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Chapter 1 - General introduction

1.1. PEANUT
1.1.1. Peanut resources

Peanut (Arachis hypogaea L.), also known as groundnut, originated in Latin America
(Hammons et al., 2016). The Arachis is a larger genus that has over 70 species, and the
only widely grown Arachis specie is the cultispecies peanut, whereas the rest are all wild
relatives that are either seldom grown or utilised in different ways (Bertioli et al., 2011;
Wang, 2018). There are over 40,000 peanut germplasm resources across the world. Among
all institutions and countries with abundant peanut germplasm resources, the Interna-
tional Crop Research Institute for the Semi-Arid Tropics (ICRISAT) has the most germplasm
resources (15,342), followed by the United States of America (the USA) (8,719), China
(7,490), Argentina (2,200), Indonesia (1,730), etc. (Wang, 2018). As a major commercial crop,
peanuts commonly prevail in the tropics, the subtropics, and warm temperate zones of
the earth, shown in Figure 1.1.

P — 719 5500 36450 330000 8100000

Figure 1.1. The main planting areas and countries of peanuts (adapted from Faostat (2020)). The
colour from red to orange refers to high and low area harvested. The solid line is the Equator.

On the report of the Food and Agriculture Organization (FAO) statistics (Faostat,
2020), the average world peanut production from 2010 to 2019 was 45.8 million tonnes
and the average area harvested was 27 million ha. Among all countries, China has the larg-
est peanut production with 16.7 million tonnes, accounting for nearly 37% of worldwide
production, followed by India (7.4 million tonnes), Nigeria (3.7 million tonnes), the USA
(2.4 million tonnes), and Sudan (1.9 million tonnes). India has the most prominent area



General introduction « Chapter 1

harvested (5.1 million ha), followed by China (4.6 million ha), Nigeria (3.1 million ha), Sudan
(2.3 million ha), and Myanmar (1.0 million ha).

1.1.2. Peanut characteristics

Peanuts are not only consumed as raw materials or after simple pre-processing such
as roasting and boiling, but they are also served as finished goods such as peanut oil, pea-
nut butter, nut bars, and confections (Wang, 2016). Peanuts are appreciated worldwide
because they are affordable, flavourful, and nutritious food. The average values of major
(fat, protein, and carbohydrates) and minor (@amino acids, minerals, and vitamins) constit-
uents in the primary market peanuts are shown in Figure 1.2. These data are collected
from the Database of Chinese Peanut Processing Characteristics and Special Varieties
(Wang, 2020) and the United States Department of Agriculture (USDA) National Nutrient
Database for Standard Reference (Haytowitz, 2021). These constituents’ values as the ana-
lytical signatures of peanuts vary substantially with variety, growing environment, stor-
age condition, and maturity.

Oleic acid 31-84%*
3-Sitosterol 76 mg*
Campesterol 24 mg*
Stigmasterol 10 mg
Resveratrol 355 mg***
Vitamin E 18 mg***

50¢ Fal 567 keal®

26 ¢ Protein ‘

16 g Carbohydrate .

9 g Dietary fiber A ~G
5 ¢ Sucrose .

5¢ Water W
3.6 ¢ Aspartic acid \{\

Vitamin B312 mg®

3.1 g Arginine g v Potassium 705 mg*
1.8¢ Leucine ) // Phosphorus 376 mg:
.\ Serving Size: 100 g <
1.8¢ Glycine | Sample Size: n =284 | Magnesium 92 mg

Figure 1.2. The average values of major and minor constituents in peanuts (adapted from Wang
(2020) and Haytowitz (2021), 2 means that data come from Haytowitz). * the proportion in fat; ** n =
45; *** the sample is peanut root, n = 19; **** n = 199,

Fat is the predominant macro component in peanuts, accounting for nearly 50% (Fig-
ure 1.2). Monitoring the fat content before manufacturing is essential for peanut-based
commodities such as peanut oil and peanut butter since variations have an impact on the
quality traits of the final products. In consideration of economic interest, oil producers
anticipate high fat content varieties from breeders. Most fatty acids (FAs) in peanuts are
generally presented as triglycerides, which are three FAs esterified to a glycerine back-
bone. The primary FAs mentioned among all cultivated peanut varieties are palmitic acid
(C16:0), oleic acid (C18:1 n9c), and linoleic acid (C18:2 n6¢), and these typically make up
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above 90% of the total FAs (Bera et al., 2019). FAs are the key compositional factors in the
peanut trade since they have important contributions to human health and production
stability (Gong et al., 2018; Zhao et al., 2019).

Peanuts have the highest protein level of frequently consumed nuts (Venkatachalam
& Sathe, 2006), with a reported value of about 26%, as shown in Figure 1.2. Given our
planet’s rapidly growing population, the world’s protein resources are currently under
severe strain. Peanut protein, as a critical plant protein, can be studied from manifold
quality aspects, involving human and animal nutrition and functional characteristics. In
terms of nutrition, peanut protein is a fundamental and essential component for human
development (food) and animal vigour (feed) with the biological value (59), the net protein
utilisation rate (51%), and the pure digestibility (90%) (Wang, 2016). Regarding functional
characteristics, peanut protein has great gelation or solubility based on the constitution
of protein, which has already been applied to sausage (gelation) and beverage (solubility)
(Wang, 2018). Amino acids are the essential building blocks of proteins. Aspartic acid (~
3.6%) and arginine (~ 3.1%) are the most common amino acids in peanuts (Wang et al.,
2013). In comparison with typical tree nuts, peanuts are inherently rich in the above-men-
tioned acidic amino acids, as well as hydrophobic amino acids, such as leucine, glycine,
and alanine (Davis & Dean, 2016; Wang, 2016).

The total carbohydrate types contain sugars, starch, dietary fibre, long polysaccha-
rides, etc. The total carbohydrate content of peanuts is regularly estimated to be about
16% (Figure 1.2). Myo-inositol, glucose, fructose, sucrose, raffinose, and stachyose are
the sugars detected, with sucrose accounting for almost 90% of the sugars (Davis et al.,
2016). Sugars, especially sucrose, play a vital role in the nonenzymatic processes that give
roasted peanut products their distinctive colour and taste. Roasted peanut products
have a darker appearance under the same protocols since those peanut varieties have
higher sugar content (Davis et al., 2016). Moreover, higher sugar content inclines peanuts
to generate a fruity fermented flavour after roasting. Because sugar concentration in pea-
nuts is rather important for roast quality, manufacturers and processors keep a close eye
on sugar content to promptly regulate roasting settings to redress these variations and
improve the quality traits of final commodities.

Peanuts are regarded as one of the most important mineral resources for nut con-
sumers. Typically, the macrominerals are minerals that exist in concentrations greater
than 0.01% of the bodyweight, including calcium, magnesium, phosphorus, potassium,
sodium, etc., while the rest are the microminerals including copper, iodine, iron, man-
ganese, zing, etc. The mineral content in peanuts is only 2 - 3%. The potassium (705 mg),
phosphorus (376 mg), and magnesium (92 mg) contents in peanuts are high, whereas
calcium, iodine, and iron contents are low. Peanuts, like most oilseeds, are a poor source

10
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of the oil-soluble vitamins A, D, and K, but they have abundant vitamin E (18 mg). There-
fore, peanuts and peanut butters are excellent resources of vitamin E, providing more
than 10% of the daily dietary recommended value with one serving (Haytowitz, 2021). In
addition, peanuts are also good resources of B vitamins, containing high contents of B,(12
mg) and B, (~ 0.5 mg).

1.1.3. Peanut classifications

Peanut classifications can maximise the benefits of peanut planting, processing, and
trading. There are different standards for peanut classifications. For instance, peanuts can
be divided into spring, summer, and autumn peanuts according to different sowing dates
(de Oliveira Aparecido et al., 2021). Peanuts can also be divided based on variety and the
length of the growth period, specifically early-maturing, middle-maturing, and late-ma-
turing (Culbreath et al., 1999). The above-mentioned types of classification methods are
based on the agronomic characteristics of peanuts. However, some more commercial
standards prevail in the markets.

There are four classes of peanuts commonly used in the USA according to their size
and appearance: Runner, Virginia, Spanish, and Valencia (Chukwumah et al., 2012). Run-
ner peanuts have acquired broad popularity because of their appealing kernel size range.
They account for about half of the peanut production in the USA and most of them are
utilised to produce peanut butter (Shin et al., 2010). Virginia peanuts have the biggest
kernels and are mainly used for processing roasted peanuts. Smaller kernels with red-
dish-brown skin are Spanish peanuts, which are mostly utilised in peanut candy. There
are typically three or more small kernels in the Valencia peanut pods. Valencia peanuts
are sweet and are typically roasted and served in the shell (Archer, 2016; Toomer, 2018).

Furthermore, another standard is to classify peanuts based on their compositions.
Some peanut varieties with a high content of some components such as fat, protein, and
sucrose have high commercial values and great success in the marketplace. Currently,
high oleic acid peanuts (HOP) get the most attention because they cannot only enhance
the shelf life of the final products such as peanut butter (Gong et al., 2018), but they can
also boost nutritional values (Zhao et al., 2019). HOP have higher oleic acid (80%), lower
linoleic acid (3%), and lower palmitic acid (5%) than regular peanuts (RP) but there is no
noticeable difference in appearance and size (Talcott et al., 2005). As a result, there are
potential risks of using RP indiscriminately as HOP in the markets.

Peanut classification based on processing purposes is becoming mainstream. Main

peanut finished goods, involving peanut protein and peanut oil, have distinct require-
ments for the raw materials. In other words, the characteristics of the products prepared

1"
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from different peanut varieties are diverse. The principles of these classification standards
are derived from the relationships between peanut and its products. For example, it has
been shown that peanut protein with a high gel property level has a positive relationship
with the arachin content and the arachin/conarachin protein ratio, as different peanut
varieties could be classified into three distinct groups to manufacture peanut protein with
different gel property levels (Wang et al., 2014). Furthermore, the induction time of peanut
oil has been significantly correlated with unsaturated FAs and the oleic acid/linoleic acid
ratio. Accordingly, different peanut varieties were grouped into three distinct types to
produce peanut oil with different induction time levels (Zhang, 2012). The processors can
further select the specific peanut varieties to produce high-quality products. Therefore,
peanut classification based on processing purposes has the potential to better ensure the
quality traits of peanut products and improve their market values.

1.2. PEANUT BUTTER
1.2.1. Peanut butter manufacture and consumption

Peanut butter is a dense mixture of solid particles suspended in a consecutive oil
phase (Norazatul Hanim et al., 2016). Being rich in fat, protein, vitamins, minerals, and other
nutrients, peanut butter is one of the most popular and significant plant-based spreads
in the world with a unique flavour and texture (Gong et al., 2018), as well as health advan-
tages such as lowering the risk of gastric non-cardia adenocarcinoma among American
seniors (Hashemian et al., 2017). The manufacturing process of peanut butter is stand-
ardised. The primary processing starts with the pre-cleaning and shelling of peanuts.
The kernels are then transported to the oven for roasting. The roasting parameters, such
as temperature and time, should be adequately managed since it affects the formation
of aroma and colour of the finished peanut butter products. After roasting, the kernels
are typically browned and the skins are loosened. It is necessary to remove the skins by
gentle brushing. Discoloured and other rejected kernels are removed before the peanuts
are milled. The milling process is implemented to diminish the dimensions of kernels to
produce peanut butter. The milling process can be repeated to obtain the desired final
texture (Gorrepati et al., 2015; Shakerardekani et al., 2013).

As stated in a business report (SRD, 2020), the annual worldwide production of pea-
nut butter is nearly 150,000 tonnes. The USA is the world leader in peanut butter produc-
tion and consumption (50,000 tonnes). In terms of the markets in Europe, about 48,000
tonnes of peanut butter are consumed per year. The Centre for the Promotion of Imports
(CBI) reported that the Netherlands is Europe’s largest processor of peanut and largest
manufacturer of peanut butter. Peanuts for processing are mainly imported from Argen-

12
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tina, America, and China (CBI, 2020). In China, the peanut butter processing factories are
primarily located in Shandong province where Luhua and Huayu peanut varieties are
mostly planted. The annual production of peanut butter in China is about 10,000 tonnes,
with imports and domestic markets evenly split. Compared with the USA and Europe, the
consumption of peanut butter in China has great potential for growth.

1.2.2. Peanut butter characteristics

The characteristics of peanut butters are important factors used to determine their
market values. These characteristics can be divided into three categories: fundamental
safety traits (e.g. Escherichia coli, Salmonella, acid value, etc.), compositional traits (e.g.
water, fat, protein, etc.), and sensory traits (e.g. colour, texture, volatile compounds, etc.)
(Gong et al., 2018; NY/T958, 2006). Some countries have already stipulated the various cri-
teria of safety and compositional qualities for peanut butter (1IS9037, 1979; NY/T958, 2006).
According to the USDA standards (USDA, 1972), peanut butters can be graded into differ-
ent types according to evaluation traits by sensory analysis. Sensory analysis offers the
direct connection between marketing and technology, allowing for a more entire picture
of customer perceptions and preferences. However, on one hand, there are some draw-
backs to impede the applications of sensory analysis such as inconsistent evaluation crite-
ria and the correspondingly laborious progress (Fan et al., 2016). On the other hand, sen-
sory analysis cannot be used in some circumstances to generate meaningful data (Kilcast,
2013). Therefore, some instrumental methods have been used to scientifically describe
the quality traits of peanut butters (Shakerardekani et al., 2013).

Peanut butter’s most obvious feature is colour, which is formed by browning reactions
and caramelisation during roasting. For instance, Ha et al. (2013) reported colour values of
56 (L* the lightness value), 10 (@* the green (negative) - red (positive) opponent colours),
and 26 (b* the blue (negative)-yellow (positive) opponent colours), respectively. Food tex-
ture is one of the physical features that considerably influences consumer attraction, pur-
chase decision, and eventual consumption. Texture properties are normally characterised
by firmness which is a critical trait of semi-solid food texture. And and Resurreccion (2002)
reported a firmness value of 93.3 g in natural peanut butter. Similarly, peanut butter's flow
and deformation under tension and stress are known as rheological properties. Rheolog-
ical data are required to determine the practicality of ingredients during product devel-
opment, immediate or finished goods management and process engineering calculation
for instruments such as pumps and mixers (Shakerardekani et al., 2013). Peanut butter dis-
plays complex characteristics of colloidal particle suspensions, and natural peanut butter
is a Newtonian fluid with a yield stress of 24 Pa (Citerne et al., 2001). Furthermore, particle
size not only affect the mouthfeel of peanut butter and particle-particle interactions also
has profound influences on the rheological properties (Tanti et al., 2016). According to a
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previous study (Liedl Jr & Rowe, 2007), satisfactory sensory and textural characteristics of
nut spread could be manufactured if 90% of particles are smaller than 40 um. The attrac-
tive aromas of peanut butter are generated by means of reactions such as the Maillard
reactions during the roasting and milling phases. The main volatile compounds in peanut
butter are composed of pyrazines, aldehydes, furans, pyrroles, and ketones (Lou et al.,
2009). Among them, pyrazines, including 2,5-dimethylpyrazine and 2,3,5-trimethylpyra-
zine, are the most important volatile compounds (Chetschik et al., 2010). The above instru-
mental analysis, as a complement to sensory evaluation, objectively and quantitatively
describes the characteristics of peanut butters.

1.2.3. Peanut butter classifications

Three sorts of peanut butters prevail in the markets, including natural peanut but-
ter, creamy or smooth peanut butter, and chunky peanut butter. Natural peanut butter
is composed of 100% peanuts without any additional ingredients. Conversely, the for-
mulations of the two others are based on natural peanut butter with added sugar and
hydrogenated vegetable oil which guarantee that the consistency of peanut butter is
unaffected by time or temperature. Chunky peanut butter is furtherly based on smooth
peanut butter with peanut particles. Furthermore, according to the USDA standards, pea-
nut butters could be rated into classes A and B (USDA, 1972). Specifically, peanut but-
ters could be ascertained on the basis of colour, consistency, absence of defects, as well
as flavour and aroma, in addition to the other requirements of the respective grade. For
instance, the colour for class A represents a rich colour typical of peanut butter manufac-
tured from fittingly roasted peanuts. The flavour and aroma for class A indicate a flavour
and aroma: typical of freshly roasted and freshly ground peanuts and free from distasteful
flavours and obnoxious odours of any kind. The above-mentioned criteria are mainly used
to classify/grade peanut butter based on its composition or sensory quality, but some
other evaluations have been used for the classification of other agricultural products in
recent years. For instance, red wine could be classified based on phenolic profiles, colour
intensity, and potassium content due to grape varieties (Heras-Roger et al., 2016); soymilk
attributes could be classified based on the quality traits of the glycinin (11S)/B-conglycinin
(7S) protein ratio, soluble solids, and fat content (Ma et al., 2015); chapatti attributes could
be assessed in accordance with the physicochemical, rheological, and sensory traits for
selecting wheat varieties (Kundu et al., 2017). Therefore, the opportunity exists for peanut
butters to be evaluated and classified based on the corresponding quality traits resulting
from the use of raw materials.

14
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1.3. THE RELATIONSHIP BETWEEN PEANUT AND PEANUT BUTTER

Agricultural raw materials, known as “the first workshop” of processing, form the basis
of the corresponding processing products. Different varieties have various impacts on the
quality traits of products under the same processing conditions due to the huge variances
in the physical characteristics and chemical compositions of these varieties. Just like the
influences of wheat varieties on chapattis (Kundu et al., 2017), olive varieties on extra virgin
olive oils (Deiana et al., 2019), grape varieties on sparkling wines (Pérez-Magarifio et al.,
2015), and apple varieties on purees (Lan et al., 2020), the overall characteristics of peanut
butters are related to the quality traits of peanut varieties. Generally, most studies merely
considered one or two quality traits of peanut butters derived from a limited number of
peanut varieties. For instance, Mohd Rozalli et al. (2015) specifically examined the diame-
ters of particles and the dynamic rheological characteristics of peanut butters, indicating
that Indian peanut butter had a greater dynamic modulus than Chinese peanut butter at
all respective grinding times. Norazatul Hanim et al. (2016) discovered that peanut butters
made from two distinct varieties had various particle size distributions. The polydisper-
sity values of peanut butters manufactured from Spanish varieties were certainly greater
than Virginia varieties, indicating that peanut butters derived from Spanish varieties had
wider particle size distributions. Lou et al. (2009) investigated the volatile compounds of
two distinct peanut butters as well. The results showed that 62 volatile compounds were
identified in one sample with higher pyrazine contents, while the other sample only con-
tained 42 compounds. Some scientists (Dhamsaniya et al., 2012; Gong et al., 2018) have
already studied the impacts of various chemical contents of peanuts on the textural and
sensory qualities of peanut butters, as well as their stability during storage. Dhamsaniya
et al. (2012) reported that Somnath composed of 49% fat and 21% protein yielded better
firmness and flavour, and was the recommended variety for peanut butter manufacture.
Gong et al. (2018) stated that peanut butter manufactured with Kainong 1715 (high oleic
acid variety) had a significantly longer shelf-life than other peanut varieties. Even though
certain relationships between them have been discovered, the picture is still incomplete.

1.4. ANALYSIS METHODS OF QUALITIES AND CLASSIFICATIONS
1.4.1. Lab-based confirmatory techniques

To analyse the quality traits of peanuts and peanut butters, several lab-based con-
firmatory methods have been established, with some of them becoming standards. For
instance, peanuts are analysed for fat by the Soxhlet extraction (GB5009.6, 2016), crude
protein by the Kjeldahl procedure (GB5009.5, 2016) with a conversion coefficient of 5.46,
amino acids by high performance liquid chromatography (HPLC) (GB5009.124, 2016),
sucrose content by HPLC (GB5009.8, 2016), and FAs profiles by gas chromatography (GC)
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(GB5009.168, 2016). Correspondingly, peanut butters are analysed for volatile compounds
by GS-MS (Lou et al., 2009), colour by the colour spectrophotometer (Shakerardekani et
al., 2013), texture qualities by the texture analyser (Mohd Rozalli et al., 2016), rheology by
the rheometer (Norazatul Hanim et al., 2016), and particle size by the technique of laser
diffraction (Mohd Rozalli et al., 2015). These methods provide reliable and detailed data
on the quality and classification of peanuts and peanut butters. Despite this, the above
methods are generally relatively time-consuming and costly. In addition, these methods
are literally conducted by trained personnel, have various complicated operations and
can relatively easily be error-prone and manipulated during analysis. With the increas-
ing requirements for detection of the quality and identity of peanuts and their products,
a range of non-destructive and high throughput screening techniques combined with
chemometrics have been widely applied in the peanut industry as efficient, simple, and
sensitive analytical methods for quality control and management.

1.4.2. Screening techniques

Vibrational spectroscopy, including near-infrared spectroscopy (NIRS), hyperspectral
imaging (HSI), and Raman spectroscopy, has been extensively utilised for the evaluation of
the quality and identity of peanuts and their products (Table 1.1). NIRS has broad applica-
tions in the quality evaluation of peanuts, such as for the determination of water (Govin-
darajan et al., 2009b), fat (Fox & Cruickshank, 2005), protein and amino acids (Wang et al.,
2013), FAs contents of peanuts (Wu et al., 2009), as well as acid value of peanut oil (Rao et
al., 2009). NIRS has been employed to qualitatively and quantitatively examine adulterants
in pure peanut oil as well (Castro et al., 2021; Zeng et al., 2016). For single kernel peanuts,
Tillman et al. (2006) reported that NIRS can be used to accurately predict FAs contents.
Compared with NIRS, HSI can provide additional spatial information, offering new insights
into the distribution of components in peanuts like fat (Sun et al., 2020) and protein
(Cheng et al., 2018). More importantly, HSI has a great advantage for fungi-contaminant
and mouldy peanut classification (Qiao et al., 2017; Yuan et al., 2020). Raman spectroscopy
is used for peanut and peanut oil identification as well (Farber et al., 2020; Jin et al., 2021).

The above-mentioned screening methods are based on benchtop applications. How-
ever, the miniaturisation of analytical instruments has allowed for on-site testing over the
past decade. These techniques can provide user-friendly and speedy screening for the
samples, prior to further lab-based confirmatory tests. Portable NIRS spectrometers have
been applied for the chemical analysis of peanuts (Bilal et al., 2020) and acid values of pea-
nut oil (Yang et al., 2017). Although the sensitivity is lower than benchtop counterparts in
conjunction with routinely updated chemometrics models, such an approach might assist
to assure the quality and identity of peanuts and products derived from them. Meanwhile,
it is incredibly valuable for breeders and other stakeholders to detect the quality traits of

16
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Table 1.1. Examples of screening techniques for peanuts and their products.

Method Chemometrics Applications Reference

NIRS (Benchtop) PLS/PLS-DA Quantitative and qualitative determination of ~ (Rao et al., 2009)
acid value in peanut oil

NIRS (Benchtop) PLS Quantitative determination of water in peanuts (Govindarajan et
e .al,2009)
NIRS (Benchtop) PLS Quantitative determination of protein and (Wang et al.,
e @MinO acid in peanuts 2003)
NIRS (Benchtop) PLS Quantitative determination of essential miner-  (Phan-Thien et
e RIS N pEANUES k201
NIRS (Benchtop) PLS ~  Quantitative determination of FAs in peanutoil (Wu etal, 2009)
NIRS (Benchtop) PLS Quantitative determination of FAs in single (Tillman et al.,
e PeANUtseRds 2000)
NIRS (Benchtop) SVM  Authenticationinpeanutoil (Zeng et al,, 2016)
NIRS (Portable)  PLS/GA-PLS Quantitative determination of acid value in (Yang et al., 2017)
e PEANUOIL
NIRS (Portable) PLS/GA-PLS/ Quantitative determination of fat, protein, fibre, (Bilal et al., 2020)
e S1FPLS ... carbohydrate, water, ashinpeanuts
HSI . PLS_ Quantitative determination of fatin peanuts  (Yuetal,2016)
HSI PLS Quantitative determination of protein in (Yuetal., 2017)
e P IUES e e
HSL Ssvy™m  Identification of fungi contaminant in peanuts  (Qiao et al,, 2017)
HSI PCA Identification of fungi contaminant in peanuts  (Jiang et al.,
e 2016) .
Raman PLS-DA Identification of adulterated peanut oil (Huang et al.,
2016)

FAs, Fatty acids; GA-PLS, Genetic algorithm Partial least squares; HSI, Hyperspectral imaging; NIRS, Near-infra-
red spectroscopy; PCA, Principal component analysis; PLS, Partial least squares; PLS-DA, Partial least squares
discrimination analysis; Si-PLS, Synergy interval partial least squares; SVM, Support vector machine.

single peanut kernels to further choose the required varieties for large-scale cultivation.
However, NIRS, as the bulk sample spectrometer, needs roughly 250 g of peanut kernels
(Agelet & Hurburgh, 2014). The demands of rapid analysis of single peanut kernels are
enormous.

1.4.3. Data analysis

Many measurements discussed previously lead to huge amounts of datasets from
test samples containing analytical signatures. The development of reference datasets
that provide complete and standardised information based on representative samples
is essential for establishing reliable screening methods. Due to the multiple chemical or
physical properties included, it is challenging to interpret data directly. Diverse statistical
methods have been widely implemented to explore the ability of a large dataset to deter-
mine the components quantitatively and identify varieties (Alewijn et al., 2016; Granato,
Putnik, et al., 2018). First of all, univariate analysis, including descriptive analysis (e.g. calcu-
lation of range) and statistical inference (e.g. analysis of variances), are used to explore and
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infer the data (Yang et al.,, 2020). And then, multivariate analysis is sequentially applied to
mine datasets including various analytical signatures derived from the above-mentioned
screening methods (Zielinski et al., 2014). Some examples of unsupervised methods are
cluster analysis (CA) and principal component analysis (PCA), which have been utilised
for classification and pre-process based on the FAs profiles of peanuts (Shin et al., 2010;
Wang et al.,, 2017). Furthermore, several supervised algorithms and affiliated classifiers
have been implemented, including linear discriminant analysis (LDA), quadratic discrimi-
nant analysis (QDA), hierarchical cluster analysis (HCA), and partial least squares discrimi-
nant analysis (PLS-DA) (Ghosh et al., 2016; Granato, Santos, et al., 2018; Wang et al., 2014).
Some regression methods for quantitative analysis have been applied as well, such as
partial least squares (PLS), principal component regression (PCR), multiple linear regres-
sion (MLR), and support vector machine (SVM) (Govindarajan et al., 2009; Sun et al., 2019;
Wei et al., 2015). In addition, some machine learning algorithms such as random forest (RF)
are also applied for the model establishment for food classification (Menze et al., 2009).
Finally, model validation is an essential stage since it enables an objective evaluation of
whether the models are suitable for their targets (Alewijn et al., 2016).

1.5. KNOWLEDGE GAP

Peanuts as raw materials are the foundation of the whole peanut industry. From vari-
ety breeding, fertilisation, planting, harvesting, trading, and processing to consuming,
each section in the peanut industry chain needs to be monitored to ensure the quality of
peanuts. Although extensive research has been conducted on the trait evaluation of pea-
nuts, the underlying distinct analytical signatures for the different peanut varieties, espe-
cially high oleic acid peanut varieties and single kernels for breeding, are not fully known.
In addition, the demands for on-site rapid detection methods are rising. However, most
research takes advantage of lab-based screening methods. The application of on-site
screening methods to analyse the traits of peanuts has received limited attention so far.

On the other hand, the characteristics of products manufactured from different pea-
nut varieties are imbalanced and scientific classification of peanut varieties based on pro-
cessing utilisation can guarantee appropriate product characteristics for the envisaged
manufacturing applications. Some research has already classified peanut varieties for
manufacturing different types of peanut oil (Wang, 2016) and peanut protein (Wang et
al., 2017). But in contrast, the impacts of raw materials on the characteristics of peanut
butters are not completely known. Therefore, in order to ensure the reliability of peanut
classification methods for processing stable peanut butter, it is necessary to elucidate the
consistent distinctions between peanut butters from different varieties and underlying
causes. Meanwhile, it would be useful to evaluate screening methods to identify these
pivotal processing characteristics of peanuts.
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1.6. RESEARCH AIM AND THESIS OUTLINE

The main aim of this thesis is to elucidate and comprehend distinct analytical signa-
tures and relationships of various types of peanuts and derived peanut butters for quick
evaluation and identification of peanuts to enhance the value of peanuts and final prod-
ucts in the whole production chain. The detailed objectives are:

(@) To understand the distinctions and similarities in the analytical signatures between
different peanut varieties; to identify the quality traits of batch and single kernel
measurements and to develop rapid screening approaches to assess the characteris-
tics of peanuts (Chapters 2 and 3).

(b) To elucidate the relationships between peanuts and derived peanut butters; to clas-
sify peanuts systematically, and based on this, to develop rapid peanut identification
methods for peanut butter manufacture (Chapters 4 and 5).

The framework of the thesis is shown in Figure 1.3. Chapter 1 presents a general
introduction of this thesis, including the background information and the scientificissues.

Chapter 1
General introduction

v
/ The distinct analytical signatures of peanuts \

Chapter 2 Chapter 3
Batch Single kernel

Chapter 4
The relationships between
peanuts and peanut butters

l

Chapter 5

Rapid classifications of peanutsw
for peanut butter manufacture

Chapter 6
General discussion

-

Figure 1.3. Framework of the thesis.

Chapter 2 explores the FAs signatures between high oleic acid peanuts and regu-
lar peanuts for the establishment of rapid batch measurements. The spectral features of
different peanut types (n = 150) are examined by portable and benchtop NIRS. The dif-
ferences in FAs compositions between different peanut types are also determined by gas
chromatography, as well as the underlying causes for the spectral differences observed.
The performance of classification models for distinguishing peanut types of different NIRS
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analyser types is evaluated. Furthermore, the portable NIRS is assessed for its quantitative
measurement capability of major FAs in comparison with a benchtop NIRS device.

Chapter 3 explores the analytical signatures of single peanut kernels (n = 110). The
internal and external characteristics of different single peanuts are examined to optimise
the design of a single detection accessory combined with portable NIRS for obtaining
spectral data. The difference in compositional data between different peanut varieties is
explored as well by principal component analysis. A robust partial least squares regression
method is applied to build models for the prediction of macro components of individual
peanuts. The performance of this method is estimated, and the spectral data associated
with the structure of molecular groups of peanuts are pinpointed as well.

Chapter 4 focuses on the impacts of peanuts on the quality traits of peanut but-
ters and explores their multivariate relationships. Peanut butters are processed from forty
peanut varieties with comprehensive compositional analysis (fat, FAs, protein, amino
acids, and sucrose of peanuts) and comparison. The volatile compounds, colour, texture,
rheology, and particle size distributions of the corresponding peanut butters are compre-
hensively analysed. The heterogeneities between different varieties are evaluated with
both univariate and multivariate statistical methods. The correlations between peanuts
and peanut butters are investigated, and the underlying causes for the correlations are
discussed.

Chapter 5 aims to develop a novel and rapid method to classify peanut varieties for
the preparation of different types of peanut butter. Principal component analysis com-
bined with cluster analysis of the structure characteristics (texture and rheology) and
roast characteristics (colour and volatile compounds) of the resulting peanut butters is
conducted to group peanut varieties, respectively. The latent causes for the spectral dif-
ferences of the peanuts are analysed. Different spectral pre-treatments, modelling meth-
ods, and feature extraction methods are compared to develop robust classification mod-
els. The sensitivity, specificity, and accuracy of models and kernel density estimation are
assessed to select the optimal methods.

Finally, the general discussion (Chapter 6) integrates the results from Chapter 2 to
Chapter 5. This chapter compares the analytical signatures of batch and single kernels
and evaluates the screening methods. Furthermore, the impacts of raw materials on the
quality traits of peanut butters and the peanut clustering results based on processed pea-
nut butter application as well as rapid identification methods are assessed. Meanwhile,
the comparison between the lab-based confirmatory and screening methods and the
implications for the peanut chain are proposed. Finally, the limitations of this thesis and
recommendations for further research are presented in this chapter.
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Chapter 2 - Qualitative and quantitative comparisons of portable and benchtop NIRS in peanuts

ABSTRACT

Portable near-infrared spectroscopy (NIRS) analyser for classifying the high oleic acid pea-
nuts (HOP) and quantitation of their major fatty acids was assessed for the first time in com-
parison with the benchtop NIRS. Reference chemical values of fatty acids were calculated
by the gas chromatographic method. The processed datasets were explored by principal
component analysis and classification models were built by using partial least squares
discriminant analysis. The results showed that the accuracy of distinction of the HOP from
others was 100%. Partial least squares analysis was used to build quantitative models for
quantifying the peanuts’ major fatty acids. The R of the calibration model noted for the
portable NIRS was 0.90, 0.88, and 0.88 for oleic acid, linoleic acid, and palmitic acid of the
HOP with a SEC of 0.97, 0.12, and 0.12, respectively. The similar results could be found in
the benchtop NIRS. The RPD of all models were over 2 which showed good performance
of the models. This study indicated that the portable NIRS performance was comparable
with the performance of the benchtop NIRS for distinction of the HOP from others, as well
as for the prediction of the contents of their main fatty acids.

Keywords: High oleic acid; Partial least squares discriminant analysis; Partial least squares;
Peanut; Portable near-infrared spectroscopy analyser

28



Qualitative and quantitative comparisons of portable and benchtop NIRS in peanuts - Chapter 2

2.1.INTRODUCTION

High oleic acid peanuts (HOP) are increasingly used in product processing and grad-
ually become the main raw material worldwide because they have several advantages
over the regular peanuts (RP), such as an extended shelf time for its products (Gong et
al., 2018; Olmedo et al., 2018) and an enhanced health value for human beings (Sucho-
szek-tukaniuk et al., 2011; Vassiliou et al., 2009). Obviously, the main differences between
HOP and RP are their fatty acid contents. HOP have higher oleic acid, lower linoleic acid,
and lower palmitic acid contents (Nepote et al., 2006). However, RP are easily pretending
to be high oleic peanuts because there is no difference in appearance. The farmers, pro-
cessors, and consumers are vulnerable to be cheated with regular peanuts without any
effective means of identification. The conventional method, gas chromatography (GC),
for detecting fatty acid is time-consuming and out of reach for farmers and consumers.
Therefore, some new methods should be selected to satisfy the efficient testing require-
ments instead of the chemical approach to ensure the rights of farmers and consumers.

Currently, rapid analysis methods based on physical traits like optical, electrical, and
acoustical characteristics have been widely applied to the agriculture products (Xiaobo et
al., 2016). Among them, near-infrared spectroscopy (NIRS), based on overtones and com-
bined frequency absorption of vibration of hydrogen-containing groups (X-H), has been
widely used in fatty acids analysis such as milk (Liu et al., 2018), cheese (Soto-Barajas et
al., 2013), salmon oil (Cascant et al., 2018), and maize (Egesel et al., 2016). The quality of
peanuts and its product have been also examined by NIRS, such as for its fat and protein
contents (Yu etal., 2016; Yu et al., 2017), and for fatty acid analysis in peanuts (Tillman et al.,
2006) and peanut oil (Wu et al., 2009). However, these methods cannot give a good result
when RP and HOP appear at the same time because there is no model that covers the
whole range of oleic acid and linoleic acid. In order to get a better result, qualitative analy-
sis for selecting HOP should precede quantitative analysis. Meanwhile, most of the above
research adopted the benchtop device, which need relatively stable surroundings, usu-
ally a laboratory environment. With optical technology developing, the optical elements
have been miniaturised with reliable performance to observably improve the portability
of NIRS devices. Previously, studies have been conducted to adopt the portable NIRS for
compositional analysis like acid value determination (Yang et al., 2017), and for classifica-
tion such as fruit and tea quality assessment (Cirilli et al., 2016; Feng et al., 2019; Malegori
et al., 2017; Wang et al., 2019), extra virgin olive oil distinction (Yan et al., 2019), and UHT
milk classification (de Lima et al., 2018). Good results were obtained by using portable
NIRS combined with advanced chemometrics in these studies. The purpose of this study
is to distinguish HOP from RP and to quantify their major fatty acids by portable NIRS, and
compare results with those of benchtop NIRS.

29




Chapter 2 - Qualitative and quantitative comparisons of portable and benchtop NIRS in peanuts

2.2. MATERIALS AND METHODS
2.2.1. Peanut Samples

150 different peanut varieties and strains from 10 main planting provinces like Shan-
dong, Hebei, Henan province in China were offered by breeders from the National Peanut
Industry System. The ratio of oleic acid to linoleic acid (O/L value) is more than 9:1 which
is the minimum requirement of HOP according to Nawade study (Nawade et al., 2018). By
contrast, for RP, the O/L value is normally less than 2:1. The sample set included 75 HOP
samples and 75 RP samples, which both covered the main planting areas. These in-shelled
peanuts were kept at 4 °Cin refrigerated storage (Yuandong Co., LTD., Tianjin, China) after
collection. Each sample with skin was shelled and analysed by a portable and benchtop
NIRS immediately, and then fatty acid analysis was carried out consecutively. The work-
flow of this study was presented in Figure 2.1.

/\___

Spectral collection Chemical detection

Benchtop Portable l

Spectral pretreatment ~—— PLS model

Principal component PLS-DA -
analysis Analysis

peA (68%)

Figure 2.1. Workflow of the study. (PLS) Partial least squares; (PLS-DA) Partial least squares discrim-
inant analysis.
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2.2.2. Benchtop NIRS

A multipurpose-analyser (MPA) benchtop spectrometer (Bruker Corporation, Ger-
many) was applied to collect the spectral data. 100 g peanut kernels were added to the
sample cup (height 45 mm; diameter 97 mm) for each measurement based on a rotating
sphere. The light through Quartz glass at the bottom of sample cup detected the peanut
kernels, and the reflectance light was collected by a sensitive indium gallium arsenide
(InGaAs) detector located inside the device. The spectra were acquired using OPUS 7.5
software (Bruker Corporation, Germany), over the range from 950 to 1650 nm with a res-
olution of 8 cm™. Each spectrum was the average of 32 scans and each sample was ana-
lysed in triplicate. The average of triplicate was calculated for chemometric analysis.

2.2.3. Portable NIRS

A box-portable NIRS was designed for easy transport and used by our research team.
The system is based on a Micro-NIRS 1700 device (VIAVI Solutions, the USA) with a spectral
range of 908 to 1676 nm and a 6 nm sampling interval. The device collected the spectral
data in transmission mode and with the linear variable filter (LVF) applied. The box-port-
able NIRS analyser is controlled by a tablet (Surface, Microsoft Corporation, the USA), and
the reference white board is Teflon. This equipment is powered by a lithium battery which
would power the system for 12 h. The sample cup (height 50 mm; diameter 51 mm) was
filled with about 60 g of peanut kernels for each measurement which would consist of
32 scans. This procedure was repeated five times. Measurements were carried out after
dark and white calibration. Sample data were averaged for chemometric analysis. The
spectra were collected by using Micro-NIRS Pro 2.4 software (VIAVI Solutions, the USA).

2.2.4, Fatty acids analysis

The fatty acids of the peanut samples were determined on a GC-2010 (Shimadzu,
Japan) according to AOAC standard 996.01(Robinson et al., 2008). Fatty acid methyl esters
(FAMEs) were determined by GC equipped with a 100 m x 0.25 mm x0.20 um Supelco
SP-2560 column (Shimadzu, Japan). The detector was a flame ionisation and Helium the
carrier gas. All reagents were ACS grade and acquired from Fisher Scientific (Thermo Sci-
entific, the USA). Based on AOAC (1990) method, the fat contents in peanut (5 g) were
extracted with mineral ether by Soxhlet apparatus. After extraction, the reagent was vola-
tilized by a rotary vacuum evaporator at 50 °C. A volume of 0.2 g peanut oil was weighted
in a 30 mL sterile, screw top plastic bottle. To start the transesterification, 2 mL sulfuric
acid-methanol solution was added, heating it in a water bath at 70 °C for 1 h and shak-
ing once every 20 min. After that, 2 mL of hexane was added to the mixture and then
add distilled water until the water was flush with the tube bottleneck. The upper hexane
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phase was passed through anhydrous sodium sulfate to remove moisture, and the result-
ing solution was used for GS analysis. The FAMEs were analysed based on retention times
using standard substance, and the content of each fatty acid was calculated according
to the peak area. Each sample was measured in duplicate and the average values were
calculated for chemometric analysis.

2.2.5. Chemometric analysis

The oleic acid, linoleic acid, and palmitic acid concentrations of HOP and RP were
employed as the dependent variables (Y) for chemometric analysis, whilst the collected
spectra of portable NIRS and benchtop NIRS were the independent variables (X), respec-
tively. The following statistics and chemometric analysis were applied in sequence, as fol-
lows: 1) boxplot analysis (Quintelas et al., 2019), Levene’s test and Kolmogorov-Smirnov
test (Dettori et al., 2018) to determine Y outliers, homogeneity and ascertain normal dis-
tributions; 2) significance analysis by t-test; 3) principal component analysis (PCA) (Liu et
al., 2019) to analyse different peanut types interrelationships and X outliers; 4) linear discri-
minant analysis (LDA), quadratic discriminant analysis (QDA), and partial least squares-dis-
criminant analysis (PLS-DA) to classify the HOP and RP; 5) partial least squares (PLS) to
develop the models for each fatty acid of HOP and RP by different equipment.

A boxplot analysis as the first test was carried out, and a box graph was given with
the median as the middle, the 25th and 75th percentiles as the edges, and the maximum
and minimum value as the whiskers (Quintelas et al., 2019). The whiskers were identified
as a result of the interquartile distance between the 25th and 75th percentiles. Obviously,
outliers were plotted individually and could be identified by visual inspection. Next, the
Kolmogorov-Smirnov test was applied to ascertain the null hypothesis that X dataset is
normally distributed, and Levene’s test was used for homogeneity. A t-test was used for
significance test and fatty acids with P < 0.05 were marked as significant different.

In order to increase the signal-to-noise ratio and to explore more useful information,
all spectral datasets were pretreated in different ways, including the first derivative (FD),
the second derivative (SD), standard normal variate (SNV), detrending (DT), baseline (BL),
and combined pretreatment such as SD+DT, FD+DT, etc. After pretreatment, the spectral
data were used for PCA, qualitative and quantitative analysis. The relationship between
NIRS spectra and fatty acids was decided by calculating the correlation coefficient
between fatty acids concentrations and wavelength absorbances.

Classification of peanuts in terms of oleic acid concentrations was determined by

creating three different discriminant models: LDA, QDA, and PLS-DA. These models are
supervised learning according to the relationship between spectral information and pea-
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nut categories (Cascant et al., 2018). To be specific, spectral data were regarded as X varia-
bles in line with the above and the two known categories (HOP and RP) were Y variables.
For PLS-DA, the Y variables were an inconsecutive numerical value (zero for HOP and one
for RP), whilst LDA and QDA estimated classification values based on allocating different
peanut types. The performance of discrimination models was evaluated based on several
indicators, including: accuracy, the overall rate of correct classification; sensitivity, the rate
of correct identification; and specificity, the rate of correct rejection (Liu et al., 2018).

PLS (Wu & Sun, 2013) as the classic linear regression modelling algorithm, was used
to gain robust model. After that, validation was an indispensable step to evaluate the
performance of model. External verification (one-third random sample of the sample sets)
was respectively adopted to assess the robustness of the calibration model. Assessment
parameters were the correlation coefficient (R) of regression in calibration and prediction,
and standard error in calibration (SEC) and prediction (SEP) (Agyekum et al., 2019; Lin et al.,
2014; Sheng et al., 2019). The best models had high R (1 is optimal) and low SEC/P. Other
statistic such as the residual predictive deviation (RPD), calculated as the ratio between
the standard deviation (SD) of the prediction set to the SEP, where RPD lower than 1.5 was
regarded as improper model while the other ones with RPD greater than 2 were identified
as excellent (Ma et al., 2019; Ncama et al., 2017; Ye et al., 2016). To avoid the model overfit-
ting, the optimal PLS factor was selected according to the prediction residual error sum of
square (PRESS). All the above analyses were performed in R 3.5.3 (R Foundation for Statis-
tical Computing, Austria) and Unscrambler 10.3 (CAMO Software AS, Norway).

2.3. RESULTS AND DISCUSSION
2.3.1. Chemical data of RP and HOP

The results of fatty acid analysis of the peanut samples showed that oleic acid, linoleic
acid, and palmitic acid were the major fat components in peanuts, accounting for 92% of
total fatty acids, which was consistent with the previous research (Qiang, 2018). All peanut
samples were analysed for the major fatty acids as Y datasets. The box-plot showed the
distributions of the fatty acids (Figure 2.2). For the Y datasets, only three outliers were
marked. The range of oleic acid, linoleic acid, palmitic acid for high oleic acid peanuts is
33.97-43.61 g/100 g, 1.15-2.48 g/100 g, and 2.18-3.56 g/100 g, respectively. Sequentially,
a Kolmogovov-Smirnov analysis was applied to judge whether the Y datasets (oleic acid,
linoleic acid, and palmitic acid) were normally distributed, and Levene’s test was used for
homogeneity. All data satisfied the normal distribution and equality of variances require-
ments. According to the results of t-test (Table 2.1), three fatty acids presented at signifi-
cantly different levels in HOP and RP.
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Figure 2.2. Distributions of the major fatty acids (a regular peanuts; b high oleic acid peanuts).

Table 2.1. The statistical analysis (mean concentrations, standard deviations, and P values) of the
major fatty acids in regular/ high oleic acid peanuts (g/100 g peanut kernel).

Fatty acids RP HOP P

Palmitic aCId """" c16:0 ) 5.58+0.60* "..27‘92i0.25b" ) <0.001™
Oleic acid """""""" C]8:1 nc¢ 18.76+2.69° 39.”>1i225b ) <0.001™
Linoleic acid C18:2 n6C 17.48+2.21° 1.58+0.27° <0.001™

x superscripts and an asterisk (") indicate significant differences (t-test, P < 0.001). (HOP) high oleic acid pea-
nuts; (RP) regular peanuts.

2.3.2. PCA models and correlation of spectral data and fatty acids

The upper of Figure 2.3 shows the raw spectral data of different types of peanut
acquired by two devices. In order to have the roundup of the attributes of different types
of peanut, the PCA model combined with the best spectral pretreatment methods, was
used for the data of the portable and benchtop NIRS. The optimised preprocessing meth-
ods for raw spectrum of portable and benchtop is FD and SNV transformation respec-
tively. The total explain variance of PC1 and PC2 is 81% and 78% for portable NIRS and
benchtop NIRS, which covers most of the information. The score distribution map of all
peanut samples is showed in the middle of Figure 2.3, which reveals that HOP (red one)
and RP (blue one) are relatively well separated. The PCA analysis revealed some outliers
based on the Hotelling's T? (Liu et al., 2018). The significance level is 0.5% and the black
ellipse is the limit. If points are located outside the black ellipse, these are the outliers.
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Figure 2.3. The raw spectral data (upper), the first two dimensions of principal component analysis
(PCA, middle), and correlation plots of spectral data and the three main fatty acids (lower) for por-
table (left) and benchtop NIRS (right). High oleic acid peanuts are blue and regular peanuts are red.
(NIRS) Near-infrared spectroscopy; (PCA) principal component analysis.

The lower of Figure 2.3 shows the relationship between the spectral variations
acquired by portable NIRS and benchtop NIRS (abscissa), and the fatty acids acquired by
GC (ordinate). The portable NIRS spectra present predominantly correlation with the con-
centrations of oleic acid and linoleic acid in the spectral ranges from 930 to 960 nm and
1480 to 1680 nm, while it is from 930 to 1000 nm for the concentrations of palmitic acid.
Palmitic acid is a highly abundant long chain saturated fatty acid, whereas oleic acid and
linoleic acid are the unsaturated fatty acids. Similar results are found for benchtop NIRS.
For the benchtop NIRS spectral data, FAs showing higher correlation coefficient values
with wavelength ranges (950 to 1150 nm) and lower correlation values with wavelength
ranges (1400 to 1650 nm) than portable NIRS due to equipment specific characteristics
such as different optical path lengths (Garcia Martin, 2015) and the principle of filter split-
ting.

35



Chapter 2 - Qualitative and quantitative comparisons of portable and benchtop NIRS in peanuts

0
0 ve musmttestE iANIA, o, > o2
4 ° . e, a'a a
a .4,
b - 4 a’ 3t
8 ¥ ’-.3
- 8 L
-12 e ot
LDA o o™ « 3
-16 i 12 . Ed
-20 ¢
-16
-24
28 -20
25 20 15 10 5 0 20 16 12 8 4 0
1 1
12 N b R 2
8 g : - >
- 2 2. 0 : : .' . e
4 s & 5
L 1 2 .
’ | a"‘%
QA ¥ “ 4 5
-8 i ] iR
-6 .
12 .
-16 8
-20 10
-10 5 0 5 10 25 -20 15 10 5 0 5
1 1
1.2 - -
12 L . B T
- - e . 1 L _' " '-..'...r- -ffr-,
I LR L ALY o .
LT 0.8 o .
0.8
0.6 0.6
PLS-DA ., 04
0.2 . . . L 02, |
., . o Ceane e L
0 ~ % . ot ._.... e '\.‘..' R v -. ...
02 : 0.2 : .
19 20 32 44 56 68 80 92 105 123 141 7 16 26 36 46 56 66 79 89 99 112 126 140
Portable NIRS Benchtop NIRS

Figure 2.4. Discrimination plots of the LDA, QDA, and PLS-DA models to classify HOP (red) and RP
(blue) (a, HOP be mistaken for RP; b, RP be mistaken for HOP). (HOP) High oleic acid peanuts; (LDA)
Linear discriminant analysis; (NIRS) Near-infrared spectroscopy; (QDA) Quadratic discriminant anal-
ysis; (PLS-DA), Partial least squares-discriminant analysis; (RP) Regular peanuts.

2.3.3. Classification models

The possibility of classifying HOA and RP was assessed by developing and comparing
three classification methods: LDA, QDA, and PLS-DA. As described above, a PCA model
was built firstly in order to remove the irrelevant variables for LDA and QDA. The first two
PCs explained 80 % of the spectral data. Therefore, these two components were adopted
for constructing LDA and QDA models. The results about sensitivity, specificity, and accu-
racy of all the models obtained for the datasets are presented in Table 2.2. As shown in
the table, only two or three samples were not accurately classified for the LDA and QDA
for portable NIRS, while there were five and three wrong samples for benchtop NIRS. By
contrast, all peanut samples were accurately classified by PLS-DA. The classification mod-
els of HOP (red one) and RP (blue one) are presented in Figure 2.4. In addition, the cor-
responding sensitivity, specificity, and accuracy values for each model are also shown in
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Table 2.2. Sensitivity (SENS), specificity (SPEC), and accuracy (ACCU) of the discrimination models
by portable NIRS and benchtop NIRS.

Category Portable NIRS (%) Category Benchtop NIRS (%)

Index n
HOP RP  SENS SPEC ACCU HOP RP  SENS SPEC ACCU
LDA HOP 73 72 1 98 98 98 68 5 93 100 97
RP 73 1 72 98 98 0 73 100 94
QDA HOP 73 071 2 % 100 98 70 3 .9 100 97 .
RP 73 0 73 100 97 0 73 100 96
PLS- HOP 73 73 O 100 100 100 73 O 100 100 100
DA Rp 73 0 73 100 100 0 73 100 100

(HOP) High oleic acid peanuts; (LDA) Linear discriminant analysis; (n) Number; (NIRS) Near-infrared spectros-
copy; (QDA) Quadratic discriminant analysis; (PLS-DA) Partial least squares-discriminant analysis; (RP) Regular
peanuts.

Table 2.2. The best performance derived from the PLS-DA model (sensitivity, specificity,
and accuracy of 100%), although the performance of the LDA and QDA models were also
acceptable (sensitivity, specificity, and accuracy higher than 93%). As a linear discrimina-
tion algorithm, PLS-DA has more robust than non-linear algorithms when analysing the
multi-collinearity data (Gromski et al., 2015). In general, it can be confirmed that all the
discriminant models achieved acceptable HOP classification according to spectral data
whether it is a portable device or a benchtop one.

2.3.4.PLS regression

In order to predict the major fatty acids in HOP and RP, calibration models based on the
chemical values and NIRS spectra were constructed by using PLS. The R, SEC/SEP, and RPD
were chosen to evaluate the best model of each fatty acid. When constructing the calibra-
tion models, it was required to preprocess the raw NIRS spectra data because there were
some interferences such as baseline drift and certain stray light effects. The preprocessing
algorithms, as described above, are often used to reduce the interferences (Ye et al., 2016).

For different fatty acids of different NIRS equipment, the best processing algorithms
were not the same. The best pretreatments for constructing the PLS models for fatty acids
of different peanut types and the performances of each calibration and validation model
are listed in Table 2.3. Overall speaking, the models of portable NIRS are similar to the
models of benchtop NIRS for all the studied fatty acids. The best correlation coefficients
were equal or above 0.88. The best pretreatment for oleic acid, linoleic acid, and palmitic
acid of HOP based on portable NIRS was SD+DT, DT, and SD respectively. By contrast, for
benchtop NIRS, the best pretreatment for oleic acid, linoleic acid, and palmitic acid of HOP
was SNV, SD, and SD individually. Although the R of oleic acid of calibration and validation
model of benchtop NIRS for HOP was higher than portable NIRS, the RMSE were almost
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Table 2.3. Best model of each compound based on portable NIRS and benchtop NIRS.

Calibration Validation

Index Fatty acids Pretreatment Factors

SEC R SEP  RPD
Portable Oleic acid (HOP) sb+OT 9 090 097 08 110 212
NIRS Linoleicacid(HOP) DT 6 088 012 086 013 201
Palmiticacid(HOP) SD 5 088 012 087 010 240
Oleic acid (RP) FD+DT 11 090 127 087 131 205
Linoleicacid(RP) DT+SD 9 092 096 075 114 205
Palmitic acid (RP) ~ SD+DT 12 092 026 088 034 229
Benchtop Oleic acid (HOP) SNV. m 094 077 089 106 220
NIRS Linoleicacid(HOP) SD 4 090 012 090 011 238
Palmiticacid(HOP) SD 6 094 010 08 011 218
Oleic acid (RP) FD|SNV 7 093 098 087 110 244
Linoleicacid(RP) DT+FD 8 091 096 086 104 225
Palmiticacid (RP) ~ SD+DT 10 090 034 092 030 260

(DT) Detrending; (FD) The first derivative; (HOP) High oleic acid peanuts; (NIRS) Near-infrared spectroscopy;
(PLS) Partial least squares; (R) Correlation coefficient; (RP) Regular peanuts; (RPD) Residual predictive deviation;
(SD) The second derivative; (SEC) Standard error in calibration; (SEP) Standard error in prediction; (SNV) Stan-
dard normal variate.

equal, especially for SEP. The difference between the SEP is only 0.04. Similar results were
obtained for linoleic acid and palmitic acid of HOP. The gap of SEP for linoleic acid and
palmitic acid between portable and benchtop NIRS were 0.02 and 0.01 respectively. The
RPD of all models were over 2, which means the prediction models have good perfor-
mance. Meanwhile, the very small differences between the portable NIRS and benchtop
NIRS could be found. This further proved that they have the similar ability to predict the
fatty acids of peanut samples.

Figure 2.5 showed the best prediction model results for the major fatty acids in HOP
based on portable NIRS and benchtop NIRS. Analysing this figure, it was apparent that
both the calibration data (represented by the blue circles) and the validation data (rep-
resented by the red triangles) were in good agreement with the resulting model. On the
other hand, for normal peanuts, the best pretreatment for oleic acid, linoleic acid, and
palmitic acid based on portable NIRS was FD+DT, DT+SD, and SD+DT respectively. Com-
pared with portable NIRS, the best pretreatment for oleic acid, linoleic acid, and palmitic
acid for benchtop NIRS was FD+SVN, DT+FD, and SD+DT individually. The calibration and
validation models presented similar performance for both types of equipment. For exam-
ple, the best results of oleic acid based on the portable NIRS were that R_and R, with their
corresponding SEC and SEP were 0.90 and 0.87, 1.31 and 1.10 respectively. On the other
hand, the best models according to the benchtop NIRS were that R_and R, with their
corresponding SEC and SEP were 0.93 and 0.87,0.98 and 1.10 individually. From the above
results, although portable NIRS obtained relatively little spectral information because of
the spectral resolution, the spectral information related to fatty acids is sufficiently col-
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Figure 2.5. Best model results for the major fatty acids in high oleic acid peanuts by portable NIRS
and benchtop NIRS (the blue circles represent the calibration model and the red triangles represent
the validation data). (NIRS) Near-infrared spectroscopy.

lected. Therefore, it is obvious that both portable and benchtop NIRS shows good perfor-
mance regarding the prediction of fatty acid contents in HOP and RP.

2.4. CONCLUSIONS

The portable NIRS and benchtop NIRS data combined with FD and SNV data pretreat-
ment were subjected to PCA, which showed that HOP and RP were relatively well sepa-
rated. PLS-DA showed that the accuracy for distinguishing the HOP and RP was 100% for
both devices. For HOP, The R of calibration model of benchtop NIRS was 0.94, 0.90, and
0.94 with a SEC of 0.77,0.12, and 0.10, respectively. Similarly, the R of the calibration model
of the portable NIRS was 0.90, 0.88, and 0.88 for oleic acid, linoleic acid, and palmitic acid
with a SEC of 0.97, 0.12, and 0.12, respectively. The RPD of all models were over 2 which
showed good performance of the models. Therefore, the portable NIRS devices com-
bined with chemometrics can replace the benchtop NIRS to classify the HOP and predict
the major fatty acids, which can reduce equipment costs and allow in-situ measurements.
That latter can make raw material purchase and breed varieties faster and more efficient.
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Chapter 3 - Rapid determination of components in single kernels by portable NIRS

ABSTRACT

The quality traits of peanuts (Arachis hypogaea L.) are fundamental to the whole peanut
industry. However, many common analyses require the samples to be brought to the lab-
oratory. Therefore, this research explores the feasibility of portable near-infrared spec-
troscopy combined with a single detection accessory to analyse the composition of pea-
nuts in a single seed level quantitatively. The single detection accessory was specifically
designed for spectral data collection considering the internal and external characteristics
of single peanuts. Confocal laser scanning microscopy revealed that the oil body and pro-
tein body were randomly distributed at cell of single peanuts. The external character-
istics of single peanuts were also determined and considered length (11.32-24.25 mm)
and width (7.49-12.25 mm). The chemical compositional data (i.e. fat, sucrose, protein, and
16 amino acids) were determined by conventional wet-chemical methods and showed
large variation. Principal component analysis on the compositional data showed that
peanuts with higher fat contents usually have higher hydrophobic amino acids contents,
lower sucrose contents, and lower protein contents. The composition prediction mod-
els of single peanuts were estimated using partial least squares regression models that
were integrated with different spectral pre-treatments and validated by external sets.
The results showed that the prediction models have good performance with a correlation
coefficient above 0.88 (calibration) and 0.83 (prediction) and a residual prediction devia-
tion above 1.5 except for a few indicators. Overall, portable near-infrared spectroscopy
offered reliable methods to assess the major components and amino acids quantitatively
in a single peanut, which will improve the raw material quality in the peanut industry
through the simultaneous and short-term determination of multiple indicators.

Keywords: Amino acids; Partial least squares regression; Peanut; Portable NIRS device;
Single kernels; Sucrose
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3.1.INTRODUCTION

Peanut (Arachis hypogaea L.) is a widespread leguminous crop and a dominant com-
mercial agricultural product. Global peanut production was over 48 million tons (Mt) in
2017. China (17.2 Mt), the world’s largest peanut-producing country, accounted for nearly
36% of the total production (Faostat, 2020). Peanuts are nutritious and mainly comprise
fat, protein, sucrose, and amino acids. (Wang, 2016, 2018). The fat component accounts for
half of peanuts’ contents and are the prevailing nutrient constituent in peanuts for pro-
ducing edible oil (Yu et al., 2016). Proteins are the second group of constituents in peanuts
and consist of eight essential amino acids which satisfy the demands of the Food and
Agriculture Organization, except for methionine (Dubinina et al., 2014). The non-essential
amino acids not only carry health effects but also have great contributions to the function
of proteins such as their soluble and gel characteristics which depend on the molecular
structure of amino acids (Wang, 2016; Yu et al., 2017). The sweet and attractive flavour of
peanuts and peanut products are derived from their sucrose as well as Maillard reactions
with amino acids (Wang et al., 2017). There is no doubt that peanuts consisting of high
levels of fat, protein, and sucrose are preferred over others by the peanut industry. Breed-
ing experts, seed retailers, peasants, food and feed companies, and other stakeholders
all benefit from high-quality peanut varieties. Hence, it is an ongoing aim of the peanut
industry to cultivate new peanut varieties with specific traits.

It is extremely useful for breeders and other stakeholders in the peanut supply chain
to master the genetic attributes of peanut qualities and to select desired peanuts by ana-
lysing the quality traits in single kernels. The conventional methods for screening peanuts
carried out in laboratories are time-consuming, complex operations, and usually result in
sample destruction. For breeders and others, sometimes a limited sample size is available
and one may not have a lot of materials for evaluation by conventional methods. There-
fore, it is essential to explore techniques that are speedy, cost-effective, and non-dam-
aged in nature for the detection of single peanut kernels quality. Consequently, near infra-
red spectroscopy (NIRS) has great advantages of multiple-trait, non-destructive analysis
in a relatively short time (Agelet et al., 2012; Chopra et al., 2019).

Normally, NIRS is bulk sample analyser that requires, on average, samples sizes of
about 250 g peanut kernels (Agelet & Hurburgh, 2014). The measurements of fat (Sun-
daram et al.,, 2010), oleic acid (Shin et al., 2010), protein, and amino acids (Wang et al.,
2013) have been conducted by NIRS which proved its potential applications in peanuts.
However, research on single peanut kernels only focused on fatty acid determinations
(Tillman et al., 2006). By contrast, NIRS of single seeds was also already applied for grains
and beans analysis. Specifically, the contents of amino acids and sucrose (Natsuga et al.,
2007) of single soybean kernels have been examined. Furthermore, the protein, starch
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(Jiang et al., 2007), and ergosterol contents (Berardo et al., 2005) of single corn kernels,
glucosinolates and indole concentrations of single rapeseed kernels (Hom et al., 2006),
as well as caffeine concentrations of single coffee kernels (Fox et al., 2013) have been ana-
lysed by NIRS. Meanwhile, with the miniaturisation of optical technology, portable NIRS
has received more and more attention because of its lower price and higher convenience
than the benchtop equivalents, at least for some applications. Although the studies men-
tioned above adopted benchtop NIRS, some studies have been conducted with portable
NIRS and used the technology for quantitative testing, such as for the fatty acid analysis of
peanuts (Yu et al., 2020), and for qualitative testing such as organic milk distinction (Liu et
al., 2018) and olive oil classification (Yan et al., 2019). Satisfactory conclusions of the above
research were made by portable NIRS coupled with chemometrics.

To analyse single peanut kernels, a detection accessory combined with portable NIRS
should be designed with consideration of the characteristics of single peanut kernels.
However, no reference study about features of single peanut kernels to help design such
a detection accessory in order to offer multiple-trait non-destructive analysis was pub-
lished so far. Therefore, this study aims to investigate the external and internal charac-
teristics of single peanut kernels for designing a single peanut detection accessory for
spectral data collection. Furthermore, the results obtained with the portable NIRS device
was examined for its prediction capabilities of the fat, protein, sucrose, and amino acids
contents of single peanuts. The relationships between spectral data and the different
molecular groups of those components were also explored.

3.2. MATERIALS AND METHODS
3.2.1. Peanut Samples

A set of 110 peanut varieties and strains were randomly selected from 10 main plant-
ing provinces in China. Peanuts (approximately 2 kg per variety and strain) were stored
at 4°C in a commercial cold store (Yuandong Co., Ltd., Tianjin, China). The overview of
all peanut varieties and strains collected and analyses are provided as Supplementary
data (Appendix A. Supplementary data can be found in the online version, at https://doi.
0rg/10.1016/j.indcrop.2020.112956).

3.2.2. Compositional analysis
The following number of samples were randomly analysed per conventional compo-

sitional analysis: 110 (fat and protein), 100 (@amino acids), and 80 (sucrose). More informa-
tion on the sample/analysis distribution can be found in Supplementary data (Appendix
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A. Supplementary data can be found in the online version, at https://doi.org/10.1016/j.
indcrop.2020.112956). Each chemical analysis was performed in duplicate and the results
were averaged for data analysis. The reference fat contents were determined based on
Soxhlet extraction method (GB5009.6, 2016) by using a Soxtec 2050 instrument (FOSS,
Hillered, Denmark). The protein contents were measured by Kjeldahl method (GB5009.5,
2016) using a 2300 Nitrogen Analyser (FOSS, Hillerad, Denmark) with a conversion coeffi-
cient (5.46). The quantitative analyses of amino acids were conducted through the stand-
ard (GB5009.124, 2016). Briefly, about 2 g peanut samples were transferred to hydrolysis
tubes with nitrogen after acidic hydrolysis with 15 mL hydrochloric acid solution. The
hydrolysis tubes were placed in a hydrolysis furnace (110°C) for 22 h. After constant vol-
ume and drying, the solution was then filtered through a 0.22 um membrane after which
the filtrate was analysed by an L-8900 amino acids automatic analyser (Hitachi, Tokyo,
Japan). Sucrose in the peanuts was analysed by high-performance anion-exchange chro-
matography method (GB5009.8, 2016). Approximately 5 g peanut powder samples were
degreased firstly and then extracted in volumetric flasks (100 mL) placed in an ultrasonic
bath for 30 min with water, zinc acetate solution, and potassium ferrocyanide solution.
The extracts were centrifuged for 30 min at 12,000 rpm. The supernatant was collected
and filtered through a 0.45 um filter after which the filtrate was analysed using a Dionex
ICS-3000 (Thermo Fisher Scientific, Waltham, the USA). All reagents used in the above
analyses were purchased from Sinopharm Chemical Reagent Co., Ltd. (Beijing, China).

3.2.3. Size analysis of single peanut kernels

The width and length of single peanut kernels were measured using a Vernier Caliper
(Shanghai Tool Factory Co., Ltd., Shanghai, China). The width (mm) of peanut kernels is the
widest point of the mature plump seeds, whereas the longest length of the mature plump
seeds is regarded as the length (mm) of peanut kernels according to a previously reported
procedure (Jiang et al., 2006). All varieties and strains (n = 110) were analysed in duplicate.

3.2.4. Confocal laser scanning microscopy analysis

The internal microstructures of the peanut kernels were assessed by confocal laser
scanning microscopy (CLSM) using a Zeiss LSM 880 microscope (Carl Zeiss Jena, Munchen,
Germany). The microscope was outfitted with 40xobjectives and two lasers, including an
Argon laser (A excitation 488 nm) and a diode-pumped-solid-state laser (A excitation 561
nm). Matured embryos were separated from peanut seeds based on an approach reported
previously (Perry & Wang, 2003). In brief, peanut embryos were immediately soaked for 4
hin 2.5% v/v glutaraldehyde and 1.6% w/v paraformaldehyde in a 0.1 M phosphate buffer
solution (pH 7.4). After flushing, the embryos were soaked in a 2% w/v osmium tetroxide
solution for an additional 4 h followed by dehydration using acetone. The dehydrated

49




Chapter 3 - Rapid determination of components in single kernels by portable NIRS

embryos were fixed in epoxy resin and semithin sections were attained by a ultrami-
crotome EM UC6 (Leica, Wetzlar, Germany). All reagents used in the above processing of
semithin sections were purchased from Sinopharm Chemical Reagent Co., Ltd. (Beijing,
China). 0.1% w/v Nile red and 0.1% w/v fluorescein isothiocyanate (Sigma Chemical Co.,
St Louis, MO, the USA) were used for visualization of the fat and protein components.
The samples Yuanza9847, Hanghua2, Yueyou?7, Jihual3, Yuhua9326, and Huayu25 were
selected as representative samples for analysis and were analysed in duplicate.

3.2.5. Portable NIRS and spectral collection

A previously developed box-portable NIRS system was used in this study (Yu et al.,
2020). The device comprised a spectrometer-Micro-NIRS 1700 (908-1676 nm, 6nm inter-
val, VIAVI Solutions, San Jose, the USA), a control centre consisting of a tablet computer
(Surface, Microsoft Corporation, Redmond, the USA), a reference white Teflon board for
white reference, a lithium battery for power supply, and a single peanut kernels detection
accessory designed in this study. Each peanut sample (n = 110) was placed into the single
detection accessory to collect the spectral data by measurement in reflection mode. The
dark reference was regarded as the collected dark current when the light was off. The
measurements (spectral data acquisitions) were conducted after dark and white reference
calibration. Twenty peanut kernels per sample were scanned once. The spectral data per
sample were averaged for data analysis.

3.2.6. Data analysis

The first step was to determine outliers. The average spectra and the correspond-
ing components of single peanut kernels were regarded as the dependent variables X
and Y, respectively. The X outliers of each component group were determined by princi-
pal component analysis (PCA) according to the Hotelling’s T?(Yu et al., 2020) separately,
whilst the Y outliers were analysed by boxplot combined with violin analysis (Dettori et
al., 2018; Xu et al., 2019). The boxplot analysis presented box charts with the median as
the middle, the 25th and 75th percentiles as the edges, and the maximum and minimum
value as the whiskers (Quintelas et al., 2019), while violin plots showed the distributions of
data. The data outside the range of whiskers were considered the Y outliers which were
marked with black dots. PCA combined with K-means clustering was used for exploring
the relationship between different peanut varieties and strains. After the outliers were
eliminated, samples of each component were first sorted by content in descending order.
Fifteen samples (ten samples for sucrose) were selected for validation according to the
sequence (e.g. select one from every six samples) and the remaining for calibration. The
range and standard deviation (SD) of calibration and validation set of each component
were calculated.

50



Rapid determination of components in single kernels by portable NIRS - Chapter 3

The partial least squares regression (PLSR) prediction models were established to
quantify the composition of single peanut kernels (Chen et al., 2017; Kutsanedzie et al.,
2018). Before modelling, the spectral data were pre-processed in order to eliminate the
overlapping of the original spectra (Leng et al., 2020), such as the first derivative (1% der),
the second derivative (2" der), standard normal variate (SNV), detrending (DT), baseline
(BL), multiple scattering correction (MSC), and combined pre-treatments including 1%
der+DT, 2" der+SNV, etc. After modelling, the performances of models were validated
through cross validation and external prediction. The cross validation (leave-one-out) was
used to avoid overfitting of the calibration models. The number of factors was chosen
based on the best results of the cross validation. The evaluation index had the correla-
tion coefficient in cross validation (R ) and standard error in cross validation (SECV). The
external prediction, using the validation set, evaluated the robustness of the calibration
models which included the parameters such as the correlation coefficient in calibration
(R and prediction (R,), and standard error in calibration (SEC) and prediction (SEP) as
given by Eq.(1), as well as bias and residual predictive deviation (RPD). The RPD is equal
to the SD of validation set divided by SEP. Different RPD ranges have been reported in
different sources (Fearn, 2002; Nicolai et al., 2007). In this study, according to Lima (Lima et
al., 2020) and Ye (Ye et al., 2016) research, if RPD values = 2, models are considered excel-
lent and RPD values < 1.5 are considered non-reliable, while the models with RPD value
in between are considered good. R 3.5.3 (R Foundation for Statistical Computing, Austria)
and Unscrambler 10.3 (CAMO Software AS, Norway) were used for data analysis.

SEP = JZ?:l(ypi_ypi)z M

n-1

ypi and Ypi are prediction and reference values of the ith sample in the validation
group; n is the number of samples in the validation group. If all variables come from the
calibration group, the equation indicates SEC.

3.3. RESULTS AND DISCUSSION
3.3.1. Compositional results of different peanut varieties

The distribution map composed of a boxplot (black box in the violin) and violin plot
shows the distributions of major components and amino acids (Figure 3.1). The fat con-
tent ranged from 43.5 to 57.6 g/100 g (with only one outlier identified), while the protein
content ranged from 18.4 to 28.6 g/100 g (two outliers identified). Based on the violin plot,
most fat and protein contents of peanut varieties ranged from 49-54 g/100 g and 22-27
g/100 g, respectively. This is similar compared with previous studies for fat (48-55 g/100 g)
(Li et al., 2018)and protein (20-26 g/100 g) (Gong et al., 2018) in peanuts. Sucrose varied
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Figure 3.1. The distribution map of the different components of peanut kernels after deleting spec-
tral outliers. (outliers marked with black spots) (Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His)
Histidine; (lle) Isoleucine; (Glu) Glutamic acid; (Gly) Glycine; (Leu) Leucine; (Lys) Lysine; (Met) Methi-
onine; (Phe) Phenylalanine; (Pro) Proline; (Ser) Serine; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.

52



Rapid determination of components in single kernels by portable NIRS - Chapter 3

PCA - Biplot
3 ® °
o e
o [ ]
® & .0
) o’e
2|
® ) .
G contrib
T
. 4
14 ® o 2
] Vet =
3 ®e clusters
8 ®
! e
<, OF Ala. e @
5 o A @
a @ o ®-Thr ®
(] ® Q@ - Aé.bd} . 3
® e ) Cdig. @ ©
1 ]
(] ® ¢ @ e Glu d ® . 4
L4 @ o, Protein
oc Ser
2 e R
(@) ¥
- 6]
°®
5 10
PC1(56.7%)

Figure 3.2. The principal component analysis (PCA) biplot of different peanut samples (n = 70, dif-
ferent coloured ovals indicate the different sample clusters and arrows indicate the contributions
of compositions). (Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His) Histidine; (lle) Isoleucine;
(Glu) Glutamic acid; (Gly) Glycine; (Leu) Leucine; (Lys) Lysine; (Met) Methionine; (Phe) Phenylalanine;
(Pro) Proline; (Ser) Serine; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.

from 1.6 to 6.7 g/100 g. Lower values (2.6-6.5 g/100 g) were observed by Bishi (Bishi et al.,
2015). The peanuts appeared rich in essential amino acids. Especially, phenylalanine (Phe,
0.98-1.83 g/100 g, four outliers), leucine (Leu, 1.18-2.27 g/100 g, two outliers), and valine
(Val, 0.81-1.31 g/100 g, two outliers) were main essential amino acids in the peanuts, while
the other essential amino acids such as lysine (Lys, 0.71-1.23 g/100 g, one outlier), isoleu-
cine (lle, 0.68-1.09 g/100 g, an outlier), methionine (Met, 0.20-0.37 g/100 g, one outlier),
and threonine (Thr, 0.50-0.88 g/100 g, an outlier) were relatively low. The non-essential
amino acids presenting the highest concentrations were glutamic acid (Glu, 3.27-7.86
g/100 g), aspartic acid (Asp, 2.05-4.33 g/100 g, two outliers), arginine (Arg, 2.21-4.29 g/100
g, three outliers), and glycine (Gly, 1.11-2.20 g/100 g), whereas alanine (Ala, 0.65-1.37 g/100
g, two outliers), tyrosine (Tyr, 0.50-1.59 g/100 g), proline (Pro, 0.87-1.34 g/100g, three out-
liers), serine (Ser, 0.89-1.88 g/100 g), and histidine (His, 0.46-0.75 g/100 g, one outlier) dis-
played the lower concentrations. The amino acids contents were similar to those reported
by Radhakrishnan (Radhakrishnan et al., 2014) and Klevorn (Klevorn et al., 2019).

The PCA method was used to explore the relationship between different peanut sam-
ples (n = 70) containing with all components analysed. The PCA biplot (PCA score plot
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combined with loading plot) is shown in the Figure 3.2. The total number of PC1 and PC2
is 70.3%. K-means as an unsupervised method was used to cluster the peanuts based on
all components analysed. The blue points present that samples with a higher fat content,
while the yellow ones have higher sucrose contents. Obviously, a negative correlation
between fat and sucrose contents exist, which is consistent with previous research (Bishi
etal, 2015).Itis also found that fat and protein contents are negatively correlated because
they are located on opposite sides of the plot, which another study confirmed as well
(Sarvamangala et al., 2011). The amino acids have the same direction, which means they
are positively related with the fat content. Among them, hydrophobic amino acids such as
Leu, Met, Val, and Phe have similar orientation to fat. It appears that peanut varieties and
strains with higher fat contents usually have higher hydrophobic amino acids contents,
lower sucrose contents, and lower protein contents.

3.3.2. The internal structure of single peanuts and compositional distribution

The distribution of the oil body (OB) and protein body (PB) which are the source of
NIRS information in the peanut cell was investigated by CLSM. Figure 3.3 shows that OB
(red) and PB (green) were randomly and evenly (no agglomeration) distributed at cell level,
which is consistent with previous results (Zaaboul et al., 2018). The amino acids, especially
the essential ones, are known to be located in the OB and PB. Therefore, the collected
spectral information would likely contain fat, protein and amino acids information at the
same time. This is one of the reasons why spectral pre-processing are performed before
modelling. There are a lot of differences between different varieties and strains. For exam-
ple, the differences between Yuanza9807 (Figure 3.3a) and Jihua13 (Figure 3.3b) are
considerable since most PB in Yuanza9807 are larger but the number is relatively lower
because of the cell size and PB size. OB are very densely distributed in cells of two varieties
and it could be observed that OB in Jihua13 are larger. The superposition of differences at
cell level eventually leads to differences in chemical composition between varieties and
strains.

3.3.3. Development of the single detection accessory

The range of distribution of the length and width of all peanuts (n = 110) was 11.32-
24.25 mm and 7.49-12.25 mm, respectively. To meet different sizes, two different aper-
tures were designed considering the peanut size range. One was sized 12.5 mmx24.5 mm
and the other one was 9.7 mmx17.5 mm (Figure 3.4a). The bottom part of the acces-
sory was made of 1 mm quartz glass which has good permeability for light in the NIRS
region. The material used for the rest of the accessory was aluminium. According to pre-
vious research (Fraser, 2001), wavelengths from 1400 to 1600 nm could penetrate up to
1 mm. Although the thickness of the penetration would be increased as the wavelength
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Figure 3.4.The (a) single kernel near-infrared spectroscopy detection accessory (the numerals rep-
resent the aperture size, unit: mm), and (b) schematic of the portable near-infrared spectroscopy
measurement system.

goes down, it is still very difficult to penetrate peanuts (width .= 7.49 mm). Therefore,
the reflectance measurements for peanut kernel detection were chosen. A schematic dia-
gram of the portable device with a single peanut accessory and the spectral acquisition
route are shown in the Figure 3.4b.

3.3.4. Spectral data and various data pre-treatment procedures

The original averaged spectral data of the single kernels of all peanut varieties (n =
110) are presented in the Figure 3.5a. Compared with previous research (Wang et al.,
2013; Yu et al., 2016), the curve of the spectral line was the same. Specifically, the peak
and valley of the original spectra appeared in the same position. The peaks of the original
spectra are 1205 nm and 1460 nm, while 1106 nm and 1298 nm are the valleys, which are
caused by the frequency absorption harmony of hydrogen-containing groups including
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C-H (generally from fat and sucrose), O-H (generally from water), and N-H (generally from
protein and amino acids) (Hourant et al., 2000). Hence, the peaks and valleys are charac-
teristic of the main chemical constituents of the peanuts.

Different pre-treatments of the raw spectra could help to attain more useful informa-
tion for the generation of models. For instance, derivatives could eliminate the baseline
and the background effect and improve the resolution and sensitivity of spectral infor-
mation (Chu, 2011). Detrending is a method to erase the baseline drift of the spectral data
(Pérez-Rodriguez et al., 2018). The SNV or MSC pre-processing can remove the unnecessary
spectral information induced by seed size (Agelet et al.,, 2012). After pre-treatment of the
spectra, more signals of molecular groups that may be related to fat, sucrose, protein, and
amino acids were exposed. Taking the 2" derivate combined with detrending as an exam-
ple (Figure 3.5b), 927 nm is the third C-H stretch overtone from methylene (Workman Jr &
Weyer, 2012), while 952 nm is mainly attributed to the second O-H stretch overtone (Wil-
liams & Norris, 1987). There are many signals between 1110 nm and 1250 nm linked with
the C-H stretch overtone. More specifically, It is found that 1125 nm and 1181 nm come
from the second C-H stretch overtone (Fernandez-Novales et al., 2019) and the second C-H
stretching of HC=CH respectively. It is reported that 1212 nm is derived from the second
overtone C-H stretching of CH,-CH, and 1243 nm is from the band assignments of 3xC-H
stretch (Workman Jr et al., 2012). The first overtone region exhibits the major bonded O-H
peak (1280 nm) whereas the C-H combination of C-H,is located at 1385 nm (Workman Jr
et al., 2012). The wavelength 1428 nm is usually identified as the first stretching of N-H
and the signal at 1658 nm is the C-H methyl of carbonyl adjacent (Workman Jr et al., 2012).

The PCA results of the original spectra of peanut varieties (n = 110) are indicated in
Figure 3.5c. The total variation explained by PC1 and PC2 was 99%. It could be found that
some dots are outside the line calculated the Hotelling’s T? with 0.5% significance level.
These dots are regarded as the outliers and there were five outliers in total. These five
outliers also exist in the amino acids data set. After removing all chemical and spectral
outliers, descriptive statistics including the range values and the SD of the chemical com-
position of the reference samples were calculated (Table 3.1). The wide-range data and
the SD of different compositions of peanut kernels show the sample diversity in this study.

3.3.5. Prediction models for compositional characteristics

Various models were calculated to predict the compositional characteristics of the
peanuts from the spectral data. The calibration, cross-validation, and external prediction
statistics arguments (PLSR factor, R, SEC/CV/P, RPD, and bias) of the optimisation models
for the assessment of the major compounds and each amino acid combined with the
optimal pre-treatment are shown in Table 3.2. Generally, the number of PLSR factors is
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ing) of single peanut kernels, and the (c) principal component analysis (PCA) scores plot.
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Table 3.1. Compositional characteristics of sample sets used for the calibration and external vali-
dation of the spectral models.

Component Calibration set Validation set

(g/100 g) n Range SD n Range SD

Fat 89 435576 31 15 459567 42
Protein 88 184286 22 15 184268 = 34
Sucrose 7/ 1667 10 10 2460 12
A o 172201429 045 5227440 049
Asp 78 205433 047 15 258425 047
Phe 76 0918 017 15 100172 019
Alam 78 065137 015 15 074127 015
Gly 80  1m220 024 15 136205 020
Lys 79 071123 010 15 090108 005
Tyr 80 050159 024 15 081140 017
Leu 78 118227 025 15 147209 018
Pro 77  087-134 om 15 088129 010
lle 79 068109 009 15 06808 006
Val /78 0813 - OMm 15 092121 010
Met 80 020033 004 15 02003 005
Glu 8 327786 103 15 38268 082
Ser 80 089188 022 15 106176 019
Thr 79 050088 008 15 059076 006
His 79 0.46-0.75 0.06 15 0.46-0.77 0.07

(Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His) Histidine; (lle) Isoleucine; (Glu) Glutamic acid; (Gly) Gly-
cine; (Leu) Leucine; (Lys) Lysine; (Met) Methionine; (n) Number of samples; (Phe) Phenylalanine; (Pro) Proline;
(Ser) Serine; (SD) Standard deviation between samples; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.

a critical parameter to evaluate the capability of the calibration models. If the number of
PLSR factors used is too small, useful information would be lost. In contrast, the use of
an excessive large number of factors would result in overfitting of the model. The best
number of factors to use is determined by the results of cross validation. The factors of all
components in single peanuts ranged from 7 to 11. Compared with bulk sample analysis,
the spectral data of single kernels are easily affected by kernel size even if pre-treatment
has been considered to reduce that noise. Therefore, the more useful information based
on higher factors should be used. A similar number of factors were needed as the previ-
ous studies, such as for single rice kernels (factor = 9) (Xu. et al., 2019), single coffee beans
(factor = 8-10) (Fox et al., 2013), and single cocoa beans (factor = 8-15) (Caporaso et al.,
2018) to ensure robustness of the models.

The optimal calibration model for fat prediction was established with an RPD value of
2.39 (R,=0.91). This value is higher than the RPD value of 2.13 obtained by Tallada (Tallada
et al., 2009) for single maize kernel samples. The model accuracy to predict the content
of sucrose was also high considering the RPD value of 2.02 (R, = 0.92). Very few studies
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have focused on the prediction of sucrose content before. It was only reported that the
model for the prediction of sucrose in green soybeans, using a transmission model, had
a modest result with a R, value of 0.86 (Natsuga et al., 2007). Nevertheless, sucrose is
the main contributor to the sweetness of peanuts (Bishi et al., 2013). Therefore, a good
sucrose model as presented in this study is certainly relevant for peanuts. The protein
content of the single peanut kernels could be predicted best by the model based on the
baseline combined with MSC with an RPD value of 2.36 (sz 0.91). The result was slighter
better than the previously reported models for protein measurements in single soybeans
(RPD, = 2.33) which were built by three different instruments except for the Light Tube
(RPD = 3.28) with high resolution (3 nm) (Agelet et al., 2012). It also had good agreement
with the RPD value of 2.9 obtained by Fox (Fox et al., 2011) for single barley analysis.

In terms of amino acids, good performance calibration models were established for
Arg, Asp, Phe, lle, Glu, and Ser. Although Arg is not the predominant component among
allamino acids of peanuts, it is a characteristics amino acid of peanuts because its content
is higher in peanuts compared with those of other crops and grains. The optimal model
was built for the prediction of Arg with the highest calibration and validation correla-
tion coefficients (R,.=0.90; R = 0.87; Rp= 0.90) by using 1 der combined with baseline
pre-treatment. The RPD value of 1.98 was slightly lower than for bulk peanut samples
(RPD = 2.88) (Wang et al., 2013). Though the matrices were different, these correlation
coefficients were higher than the ones studied by Carbas (Carbas et al., 2020) for common
beans. There is no doubt that Asp is another characteristic amino acid of peanuts that can
adjust the metabolism of the human brain and nervous system. Good quality prediction
models were built with the current dataset, showing high correlation coefficients for cali-
bration (R.=0.90) and validation (sz 0.89). The RPD value of 2.15 was slightly lower than
bulk peanut samples (RPD = 2.56) (Wang et al., 2013) and the same as Juan reported (RPD
=2.22) (Fernandez-Novales et al., 2019). It is known that Phe is the essential amino acid for
most people for the synthesis of important neurotransmitters and hormones. However,
the content should be controlled for all phenylketonuria because they cannot metabolise
Phe. The model was first established for the prediction of Phe in peanut kernels and had
good robustness (R,=0.89; Rp= 0.93; RPD = 2.65). These results were better than the Phe
prediction model for rice wine (Shen et al., 2010) and common beans (Carbas et al., 2020).
The model of lle, which is one of the essential amino acids, was also built for the first time.
Table 3.2 showed that the model had the best performance (R, = 0.84; sz 0.88; RPD
= 2.00) with the pre-treatment, 15t der combined with MSC. Glu constitutes the highest
content of amino acids in peanuts and Ser can promote the metabolism of fats and fatty
acids. More importantly, these two amino acids had great contributions to the function
of peanut protein (Wang et al., 2013). The models generated for detecting Glu and Ser in
single peanut kernels had great results (RPD,,, = 1.99; RPD,_ = 2.08) which were better
than those in similar research on intact grape berries (RPD,,,= 1.90; RPD,_ = 2.07) (Shen et
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al., 2010). The rest of the essential amino acids included Lys, Thr, Leu, and Val. The models
of these essential amino acids also had relatively good performance (Rp= 0.78-0.83; RPD
= 1.50-1.58), which were better than the previous studies. Among these, Val and Leu are
hydrophobic amino acids, while Lys and Thr are hydrophilic amino acids. Both affect the
characteristics of peanut proteins. The rest of the non-essential amino acids included Ala,
Gly, Tyr, Pro, and His. Except for His (RPD = 1.40), models for these amino acids showed
good performance (Rp= 0.8-0.87; RPD = 1.54-1.72).

Bias in this kind of models is identified as the average differences between the pre-
dictive content and the actual content of a compound. A positive bias is regarded that
the model overestimated the composition of an individual compound, while a negative
value means that it is underestimated. A good model should have a low bias (Shao et al.,
2011). To eliminate the mean order of magnitude effect, bias/mean was used instead of
bias (Vallone et al., 2019). As shown in Table 3.2, most established models were slightly
over-estimating the contents of the amino acids and major components in single peanuts.
All the models had low bias/mean (< 0.002) except for Ala, Tyr, Leu, and Met. Meanwhile,
those four amino acids had relatively low RPD values. It was further proven that models
have more reliable performances leading to high RPD and low bias/mean.

3.4. CONCLUSIONS

Portable NIRS technology coupled with a single detection accessory allowed precise
measurements of the major components and amino acids of single peanut kernels. This
study highlighted the potential of the proposed portable single kernel instrument to esti-
mate the individual composition of single peanuts. Meanwhile, high-fat peanut varieties
and strains usually have relatively low protein and sucrose contents. Ultimately, it allows
a better understanding of variation in contents among peanut kernels within and across
groups of samples. The methodology is faster and high-throughput compared with con-
ventional methods that require more time and transition of the samples to the laborato-
ries. This offers a great advantage that can be used to control the quality and integrity of
peanuts from the beginning of the industrial chain.
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ABSTRACT

Peanut varieties have their own distinct characteristics, which also affect the properties
of the processed-products. Knowledge on these effects can assist peanut processors to
select certain varieties for specific products. Therefore, the multivariate relationships
between the quality traits of peanut kernels and their peanut butters were explored in
this study. Peanut butters were manufactured from forty peanut varieties with detailed
component analysis. The volatile compounds, colour, texture, rheology, and particle size
distributions of peanut butters and their relationships with peanut varieties were com-
prehensively analysed. The results showed that peanut butters prepared from varieties
with lower fat, higher protein, and higher sucrose contents have higher firmness, yield
stress, and G" values. It was also suggested that amino acids likely play a major role in the
formation of the distinct peanut butter aroma and colour. This research study provided a
detailed analysis approach that can be used by processing enterprises to select the most
suitable varieties to produce peanut butters that address different commercial needs.

Keywords: Cluster analysis; Correlation analysis; Principal component analysis; Texture
and rheology; Volatile compounds
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4.1. INTRODUCTION

Peanut butters are dense suspensions of solid flecks diffused in a continuous oil phase
(Norazatul Hanim et al., 2016). Globally, it is one of the most consumed and important
plant-based spreads which has a special flavour and mouthfeel (Gong et al., 2018), while
it also offers health benefits such as inhibiting the risk of gastric cancer (Hashemian et al.,
2017). Nowadays, the industrial scale production of peanut butter is extensively devel-
oped and generally processed by subjecting raw peanuts to roasting and grinding. Pea-
nuts form the material basis of peanut butter and hence the quality of the intact peanuts
can subsequently affect the quality characteristics of its resulting peanut butter.

Peanuts are identified as one of the leading produced, processed, and traded nuts in
the world (Wang, 2018). There are more than 8,000 peanut varieties and strains worldwide
which differ considerably in their composition (Wang, Liu, Shi, et al., 2017). The quality
requirement of peanuts to produce different types of products like peanut tofu, peanut
oil, and peanut butter vary substantially. It is well-known that the amino acids contents
such as cystine and lysine play a vital role in peanut protein (Wang, Liu, Liu, et al., 2017) and
peanut tofu (Chen et al., 2020). It has also been discovered that peanuts with higher oleic
acid contents result in better peanut oils after processing (Wang, 2018). The acceptability
of peanut butter is linked to various quality traits that includes its volatile compounds,
colour, texture, rheology, and particle size distributions (Shakerardekani et al., 2013;
Starowicz & Zielinski, 2019). Most studies have only focused on one or two quality traits
of peanut butters from a few varieties. For example, Mohd Rozalli et al. (2015) focused on
the diameter of particles and the dynamic rheological qualities of peanut butters, show-
ing that peanut butters have elastic properties. Norazatul Hanim et al. (2016) discovered
that two peanut varieties resulted in different particle size distributions of peanut but-
ters. The volatiles of two different peanut butters have also been studied, indicating that
pyrazines are the main aroma components of peanut butters (Lou et al., 2009). Some sci-
entists (Dhamsaniya et al., 2012; Gong et al., 2018) have already conducted research on
the impacts of different fat, protein, and fatty acids contents of peanuts on the sensory
properties of peanut butters and its stability during the storage. Although some relation-
ships between peanuts and the resulting peanut butters have been revealed, the picture
is not yet complete.

More in-depth knowledge about the relationships and interactions that exist between
quality traits of peanut kernels and peanut butters is valuable for the development of new,
nutritious, and tasteful products. This quality appraisal of peanuts is not only necessary
to select product-specific varieties for satisfying the commercial demands of markets, but
also to better allocate how the raw material should be used to increase the sustainabil-
ity of the industry. Hence, the first aim of the research was to comprehensively analyse
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the properties of forty peanut varieties, i.e. physical traits and composition, as well as the
properties and quality traits of the resulting peanut butters. The latter included measure-
ments of the volatile compounds, colour, texture, rheology, and particle size distributions.
Subsequently, univariate comparisons and multivariate comparisons were conducted on
peanut kernels and peanut butters to explore the relationships between traits for each
group. Lastly, the relationships between peanut varieties and peanut butters were also
elucidated.

4.2. MATERIALS AND METHODS
4.2.1. Peanuts and peanut butters

Forty peanut varieties were collected from different provinces in China (the details
are listed in Figure S4.1). After collection, the unshelled peanuts (approximately 5 kg per
sample) were kept in refrigerated storage units (4°C, Yuandong Co., Ltd., Tianjing, China)
until further processing. Peanut butter was manufactured as follows. The peanuts per
variety were shelled and about 500 g mature plump peanut kernels (displaying no mil-
dew or damage) were selected. The peanut kernels were then spread in a single layer on
a baking sheet and roasted for 30 min at 160°C in a commercial oven with a supper and
lower heating function (ROBAM Co., Ltd, Hangzhou, China). After roasting, the peanut ker-
nels were removed from the oven and left to cool at room temperature (21°C) before they
were peeled for grinding. Peanut butter was produced by grinding the roasted peanut
kernels twice in a colloid mill (Langfang Tongyong Machinery Co., Ltd., Hebei, China). The
first grinding, that lasted for 10 minutes, was to make sure that all peanut kernels were
ground. The second grinding, that lasted for 30 seconds, was performed to ensure a final
smooth product. Ultimately, 400 g peanut butter was produced for each peanut variety.
All peanut butters were stored at room temperature (21°C) until analysis. The whole pro-
cedure and analyses performed in this study are presented in Figure 4.1.

4.2.2. Physical analysis of the peanuts

The dimensions (width and length) of the peanuts were determined using a Vernier
Caliper (Shanghai Tool Factory Co., Ltd., Shanghai, China) (Yu, Liu, Erasmus, et al., 2020).
The width (mm) and the length (mm) of each peanut kernel are respectively the crosswise
and the longitudinal distance of the mature seed (Jiang et al., 2006). Ten mature plump
peanut kernels of each variety, without mildew or damage, were selected for width and
length measurements. The total weight of one hundred mature plump kernels per variety
were considered as weight (g). All varieties were analysed in duplicate and the average
values were calculated for all parameters.
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Figure 4.1. The technology roadmap for the sourcing and processing of the peanuts and subse-
quent analyses conducted.

4.2.3. Compositional analysis of the peanuts

The fat contents of the peanuts were determined by the Soxhlet extraction procedure
(GB5009.6, 2016). The protein contents were established using the Kjeldahl procedure
(GB5009.5, 2016) with a conversion coefficient of 5.46. Amino acids in the peanuts were
evaluated following the standard method (GB5009.124, 2016), while sucrose contents
were examined according to the standard method (GB5009.8, 2016) and fatty acid com-
positions were determined by the corresponding standard method (GB5009.168, 2016).
Each analysis was performed in duplicate for each peanut variety with the average values
calculated for all parameters.

4.2.4. Analysis of the volatile compounds of the peanut butters

Headspace solid-phase micro-extraction (HS-SPME) was utilised to determine the
volatile compounds of the peanut butters. A SPME fibre (50/30 pum divinylbenzene/Car-
boxen/polydimethylsiloxane, Stableflex, Supelco Co., Bellefonte, the USA) was pre-treated
at 270°C for 30 min prior to the first measurement. Each sample (5 g) was loaded into a
20 mL glass vial sealed with an aluminium cover and a Teflon septum. For quantification,
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50 pL 1,2,3-trichloropropane (0.5 mg/mL in methanol, Sinopharm Chemical Reagent Co.,
Ltd., Beijing, China) was used as the internal standard. Each sample was pre-equilibrated
for 10 min at 55°Cin a shaking incubator. The SPME holder with the fibre was then embed-
ded into the sample vial and exposed to the headspace for 40 min to absorb the vola-
tile compounds. These compounds were then desorbed in the hot injection part of gas
chromatography-mass spectrometry (GCG-MS) for 150 s at 260°C. The GC system (Angi-
lent 78908, Agilent Technologies, Santa Clara, CA) and a mass selective analyser (Angilent
5977B) equipped with a VF-MAX column (30 m x 0.25 mm ID, 0.25 um film thickness;
Angilent CP9205, Agilent Technologies, Santa Clara, CA) were used for the GC-MS analysis.
The analysis was conducted in splitless mode, using helium as the carrier gas at a flow rate
of 1 mL/min. The setting temperature of the analyser was 250°C, and the oven temper-
ature program was set to start at 40°C for 5 min and programmed to increase with 5 °C/
min to 250°C for holding 5 min. The electron impact ionization mode (70 eV) was used to
record the mass spectrum and scan the mass range from 35 to 500 m/z. The ion source
temperature was held at 230°C. The volatile compounds were tentatively identified by
comparing the sample results with the mass spectral database from the National Institute
of Standards and Technology (NIST) library. In addition, an n-alkane mixed standard (C7-
C40) (0.5 mg/mL in N-hexane, 02si Smart Solutions, North Charleston, American) was run
in the same conditions to obtain the retention indices (RI). The Rl were calculated as stated
in the formula (Eq. (1)).

RI, = 100n + 100 x (R

X tRn)/ (1
(tRn+1 - tRn)
where the retention time (tR) of tR <tR <tR ;n= number of atom carbon; x = one
of volatile aroma compounds. Each sample was analysed in duplicate and the average
values were calculated for all parameters.

4.2.5. Assessment of the colour of the peanut butters

The colour properties of the peanut butters were obtained by a CS-600 portable col-
our spectrophotometer (CHNSpec Technology Co., Ltd, Hangzhou, China). About 2 g pea-
nut butters were placed into a round quartz cell (30 mm diameter x 40 mm height) for
assessment. Three different properties representing different colours were detected: L¥,
darkness - lightness (0 - 100); a* greenness - redness (-128 - 127); b*, blueness - yellowness
(-128 - 127). The procedure was repeated in triplicate for each peanut butter and the aver-
age values were calculated for all parameters.
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4.2.6. Assessment of the texture of the peanut butters

The texture of the peanut butters was assessed using a Texture Analyser (TA-XTplus,
Micro Stable System Co., UK) to apply 30 mm penetration on the peanut butters at a speed
of 1 mm/s and a trigger force of 5 g. The back-extrusion apparatus was equipped with a
locating base plate, a sample container (50 mm internal diameter), and a compression
disc (35 mm diameter). To preciously measure the textural qualities of the peanut butters,
samples were placed into the container at the same volume level (75% full). The exerted
force (up and down) was automatically measured. The texture of the peanut butters was
explained by the following parameters: firmness (g), cohesiveness (g), consistency (g-s),
and index of viscosity (g-s). Firmness is defined as the force at the maximum distance of a
penetration cycle, while cohesiveness is the maximum negative force (expressed as pos-
itive values). Consistency and the index of viscosity are the area of positive and negative
zone (expressed as positive values), respectively. Each sample was analysed in duplicate
and the average values were calculated for all parameters.

4.2.7. Assessment of the rheology of the peanut butters

The rheological properties of peanut butters were characterised by a controlled
stress rheometer (HR-2, TA Instruments, New Castle, the USA) armed with a crosshatched
plate (40 mm diameter, plate geometry with 1 mm gap). About 2 g peanut butter was
loaded onto the plate for analysis. The rheological properties were detected through two
aspects: shear rate sweep and dynamic oscillatory tests. For the shear rate sweep test,
the steady state detections were carried out at a shear rate range of 1 - 300/s after 2 min
of conditioning. The flow behaviour was modelled using the Herschel-Bulkley’s model
(Eq. (2)) (Taghizadeh & Razavi, 2009). It is generally used to indicate the rheological prop-
erties of foods to provide rheological constants of food products.

oc=0y+KXxr" @

Where 0 stands for shear stress (Pa), 60 stands for yield stress (Pa), K stands for consist-
ency coefficient (Pa-S"), r stands for shear rate (S7), and n stands for flow behaviour index
(Zhou et al., 2017).

The dynamic oscillatory experiment was conducted to collect dynamic rheological
behaviours including the storage modulus (G') and the loss modulus (G") through fre-
quency sweep. A constant angular frequency (1 Hz) was used to identify the linear viscoe-
lastic range (LVR) of peanut butter. The frequency was increased from 0.1 to 100 Hz, and
all tests were conducted within the LVR. The G' and G" were modelled as a power function
of oscillatory frequency (w) (Eg. (3), (4)), as generally used for indicating the viscoelastic
behaviour of peanut butter, which was used to indicate firmness and viscosity.
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G' =aXxwb (3)
G" =c %X w? @)

The power law coefficients, a/c (kPa Hz™%4), illustrate the amount of G' and G" respec-
tively at a given frequency. The power law exponents, b/d (x100), illustrate the slope of
the relationships between the modulus and frequency (Liu et al., 2019; Resch & Daubert,
2002). Each peanut butter sample was analysed in duplicate and the average values were
calculated for all parameters.

4.2.8. Analysis of the particle size distributions of the peanut butters

The particle size distributions of the peanut butters were detected by a Malvern 3000
Mastersizer (Malvern Instruments Ltd, Worcerstershire, U.K.) equipped with a sample
input cell (Hydro 2000 MU). Each sample (0.1 g) was weighed into a 25 mL test tube and
15 mL of acetone (Sinopharm Chemical Reagent Co., Ltd, Beijing, China) as the diluter was
appended to disperse the sample by a vortex mixer (Scientific Industries, Inc, Bohemia,
the USA). After that, the diluted sample was placed into the input cell stuffed with 600
mL deionized water until the obscuration range was within 0.10 to 0.15. The obscuration
indicates the magnitude of light obscured by the sample as a result of the scattering and
absorbing effects. The refractive indexes of acetone and the peanut butter were 1.376 and
1.500, respectively (Norazatul Hanim et al., 2016). The acquired data were analysed using
the Malvern software (Malvern Instruments Ltd, Worcerstershire, U.K.) according to the
Mie Scattering theory. Each sample was analysed three times and the average values were
calculated for all diameter parameters. The polydispersity value indicating the particle
size was specified in Eq. (5).

Polydispersity = (D90 - D10)/D50 ®)

Where D10, D50, and D90 are the average value of diameter which falls below 10,
50th, and 90™ percentile of particle size distributions.

4.2.9. Data analysis

Univariate comparisons were carried out on the data of the peanut kernels and pea-
nut butters to identify statistical features, including average, standard deviation (SD), min-
imum (min), maximum (max), first quartile (Q1), and third quartile (Q3) values. Principal
component analysis (PCA) was used to explore the relationships of average values of qual-
ity traits of peanut varieties and the key characteristics of peanut butters. Unsupervised
clustering was explored using K-means procedures. The distance between each sample
and the nearest mean was determined to obtain the different groups. Kruskal-Wallis tests
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were applied to assess if there were any significant differences between different peanut
butter groups because the data were not normally distributed as shown by the Shap-
iro-Wilk tests. Pairwise comparisons were implemented by the Mann-Whitney U tests to
evaluate differences in various traits of peanut butters between different groups. Corre-
lation analysis was used to evaluate the strength of the relationships between univariate
qualities of the peanuts and univariate results and PCA outcomes of the peanut butters.
R 4.0.1 statistical software (R Foundation for Statistical Computing, Austria) was used for
all calculations.

4.3. RESULTS AND DISCUSSION
4.3.1. The traits of the peanut varieties: univariate comparisons

The quality traits of forty peanut varieties are shown in Table 4.1. The dimensions of
the peanut kernels varied between 14.4 - 20.5 mm (length) and 8.5 - 11.6 mm (width). The
weight of the peanut kernels was mainly determined by seed size (as represented by its
dimensions), which meant that smaller seed size varieties had a lower weight, and vice
versa (Zhang et al., 2019). For example, the weight of SH8 (length 14.4 + 1.3 mm and width
8.5+ 0.5 mm) was 43.3 + 1.2 g, while the weight of WH8 (length 19.6 £+ 1.0 mm and width
11.3 £ 0.5 mm) was 101.7 + 2.3 g. The range of fat and protein in the peanut kernels were
42.6 - 52.9 g/100 g and 19.3 - 26.4 g/100 g, respectively, which was similar to previously
reported results (Gong et al., 2018; Nayak et al., 2020; Wang, 2016). The content of sucrose
ranged from 3.3 - 7.9 g/100 g, which was consistent with the previous studies (Bishi et
al., 2013; Wang, 2018). Among all varieties, the sucrose content in JHT1 was up to 7.9 +
0.2 g/100 g. Among the measured amino acids, Arginine (Arg), Aspartic acid (Asp), and
Glutamic acid (Glu) were the three most abundant compounds and similar results have
been reported in previous research (Klevorn et al.,, 2019; Wang et al., 2013).

In this study, twelve high oleic acid peanut varieties (DF06, HY661, HY917, HY962,
HY963, JH16, JH18, JH19, WH25, YH37, YH65, and YH76) were used in addition to regu-
lar varieties since they, as raw materials for manufacture can extend the shelf life of final
products (Gong et al.,, 2018) and boost a product’s nutritional quality (Zhao, Shi, et al.,
2019). Therefore, a considerable variation in fatty acids composition (oleic acid, 14.82 -
43.83 g/100 g; linoleic acid 1.24 - 23.61 g/100 g) was noted. The wide variation of the qual-
ity traits suggested an abundant diversity among the forty peanut varieties.
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Table 4.1. The univariate descriptive analysis of the quality traits of peanut kernel varieties (n = 40).

Traits Average Min Max sD Q1 Q3

'Lengfch (mm)' ‘ ' 17.5 14.4 20.5 1.7 16.0 187
‘Width (mm) ‘ ' 10.2 8.5 11.6 0.8 97 107
'Weig‘ht (100 kernels, g) ' 73.6 434 101.7 14.7 613 861
Fat(g/1009) ‘ 483 42, 529 3.0 461 507
Protein (g/100g) ' 23.6 19.3 26.4 1.6 226 249
'Sucro‘se (g/1QO g) ‘ ' 4.8 3.3 79 1.0 41 55
Glu (g/100 g) ‘ ' 5.03 3.42 6.01 0.53 479 539
Asp (9/100 g) ‘ ' 3.08 2.27 3.84 0.35 2.88 327
‘Arg (g/100 g) ‘ ' 2.99 1.89 3.56 0.35 276 325
'Leu (g/100 g)' ‘ ' 1.77 1.35 212 0.20 1.63 190
Gly (9/1009) ‘ ' 1.54 1.09 1.99 0.19 147 164
Ser (9/100 g) ‘ ' 1.28 0.89 1.94 0.21 116 139
Thr (g/100 g) ‘ ' 0.64 0.38 0.79 0.08 058 o070
Cys (9/100 g) ‘ ' 0.37 0.28 0.60 0.08 033 o4
Phe(g/100g) 129 0.84 1.83 0.17 121 137
Ala(g/100 g) ‘ ' 0.98 0.82 1.11 0.08 093 105
‘Met (9/100 g) ‘ ' 0.32 0.19 0.46 0.07 028 037
Val (g/100g) ‘ ' 1.00 0.63 1.34 0.17 087 e
Pro(g/100 g) ‘ ' 1.01 0.71 1.53 0.17 088 107
Tyr(g/1009) ‘ ' 1.00 0.63 1.25 0.16 087 am
Lys(g/100g) 098 0.77 1.20 0.09 092 103
His (9/100 g) ‘ ' 0.55 0.40 0.66 0.06 051 060
lle (9/1009) ‘ ' 0.84 0.58 1.31 0.16 075 09
Oleic acid (9/100 g) ' 25.56 14.82 43.83 9.68 17.86 3648
Linoleicacid (g/100¢g) 12.91 1.24 23.61 7.61 218 1846
Palmitic acid (g/100 g) 475 2.20 7.02 1.48 2.98 6.01

(Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; Cys (Cysteine); (His) Histidine; (lle) Isoleucine; (Glu) Glutamic
acid; (Gly) Glycine; (Leu) Leucine; (Lys) Lysine; (Max) maximum; (Met) Methionine; (Min) Minimum; (O/L) Oleic
acid/ Linoleic acid; (Phe) Phenylalanine; (Pro) Proline; (Q1) Quartile 1; (Q3) Quartile 3; (Ser) Serine; (SD) Standard
deviation; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.

4.3.2. The traits of the peanut varieties: multivariate comparisons

The PCA biplot (Figure 4.2) shows that the samples were clustered in three groups
based on the quality traits of peanut varieties in Table 4.1. The sum of PC1 and PC2 was
48%, accounting for half of the total variation. The “contrib” values represent the contri-
butions of these traits on explaining the variations retained by the first two PCs. Among
them, amino acids such as Alanine (Ala), Glutamic acid (Glu), and Lysine (Lys) and fatty
acids such as oleic acid had the greatest contributions to PC1 and PC2, respectively.
According to the K-means results, all high oleic acid peanut varieties (cluster 2) distrib-
uted in the negative half along PC2, while the reqular peanut varieties (cluster 1 and 3)
were located in the opposite direction because oleic acid had a negative correlation with
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Figure 4.2. The principal component analysis (PCA) biplot of different peanut varieties (n=40). The
different colored polygons indicate the different sample clusters and the arrows indicate the con-
tributions of the quality traits. (Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (Cys) Cysteine; (con-
trib) Contribution; (His) Histidine; (lle) Isoleucine; (Glu) Glutamic acid; (Gly) Glycine; (Leu) Leucine;
(Lys) Lysine; (Met) Methionine; (Phe) Phenylalanine; (Pro) Proline; (Ser) Serine; (Thr) Threonine; (Tyr)
Tyrosine; (Val) Valine.

palmitic acid and linoleic acid in peanut samples (Yu, Liu, Wang, et al., 2020). The regular
peanut varieties (cluster 1 and 3) were separated according to the contributions of amino
acids and protein content along PC1. Cluster 3 had closer association with amino acids
than cluster 1, especially for Ala, Arginine (Arg), Glu, Leucine (Leu), and Lys. In contrast to
above variables, the fat and physical characteristics of the peanut varieties were not the
main contributions for PC1 and PC2. This was mainly because there were no remarkable
differences in fat content and physical characteristics between the varieties.

4.3.3. The traits of the peanut butters: univariate comparisons

All parameters of the studied peanut butters are also shown in Table 4.2. The
unique aroma is the key quality of peanut butter. The attractive aroma of peanut but-
ter is formed through reactions such as the Maillard reaction during the peanut roast-
ing and grinding processes (Starowicz et al., 2019; Wang, Adhikari, et al., 2017). About 41
volatile compounds, including pyrazines, furans, esters, pyridines, and aldehydes, were
detected for each peanut butter (Appendix supplement can be found online at https://
doi. org/10.1016/j.lwt.2021.112068, Appendix supplement 2). As shown in Figure 4.3a,
pyrazines and furans had obvious quantitative advantages than other compounds in the
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peanut butters, which was similar to the previous research (Lou et al., 2009). The link lines
between the volatile compounds and the peanut butters indicate that the contents of
volatile compounds exceeded 5 mg/kg in Figure 4.3a. The thicker the line, the higher
the contents. The volatile compounds varied greatly between different varieties. Among
them, HY20, HY25, JH16, JH18, and LH11 presented higher concentrations of volatile com-
pounds than other varieties.

It is likely that the intensity of volatile compounds was not only related to the con-
centrations of compounds, but also related to the odour threshold (OT) (Tamura et al.,
2010). Therefore, both the concentration and OT should be considered to identify the
compounds that commonly make the most contributions to the overall aroma of the pea-
nut butters. Normally, the compounds are regarded as the effective compounds when the
ratio of concentration/OT value is over one. Among them, pyrazines, usually with nutty
and roast aromas, were the main volatile compounds of peanut butter, accounting for
about 30% of the total volatile concentrations. Many studies have reported that pyrazines
are the primary volatiles of peanut products (Baker et al., 2003; Li & Hou, 2018). In line with
this, 2,5-dimethylpyrazine (Rl = 915), 2,3,5-trimethylpyrazine (Rl = 999), and 3-ethyl-2,5-di-
methylpyrazine (Rl = 1041) were the top three pyrazines detected in this study. As shown
in Table 4.2, the average value of 2,5-dimethylpyrazine in peanut butters was 5.10 +
2.03 mg/kg with the OT in vegetable oil 2.6 mg/kg (van Gemert, 2011); the ratio of con-
centration/OT value = 2. The average value of 2,3,5-trimethylpyrazine was 2.17 + 0.99 mg/
kg and the OT in vegetable oil was 0.29 mg/kg (van Gemert, 2011); ratio of concentration/
OT value = 7, while the average value of 3-ethyl-2,5-dimethylpyrazine (Rl = 1041) was 1.41
+ 0.66 mg/kg and the OT in oil was 0.024 mg/kg (van Gemert, 2011); the ratio of concen-
tration/OT value = 59. 2,5-Dimethylpyrazine and 2,3,5-trimethylpyrazine not only have a
strong correlation with roasted peanut aroma (Baker et al., 2003; Wang, Adhikari, et al.,
2017), but 2,5-Dimethylpyrazine can also be used as the best predictor of roasted aroma.

Apart from the above-mentioned pyrazines as effective compounds, 2-acetylpyrrole
(RI'=1564) and furaneol (Rl = 1629), also known as typical Maillard reaction products, have
been stated to augment the roasty aroma of peanut oil and nut products (Arsa & Theera-
kulkait, 2018; Liu et al.,, 2011; van Gemert, 2011). The average value of 2-acetylpyrrole was
0.91 = 0.39 mg/kg and the OT in the source was 0.019 mg/kg (Lin et al., 2019); the ratio of
concentration/OT value = 48. In comparison, the average value of furaneol was 1.29 + 0.73
mg/kg and the OT in sunflower oil was 0.025-0.05 mg/kg (van Gemert, 2011); the ratio of
concentration/OT value = 52. 2-Methoxy-4-vinylphenol (Rl = 1787) is a naturally present
phenolic compound which can be found in peanuts and clove (Jeong & Jeong, 2010) and
commonly exist in peanut oil (Hu et al., 2014). The average value of 2-methoxy-4-vinyl-
phenol was 2.03 + 0.86 mg/kg and the OT in the oil was 0.05 mg/kg (van Gemert, 2011); the
ratio of concentration/OT value = 40. In addition, dibutyl phthalate (Rl = 2290) existed in
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Table 4.2. The univariate descriptive analysis of the quality traits of peanut butters (n = 40).

Traits Average Min Max SD Q1 Q3

2,5-Dimethylpyrazine (mg/kg) 50 208 100 203 34 6817 .
2,3,5-Trimethylpyrazine (mg/kg) 27 ..062 346 099 140 262
3-Ethyl-2,5-dimethylpyrazine (mg/kg) 141 057 366 066 091 179 .
2-Acetylpyrrole (mg/kg) o9 023 183 039 074 M2
Furaneol (mg/kg) A2 0 0289 073 09 178 .
2-Methoxy-4-vinylphenol (mg/kg) 203 039 477 086 145 239
Dibutyl phthalate (mg/kg) 0s8 008 393 .08 0% 9% .
L 533 348 641 .82 .506 366
ar 96 ...35......185 27 .88 M8 .
b* 2o lee 288 23239 .23 .
Firmness (g) M2 A4 124s 17 343862
Consistency (g-s) 10580 6467 32481 4144 8495 12037
Cohesiveness (g) 221 22 972 183 67 A5
Index of viscosity (g-s) 3895 631 22400 3498 2134 5149
Yield stress (Pa) 913 279 20628 414 621 120
Consistency coefficient (K, Pa-s") 524 219 2274 357 328 557
Flow behaviour index (n) 082 065 08 005 080 08
-a(kPaHz?) A8 1896 9240 1873 3176 3935
G- bx100 1835 128 2889 345 1583 2023
G- ¢ (kPa Hz™) 3763 Mo 6132 1391 2446 4885
C'- dx100 3410 2145 4608 453 3137 3660
D10 (um) 814 ...330 .18 132 723 868 .
D50 (um) 4870 2806 7026 1291 3938 6115 .
D90 (um) 519> 8925 192 2160 14175 16340
Polydispersity 3.17 1.54 5.72 1.00 2.30 3.84

(D10) Average value of diameter below 10t percentile of particle size distributions; (D50) Average value of
diameter below 50t percentile of particle size distributions; (D90) Average value of diameter below 90* per-
centile of particle size distributions; (G'- a) Power law coefficient of storage modulus; (G'- b) Power law expo-
nent of storage modulus; (G"- ¢) Power law coefficient of loss modulus; (G"- d) Power law exponent of loss
modulus; (Max) maximum; (Min) Minimum; (Q1) Quartile 1; (Q3) Quartile 3; (SD) Standard deviation.

roasting products (Akkad et al., 2019), where the average value was 0.78 + 0.87 mg/kg and
the OT in the air was 0.26 mg/L (van Gemert, 2011); the ratio of concentration/OT value = 3.

The correlation analysis, as shown in Figure 4.3b, shows that there were significantly
positive correlations (P < 0.05) between the seven volatile compounds except for dibutyl
phthalate, which meant that peanut butter with aroma advantage had a higher content
of the previously discussed aroma compounds. Among them, 2-acetylpyrrole was signif-
icantly positively correlated with pyrazines (P < 0.05). This was because 2-acetylpyrrole
could be generated by the reaction of sucrose with other substances (Maarse, 2017). Fura-
neol and pyrazines are both aroma substances produced by peanuts during roasting (Liu et
al., 2017). Therefore, there was a significantly positive correlation between them (P < 0.05).
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The colour is the most intuitive impression of peanut butter. The average colour val-
ues of the peanut butters were 53.3 + 6.2 (L*), 9.6 + 2.7 (a*), and 27.0 £ 2.3 (b*), respec-
tively, which were also similar to the previous results (L*, 56; a*, 10; b*, 26) (Ha et al., 2013;
Sanders et al., 2014). Among all peanut butters, JinH8 had a bright white colour with the
highest L* (64.1 + 0.1) and the lowest a* (3.5 £ 0.1) values. In comparison, ZY75 had a dark
puce colour and the lowest L* (34.8 * 0.1), the highest a* (12.8 = 0.1), and the lowest b*
(16.6 + 0.1) values. The variance of colour between different varieties could be huge due
to the qualities of raw materials under the same roasting conditions. More pictures are
provided in Figure S4.1. There was a significantly negative relationship between L* and
a* (P < 0.05) in Figure 4.3b. In other words, an increase in a* value increased the red
value, resulting in a darker colour. In addition, L* had the significantly opposite trend with
volatile compounds formed through reactions such as the Maillard reaction, especially
2-acetylpyrrole, furaneol, and 2-methoxy-4-vinylphenol (P < 0.05). Meanwhile, a higher
roasting level produced a darker peanut butter (low L* value). Therefore, one can assume
that peanut butters with lower L* values have higher concentrations of the above-men-
tioned volatiles.

The average texture values of the peanut butters were as follows: firmness, 41.2 +
15.7 g; consistency, 1058.0 + 414.4 g-s; cohesiveness, 22.1 + 13.3 g; index of viscosity, 389.5
+349.8 g-s. The texture characteristics of different peanut butters were significantly varied
(Appendix supplement can be found online at https://doi. org/10.1016/j.lwt.2021.112068,
Appendix supplement 3). For example, JHT1 had the highest texture values (firmness,
124.5 + 1.1 g; consistency, 3248.1 + 34.6 g-s; cohesiveness, 97.2 + 1.2 g; index of viscosity,
2240.0 + 4.6 g-s), while YH76 had the lowest texture values (firmness, 24.4 = 0.2 g; consist-
ency, 646.7 + 4.7 g-s; cohesiveness, 12.2 + 0.1 g; index of viscosity, 63.1 + 2.8 g-s). Firmness
and consistency are reported to be related to the hardness of peanut butter, which are
the sensory attributes evaluated at the initial and tongue-palate compression of oral pro-
cessing (Koc et al., 2013; Nasaruddin et al.,, 2012). Cohesiveness and the index of viscosity
are the tendency of peanut butter to cohere or stick together, while these properties also
correlate with the slipperiness and adhesiveness of peanut butter (Koc et al., 2013). In the
oral cavity, it is the speed at which peanut butter spreads on the tongue. The greater the
cohesion, the slower the diffusion (Arrieta-Escobar et al., 2019). Therefore, the diversity
levels of texture qualities were from YH76 to JHT1, which provides a basis reference for
enterprises to select varieties. The correlation analysis (Figure 4.3b) shows that firmness
and cohesiveness were significantly correlated (P < 0.05) with consistency and the index
of viscosity. Hence, firmness and cohesiveness were chosen as the main texture charac-
teristics for further analysis.

According to the results of the shear rate sweep, the viscosity of peanut butters
decreased as the shear rate increased, reflecting that peanut butter is a typical non-New-

80



The relationships between peanuts and peanut butters « Chapter 4

tonian fluid with pseudoplastic characteristics. The relationship between shear stress
and shear rate could be calculated by Herschel-Bulkley. The fitting coefficients of all pea-
nut butters were above 0.99. The models have three important parameters: yield stress
(0,, Pa), K (consistency coefficient, Pa-s”), and n (flow behavior index). The yield stress is
the minimum shear stress needed to break the peanut butter’s internal structure in order
to initiate peanut butter flow (Augusto et al., 2012). If stress value is under the yield stress,
peanut butter performs like an elastic solid. In contrast, it performs like a viscous liquid
(Augusto et al., 2012). The average value of yield stress for the peanut butters was 9.13 +
4.09 Pa. The difference among different varieties were obvious. JHT1 had the largest yield
stress value (26.28 + 2.53 Pa), making it the most difficult peanut butter to flow. On the
contrary, the yield stress of YH76 was only 2.79 + 0.11 Pa, which made it the easiest to start
flowing. K is related to the energy to maintain flow and is directly proportional to the vis-
cosity of the sample (Suhui et al., 2019). The average value of Kwas 5.24 + 3.52 Pa-s". Among
all peanut butters, JHT1 had the highest K value (22.74 + 1.52 Pa-s") and resultingly the
highest viscosity. The n value reflects flow behavior of peanut butter. The range of n value
was from 0.65 to 0.88 which was less than one in all formulations showing non-Newtonian
shear thinning behavior, which was similar to the previous results of shear rate sweep. For
dynamic characteristics, storage modulus (G') presents the power reserved during every
cycle of dynamic oscillation reflecting the elastic characteristics of peanut butter, while
loss modulus (G") exposits the power dissipation in relation to the viscous characteristics
(Wang, He, et al., 2017). All peanut butters showed gel characteristics because of G'> G" at
all frequencies (Liu et al., 2019). The G'-a and G"-c of Power law model (R? > 0.99) indicate
the amount of G’and G” at a given frequency (Resch et al., 2002). The consistently higher
G'-a than G"-c represented the aforesaid greater G’ than G” (Norazatul Hanim et al., 2016).
The G'-b and G"-d reflect the magnitude of dependence of G’ and G” on frequency (Nora-
zatul Hanim et al., 2016). The G'-b of all samples ranged from 12.85 - 28.89, which signified
that peanut butter was a weak physical gel product (Bayod et al., 2008; Tunick, 2011). It
could be found that n, G'-b, and G"-d reflected the same properties for all peanut butters,
while Yield stress, K, G'-a, and G"-c varied greatly between different peanut butters.

According to Eq. (4), the polydispersity reflects the particle size distributions, which
means the higher the value, the wider the particle size distributions. The average poly-
dispersity value of the peanut butters was 3.17 + 0.99, which is similar to that of commer-
cial peanut butter (3.36 + 0.08) (Norazatul Hanim et al., 2016). Among all peanut butters,
FH12 had the lowest polydispersity value (1.54), while JinH8 had the highest value (5.72).
With the decrease in particle size, the particle-particle interaction strength also decreases
affecting the rheological characteristics and the mouthfeel of peanut butter in oral pro-
cessing (Norazatul Hanim et al., 2016; Stokes et al., 2013). According to the Figure 4.3b, the
polydispersity had a significantly positive relationship with G"-c (P < 0.05). This means that
the decrease in particle size led to a decrease in viscosity.
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4.3.4. The traits of the peanut butters: multivariate comparisons

K-means clustering combined with PCA was applied to elaborate the relationships
between the different peanut butters. To balance the weights of different variables, raw
data was auto-scaled before PCA. JHT1 with extreme values of textural and rheological
properties was removed because it was located outside the ellipse of the Hotelling’s T2
(0.5%) (Yu, Liu, Wang, et al., 2020). An overview of the differences between the peanut
butters relating to all tested parameters is shown in Figure 4.4a. The first two PCs of -
the model explained 52% of the total variance with a contribution of 32% from PC1. In
addition to dibutyl phthalate, b* and polydispersity, other variables mainly contributed
to PC1 and PC2. Among them, pyrazines, 2-acetylpyrrole, firmness, and K had the greatest
contributions to PC1, while furaneol, yield stress, a*, L* and G"-c had the greatest contri-
butions to PC2. According to the K-means results, three clusters of peanut butters could
be identified on the PCA biplot. Cluster 1 (HY25, JH16, HY963, etc.) grouped on the right
of the PCA biplot (the opposite direction of PC1). Most parameters had the same direction
with this group, such as volatile compounds, texture, and rheological qualities. Cluster 2
(SH9, YH65, JinH8, etc.) located on the top left of the PCA biplot (the negative direction of
PC1 and the positive direction of PC2). This group presented a positive relationship with
L* and negative relationship with volatile compounds. Cluster 3 (B51016, HY33, YY7, etc.),
situated on the bottom left of the PCA biplot. This cluster associated positively with dibu-
tyl phthalate and negatively with texture and rheological qualities.

The results of the different parameters in different peanut butter groups are shown
in Figure 4.4b. Most parameters had significant differences between different groups
except for 2-methoxy-4-vinylphenol, dibutyl phthalate, b* and polydispersity. Each
group had inherent characteristics. Specifically, group 1 had significantly higher con-
tents of most volatile compounds than the other groups, especially pyrazines (P < 0.05).
Group 2 was significantly different from the other two groups for colour (L* and a* val-
ues) (P < 0.05). The values for firmness and cohesiveness of group 1 and group 2 were
significantly higher than that of group 3. Similar results could also be found for rheology

< Figure 4.3. The (a) volatile compounds of the different peanut butters (the link lines indicate that
the contents of volatile compounds that exceeded 5 mg/kg), and the (b) correlation analysis of the
qualities of the peanut butters. The positive and negative correlation coefficients (R) are coloured
blue and red, respectively. The fraction of the circles stands for the correlation coefficient and full
fraction means R=1. (* P < 0.05, ** P < 0.01, *** P < 0.001). (D10) Average value of diameter below
10™ percentile of particle size distributions; (D50) Average value of diameter below 50" percen-
tile of particle size distributions; (D90) Average value of diameter below 90* percentile of particle
size distributions; (G- a) Power law coefficient of storage modulus; (G'- b) Power law exponent of
storage modulus; (G"- c) Power law coefficient of loss modulus; (G"- d) Power law exponent of loss
modulus; (K) Consistency coefficient; (n) Flow behaviour index.
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(P < 0.05). In summary, group 1 had the highest pyrazine contents, the highest values of
texture and rheology qualities, and a moderate level of colour.

4.3.5. Relationships between peanut varieties and peanut butters

The correlation analysis results of the quality traits of the peanut varieties versus all
parameters of the peanut butters are shown in Figure 4.5a. In terms of the effects of the
raw materials, the texture, rheology, and polydispersity were generally bracketed, mainly
reflecting the internal structure of peanut butter, while the colour and aroma compounds
were correspondingly clustered together. Specifically, sucrose had a significantly positive
correlation with the texture (firmness and cohesiveness) and the rheology (yield stress,
K, G-a, and G"-c) of the peanut butters. The Pearson correlation coefficient (R) index
between sucrose and the above-mentioned parameters were: Reimness (060, P < 0.05),
R onensiveness (0-58, P < 0.05), R (0.49, P<0.05), R, (0.56, P < 0.05),R,,,(0.36, P < 0.05), and
R..(0.47,P<0.05) respectively. This could be since sucrose is known to lead to an increase
in the macromolecular entanglement (Mathlouthi & Reiser, 2012; Wang et al., 2009). As a
result, the corresponding R indexes of texture and rheology were increased. In addition,
the peanut varieties with higher sucrose contents always had a lower fat content and a
higher protein content (Bishi et al., 2013). Importantly, the fat content had a significantly
negative relationship with the texture and rheological characteristics such as R

yield stress

firmness

(-0.39, P < 0.05), while the protein content had a significantly positive relationship with
(0.32, P < 0.05). This is because the continuous fat phase
acts as a “lubricant” in the suspension system of peanut butter, while the macromolecules
like protein are distributed among it (Citerne et al., 2001; Mohd Rozalli et al., 2016). Once
the fat phase is reduced or the macromolecular substance is increased, the viscosity will
increase. Meanwhile, protein as the controlling trait for a stronger gel network makes the
samples firmer (Nguyen et al., 2017). Among the measured amino acids, proline (Pro) and
Cys were significantly positively correlated with the texture and rheological characteris-
crmness (0-55, P < 0.05),

these parameters such as R

firmness

tics. The R indexs between Pro and the following parameters were: R
cohensiveness (0-0% P < 0.05), and Ryiel  stress (044, P < 0.05). Similarly, Cys was postively corre-
lated with the following parameters: Remness (0:34, P < 0.05) and R (0.37, P < 0.05).
The reason is that Pro can enhance the hydrophobicity of the internal structure of protein
to improve the stability (Levitt, 1978), while Cys can form disulfide bonds (Gudmundsson,
2002). All of these traits could increase the stability of the protein space structure, result-

ing in the strength of the system.

cohensiveness

Amino acids (nitrogen supply) and saccharides (carbon sources) are two important
precursor substances known to contribute to the formation of pyrazines (Hui et al., 2010).
For instanse, Ser decomposition products could react with sucrose to form pyrazines (Hui
et al., 2010). Ser had a significantly postive relationship with 2,5-dimethylpyrazine and
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Figure 4.4. The (a) principal component analysis (PCA) biplot of the different peanut butters
(n = 39). The different colored polygons indicate the different sample clusters and arrows indicate
the contributions of parameters), and the (b) significantly different qualities of peanut butters in
different groups (NS.P =1, ns 1> P >=0.05, * P < 0.05, ** P < 0.01, *** P < 0.001). (contrib) Contribu-
tion; (G'- a) Power law coefficient of storage modulus; (G"- c) Power law coefficient of loss modulus;

(K) Consistency coefficient.
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3-ethyl-2,5-dimethylpyrazine (P < 0.05) (Figure 4.5a). Meanwhile, Ala, histidine (His), and
Leu can react with monosaccharides to produce pyrazines as well (Hui et al., 2010). There-
fore, these amino acids likely had a positive contribution to the formation of pyrazines
in the peanuts. As a nitrogen-containing heterocyclic compounds, a higher concentra-
tion of 2-acetylpyrrole have been observed with the increase in sucrose content (Saputro
et al,, 2018). Correspondingly, the relationship between 2-acetylpyrrole and sucrose was
significantly positive (0.36, P < 0.05) in this study. On the contrary, fat had a significantly
negatively influence on 2-acetylpyrrole formation (-0.38, P < 0.05) as it could have reacted
with lipid degradation products (Zhao, Wang, et al., 2019). It has been found that dibutyl
phthalate as fat-soluble substance can increase if the fat content increases (Cao, 2010).
This could explain its significantly positive relationship with fat (0.32, P < 0.05) as shown in
Figure 4.5a. Glycine (Gly) and monosaccharides could react with 2-methoxy-4-vinylphe-
nol to produce an increase in furfural (Jiang et al., 2009), resulting in a significant negative
relationship between Gly and 2-methoxy-4-vinylphenol (-0.37, P < 0.05). The colours are
affected by the peanut size as the surface area of large peanut kernels is smaller than
those of small kernels at the same weight during roasting. The weight is calculated based
on 100 kernels per variety and the higher the weight, the smaller the surface area. As a
result, large peanut kernels were roasted to a lower extent, leading to higher L* values for
the peanut butters at the same roasting conditions. Therefore, L* had a significant positive
relationship with weight (0.32, P < 0.05) as shown in Figure 4.5a.

Figure 4.5b shows the correlation between the quality traits of the peanut varieties
and the score matrixes from the PCA of the peanut butters in section 4.3.4. The first five
components were regarded as the effective components because their eigenvalues were
higher than one (Wang et al., 2020). PC1 had a significant negative relationship with fat
(-0.40, P < 0.05) and a significant positive relationship with sucrose (0.32, P < 0.05). This
shows that peanut butters processed from the peanut varieties that contained higher
sucrose and lower fat contents was situated on the right side of Figure 4.4a, correspond-
ing to the positive direction of PC1 which is associated with the contributions from tex-
ture, rheology, and pyrazines. The positive direction of PC2 stem from texture, rheology,
and L* while the negative direction of PC2 is attributed to the most volatile compounds
(Figure 4.4a). PC2 had significant positive relationships with Tyr (0.40, P < 0.05), Leu (0.38,
P < 0.05), and Thr (0.32, P < 0.05). In other words, peanut butters processed from the pea-
nut varieties with higher contents of the above-mentioned amino acids normally located
on the top side of Figure 4.4a (the positive direction of PC2).
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Figure 4.5. The (a) correlation analysis between quality traits of the peanut varieties (vertical axis)
and qualities of the peanut butter (horizontal axis), and the (b) correlation analysis between the
first five principal components of the peanut butters (vertical axis) and quality traits of the peanut
varieties (horizontal axis). The positive and negative coefficients are coloured red and blue, respec-
tively. Coefficients <-0.32 and > + 0.32 indicate significant correlations (P < 0.05). (Ala) Alanine; (Arg)
Arginine; (Asp) Aspartic acid; (Cys) Cysteine; (His) Histidine; (lle) Isoleucine; (Glu) Glutamic acid; (Gly)
Glycine; (Leu) Leucine; (Lys) Lysine; (Met) Methionine; (Phe) Phenylalanine; (Pro) Proline; (Ser) Serine;
(Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.
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4.4. CONCLUSIONS AND IMPLICATIONS

A wide diversity in quality traits could be found among the forty peanut varieties.
Thereby many heterogeneities in the properties of the peanut butters were discovered
based on their volatile compounds, colour, texture, rheology, and particle size distribu-
tions. PCA with K-means analysis showed different regions with homogeneous charac-
teristics of the peanut butters. Among them, group 1 (HY 25, JH 18, YH37, etc.) had the
highest pyrazines contents and the highest values for texture and rheological proper-
ties. In general, it was proposed that the peanut varieties with lower fat, higher protein
and sucrose contents could be used to manufacture peanut butters with higher values of
the textural and rheological qualities studied; whereas, the peanut varieties with higher
sucrose and Ser contents could be used to manufacture peanut butters with higher
concentrations of pyrazines and 2-acetylpyrrole, while the heavier peanut varieties with
higher Tyr and Thr contents could be used to manufacture peanut butters with higher
values of L* and rheological qualities. Instead of focusing on one or two properties from
a small data set, this study considered the most important properties of peanut butters
that are needed for selecting peanut varieties. This approach will better assist processing
enterprises to select the most suitable peanut varieties to produce peanut butters for
different commercial needs.
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Yueyou7 (YY7) Yuhua65 (YH65, high oleic acid variety)

Yuhua9326 (YH9326) Zhongkaihual (ZKH1)
Figure S4.1. The pictures of peanuts and peanut butters (n=40)
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Chapter 5 - Rapid classification of peanuts for peanut butter preparation by NIRS

ABSTRACT

Near-infrared spectroscopy (NIRS) for classifying peanut varieties for their processing into
peanut butters was assessed for the first time. The principal component analysis (PCA)
combined with cluster analysis based on the structure characteristics (texture and rhe-
ology) and roast characteristics (colour and volatile compounds) of the resulting peanut
butters were conducted to group peanut varieties. After spectral collection of raw mate-
rials and different pre-treatments, partial least squares discrimination analysis (PLS-DA),
support vector machine (SVM), and random forest (RF) as modelling methods were stud-
ied for comparison. PCA, variable importance (Varlmp), and random forest selection by
filter (RFSBF) as feature extraction methods were investigated. The sensitivity, specificity,
and accuracy of the filtered cross validation and external validation models were all over
90%, while the kernel density estimation (KDE) analysis presented significant distributions
of class probabilities between different groups. These results showed that NIRS combined
with machine learning methods is a promising approach to provide a reliable evaluation
of peanuts for precision processing.

Keywords: Classification; Near-infrared spectroscopy; Peanut butters; Random forest;
Support vector machine.
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5.1.INTRODUCTION

Peanuts are one of the paramount nuts in the world with the total production in
2019 equalling 48.8 million tons (Faostat, 2020). Peanuts can be consumed as either raw
materials or as varieties processed products, such as roasted peanuts, peanut oil, and pea-
nut butter, to satisfy consumer preferences and nutritional requirements (Wang, 2018).
Among them, peanut butter with its characteristic mouthfeel and attractive flavour is a
popular product all over the world (Gong et al., 2018). The industrial scale production of
peanut butter is fully matured and commonly processed through roasting and grinding
of peanuts (Wang, 2016). Peanuts impact the structure and roast characteristics of their
resulting peanut butter given that different peanut varieties have different chemical com-
positions (Dhamsaniya et al., 2012). For precision processing, peanut varieties could be
classified based on the processing suitability linked with the characteristics of peanut but-
ter (Wang et al., 2017). Typically, the characteristics of peanut butter are evaluated based
on its structure characteristics (texture and rheology) and roast characteristics (colour
and volatile compounds) through time-consuming and costly laboratory analyses (Sha-
kerardekani et al., 2013). Hence, the development of speedy, precise, and stable methods
is vital to select suitable peanuts for processing to match the growing need for high-qual-
ity peanut butter production.

Currently, near-infrared spectroscopy (NIRS) based on the vibration of hydrogen-con-
taining molecules has been systematically applied for the quality evaluation of agricul-
tural products. On one hand, it has obvious advantages as it can rapidly collect and ana-
lyse spectral data without laborious preparations and it is also an environmentally and
economically friendly method without chemical waste and high expenditure compared
with the chemical methods. On the other hand, it initially needs stable calibration models
built through representative samples collection, spectral and reference data analysis, and
model establishment. Previously, abundant studies have been carried out to analyse the
quality of peanuts, and satisfactory results were obtained for fat (Yu et al., 2016), protein
and protein subunits (Zhao et al., 2021), amino acids (Wang et al., 2013), sucrose (Yu, Liu,
Erasmus, et al., 2020), and fatty acids (Yu, Liu, Wang, et al., 2020). Meanwhile, NIRS was also
used to grade peanuts (Sundaram et al., 2009) and determine their maturity (Windham
et al,, 2010). Evidently, NIRS can be used to evaluate the properties of peanuts, while the
characteristics of peanut butter are related to the raw materials used. Therefore, it can
be hypothesised that the spectral data of peanuts could be applied to reflect the charac-
teristics of peanut butters at least under the decided preparation process. However, the
challenge still exists to predict the characteristics of peanut butters through the acquired
spectral data of their corresponding raw materials.
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Hence, a suitable approach for this study was to firstly conduct a cluster analysis of
peanut butters based on the characteristics analysis results to achieve scientific group-
ing of the corresponding peanut varieties. Secondly, fast classification models of peanuts
were built combined with spectral data through chemometrics and machine learning. As
a fact, machine learning such as random forest (RF) has been developed to obtain better
classification and regression models because of its ability to deal with complex systems
and multi-variables (Monforte et al., 2021; Phan & Tomasino, 2021). Therefore, machine
learning has the huge potential to analyse the spectral data of peanuts and their relation-
ship with peanut butters.

To build better performances classification models, RF, support vector machine
(SVM), and partial least squares discriminant analysis (PLS-DA) as modelling algorithms
were compared in this study based on the different pre-treatment spectral data. Principal
component analysis (PCA), variable importance (Varlmp) (Kuhn, 2012), and random forest
selection by filter (RFSBF) (Kuhn & Johnson, 2013) were also conducted and compared
for feature extraction to establish the simplified and stable models. The sensitivity, spec-
ificity, and accuracy were used to assess the model performances, while a kernel density
estimation (KDE) assessed the distributions of class probabilities.

5.2. MATERIALS AND METHODS
5.2.1. Peanuts and peanut butters

Atotal of 40 peanut varieties were listed in Table $5.1, which includes the main-plant-
ing varieties and high oleic acid varieties. For each variety, 5 kg samples were collected
and stored at commercial 4°C cold storage (Yuandong Co., Ltd., Tianjin, China). The peanut
butters were prepared according to a general process (Yu et al., 2021). Concisely, approx-
imately 0.5 kg plump peanut kernels per variety were placed on a steel bakeware and
roasted at 160°C for 30 min in an electric oven with the top and bottom heating mode.
The peeled roasted peanuts were then ground in a colloid grinder, producing about
0.4 kg peanut butter per variety for analysis which was stored at room temperature (21°C).

5.2.2. Spectral data collection

A benchtop spectrometer with a rotating sphere (Bruker Scientific Instruments, Karls-
ruhe, Germany) was used to acquire the spectral data. About 100 g kernels were placed
in a ring cup (9.7 cm diameter and 4.5 cm depth) for each sample measurement of which
each spectrum was the average of 32 scans. Each variety was sampled five times, pro-
ducing a total of 200 (40 X 5) spectra for the subsequent analysis. The reflectance spectra
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were recorded by an indium gallium arsenide (InGaAs) detector where the wavelength
ranged from 12489.49 cm™ to 3996.02 cm™'. Spectral acquisition and conversion were
conducted using OPUS 7.5 software (Bruker Scientific Instruments, Karlsruhe, Germany).

5.2.3. Physicochemical characteristics of peanut butters
5.2.3.1. Texture

Peanut butter texture was described using firmness (g). A TA-XTplus texture analyser
(Micro Stable System Co., UK) with the back-extrusion penetration model was used to
measure the texture characteristics. The analyser was coupled with a long roller and a
35 mm diameter compression disc. Each sample was put into a cylindrical jar (50 mm
internal diameter) with the same volume (75%). The trigger pressure of penetration was 5
g, and the penetration depth was 30 mm with a speed of 1 mm/s. Samples were analysed
in duplicate to measure the force as firmness and then averaged to obtain the mean value
per sample.

5.2.3.2. Rheology

An HR-2 rheometer (TA Instruments, New Castle, the USA) was applied to evaluate
the rheological characteristics of the peanut butters. Approximately 2 g sample was posi-
tioned on the crosshatched plate (40 mm diameter) with 1 mm gap geometry and subse-
quently assessed. After 2 min of equilibration, steady-state detection was conducted at a
shear rate range (1-300/s) for the shear rate sweep test. The Herschel-Bulkley’s model was
applied to model the flow behaviour of the peanut butters (Ahmed & Ramaswamy, 2006).
The yield stress as an important parameter of the model means the lowest shear stress
required to trigger peanut butter to flow, which was confirmed for the next analysis. The
storage modulus (G') and loss modulus (G") were confirmed by dynamic oscillatory experi-
ments. All experiments were performed inside the linear viscoelastic range determined at
the 1 Hz frequency. The results were collected in the frequency range of 0.1 to 100 Hz. As
indicated in Eq. (1) and Eq. (2), the G' and G" were fitted by power function law equations
of oscillatory frequency (w), expressing the viscoelastic characteristics of peanut butter.

G' =aXxwb (1)
G"=cXwt 2

Where a (kPa Hz™®) and ¢ (kPa Hz™9) demonstrate the quantity of G' and G" correspond-
ingly at a specific frequency, and b and d (x100) indicate the slope of the connections

between the modulus and frequency (Liu et al., 2019; Resch & Daubert, 2002). Samples
were analysed in duplicate and then averaged to obtain the mean value per sample.
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5.2.3.3. Colour

Peanut butter colour was confirmed using a CS-600 portable colour spectrophotom-
eter (CHNSpec Technology Co., Ltd, Hangzhou, China). For each colour assessment, a 2 g
sample of each peanut butter was put in a circular quartz cell and subsequently the L*
(darkness at 0 to lightness at 100), a* (greenness at -128 to redness at 127), and b* (blue-
ness at -128 to yellowness at 127) colour values were determined. Triplicate measurements
were performed and the mean value was calculated for each peanut butter sample.

5.2.3.4. Volatile compounds

The volatile compounds measurement of the peanut butter samples was based
on headspace solid-phase microextraction-gas chromatography-mass spectrometry
(HS-SPME-GS-MS). The whole analysis protocol could be found in our previous study
(Yu et al., 2021). Briefly, samples were prepared by weighing 5 g of each peanut butter
into a 20 mL glass vial, and 50 pL internal standard 1,2,3-trichloropropane (0.5 mg/mL in
methanol, Sinopharm Chemical Reagent Co., Ltd., Beijing, China) was added to each sam-
ple vial for the concentration calculation. Each vial was sealed with a Teflon diaphragm
and an aluminium lid. The samples were put in shaking incubators at 55°C for 10 min
pre-equilibrium after which the SPME fibre was introduced to the headspace for 40 min.
The absorbed volatiles were transferred in the hot injection section (260°C) for 150 s des-
orption. The splitless mode was applied for the GS-MS analysis with helium as the carrier
gas and a flow rate of 1 mL/min. The analyser’s temperature was set at 250°C, while the
oven temperature program was initiated at 40°C for 5 min and subsequently raised at a
rate of 5 °C/min to 250°C with a holding time of 5 min. Mass spectra were obtained using
the electron impact ionisation mode (70 eV) in the mass range of 35 to 500 m/z. By com-
paring the data to the mass spectral library and calculating the retention indices (RI) (Yu
et al,, 2021), volatile compounds were recognized. The calculation of Rl, as shown in the
Eq. (3), relies on the n-alkane standard (C7-C40) (0.5 mg/mL in n-hexane, Smart Solutions,
North Charleston, American) as the reference.

3 (tRy — tRy)
RI =100n +100 x > " /qp  _tR)) ?

Where tR indicates the retention time, n indicates the number of atom carbon, and
x indicates one of volatile compounds. After that, the effective volatile compounds were
confirmed by calculating the ratio of the concentrations / the odour threshold (>1) (Yu et
al., 2021). Duplicate measurements were performed and the mean value was calculated
for each peanut butter sample.
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5.2.4. Chemometrics and machine learning

After all the physicochemical characteristics analyses were performed on the pea-
nut butter samples, principal component analysis (PCA) was conducted to reduce data
dimension to explore the relationships of the peanut butter characteristics. The outliers
of peanut varieties were estimated by the Hotelling’s T? based on the PCA results (Liu et
al., 2018). K-means as unsupervised clustering was applied to acquire the distinct groups
as the reference values. Kruskal-Wallis tests were used to assess whether the structure
and roast characteristics of the various groups differed significantly. The strength of the
connections between the characteristics of peanut butters and the absorbances of the
original spectral data was assessed using correlation analysis.

All spectral datasets were prior pre-processed in various methods to improve the
signal-to-noise ratio and uncover more relevant data, including standard normal variate
(SNV), the first derivative (FD), the second derivative (SD), normalisation, and multiple
scatter correlation (MSC). The spectral datasets were split using a 4:1 ratio into a train-
ing dataset and a validation dataset. The three repeats of 10-fold cross validation were
used to prevent model overfitting. Partial least squares discrimination analysis (PLS-DA),
support vector machine (SVM), and random forest (RF) were used for mathematical mod-
elling. Since there are 1102 spectral variables, some features were extracted by PCA, var-
iable importance (Varlmp), and random forest selection by filter (RFSBF) to simplify the
models. PCA converts the original spectral data into new orthogonal and non-overlap-
ping principal components (PCs). The retrieved features in this research were the sum of
the top five PCs, accounting for 99% of total variances. Varlmp scores were generated to
determine the feature importance by using the caret package (Kuhn, 2008). The varia-
bles (score value >1) were selected as the important spectra. RFSBF in the caret package
with 10-fold cross validation tests were applied to select the best feature spectra. The
performances of all classification models were assessed based on the following several
indicators: accuracy (ACCU, the total rate of accurate classification); sensitivity (SENS, the
rate of accurate confirmation); and specificity (SPEC, the rate of accurate rejection). A ker-
nel density estimation function (KDE) was used to generate the genuinely positive and
negative rate distribution. KDE is a kind of non-parametric distribution assessment that is
similar to histogram, but allows for distribution interpolation and modification (Alewijn et
al., 2016). All calculations were performed by R 4.0.3 software (R Foundation for Statistical
Computing, Austria).
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5.3. RESULTS AND DISCUSSION

5.3.1. The cluster results of peanut butters and the spectral results of peanut
varieties

Figure 5.1a shows the cluster analysis results of peanut butters based on the tex-
tural and rheological characteristics. The first two principal components (PCs) accounted
for 90% of the total variance and therefore contained most of the relevant information.
Group 1 (blue) was located in the positive direction of PC1, indicating that it had positive
relationships with firmness, field stress, G'-a, and G"-c, while group 2 (red) was located in
the negative direction of PC1. Correspondingly, group 1 had significantly higher (P < 0.05)
values for firmness (43.4 + 8.0 g), yield stress (11.13 + 1.81 Pa), G'-a (60.94 + 14.01 kPa Hz™®),
and G"-c (48.59 + 6.99 kPa Hz9 than group 2 (34.6 = 5.6 g, 6.12 +1.83 Pa, 32.61 + 9.94 kPa
Hz?, and 24.68 + 6.34 kPa Hz™, respectively). Firmness is related to the hardness of peanut
butters, while field stress, G'-a, and G"-c present the flow and deformation of peanut but-
ters under stress and strain (Sun & Gunasekaran, 2009). The textural and rheological qual-
ities reflect the structural state of peanut butter which is connected to the sensory attrib-
utes evaluated (Shakerardekani et al., 2013).The clustering results clearly show that there
were two groups of peanut butters based on the texture and rheological characteristics.

Based on the cluster results, the spectral data of the raw materials are shown in Fig-
ure 5.1c. Similarly, the blue lines stood for group 1, while the red lines stood for group 2.
Overall, the spectral absorbance values of group 2 were higher than that of group 1. The
spectral absorbance values derived from the C-H, O-H group of fat, protein, and sucrose
in peanuts (Hourant et al., 2000) which is known to have a great influence on the texture
and rheological characteristics of peanut butters (Dhamsaniya et al., 2012; Mohd Rozalli et
al., 2015). PCA was used to explore the spectral data of peanuts to reduce multicollinearity.
The sum of PC1 and PC2 was 92%. Group 1 (blue) was mostly grouped in the right direc-
tion of PC1, while group 2 (red) was located on the left direction in Figure 5.1e, which had
the same trend as PCA results in Figure 5.1a. Therefore, it shows the feasibility to classify
peanut butters based on the spectra data of peanut varieties.

Figure 5.1g presents the strength of the relationship between the characteristics of
peanut butter (vertical) and the full wavelength (horizontal). Compared with the results
in Figure 5.1a, yield stress, G'-a, and G'-c had a similar relationship with the wavelength.
Specifically, these three indicators had higher negative correlation coefficient values with
longer wavelength ranges (8786.62 cm™- 3996.02 cm™) and positive correlation coeffi-
cient values with short wavelength ranges (12489.49 cm™ - 11100.92 cm™). Firmness had
positive correlation values with short wavelength ranges (12489.49 cm™ - 11100.92 cm™).
Group 1 had higher these indicators, resulting in lower absorbance in the longer wave-
length ranges shown in Figure 5.1c. Wavelengths in these ranges are likely derived from
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the 1stovertone region, the 3™ overtone region, and the combination bands of the main
chemical compositions (fat, protein, and sucrose) in peanuts (Barbin et al., 2014).

The cluster results of peanut varieties based on the roast characteristics including
colour and volatile compounds are presented in Figure 5.1b. PC1 and PC2 accounted
for 72% of the total variance. Group 1 (green) was located in the negative direction of
PC1, where I* made the great contributions, while group 2 (yellow) was located in the
positive direction along PC1 where the major contributions were derived from most of
the roast characteristics such as pyrazines, 2-acetylpyrrole, and a*. There were also sig-
nificant differences (P < 0.05) in the roast characteristics between group 1 and group 2.
Specifically, group 2 had higher 2,5-dimethylpyrazine (6.19 + 1.97 mg/kg), 2,3,5-trimeth-
ylpyrazine (2.65 £ 1.01 mg/kg), 3-ethyl-2-5-dimethylpyrazine (1.79 £ 0.68 mg/kg), furaneol
(1.68 + 0.72 mg/kg), 2-acetylpyrrole (1.15 £ 0.30 mg/kg), 2-methoxy-4-vinylphenol (2.54
+ 0.82 mg/kg) than group 1 (3.90 + 1.30 mg/kg, 1.66 + 0.71 mg/kg, 1.00 + 0.36 mg/kg,
0.86 + 0.49 mg/kg, 0.68 + 0.31 mg/kg, and 1.53 £ 0.45 mg/kg, respectively). These volatile
compounds, especially pyrazine with nutty and roast aromas, are known as some of the
primary volatiles of peanut products (Baker et al., 2003; Li & Hou, 2018). The L* value (51.40
+ 4.68) of group 1 was lower than that of group 2 (57.04 + 3.39 and 8.16 + 2.06), while the
a* value (10.94 + 2.25) of group 1 was higher than that of group 2 (8.16 + 2.06). Therefore,
the manufacturers can select peanut varieties from group 2 to process peanut butters
with rich flavour and bright colour.

The spectra of different groups based on the roast characteristics cluster analysis can
be seen in Figure 5.1d. Most of the green lines (group 1) had higher absorbance values
than the yellow lines (group 2), but they were not completed separated compared with
the cluster results of the structural characteristics. The PCA results (Figure 5.1f) show
more distinct relationships between the two groups. Although the total of PC1 and PC2
was 98% and group 2 was mainly located on the left side along PC1, there was no clear
separation between the two groups. The main reason for the incomplete separation is
because the roast characteristics of peanut butters are decided by raw materials and the
roasting process, while the spectral data of raw materials only show partial information.
Therefore, it cannot fully reflect the roast characteristics of peanut butters. The correlation
heatmap offered more detailed information about the relationship between the spectral
data of peanut varieties and the roast characteristics of the resulting peanut butters. It
was found that a* value and 2-methoxy-4-vinylphenol had a significantly positive corre-
lation (P < 0.05) with the whole wavelength. This is because a* value stands for the red-
ness mechanically linked with the infrared band where the NIRS wavelength exists. There
were also significant negative correlations (P < 0.05) between 2,5-dimethylpyrazine and
3-ethyl-2-5-dimethylpyrazine and the longer wavelength ranges (11332.34 cm™ - 3996.02
cm™). This could imply that the spectral data of raw materials can reflect the characteris-
tics of peanut butters.
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5.3.2. The classification models built based on the full wavelength range

The PLS-DA, SVM, and RF were used to establish classification models based on differ-
ent pre-treatment spectral datasets. The results are shown in Table 5.1. Overall, all train-
ing and cross validation models had good results. The SENS, SPEC, and ACCU of training
models were over 97%, while the results of cross validation models were over 90% except
for a few models. The performances of external validation models were quite unequal
that the range of SENS, SPEC, and ACCU were 65% - 85%, 50% - 100%, and 60% - 93%,
respectively. Therefore, external validation models were the key models to determine
which algorithms have the best performances.

In terms of the modelling algorithms, PLS-DA is an effective, multivariate regres-
sion-based algorithm for peanuts classification. Although compelling, PLS-DA incurs per-
formance degeneration under complex situations such as class imbalance and multiclass,
which are common in peanut varieties (Song et al., 2018). The full wavelength including
1102 variables, has the nonlinearity effects on the PLS-DA models. Therefore, SYM and
RF as non-parametric machine learning algorithms have more advantages. Although the
cross validation results showed that SVM had better results than RF, the external valida-
tion results had lower performance than RF, which meant that SVM models existed the
overfitting effects. Hence, RF can avoid overfitting and had the best prediction results
compared to other algorithms, while the average SENS, SPEC, and ACCU of RF were 77%,
100%, and 89%, respectively.

Concerning the pre-treatment methods, all methods increased the performances of
the models. Among them, FD had the best improvements in the performances of models.
The average performances (SENC, SPEC, and ACCU) of models based on FD were 93%,
94%, and 93% (respectively) for cross validation, and 77%, 95%, and 86% (respectively)
for external validation. The results showed that the model established based on the full
wavelength has great performances to classify peanut varieties to produce different
structural characteristics of peanut butters.

The classification models for classifying peanuts varieties based on the roast charac-
teristics (colour and volatile compounds) are compared in Table 5.2. The performances
of classification models for roast characteristics were overall not good when compared
with the classification models for structure characteristics. This is because the roast char-
acteristics are not only derived from the raw materials but are also generated by brown
reactions and caramelisation during the roasting process. Therefore, the spectral data of
the raw materials lacked the information about roasting, leading to less control over con-
trolling roasting variation. Among all pre-treatment methods, SNV was the best pre-treat-
ment and the average performances (SENC, SPEC, and ACCU) were 88%, 85%, and 86%
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(respectively) for cross validation, and 87%, 92%, and 89% (respectively) for external vali-
dation. In respect of the modelling algorithms, SVM and RF showed better performances
when compared to the PLS-DA algorithm. Among all models, SNV-SVM had the best per-
formances (SENC, SPEC, and ACCU) with all parameters 100% for the training models, 98%,
97%, and 97% (respectively) for the cross validation models, and 100%, 94%, and 98%
(respectively) for external validation models.

5.3.3. The classification models built based on the features extracted

The results of PLS-DA, SVM, and RF models based on the features extracted by PCA,
Varlmp, and RFSBF are shown in Tables 5.3 and 5.4. PCA is the conventional method
to reduce the dimension of data thought building new non-linear variables. The classifi-
cation models for the structure characteristics are shown in Table 5.3. The top five PCs
of the FD spectral data were selected as the new variables to build models. The PCA-RF
models had the best prediction performances compared to the other methods. The ACCU
of training, cross validation, and external validation models were 100%, 95%, and 88%,
respectively, which was similar to the results obtained for the full wavelength models.
For Varlmp and RFSBF, 19 wavelengths and 719 wavelengths were selected as features,
respectively. The Varlmp method estimated model performances by using the minimum
number of wavelengths. The ACCU of external validation models were 90%, 80%, and
83% for PLS-DA, SVM, and RF, respectively. RFSBF method maintained or improved the
performances of the full wavelength models. Especially, FD-RFSBF-SVM and FD-RFSBF-RF
models had better performances. The ACCU of training, cross validation, and external val-
idation models were 100%, 96%, and 90% for FD-RFSBF-SVM and 100%, 93%, and 88% for
FD-RFSBF-RF. There are slight differences among different models. Relatively speaking,
FD-RFSBF-SVM had the best performances. These results proved that features extracted
by PCA, Varlmp, and RFSBF could be effectively used to build high accuracy and belief
models for classifying peanut varieties to process different structure characteristics of
peanut butters.

The classification models of the roast characteristics based on the features are pre-
sented in Table 5.4. The five new variables extracted from SNV spectral data by the PCA
methods were used to establish the models. The SNV-PCA-SVM had the best prediction
performances compared to the other methods. The ACCU of training, cross validation,
and external validation models were 99%, 96%, and 89%, respectively, which were in line
with the full wavelength models. The performances of models built by the 728 feature
wavelengths based on RFSBF were consistent with the results based on the correspond-
ing whole wavelength models. The SNV-RFSBF-SVM models had the best performances
with 100%, 97%, and 95% for the ACCU of training, cross validation, and external validation
models, respectively. Only five wavelengths (4528.31 cm™, 4536.02 cm™, 10044.05 cm™,
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10051.77 cm™, and 10537.77 cm™) were selected to build models by Varlmp. Although the
performances of the Varlmp models were relatively poor when compared to the other
methods, Varlmp greatly simplified the complexity of the models. It can thus be sug-
gested that different feature extraction methods could be used to simplify models and
SNV-RFSBF-SVM was the best method for peanut varieties classification for processing
different roast characteristics of peanut butters.

5.3.4. The KDE distribution of the selected models

Figure 5.2 presents the KDE distribution of the selected models including FD-RF and
FD-RFSBF-SVM for structure characteristics, and SNV-SVM and SNV- RFSBF-SVM for roast
characteristics. In contrast with binary analysis, KDE distribution analysis offers more infor-
mation than a single value. The conventional binary analysis classifies samples based on
a threshold value. Peanuts with probability values below the threshold are grouped into
one class, while peanuts with probability values above the threshold value are grouped
into the other groups. Generally, the number of peanut varieties classified accurately will
be demonstrated. However, KDE distribution plots further show the distance between
probability values to the threshold. The smaller the distance, the higher the risk of mis-
classification (Yan et al., 2019).

In this study, the default threshold was 0.5. Figure 5.2a shows two sub-groups in all
FD-RF models. Specifically, the main body of the two sub-groups is separately located on
both sides and the location of the peak are far from the threshold value of 0.5 in the train-
ing model. KDE distribution for cross validation and external validation models were sim-
ilar. Although there was some superposition between the two groups, the main body of
different groups were separate. The KDE results of FD-RFSBF-SVM shown in Figure 5.2b
had the better distribution. Two sub-groups in the training model were completely dis-
tributed at both ends. Regarding the cross validation and external validation, the tails at
both sides were light and the location of the peak was far from the threshold value of 0.5.
These results agreed with the results shown in Table 5.3.

In respect of the classification models for the roast characteristics, Figure 5.2c and
Figure 5.2d show that the training models of SNV-SVM and SNV- RFSBF-SVM had the
greatest distributions of class probability as the different groups located on both ends of
the X-axis. For cross validation, group 1 and group 2 were mainly separated with a limit of
threshold value 0.5 and the principal part of class probability were 0.05 - 0.25 for group 1
and 0.75 - 1.00 for group 2, respectively, which matched the model performances shown
in Table 5.2 and Table 5.4. One could also see that the external validation model of SNV-
SVM had a great segregation between different groups with very little overlap, while the
same model of SNV- RFSBF-SVM had a relatively poor distribution that each group had a
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Figure 5.2. The kernel density estimation of probability distributions of different models, (a) FD-RF,
(b) FD-RFSBF-SVM, (c) SNV-SVM, and (d) SNV-RFSBF-SVM. (FD) The first derivative; (RF) Random for-
est; (RFSBF) Random forest selection by filter; (SNV) Standard normal variate; (SVM) Support vector

machine.
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small peak in the wrong position. Despite this, SNV- RFSBF-SVM only used two parts of the
full wavelength. These results provided further support for the hypothesis that features
extracted could be used to simply models under the premise of ensuring the stability of
model performances.

5.4. CONCLUSIONS

NIRS combined with various machine learning approaches was explored in this study
to classify peanut varieties for precision processing based on the structure and roast char-
acteristics of the resulting peanut butter. Cross validation, external validation, and KDE
showed good performances of the models. To date, manufacturers in the peanut process-
ing industry have solely used theirinherent knowledge and experience to produce blends
of peanuts to obtain peanut butter with different characteristics. The overall results of the
study showed the feasibility of using NIRS to classify peanut varieties to product different
peanut butters. This enables the possibility to sort or select peanut varieties based on
the expected peanut butter qualities. Systematically scanning all peanuts could provide
some objective data to predict the final product characteristics and thus reduce the waste
of materials along the processing chain. Further work would be needed to increase the
sample size and investigate the interactions of the processing conditions to provide guid-
ance for adapted processing procedures to attain stable peanut butters.
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SUPPLEMENTARY MATERIALS

Table S5.1 The detailed information of peanut varieties.

Number Sample name High oleic acid peanut
T Zhongkaihual No

2 Zhanyou75 No
3 Yueyou?7 No

4 Yuhua9326 No

5 Yuhua76 Y
6 Yuhua65 Yes
7 Yuhua37 Yes
&8 Weihua8 No
s Weihua25 Yyes
o Weihual6 No
nooo Tianfu18 No
2o Shanhua9 No
B3 Shanhua8 No
4 Shanhua7 No
5 o Shanhuall No
% Puhua28 No
7o Luhuall No
s Jinhua9 No
9 Jinhua8 No
2 Jihuatian1 No
2 Jihua8 No
2 Jihua5 No
23 Jihua19 Yes
24 Jihual8 Yes
2 Jihual6é yes
6 Jihual0 No
2 Huayu963 Yyes
28 Huayu962 Yyes
29 Huayu917 Yyes
T Huyua661 Yyes
e Huayu33 No
2 Huayu25 No
3 Huayu22 No
4 Huayu20 No
3 Hanghua2 No
6 Fuhual2 No
7 Fenghuat No
T Baisha1016 No
. Baisha No
40 DF06 Yes
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6.1. OVERVIEW

The quality traits of peanuts are the foundation of the entire peanut industry with the
globalisation of the peanut industrial chain. Peanut quality traits attract more and more
attention which makes that the demands for rapid quality traits evaluation of peanuts
and their products are increasing. Therefore, this thesis is to elucidate and comprehend
distinct analytical signatures and relationships of various types of peanuts and derived
peanut butters for quick evaluation and identification of peanuts to improve the values
of peanuts and final products in the whole production chain. To achieve this aim, Chap-
ters 2 and 3 examined the different analytical signatures of batch samples and single ker-
nel peanuts, and rapid detection methods based on portable near-infrared spectroscopy
(NIRS) were developed and evaluated (Yu, Liu, Erasmus, et al., 2020; Yu, Liu, Wang, et al.,
2020). Next to that, the relationship between peanuts and peanut butters was investi-
gated in Chapter 4 (Yu et al., 2021). In Chapter 5, the rapid methods of peanut classifica-
tion for peanut butter manufacture were developed and evaluated. In the current chap-
ter, the findings from Chapters 2-5 are presented in Table 6.1, along with the discussion
and interpretations of the main findings. Following this, different analysis methods are
compared and the implications for the industry are evaluated. Finally, the limitations and
recommendations for future research are provided.

6.2. THE ANALYTICAL SIGNATURES OF DIFFERENT PEANUT VARIETIES
AND THE ESTABLISHMENT OF THE SCREENING METHODS

6.2.1. The analytical signatures of different peanut varieties

In this thesis, the major components’ profiles of different peanut varieties were stud-
ied in Chapters 2-4. Specifically, the fatty acids (FAs) profiles of high oleic acid peanuts
(HOP) and regular peanuts (RP) were investigated in Chapter 2. The content of oleic acid
was significantly higher (P < 0.001) in HOP, while the contents of linoleic acid and palmitic
acid were significantly lower (P < 0.001) than in RP. In Chapter 3, the major analytical sig-
natures (e.g. fat, protein, sucrose, and amino acids) of different peanut varieties excluding
FAs were evaluated. The principal component analysis (PCA) biplot (Figure 3.2) showed
that fat and sucrose are the most important components that distinguish peanut varie-
ties. When adding FAs, however, FAs appear to be even more important (Figure 4.2) to
distinguish peanut varieties. That is because the FAs composition differs to a larger extent
across varieties than the other characteristics. The main three reasons for the differences
and similarities in the analytical signatures between varieties were gene factors, grow-
ing environment, and agricultural practices. For instance, ahFAD2 gene families are the
feature genes of HOP (Nawade et al., 2018). The growing environment (such as soil and
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Table 6.1. The summary of the main findings described in this thesis.

Chapter Aim

Main findings

2 To investigate the differences of «+ The oleic acid, linoleic acid, and palmitic acid were
FAs between HOP and RP in order highly significant (P < 0.001) between HOP and
to classify and quantify its major RP and the interrelationships between them were
FAs by portable NIRS, and compare determined by PCA.
results with benchtop NIRS. » HOP and RP were completely distinguished based

on PLS-DA by portable and benchtop NIRS.
« Portable NIRS had the same quantitative perfor-
mance for major FAs prediction as benchtop NIRS in
. _terms of PLS method.

3 To explore the differences and simi- « The compositional patterns of different samples
larities of fat, sucrose, protein, and were clustered into four categories explored by PCA
amino acids between different pe- combined with K-means method.
anut varieties in order to establish ~ « A detection accessory of single peanuts was desig-
quantitative prediction models of ned to collect spectral data.
the above compounds at the single « The spectral data was explained by the structure of
peanut level by the portable NIRS molecular groups of the peanuts.
combined with the single peanut « The quantitative analysis of single peanuts based on
detection accessory. PLS was implemented by the portable NIRS.

4 To explore the variances of the - Broad variations in the quality traits of peanuts and
quality traits of peanut butters from peanut butters were found.
different peanut varieties and eluci- « The quality traits patterns of different peanut but-
date their multivariate relationships.  ters could be separated into three distinct groups.

» Group 1 had the highest values of pyrazines, textu-
re, and rheological properties.

» Peanuts with higher sucrose content and lower
fat content had great contributions to the texture,
rheology, and pyrazines of peanut butters.

5 To conduct cluster analyses of pe-  « Significant differences (P < 0.05) were found in the

anut varieties based on the quality
traits analysis results of the corres-
ponding peanut butters in order to
rapidly identify the characteristics
of peanut butters through the ac-
quired NIRS data of peanuts.

structure and roast traits of peanut butters between
different groups.

« The first derivative with random forest was the best
method for structure traits identification model.

« Standard normalisation variable with support vec-
tor machine was the best method for roast traits
identification model.

» Random forest selection by the filter can effectively
select the feature variables to simplify the models.

FAs, Fatty acids; HOP, High oleic acid peanuts; NIRS, Near-infrared spectroscopy; PCA, Principal component
analysis; PLS, Partial least squares; PLS-DA, Partial least squares discriminant analysis; RP, Regular peanuts.

climatic factors) and agricultural practices (such as mix cropping and weed management)
as the main externalities have great influences on the quality traits of peanuts (Chamber-
lin, 2019; Phan-Thien et al., 2010; Zuo & Zhang, 2008). In terms of physical analytical signa-
tures of peanuts, such as kernel length, kernel width, and kernel weight, there is no clear
relationship between the physical characteristics and chemical characteristics. Therefore,
according to the above results, peanut variety is key, especially when it comes to the high
oleic acid content. Following this, fat and sucrose are used to characterise peanut varieties
for further utilisation. Basically, peanut varieties with high fat content always have low
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sucrose content (Bishi et al., 2013; Yu, Liu, Erasmus, et al., 2020). Meanwhile, we should
consider protein and amino acids contents between different peanut varieties as well,
especially arginine which is the most abundant amino acid compared with other cereals
and crops (Wang, 2016).

6.2.2. The establishment of the screening methods

Portable NIRS and benchtop Fourier transform NIRS were utilised to explore the char-
acteristic molecular vibrations of different peanut varieties in Chapters 2 and 3. Even in
a similar wavelength range, the spectral data collected by the benchtop NIRS have lower
and concentrated reflectance ranges (e.g. 0.26 - 0.33 at the starting position) compared
with portable NIRS (Figure 2.3). The distinctions may be explained by the differences
of the light path inside the instruments and the sample cup size. The light path literally
makes the reflection value higher or lower (Liu et al., 2018; Xu et al., 2018), and the concen-
trated extent of the reflection spectra depends on the diffuse reflection degree (Rady et
al., 2019). The shape of peanut kernels is mainly oval, leading to diffuse reflection of light.
The larger size sample cup used with the benchtop NIRS avoids too much space between
peanut kernels which reduces the diffusion effect (Williams, 2021). Meanwhile, the spec-
tral characteristics of batch and single kernel measurements by portable NIRS are fairly
similar (Figure 2.3 and Figure 3.5). The observed differences are that the absorbance
values of the spectral data of single kernels are lower than for batch measurements. The
absorbance value equals the -log transformation of the reflectance value (Gardner, 2018).
Compared with single kernels scanning which has the largest scanning area, batch scan-
ning probably has a partial scanning area because of the gap between peanuts caused
by the samples’ loading. The distinctions in the scanning area result in higher reflection
values for single peanut kernels and then lower absorbance values.

Although there are differences between portable analyses (batch detection and
single kernel detection) and benchtop analyses (batch detection), the spectral data of
the three types show similar trends because they are both based on the same molec-
ular vibrations. For the raw spectral data, the peaks and valleys are 1106 nm, 1205 nm,
1298 nm, and 1460 nm, which are features for peanuts compared with other crops such
as soybean (Kusumaningrum et al., 2018) and wheat (Shi & Yu, 2017). After pre-treatments,
such as the second derivative, more peaks appeared involving 927 nm, 952 nm, 1007 nm,
1038 nm, 1125 nm, 1162 nm, 1181 nm, 1212 nm, and 1243 nm. The molecular vibrations
are related to the bonds of C-C, C=C, N-H, O-H, etc., which indicate the concentrations
of some compounds, including fat, FAs, protein, amino acids, etc. Theoretically, the band
locations linked with fat and FAs are identified at 930-960 nm as the third vibration and
the fourth stretching overtone of CG-H group (Workman & Weyer, 2012; Yu et al., 2016).
N-H stretch second and first overtone principally originate from protein and amino acids,
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which contribute to 973-1020 nm and 1420-1530 nm of the spectral structure, respectively
(Workman et al., 2012). In addition, O-H and C-H stretch mainly stemmed from sucrose
lead to 1400-1450 nm of the spectral structure (da Costa Filho, 2009; Workman et al., 2012).
Hence, the features of NIRS in certain wavelength ranges could be treated as the derived
characteristics of the different compounds. As a result, the classification models have high
performances to distinguish HOP from RP based on the spectral data linked with different
chemometrics approaches by the portable NIRS device. Furthermore, fat content, individ-
ual FAs, sucrose content, protein content, and amino acids could be reliably and quantita-
tively predicted from the spectral data.

6.3. THE RELATIONSHIPS BETWEEN PEANUTS AND DERIVED PEANUT
BUTTERS

In order to elucidate the relationship between peanuts and peanut butters, the
characteristics of different peanut varieties and derived peanut butters were analysed
in Chapters 4-5. Moreover, the similarities and distinctions in quality traits between the
different groups were assessed. Raw materials were grouped into three clusters based on
the physical and chemical qualities of peanuts, especially the contributions of fatty acids
(Figure 4.2). Similarly, the derived peanut butters were also grouped into three clusters
based on the structure characteristics (texture and rheology) and roast characteristics
(colour and volatile compounds) together, where the groups had significant differences
(Figure 4.4). Furthermore, there is no significant correlation between the structure char-
acteristics and roast characteristics (Figures 4.3b and 4.5b). Hence, the quality traits of
peanut butters could subsequently be divided into two categories: the texture and rheo-
logical characteristics reflecting the internal structure of peanut butters, and colour and
volatile compounds reflecting the roast characteristics. The new cluster results were pre-
sented in Figure 5.1 aand b.

The separate analyses combined with the overall analysis provided a deeper insight
that the components of raw material profoundly influenced the quality traits of peanut
butter. For instance, the structure characteristics of peanut butter are determined through
interactions between major components, such as fat, protein, and carbohydrates. Peanut
butter is oil-based colloidal suspension, where solid flecks are diffused. Fat, accounting for
above 50% of total mass, is the lubricant for the whole system to mitigate the interactions,
while protein and carbohydrates act like thickeners to boost the internal structure of pea-
nut butter. It has been underlined that fat content had a significant (P < 0.05) negative rela-
tionship with the firmness of peanut butters in this thesis. Meanwhile, the compositions
of fat, especially FAs profiles, are not negligible factors for the structure characteristics
because the ratio of unsaturated to saturated FAs was significantly correlated with struc-
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ture characteristics (Staniewski et al., 2021). Although this thesis showed that oleic acid
had a positive relationship with rheological characteristics while linoleic acid and palmitic
acid had negative relationships with rheological characteristics, they were not significant.
The latent cause was that oleic acid structures, especially double bonds, were destroyed
because peanut butter preparation had gone through high temperature (the roast pro-
cessing) and high-speed cutting (the grinder processing). Nonetheless, peanut butters
manufactured with high HOP have a longer shelf life (Gong et al., 2018) and nutritional
benefits (Zhao et al., 2019). The manufacturers could select HOP varieties from group 1
(e.g. JH18, YH37, and HY963) recommended in this thesis to increase the competitiveness
of peanut butters through texture and flavour. In contrast, protein and sucrose have sig-
nificant (P < 0.05) positive relationships with structure characteristics of peanut butters.
Specifically, the average diameter of peanut protein particles are 2-10 um, which gives
peanut butter a soft and thick texture (Damodaran et al., 2007). Therefore, an increase in
protein content literally boosts the internal structure of peanut butter. Meanwhile, sucrose
is one of the key components which influenced the texture and rheological characteris-
tics. It is known that sucrose could lead to an increase in the macromolecular entangle-
ment (Mathlouthi & Reiser, 2012). As a result, there are significant differences (P < 0.05) in
the structure characteristics between two groups of peanut varieties in Chapter 5.

In terms of the roast characteristics, non-enzymatic browning, especially the Maillard
reaction, results in the colour and volatile compounds of peanut butters. In this thesis, the
roast condition was consistent with a temperature of 160°C and a time of 30 min. Peanut
varieties were the single variable for the Millard reaction. On one hand, different compo-
sitions of peanut varieties influence the Maillard reaction rate. For instance, in addition
to pentose, the effect of hexose (glucose and fructose) on the rate is greater than that
of other monosaccharides. Although sucrose as non-reducing sugar cannot be directly
involved in the Maillard reaction, sucrose can hydrolyse into glucose and fructose during
the heating process (Plazl et al., 1995). The Maillard resulting volatile products such as
pyrazines formed in the final phase were shown to be affected by decreasing sucrose con-
tent (Garvey et al., 2021). Similarly, glycine is the most active amino acid for the Maillard
reaction (Wang & Qi, 2015). Therefore, sucrose and glycine showed a significant (P < 0.05)
positive correlation with volatile compounds. On the other hand, the compositional con-
tents directly affect the formation of volatile compounds, such as serine, histidine, and
leucine for pyrazines, and monosaccharides for pyrrole. This is because amino acids (nitro-
gen supply) and saccharides (carbon sources) are two key precursor substances (Hui et al.,
2010).

In Chapter 5, we demonstrated the hypothesis that the spectral data of raw materials
could predict the quality traits of peanut butters. Theoretically, the spectral data of pea-
nuts could reflect the similarities and differences in the chemical compositions of peanut
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varieties shown in Chapters 2-3. The relationship between the chemical compositions
of peanuts and the quality traits of peanut butter has been analysed in Chapter 4. The
underlying logic is obvious that the chemical composition of peanut varieties bridges the
spectral data of peanuts and the quality traits of peanut butters. Similar results have been
found in previous studies, e.g. in regard to the spectral data of apples for predicting the
qualities of purees (Lan et al., 2020), and the spectral data of wheat varieties for predict-
ing the qualities of chapatti (Kundu et al., 2017). According to the results of Figure 5.1
c-g, the spectral data of raw materials showed the differences between different peanut
butter groups, especially the wavenumber range from 8765.62 cm™ to 3996.02 cm™. These
wavenumber ranges are derived from the key components that affect the quality traits of
peanut butters.

Compared with partial least squares discrimination analysis, machine learning, such
as support vector machine and random forest, have a greater capability to deal with the
nonlinearity and collinearity of the multivariable to improve the performances of models
established by the full wavelength range and feature wavelengths in this thesis. Machine
learning advantages in handling complex situations were also found in a previous study
(Deng et al., 2020). This thesis offered reliable methods to evaluate the suitability of pea-
nut manufacturing peanut butter. What needs to be improved is the specificity and sen-
sitivity of the models due to the limitations of the number of samples. In practice, the
models will be more refined as more samples are added and new methods are introduced
such as gradient boosting and neural networks.

6.4. EVALUATION OF THELAB-BASED CONFIRMATORY AND SCREENING
METHODS

In the current thesis, the quality traits of peanuts and peanut butters were analysed
by the lab-based confirmatory methods (e.g. gas chromatography for FAs, amino acid
automatic analyser, high performance anion exchange chromatography for sucrose, gas
chromatography-mass spectrometry (GC-MS) for the volatile compounds of peanut but-
ters, etc.) and screening methods (portable NIRS and benchtop NIRS). To compare these
analytical methods, several aspects should be considered, which include sample prepa-
ration, operational difficulty, analysis time, the price of the instruments, operational envi-
ronment, and precision performance (Mdller-Maatsch, Bertani, et al., 2021).

Sample preparation. The sample pre-treatments for the lab-based confirmatory test
and screening test vary significantly. According to the standard methods for the compo-
sitional analysis in peanuts and the chemical methods for the quality analysis in peanut
butters, chemical reagents must be applied to perform arduous sample pre-treatments.
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Some of the pre-treatments especially are demanding in terms of high temperature and
long time. For example, peanuts need to be hydrolysed at 70°C and methylated at 100°C
before FAs analysis (Anderson et al., 2019). Similarly, amino acids analysis requires samples
to be hydrolysed at 110°C for 22 h. Therefore, the sample preparation of lab-based con-
firmatory methods is complicated, time-consuming, and unsustainable. In contrast, the
protocol of the screening methods such as portable NIRS and benchtop NIRS is simple
and green even though the initial phase of model establishment requires the lab-based
confirmatory test as a reference, which means that the quality traits of peanuts can be
detected directly without any sample preparation (Fernandez-Novales et al., 2019).

Operational difficulty. In terms of the lab-based confirmatory analyses, both sam-
ple pre-treatments and detections have strict requirements on the manual operation and
the parameters settings (Yan et al., 2019). In particular, the operation of a GC-MS system
needs well-trained technicians. Meanwhile, professional training is required to adopt
the advanced software from data collection to analysis. Overall, the operational process
requires excessive time and professional personnel. However, regarding portable NIRS
and benchtop NIRS, the method establishment and application can be separated. Hence,
although the method establishment needs to use various data, chemometrics and asso-
ciative knowledge, and expertise level, it is relatively straightforward to apply. The whole
protocol specifies the basic operation to reduce the noise including spectral device pre-
heating and calibration, and sample loading and measurement. Accordingly, untrained
personnel could be tutored quickly to master the protocol because the operation is easy
and the software has the friendly graphical user interface, while professional technicians
are only required to advance the models.

Sample analysis time. According to the sample preparation and operation, the lab-
based confirmatory analyses always take considerable time. Specifically, it takes more
than 10 h per sample to separate and analyse by GC-MS for the FAs analysis (Yu, Liu, Wang,
et al., 2020). Similarly, the protocols of the major components and amino acids analysis
expect a significant amount of time to obtain the corresponding results (Yu, Liu, Erasmus,
etal.,, 2020). As regards the quality traits of peanut butters, a 4-hour analytical process was
adopted to identify volatile compounds (Yu et al., 2021). Even if most equipment includes
automated systems, it is inevitably to occupy a long time to fulfil the whole analyses. In
the case of spectral analysis, it naturally needs to spend enough time in creating sub-
stantial databases to establish models. But once the methods are established, the regular
analysis time per sample is about 1 min including sample preparation, experimental oper-
ation, and sample analysis. More importantly, if the instrument involves abundant quality
traits models, such as fat, protein, and amino acids, it can detect the quality traits of pea-
nuts simultaneously. Therefore, the efficiency of spectral analysis is further improved and
it would be optimal when considering sample preparation and analysis time.

132



General discussion - Chapter 6

Laboratory or on-site test. The lab-based confirmatory analyses, such as using
GS-MS, can only be performed in a laboratory since they usually require multi-step, high
temperature, special apparatus, and rigorous conditions. The application scenarios of
benchtop NIRS are also limited to the laboratory due to its sophisticated optical com-
ponents. Miniaturised spectroscopic devices have been developed to replace the large
and immobile analytical instruments and can be applied in situ (Miller-Maatsch & van
Ruth, 2021). In this thesis, the commercial miniaturised spectroscopic device is remod-
elled for peanut detection. The device is equipped with an aviation material cabinet of
420 mmx330 mmx166 mm size, which is easy to carry and transport anywhere (Miller-
Maatsch, Bertani, et al., 2021). The equipment has two detection accessories for batch
measurements and single kernels detections. At the same time, it has an inline battery
for continuous power supply for 10 h to guarantee use for one day. In summary, portable
NIRS has more advantages than GC-MS and benchtop NIRS regarding in situ applications.

Price of the instrument. Pricing is a critical consideration for enterprises and rele-
vant government departments, when it comes to the selection of analytical equipment.
The small companies commonly cannot afford the cost of the lab-based confirmatory
analysis instruments which are always purchased by large enterprises, research institu-
tions, and commercial laboratories because they are worth more than €50,000. Mean-
while, these instruments need irregular maintenance and replacement of components
after use, which increase the total cost. Both portable NIRS and benchtop NIRS are huge
competitive at this point because their prices are obviously lower than the lab-based con-
firmatory test instruments. Especially, the price of portable NIRS is less than €10,000. In
terms of maintenance charges, the main cost is to change the light sources but the light
sources generally have a long service life. With the development of the miniaturised spec-
tral instruments, the market pricing of instruments preparation is gradually decreased.
Therefore, portable NIRS can serve more clients without huge financial stress.

Precision performance. Although the screening methods have many merits, they
cannot completely replace the lab-based confirmatory methods because the perfor-
mances of the screening methods are affected by several factors. As indicated previously,
the establishment of the screening methods hinges on the lab-based confirmatory meth-
ods as references. Taking NIRS methods as examples, these factors include the number
and variance of representative samples, the accuracy of the reference measurements,
and the stability and operational environment of the device. Hence, once deviations from
expected are found after the screening, all the abnormal samples should be transferred to
the laboratory for further confirmation by the lab-based confirmatory methods. In addi-
tion, these abnormal samples could be added to the original sample set to update the
models.
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6.5. IMPLICATIONS FOR PEANUT INDUSTRY

To improve the values of products and economic benefits in the whole peanut chain,
the screening methods (NIRS) could be used to determine key quality traits of peanuts at
three key points in the chain: breeding, trade, and processing (Figure 6.1). Formerly, the
traditional approaches in each point were the chemical methods which are destructive
and non-efficient. With the whole development of the peanut industry, from breeders to
farmers, from processors to regulators, all stakeholders pay more attention to the quality
traits of peanuts and their products. Currently, with the screening methods proposed, the
whole peanut chain will benefit because the quality traits of peanuts can be quickly and
accurately assessed. The three points are detailed below.

Single peanut kernels assessment. Breeding is the starting point of the whole
peanut industry. Plant breeding experts are always seeking approaches to enhance the
quality traits of current varieties since a good peanut variety can bring huge economic
benefits to farmers and improve the values of products for consumers. During the breed-
ing process, only a few kernels have genetic mutations to attain the desired traits because
the heritability of the targeted trait might be below. As a result, each generation of seed
resources is limited and valuable. Therefore, it is difficult to analyse the quality traits of
seed resources by the conventional benchtop NIRS which generally needs about 250 g
samples and the chemical methods which are destructive (Agelet & Hurburgh, 2014). A
single peanut kernel NIRS analyser can offer non-destructive, rapid, and high throughput
detection methods, which boost the breeding process and protect rare peanut resources.
The corresponding quantitative approaches of main components such as fat, protein,
sucrose, and amino acids have wide applications.

On-site screening methods for trade. After the harvest of mature peanuts, pea-
nuts will be traded to domestic and international companies for further manufacture. The
peanut grade as the focus of the trade, which is mainly determined by the compounds
such as fat, FAs, and protein, is critical to ensure a healthy trading market. Meanwhile, the
transactions could take place in various sites from the fields to the customers. The usual
practice is to send samples to a laboratory for testing. The long waiting for results would
probably miss the perfect trading opportunity. On the contrary, portable NIRS can offer
better detection with cost-efficient and fast results. Hence, companies can quickly assess
peanut authenticity (e.g. HOP) and quality traits to expedite transactions with a guaran-
tee. Similarly, law enforcement agencies can take advantage of portable NIRS to supervise
the entire supply chain to sustain market order. If the analysis findings cause suspicions,
samples should be sent to the laboratory for further investigation by confirmatory anal-
ysis.
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Figure 6.1. The application of the advanced detection techniques in the peanut industry chain.
(HPLC) High performance liquid chromatography; (GC-MS) Gas chromatography-mass spectrome-
try; (NIRS) Near-infrared spectroscopy.

Selection of peanut varieties for manufacture with purpose. The quality traits
of final peanut products are basically influenced by two major important factors: raw
materials and processing conditions. Just as different flour types require distinct wheat
varieties (e.g. protein quantity and quality) (Ortolan & Steel, 2017), peanut varieties, as
the first workshop for processing, are also evaluated from the products’ perspective. A
previous study was conducted to classify peanut varieties for processing peanut protein
with high gelation or high solubility (Wang et al., 2017). In this thesis, we classified peanut
varieties for manufacturing different types of peanut butter. Meanwhile, the methods of
the rapid assessment of peanut varieties for processing peanut butter were proposed.
The companies can quickly choose peanut varieties for the different demands of consum-
ers. In other words, they no longer need to manufacture peanut butter and measure the
properties one by one to judge the suitability of peanut varieties as before. The proposed
approaches are intended to enhance peanut foods’ quality control, save expenses, and
enable faster decision-making.

6.6. GENERAL CONCLUSIONS

The aim of this PhD thesis was to elucidate and comprehend distinct analytical signa-
tures and relationships of various types of peanuts and derived peanut butters for quick
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evaluation and identification of peanuts. According to the results described in the previ-
ous chapters, the following conclusions can be drawn.

It was found that different peanut varieties generally have various physical and
chemical qualities (Chapters 2 and 3). Specifically, the FAs profiles differed significantly
between the HOP varieties versus the RP varieties. Furthermore, when comparing the
instrumental performance of portable NIRS and benchtop NIRS, the same performance
was obtained for identifying peanut variety and for the detection of their associated FAs
profiles. On the other hand, the fat, protein, sucrose, and amino acid composition of single
kernel peanuts can be quickly detected by portable NIRS equipped with the single detec-
tion accessory and exploiting the differences in spectral data.

The impact of raw materials on the quality traits of peanut butters is considerable.
A new classification method has been proposed from the perspective of peanut pro-
cessing and utilisation. Peanut varieties are also classified into the same category after
manufacturing into peanut butters. The underlying reason is that the related chemical
compositions (e.g. fat, sucrose, and amino acids composition) of peanut varieties in the
same group are comparable. Meanwhile, one of the major findings to emerge from the
thesis is that the spectral data of the raw materials can predict the quality traits of peanut
butters, and reversely, the processed raw materials can be inferred based on the quality
traits of peanut butters. Therefore, NIRS can rapidly distinguish peanut varieties to predict
the properties of the expected peanut butters, and potentially peanut butters could be
checked for their raw materials after processing.

6.7. RESEARCH LIMITATIONS AND RECOMMENDATIONS

The reliable theoretical basis and rapid detection methods in this thesis will facili-
tate to monitor, adjust, and guarantee the quality and identity of peanuts in the whole
production chain. Meanwhile, peanuts and their product processing are globalised and
complex, leading to many quality and safety issues (Wang, 2018). Some issues happening
in the peanut industry could be accidental or intentional. Nevertheless, there is always a
need for rapid quality and safety analysis, especially spectroscopy techniques. However,
there are still some limitations to this thesis. In order to improve the performances of the
models and have a deeper insight into the whole peanut chain, some suggestions are
proposed below.

Sample size and models updated. The establishments of NIRS detection methods

rely on the reference samples and reference values used. Therefore, the quantity and rep-
resentation of samples are indispensable to ensure the robustness of the models. On one
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hand, new peanut varieties will be cultivated every year. These varieties are unknown to
the current models. On the other hand, the prevailing varieties should consider the vari-
ances in the environmental factors (e.g. year, soil, and climate) and farm system (e.g. plant-
ing pattern and management). Meanwhile, the peanut samples from other main peanut
planting countries such as India and the USA should be collected to advance models for
international trade. With the number of the above samples added and leveraged, our
methods could have more adaptability to be operated worldwide.

Processing conditions of peanut butter and the qualities prediction. Processing
conditions are the other determinant factor in addition to the raw materials. The process-
ing conditions remained unchanged in order to control variables in this thesis. However,
for the same variety, the quality traits of peanut butter would be diverse under different
processing conditions. For example, the roast temperature and time have profound influ-
ences on the types and contents of volatile compounds. Processing good peanut butters
not only require some typical peanut varieties but also utilise the optimum production
process conditions. Therefore, in the future, the relationship between different process
conditions and the characteristics of peanut butter could be explored to further improve
the product qualities. Meanwhile, the characteristics of peanut butter should be meas-
ured directly by NIRS through chemometrics to link the spectral data of peanut butter.
The potential application is that it could help to assess the qualities of peanuts butter and
discriminate peanut butter adulteration (e.g. corn flour, pear seed, and cassava flour).

The instruments for the whole peanut chain. Currently, portable NIRS and bench-
top NIRS are the main instruments used on-site and in the laboratory. From the perspec-
tive of the whole chain, there are still several demands for other types of rapid instru-
ments. Firstly, the drone or ground-based lidar sensor could be used to monitor the
growing conditions of peanut planting. For instance, the chlorophyll contents of leaves
and the soil situation could be quickly obtained to pledge the sustainable development
of the local planting (Qi et al., 2021; Yuan et al., 2019). Secondly, online detection devices
such as hyperspectral imaging devices or optical fibre sensors should be considered to
ensure process quality control. Manufacturers could control the vital links of production
to guarantee the quality and safety of the peanut products by surface, subsurface, and
internal evaluation (Garrido-Varo et al., 2018; Yu et al., 2016). Finally, the phone-based
device should be designed for consumers (Hussain & Bowden, 2021). Smart phones are
becoming more and more popular around the world. They are not solely communica-
tion instruments but have supercomputing power chips, large storage capacity, and long
battery life. That means that smart phones could develop forwards a consumer-oriented
device, and consumers could have a deep insight into the qualities of peanuts and their
products before final purchase. Therefore, advances in high-performance hardware will
drive the future development of the peanut industry.
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Advanced chemometrics and Internet of Things. The use of chemometrics makes
spectroscopy techniques more convenient and effective for the analysis of quality traits
in peanuts and their products. However, the robustness of some models needs to be
improved by new pre-treatments and algorithms. For instance, artificial neural networks
and reinforcement learning can improve the performances of qualitative and quantita-
tive models. Agricultural Internet of Things can integrate sensing, spectral, computing,
and implementing devices to support need-specific operations (Tzounis et al., 2017), so
that peanut producers, processers, and other stakeholders can properly and promptly
respond to the situation of improving the yield and the quality traits of peanut and its
products.

The quality traits of peanuts are the cornerstone of the entire industry. Although there
are still some restrictions that limit these techniques for peanut industrial utilisation, it is
anticipated that the increasing requirements for the quality and safety analyses in peanut
and its products, as well as ongoing work on the development of spectroscopy meth-
ods, will make these techniques more effective for peanut industrial applications. This
thesis tackled the barriers regarding the analytical signatures in batch and single kernel
measurements as well as the relationship between peanuts and derived peanut butters.
Meanwhile, the establishment of novel spectroscopic approaches makes the evaluation
of peanuts more efficient. These improvements could offer a fresh perspective and spark
additional research in the future.
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Summary

Peanuts as raw materials are the cornerstone of the whole peanut industry. The qual-
ity traits of peanuts determine their market values and the characteristics of final prod-
ucts, such as peanut butters. However, the quality traits of peanuts vary extensively with
variety, growing environment, storage condition, and maturity. Meanwhile, the quality
traits of peanuts have profound influences on the characteristics of their derived peanut
butters. In order to understand the impact of the varieties on the traits of peanuts and
peanut butters and develop rapid determinations, the main aim of this thesis is to eluci-
date and comprehend distinct analytical signatures and relationships of various types of
peanuts and derived peanut butters and develop rapid methods of evaluation and iden-
tification of peanuts by near-infrared spectroscopy (NIRS) combined with chemometrics
and machine learning.

In Chapter 2 and Chapter 3, the different analytical signatures of batch samples and
single peanut kernel peanuts were measured by conventional methods (e.g. gas chroma-
tography and high-performance anion-exchange chromatography). The results showed
that the fatty acids (FAs) composition of high oleic acid peanuts (HOP) and regular pea-
nuts differed significantly. The models established by portable NIRS had the same perfor-
mance to identify HOP and quantitatively measure the major FAs in batch peanut samples
compared with benchtop NIRS. Meanwhile, considering the internal (measured by laser
confocal microscopy) and external characteristics (kernel size) of different single peanut
varieties, a single peanut detection accessory was designed and equipped with portable
NIRS to collect spectral data of single peanut kernels. Based on the established quantita-
tive models, breeding experts could quickly analyse the fat, protein, sucrose, and amino
acids contents in single peanut kernels.

In Chapter 4, the relationships between peanuts and derived peanut butters were
elucidated and the varieties were systematically clustered. It was found that lower fat
and higher sucrose content in peanuts had great positive contributions to texture, rhe-
ology, and pyrazine content of peanut butters. Amino acids, especially serine, had posi-
tive effects on the main volatile compounds. Therefore, one group of peanuts (e.g. HY25,
JH18, YH37, etc.) were applied to manufacture peanut butters with the highest pyrazine
content and the highest values of texture and rheological properties. In Chapter 5, it was
presented that peanut varieties were further clustered according to the structure charac-
teristics (texture and rheology) and roast characteristics (colour and volatile compounds),
respectively. The rapid identification methods of peanut varieties for peanut butter man-
ufacture were established based on benchtop NIRS combined with machine learning.
The sensitivity, specificity, and accuracy of cross validation and external validations using
random forest and support vector machine algorithms were all over 90%, which offered
new strategies for producers to rapidly identify peanut varieties for processing purposes.

144



Summary

In conclusion, the obstacles regarding the analytical fingerprints in batch and single
kernel measurements as well as the relationship between peanuts and derived peanut
butters, were addressed in this thesis. Furthermore, it is expected that the future devel-
opment of novel spectroscopic approaches based on NIRS could boost critical links to
improve the efficiency of peanut quality assessment. From breeding experts to produc-
ers, all stakeholders could have deep insights into the impacts of varieties on the qual-
ity traits of peanuts and their products. Ultimately, it will provide better control over the
quality traits of peanut varieties in order to enhance quality, reduce waste, and mitigate
integrity issues in the peanut (butter) supply chains.
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