin, SBM, Sari Buah Merah Made, THM, Tani Home Industri

Buah Merah, TN, Tamba Sanjiwani Natur, RF, FIRA PAPUA.
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1 INTRODUCTION

Red fruit oil (RFO) is a natural product extracted from Pandanus conoideus Lam. fruit, a native
plant from Papua, Indonesia, and Papua New Guinea. The oval fruits of this tree are some
40-110 cm long, 5-25 cm in diameter, and have a weight of 3-8 kg. This fruit has a specific
organoleptic: red color with a slightly chelating neutral taste. Traditionally, red fruits are used
by Papuanese as an edible oil to increase energy and strengthen the immune system.
Nowadays, recent studies indicate that RFO is popularly consumed as herbal medicine. It is
used for medicinal purposes, as the literature records some pharmacological studies on RFO,
such as inhibiting tumor growth and killing cancer cells,*? increasing the number of anti-
inflammatory and immune cells,® and antioxidant activity.* RFO contains active components
such as phenols, carotenoids, tocopherols, and unsaturated fatty acids. RFO's reported
characteristics differ from other Indonesian vegetable oils such as coconut and palm oil. RFO
is dominated with monounsaturated fatty acid (MUFA) 60-70%, 10-20 %, saturated fatty acid

(SFA) (10-20%), and polyunsaturated (PUFA) 2-10%.5¢

The quality of RFO must be assured. One of the oil quality parameters used to assess and
classify is the degree of unsaturated lipids and the free fatty acid (FFA) value.>” The
conventional method for assessing the degree of unsaturated fatty acids is the determination
of the iodine value (IV) and for quantification the amount of FFA is the acid value (AV).
Unfortunately, the classical IV and AV methods have several drawbacks: time-consuming, the
necessity for sample pretreatment, large sample size, large amounts of organic solvents,

harmful chemicals, and the lack of specificity, which usually depends on a visual endpoint.

To overcome these obstacles, several fast and non-destructive instrumental methods have
been proposed for food analysis of the complex mixture, i.e. high-resolution techniques such
as nuclear magnetic resonance (NMR) and Fourier transform infrared (FTIR) spectroscopy.
These methods can provide qualitative and quantitative information in one experiment. The
NMR and FTIR spectra, e.g., provide information on the product's composition and quality

characteristics.8®
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To accomplish the quality assurance, chemometrics is applied directly to the spectral data.
These methods are particularly suitable for areas such as food investigations,'© plant
extracts,!! drug and degradation products,*?13 and oil authentication and characterization.45
In the case of successful classification or diagnosis, multiple variables must be considered
simultaneously. Using principal component analysis (PCA) samples can be correctly
visualization the grouping (96%) and the discrimination between classes can be sufficient to
characterize the geographical origin of the oil. The exploratory data analysis mainly consists
of PCA, summarizing information in large-scale spectrum sets. Another form of data pattern
research is Partial Least Squares Regression (PLSR), which aims to detect and predict

similarities between samples.®

The present study aimed to build a model for RFO to guarantee the authenticity of this product
using fast and easy-to-automate methodologies, compare different spectroscopic techniques
and investigate whether the synergy among them is able to improve the efficiency of the
classification and regression models, especially for the classification of commercial samples

of RFO.

2 EXPERIMENTAL PROCEDURES

2.1 Materials

Hexa deuterium dimethyl sulfoxide (DMSO-ds, 99.9 % D), tetramethylsilane (TMS) and NMR
tube Boro 400-5-7 were purchased from Deutero (Kastellaun, Germany), deuterated
chloroform (CDCls, 99.8 % D) and dimethyl sulfone (DMSQO.), internal standard NMR grade,

were purchased from Merck (Darmstadt, Germany).

2.2 All Samples

A total of 40 different oils were used in this study, 33 samples thereof were RFO commercial
product from different factories purchased from the local traditional herbal market, Jakarta,
Indonesia. One crude RFO sample was obtained from solvent extraction,’ three samples

were crude RFO mixed with other oils, and three different samples, including olive oil (OVO),
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coconut oil (VCO) and black seed oil (BSO) were the standard oil for additional RFO Products

(Table 1). Furthermore, the sample was grouped into two components: calibration and

prediction.

TABLE 1 List of the investigated sample

No Sampel Type Specification Quantity  Replication
code number code

1 OR crude RFO Calibration 3 61,62,63

2 ORCO modified RFO with VCO Calibration 3 64.65.66

3 ORVO modified RFO with OVO Calibration 3 67,68,69

4 ORSO modified RFO with BSO Calibration 3 112,113,114

5 OovoO modifying oil (olive oil) Calibration 3 70,71,72

6 VCO modifying oil (coconut oil) Calibration 3 115,116,117

7 BSO modifying oil (black seed oil) Calibration 3 118,119,120

8 AT commercial Calibration 3 4,5,6

9 BMO commercial Calibration 3 7,8,9

10 BMP commercial Calibration 3 10,11,12

11 FR commercial Calibration 3 28,29,30

12 GR commercial Calibration 3 31,32,33

13 JW commercial Calibration 3 40,41,42

14 KF commercial Calibration 3 43,44,45

15 KP commercial Calibration 3 46,47,48

16 LJ commercial Calibration 3 49,50,51

17 PG commercial Calibration 3 76,77,78

18 PR commercial Calibration 3 82,83,84

19 RD commercial Calibration 3 91,92,93

20 AH commercial Prediction test 3 1,2,3

21 BMPro commercial Prediction test 3 13,14,15

22 BMW commercial Prediction test 3 16,17,18

23 CH commercial Prediction test 3 19,20,21

24 DIO commercial Prediction test 3 22,23,24

25 EZA commercial Prediction test 3 25,26,27

26 HM commercial Prediction test 3 34,35,36
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TABLE 1 continued

No Sampel Type Specification Quantity  Replication

code number code

27 HP commercial Prediction test 3 37,38,39

28 MBM commercial Prediction test 3 52,53,54

29 MHJ commercial Prediction test 3 55,56,57

30 OF commercial Prediction test 3 58,59,60

31 PCI commercial Prediction test 3 73,74,75

32 PI commercial Prediction test 3 79,80,81

33 PS commercial Prediction test 3 85,86,87

34 PT commercial Prediction test 3 88,89,90

35 RF commercial Prediction test 3 94,95,96

36 ROP commercial Prediction test 3 97,98,99

37 RwW commercial Prediction test 3 100,101,102

38 SBM commercial Prediction test 3 103,104,105

39 THM commercial Prediction test 3 106,107,108

40 TN commercial Prediction test 3 109,110,111

For producing model blends, binary mixtures of OVO, VCO, and BSO in crude RFO were
prepared by adding BSO, OVO, and VCO to the crude RFO up to a total amount sample of

250.0 mg (1:1.5 w/w), respectively.

2.3 NMR spectroscopy

A total of 833.33 mg oil and 3.33 mg DMSO; was weighed into a 2.0 ml reaction tube. After
the addition of a solvent mixture of CDCl; and DMSO-ds (5:1, v/v) containing 0.1% TMS up to
2.0 ml, the tube was closed and vortexed, and 600 L of this solution was placed into a 5-mm-
diameter inverse probe NMR tube (Boro 400-5-7, Deutero, Kastellaun, Germany). The sample
analyzed by NMR spectroscopy (Avance Il HD 400 MHz, Bruker BioSpin GmbH,
Rheinstetten, Germany). The experiments were carried out at 300 K, a spectral width of 30.0
ppm (time-domain size 163k), relaxation delay of 9 s, number of scans of 32, acquisition time
of 6.41 s, pulse width of 30°, pulse sequence of 30 zg, no rotation. The receiver gain was set

to 4, and a line broadening factor of 0.3 Hz was applied for processing.'® Previously,
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measurements of the full spin-lattice relaxation (T1) of the protons in the sample were carried

out according to Holzgrabe.® and Triyasmono et al.'® The total acquisition time was 15 min.

The spectra were acquired using TopSpin 4.0 (Bruker BioSpin GmbH, Rheinstetten,
Germany); a manual phase and baseline corrections were applied. All offset signals are

referenced to the TMS signal (6= 0.00 ppm). Each sample was measured in triplicate.
2.4 FTIR spectroscopy

An FT/IR-6100 spectrometer (JASCO Deutschland GmbH, Pfungstadt, Germany) equipped
with an attenuated total reflectance (ATR) unit was used to obtain FTIR spectra. An oil droplet
was placed on diamond cell ATR, and the absorbance spectra were recorded. The samples
were scanned at room temperature at a resolution of 4 cm™ in the wavenumber range 4000—
600 cm™. The sample and background spectra are set at an average of over 32 scans. A new
background spectrum was obtained after each measurement. The ATR was cleaned with
isopropanol before a new sample was applied. All spectra were measured in triplicate and

used for statistical analysis.

2.5 Pre-processing and multivariate data analysis

Data preprocessing of the H NMR spectra was carried out using Amix 3.9.15 (Bruker BioSpin
GmbH, Rheinstetten, Germany) to reduce by bucketing spectral regions of equal width of
0.009 ppm. After the bucketing spectra were obtained, they were converted into txt format to
build the data matrix (Figure S1-S11 Supplementary Materials 1). The final range used for

PCA and PLS was 0= 5.37-5.27 ppm and 6= 2.37-2.20 ppm.

The data preprocessing of FTIR spectra was performed as a baseline correction. Additionally,
the scattering effects were removed by means of second-order smoothing polynomials
through 25 points (Savitzky-Golay method).2%2! Finally, the resulting spectra were converted
into JCAMP format to build a data matrix. The final FTIR spectral range of interest was limited

to 2990 to 3020 cm™ and 1680-1780 cm™.
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Unscrambler X 11.0 (CAMO Software AS., Oslo, Norway) was used for the individual analysis
of both spectral methods using PCA and PLS. First, PCA methods were applied to attain
delineate classes rules according to the degree of unsaturation and FFA value of commercial
products. In addition, PLS methods were applied to predict the value of the degree of

unsaturation and FFA composition of RFO commercial products.

The unsupervised pattern recognition models PCA and supervised pattern PLS were built on
all replicates of all samples, as shown in Table 1. The calibration models were built using
nineteen samples (in triplicate), including crude RFO, three modified RFO, three other oil
(BSO, OVO, and VCO), and 15 commercial RFO. Furthermore, twenty-one commercial
samples (in triplicate) other than those used as calibrations were used to test their class
identities. The leave-one-out cross-validation procedure was used to verify the calibration and
prediction model. Finally, the total calibration, validation, and prediction errors (RMSEC,

RMSEV, and RMSEP) for each model sample were evaluated.??

3 RESULTS AND DISCUSSION

3.1 Spectral data for multivariate analysis

For multivariate data analysis, it is mandatory to have a sample preparation that generates
reproducible spectra. Figure 1 shows the results of bucketing processes demonstrating a good

performance for the alignment of RFO *H NMR spectra.10:23.24

Because the 'H NMR spectrum contains several thousand points and is therefore variable,
data reduction or clustering is usually used to reduce the dimension of the data. By bucketing,
the spectrum is divided into spectral regions, or buckets (also called bins), and the total area
in each bucket is calculated to represent the original spectrum. Finally, to make all spectra
comparable, the overall sample concentration variation must be taken into account, as was
the case with the *H NMR spectra of the sample. The clustering of spectra of 0.009 ppm bucket
gave satisfactory results, especially the reliability of the chemical shift, and the signal intensity

was the same as the original spectra for each sample. It is obtained from the sum of the
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intensities in each set of buckets so that the area under each signal in the spectral region is
used instead of the individual intensities.?®>2°> As a result, the chemical shift variability around
the signal and misalignment could be overcome. Thus, the resulting data matrix variables will

slightly vary each iteration for further chemometric analysis processes.

5.37 5.36 5.36 535 5.34 533 532 531 530 529 528 527 527 235 13 231 230 228 2% 224 222 14
Chemical shift (opm) Chemical shift (opm)

—_

6.70 6.32 594 556 5.18 4.81 4.43 4.05 3.67 3.29 292 254 216 1.78 1.40 1.03 0.65 0.27
Chemical shift (ppm)

FIGURE 1 Reduced 'H NMR spectra of all samples with an enlarged spectral range of 6=

5.37-5.27 ppm and &= 2.37-2.20 ppm. The spectra are color-coded according to the brand

Furthermore, in FTIR spectra, preprocessing procedures also showed a good performance for
alignment without derivative transformation and data loss with constant range wavenumber.
With an interval of 4 cm™ selected, it displays the level of smoothness of the data obtained
during the measurement. The meaning of 4 cm™ is that the spectrum is expected to be
obtained at intervals of approximately 2 cm to increase signal resolution (sharper spectra)
without losing time?8. This result proved that good resolution was obtained between the peak

band at 1740 cm™ and 1710 cm?, as well as at 3007 cm™® and 2920 cm, as can be seen in
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Figure 2. All vibrational bands of sample spectra were obtained clearly at the same

wavenumber. Therefore, the resulting data matrix variable will be reliable.

1778 1768 1758 1749 1739 1729 1720 1710 1700 1691 1681
Wavenumber (cm-1)

3019 3017 3014 3011 3008 3005 3002 2999 2996 2993 2991
Wavenumber (cm-1)

3345 3240 3135 3029 2924 2819 2714 2609 2503 2398 2292 2187 2082 1976 1871 1766 1661 1555 1450 1345 1240 1136 1032 933, 838, 745, 650
Wavenumber (cm-1)

FIGURE 2 Reduced FTIR spectra of all samples with an enlarged spectral range of the band

at 1780 — 1680 cm*and 3020 — 2990 cm!. The spectra are color-coded according to the brand

Generally, the spectra produced by these two processing methods have a similar profile in all
samples. However, differences in some parts of the intensity on the 'H NMR and absorbance

on the FTIR spectra can be observed, especially in the signals/bands selected for analysis.
Finally, two different matrices were considered for both data:

1) 'H NMR matrix consists of two segments; the degree of unsaturation (-CH=CH-) and FFA
value (a-CHy) signals. Thus, the final *H NMR data matrix contains 120 rows (samples) and
13 columns variables for the degree of unsaturation and 120 rows (sample) and 18 columns

for FFA values, respectively. (i.e., relative intensity at different chemical shifts, respectively).
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2) FTIR matrix consists of two segments; the degree of unsaturation (the C-H stretching band
of the double bond) and FFA value (C=0) bands. Therefore, the final FTIR data matrix
contains 120 rows and 33 columns for the degree of unsaturation, 120 rows and 105 columns

for FFA values (i.e., absorbance samples at different wavenumber, respectively).
3.2 Evaluation of correlation selected signal (-CH=CH-) *H NMR and FTIR spectra

Both spectral data (*H NMR and FTIR) consist of triacylglycerol (TAG) and FFA signals once
these compounds are predominantly found in the intact material analysis.>?’” The set of signals
at 6= 5.37 - 5.27 ppm arises largely from the H nuclei attached to carbons in the close
neighborhood of a double bond.?8 This signal is related to the degree of unsaturation bonds in
a triglyceride, regardless of whether these are located within monounsaturated or
polyunsaturated chains. Since the FTIR spectra were acquired from precisely the same
collection of samples used in the *H NMR analysis, an avenue exists for exploring the
correlations between the two datasets. In addition, the C-H stretching band of the double bond
in the FTIR spectra occurs in the range of 3000 to 3020 cm.2° Figure 3 shows a multivariate
regression showing significant correlations between the *H NMR and FTIR datasets points (all

PLS model analyses presented in Figure S1- Supplementary Materials 2).

R?2 Calibration 0.887
RZ2wvalidation 0.885
= 0,02
- 1N
- 1N
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[
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L 0,01
o
=
=
Eei1)
f
0
0 0,01 0,02 0,03
FTIR (3007 cm™1)

FIGURE 3 PLS calibration model for the relationship between *H NMR and FTIR spectra of

the selected signal
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The relevant *H NMR and FTIR spectral features are -CH=CH-. Even though the FTIR feature
has a low intensity, both spectra show relatively strong variations with differences in each
product's -CH=CH- bond content. According to Parker et al.,?® these findings can be used as
additional information: with a strong correlation between the two spectra; the signal -CH=CH-
of NMR and the C-H stretching band of the double bond in the FTIR can be one of the signals
that determines the difference between the respective oil products, especially regarding the

degree of unsaturation.
3.3 Evaluation of correlation selected signal a-CH, of *H NMR and C=0 FTIR spectra

It is well-known that C=0 at 1710 cm can be assigned to -COOH (acid) and C=0 at 1740
cm to -COOR (ester). The two bands are related to the FFA and TAG system, respectively.
Interestingly, a strong correlation can be formed for the a-CH, signal of the NMR at 6= 2.37-
2.20 ppm and the C=0 band resonance of the IR at 1680 to 1780 cmt. The multivariate
regression analysis states that both signals have a closed correlation (R?>0.97 and R?> 0.94)
(Figure 4 and all PLS model analyses presented in Figure S2 and S3- Supplementary

Materials 2).

However, there are different interpretations of the relationship between the two bands,
especially in the OVO, VCO, and OR samples. Namely, is for the band C=0 (1710 cm™?) with
a signal a-CHz at & = 2.37-2.20 ppm, which indicates the position of OVO and VCO had the
lowest intensity, whereas OR had the highest intensity (Figure 4A). On the other hand, the
C=0 band (1740 cm) indicates that the OVO and VCO have the highest intensity, while OR
has the lowest intensity (Figure 4B). These results indicate that TAG OVO and VCO
composition is more significant than FFA. In contrast, OR shows that the composition of FFA
is higher than TAG. These results confirm that the C=0 band at 1710 cm is an acid (FFA)

while the C=0 band at 1740 cm™ is an ester (TAG).20
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FIGURE 4 PLS calibration model for the relationship between *H NMR and FTIR spectra of

the selected signal. (A) band 1710 cm (B) band 1740 cm™

Parker et al. 's®® have not shown any correlation between the C=0 band (FTIR) and the a-CH>
signal (*H NMR) due to the absence of a heat map in the Pearson correlation statistic.
However, our findings indicate a strong correlation between the a-CH- signal on *H NMR and
the C=0 band on FTIR. These results can be obtained because the two signals in each
spectrum have good resolution and a relatively substantial intensity difference (see Figure 1
and Figure 2). In addition, these two functional groups are adjacent in the structure of the
constituent FFA and TAG.2%?” Therefore, these two signals/bands are essential in

differentiating oil products based on the amount of FFA.
3.4 PCA Projection for the degree of unsaturation profile distinction

The PCA projection is carried out on the matrix data of the *H NMR and FTIR spectra related
to the degree of unsaturation to predict the RFO product profile. The first PCA was performed
on a calibration matrix of 57 spectra from 19 calibration samples. The presence of BSO, OVO,

and VCO as a comparison and modifier of crude RFO in calibration modeling illustrates the
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effect of adding these types of oil to crude RFO in matrix variables (see Materials & methods).
Finally, the PCA calibration results are used to project 63 spectra from 21 samples of RFO
products (prediction test). Based on the ability of PCA to determine the similarity between the
calibration data model and the prediction data,*! the RFO samples will be grouped according
to the similarity of the variables. They will show the projection pattern due to changes in the

variables caused by these modifications, which are also helpful for authentication.

The PCA of 'H NMR data presents the separation of the RFO products into four main regions
(Figure 5 and all PCA model analyses are displayed in Figure S4-Supplementary Materials 2).
Most RFO products are on the positive side of the PC2 and PC1 axes (red circle), including
OVO and ORVO. On the most negative side of the PC1 axis, there are VCO products
(outliers/black circle) because it is a type of oil different from RFO (slight/no double bond),
while BSO is located at the most negative PC2 (green circle), because of a lot of double bonds.
Furthermore, this PCA projection can be used for RFO delineating classes based on the

closeness of the degree of unsaturation category.

Accordingly, PCA Calibration and Projection plots indicate four products of RFO from the
prediction set (ROP, CH, DIO, AH, and BMPro); three products from the calibration set
(ORCO, BMO, and FR) are located in the negative PC1 (yellow circle) that are close to VCO,
indicating a profile very similar to the VCO (especially a high amount of saturated lipid). In
addition, there are four RFO products in the prediction set, which are similar to one calibration
moadification product (ORCO). Therefore, these results indicate that the products (ROP, CH,

DIO, and PCI) are estimated to contain VCO.

On the other hand, there are two RFO products of the prediction test (HM and SBM) and two
products of the calibration set (PR and ORSO) located on the negative side of the PC2 axis
(green circle), where the products are projected close to the BSO profile indicating a lot of
double bonds. In addition, there is one RFO product (SBM) in the prediction set, similar to one
calibration modification product (ORSO). These results can denote that the product (SBM) is

projected to contain BSO. Examination of PC1 and PC2 loading of the 'H NMR data shows
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that this separation occurs because the spectral domain at 6= 5.37 - 5.27 ppm (-CH=CH-) has

different relative intensities; thus, the signal represents an important limitation of this method.
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FIGURE 5 Projected twenty-one RFO commercial products based on principal components
PC 1 and PC 2 with the selected signal at 5.37-5.27 ppm (—CH=CH-) of the nineteen 'H NMR
spectra calibration set (57 spectra) (NMR) and with the selected band at 3000-3020 cm™ (the
C-H stretching band of the double bond) of the nineteen FTIR spectra calibration set (57
samples) (FTIR). The replication number code indicates the label point for each sample (see
Materials and methods). (green circle: ORSO projected sample group; yellow circle: ORCO
projected sample group; red circle: ORVO projected sample group). (AH: Agro Herbal Husada,
BMO: Buah Merah Oil Papua, BMPro: Minyak Buah Merah, BSO: Black Seed Oil, CH:
Cahaya, DIO: DioDes Minyak Buah Merah, FR: Fira Papua, ORCO: Crude RFO plus VCO,
ORSO: Crude RFO plus BSO, ORVO: Crude RFO plus OVO, PCI: PCI Buah Merah, PR: Pro
Jep Buah Merah), ROP: Red Oil Papua, SBM: Sari Buah Merah, OVO: Olive Qil, VCO: Virgin

Coconut Oil)

The treatment of FTIR data appears to have similarities in the projection of the sample product
based on the degree of unsaturation. However, in Figure 5 FTIR, the PCA score plot shows a
marked separation in which VCO is located in the most negative PC1, and BSO is in the most

negative PC2, while most of the products are found in plots PC1, PC2 are positive (all PCA

77



[RESULTS 3.2]

model analyses presented in Figure S5- Supplementary Materials 2). At least the FTIR PCA
plot results are similar to the *H NMR. Separation of the same products with a close profile to
VCO can also be detected. For example, four products of the prediction test (ROP, CH, DIO,
and PCI) are projected to ORCO (yellow circle), and the separation of products prediction test
(SBM) close to the BSO profile is projected to ORSO (green circle). However, some projected
overlapping products and different locations between replications can still be seen. The FTIR
data loading assessment of PC1 and PC2 indicated that an absorption band at about 3000 -

3020 cm! (the C-H stretching band of the double bond) was responsible for this separation.

Chemometric analysis for both data sets showed projected differences in the degree of
unsaturation between the RFO products. The total projection of the two data sets also
indicates satisfactory results by producing 98% PC total separation into four region (black,
yellow, red, and green circles) depending on the degree of unsaturation, as already described.
Unfortunately, PCA projections on FTIR show a more considerable grouping variability, for
example, the distance differences between product replication of BMPro and PCI in the yellow
circle sample group and of ORSO, PR in the green circle sample group, respectively. The
lower reproducibility observed in the FTIR results depends on the manual placement of the
sample in the ATR, as has been discussed by Jovic et al.3? Therefore, the triple clustering
projection for FTIR shows unsatisfactory results. It is important to emphasize that replicate

clustering is preferable when *H NMR is used.

3.5 PCA Projection for free fatty acid value profile distinction

Furthermore, PCA Projection predicts the RFO product profile based on the FFA value. As
mentioned above, the presence of oil other than RFO, including BSO, OVO, and VCO, aims
to compare and modify crude RFO to indicate changes in the sample matrix caused by the
intervention of each oil. A total of 57 spectra from 19 samples were used as a data calibration
matrix for projecting 21 RFO samples (see Materials and methods). The PCA data for *H NMR

and FTIR presents a separation of the RFO products into four regions.
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FIGURE 6 Projected twenty-one RFO commercial products based on principal component
PC 1 and PC 2 with the selected signal at 2.37-2.227 ppm ( a-CH,) of the nineteen *H NMR
spectra calibration set (57 spectra) and with the selected band at 1690-1780 cm* (C=0) of
the nineteen FTIR spectra calibration set (57 spectra). The replication number code indicates
the label point for each sample (see Materials and methods). (green circle: PC-1 positif
projected sample group; yellow circle: PC-1 middle projected sample group; red circle: PC-1
negatif projected sample group). (AT: Athaku, BSO: Black seed oil, JW: Jaya Wijaya, KF: KF
Minyak Buah Merah, KP: King Pandanus, GR: Golden Red, OR: Crude RFO, ORCO : Crude
RFO plus VCO, ORVO: Crude RFO plus OVO, OVO: Olive Qil, RD: Redoten, RF: Fira Papua,

VCO: Virgin Coconut Qil)

On the other hand, the PCA pattern projection from FTIR shows a pattern similar to NMR
(Figure 6 and all PCA model analyses presented in Figure S6 and S7- Supplementary
Materials 2). The 3 RFOs, including OR, AT, and RF (green circle), also lie at the farthest
positive PC1, while the PC2 is positive. Meanwhile, most RFO products are projected along
PC2 (negative to positive) in the red circle. Another similarity was also shown in the projections

of VCO (farthest positive PC2) and OVO (farthest negative PC2) in the red circles .

The modified RFO also has a similar projection to the *H NMR data. The projected ORSO

samples were identical to BSO (PC1 and PC2 were negative) in the red circles. As for the
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ORCO projection, the FTIR pattern is better than the *H NMR pattern (PC1 negative and PC2
positive) because it is located in the same quadrant plot as the VCO, while ORSO in the NMR
plot score is in the yellow circle. It means that the FTIR spectral pattern for ORCO can show
the effect of adding VCO to the variable matrix pattern to be used as a reference for

authentication.

Interestingly, the ORVO projections for both PCA patterns also show a similar location at the
midpoint of the plot score (PC1 and PC2 are positive) in the yellow circle. However, they are
not projected the same as OVO (red circle). These results show that the addition of OVO to
crude RFO does not necessarily change the pattern of the variable matrix that is close to the
OVO pattern. Accordingly, the results illustrate that the difference matrix variables used do not
directly affect the projection pattern. This condition depends on the FFA amount of both.
Furthermore, the FTIR projection pattern on the selected matrix variable shows a better

projection pattern with a full PC of 98%, while *H NMR can project a full PC of 88%.

3.6 PCA for the degree of unsaturation grouping

In the visualization grouping approach, PCA builds three rules based on the degree of
unsaturation content with three different oil products with RFO as standard, namely BSO,
OVO, and VCO. When an RFO product has a low degree of unsaturation, it will approach
VCO. An RFO product with a high degree of unsaturation identical to OVO is an original RFO
product because, based on the characterization results,>® the main content of RFO is oleic
acid. In contrast, an RFO product with a higher degree of unsaturation will approach the BSO
position because it has more unsaturated fatty acids than OVO. Furthermore, a visualization
grouping PCA model can be obtained based on the value of the degree of unsaturation for the
entire RFO product?’, according to previously reported by Triyasmono et al.*® Figure 7 shows
that both spectral data sets can be classified into 6 categories (IV : < 10; 40 - 60; 60-70; 70-

80 and > 90) .
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FIGURE 7 Plot scores of all samples (120 spectra) on the main components PC1 and PC2 on
the selected signal 'H NMR spectra and selected band FTIR based on the degree of

unsaturation category (The point label according to the abbreviation section)

Both *H NMR and FTIR data presented satisfactory results with 98% total PC and 99% total
PC of the classified products, respectively (all PCA model analyses presented in Figure S8
and S9- Supplementary Materials 2). For FTIR data, there are five types of classified products
that overlap with the others (AH, BMO, FR, THM, and PR) (Figure 7 FTIR). As for the
prediction of *H NMR, the observations were excellent because 100% of the samples were
classified correctly. Furthermore, these results show that most products can be grouped at 70-
80 degrees of unsaturation, as well as OVO, which indicates that most RFO products have a
monounsaturated fatty acid component. On the other hand, four products (ROP, CH, DIO, and
PCI) and ORCO are close to VCO, so it is suspected that there VCO components are added.
Therefore, it affects to decrease the degree of unsaturation, and it is classified as lower than

crude RFO (40-60).

In comparison, three products (SBM, PR, and FR) and ORSO are close to BSO, so it is
suspected that BSO was added to the product component, causing an increased degree of
unsaturation. Therefore, it is grouped as higher than crude RFO (80-90). Based on the fact

that there are still miss-grouping in the FTIR data, even though 99% total PC of the samples
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can be distinguished based on different variables. Finally, the best triplicate for *H NMR data

implies a perfect visualization grouping based on the RFO product's unsaturation degree.
3.7 PCA for free fatty acid value grouping

Furthermore, for the classification approach based on its FFA value, the PCA model is based
on the acid number possessed by each sample because the amount of FFA depends on the
acid value of each sample. The FFA in each product is either occurring naturally or due to
degradation. Meanwhile, the presence of BSO, OVO, and VCO independently and crude RFO
modifiers can be used to compare the distribution pattern classification due to changes in the
variable matrix (see Materials and methods). Figure 8 depicts the PCA visualization grouping
of all total samples into seven categories according to acid values based on Triyasmono et
al.*® reported (AV: < 10; 40 - 60; 60-70; 70-80, 80-90 and > 90) for the spectrum of both

methods.

The PCA plot score generated from both methods (NMR and FTIR) showed the same pattern.
However, the 'H NMR data displayed a better classification pattern than the FTIR data
because the entire sample could be separated according to their respective categories without
overlap (Figure 8 NMR and all PCA model analyses presented in Figure S10- Supplementary
Materials 2). As for the PCA FTIR data pattern, several sample products are delineated
classes into different categories, including AT, CH, DIO, OF, and RF (Figure 8 FTIR and all
PCA model analyses are presented in Figure S11- Supplementary Materials 2). These results
happen because the FTIR spectrum pattern variance is more significant than *H NMR, so that
it can cause a more considerable matrix variable variance.? Interestingly, OVO and VCO have
the same categorization of the FFA value at < 10. Both are located on the same PC1 (farthest
negative); meanwhile, they are different in PC2; OVO PC2 is negative while VCO PC2 is
positive. These results can be caused by the spectral variance pattern correlated with the
chemical bonds of a free fatty acid constituent of each oil. For OVO, mainly FFA consists of

oleic acid. Meanwhile, most of VCO's FFA consists of palmitic acid.3?33
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FIGURE 8 Plot scores of all samples (120 spectra) on the main components PC1 and PC2 on
the selected signal *H NMR spectra and the selected band FTIR spectra based on the FFA

value category (The point label according to the abbreviation section)

In contrast, BSO plot scores differ almost from the RFO product and OVO in the degree of
unsaturation category but have adjacent plot scores in the FFA category. This result indicates
they may have the same acid value even though their free fatty acid composition is
different.®32:34 Therefore, this signal is suitable for classifying and authenticating commercial

RFOs based on the acid value profile.

On the other hand, De la Mata et al.®®, employing FTIR and PLS-DA spectra in the entire band
at 3508-650 cm* (except 2350-1870 cm?t), which was derivatized, demonstrated that 100%
olive oil was identified and differentiated from vegetable oil. However, up to 50% for mixed
samples results in a more significant prediction error. In comparison, this finding can also
visualize the grouping of the RFO based on the degree of unsaturation and the FFA value up
to a total PC of 99% with a lower error prediction even using two bands (3000-3020 cm and

1680-1780 cm?) and without derivatization spectra.

Popescu et al.*® used NMR spectra (*H, *3C) combined with PCA, and were able to produce

projections of olive oil that clustered close together even though they come from different
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countries of origin, while walnut oil is in varied plots. Subsequently, a mixture of 1% olive oil
and sunflower oil can also be detected, with a total PC variance between 91% and 92%.
However, the author can show a total PC variant of up to 98% in visualizing the different RFO
products and projecting the presence of adulterants, including olive oil, black seed oil, and

virgin coconut oil.

In comparison to the 3C NMR approach without chemometrics for the identification of
adulterant vegetable oils in essential oils as described by Truzzi et al. ¥7, the *H NMR requires
a shorter acquisition time of only 15 min per sample compared to 47 min. One of the reasons
for this condition is the relaxation times of carbon atoms are significantly longer (5.6 s) than

those of H NMR (1.56 s) in the lipid component.38:3°

Furthermore, the approach without chemometrics in 23C NMR still entails manually calculating
the similarity using the square ratio matrix formula. In comparison, the procedure for
chemometrics is relatively simple; the entire bucketing sample spectrum data is directly
imported into Unscrambler X 11.0 (see 2.5) for PCA and PLS analysis. Therefore, the time
needed for analysis was relatively fast (approximately 10 min). In addition, applying
chemometrics is more able to visualize groups with a confidence level of more than 95% with
an acceptable error lower than 5% compared to those without chemometrics; the confidence
level obtained 75% and the minimum error achieved 10% to identify the presence of
adulterants in essential oil. Nevertheless, *C NMR experiments are a worthwhile alternative
because they provide a lot more information than the time-consuming determination of e.g.

the iodine value.

Finally, the results from this work pointed out that NMR-PCA and FTIR-PCA are suitable and
more straightforward, quick and efficient methods for describing classes, differentiating RFO
types, or detecting adulteration, especially adulteration with other types of oil that have a

higher or lower unsaturated degree and FFA values without losing precision.
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3.8 PLS model for prediction of the degree of unsaturation and free fatty acid value

A PLS model is constructed for each parameter (the degree of unsaturation and free fatty acid
value). Calibration was performed with "leave one out" cross-validation. Furthermore, the
prediction of the test to validate was performed (see section on Materials and Methods). Table
2 shows the mean values for each parameter, and the results are presented in terms of the
number of factors used, correlation coefficient (R?), calibration standard error (SEC), and
prediction standard error (SEP). SEC and SEP are the standard deviations for the difference

between the measured and *H NMR estimated values for the samples in the

calibration and validation sets, respectively.

TABLE 2 Results of PLS modeling and prediction of the RFO properties based on both

methods (*H NMR and FTIR)

Root Mean Square Error

Parameter Method  Value Factor R? (RMSE)
Calibration Validation Prediction RMSEC RMSEV RMSEP
Unsaturated IH NMR 0-90 1 0.972 0.967 0.915 3.08 3.29 4.18
degree FTIR 0-90 1 0.919 0.914 0.834 5.31 5.49 5.50
IHNMR 0-100 2 0.988 0.986 0.982 3.49 3.76 3.12
FFA value
FTIR 0-100 2 0.977 0.977 0.948 4.88 5.15 5.10

The performance results indicate that both parameters show a good match based on the R?
index with RMSEC for each model lower than SEP.?? Furthermore, at least 92% of the variation
of the output variable can be explained by the *H NMR and FTIR spectra (all PLS models and
predicted analyses presented in Figure S12-S19 - Supplementary Materials 2). However, 'H
NMR data give more results with better reproducibility, indicated by a lower error value for

both parameters.

Therefore, *H NMR replication is more promising and proven to determine the difference
between each RFO product based on the degree of unsaturation and the FFA value. These
findings support several previous reports41527.28 on the success of *H NMR spectroscopy in

analyzing fat and oil quality parameters.
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In conclusion, the spectra profiled by *H NMR and FTIR and chemometric analysis contributed
to the discriminant of RFO based explicitly on the degree of unsaturation and the FFA value.
Compared with other traditional techniques, *H NMR and FTIR combined with chemometrics
provide a fast and economical method for RFO characterization, classification, and
authentication. Both methods were successful for the projection, classification, and prediction
of the distinction of the degree of unsaturation and FFA value between crude RFO, commercial
RFO, and modified RFO. However, better results were achieved for *H NMR data. These
results demonstrate that chemometrics is a robust characterization, classification, and

authentication tool.
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Fig. S1 The 1%t step of operation bucketing data by AMIX: "AMIX-TOOLS" clicks on the toolbar, and
"BUCKETS, STATISTICS" is selected in the submenu. Then, in the menu bar, the item "STATISTICS,"

the item "BUCKET TABLE," and the submenu item "NEW" is selected..
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buckets" must be activated). With "NEXT," another selection window will be opened
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Fig. S4 The 4" step: The following points must be activated in this: left border: 10, right border: 0, bucket

width: 0.009, Integration mode: sum of intensities active, Scaling: Scale to the biggest bucket, Active

exclusions: no exclusion active. With "NEXT,'

" another selection window will be opened
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Fig. S5 The 5" step: The "TOPSPIN data tree" item must be activated there. Confirm with OK, and

following, another selection window will be opened.
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Fig. S6 The 6™ step: the path to the output data is entered here, e.g., for RFO: Partition F:\ NMR Project

5; Username: NMR Amix; Confirm with OK. The data is read in and displayed in the following new

window. ‘
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Fig. S7 The 7™ step: All data selected in the previous step will be read alphabetically, as in the new

windows display above. All data are selected with the "autoselect" button

Bucket calculation

Fig. S8 The 8" step: Data is processed
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Fig. S9 The 9™ step: after the data bucketing process is complete, the results will appear in the new

windows display as above, which can be closed

¥

B AMIX Statistics, version: 3.9.15

File Config Analysis Patterns Measure Algebra Match | Statistics

¥ s 3

= EE ]2 4 A i $ E I3 Bucket table Open
Other table (Y-table) ¥|  New

L= I

plly ./. A .'_]. .E. oA X Recalculate
Classification b Add spectra to bucket table
PLS b Satistics
Select spectra b Import
Display options
Special Tools b

Fig. S10 The 10" step: export the data for further processing. In the menu item "statistics", "bucket

table", "export". Furthermore, another next window will be appears
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1 Define parameters for bucket export

output text file |5alple RFQ Project5_0.009_10012022_t=xt A

Output format
* table (spectrum per row)
" table {spectrum per column)

delimiters used in table output
" blanks

* commas

" tabs

B ;

%

=

eliminate coluas with zeros

Cancel

Fig. S11 The 11™ step: specify the filename with; Output text File Select file name and path; Delimiters
used in table output: Activate commas. Confirm with OK and end the program. For PCA and PLS

analysis, bucketing results files (.txt) will be further processed to Unscramble 11.0.
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Chemometric analysis applied to *H NMR and FTIR data for a quality parameter distinction of Red Fruit Oil products.
Liling TRIYASMONO®?®, Curd SCHOLLMAYER?, Ulrike HOLZGRABE?"
aInstitute for Pharmacy and Food Chemistry, University of Wirzburg, , 97074 Wirzburg, Germany

bDepartment of Pharmacy, Faculty of Mathematics and Natural Sciences, Lambung Mangkurat University, 70713 Banjar Baru, Indonesia

SUPPLEMENTARY INFORMATION 2
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Figure S1 Comparison signal CH=CH (5.37 — 5.27 ppm) NMR and the C-H stretching band of the double bond of FTIR (3007 cm™) by the PLS model. (A)
Score Plot Factor 1 vs. Factor 2 of NMR vs. FTIR data; (B) Plot of X-Loading with axis X-Variables Factor 1 (5.37-5.27 ppm); (C) Plot Explained Variance Factor

0 -7 to Y-variance; (D) Plot Predicted vs. Reference Y from Factor-2 of band 3007 cm*
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Figure S2 Comparison signal a-CHz (3= 2.37-2.20 ppm) NMR and band C=0 (1710 cm') FTIR by the PLS model. (A) Score Plot Factor 1 vs. Factor 2 of NMR

vs. FTIR data; (B) Plot of X-Loading with axis X-Variables Factor 1 (2.37-2.20 ppm); (C) Plot Explained Variance Factor 0 -7 to Y-variance; (D) Plot Predicted

vs. Reference Y from Factor-4 of band 1710 cm™?
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Figure S3 Comparison signal a-CH: (8= 2.37-2.20 ppm) NMR and band C=0 (1740 cm™) FTIR by the PLS model. (A) Score Plot Factor 1 vs. Factor 2 of NMR

vs. FTIR data; (B) Plot of X-Loading with axis X-Variables Factor 1 (2.37-2.20 ppm); (C) Plot Explained Variance Factor-0 - 7 to Y-variance; (D) Plot Predicted

vs. Reference Y from Factor-4 of band 1740 cm™!
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Figure S4 (A) Score Plot projection PC1 vs. PC2 (calibration and projection) of selected signals on NMR data; (B) Plot of X-Loading with axis X-Variables (PC1)

(5.37-5.27 ppm); (C) Plot Hotelling's T?; (D) Plot X variance vs. PC-0 to PC-3 (calibration, validation, and projection)
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Figure S5 (A) Score Plot projection PC1 vs. PC2 of FTIR data; (B) Plot of X-Loading with axis X-Variables (PC1) (2990 - 3020 cm?); (C) Plot Hotelling's T?; (D)

Plot X variance vs. PC-0 to PC-2 (calibration, validation, and projection)

107



[RESULTS 3.2]

PC-2 (13%, 13%)

F-Residuals (Cal)(PC-4, FRes Lim:

BMP(2)
ovo(2)
ovo(1)

veeqe)

OF(2)

Scores

2500000

2000000

© 1500000

9

&
0
» 1000000

500000

PC-1 (75%, 67%)

@® Calibration @ Projection

Influence

3 4 5 6 7 8 9 10 M 12
Hotelling's T2 (PC-4, HotT?Lim: 10,95041)

0,6

0,5

0,4

03

0,2

0,1

-0,3

0,4

X-loadings

-0,5

2.35 2.33

6000000000000
5500000000000
5000000000000
4500000000000
4000000000000
§ 3500000000000
-% 3000000000000
= 2500000000000
2000000000000

X

1500000000000
1000000000000
500000000000

2.30 2.28 2.26 2.24 2.22 2.21

X-variables (PC-1) (75%)

Residual Variance

0
PC-0

PCs

Figure S6 (A) Score Plot projection PC1 vs. PC2 (calibration and projection) of selected signals on NMR data; (B) Plot of X-Loading with axis X-Variables (PC1)

(2.37-2.20 ppm); (C) Plot Hotelling's T?; (D) Plot X variance vs. PC-0 to PC-4 (calibration, validation, and projection)
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Figure S7 (A) Score Plot projection PC1 vs. PC2 (calibration and projection) of selection band on FTIR data; (B) Plot of X-Loading with axis X-Variables (PC1)

(1680 - 1780 cm?); (C) Plot Hotelling's T?; (D) Plot X variance vs. PC-0 to PC-3 (calibration, validation, and projection)
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Figure S8 (A) Score Plot classification PC1 vs. PC2 of selected signal NMR data; (B) Plot of X-Loading with axis X-Variables (PC1) (5.37-5.27 ppm); (C) Plot

Hotelling's T?; (D) Plot Explained variance vs. PC-0 to PC-7 (calibration and validation)
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Figure S9 (A) Score Plot classification PC1 vs. PC2 of FTIR data; (B) Plot of X-Loading with axis X-Variables (PC1) (2990 - 3020 cm™); (C) Plot Hotelling's T?;

(D) Plot Explained variance vs. PC-0 to PC-7 (calibration and validation)
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Figure S12 PLS calibration analyses for the degree of unsaturation on NMR data. (A) Score Plot Factor 1 vs. Factor-2 of selected signal NMR data; (B) Plot of
X-Loading with axis X-Variables (Factor-1) (5.37-5.27 ppm); (C) Plot Explained Variance Factor-0 - 7 to Y-variance; (D) Plot Predicted vs. Reference Y from

Factor-2 of the degree of unsaturation
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Figure S16 PLS calibration analyses for the FFA value on NMR data. (A) Score Plot Factor 1 vs. Factor-2 of selected signal NMR data; (B) Plot of X-Loading

with axis X-Variables (Factor-1) (2.37-2.27 ppm); (C) Plot Explained Variance Factor-0 - 7 to Y-variance; (D) Plot Predicted vs. Reference Y from Factor-2 of

the FFA value

118



[RESULTS 3.2]

A Predicted vs. Reference
100
001 S Tovres REmvamuite ¥
Offset: o -1,616832 . .
S 80 Ralbeareon: olos2a01s R
o R-Square: 0,9782758
£ TO{ ST Dansasss
LI(L‘:) 60 Bias; »1,’291474 wj‘%i:’J
> SBi
< 50 SB;'/I(Z) E.M)
> 40 . YN r\ o ® o
kel 72
8 (RBOER e
S 30 OF(19P@) Aﬁm e
(0] . o
a 20
1)
10 Tﬁﬁ@)
0
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90
Y Reference
B Predicted with Deviation
100 H
% B8 H H
T 80 BE e
5 70
L 60 mH s
<
= o0 iEx:
>
3 40 1q 0 HHHHHHMMM HH Gon 88 ik
g 30 B B H}HHHH g gem
o 20
10 HEg m & M
AH(1) AH BMPro BMW CH DIO EZA HM HP MBM  MHJ OF PCI PI(2) PS(2) PT(2) RF(2) ROP(2) RW(2) SBM(2) THM TN
Samples

Figure S17 (A) Plot Predicted vs. Y Reference of the FFA value on the sample (prediction set) with calibration model Fig.16D (NMR); (B) Plot Predicted Y with

a deviation of samples (Prediction test)

119



[RESULTS 3.2]

A Scores B X-loadings
VEoou(r) 02
m)) 0.1
Q
N
S SR .
S o il A
[aN] FR(1 -
é BN 2) FR| PG ¥8 L{(?’I W)GR A -
S %'ﬁ%%@-?“’ FRE) PR RD(2) N
[T R. RB.'%) -0,1
PR b) °
2
ARty
by 0,2
1681 1689 1697 1704 1712 1720 1727 1735 1743 1751 1758 1766 1774
Factor-1 (92%, 96%) X-Variables (Factor-1) (92%, 96%)
C Explained Variance D Predicted vs. Reference
100 Slope Offset RMSE R-Square
95 0,9772191 1,1713128 4,8847122 0,9772189
90 120 { 09773052 1,1115667 5,1185169 0,976974
o & )
s < 100 Ggf)) )
70 °
65 S 80 Jm) EB@)
60 = °* ?
g o <
£ 50 > 60
I 45 B
s S 40
» b B8S(Y)
- £ Lo CRaSEY)
20
15 )
:  peatt®
5
o 0 10 20 30 40 50 60 70 80 90 100
Factor-0 Factor-1 Factor-2 Factor-3 eocors Factor-4 Factor-5 Factor-6 Factor-7 Reference Y (AV, Factor-2)

Figure S18 PLS calibration analyses for the FFA value on FTIR data. (A) Score Plot Factor 1 vs. Factor-2 of selected band FTIR data; (B) Plot of X-Loading

with axis X-Variables (Factor-1) (1680 - 1780 cm™); (C) Plot Explained Variance Factor-0 - 7 to Y-variance; (D) Plot calibration of Predicted vs. Reference Y

from Factor-2 of the FFA value

120



[RESULTS 3.2]

A Predicted vs. Reference
10 Elements: 63 RF RF(2)
100 { Slope: 1,0263538 . o
Offset: -1,045391
S 90| RoPearcon): 00482427 BMWSRme)
5 80 M Qe RWRY T
(&) SEP: 5,1479783 raxy
uﬂ_j 70 { Bias: 0,0832115 MH:JJ;GBID.-)IJ
Zz ©0 MRM)SBM(Z)SgMW)
> 50 WWWW) - . s
=l *e
E PR ey
£ 20 OF(IPCR)
10 TW)
° 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90
Y Reference
B Predicted with Deviation
100 EE EE EE
&%\ 80 H H H H H H
°
£ g R
2 0 6 L
w0 b6 T ERALLLIY :
S |eud ngo i nfasese B e 5 g
[0}
£ § b 4
: 500 i

AH(1) AH BMPro BMW CH DIO EZA HM HP MBM  MHJ OF PCI PI(2) PS(2) PT(2) RF(2) ROP(2) RW(2) SBM(2) THM TN
Samples

Figure S19 (A) Plot Predicted vs. Y Reference of the FFA value on the sample (prediction set) with calibration model Fig.18D (FTIR); (B) Plot Predicted Y

with a deviation of samples (Prediction tes)

121



[RESULTS 3.3]

3.3 Quantitative 'H NMR Spectroscopy Combined with Chemometrics as a Profiling and
Estimation Tool for Unsaturated Fatty Acid Composition in Red Fruit Oil and its

commercial products?

1This chapter was submitted and under review for publication in Eur.J. Lipid Sci.Technol.

(2022). For details see chapter 7.1 List of publications

Liling Triyasmono, Curd Schollmayer, Ulrike Holzgrabe

Abstract

A fast and straightforward procedure based on 'H NMR spectroscopy combined with
chemometrics was developed to assess the unsaturated fatty acid content in red fruit oil
(RFO). This oil is obtained from the fruit of Pandanus conoideus, Lam., and has the potential
as a source of essential unsaturated fatty acids for low-fat diets. Forty samples (crude RFO,
a mixture of crude RFO with olive oil, virgin coconut oil, black seed oil, and 33 commercial
products RFO) were previously analyzed by 'H NMR spectroscopy. Here, a principal
component analysis (PCA) was used as a visualization grouping, and the partial least square
(PLS) was used to predict the composition of PUFA, Total UFA, and MUFA. The selected
signals showed characteristics at & = 2.80 - 2.71 ppm for PUFA and & = 2.10 - 1.90 ppm for
Total UFA and MUFA. Furthermore, the satisfactory quality of the PCA plot is shown by 99%
of the total PC obtained, so each sample was successfully grouped according to its PUFA and
Total UFA values. PLS also provided excellent results in the calibration model, validation, and
prediction for PUFA, Total UFA, and MUFA based on a small root mean square error (RMSE)
value and the coefficient of determination (R?) value more than 0.90 for all models. The study
demonstrates the potential of quantitative *H NMR using internal standards combined with
chemometrics. It can routinely be applied for quality monitoring and authentication of RFO

products, mainly based on their unsaturated fatty acid compositions.

Practical application: This study proves that the value of PUFA, Total UFA, and MUFA in ail,

primarily crude RFO and commercial RFO products, can be determined by the quantitative *H
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NMR spectroscopy method using the internal standards. At the same time, these parameters
(PUFA, Total UFA and MUFA) play an essential role in assessing oil quality. Therefore, this
method is helpful in fast analysis without the derivatization process and has high accuracy and
precision. In addition, the combination with chemometrics makes the process more efficient
for visualizing grouping based on the composition of unsaturated fatty acids as well as
predicting the amount of PUFA, MUFA, and total UFA, so that it will be more beneficial in

guality assurance and detection of adulterants in commercial RFO with other edible oils.

Keywords: *H NMR, PUFA, Total UFA, MUFA, RFO, PCA, PLS

Abbreviations

RFO, Red Fruit Oil, PUFA, Polyunsaturated fatty acids, Total UFA, Total unsaturated fatty
acids, MUFA, Mono unsaturated fatty acids, SFA, Saturated fatty acid, FA, Fatty acid, PCA,
Principal component analysis, PLS, Partial least Square, RMSEC, Root mean square error
calibration, RMSEV, Root mean square error validation, RMSEP, Root mean square
Prediction, FFA, Free fatty acid, OR, Crude RFO (Original RFO), BSO, Black Seed Oil
(Habattusauda), OVO, Olive Qil, VCO, Virgin Coconut Oil, ORCO, Crude RFO plus VCO,
ORVO, Crude RFO plus Olive Oil, Crude RFO plus Black Seed Oil (Habbatusauda), AT,
ATHAKU, BMO, Buah Merah Oil Papua, BMP, Buah Merah Papua, FR, Fira Herbalindo Buah
Merah, GR, Golden Red, JW, Jaya Wijaya, KF, KF Minyak Buah Merah, KP, King Pandanus,
LJ, Loh Jinawi, PG, Premium Gold, PR , Pro Jep Buah Merah, RD, REDOTEN, AH, Agro
Herbal Husada, BMPro, BMPro Minyak Buah Merah, BMW, Buah Merah Wamena, CH,
Cahaya Minyak Buah Merah, DIO, DioDes Minyak Buah Merah, EZA, Essensa Naturale Buah
Merah, HM, Herbal Food Buah Merah, HP, Herbal Produk Buah Merah, MBM, Minyak Buah
Merah, MHJ, Mahesa Herbal Jogja, OF, Oil Fit, PCI, PCI Buah Merah, PI, Papua Indonesia
Minyak Buah Merah, PS, Planta Sehat, PT, Papua Tropika MBM, ROP, Red QOil Papua, RW,
Redwin, SBM, Sari Buah Merah Made, THM, Tani Home Industri Buah Merah, TN, Tamba

Sanjiwani Natur, RF, FIRA PAPUA.
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1. Introduction

Low-lipid diets are a health food icon and are relatively popular today. Those diets focus on
the abundant consumption of several fruits, vegetables, and olive oil as the primary source of
lipids. In addition, consuming olive oil can reduce the risk of coronary artery disease.[1]
Pandanus conoideus, Lam. is one of the potential plants from the Papua region, Indonesia,
which can be used as a source of functional oil because of its high content of antioxidant
compounds, fat-soluble vitamins, and high MUFA which is comparable to olive o0il.[2,3] In
addition, due to the relatively high proportion of unsaturated fatty acids, the oil is susceptible
to oxidation. This fact contributes to the co-evolution of its high antioxidant content. However,

the potential of RFO as a source of essential fatty acids is still underutilized.

Oil composition analysis based on standard method is mainly carried out by means of
chromatographic techniques such as gas chromatography (GC). Although GC is the method
of choice, it requires esterification to form methyl ester compounds.[4] Complex sample
handling and the need for expensive derivatizing agents are disadvantages of using GC for
fatty acid analysis. In addition, samples cannot be recovered after the experiment.
Furthermore, several methods have also been reported, including Fourier Transform Infrared
(FTIR)[5,6] and High Performances Liquid Chromatography (HPLC).[7,8] However, the

methods have not been entirely accepted as standard methods until now.

High-resolution nuclear magnetic resonance (NMR) spectroscopy is gaining popularity as a
lipid analysis method. NMR spectra provide structure information and the qualitative and
guantitative composition of lipid molecules even in complex mixtures.[9,10] NMR
spectroscopy has several advantages compared with general chromatographic analysis (e.qg.,
GC and HPLC). For example, the NMR measurement maintains the integrity of the oil.
Furthermore, the obtained spectral data from one single measurement can be used for further
analysis, including the determination of the oil's acid number, saponification number, and
iodine number.[11-13] Therefore, this method can speed up the quality control process without

derivatization.
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Recently, different results on vegetable oil composition with 'H NMR have been published.[14-
17] These reports describe approaches for the calculation of fatty acid (FA) percentages for
different oils using *H NMR spectra. Unfortunately, the FA value of each oil is obtained by
varying mathematical formula approaches, depending on the differences of the signal selected
for integration and the type of sample studied. In addition, Ingalina et al.[18] developed a
method for the characterization of extra virgin olive oil based on the FA composition using *H
NMR combined with chemometrics from 9 regions in Italy, mainly utilizing 19 signals between
0 =0.60 - 9.94 ppm. The correctness of the classification obtained consistently reaches more

than 84% and 90% based on region categories.

Triyasmono et al.[12] have succeeded in developing a quantitative study of H NMR
spectroscopy to simultaneously determine the acid value, saponification value, ester value,
and iodine value of RFO and its commercial products. Furthermore, the reliability of the H
NMR quantification technique by using an internal standard provides the opportunity to expand
its application, including the determination of the composition of unsaturated fatty acid (UFA)
in RFO. Therefore, this work aims to apply the quantitative *H NMR method using an internal
standard to obtain PUFA, Total UFA, and MUFA values in a short time without losing precision.
It also included a study of the *H NMR spectra followed by chemometrics to classify and predict
each RFO product based on PUFA, Total UFA, and MUFA to facilitate quality assurance and

authentication.

2. Experimental Section

2.1. Chemical reagents and Standarts

Linoleic acid standard (99.9%) and dimethyl sulfone (DMSO.) internal standard
(TraceCERT®, 99.99 %) NMR grade were purchased from Merck (Darmstadt, Germany),
hexadeuterium dimethylsulfoxide (DMSO-ds, 99.9 % D), tetramethylsilane (TMS) and NMR
tube Boro 400-5-7 from Deutero (Kastellaun, Germany); deuterated chloroform (CDCls, 99.8

% D) were purchased from Eurisotop (Saarbriicken, Germany).
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2.2. Samples

This study used several types of oil. First, crude RFO is produced from an extraction processl
of red fruit obtained from Papua, Indonesia. In this context, the crude RFO is interpreted as
the original RFO (OR). Second, three other types of edible oil, including Virgin Coconut Oil
(VCO), Olive Oil (OVO), and Black seed oil (BSO). Third, 33 commercial products of RFO
from various factories were obtained from the Indonesian herbal market. Three modified RFO
samples were obtained by binary mixing system, namely: each 150 mg OR was mixed with
100 mg BSO, OVO, and VCO ail, respectively. The modified RFO products are called ORSO,
ORVO, and ORCO. Furthermore, the samples were grouped into two components: calibration

and prediction. Table 1 shows a list of samples and their specifications.

Table 1 Listing of all investigated sample RFO in this study

Sample Code Type Specification Quantity

OR Original RFO (crude RFO) Calibration 3
2 ORCO OR +VCO Calibration 3
3 ORVO OR + OVO Calibration 3
4 ORSO OR + BSO Calibration 3
5 ovo commercial OVO Calibration 3
6 VCO commercial VCO Calibration 3
7 BSO commercial BSO Calibration 3
8 AT commercial Calibration 3
10 BMP commercial Calibration 3
11 FR commercial Calibration 3
12 GR commercial Calibration 3
13 JW commercial Calibration 3
14 KF commercial Calibration 3
15 KP commercial Calibration 3
16 LJ commercial Calibration 3
17 PG commercial Calibration 3
18 PR commercial Calibration 3
19 RD commercial Calibration 3
20 AH commercial Prediction Test 3
21 BMPro commercial Prediction Test 3
22 BMW commercial Prediction Test 3
23 CH commercial Prediction Test 3
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Table 1 continued

Sample Code Type Specification Quantity
24 DIO commercial Prediction Test 3
25 EZA commercial Prediction Test 3
26 HM commercial Prediction Test 3
27 HP commercial Prediction Test 3
28 MBM commercial Prediction Test 3
29 MHJ commercial Prediction Test 3
30 OF commercial Prediction Test 3
31 PCI commercial Prediction Test 3
32 Pl commercial Prediction Test 3
33 PS commercial Prediction Test 3
34 PT commercial Prediction Test 3
35 ROP commercial Prediction Test 3
36 RW commercial Prediction Test 3
37 SBM commercial Prediction Test 3
38 THM commercial Prediction Test 3
39 TN commercial Prediction Test 3
40 RF commercial Prediction Test 3

2.3. NMR spectroscopy

The sample preparation was carried out according to Triyasmono et al.[*? Briefly: 833.3 mg
RFO and 3.33 mg DMSO; were weighed into a 2.0 ml volumetric flask. Next, an amount of the
solvent mixture CDCls: DMSO-ds (5:1 v/v) containing 0.1% TMS (Tetramethylsilane) was
added to 2.0 ml, and the tube was vortexed for 10 seconds. Then, 600 uL of this solution was

put into a 5 mm diameter NMR tube (Boro 400-5-7, Deutero, Kastellaun, Germany).

Quantitative *H NMR analyses was performed employing a Bruker 400 MHz instrument
(Avance Il 400 MHz, Bruker BioSpin GmbH, Rheinstetten, Germany), equipped with the
Bruker B-ACS 60 robotic autosampler (which allows fully automated analysis of up to 60
samples at once) and a 5 mm Z-gradient PABBI inverse probe. For accurate quantification,
the T1 value of each sample was measured to ensure complete relaxation between scans,
according to Holzgrabe*® and Triyasmono et al.'? Furthermore, the one-dimensional (1D) H

NMR spectra used for quantifications were recorded using the zg30 pulse sequence, no
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rotation, with a spectral width 30.0 ppm, 160 k time-domain size, 32 scans, acquisition time
6.81 s, receiver gain was set 4, digital resolution 0.147 Hz, and the relaxation delay (d1) 9 s.
The spectra were processed using a line broadening of 0.3 Hz. Chemical shifts were

referenced to TMS at & = 0.00 ppm.

The total time required to obtain each spectrum is approximately 15 minutes. Data were
automatically obtained using ICON-NMR TopSpin 3.6.4 (Bruker BioSpin, Rheinstetten,
Germany). Each sample was measured in triplicate. Furthermore, the resulting spectra were
processed manually with TopSpin 4.0 (Bruker BioSpin GmbH, Rheinstetten, Germany),

including a phasing and baseline correction

2.4. Evaluation of assignment signal by linoleic acid standard

The standard addition method was performed to ensure that the selected RFO 'H NMR
spectra signal correlated with the quantification of the UFA components, '8! as follows: five
sample series consisting of 250 mg RFO without linoleic acid and 250 mg RFO plus linoleic
acid (10, 20, 40 and 80 mg), respectively. Each sample was measured in triplicate.
Furthermore, the correlation of the effect of adding linoleic acid and the signal integral at & =
2.80-2.71 ppm and & = 2.10 - 1.90 ppm, as well as the PUFA, Total UFA, and MUFA values,
can be assessed by statistical regression analysis using Microsoft® Excel® 2019 MSO

(Version 2204 Build 16.0.15128.20158) 64-bit software.

2.5. Determination of PUFA, Total UFA, and MUFA using relative method

The calculation of the relative percentages of PUFA, total UFA, and MUFA was performed by
using the different signal integrals (D, F, and H) of the *H NMR RFO spectrum and its

assignment to the TAG structure (Figure 1) as the relative method equation. %
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Figure 1. Representative *H NMR spectrum of RFO and its assignment to the TAG structure shows
the characteristic signal; A -CHs group signal at the terminal chains for most fatty acids, a is apart signal
from -CHs group terminal of w-3 unsaturated fatty acids. D -CH2-CH=CH- signal, F a-CH: signal, H bis-
allylic (-C=C-CH-C=C-) signal. All *H NMR shifts at 400 MHz in the mixture of CDCls: DMSO-ds (5:1
v/v) containing TMS 0.1 %.

This approach has also been reported by Knothe & Kenar®¥ and Hama et al.*®l; the relative
amount of PUFA can be calculated by integrating the signal of the a-CH, (F) at 8= 2.37 - 2.20
ppm and the signal at & = 2.80 — 2.71 ppm (H), which can be assigned to the bis-allylic (-
CH=CH-CH,-CH=CH-). The signal of the a-CH: group consists of two doublets in all types of
fatty acids. The signals corresponding to the bis-allylic (-CH=CH-CH,-CH=CH-) group
doublets were only present in PUFA. Therefore, PUFAs can be quantified by the equation

below:

PUFA = (H/F) x 100% (1)
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The allylic (-CH2-CH=CH-) multiplets (D) at = 2.10 — 1.90 ppm is present in all unsaturated
fatty acids. The relative amount of MUFA is related to the signal integral of the allylic (-CH-
CH=CH) (D) with two a-CH; signals (F). Therefore, the Total UFA is represented by the

equation below:

Total UFA = (D/2F) x 100% 2)
The relative MUFA content can be calculated from equation:

MUFA = Total UFA — PUFA 3
2.6. Determination of PUFA, Total UFA, and MUFA using Internal standard method

For the calculation, using the standard internal approach, the following signals were used for
quantitative analysis, including DMSO (6 = 2.98 ppm), PUFA (& = 2.80-2.71 ppm), and Total
UFA (& = 2.10-1.90 ppm). The acquisition was carried out under the conditions mentioned
above (see 2.3), according to the equation formula of quantitative NMR discussed by
Holzgrabel®®], Bharti & Roy?Y, and development by Skiera et al.??l and Triyasmono et al.l*?

Hence, each UFA value was calculated by the equations below:

_Mpyra “Mpumso, - PDMSOZ ) NDMSOz ) ICHz (bis allylic) (2.80-2.71 ppm)

PUFA\MR= 100%

R mg Mowso, ~ Ns@  lowso, (2.98 ppm) ’
(4)

1
Total UFAuue= Mtotal uFA  MDMSO3 - Pomso, ) Npwmso _Q'ICHz(auync) (2.10-1.90 ppm) - 100%
W m, Mowso, ~ Ns(  louso, (2.98 ppm)

()
MUFANmMr = Total UFANuR - PUFANMR (6)

ms denotes the sample weight in mg, P the purity, M the molecular weight in g/mol, Ns the

number of protons signal, and | the 'H NMR integral area, according to Triyasmono et al.[*?
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2.7. Comparison of the results using internal standard with relative methods

A statistical regression was applied to compare the results of the PUFA, Total UFA, and MUFA
RFO values from both methods (internal standard and relative method) of quantitative H
NMR. Data were processed using Microsoft® Excel® 2019 MSO (Version 2204 Build
16.0.15128.20158) 64-bit software. The correlation between both methods can be assessed

based on the coefficient of determination (R?) and precision (standard error).

2.8. Pre-processing and multivariate data analysis

The NMR data underwent several pre-treatment and transformation treatments before
chemometric analysis. First, the bucketing process on *H NMR spectra with the bucket width
of 0.009 ppm was applied using Amix 3.9.15 software (Bruker BioSpin GmbH, Rheinstetten,
Germany). Furthermore, the results of the bucketing are saved in txt format to build a data
matrix. The final ranges signal used for PCA and PLS are the signal at 6 = 2.80 - 2.71 ppm

and 6 = 2.10 - 1.90 ppm.

Furthermore, chemometric analysis was performed by importing the entire bucketing data
matrix into Unscramble X 11.0 (CAMO Software USA, Oslo, Norway). First, the PCA method
was applied. The score plot is a projection of the starting point towards the main component
and can be used to classify according to PUFA content and Total UFA content. While loading
represents a unique vector of the data covariance matrix (or correlation matrix), it can be used
to identify data variables. In addition, PLS analysis was applied to construct the model
calibration using a spectral matrix X (*H NMR spectra) and a quantitative matrix Y (the
percentage of PUFA, Total UFA, and MUFA). Finally, PLS calibration was applied to predict
the percentage of the composition of PUFA, Total UFA and MUFA in RFO commercial

products.

The calibration models were built using nineteen samples (in triplicate), twenty-one
commercial samples (in triplicate) were used to test their class identities, as shown in Table

1. The leave-one-out cross-validation procedure was used to verify the calibration and
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prediction model. The models were evaluated considering the coefficient of correlation for
cross-validation and prediction and the root means square error for cross-calibration,

validation, and prediction (RMSEC, RMSEV and RMSEP).[?3]

3. Results and discussion

3.1. Evaluation of assignment signal by linoleic acid standard

H NMR spectra of all samples were measured and the signals assigned to the protons of the
RFO. Therefore, the selection of signals for the quantification of PUFA, Total UFA, and MUFA
can be assessed. Figure 2A shows a change of the signal at & = 2.80-2.71 ppm upon addition
of linoleic acid. Furthermore, based on regression analysis statistics, a linear relationship was
found between the integral of the signal of the allylic protons at & = 2.80 - 2.71 ppm (R? =
0.996) and the amount of added linoleic acid (Figure 2B). This means that the signal at 6 =
2.80 - 2.71 ppm on the RFO as a -CH=CH-CH»-CH=CH- signal, agreed with the assignment

reported by Alexandri et al.[?4]

R*=0.996

—""‘, RFO 250 mg + 80 mg Linoleic Acid

T T
3.0 29 :BJ\A/C Ppm
T T
2.8 2.7
T T
2.8 2.7
T T
2.8 2.7

100
RFO 250 mg + Linoleic Acid
(0,10,20,40,80 mg)

, RFO 250 mg + 40 mg Linoleic Acid
ppm

R? =0.990

1 RFO 250 mg + 20 mg Linoleic Acid
Ppm

% PUFA |i Integral (2.80-2.71 ppr) [rel] \i

1 RFO 250 mg + 10 mg Linoleic Acid
ppm

l 100
A . RFO 250 mg RFO 250 mg + Linoleic Acid

30 20 28 27 ppm (0,10,20,40,80 mg)

Figure 2. (A) Stacked Plot *H NMR Spectra (from bottom to top) of an RFO 250 and RFO 250
mg with linoleic acid (10,20,40 and 80 mg), respectively. (B) Linear correlation between RFO
with linoleic acid addition versus integral of *H NMR RFO (6= 2.80-2.71 ppm). (C) Linear
correlation between RFO with % PUFA by gNMR calculation. (Orange plot: predicted-Y; blue

plot: actual value).
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Consequently, the addition of a certain amount of linoleic acid to the RFO resulted in a
proportional increase in the relative amount of PUFA (Figure 2C). Thus, selecting a signal at
0 = 2.81 - 2.70 ppm as the PUFA guantification signal is appropriate and is in line with the

assignment which been reported previously.[1%.16l

The addition of linoleic acid also affects the -CH,-CH=CH- signal at 8 =2.10 - 1.90 ppm (Figure
3A). Accordingly, by the regression analysis, the correlation between the addition of linoleic
acid and the integral of signal at 6 = 2.80 - 2.71 ppm is linear (R? = 0.996) (Figure 3B) and is
in accordance with finding reported in the literature for other FA mixtures,?+2% and it is found

in all UFA’s.[11.16]
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Figure 3. (A) Stacked Plot *H NMR Spectra (from bottom to top), especially on selected signal
Allylic -CH> (& = 2.10-1.90 ppm) of an RFO 250 and RFO 250 mg with Linoleic acid (10,20,40
and 80 mgq), respectively. (B) Linear correlation between RFO with linoleic acid addition versus
Integral of *H NMR RFO (6= 2.10-1.90 ppm). (C) Nonlinear correlation between RFO with
linoleic acid addition versus % Total UFA by gNMR calculation. (D) Negative linear correlation
between RFO with linoleic acid addition versus % MUFA by gNMR estimate. (Orange plot:

predicted-Y; blue plot: actual value).
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As expected, there was a proportional decrease in the number of MUFAs (Figure 3D). It
means that linoleic acid (a double UFA) will reduce the relative amount of MUFA and increase
the relative PUFA in RFO. On the other hand, as shown in Figure 3C, the actual plot value
(blue plot) obtained is different from the predicted-Y value (orange plot) because the residuals
of both values are relatively large. These results prove that there is no linear correlation
between the Total UFA content with the addition of linoleic acid. Therefore, it can be stated

that the relative total UFA in the RFO remains constant (Total UFA = MUFA + PUFA).

Hence, the signal at 8 = 2.10 — 1.90 ppm can be used for the calculation of the Total UFA and

MUFA, which was also suggested by Castejon et al.l'® and Hama et al.l'®! for other oils.

3.2. Comparison of PUFA, Total UFA, and MUFA determination using relative and

internal standards method on *H NMR spectra.

PUFA, Total UFA, and MUFA were determined for 19 RFO samples (calibration sample /
Table 1) using both a relative and an internal standards method. A statistical regression was
applied to evaluate the correlation between both equation methods (see equations 1-6 on
method 2.5 & 2.6). Table 2 summarizes the results. The findings of the internal standard
method are similar to the ones obtained by the relative method indicated by R? above 0.90
and low standard error (all regression models are presented in Figure 1 Supplementary

Information S1).

Table 2. Regression analysis for the determination of PUFA, Total UFA and MUFA using
relative and internal standard methods in the RFO 'H NMR spectra

Regression Statistic

Parameter Equation

Multiple R R? Standard error
PUFA y=1.02x - 0.276 0.997 0.995 0.55
Total UFA y=0.95x + 3.34 0.989 0.979 2.82
MUFA y=0.94x + 3.62 0.990 0.981 2.70

Therefore, the quantitative 'H NMR method using the standard internal has strong potential
as an alternative for determining PUFA, Total UFA, and MUFA. Furthermore, the percentage
of PUFA, Total UFA and MUFA from 19 RFO sample calibration sets are presented in Table

3.
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Table 3. The percentage of PUFA, Total UFA and MUFA from 19 RFO sample by relative and internal standard method

PUFA (%) Total UFA (%) MUFA (%)

Sg:)n dpele Signal S'gﬁ;g% ?neelfﬁ'(\,/g Signal S'gﬁg;% Efiﬁ:g’g Internal standard Relative method
(ppm) (Equation 4)  (Equation 1) (ppm) (Equation 5)  (Equation 2) (Equation 6) (Equation 3)
AT 8.51+0.23 8.75+0.24 85.13+2.16 87.19+2.22 78.87 +2.04 76.81+1.99
BMO 6.47 + 0.07 6.56 + 0.08 69.82+0.33 70.50+0.31 63.99 £ 0.24 63.32 £ 0.26
BMP 14.47£0.18 14.19+0.13 88.05+1.60 86.32+1.20 72.05+1.01 73.78+1.41
FR 15.27+£0.17 15.38+0.17 66.89 +0.59 67.09+1.20 51.99 +0.88 51.79 £0.76
GR 6.72+0.11 7.04 +0.09 83.72+0.50 87.64+0.18 81.02 +0.13 77.10+0.41
JW 7.04+0.12 7.15+0.13 8757+1.17 88.79+1.31 81.72+1.21 80.50 + 1.07
KF 8.11 + 0.09 7.86 + 0.09 93.38+0.88 90.75+0.40 82.62 + 0.47 85.25+0.92
KP 6.44 + 0.05 6.59 + 0.06 82.27+0.37 83.66+0.23 77.27+£0.25 75.88 £ 0.40
LJ 7.15+ 0.11 7.49+0.12 84.95+0.65 88.89+0.88 81.62 +0.79 77.67 £ 0.56
PG 2.81-2.70 7.07+£0.11 7.25+0.11 2.10-1.90 8359+142 85.62+2.25 78.67 +2.24 76.64 + 1.38
PR 20.82+0.27 22.29+0.19 85.63+0.69 90.79+0.43 69.66 + 0.49 64.50 + 0.43
RD 7.55+0.01 7.85+0.03 7418 +0.32 77.00+0.27 69.44 + 0.27 66.62 + 0.33
OR 6.72 + 0.05 6.66 + 0.03 86.30 +0.46 84.87 +0.52 78.10 £ 0.56 79.53+0.40
ORCO 4.17 £0.03 3.78 +£0.02 52.96 +0.29 47.98+0.11 43.79+0.14 48.78 + 0.26
ORVO 7.77+0.19 7.85+0.09 88.65+3.00 90.86+0.61 83.18 £ 0.72 80.97 £ 2.81
ORSO 27.00+£0.94 25.0+0.32 79.53+1.86 74.59+0.06 48.22 +0.92 53.16 £ 0.91
OoVvO 7.75+0.25 7.81+0.07 82.20+1.77 84.81+0.48 77.34 +£0.65 74.74 +1.52
VCO 0.40+0.01 0.38 +0.01 4.18 £ 0.05 3.97 +£0.03 3.58 £ 0.02 3.78 £0.03
BSO 33.18+0.14 32.32+0.13 70.16 £ 0.58 68.21+0.29 35.16 £ 0.19 37.11+0.44
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The percentage of PUFA, Total UFA, and MUFA for OR are in the range of the previous RFO
authentication results by Rohman et al.l?land Sarungallo et al.®!l In addition, the PUFA, Total
UFA, and MUFA of OVO and BSO products are also in accordance with the value of their

product claims.

Considering the good accuracy and reliability of the PUFA, Total UFA, and MUFA results for
this calibration sample set, so these results can be used as a model to classify and predict
PUFA, Total UFA, and MUFA in other RFO samples (prediction test / Table 1) by

chemometric.23!

3.2.  Spectral data for multivariate analysis

As explained in the previous section, the signal at 8 = 2.80 - 2.71 ppm and 6 = 2.10 - 1.90
ppm were selected for the classification and prediction of PUFA, Total UFA, and MUFA. For
this reason, Figure 4 displays the results of a bucketing process of all samples *H NMR
spectra. The bucketing process by bucket width 0.009 ppm gave satisfactory results, including
the reliability of the chemical shift and the signal intensity, because they were the same as in
the original spectra for each sample (enlarged). It is obtained by summing up the intensities
inside each bucket so that every area from the signal spectrum is used instead of the individual
intensity.?8l This methodology was effectively applied in some publications dealing with gingko

and wine preparations.?728

As can be seen in Figure 4, differences in signal intensity at & = 2.80 - 2.71 ppm (H) can be
observed, which correlates to PUFA content. Likewise, the signal at & = 2.10 - 1.90 ppm (D)
also shows a variation in intensity correlating with Total UFA.[6l Based on these findings, two
H NMR variable matrices will be used to delineate classes and predict PUFA (-CH=CH-CH.-
CH=CH-) and Total UFA (-CH»-CH=CH-). It consists of 120 lines (sample spectra) and 11
variables (relative intensity) for PUFA and 120 lines (sample spectra) and 23 variables (relative

intensity) for Total UFA, respectively.
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Figure 4. Bucketing results of all 'H NMR spectra samples (6 = 0.00 -6.70 ppm) with
enlargement spectral range at & = 2.80 - 2.71 ppm (H) and & = 2.10 - 1.91 ppm (D). The

spectra are color-coded to the brand.

3.3. PCA for visualization grouping PUFA and Total UFA

Based on the calculation of PUFA and Total UFA content using a calibration model (Table 3),
all sample spectra can be categorized based on their respective value range, which consist of
<1, 5-10, 10-20, 20-25, 25-30, and >30 for PUFA and <10, 30-40, 40-50, 60-70 and 70-90 for
Total UFA. As shown in the PCA results (Figure 5 and Figure 6), the OVO, VCO, and BSO
used for the comparison and as OR adulterant (ORVO, ORCO, ORSO) in the calibration
model. It aims to provide an overview of the variable matrix changes in OR because of the oll
adulterant effect. These results can provide a visualization grouping pattern that follows the
PUFA content for each RFO product and can be one of the parameters for characterization

and authentication.
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Figure 5. Plot score classification of all samples (120 spectra) on the main components (PC1
and PC2) and loading plot X-variable (PC1) on the selected signal *H NMR spectra based on
the PUFA value category.

For PUFA, the PCA score plot performed for all samples was successfully described with 99%
X-variable variance (see Figure 5 and all PCA model analyses presented in Figure S2-
Supplementary Information): BSO and ORSO on the farthest positive PC1 axis, respectively.
These results reveal the effect of varying the intensity of the -CH=CH-CH,-CH=CH- signal (&
= 2.80 — 2.71 ppm) due to high PUFA content, these is in line with previous research.?"

According to the literature, BSO has a high linoleic acid content (approximately 50%).50

VCO (<1) is separated far from BSO; this indicates the difference in the intensity of the two

matrix variables due to PUFA content. These results imply that VCO has almost no PUFA (see

138



[RESULTS 3.3]

Table 3), as previously reported by Suryani et al.l?Y Similarly, sample groups that contained
VCO were also located close to VCO (PCI, DIO, and ORCO) (1-5). Interestingly, most RFO
products gave the same plot score as OVO and ORVO, located between the VCO and BSO
score plots. According to Rohman et al.l4 and Sarungallo et al.®l most RFOs have minimal
PUFA and most fatty acid components are oleic acid (MUFA). The crude RFO contains about

4-10% PUFA.

Furthermore, 11 RFO products were successfully classified into sample group that had PUFA
values more than OR, including BMP, BMPro, FR, HM, HP, PT, THM, and TN (10-20), followed
by PR and SBM (20-25). This points to the fact that another oil with high PUFA content has
been added to RFO products, for example, BSO, which is commonly added in some edible
oils. This is confirmed by the finding that these products are also located closer to the ORSO
and BSO score plot. Finally, these results indicate that the composition of PUFA in the sample
can be grouped well into seven categories (<1, 1-5, 5-10, 10-20, 20-25, 25-30, and > 30). This
finding shows that this PCA model is effective and fast for authentication and visualization of

grouped RFO products' quality based on their PUFA values.

The PCA score of Total UFA displays a visualization grouping pattern different from PUFA
(see Figure 6 and all PCA model analyses presented in Figure S3- Supplementary
Information). BSO is located on the farthest negative PC2, and VCO is on the farthest negative
PC1, whereas most RFO products have the same score plot as OVO, the farthest positive
PC1 and PC2. These results prove that the Total UFA content of most RFO products oils is
similar to OVO, where the total UFA value of OVO ranges from 70 to 90%.1%2! In addition, these
results indicate that VCO and BSO as oil adulterants can be successfully classified differently
from most RFO products. Both oils have a Total UFA values different from OVO and OR.
According to Suryani et al.B1VCO is dominated by saturated fatty acids (SFA) and contains
almost no UFA. Whereas the Total UFA of BSO was lower than that of OR and OVOEY and is

reported to be 60-80% Total UFA, crude RFO contains about 70-90% of Total UFA.[22]
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Figure 6. Plot score classification of all samples (120 spectra) on the main components (PC1
and PC2) and loading plot X-variable (PC1) on the selected signal *H NMR spectra based on
the Total UFA value category.

In fact, HM, ORSO, PR, and SBM are closer to the BSO score plot, even if in different
categories of Total UFA value, indicating that the Total UFA value of these oils is lower than
OR because of the presence of BSO, although this is not significant. On the other hand, BMPro
and FR are located in the same Total UFA value category as BSO although they are relatively
far from each other. These results can be caused by the fact, that the Total UFA value for
BMPro and FR is significantly lower than for OR, which was influenced by the presence of

BSO and VCO.

Subsequently, five products (ORCO, DIO, CH, PCI, and ROP) can be classified as close to
the VCO score plot with a Total UFA value lower than OR, OVO, and BSO, indicating that

some RFO products have been contaminated with other oils containing a higher amount of
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SFA (VCO). This results in a reduction of the relative PUFA and MUFA value in RFO, which
additionally causes the Total UFA value to decrease. This can be derived from the PUFA and
MUFA values of ORCO in Table 3. Finally, the total PC formed 99%, with the x-variable (PC1)
86% of the variance explained. These results demonstrated that the visualization of grouped
RFO based on Total UFA could disclose adulteration of RFO products with other oils, so this

finding also proves useful for authentication.

3.4. PLS for prediction of PUFA, Total UFA and MUFA

The possibility of predicting PUFA, Total UFA, and MUFA content from *H NMR spectra was
investigated, considering their importance to human health and their predominance in RFO.
PLS performed well on the 'H NMR spectra in the two selected matrices of variables (Table
4), with a total number of corresponding variables of 99% (all PLS model analyses presented
in Figure S4-S9- Supplementary Information). The PLS models were compared in terms of

error in calibration (RMSEC), cross-validation (RMSECV), and error of prediction (RMSEP).[23

Table 4 Results of PLS modeling and prediction of PUFA, Total UFA, and MUFA

Spectral range R? Root Mean Square Error (RMSE)
Parameter Value Factor

(ppm) Calibration Validation Prediction Calibration Validation Prediction
PUFA 2.80-2.71 0-32 1 0.994 0.992 0.930 0.60 0.66 1.35
Total UFA 2.10-1.90 0-90 1 0.963 0.962 0.963 3.87 3.99 3.74
MUFA 2.10-1.90 0-85 2 0.970 0.969 0.955 3.33 3.49 3.10

Based on the results, the low error in the calibration, validation, and prediction model in
addition to good correlation coefficients for all three shows that the model can be used to
predict PUFA, total UFA, and MUFA with high accuracy. Furthermore, the *H NMR data
showed valid results in determining the number of PUFA, Total UFA, and MUFA in each RFO
sample (all PLS model analyses presented in Figure S4-S9- Supplementary Information).
Therefore, the prediction of PUFA, Total UFA, and MUFA compositions suitable for VCO,
OVO, BSO, and OR can indicate the potential authenticity of an RFO product or the presence
or absence of adulterants as the addition of other oils on purpose, as has been discussed by

Giese et al.l*% for cod oil and Ravaglia et al.l?°! for edible oils.
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It should also be emphasized that the quantitative *H NMR using a standard internal can be
performed significantly faster. In addition, the association with chemometrics makes the
process more efficient. The proposed quantitative 'H NMR method is promising. However,
further method developments should be carried out using more samples and extended to other

oil matrices to obtain a more robust model.

4. Conclusion

With a standard internal calculation approach, *H NMR spectroscopy can determine PUFA,
Total UFA, and MUFA on the RFO. The signals at 6 = 2.80-2.71 ppm, corresponding to the -
CH=CH-CH,-CH=CH- signal, and at 6 = 2.10 - 1.90 ppm, associated with the -CH,-CH=CH-
group, were included in the models for the determination of PUFA, Total UFA and MUFA,
respectively. Furthermore, combining *H NMR spectroscopy and chemometrics using PCA
effectively grouped RFO products based on the PUFA and Total UFA categories. In addition,
the PLS model successfully predicted the PUFA, Total UFA, and MUFA content in each RFO
product. This quick and easy procedure can be used routinely for quality monitoring and

authentication of RFO products, mainly based on their unsaturated fatty acid components.
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4. FINAL DISCUSSION

The main idea of this thesis was to examine the quality of the oil by measuring the quantitative
'H NMR spectrum so that it can replace or make an alternative to conventional methods used
in pharmaceutical and food chemical analysis without losing precission and accuray,

especially in the oil of red fruits (RFO).

4.1 Simultaneous determination of the Saponification Value, Acid Value, Ester Value,
and lodine Value in commercially available Red Fruit Oil (Pandanus conoideus, Lam.)

using *H qNMR spectroscopy

Conventionally, the saponification value (SV) and the acid value (AV) are determined by the
acid-base titration method; the ester value (EV) is calculated from these two values. Such
titration methods rely on observing visual endpoints, which may be difficult, especially in the
case of red fruit oil (RFO), where the solution is already red. The iodine number (IV) is
generally used to estimate the degree of unsaturation of oils and fats. This determination is
based on the addition of monoiodine bromide to the double bond reaction in fatty acids. This

procedure consists of several steps and is also time-consuming.

Based on the results that have been obtained, the 'H NMR method has succeeded in
answering problems, including the selection of the *H NMR quantitative method using internal
standards, which is able to provide valid and satisfactory results. The primary step taken with
selecting DMSO:; as the internal standard is the right choice because its signal at = 2.98 ppm
does not overlap with sample and/or solvent components. It is close to the analyte's
resonance, thus minimizing the impact of pulse resonance.'? Furthermore, DMSO, can be
easily obtained with high purity and has good stability and solubility in the solvent system.3 A
good signal separation was achieved using a mixture of CDCl; and DMSO-ds (5:1, v/v)
because the specific protons of the methylene -CH, group at = 2.37-2.27 ppm and 2.27-2.20
ppm are visible. The beneficial effect of adding DMSO-ds to CDCls is the NMR complex

formation between DMSO and the fatty acid moiety.4>
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The triplets of the a-CH: signals at & = 2.27-2.20 ppm of the FFA are slightly high field shifted
in comparison to the corresponding signal of TAG which is a multiplet. This is in accordance
with the data reported by Nieva-Echevarria et al.® and Kan et al.” Comparison of *H NMR
spectra between RFO, oleic acid, and palmitic acid standards were carried out to confirm the
signal (-CH=CH-) assignment to IV calculation because there is a linear relation between IV
and the number of olefinic protons.® The -CH=CH- signals resonate at & = 5.37-5.27 ppm in

both RFO and oleic acid.

The method's robustness also shows satisfactory results, as evidenced by the results of the
validation that meet the requirements based on the ICH guidelines. Furthermore, the strong
correlation between the determined value of the classical method and the *H NMR method
with an R? value > 0.98 and a small error indicates that the accuracy and precision of the NMR

method are high.

4.2 The chemometric analysis of *H NMR and FT-IR spectra data for a quality parameters

distinction of Red Fruit Oil products.

For multivariate data analysis, it is mandatory to have a sample preparation that generates
reproducible spectra. Spectra preprocessing technique is essential to get a reliable variable
matrix. Appropriate preprocessing of the spectra was obtained by bucketing for NMR spectra
and second-order smoothing polynomials through 25 points (Savitzky-Golay method) without
spectra derivation for FTIR spectra. The essential signals for modeling the degree of
unsaturation are the signal at = 5.37-5.27 ppm (*H NMR) and the band at 3000-3020 cm-*
(FTIR). The FFA profile is represented by the signal at 6= 2.37-2.20 ppm (*H NMR) and the

band at 1680-1780 cm* (FTIR), respectively.

PCA allows the visualization grouping of both methods with > 98% for the degree of
unsaturation and > 88% full PC for FFA values. Unfortunately, PCA projections on FTIR show
a significant grouping variability, for example, the distance differences between product

replication. The lower reproducibility observed in the FTIR results depends on the manual
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placement of the sample on the diamond cell ATR unit, as has been discussed by Jovic et al.®
Therefore, the triple clustering projection for FTIR shows unsatisfactory results. It is important

to emphasize that replicate clustering is preferable when 'H NMR is used.

In addition, the PLSR model provides an acceptable coefficient of determination (R?) and
errors in calibration, prediction, and cross-validation. The performance results indicate that
both parameters show a good match based on the R? (coeffisien of determenitaion) and
RMSEC for each model lower than SEP.1° Furthermore, at least 92% of the variation of the
output variable can be explained by the *H NMR and FTIR spectra. Therefore, 'H NMR
replication is more promising and proven to determine the difference between each RFO
product based on the degree of unsaturation and the FFA value. These findings support
several previous reportst!-14 on the success of H NMR spectroscopy in analyzing fat and oil

quality parameters.

The spectra profiled by 'H NMR and FTIR and chemometric analysis contributed to the
visualization grouping of RFO based explicitly on the degree of unsaturation and the FFA
value. Compared with other traditional techniques, 'H NMR and FTIR combined with
chemometrics provide a fast and economical method for RFO characterization, classification,

and authentication.

4.3 Quantitative *H NMR Spectroscopy Combined with Chemometrics as a Profiling and
Estimation Tool for Unsaturated Fatty Acid Composition in Red Fruit Oil and its

commercial products

According to the NMR protocol reported by Maninna et al.'®, each signal intensity of the
selected *H NMR spectra that correlated with the determination of PUFA and Total UFA was
measured and submitted to chemometric analysis. A complete assignment of the desired RFO
signal spectrum for calculating PUFA, Total UFA, and MUFA was obtained by addition of
linoleic acid. The selected signals were necessary and showed strong characteristics at & =

2.81-2.70 ppm for PUFA and & = 2.10-1.90 ppm for total UFA and MUFA. Subsequently,
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applying comparison of both methods (internal standard with relative method) indicates that
the results of the determination of PUFA, Total UFA, and MUFA using internal standard
method are similar to the relative method based on R? above 0.90 and low standard error
results of regression statistic. Therefore, the quantitative method of *H NMR by means of the
usage of the internal standard has strong potential as an alternative for determining PUFA,
Total UFA, and MUFA. In addition, the use of internal standards also provides added value
because it can be a more practical and uniform calculation formula compared to the relative

method.

Furthermore, the satisfactory quality of the PCA plots was indicated by the full 99% PC being
able to visualize the grouping of each variable. As for the excellent PLS quality achieved in
the calibration model, validation and prediction for PUFA, Total UFA, and MUFA in the whole
sample are based on a small root mean error square and a determination coefficient (R?) of
more than 0.90 for all models. This finding is in line with expected results because a proton
shift of the studied fatty acids in the signal region is characteristic for the -CH,-CH=CH- signal
and -CH=CH-CH,-CH=CH- of the PUFA and MUFA structures!*. Therefore, the prediction of
PUFA and MUFA compositions suitable for VCO, OVO, BSO, and RFO may indicate the
potential authenticity of an RFO product or the presence or absence of adulterants as the
addition of other oils on purpose, as has been discussed by Giese et al. > and Ravaglia et

al.14

It should also be emphasized that the *H NMR experiment can be performed significantly
faster. In addition, the association with PCA and PLS makes the process easier and effective.
The proposed 'H NMR method is promising, but further development should be carried out to

obtain a more robust model, use more samples, and extend this study to other edible oils.

4.4 Overall Conclusion

In general, NMR spectroscopy is a fast and non-destructive technique for which only simple

and small sample preparation is required. Contrary to classical wet chemistry methods, the *H
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NMR measurement requires only a small solvent volume and no toxic chemicals such as IBr.
The major profit of the NMR method is time-saving. The measurement of one sample by ‘H
NMR spectroscopy takes about 15 minutes. At first glance, this seems quite lengthy compared
to the titration procedure. However, it must be considered that NMR experiments can be run
automatically (autosampler). From one *H NMR spectra, different analytical parameters of fats
or oils can be obtained simultaneously, including AV, SV, EV, and IV, as well as distribution
of the main unsaturated fatty acid contents. These parameters are important in the
assessment of oil quality. In addition, adulteration of RFO with another edible oil can also be
disclosed using chemometrics methods. As expected, PCA gave satisfactory and fast results
for visualization grouping quality RFO based on unsaturated degree, FFA and unsaturated
fatty acid content. PLS also succeeded in proving the prediction of the value of these
parameters (unsaturated degree, FFA, polyunsaturated fatty acid, monounsaturated fatty acid
and total unsaturated fatty acid contents) on each product accurately and precisely. With
regard to time cost, it should be mentioned, that the data of entire NMR spectra can
automatically be loaded to the chemometrics software, such as the Unscramble. Hence the

PCA and PLS calculations are very fast (approximately 10 min).

However, despite these benefits, NMR spectroscopy has not been widely used and has not
been established in routine analysis of fats and oils. One reason might be that, until recently,
NMR spectroscopy was not part of the classic laboratory equipment that performs lipid
analysis. The technique required investment and maintenance costs and a skilled operator.
Because the quality parameters with the classical method can be less sensitivity and time
consuming, especially in samples with unique characteristics, it seems reasonable to replace
the method with a directly determinable NMR method as described in this thesis. In the future
the application of the less expensive and smaller benchtop NMR instruments should be

checked in order to disseminate the NMR method for quality evaluation.
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[SUMMARY]

5. SUMMARY

Today's priority in pharmaceutical and food analysis is to have analytical methods available
with optimal speed and effectiveness without losing precision and accuracy. One continuously
developing and promising method to overcome this challenge is quantitative nuclear magnetic
resonance (QNMR) spectroscopy. Although the cost of NMR equipment is relatively high and
requires operator experience, the gNMR method has many advantages over other analytical
methods. *H NMR spectroscopy is a reliable qualitative method because it produces structural
information. Additionally, the proportionality of signal intensity to the number of nuclei can be

obtained with appropriate experimental NMR parameters, allowing its use for quantification.

In this thesis, a new approach of a gNMR method has been investigated to demonstrate the
reliability and importance of this method as an alternative solution for analyzing oil quality
parameters, especially in RFO, which has particular characteristics (red color). This study also
includes the chemometric evaluation of spectral data for authentication, visual grouping, and
prediction of RFO quality based on the degree of unsaturation, FFA value, and unsaturated

fatty acid content.

The analytical measurement procedure of NMR spectroscopy begins with optimization of the
analytical acquisition parameters, including effect of solvent, effect of sample concentration,
selection of appropriate internal standards, determination of T1, and method validation.
Furthermore, the results of the method development were interpreted to RFO samples
evaluation, which began with determining the assignment of signal spectra for the
determination of AV, SV, EV, and IV simultaneously with: the hydrolysis approach and

standard addition of palmitic acid.

For the simultaneous determination of the AV, EV, IV, and SV in RFO with 'H NMR
spectroscopy, dimethyl sulfone (DMSQO-) was a suitable internal standard because it gaves a
single signal which does not overlapp with the analyte signals. After deciphering the

appropriate NMR parameters, diagnostic signals for quantification were determined including
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internal standard at 6 = 2.98 ppm, SV at 8= 2.37-2.20 ppm, AV at 6 = 2.27-2.20 ppm, EV at
=2.37-2.27 ppm, and IV at & = 5.37-5.27 ppm. The validated method produces good linearity
and precision. The gqNMR results for the respective fat values also are in accordance with the

results of standard methods.

The application of chemometrics to *H NMR and FTIR spectra was also successfully carried
out to develop an effective and efficient analytical method for quality assurance of RFO based
on the degree of unsaturation and the value of free fatty acids. Necessary signals for modeling
the degree of unsaturation are signals at & = 5.37-5.27 ppm (*H NMR) and bands at 3000-
3020 cm? (FTIR). The FFA profiles are represented by signals at =2.37-2.20 ppm (*H NMR)
and bands at 1680-1780 cm™ (FTIR). Pre-processing of both spectroscopic data (NMR &
FTIR) is an important step to obtain a reliable variable matrix. For NMR spectra using 0.009
ppm bucketing while for FTIR spectra by means of second-order smoothing polynomials
through 25 points (Savitzky-Golay method) without spectra derivation gave a satisfactory
results. Therefore, PCA successfully demonstrated the visualization grouping of both methods
with > 98% total PC for the degree of unsaturation and >88% total PC for the FFA value. In
addition, the PLSR model also produces a good coefficient of determination (R?) of more than

0.90, with a low RMSE (Calibration, Validation and Prediction).

Furthermore, the application of the *H NMR method using internal standards for quantifying
the unsaturated fatty acid component in RFO also showed the potential of the method.
Assignment of the signal responsible for quantification was shown with strong characteristics
at & = 2.80-2.71 ppm for PUFA and & = 2.10 - 1.90 ppm for Total UFA and MUFA. By
chemometric approach, each sample was successfully grouped according to its PUFA and
Total UFA values and predicted for the unsaturated fatty acid component value of commercial
RFO. This finding provides a very simple method for the quality assurance and authentication

of RFO.

Therefore, it has been demonstrated in various projects that the development of a quantitative

H NMR spectroscopy method combined with a chemometric approach allows in-depth
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findings and contributes to a clear added value as a reliable alternative to the compendial
method (titration and GC spectroscopy) on simultaneous quantification and identification of
the parameters AV, EV, IV, SV and an unsaturated fatty acid content for quality assurance

and authentication of oil.
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6. ZUSAMMENFASSUNG

In der pharmazeutischen und Lebensmittelanalytik geht es heute vorrangig darum,
Analysemethoden mit optimaler Geschwindigkeit und Wirksamkeit zur tend zihaben ohne
dabei an Prazision und Genauigkeit zu verlieren. Eine sich standig weiterentwickelnde und
vielversprechende Methode zur Bewadltigung dieser Herausforderung ist die quantitative
Kernspinresonanz-Spektroskopie (qQNMR). Obwohl die Kosten fir die NMR-Ausristung relativ
hoch sind und Erfahrung des Bedieners erfordern, hat die gNMR-Methode viele Vorteile
gegeniber anderen Analysemethoden. Die *H-NMR-Spektroskopie ist eine zuverlassige
gualitative Methode, da sie Strukturinformationen liefert. Auf Grund der Proportionalitat der
Signalintensitat zur Anzahl der Kerne (mit geeigneten experimentellen NMR-Parametern)

kann quantifiziert werden.

In dieser Dissertation wurde ein neuer Ansatz der quantitativen NMR-Spektroskopie
untersucht, um die Zuverlassigkeit und Bedeutung dieser Methode als alternative Losung fur
die Analyse von Olqualitatsparametern zu demonstrieren, insbesondere bei RFO, das
besondere Merkmale (rote Farbe) aufweist. Diese Studie umfasst auch die chemometrische
Auswertung von Spektraldaten zur Authentifizierung, visuellen Gruppierung und Vorhersage
der RFO-Qualitat auf der Grundlage des Ungeséttigungsgrads, des freie Fettsauren-Werts

und des Gehalts an ungesattigten Fettsauren.

Das analytische Messverfahren der NMR-Spektroskopie beginnt mit der Optimierung der
analytischen Aufnahmeparameter, einschlie3lich der Auswirkung des L&sungsmittels, der
Auswirkung der Probenkonzentration, der Auswahl geeigneter interner Standards, der
Bestimmung von T1 und der Methodenvalidierung. Darliber hinaus wurden die Ergebnisse
der Methodenentwicklung auf die Auswertung der RFO-Proben Ubertragen, die mit der
Bestimmung der Zuordnung der Signalspektren fur die Bestimmung von Saurezahl, Esterzahl,
Jodzahl, Verseifungszahl gleichzeitig mit dem Hydrolyseansatz und der Standardaddition von

Palmitinsaure begann.
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Fir die gleichzeitige Bestimmung von Séurezahl, Esterzahl, Jodzahl, und Verseifungszahl in
RFO mit 'H-NMR-Spektroskopie war Dimethylsulfon (DMSO;) ein geeigneter interner
Standard, da er ein einzelnes Signal liefert, das sich mit den Signalen der Analyten interferiert.
Nach der Optimierung der NMR-Parameter wurden diagnostische Signale fur die
Quantifizierung erhalten, darunter der interne Standard bei & = 2.98 ppm, Verseifungszahl bei
0 =2.37 - 2.20 ppm, Saurezahl bei & = 2.27 - 2.20 ppm, Esterzahl bei & = 2.37 - 2.27 ppm und
Jodzahl bei & = 5.37 - 5.27 ppm. Die validierte Methode weist eine gute Linearitat und
Prazision auf. Die gNMR-Ergebnisse fur die jeweiligen Fettwerte stimmen ebenfalls mit den

Ergebnissen der Standardmethoden tberein.

Die Verwendung der Chemometrie auf *H-NMR und FTIR-Spektren war eine wirksame und
effiziente Auswertemethode fir die Qualitdtssicherung von RFO auf der Grundlage des
Ungesaéttigtheitsgrads und des Werts der freien Fettsduren zu entwickeln. Die fur die
Modellierung des Ungesattigtheitsgrads erforderlichen NMR-Signale sind bei & = 5.37 - 5.27
ppm (*H NMR) und IR-Banden bei 3000-3020 cm™ (FTIR). Die freie Fettsauren-Profile werden
durch Signale bei & = 2.37 - 2.20 ppm (*H NMR) und Banden bei 1680 - 1780 cm (FTIR)
dargestellt. Die Aufbereitung der beiden spektroskopischen Datensatze (NMR und FTIR) ist
ein wichtiger Schritt, um eine zuverlassige variable Matrix zu erhalten. Bei den NMR-Spektren
fuhrte die Verwendung von 0.009 ppm “Bucketts® und bei den FTIR-Spektren die Verwendung
von Glattungspolynomen zweiter Ordnung Uber 25 Punkte (Savitzky-Golay-Methode) ohne
Spektrenableitung zu zufriedenstellenden Ergebnissen. Daher zeigte die PCA erfolgreich die
Visualisierungsgruppierung beider Methoden mit > 98% Gesamt-PC fur den Grad der
Ungesattigtheit und >88% Gesamt-PC flir den FFA-Wert. Darliber hinaus ergibt das PLSR-
Modell einen guten Bestimmtheitsgrad (R?) von dber 0.90 mit einem niedrigen RMSE

(Kalibrierung, Validierung und Vorhersage).

Dariiber hinaus zeigte die Anwendung der 'H-NMR-Methode unter Verwendung interner
Standards zur Quantifizierung der ungeséttigten Fettsdurekomponente in RFO ebenfalls das

Potenzial der Methode. Die Zuordnung des fir die Quantifizierung verantwortlichen Signals
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wurde bei & = 2.80 - 2.71 ppm fur mehrfach ungesattigte Fettsaure und & = 2.10 — 1.90 ppm
fir insgesamt ungesattigte Fettsaure und einfach ungesattigte Fettsdure gezeigt. Mit dem
chemometrischen Ansatzes wurde jede Probe erfolgreich nach ihren Gehalte an mehrfach
ungesattigten Fettsduren und flir den Gesamtgehalt an ungesattigten Fettsduren gruppiert
und der Gehalt an ungesittigten Fettsaurekomponente des kommerziellen RFO
vorhergesagt. Dieses Ergebnis bietet eine sehr einfache Methode fur die Qualitatssicherung

und Authentifizierung von RFO.

In verschiedenen Projekten konnte somit gezeigt werden, dass die Entwicklung einer
guantitativen 'H-NMR-Spektroskopie-Methode in Kombination mit einem chemometrischen
Ansatz tiefgreifende Erkenntnisse ermoglicht und zu einem deutlichen Mehrwert als
zuverlassige Alternative zur Kompendienmethode (Titration und GC-Spektroskopie) bei der
gleichzeitigen Quantifizierung und Identifizierung der Parameter von Saurezahl, Esterzahl,
Jodzahl, Verseifungszahl und des Gehalts an ungesattigten Fettsauren zur Qualitatssicherung

und Authentifizierung von Ol beitragt.
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