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Abstract 

Food authentication is one of the major problems faced by beef industries in both 

Australia and around the world in particular authenticating production systems for beef 

products as consumers are increasingly demanding more information on how their meat is 

produced. A portable rapid objective measure of predicting production system was developed 

as a result of this expectation of  consumers of true to label products. Raman spectroscopy was 

chosen for investigation as it is able to provide a chemical fingerprint of the sample that should 

be able to detect changes in feed, provides a rapid result, does not require specialised training 

for operation and is commercially available in a portable handheld device.  

The current method of authenticating the production system of beef is dependent on 

audits and reliant on producers following the requirements set by processors, which vary for 

individual grain and grass-fed brands. Maintaining transparency and trust in the supply chain 

for grass fed beef represents a significant cost to the industry in the form of auditing and an 

even greater potential cost if there is a failure in the auditing process. The overall aim of this 

research will be to test the viability of Raman Spectroscopy to accurately differentiate between 

production systems. This thesis presents an evaluation of Raman Spectroscopy in combination 

with a variety of chemometric modelling techniques, to accurately classify the production 

system of beef carcases from across Australia.  

Raman spectra was collected at 24 h post mortem from the subcutaneous fat over the 

brisket of beef carcases, using a 785 nm handheld portable Raman device. The beef cattle were 

sourced from a variety of production systems from across Australia including 100 day grain 

fed, verified grass fed, northern long term grain fed, northern short term grain fed, northern 

grass fed, northern grass fed with supplementation, southern long term grain fed, southern short 

term grain fed, southern grass fed, and southern grass fed with supplementation. The ability for 

Raman spectra to discriminate between the production systems was assessed utilising Principal 

Components Analysis (PCA) and Partial Least Square Discriminant Analysis (PLS-DA). These 

chemometric techniques were also utilised to asses the fatty acid composition of the 

subcutaneous fat assessed by fatty acid methylation extraction using gas chromatography with 

a flame ionisation detector (GC-FID). 

Overall the classification of beef production systems based on Raman spectroscopy 

measures of fat composition showed promising results with the southern production systems 
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providing the best accuracy of 95- 98 % for discriminating between different levels of grain 

and grass feeding. The spectral features of note included peaks at 1301 cm−1, 1206 cm−1, 1440 

cm−1, 1506 cm−1, 1626 cm−1, 1658 cm−1, 1686 cm−1 and 1803 cm−1. 

The northern data performed best when the model was simplified, developed utilising a 

two-class grain vs grass system, this resulted in an increase in accuracy from 59-92 % to an 

overall model accuracy of 94 %. The spectral features utilised for the discrimination of the 

northern data included 880-920 cm -1, 1080-1100 cm-1, 1206 cm-1, 1301 cm-1, 1440 cm-1, 1650-

1660 cm-1 and 1745-1760 cm-1. Assessment of these wavelengths indicates the differences are 

due to the chemical structures C-C, CH, CH2, CH3, C-O, C=O and C=C. These structures and 

location in the spectra have been linked consistently to the fatty acids and overall lipids. Due 

to this the fatty acid composition of the subcutaneous fat was assessed. When compared with 

the Raman spectra, models using the fatty acid data developed using PLS-DA was comparable 

or outperformed the Raman spectra when assessing the individual production systems, northern 

long term grain fed, northern short term grain fed, northern grass fed, northern grass fed with 

supplementation, southern long term grain fed, southern short term grain fed, southern grass 

fed, and southern grass fed with supplementation, in an eight class model. When predicting 

grain vs grass feeding the results obtained from the fatty acid data and Raman spectra were 

comparable. Whilst the fatty acid data  provided a more accurate result, this method of 

measurement is not viable for industry, due to the length of time required in obtaining a result, 

the use of caustic reagents and the high cost. As such Raman spectroscopy, with comparable 

results to the fatty acid data, is a piece of technology that shows promise for industry 

application as a classification model to predict grain and grass-fed carcases. Hence, Raman 

spectroscopy is an ideal objective method to classify beef carcases according to  production 

system. 
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1. General Introduction

Authentication and traceability are ongoing problems facing food production across the 

world. Consumer demand for accurate and clear food labelling is growing with consumers 

wanting to make an informed choice about the food they purchase. Australian beef is a high 

value product that has important assigned credence values, including the perception of ‘clean’ 

and ‘green’ (Miller, Driver, Velasquez, & Saunders, 2014). Ensuring Australia’s market access 

and social license to operate is reliant on meeting this expectation to consumers, and ensuring 

food produced is true to labelling information. For foreign markets that demand a quality 

product with clear traceability, this is of significant relevance.  

Consumers are increasingly demanding more information about the origin and 

authenticity of the meat they purchase, which has driven a shift in the red meat industry to meet 

these demands. In particular, customers are interested in consuming healthier foods, and as 

such have been preferencing grass-fed beef which is considered to be healthier due to a more 

favourable fatty acid profile (Daley, Abbott, Doyle, Nader, & Larson, 2010). Grass fed beef is 

typically comprised of elevated omega-3 fatty acids and conjugated linoleic acids, which have 

been linked to positive outcomes for  human health including reducing inflammation and 

cardiovascular benefits (Kris-Etherton, Harris, & Appel, 2002). Alternatively, grain fed 

products are a premium product with desirable eating quality characteristics (Mitchell, Reed, 

& Rogers, 1991). With consumers demanding beef from distinct production systems, there is 

a need to ensure consumers can have faith the product labelled as grass or grain fed accurately 

reflects the  finishing system of the meat.   

Current quality assurance methods utilised in the Australian beef industry, for verifying 

production system, are solely dependent on irregular audits and are reliant on producers 

accurately reporting information about the feeding regime of their cattle. Ensuring consistent 

grass-fed product is difficult as a variety of supplementary feeds are available under different 

‘grass-fed’ programs, each with their own guidelines and auditing system. Recent investigation 

by Hollier (2019) presented in a report to Meat and Livestock Australia, identified a high level 

of non-compliance within the grass-fed beef market with the meat failing to meet the 

market/processor grids, which  results in a loss in economic value due to this failure. As 

commercial processors are responsible for labelling products, they are interested in developing 

an objective method of authenticating the production system of beef carcases. 
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Objective measurements of carcase assessment in Australia is a growing field with 

different spectroscopic and optical technologies under investigation. Objective carcase 

assessment has been partially taken up  by industry for assessing lean meat yield, predicting 

eating quality and precise boning cutting lines (Greenleaf Enterprises, Miracle Dog Business 

Consulting, & Scott Williams Consulting, 2017; Toohey, van de Ven, & Hopkins, 2018). The 

development of an objective measurement would be beneficial in ensuring the food authenticity 

of grass and grain- fed beef products, and to implement this objective measure there is a 

requirement for the technology chosen to be rapid, non-destructive and able to be implemented 

in a commercial abattoir setting.  

A potential technology that satisfies the requirement for rapid use within abattoirs is 

Raman Spectroscopy, a laser-based technology which will be the focus of this thesis. Raman 

Spectroscopy is a non-destructive chemical analysis technique that can provide information 

about the chemical components and structure of a sample, this technology works by a light 

scattering technology, a system where high intensity light source is applied to the sample and 

causes the molecules in the sample to scatter light which is then recorded as an intensity at each 

wavelength (Raman & Krishnan, 1928). Recent development in technology and 

commercialisation has enabled Raman Spectroscopy to be built into portable, sturdy hand-held 

devices suitable for commercial abattoirs (Sorak, Herberholz, Iwascek, Altinpinar, Pfeifer, & 

Siesler, 2012). Hence, this thesis aims to assess and investigate a portable, hand-held Raman 

spectroscopic device, and a reliable chemometric model, to authenticate beef products 

produced in varying production systems across Australia as a method of food authentication. 

To summarize, the aims of this project include: 

• Aim 1. Assess the ability of Raman Spectroscopy in conjunction with a predictive

model, to discriminate carcases of differing beef feeding systems.

• Aim 2. Investigate the optimal chemometric technique for modelling spectral data

collected from subcutaneous fat of beef carcases.

• Aim 3. Evaluate the capacity for chemometric models in combination with

Raman Spectroscopy to be implemented in the beef industry.

• Aim 4. Characterise the fatty acid composition and differences in the

subcutaneous fat obtained from beef carcases sourced from varying feeding

systems.
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• Aim 5. Identify the differences between Northern and Southern Australian beef

production regions and develop a model that can effectively be utilised in each

region.

The gaps in knowledge have been identified and addressed in this thesis. These studies 

are presented in four peer reviewed journal articles, with preliminary results published and 

presented at two international and two domestic conferences. 

Chapter 2 is a review of literature which discusses the biochemical and biophysical 

structure of fat and food fraud. The literature review then aims to evaluate the current and 

potential method of authenticating beef products and evaluate these methods for suitability in 

industry. 

Chapter 3 investigates the potential for Raman Spectroscopy to be used a method of 

authentication of beef products and characterises the composition of grass and grain fed 

products. 

Chapter 4 explores the reliability of Principal Components Analysis and Partial Least 

Square Discriminant Analysis to assess Raman spectra obtained from grass and grain fed 

carcases. 

Chapter 5 tests the hypothesis that Raman Spectroscopy can discriminate between 

Southern Australian production systems by including carcases of various levels of grass and 

grain feeding. 

Chapter 6 seeks to evaluate the effectiveness of Raman Spectroscopy and fatty acid data 

collected from Flame ionisation Detector Gas Chromatography, through models developed 

using Partial Least Square Discriminant Analysis. The models assess the subcutaneous fat from 

Southern Australian long grain fed, short grain fed, grass and grass supplemented carcases.  

Chapter 7 explores the differences in Northern and Southern Australian beef production 

systems and how this affects the reliability of models developed using Partial Least Squares 

Discriminant Analysis. This chapter also characterises the major production systems across 

Australia by fatty acid composition. 

Chapter 8 then summarises the major findings of this research, provides general 

conclusions and discusses the implications of these findings for industry and the opportunities 

for future research.  
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2. Literature Review

2.1. Introduction 
Many factors can determine the overall quality of food including the nutritional value, 

freshness, geographical origin, the transportation process, contaminants, microbiology, and 

stability. Food fraud includes deliberate adulteration and providing misleading information to 

any part of the food supply chain and has become an issue of increasing importance. The 

common methods of food fraud include deliberate counterfeiting, mislabelling, adulteration, 

substitution, addition, dilution, tampering, making false or misguided statements describing a 

product with the intention of deceiving consumers (Kamm, Dionisi, Hischenhuber, & Engel, 

2001). Linked to this food production is facing the need for authentication, the process by 

which a food is verified with the description on the label (Su, Arvanitoyannis, & Sun, 2018). 

Food fraud and authentication are growing issues across the food industry and objective 

methods for verifying claims are in high demand. 

Within domestic markets there has been an increase in awareness and interest in grass-

fed beef production systems as consumers view this system as low-input whilst providing 

improved health benefits when compared to grain-fed systems (BIS Shrapnel, 2014; Galaxy 

Research, 2014; The Campaign Palace & Meat & Livestock Australia, 2007; Verbeke, Pérez-

Cueto, Barcellos, Krystallis, & Grunert, 2010). As a response grass-fed beef is becoming more 

desirable at the retail level due to health-conscious consumers demanding foods containing 

healthier polyunsaturated fatty acids (PUFA) over saturated fatty acids (SFA). Within 

international markets there is a strong desire for grass fed beef for example, in the US 23% of 

consumers were willing to pay up to $1.36/kg US more for international verified grass fed beef 

products over domestic corn fed beef (Umberger, Feuz, Calkins, & Killinger-Mann, 2002). 

Cattle in Australia are finished by both intensive feedlot and extensive grazing systems 

as varying environmental climates across the country necessitate the production of both grain 

and grass-fed beef (MLA, 2018a). In low rainfall areas, finishing cattle in feedlots is regularly 

utilised to assure the quality attributes in the meat, as finishing prime cattle is difficult on grass 

alone when pasture quality drops (Greenwood, Gardner, & Ferguson, 2018; Victorian 

Department of Primary Industries, 2015). Due to the versatility of producing beef in various 

finishing systems, the beef industry in Australia is able to meet the market requirements for the 
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Australian domestic market (623,000 tonnes carcase weight in 2016) and supply twice that 

amount to international markets (1,497,000 tonnes carcase weight in 2016) (MLA, 2018a).  

International markets have unique specifications for the meat they import from Australia 

based on animal age, breed, hormone growth promoter (HGP) use, muscle score, gender, and 

production system (Mulley, Lean, & Wright, 2014). For example, China is an important 

importer of Australian beef, importing 110,000 tonnes of beef worth over $781 million in 2018 

and of this 76% was from grass-fed cattle (MLA, 2018b). Meanwhile the European Union 

requires beef that is HGP free and has not been treated with antibiotics, importing 17,873 

tonnes in 2017, of which 78% was grain fed (MLA, 2018a). 

Regardless of the market, ensuring that beef entering supply chains is true to label is 

crucial to consumer acceptance and to maintain consumer confidence in the integrity of the 

supply chain supporting the social license of producers within the value chain to operate 

(Arnot, Vizzier-Thaxton, & Scanes, 2016; Clark, Stewart, Panzone, Kyriazakis, & Frewer, 

2016). Current methods for ensuring beef labelling rely on audits and vendor declarations. 

However, this is costly, time consuming and not standardised across the brands which allow 

varying supplementary feed types to be used at the production level. Thus, the objective of this 

literature review is to consider the value of labelling claims, determine differences in 

production systems and evaluate current and potential methods for objectively determining the 

production system at the processing level for different types of beef.  

Throughout this literature review methods of authenticating beef production systems will 

be discussed including proven and potential methods as well as the impact production systems 

have on the resulting product. This review will focus on the application of methodologies for 

measuring subcutaneous fat on beef carcasses given this tissue is readily available for analysis.  

2.2. Food Fraud and willingness to pay 
Food fraud is a collective term used to include the intentional and deliberate alteration, 

addition, tampering, misrepresentation of food, food packaging or deceptive and misleading 

claims made for commercial benefit about a product (Spink & Moyer, 2011). In the meat 

industry, food fraud happens in the form of mislabelling of meat products, including the 

amount of meat ingredients, the geographical origin of the meat and the animal production 

system (Downey, 2016; Nešić, Stojanović, & Baltić, 2017). Authentication of the geographical 

origin of food and feed is a growing concern, as consumers expect healthy, genuine and 
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properly labelled food, while suppliers need to ensure that the raw materials are safe, and that 

their goods also have added value in order to distinguish them from the products of competitors. 

The awareness of customers about food authentication has risen with recent food controversies 

including the European horsemeat scandal (FSAI, 2013) and adulteration of powdered milk 

with melamine as occurred in China (World Health Organization, 2008). These controversies 

were uncovered and widely publicised causing significant impact on consumer willingness to 

purchase these products, resulting in economic losses. Meat is one of the most frequent 

commodities facing food fraud and adulteration in the food sector, especially in processed meat 

products where the structure of the meat is altered, due to the high value placed on meat 

products (Shehata et al., 2017).  

Authentication of the production system in which the animal is reared is a new field rising 

in importance to the beef industry (Mao, Hopkins, Zhang, & Luo, 2016). There has been a 

movement to establish food authentication protocols to tackle the danger of food fraud, 

mislabelling, and food adulteration. The operation of the red meat industry is subject to the 

social license to operate established by consumers, and in recent times this social license has 

seen consumers expecting transparency through the production chain and increasingly more 

details about the welfare of the animal (Hampton, Jones, & McGreevy, 2020). 

In making purchasing decisions, consumer behaviour is dependent on a variety of 

different factors, such as personal tastes, attitudes towards certain attributes of food products 

(sensory and non-sensory), quality, ethical concerns, health claims, and others (Prescott, 

Young, O'Neill, Yau, & Stevens, 2002). A range of cultural, social and economic factors may 

also impact consumer’s buying behaviour (Bitzios, Jack, Krzyzaniak, & Xu, 2017). Although 

emerging technologies, such as the implementation of RFID, QR codes and a web based 

network for traceability (Sugahara, 2008), are becoming the method by which information can 

be supplied to customers, food labels remain the primary means of supplying information at 

the point of purchase, and therefore continue to play an important role in affecting customer 

buying decisions (Bandara, De Silva, Maduwanthi, & Warunasinghe, 2016). 

Labels help customers to distinguish products and so, where satisfaction with the product 

has arisen, consumers will be encouraged to repeat transactions of the same product. In such 

instances, labels earn a ‘trustworthy’ extrinsic sign, that can be used when shopping as a search 

attribute (Bernués, Olaizola, & Corcoran, 2003). This suggests that by offering greater 

consumer protection and helping consumers to make informed choices, labels will positively 
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affect consumer welfare. However, product labels, hold a wide variety of information that can 

be difficult to comprehend by the customer, which can negatively impact trust in the 

characteristics of products. Consumers are concerned that the information they receive is 

trustworthy, yet issues such as inaccurate health advantages, mislabelled goods, false product 

origins and counterfeit labelling cases have been reported (Charlebois, Schwab, Henn, & Huck, 

2016). 

Consumers are also continually more interested in the source of the beef they produce 

and ensuring the labelling of this product is trustworthy. There is an increasing number of 

studies investigating the importance of beef credence attributes, such as grass or forage fed 

(Olynk, 2012; Umberger et al., 2002). A study of consumer behaviour reported that consumers’ 

nutrition knowledge, health condition, beef consumption behavior, living alone status and 

household size have significant impacts on their willingness to pay for grass-fed beef. Further 

research by Evans, Brown, Collins, D'Souza, Rayburn, & Sperow (2008) showed the majority 

of the consumers surveyed (77 %) were willing to pay a premium for grass fed beef of $2.28/ 

kg on average, compared to beef from grain-fed production systems ($1.57/ kg). With 

consumers willing to pay more for premium products, there is an expectation that the product 

they purchase is true to label. 

2.3. Biochemical and biophysical structure of fat 
A key part of the carcase that can provide information about the production system in 

which cattle were reared is the subcutaneous fat (Dunne, O'Mara, Monahan, & Moloney, 

2004). It has been well established that the production system in which beef are finished 

(feeding period to market requirement pre slaughter) effects the chemical composition of the 

subcutaneous fat (Fiorentini et al., 2018), therefore this review will include an overview of the 

structure of lipids and fatty acids (FA).  

2.3.1. Lipids 
Lipids are a chemically heterogeneous group of organic compounds which are insoluble 

in water, but soluble in organic solvents such as hydrocarbons, chloroform and alcohols 

(Chesworth, 1998). The term lipid encompasses natural products such as fat-soluble vitamins, 

steroids, bile salts, terpenes, carotenoids, FA and their ester and amine derivatives. The 

common types of lipids include FA, waxes, steroids and steroid esters. Lipids can be generally 

classified into one of eight categories of biological lipids including: FA, glycerolipids, 

glycerophospholipids, saccharolipids, sphingolipids, sterol lipids, polyketides and prenol lipids 
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(Nelson & Cox, 2008). In beef meat and adipose tissue, the predominant lipids are 

triacyclglycerols, phospholipids, cholesterol and ketones. Triacylglycerols are mainly utilised 

as energy storage with phospholipids and cholesterol having a key role in lipid membranes. 

Lipids are the precursors to steroids and bile acids, as well as having important physiological 

uses in thermoregulation and electrical insulation (Bruss, 2008).  

Triacylglycerols are the main form of storage for long chain FA, as the long chain FA 

are esterified to glycerol and as a result are less soluble than FA alone, and for transport through 

the body they must  be bound to proteins as lipoproteins (Bruss, 2008). The synthesis of 

triacylglycerols occurs predominantly in adipose tissue, liver, small intestine and the mammary 

glands, although they can be produced in most cells (Bruss, 2008). Another lipid, phospholipids 

consist of a glycerol unit with a long chain FA esterified to it as well as a phosphate unit (Fritz, 

1961). Due to the presence of the phosphate group the phospholipids are polar at one end and 

non-polar at the other, allowing for them to align together easily and be used as membrane for 

micelles. The FA unit is aligned on the inside of the membrane with the phosphate end 

orientated on the outer side creating a membrane that can keep the micelle in suspension. The 

third important lipid is cholesterol, a structural lipid composed of phenanthrene with a 

cyclopentane ring attached which is also attached to an eight-carbon side chain (Bruss, 2008). 

Cholesterol is not found in plants, but found in animals, with the synthesis of cholesterol 

occurring in the liver (Botham & Mayes, 2006; Bruss, 2008), with steroidogenic endocrine 

organs also producing small amounts of cholesterol (Christenson & Devoto, 2003). Cholesterol 

is utilised by animals as a precursor to Vitamin D, bile acids and steroid hormones as well as 

contributing to the cell membrane with the phospholipids (Nadia, 2019). Finally, ketones of 

importance in beef are acetoacetic acid, β-hydroxybutyric acid and acetone, and they are 

primarily intermediary metabolism products and usually only trace amounts are detected 

(Bruss, 2008). Ketones occur from esterified or non-esterified FA of all lengths, although 

predominately from long chain FA released during lipolysis in adipose tissue (Olivecrona & 

Olivecrona, 2009). Holtenius & Holtenius (1996) highlighted the use of these ketones for the 

metabolism and storage of energy throughout the body. 

2.3.2. Subcutaneous Fat Composition 
The major lipid class in adipose tissue (>90%) is triacylglycerol or neutral lipid (Wood 

et al., 2008). Adipose tissue from cattle is made up of 76 - 94 % lipid, 1 - 4 % protein and 5 -

20% water (Lonergan, Topel, & Marple, 2019). Beef adipose tissue is distinct from chemical 
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fat, as beef fat consists of many different cell types particularly dominated by adipocytes (Sainz 

& Hasting, 2000). Beef fat is characterized by the abundance of spherical adipocytes, 

containing a unilocular lipid droplet and a small volume of cytoplasmic material at the cell 

periphery. These adipocytes may vary between 15 and 250 µm in diameter, depending upon 

the size of the lipid droplet (Sainz & Hasting, 2000).  

Subcutaneous fat is mostly composed of neutral lipids, predominantly triglycerides, 

while the small portion of fat in lean muscle mainly contains 70% polar lipids predominantly 

phospholipids (Jiang et al., 2010). Comparison of FA composition has occurred for muscle, 

liver, heart and perirenal fat in beef (Dannenberger, Nuernberg, Nuernberg, Scollan, Steinhart, 

& Ender, 2005; Liu, Lei, Wu, & Brown, 2015), while minimal research has focused on 

understanding how diet affects subcutaneous fat. 

Those differences that have been observed in the subcutaneous fat depots across the 

carcase, show the subcutaneous fat over the brisket, to be lower in carbon (C)16:0 and C18:0 

and higher in monounsaturated fatty acids (MUFA) than the subcutaneous fat over the round, 

sirloin, loin, rib, chuck, flank and chuck (Turk & Smith, 2009). However the FA composition 

of subcutaneous fat has been shown not to differ across the sample location within the same 

depot, i.e. the point end or flat brisket, Turk & Smith (2009).  

Examination of the inner and outer layers of subcutaneous beef fat shows that FA 

composition is suggested to change from the outer layers to inner layers, the difference between 

these layers was described as being separated by a membrane (Jiang et al., 2010). Jiang et al. 

(2010) observed differences especially in the outer subcutaneous fat, which had more C15:0, 

C16:0, C16:1n-7 and total MUFA.  Furthermore, the internal fat depots contained more C18:0 

and C14:1n-5 than the external fat depots. (Jiang et al., 2010), and C18:0 is of particular 

importance as it is an indicator of fat hardness (Van Calsteren et al., 2018), which contributes 

to the eating quality. While these findings reported by Jiang et al. (2010) are important, the 

samples were taken 48 hours post mortem and were frozen and thawed before being excised 

from the subcutaneous fat over the longissimus muscle at the 12th and 13th rib. This may have 

compromised the FA composition as the samples were thawed completely before the 

subcutaneous fat was removed and then it was frozen again for later testing.  When undergoing 

freezing the lipids are subject to some changes, mainly autoxidative and hydrolytic 

modification (Zymon, Strzetelski, Pustkowiak, & Sosin, 2007). The rate and extent of 

autooxidation depends on the degree of FA saturation, oxygen exposure, and storage time and 
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temperature (Tomás & Anón, 1990). As the subcutaneous fat would have started to oxidise due 

to the thawing process and change the FA composition (Brühl, 2014), future studies should 

include measurement of non frozen samples. Jiang et al. (2010) identified the difference in 

sampling inner and outer subcutaneous fat as being separated by a membrane, not by a standard 

depth; this is a shortcoming of this study, as identifying the membrane in the fat is difficult to 

perform. There are a variety of structures in the subcutaneous fat that could be utilised for 

identifying the difference between outer and inner subcutaneous fat layers and a more uniform 

method such as a standard depth may provide more clarity on the layer differences. 

2.3.3. Cattle Fat Deposition 
Fat is deposited in cattle from birth as visceral fat, followed by intermuscular fat, 

subcutaneous fat and then intramuscular fat (Hammond, 1955), and the amount of fat increases 

by both hyperplasia and hypertrophy (Oliveira et al., 2011). Hyperplasia is the process of 

proliferation and differentiation of fibroblast-like mesenchymal cells into adipocytes, which 

then undergo hypertrophy during intracellular lipid accumulation. From birth to maturity, fat 

is accumulated mainly through hyperplasia, yet during finishing, there is a transition to fat 

accretion by hypertrophy of the existing adipocytes (Park et al., 2018). A study by Robelin 

(1986) showed this change in Friesian bulls where the total weight of lipids stored in adipose 

tissues increased from 0.7 to 128 kg from birth to maturity. During this time, the mean diameter 

of the adipocytes increased from 45 to 135 µm demonstrating a 29-fold increase in volume, 

while there was only a 6.7-fold increase in the total number of cells.  

Different types of fat develop differently as the animal ages, visceral and intermuscular 

fat develop during the finishing phase of cattle as lipocytes, then complete their hyperplasic 

development and become fat depots. This is not the case for subcutaneous fat and intramuscular 

fat as these depots will continue to produce new adipocytes as they accumulate fat (Oliveira et 

al., 2011). Robelin (1986) concluded that during the finishing phase the intermuscular, kidney 

and mesenteric fat depots have completed hyperplasic development whereas the subcutaneous 

and intramuscular depots will continue to recruit new adipocytes as well as filling existing 

cells. 

Distribution of fat in the body is due to local pressure as the animal grows, consequently 

while the animal is growing, the fat is deposited in the body cavity and between muscles as 

there is little resistance in occupying this space (Berg & Walters, 1983). As the animal ages 

the space reaches maximum resistance and the excess of energy absorbed by the animal then 
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starts to be stored as subcutaneous fat (Berg & Walters, 1983; Oliveira et al., 2011). With 

varying pressure areas across the carcase the subcutaneous fat accumulates in the lower 

pressure depots and initial subcutaneous fat is observed in the hind and forequarter (Oliveira 

et al., 2011). This is further supported by Cianzio, Topel, Whitehurst, Beitz, & Self (1985) who 

reported that between 11-19 months of age intermuscular, kidney and mesenteric fat depots in 

steers grew by hypertrophy with little to no change in cell numbers whereas the intramuscular 

and subcutaneous fat depots increased in number of adipocytes as well as hypertrophy of the 

adipocytes.  

2.3.4. Fatty Acids 
Identifying essential FA in meat and fat products is important to humans as there is a 

need to find dietary sources of essential FA which cannot be synthesised by humans and 

therefore come from the diet (Bocking, Nockher, Schreiner, Renz, & Pfefferle, 2010). Grass-

fed beef is one such source as it has been found to have higher levels of omega-3 PUFAs and 

consequently is considered by consumers to be healthier (Enser, Hallett, Hewitt, Fursey, & 

Wood, 1996). When examining the FA profile of grass and grain-fed beef there is a significant 

difference due to diets regardless of the effects of gender, age, breed, and geographical location 

of the animals (Daley, Abbott, Doyle, Nader, & Larson, 2010; De La Fuente et al., 2009; De 

Smet, Raes, & Demeyer, 2004; Garcia et al., 2008).  

Feed has been shown to have a significant effect on the ratio of omega-3 to omega 6 FA 

such that a ratio of 8.0:0.9, and 5.0:3.0 has been observed by Garcia et al. (2008) in the lipid 

content of loin muscle from Angus steers fed grass and grain respectively. Grain feeding has 

been observed to decrease omega-3 concentration when given to cattle that were previously 

fed grass or grass. Grass feeding has been observed to increase the total omega-3 FA 

concentration whilst having little to no effect on the total omega-6 FA concentration, and this 

change of diet from grass to grain consequently alters the ratio of omega-6 to omega-3 FA. 

Grain feeding stimulates adipogenesis in beef cattle, whereas pasture feeding depresses 

the development of adipose tissues (Smith, Kawachi, Choi, Choi, Wu, & Sawyer, 2009b). 

Grain-fed cattle are usually fed on a high-concentrate diet that stimulates increased activity of 

adipose tissue stearoyl-CoA desaturase, responsible for the conversion of SFA to their delta 

(Δ) 9 desaturated counterparts (Smith, Gill, Lunt, & Brooks, 2009a). However, it has also been 

noted grain feeding causes a decrease in ruminal pH from 6.4 to 5.6 (Fuentes, Calsamiglia, 

Cardozo, & Vlaeminck, 2009) which has an ongoing effect on the ruminal microorganisms 
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involved in isomerization and hydrogenation of PUFA (Smith et al., 2009a). As a result, 

continued long-term grain feeding causes elevated adipose tissue stearoyl-CoA desaturase and 

decreased hydrogenation of PUFA leading to an increase in MUFAs.  

Individual MUFAs, C18:1n-9t, C20:1n-9, C20:1n-15 and C24:1n-9, are significantly 

different in grass and grain fed beef as shown previously by Noci, Monahan, French, & 

Moloney (2005) as well as Smith et al. (2009a), who demonstrated that total MUFAs increase 

with length of time on both grain and grass feed, although the effect is greater in the grain-fed 

cattle. This is due to the grain in the diet increasing the activity of adipose tissue stearoyl-CoA 

desaturase resulting in SFA being converted to the their Δ9 desaturated counterparts which 

over time results in a large increase in MUFA’s (Smith et al., 2009a).  

Most studies in meat focus on the M. longissimus, show there is great variation between 

grain and grass-fed cattle in terms of the FA composition (Alfaia et al., 2009; De La Fuente et 

al., 2009; Horcada et al., 2017; Ponnampalam, Mann, & Sinclair, 2006). These studies have 

shown grain fed beef has a higher concentration of the SFA’s myristic and palmitic acid, but 

lower levels of C18:0 than grass fed beef. Typically, meat from grain-fed cattle is also higher 

in MUFAs including C18:1n-9. The impact of diet on PUFA concentration is more convoluted 

to establish as studies have reported confounding results. Significant differences in total PUFA 

were found by Alfaia et al. (2009) and De La Fuente et al. (2009). However, Ponnampalam et 

al. (2006), did not examine total PUFA, but rather differences in the proportion of omega 6 to 

omega 3  due to higher proportion of C18:3n-3 in pastures whereas grain had a higher amounts 

of C18:2n-6. Consequently, grass-based diets resulted in significantly higher levels of omega-

3 within the lipid fraction of the meat, while omega-6 levels were left unchanged 

(Ponnampalam et al., 2006).  As the concentration of grain is increased in a grass-based diet, 

the concentration of omega-3 FA decreases (Daley et al., 2010). Grass-finished beef 

consistently produces a higher concentration of omega-3 FA, resulting in a more favorable n-

6:n-3 ratio (De La Fuente et al., 2009). This is due to cereal grains being rich in C18:2n-6, with 

cattle feed concentrates containing very little lipids (5 %) and those lipids being 90 % storage 

triglycerides. Conversely, most grasses are made up of 55- 70% C18:3n-3 (Ponnampalam et 

al., 2006).  

The FA composition of subcutaneous fat from cattle fed grain or grass has been assessed  

by Noci et al. (2005) who studied the effect of grazing duration on the FA composition of 

subcutaneous fat. This study indicated that increasing the duration of grazing on pasture led to 
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a linear increase in the concentration of conjugated linoleic acid (3.98 mg/100 g to 10.23 

mg/100 g) and resulted in a decrease in the n-6:n-3 ratio from 2.64 to 1.65 (Noci et al., 2005). 

This study involved four treatment groups of 15 cattle, with one group fed only on pasture and 

the others being housed indoors and fed grass silage concentrate of barley, molasses, soybean 

meal, mollassed sugar beet pulp and a mineral and vitamin mix. Of the treatment groups, one 

treatment remained indoors on the ration for the entire 158 days while a second treatment was 

moved to pasture 40 days before slaughter.  A third treatment was moved at 99 days before 

slaughter and the fourth treatment was on pasture for the entire time period. The study provided 

a control and three levels of feeding treatments, with three groups of five animals, housed 

separately, assigned to each treatment group as replicates and thus the results appear to be 

confounded by pseudo replication. Consequently these results require further experimentation 

to be validated as robust. Furthermore, it is postulated taking season into effect could have 

improved the findings as season influences the quality of the pasture and therefore 

subcutaneous fat as reported by Sobczuk-Szul et al. (2013). Therefore, it is likely that as the 

duration of grass feeding increases SFA and the proportions of C16:0, C20:1 and C20:3n-6 

would decrease. With further replication of this study, it would be clarified how long feeding 

grain is required to alter the FA profile.  

An important type of lipid used for the storage of energy within cells are FA, which are 

a group of aliphatic carboxylic acids which can contain from 2 to 24 or more carbon atoms 

(Chesworth, 1998; Table 1). They are divided into three classes based on number of carbon-

carbon double bonds, such that those with no double bonds are classified as SFA, one double 

bond are classified as MUFA and 2 or more double bonds are classified as PUFA (Clayton, 

2008; Figure 1). PUFA can be configured into a cis formation or as trans which is a geometric 

isomer of the cis FA. The most abundant types of FA are saturated and unsaturated straight 

chain FA. Other types of FA, such as branched-chain FA, hydroxyl-substituted FA and cyclic 

FA, are usually minor components of lipids (Nelson & Cox, 2008).  
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 Figure 1. Schematic drawing of C18 as a saturated, monounsaturated and 

polyunsaturated fatty acid as well as an omega-3 and omega-6 variation. 
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Table 1. Table of fatty acids important to beef with common names, systematic names 

and shorthand abbreviation adapted from Ratnayake & Galli (2009) and O’Keefe (2002). 

Type Trivial name Systematic name Abbreviation 

Saturated Fatty 

Acids 

Lauric Dodecanoic C12:0 

Myristic Tetradecanoic C14:0 

Palmitic Hexadecanoic C16:0 

Stearic Octadecanoic C18:0 

Arachidic Eicosanoic C20:0 

Monounsaturated 

fatty acids 

Palmitoleic cis-9-Hexadecenoic C16:1n-9c 

Oleic cis-9-Octadecenoic C18:1n-9 

Elaidic trans-9-Octadecenoic C18:1n-9t 

cis-Vaccenic cis-11-Octadecenoic C18:1n-11 

trans-Vaccenic trans-11-Octadecanoic C18:1n-11t 

Polyunsaturated 

fatty acids 

Linoleic cis-9,cis-12-Octadecadienoic C18:2n-6 

α-Linolenic cis-9,cis-12-cis-15-Octadecatrienoic C18:3n-3 

γ-Linolenic cis-6,cis-9,cis-12-Octadecatrienoic C18:3n-6 

Dihomo-γ-Linolenic cis-8,cis-11,cis-14-Eicosatrienoic C20:3n-6 

Arachidonic cis-5,cis-8,cis-11,cis-14-

Eicosatetraenoic 

C20:4n-6 

Eicosapentaenoic cis-5, cis-8,cis-11,cis-14,cis-17- 

Eicosapentaenoic 

C20:5n-3 

Docosapentaenoic cis-7,cis-10,cis-13,cis-16, cis-19- 

Docosapentaenoic 

C22:5n-3 

Docosahexaenoic cis-4,cis-7,cis-10,cis-13,cis-16,cis-

19- Docosahexaenoic 

C22:6n-3 

 

Meat and adipose tissue contain beneficial PUFAs including omega-3 (n-3) and 

conjugated linoleic acids (Clayton, 2008). Two important classes of PUFAs include omega-3 

and omega-6 (n-6) FA (McAfee et al., 2010; Palmquist, 2009; Simopoulos, 2002) which are of 

particular importance in food due to their contribution to human health. Omega-3 FA have one 

of their double bonds within the first three bonds after the methyl end of the chain, while 

omega-6 have the first double bond within the first six bonds after the methyl end of the chain 

(Nelson & Cox, 2008). Consumption of omega-3 FA is important as they may have beneficial 

effects on human health, reducing risk factors for cardiovascular disease, mental health 

disorders, arthritis and inflammatory diseases (Bocking et al., 2010; Clayton, 2008; Mori, 

2014; Simopoulos, 2002). Both omega-3 FA and omega-6 FA are polyunsaturated and serve 

as precursors of other important compounds, for instance, alpha linolenic acid (a key omega-3 

FA) is the precursor for the omega-3 pathway. Likewise, linoleic acid (a key omega-6 FA) is 
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the parent FA in the omega-6 pathway. Omega-3 and omega-6 FA are two separate distinct 

families, yet they are synthesized by some of the same enzymes; specifically, delta-5-

desaturase and delta-6-desaturase. Excess of one family of FA can interfere with the 

metabolism of the other, reducing its incorporation into tissue lipids and alter their overall 

biological effects.  

Beef lipid deposition is dependent on the rumen microbes producing FA, their precursors 

and PUFA biproducts such as conjugated di and trienes, non-conjugated dienes and MUFA in 

both cis and trans conformations (Daley et al., 2010). Dietary lipids are activated by microbial 

lipases in the rumen as cattle eat feed, releasing primarily free PUFAs, which are toxic to rumen 

microbes. Rumen microbes biohydrogenate PUFA to make less toxic SFA as a way to cope 

(Vahmani et al., 2015). The remaining PUFA byproducts are able to bypass the rumen and be 

absorbed in the lower intestinal tract to be stored in adipose tissue and muscle.  

Diet, feeding length and metabolism of the rumen have a direct effect on the supply of 

PUFA byproducts in the animal, as more PUFA entering the system enables more byproducts 

to be produced (Mapiye et al., 2012). In particular, biohydrogenation of the omega-3 linolenic 

acid is greatly influenced by the pasture to concentrate ratio, as more linolenic acid is produced 

in diets with a higher pasture content. Linolenic acid is produced by the isomerisation of the 

cis double bond at carbon 12, which transitions to a trans bond at carbon 11 and results in the 

production of rumenic acid (Jenkins, Wallace, Moate, & Mosley, 2008). Grain based diets are 

characterised by a higher amount of readily digestible carbohydrates, and the isomerisation of 

the cis-9 double bond in linolenic acid is transformed into a trans double bond at carbon 10 and 

results in C18:2 cis-12 and trans-10 (Jenkins et al., 2008). Further isomerisation and 

hydrogenation converts these species into trans 18:1 isomers before eventual transitioning into 

C18:0, stearic acid (Juárez et al., 2011). Although this conversion is observed in the change of 

PUFA into SFA, there is not always an observed total increase in SFA in meat and adipose 

tissue, this is due to a greater delta-9 desaturase activity due to grain feeding, which results in 

C18:0 being converted into C18:1 cis-9 (Smith et al., 2009b).  

2.3.5. β-carotene  
As a result of past literature stating β-carotene to be the most important and abundant 

carotenoid, for this review it was investigated in favour of other carotenoids (Condron, 

Lemenager, Claeys, Lipkie, & Schoonmaker, 2014; Darwish et al., 2016; Green & Fascetti, 

2016; Ripoll, Casasus, Joy, Molino, & Blanco, 2015; Roehrle, Moloney, Schmidt, Harrison, & 
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Monahan, 2010). β-carotene is a carotenoid which is part of the family of phytochemical 

compounds which are made by plants (Darwish et al., 2016) with 11 conjugated double bonds 

and is non polar (Liu, Xu, Li, Wang, & Sun, 2014). β-carotene has a linear polyisoprene 

structure with conjugated double bonds and is a precursor to retinol (Vitamin A) as shown by 

Figure 2. Vitamin A is a critical fat-soluble vitamin important for cell division, vision, cell 

differentiation, reproduction and bone growth and is needed throughout the body (Daley et al., 

2010; Darwish et al., 2016). β-carotene is cleaved to yield two molecules of retinol, which are  

further broken down into retinaldehyde for use throughout the body (Chesworth, 1998). 

Carotenoids are stored in the liver and adipose tissue until needed for further utilisation in the 

rest of the body.  

β-carotene is a member of the carotenoid family that is synthesized by plants as their 

natural plant pigment and is responsible for the orange colouring in plants. The concentrations 

of carotenoids in plants vary across plant species and season (Kopsell, Kopsell, Lefsrud, 

Curran-Celentano, & Dukach, 2004) as showcased in Table 2. Harvest methods including 

making silage and hay can reduce the carotenoid content of the pasture by as much as 80%, 

with degradation occurring rapidly by oxidation (Álvarez, Meléndez-Martínez, Vicario, & 

Alcalde, 2015; Chauveau-Duriot, Thomas, Portelli, & Doreau, 2005). 

Figure 2. Chemical structure of β-carotene by Sunwooeunhye (2014) 
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Table 2. Common plant species fed to cattle and their β-carotene concentration. 

Feed Stuff Author, Publication Year β-carotene (mg/100g DM) 

Alfalfa Hay Pickworth, Loerch, Kopec, Schwartz, & 

Fluharty (2012) 

0.73 

Alfalfa Pasture Maxin, Cornu, Andueza, Laverroux, & Graulet 

(2020) 

21.89 

Berseem Clover Maxin et al. (2020) 23.12 

Buckwheat Maxin et al. (2020) 20.0 

Corn Silage Pickworth et al. (2012) 1.72 

Crimson Clover Maxin et al. (2020) 19.94 

Dry Distillers Grain Pickworth et al. (2012) 0.10 

Durum Wheat Trono (2019) 0.01 

Fescue Hay Pickworth et al. (2012) 0.73 

Fescue Pasture Pickworth et al. (2012) 9.97 

Giant Star grass Barrón, González, González, Ruiz-López, 

Shimada, & Mora (2012) 

2.32 

Guinea Grass Barrón et al. (2012) 4.16 

Lucerne  Elgersma, Søegaard, & Jensen (2012) 2.60 

Oats Álvarez, Meléndez-Martínez, Vicario, & 

Alcalde (2014) 

0.16 

Orchardgrass Hay Pickworth et al. (2012) 0.78 

Pangola Grass Barrón et al. (2012) 2.09 

Phacelia Maxin et al. (2020) 20.44 

Perennial Ryegrass x White 

Clover 

Elgersma et al. (2012) 4.80 

Rice Trono (2019) 0.11 

Sainfoin Maxin et al. (2020) 24.87 

Signal Grass Barrón et al. (2012) 3.51 

Sorghum Grain Fernandez, Hamblin, Li, Rooney, Tuinstra, & 

Kresovich (2008) 

0.01 

Soybean Meal Pickworth et al. (2012) 0.01 

Steam Flaked Corn Pickworth et al. (2012) 0.03 

Wet Distillers grain Pickworth et al. (2012) 0.17 

Wheat x Ryegrass Hay  Pickworth et al. (2012) 0.50 

Wheat Straw Pickworth et al. (2012) 0.02 

Vetch Maxin et al. (2020) 24.65 

Yellow Sweet Clover Elgersma et al. (2012) 3.30 

 

Animals are unable to synthesize β-carotene de novo and rely on adequate dietary 

concentrations (Álvarez et al., 2015). β-carotene can meet the vitamin A requirement for beef 

cattle given it is a precursor to vitamin A (Condron et al., 2014; Jin et al., 2015b), and is the 
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main contributing carotenoid pigment in beef fat although trace amounts of alpha-carotene and 

xanthophylls have also been found.  The presence of β-carotene in bovine carcase fat results in 

a yellow pigmentation that is typically indicative of pasture feeding (Dunne, Monahan, 

O’Mara, & Moloney, 2009). The primary storage of vitamin A and β-carotene occurs within 

the liver, although not all of the ingested β-carotene is absorbed and the excess accumulates 

within the blood and is then deposited in adipose and hepatic tissues (Jin et al., 2015b).  

In long term grass-fed cattle, deposition of β-carotene causes increased yellowing of the 

fat which has been suggested to be the cause of the discrimination observed when using a 

colour meter as an estimation of production system (Dunne et al., 2009). Unsurprisingly 

Descalzo et al. (2005) found pasture fed steers incorporated significantly more β-carotene into 

the muscle tissue than grain-fed animals, with grass-fed beef yielding 0.45 µg/g of β-carotene 

compared to grain-fed beef which had 0.06 µg/g. Insani, Eyherabide, Grigioni, Sancho, Pensel, 

& Descalzo (2008) found similar results with fat from grass-fed cattle having 0.74 µg/g 

compared with fat from grain-fed cattle at 0.17 µg/g. Consequently, levels of β-carotene may 

potentially be useful for discriminating between grass and grain-fed beef.  

2.3.6. Stable Isotopes 
Stable isotopes are atoms of elements that differ in the number of neutrons, but not in 

number of protons enabling the element to remain in the same place in the periodic table. This 

enables the element to have the same chemical properties, but differing masses. Isotopes are 

classified as stable or radioactive, where radioactive (unstable) isotopes will decay in mass 

over predictable times whereas stable isotopes will not change. Classical identification of stable 

isotopes primarily focuses on the investigation of the hydrogen, carbon, nitrogen, sulphur and 

oxygen isotopes (Fry, 2006).  

Stable isotope analysis has been widely applied in various fields including, geology 

(Schauble, 2004), biology (Dansgaard, 1964; Fry, 2006), and food authentication (Bahar, 

Schmidt, Moloney, Scrimgeour, Begley, & Monahan, 2008; Molkentin & Giesemann, 2007). 

This technology has found great success in Europe as there is an increased level of importance 

on the geographical origin of food products seen through the Traceability Regulation 

(178/2002/EC) that has been effective since 2005. The stable isotope ratios of elements in 

nature are influenced by geographical, climatic, pedological, geological, botanical, and 

agricultural influences, and isotopic variations are gradually integrated into animal tissue by 
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feeding, drinking, breathing, and exchange with the environment, and are represented in the 

resulting foods (Camin, Bontempo, Perini, & Piasentier, 2016). In beef cattle typically the 

stable isotopes of importance include 2Hydrogen (H), 13C, 12C isotopes and 15Nitrogen (N), 
14N, 18Oxygen (O), 86Strontium (Sr) and 34Sulfur (S) isotopes (Inácio & Chalk, 2017). The 

stable isotope composition of biological materials can be changed by the process of metabolic 

turnover or by environmental growing conditions, thus altering the chemical fingerprint in the 

tissue (Inácio & Chalk, 2017). This can reflect changes in the nutrients, feeds and water quality 

the sample has been exposed to (Zhang, 2015). Stable isotope analysis is useful for 

authentication of beef products as the ratio of heavy and light isotopes vary across difference 

geographical locations and provides information on the soil, water and chemicals utilised when 

the grass or pasture is grown (Kelly, Heaton, & Hoogewerff, 2005).  

2.4. Methods for Differentiation between Production Systems 

 2.4.1. Current Industry Method 
There is currently no clear verification system to substantiate the claim of beef meat 

being from either grain or grass-fed cattle in Australia. Guidelines, certification and auditing 

of grass-fed production systems varies depending on the brand and auditing body. Despite this, 

consumers are not given a clear guarantee of the authenticity of grass-fed product claims. This 

auditing process varies greatly between brands as each ‘grass-fed’ brand has their own 

requirements including what feedstuffs are eligible to be fed to cattle (Table 3). 
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Table 3. List of feedstuffs approved by major grass-fed producing brands in Australia 

PCAS (Cattle Council of 

Australia, 2019) 

JBS Grasslands 

(Crawford, 2017) 

Teys Australia (Teys 

Australia, 2019) 

Allowed Feedstuffs Allowed Feedstuffs Allowed Feedstuffs 

• Sugar cane tops 

• Lucerne cubes and pellets 

• Forage cubes 

• Grass cubes or pellets 

• Hay from any forage without 

grain 

• Silage from any forage without 

grain 

• Canola seed, canola meal, pellets 

or cubes 

• Coconut meal, pellets or cubes 

• Copra meal 

• Cotton seed whole, meal,  pellets 

or cubes 

• Flax seed, meal, pellets or cubes 

• Linseed meal, pellets or cubes 

• Malt sprouts 

• Oat hulls or pellets 

• Peanut meal, pellets or cubes 

• Peanut hay 

• Rice hulls or pellets 

• Soybean meal, pellets or cubes 

• Soybean extruded, pellets or cubes 

• Sunflower seed, meal, pellets or 

cubes 

• Urea 

• Molasses 

• Palm Kernel Extract 

 

 

• Almond hulls pellets or cubes 

• Beet pulp, dry 

• Corn cobs 

• Cottonseed hulls pellets or cubes 

• Cotton gin trash 

• Peanut hulls pellets or cubes 

• Soybean hulls pellets or cubes 

• Alfalfa cubes and pellets 

• Forage cubes 

• Grass cubes and pellets 

• Hay from any forage 

• Silage from any forage without 

grain 

• Canola- seed, meal pellets or cubes 

• Coconut meal pellets or cubes 

• Cottonseed meal pellets or cubes 

• Cottonseed whole 

• Flax seed meal, pellets or cubes 

• Linseed meal, pellets or cubes 

• Malt sprouts 

• Oat hull pellets 

• Peanut meal pellets or cubes 

• Soybeans extruded, pellets or 

cubes 

• Sunflower seed meal, pellets or 

cubes 

• Forages including grass (annual 

and perennial) 

•  Forbs (eg. legumes, brassica) 

• Graze cereal crops in the pre-grain 

state 

• Hay 

• Haylage 

• Silage 

• List of other supplements were not 

made available 

 

Banned Feedstuffs: Banned Feedstuffs: Banned Feedstuffs: 

• Grain by-products in any form eg. 

Whole, ground, cracked, flaked or 

toasted 

• Barley 

• Corn 

• Millet 

• Oats 

• Barley 

• Corn 

• Millet 

• Oats 

• Rice 

• Rye 

• Sorghum 

• Lifetime-free from cereal grain 

feeding 

• Lifetime free from cereal grain by-

products 
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• Rice 

• Rye 

• Sorghum 

• Triticale 

• Wheat 

• Triticale 

• Wheat 

• Genetically modified feedstuffs 

• Rumen modifiers 

• Bulk syrups obtained by extraction 

from grain 

 

There are two major beef processors in Australia, JBS Australia and the Teys Cargill 

joint venture which process 23% and 16 % of total production respectively, in grass and grain 

finished products which are destined for both export and domestic markets (ACCC, 2018). Due 

to the various auditing processes for each brand and different specifications, the product 

produced for each brand differs from the others. Teys Australia implemented the Pasture-fed 

Cattle Assurance System (PCAS), however they have changed to their own independent system 

known as Teys Grasslands Pasture-fed Standard from which they supply two grass-fed brands. 

JBS utilises their own JBS Farm Assurance auditing system for the production of their various 

grass-fed beef brands.  

Different auditing processes and varying compliance requirements evident in the 

diversity of approved feedstuffs in Table 3 has led to confusion for a definition of ‘grass-fed’ 

in the market. Some brands such as Teys ‘Australian Grasslands Premium Beef’ brand allows 

supplementation with cottonseed, and the JBS ‘Great Southern’ brand allows pulse pellets, 

whilst other brands such as the JBS ‘King Island Beef’ are stricter. The confusion caused by 

these differences in the supply chain was highlighted by surveys undertaken by Galaxy 

Research (2014) and BIS Shrapnel (2014). These surveys indicated that 43% of Australian 

consumers consider grass-fed beef to be produced from cattle which eat only grass throughout 

their lives and identify the production system as natural, yet supplementation with various feed 

sources is allowed depending on the brand.   

Further studies in Europe highlight the perception of grass-fed products as premium 

products attracting higher prices as it was found that consumers are willing to pay 14 - 19% 

more for organic, free range or pasture-fed meat (Font-i-Furnols & Guerrero, 2014). This 

demonstrates consumer preferences exist for grass-based production systems, for lamb and 

beef in particular. The beliefs and expectations of consumers are that grass-fed livestock are 

related to a healthier, tastier and more natural meat and based on these assumptions consumer 
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demand has led to a premium price on products that are raised in a grass-fed system (Font-i-

Furnols & Guerrero, 2014). 

As a major global producer of beef including grass and grain-fed beef products, which 

attract premium prices at sale due to credence quality attributes, it is vital for the Australian 

beef industry to be able to verify production system claims made on meat products. If the grass-

fed claim was unable to be substantiated during a challenge, Australia risks losing market 

access to some markets, which would result in a large economic loss (Curll, 2015). 

2.4.2. Laboratory Based Methods  
Methods of authenticating beef products have been developed in response to consumer 

interest in the quality and safety of food. These methods have been widely used for decades in 

research with limited uptake in industry and provide information about the composition of 

animal products. 

2.4.2.1. Fatty Acid Analysis 
The chemical analysis of FA was developed in 1957 and utilized a costly solvent, 

petroleum ether (Folch, Lees, & Sloane Stanley, 1957). Over the years the Folch method has 

been developed and enhanced to be cheaper, but still effective. There has been disagreement 

over the most suitable method for analysing complex FA mixtures such as fats from livestock 

(Beattie, Bell, Borgaard, Fearon, & Moss, 2006; Gurdeniz, Ozen, & Tokatli, 2010; Palmquist 

& Jenkins, 2003), as the double bond presence makes PUFA and conjugated linoleic acid 

(CLA) unstable and vulnerable to alteration (Schiavon et al., 2016).  

The two-step procedure for analysis by gas chromatography (GC) involves extracting fat 

from the sample material and subjecting it to methyl esterification treatment that converts FA 

into the corresponding fatty acid volatile methyl esters (FAME). This method is a quantitative 

chemical technique for the determination of FA and involves solvent extraction of total lipids 

followed by conversion of FA to their methyl esters then analysis by GC or High Performance 

Liquid Chromatography (HPLC) (Osborne, Fearn, Hindle, & Hindle, 1993). Advancements in 

technology have enabled the development of more advanced detectors to be used in 

combination with GC, these include Gas Chromatography Mass Spectrometry (GC-MS) and 

Gas Chromatography Flame Ionization Detector (GC-FID) (Zhang, Wang, & Liu, 2015).  

The kind of detector to be used is a matter of discussion in literature as their sensitivities 

differ (Aparicio-Ruiz, García-González, Morales, Lobo-Prieto, & Romero, 2018; Dodds, 
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McCoy, Rea, & Kennish, 2005). The GC-FID measures the current in a flame, based on 

burning ions of the organic compounds. GC-FID is a good detector for organic compounds as 

it detects the amount of carbon in a sample although the overall efficiency is low and there is 

a lack of selectivity when applied to complicated samples, since only instrument response and 

retention time information may be gathered (Dodds et al., 2005). GC-MS works by breaking 

each compound, coming from the GC, into fragments by using a high-energy beam of electrons 

(Hussain & Maqbool, 2014). This produces electrically charged ions that have a certain mass 

that can be analysed using the mass to charge ratio (m/z). These ions are then accelerated and 

deflected in a tunnel while being exposed to a magnetic field that results in the particles hitting 

a detection plate where the mass to charge ratio and relative abundance is calculated (Hussain 

& Maqbool, 2014). The chromatogram of the MS is based on the intensity of fragments 

produced by the ionization. GC-MS can provide detailed structural information on many 

compounds such that they can be detected and quantified. The GC-MS method has recently 

been validated for the most relevant volatiles in oil, but the GC-FID method still needs to be 

validated to evaluate its performance in this application (Aparicio-Ruiz et al., 2018). For FA 

analysis both detectors are used (Christie, 1998; Zhang et al., 2015), although not together, 

with the choice of detector dependent on the samples. 

FA concentrations have also been completed using a one-step extraction method based 

on the methodology developed by Lepage & Roy (1986). Extraction of FA can be achieved by 

using a chloroform/methanol mixture and once extracted and evaporated, the mixture can be 

methylated using methanol/toluene mixture which contains internal standards such as C13:0 

and C19:0. Once extracted and methylated, FA can be identified from the FAME using gas 

chromatography using either detector mentioned above (Clayton, Gulliver, Piltz, Taylor, 

Blake, & Meyer, 2012).  

A one-step extraction-transesterification procedure using a solvent mixture of methanol-

benzene (or chloroform)-acetyl chloride (20:27:3) was developed for feedstuffs and faecal 

samples. This method is claimed to take only 2 hours to undertake (Sukhija & Palmquist, 1988) 

excluding the sample preparation time. Notable differences were observed between FA 

composition of the conjugated linoleic acid fat source when methylated by the standard Sukhija 

& Palmquist (1988) procedure versus the adaptations made by Jenkins (2010). Whilst the 

method by Sukhija & Palmquist (1988) was able to produce a total content result of conjugated 

linoleic acid in line with the control, the proportion of isomers was incorrect as trans-9 and 

trans-11 were the primary isomers instead of cis-9, trans-11 and trans-10,cis-12 isomers 
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(Jenkins, 2010). Selecting the appropriate internal standards is required to produce accurate 

results from FA analysis when utilising this method and the modifications made by Jenkins 

(2010) are advisable.  

2.4.2.2. β-carotene Analysis 
Previous methods of measuring the carotenoid content in biological materials involved 

the saponification of lipids and ether extraction of non-saponified carotenoids (Dunne et al., 

2009). This was then followed by spectrophotometric detection in the extract using the 

wavelengths 430 and 460 nm (Kirton, Crane, Paterson, & Clare, 1975). A limitation of this 

method is the inability to detect the portions of xanthophylls, especially lutein and zeaxanthin 

from the carotenoid content. While this method has been widely utilised, improvements to 

understand the impact of feeding on the carotenoid content are needed to capture the full 

carotenoid profile. Xanthophylls are unstable when heated under alkaline conditions and can 

be compromised during sample preparation as oxidation of the sample can occur that can skew 

the results (Chauveau-Duriot, Doreau, Nozière, & Graulet, 2010). 

Carotenoids are an important component of biological materials and have been measured 

in various plant species. Carotenoids in tomatoes have predominantly been analysed by 

reverse-phase high-performance liquid chromatography (Baranska, Schütze, & Schulz, 2006). 

This method involves a sample being diluted in water and then placed in a C18 SPE cartridge. 

The carotenoid fraction is then eluted with a methanol/dichloromethane mixture (45:55 v/v) 

and the resulting elute is evaporated to dryness and the residue is dissolved in a mixture of 

acetonitrile/dichloromethane (50:50 v/v). Then the solution is injected into the HPLC system 

with a 3 µm column (150 x 3.0 mm i.d.) used for separation (Baranska et al., 2006). Compounds 

have been identified by comparison of retention times and co-injection spiking and by 

comparing the UV- visible spectra with authentic standards with quantification occurring by 

integrating the peak areas from the HPLC results (Baranska et al., 2006).  

Subsequently, similar methods have been utilised in biological samples from animals for 

example, a method was developed by Yang, Larsen, & Tume (1992) for subcutaneous fat. 

Similar to the method previously described the subcutaneous fat sample is saponified and 

diluted, followed by centrifugation and incubation (Yang et al., 1992). In contrast to the method 

employed by Baranska et al. (2006), the β-carotenes are extracted twice in diethyl ether with 

butylated hydroxytoluene and the extracts washed with distilled water. Sodium sulphate is then 

added to remove any residual water from the extracts, prior to the extracts being filtered and 
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evaporated to dryness under a stream of nitrogen (Yang et al., 1992). The residual sample is 

then redissolved in ethanol before the β-carotene concentration is determined on a HPLC 

system, with methanol: water as the mobile phase with a C18 column guard. The β-carotene 

peak is measured at 450 nm with a photodiode array detector (PDA) and a calibration curve is 

used to determine the β-carotene concentration (Yang et al., 1992).  However, the method for 

use in subcutaneous fat involves many more processes to extract the β-carotene from the 

sample than utilised for the extraction from plant materials and consequently is more expensive 

and time consuming. 

HPLC has become the reference method for analysing such biological samples, but it 

still has difficulty separating xanthophylls and geometrical isomers of carotenoids present in 

complex matrices like subcutaneous fat. The more recent development of ultra-performance 

liquid chromatography (UPLC) which can operate at a higher pressure than HPLC is believed 

to result in higher sensitivity, better resolution and result in a faster analysis. A study by 

Chauveau-Duriot et al. (2010) utilised a new UPLC method allowing simultaneous 

determination of carotenoids and vitamins A and E in forage, plasma and milk which resulted 

in the separation of 23 peaks of carotenoids in forages. The UPLC method utilises an HSS T3 

column and a gradient solvent system was compared to a previously published reverse-phase 

HPLC using C18 columns. For samples of forage, the UPLC method gave similar 

concentrations of carotenoids and of vitamins A and E to the HPLC method. Furthermore, 

UPLC allowed a better resolution for xanthophylls, especially lutein and zeaxanthin, and for 

the three isomers of β-carotene. Using test samples of Vitamin A in both the UPLC and HPLC, 

the UPLC produced results that were more consistent and showed equal or better sensitivity; 

however, the process is slower than the traditional HPLC method and is more expensive. 

Overall carotenoid analysis has successfully been used to discriminate between pasture based 

systems and animals fed only concentrate (Roehrle et al., 2010), but is a lengthy expensive 

system of analysis. 

2.4.2.3. Stable Isotope Analysis 
Stable isotope analysis has been utilised in food adulteration studies due to its ability to 

produce accurate and efficient results by measuring the concentration of stable isotopes within 

a sample. This approach has been successful for detecting adulteration of juice (Thomas et al., 

2010) and honey (Bogdanov & Martin, 2002) and organic beef (Bahar et al., 2008) as well as 

geographic origin traceability of food including olive oil (Angerosa, Bréas, Contento, Guillou, 
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Reniero, & Sada, 1999) and dairy products (Knobbe et al., 2006). This research has been 

extensively utilised in aquaculture especially for contact tracing, water content and diet 

identification (Hassoun et al., 2020). Recent successes in aquaculture include using isotopic 

analysis in the detection of H/O ratios as a result of the O ratio in water for trout species as a 

way of geographical traceability (Camin, Perini, Bontempo, Galeotti, Tibaldi, & Piasentier, 

2018). In shrimp research it  has shown the ability to discriminate between commercial feeds 

when fed for twenty days or more (Li, Kokkuar, Han, Ren, & Dong, 2020). Stable isotope 

analysis shows usefulness in providing information about the diet through the concentration of 
13C and 12C isotopes and 15N and 14N isotopes as these vary in different feeding systems (Zhang, 

2015).  

Currently in beef, isotopic analysis has mainly been studied comparing beef produced 

organically to that produced conventionally and has been successful due to C3 plants like grass, 

hay and soybean being lower in δ13C than that of C4 plants such as corn and sorghum. Stable 

isotopes have been utilised in milk for the identification of production system. Molkentin & 

Giesemann (2007) reported organic milk could be discriminated from conventional milk based 

on isotopes coming from the corn content in the diet. Milk samples (269 from six properties) 

were tested and the lowest result for traditional milk for 13C was -26.6% with all others above 

this limit. The organic milk had a lower δ 13C value and the lowest value was observed at -

28.0%, thus leading to the development of -26.6% as the standard to authenticate milk samples 

with an accuracy of 99%. Bahar et al. (2008) found organic beef had a lower δ 13C level between 

-26 % and -28 % whilst conventional beef had a level between -25.5 % and 23.8 %, with large 

variation identified in conventional beef reportedly caused by various concentrates fed to the 

animals (Bahar et al., 2008).  

Isotope ratio mass spectrometry (IRMS) is a method developed to measure the abundance 

of isotopes from within natural material. This technique requires a large, bulky and costly 

instrument, which can only be performed in a laboratory. The three main components of the 

machine include a magnetic analyser, ion source and an ion collector. The ions are separated 

by a magnet or an electromagnet and the mass and charge determine the radius of deflection 

(Kelly, 2003). Heavier ions are deflected less than lighter ions, while ions with the same mass 

to charge ratio will have an identical deflection radius. The ions being deflected are focussed 

into beams that are collected and quantified by the Faraday-cup in ion collectors (Hoogewerff 

et al., 2003) which is then transformed into a digital signal for analysis. This technology has 

been utilised successfully in food science for the identification and authentication of wine and 
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fruit juice (Kelly, 2003). Recent advances have allowed multi-element isotope analysis to occur 

which enables the detection of carbon, nitrogen, oxygen and hydrogen all at once which has 

been used by Boner & Forstel (2004) in a study which identified the geographical location for 

the production of organic beef. A major limitation of this technology is that the sample is 

destroyed (Inácio & Chalk, 2017), it utilises expensive equipment and is a lengthy process. To 

prepare the sample for analysis in a gaseous form there is a need for separate sample 

preparation dependant on which element you wish to analyse for isotopes. When utilising 

stable isotope analysis for the beef industry, an important concern arises due to  geographical 

and environmental impacts on the samples (Zhao, Zhang, Chen, Chen, Yang, & Ye, 2014). 

Climate, specific locations and altitude have all been found to alter the stable isotope 

concentrations and as such need to be assessed and considered before this technology can be 

utilised solely for the authentication of production systems. Additional influences, important 

for identifying beef production systems, are the tissue type, season the sample is collected and 

the breed of cattle as these can influence the observed isotopes. Animals raised in separate 

locations, but with the same commercial feed, may lead to misleading isotope values that do 

not represent the true production system (Zhao et al., 2014). Conversely, samples from animals 

produced on similar diets, but not the same, and in areas with similar geographical locations 

may be identified as having identical isotopic signatures. 

In the 1990s, laser absorption spectroscopy (LAS) was developed as a technique for the 

analysis of isotopes. This method has been enhanced and the technology made smaller and 

easier to operate and has now become a preferred method over IRMS (Zhang, 2015). This 

technique is based on the principal that isotopes absorb light at different wavelengths with 

some molecules having very strong absorption bands. When calibrated correctly LAS can 

provide information on the rotational-vibrational absorption features of the individual 

molecules and can enable the identification of various isotope compositions (Kerstel & Meijer, 

2005).   

Another technique that has risen in popularity is nuclear magnetic resonance 

spectroscopy (NMR) which works under the principal that nuclei absorb and emit 

electromagnetic radiation energy at specific resonance frequencies within a magnetic field 

(Angerosa et al., 1999). Each isotope has unique magnetic properties that enable NMR to detect 

the specific isotope. NMR is most commonly used to provide results for hydrogen due to the 

high sensitivity and the abundance of hydrogen on earth. Advancement on this technology 

came in the form of specific natural isotope fractionation (SNIP-NMR) which provides 
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information on deuterium, which is unable to be produced when utilising the IRMS. With this 

advantage, SNIP-NMR is often utilised to trace the chemical pathway of compounds with the 

deuterium isotope. SNIP-NMR is the official EU method applied for wine traceability (Zhang, 

2015). 

2.4.2.4. Limitations of Laboratory Methods 
Due to the high cost to industry for conventional testing of FA composition a need for 

innovation in the testing process is evident. The interest in rapid online non-invasive methods 

for measuring FA composition and β-carotene concentration has increased and several optical 

methods have potential to fulfil this purpose. 

Methods for analysing FA composition to determine the finishing diet of cattle requires 

extended periods of time, caustic chemicals and destroys the sample. Laboratory analysis of 

FA requires samples to be freeze dried, homogenized, hydrolysed, incubated, centrifuged, and 

quantified by capillary gas chromatography (Ponnampalam, Burnett, Norng, Hopkins, Plozza, 

& Jacobs, 2016). This is a time consuming process and is unable to be conducted in processing 

facilities due to length of time constraints and chemical usage (Ponnampalam et al., 2016).  

Alternative methods of stable isotope analysis have found success in traceability of 

geographical location, but the production systems of animals are difficult to quantify (Li et al., 

2020). 

2.4.3. Spectroscopic Methods 
Spectroscopic methods have been also been considered due to their ability to provide 

rapid and non-destructive results with many of these technologies being readily adapted for 

use in processing facilities because of the non-contactability and the fiber-optic components 

which make it easy to design portable devices that can withstand adverse processing conditions 

(Damez & Clerjon, 2008). Many optical methods show potential for assessing subcutaneous 

fat differences between carcases from different production systems. Some of these potential 

methods include infrared spectroscopy (IR), mid (MIR), near infrared spectroscopy (NIR) and 

Raman spectroscopy (RS), coupled with multivariate calibrations. Spectroscopic technologies 

have the advantage of providing a rapid result that when proven to be accurate can be utilised 

for commercial auditing. 
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2.4.3.1. Infrared spectroscopy 
IR operates between 750-1000 nm to characterise molecular structures, since two 

different molecules show different IR spectra. Absorbance of radiation is directly related to the 

concentration of individual chemical compounds according to the Bouguer–Beer–Lambert law 

(Udén & Sjaunja, 2009). IR can be split into near IR, mid IR and far IR (Figure 3). Far IR has 

been recently used for inorganic compound analysis while near IR and mid IR are being utilised 

for organic classification and molecular structure. 

  

46



 

Figure 3. Electromagnetic spectrum highlighting the wavelength (µm) differences 

within the infrared region.  

2.4.3.1.1. Mid Infrared spectroscopy 
Two types of IR spectrophotometers are utilised which include the dispersive IR and 

Fourier-transform infrared spectroscopy (FTIR). The main difference between these methods 

is  that the dispersive IR measures intensity over a narrow range of wavelengths at a time 

whereas FTIR has the ability to measure multiple wavelengths simultaneously to collect a wide 

array of spectral data (Lerma, 2012). FTIR is the preferred method over IR spectroscopy in 

science as FTIR is quicker and has a better signal to noise ratio (Lerma, 2012). 

2.4.3.1.1.1. Past uses 
Mid FTIR has been traditionally utilised to measure protein in the dairy industry 

(Barbano, Melilli, Overton, Woolpert, Dann, & Grant, 2015) as well as being used successfully 

for the prediction of soluble components in wine, beer and spirit drinks, with good results for 

components such as ethanol, glycerol, sugars and total phenols (Udén & Sjaunja, 2009). Plant 

nutrient testing for classification of pathogens  has also been assessed utilising a variant of mid 

FTIR including attenuated total reflectance (Smith, Schmidtke, Müller, & Holzapfel, 2014). 

The estimation of volatile FA concentrations from cattle rumen samples in vitro has been 

undertaken with Mid FTIR. The Mid FTIR was able to accurately detect and quantify the 

concentration of acetate, propionate and butyrate. This study did require sample preparation 

and chemometric modelling although the authors did recommend that a cheaper method be 

investigated when processing a large sample size as this method is expensive (Udén & Sjaunja, 

2009). 

Olive oil has also been able to be classified utilising mid FITR (Gurdeniz et al., 2010). 

Samples from two geographical regions in Turkey were analysed in a benchtop device and 

scanned 128 times per sample. Not all FA were assessed in this study as they focused on C14:0, 
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C16:0, C16:1, C18:0, C18:1, C18:2, C18:3, C20:0 and C22:0 due to these being the influential 

FA found within olive oils (Gurdeniz et al., 2010; O’Keefe, 2002). Mid FTIR was most 

accurately able to predict the MUFA concentration, followed by PUFA and then SFA. This 

may be due to the high concentration of MUFA in olive oil as it can make up anywhere from 

55-80% of the oil content. The root mean standard error of the prediction (RMSEP) of a 

validation set for stearic, oleic, arachidic, linoleic and linolenic acids was determined as 0.41, 

0.66, 0.97, 0.07 and 0.07 respectively, which suggests mid FTIR is able to explain the 

differences between the geographical location of samples (Gurdeniz et al., 2010). Olive oil 

differentiation between geographical areas demonstrates the sensitivity of the FTIR device and 

shows potential for application in more complicated FA profiles. 

2.4.3.1.1.3. Advantages 
IR provides spectra from a range of sample states including solids, liquids and gases. 

Dispersive IR instruments have difficulties in analysing edible oils as they are not equipped 

with proper spectral acquisition and processing systems in order to capture the required 

information for quantitative analysis (Guillén & Cabo, 1997). FTIR has overcome the issues 

associated with dispersive mid IR and has been widely taken up as a method for identification 

of samples including fat from milk and olive oils (Barbano et al., 2015; Gurdeniz et al., 2010). 

FTIR gives a rapid analysis of samples and has been developed into a hand-held device 

that has been utilised to characterise different vegetable oils (Allendorf, Subramanian, & 

Rodriguez-Saona, 2012). Results from a benchtop device however provide superior results 

compared to the hand-held portable device. The hand-held device has shown promise for 

determining the FA composition of oils although it has been unable to classify some of the oils 

including peanut oil, whereas the benchtop device had a lower signal to noise ratio and was 

able to classify all oil samples (Allendorf et al., 2012). Both the benchtop and hand-held 

devices were able to identify key absorption regions for –C=CH cis, CH2 and CH3 stretching 

vibrations between 3,050 and 2,800 cm−1, stretching vibrations of double bonds (–C=O of 

esters) between 1,750 and 1,650 cm−1, bending and rocking vibrations of CH, CH2, and CH3 

between 1,465 and 1,370 cm−1, and the –C–O stretching and CH2 rocking vibrations in the 

region of 1,250– 700 cm−1 (Allendorf et al., 2012). The hand-held device struggled to 

differentiate between sunflower, canola and peanut oils due to a high signal to noise ratio in 

the scans, but was successful with cottonseed, corn and safflower oil. This effect is 

hypothesised to be due to similarities in the chemical composition of these oils (Allendorf et 
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al., 2012), although the benchtop device was able to separate all the oil samples from each 

other, indicating the hand held device was not sensitive to the differences in oils. 

2.4.3.1.1.4. Limitations 
Currently hand-held devices are still being optimised to be as accurate as their benchtop 

counterparts. A major issue for mid FTIR is that the samples generally require preparation for 

benchtop devices as was the case for volatile FA in rumen fluid and in isolating milk fat for 

testing (Allendorf et al., 2012; Gurdeniz et al., 2010; Lerma, 2012). Preparation of solid 

samples through grinding or homogenising is required to enable absorbance of the laser 

(Lerma, 2012). Sample preparation is easier for liquid transmission studies compared to solid 

transmission sampling, but both can suffer from inevitable reproducibility issues given the 

complexity of the sample preparation methods and human error due to the need for 

homogenous samples (Lerma, 2012). In addition, preparation can be very messy and time 

consuming and is further complicated by difficulties in producing a homogenous sample 

without grinding and homogenising, which can affect the integrity of the sample (Lerma, 

2012). Currently no study has been undertaken using this technology on meat or subcutaneous 

fat samples. 

The development and uptake of attenuated total reflection (ATR) has reduced the need 

for sample preparation. This sampling technique allows samples to be scanned in a solid or 

liquid state without the need for sample preparation by utilising a beam splitter to direct the IR 

light into an ATR crystal causing the light to be reflected resulting in an evanescent wave that 

extends to the sample (van Kempen & McComas, 2002). van Kempen & McComas (2002) 

utilised ATR in a study to assess the quality of fats to be fed to animals using an ATR fitted 

device with a 40° zinc selenide trough window. The scans were collected between 650- 4000 

cm-1 with a 2 cm-1 resolution with the wave number range equalling 2500- 15,385 nm. The 

RMSEP of free FA, moisture, iodine value and gross energy was 1.60, 0.12, 2.60 and 0.058, 

respectively (van Kempen & McComas, 2002). This study concluded that mid IR was highly 

accurate for predicting free FA and the iodine value but struggled with moisture and energy. 

This was hypothesised to be caused by the use of a reference method with high variation. As 

FA composition of subcutaneous fat is dependent on a reference method, that as previously 

outlined can be measured in various ways, this may limit the ability to be utilised as a method 

for identifying production systems for beef meat. 
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2.4.3.1.2. Near infrared spectroscopy 
The NIR spectrum is located between the infrared and visible spectra and covers the 

electromagnetic spectrum from 780-2500 nm (Sheppard, Willis, & Rigg, 1987) as first 

measured by Abney & Festing (1880). Absorption in the NIR region is caused by fundamental 

vibrations from either overtones or combinations. Every fundamental vibration will produce 

absorptions at multiples frequencies and any frequency produced that is greater than the initial 

frequency is known as an overtone of that fundamental vibration (Christy, McClure, & Ozaki, 

2006). ‘Combinations’ however, require more energy than the fundamental vibration as they 

arise from the sharing of NIR energy between two or more of the fundamental absorptions 

(Christy et al., 2006). The NIR spectrum is called the overtone region as it is dominated by 

overtones although the first overtones are observed in the mid-infrared region. The NIR 

absorption of light by polymers originates from the overtones of OH, NH, SH and CH that are 

affected by the hydrogen bond formation, which can be measured by NIR spectroscopy. NIR 

spectroscopy provides scope to search for free non-hydrogen bonded species within a solution 

or liquid to provide information on the chemical and physical information about molecules but 

struggles to determine the structure of samples and it can be difficult to extrapolate the specific 

compounds within a mixed sample.  

2.4.3.1.2.1. Past uses 
NIR has been widely used and implemented in pharmaceutical testing (Sarraguça & 

Lopes, 2009), medical diagnosis (Sakudo, 2016), beverage analysis (Wang, Sun, Pu, & Cheng, 

2017) and quantification of feedstuffs (Shenk, Workman Jr, & Westerhaus, 2008). This 

technology has also been utilised in laboratory testing of feedstuffs and has been investigated 

for testing of meat quality traits (Prieto, Dugan, Juárez, López-Campos, Zijlstra, & Aalhus, 

2017; Prieto, Dugan, López-Campos, Aalhus, & Uttaro, 2013). The measurement of FA has 

been conducted in intact pork (González-Martı́n, González-Pérez, Alvarez-Garcı́a, & 

González-Cabrera, 2005), beef loins (Prieto et al., 2011), ground beef (Realini, Duckett, & 

Windham, 2004; Sierra, Aldai, Castro, Osoro, Coto-Montes, & Oliván, 2008) and Iberian pig 

fat (González-Martı́n, González-Pérez, Hernández-Méndez, & Alvarez-Garcı́a, 2003). 

Development has occurred for large scale meat quality evaluation using NIR to predict 

chemical composition (Alomar, Gallo, Castañeda, & Fuchslocher, 2003; Prieto, Andrés, 

Giráldez, Mantecón, & Lavín, 2006) as well as physical and sensory characteristics of meat 

(Andrés, Murray, Navajas, Fisher, Lambe, & Bünger, 2007; Prieto, Andrés, Giráldez, 
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Mantecón, & Lavín, 2008; Prieto, Dugan, López-Campos, McAllister, Aalhus, & Uttaro, 2012; 

Prieto et al., 2009; Shackelford, Wheeler, & Koohmaraie, 2005).  

Prieto et al. (2013) utilised NIR to estimate the concentration of PUFA in meat and their 

biohydrogenation products in subcutaneous fat from beef cattle supplemented with flaxseed, 

utilising a benchtop device, and was able to accurately predict the amount of omega 3 FA. 

However the benchtop NIR struggled to identify omega 6 and minor omega 3 FA’s especially 

in subcutaneous fat (Prieto et al., 2013). Perirenal fat was also scanned and an root-mean square 

of cross validation (RMSECV) was derived for omega-3 (0.07) and omega-6 concentration 

(0.16) and omega-3 (0.09) and omega-6 (0.33) concentration in subcutaneous fat (Prieto et al., 

2013). Prieto et al. (2013) indicated that these methods could be potentially employed, but that 

significant testing was needed before implementation of this technology as perirenal fat is not 

in an ideal location for sampling.  Further examining a portable device was suggested, since 

benchtop devices are more sensitive.   

Prieto et al. (2012) used samples removed from the carcase at the 12th rib which had been 

frozen/thawed and cooked before being scanned using a benchtop device and sampled for 

analysis. In this case, NIR was able to differentiate between animals fed flaxseed and those 

without, where both were fed otherwise the same 50:50 mix of concentrate and forage. This 

work indicated that there was potential to differentiate tissues based on animal diet. This 

method, while successful in identification, would be unable to be implemented at a processing 

facility due to the need for time consuming sample preparation as well as destruction of the 

sample. 

2.4.3.1.2.2. Advantages 
NIR has evolved and been developed into hand-held devices that are becoming lighter 

and more portable whilst providing a rapid result for the chemical composition of a sample. 

Advancement in NIR has led to the development of non-destructive technology, which does 

not require reagents, trained staff or waste (Prieto et al., 2012) making it suitable for on line 

analysis in the field.  

Recent developments in NIR have significantly reduced the cost of NIR devices with 

devices becoming available to the general public (Christy et al., 2006). With this technology 

being widely established in many fields, NIR has a long record of application and has many 

reference samples that can be used for identification of unknown samples.  
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2.4.3.1.2.3. Limitations 
Analysis of NIR spectra, as with other spectroscopic methods, requires complex 

chemometric models to interpret the spectra and evaluate the bonds causing variation in 

intensities (Pasquini, 2003). NIR is sensitive to accumulation of free water, as there is a broad 

feature at 7000 cm-1 that is due to the OH symmetric and antisymmetric stretching of water. 

NIR bands are broad and overlap reducing the selectiveness of the technology in comparison 

to mid IR. Assignment of bands is complicated due to overtones of the fundamental vibrations, 

combinations of fundamental vibrational modes and Fermi resonance (Christy et al., 2006). 

Chemometrics has paved the way for improved interpretation of NIR spectra through 

pretreatment techniques and the commonly utilised Principal Component Analysis (PCA) that 

is used for differentiation of samples (Luthria, Mukhopadhyay, Lin, & Harnly, 2011). Further 

advancements in chemometrics in the form of Partial Least Square (PLS), Independent 

Components Analysis (ICA) and Partial Least Square Discriminant Analysis (PLS-DA), have 

enabled advanced understanding of data and modelling (Brereton & Lloyd, 2014; Lee, Liong, 

& Jemain, 2018). 

β-carotene and FA are made up predominately by C-H, C-C and C=C bonds which NIR 

can identify, but there can be some issues differentiating between orientation and the individual 

chemical responsible for the change. Previous testing of oils and fats showed NIR to be less 

effective than RS in determining the FA compositional differences between samples from 

different oils and fats Yang, Irudayaraj, & Paradkar (2005). This was postulated to be due to 

NIR not being as sensitive to the C=C double bond (Yang et al., 2005).  NIR produces broad 

peaks that can be used for differentiation, but is  unable to identify chemical bonds and 

individual peaks can become lost in the spectra (Yang et al., 2005). 

In contrast to other optical methods NIR struggles to identify structure in samples and as 

such is not sensitive to structural changes induced by heating, freezing, denaturation, aeration 

and gelatination (Christy et al., 2006). More research and advancements have been 

incorporated into NIR and it is widely used in laboratory analysis. However, some devices used 

in the field are behind the advancement of benchtop devices, are bulky and require 

advancement of the design to be suited for the cold, wet environment typical of commercial 

plants. 
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2.4.3.2. Raman spectroscopy 
Raman spectroscopy (RS) has emerged as a useful tool for measuring meat quality traits, 

and is based on the principle that as light is directed at matter there is an interaction and an 

exchange of energy which is known as inelastic scattering (Raman & Krishnan, 1928). RS uses 

a laser light, that interacts with molecules and condensed matter, this laser beam irradiates a 

sample with a known frequency and a portion of the photons are scattered by the sample with 

a shifted frequency (Liu, Schmidt, & Mörlein, 2016). The change in frequency between the 

scattered light and the incident radiation is known as the Raman shift and many Raman shifts 

together are called a Raman spectrum (Yang & Ying, 2011). The Raman spectrum represents 

the vibrations of chemical bonds and the functional groups in molecules. Inelastic scattering of 

light leads to vibrations in molecular bonds, which gives information about the bonding, 

structure, electrical environment and symmetry of the molecules.  RS is known to provide a 

chemical fingerprint that provides the basis for structural and quantitative analysis (Yang & 

Ying, 2011). Recent advances in technology in lasers and charged coupled devices have helped 

to advance RS as an analytical tool (McCreery, 2001; McCreery, 2005).  

2.4.3.2.1. Past uses 
RS has advanced recently and has been utilised in various fields for chemical 

identification of art, chemical composition of non-biological samples, pharmacology, 

dermatology as well as atomic and element composition and rapid ID of biological samples 

(Aditi, Krishna, Sarla, Parveen, & Krishna, 2013; Candeias & Madariaga, 2019; Ezerskaia et 

al., 2018; Lam, Ganbold, Cho, Kang, & Joo, 2014; Santos, Caspers, Bakker Schut, Doorn, 

Koljenović, & Puppels, 2015).  

Studies using RS in meat science have increased over recent years with RS being used 

by many to quantify FA composition in a variety of meat species (Afseth, Wold, & Segtnan, 

2006; Berhe, Eskildsen, Lametsch, Hviid, van Den Berg, & Engelsen, 2016; Boyacı, Temiz, 

Uysal, Velioğlu, Yadegari, & Rishkan, 2014; Boyaci et al., 2014; Fowler, Ponnampalam, 

Schmidt, Wynn, & Hopkins, 2015a). There is additionally a large body of work completed on 

pork (Beattie, Bell, Borggaard, Fearon, & Moss, 2007; Lyndgaard, Sørensen, Berg, & 

Engelsen, 2012; Olsen, Rukke, Egelandsdal, & Isaksson, 2008; Olsen, Rukke, Flåtten, & 

Isaksson, 2007) These studies have mainly focused on pork fat FA composition as pork fat is 

readily used in processed meat products and the composition of pork fat influences the ability 

to make processed meat products, such as salami.  
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 Olsen et al. (2007) demonstrated high predictive acuity between scans of adipose tissue 

and reference measurements for PUFA and MUFA in pork adipose tissue with R2 = 0.98, 

RMSECV = 1.0 and R2 = 0.96, RMSECV = 1.0, respectively. Analysis of PUFA utilised 5 PLS 

factors with MUFA utilising 9 and these regression results were produced using polynomial 

curve fitting, SNV and selected wavelengths. Olsen et al. (2007) also scanned the samples after 

heating to 50°C and compared the melted fat to the initial sample and found that by melting 

the sample the majority of spectral information within the sample was lost. Brühl (2014) has 

showed that heating fat irreversibly changes the FA composition which may be why Olsen et 

al. (2007) was unable to gather useful spectral data from the melted fat. Olsen et al. (2007) 

utilised a ball probe with a sapphire spherical lens which may have helped with their results as 

sapphire spherical probes can provide a clearer and less dispersed and more focused laser than 

other lens materials (Mo, Zheng, & Huang, 2010).  

Previous work has been conducted on the ability of RS to predict FA groups within the 

intramuscular fat in lamb. The study by Fowler et al. (2015a) showed an ability to detect 

PUFA’s (R2 = 0.93; RMSECV = 46.6 (mg/100 g meat) with 11 latent variables (LVs)), but a 

reduced ability to predict MUFAs (R2 = 0.54; RMSECV = 400.3 mg/100 g meat, with 7 LVs) 

and SFAs (R2 = 0.54; RMSECV = 358.7 mg/100 g meat, with 2 LVs). This study found the 

process of separating the phospholipid signals from the saturated FA in the spectra difficult 

due to background noise in the spectra resulting in spectral regions overlapping and the authors 

suggested this may have resulted in a lack of ability to predict SFA groups (Fowler et al., 

2015a).  

Raman spectroscopy has also been used to predict the juiciness and tenderness of beef 

loins with correlations between predicted and observed values (ρ) of 0.42 and 0.47, 

respectively (Fowler, Schmidt, van de Ven, & Hopkins, 2018). This work yielded low 

correlation results between the calibration (ρCAL = 0.60) and the cross validated (ρCV = 0.47) 

models, which showed a high error resulting from the partial least square regression (PLS-R) 

test (Fowler et al., 2018). The authors reported RMSECV in place of the RMSEP, as the result 

was not based on an independent test, and thus the model is more susceptible to prediction 

error and this can result in a model that overfits the data, which can be misleading. The work 

of Fowler et al. (2018) also showed there was limited ability to predict pH at 72 h post mortem 

with a cross validation error of 0.87 pH units which is higher than the pH range utilised in the 

calibration data set. These errors indicate that RS was unable in this experiment to determine 

the pH of beef loins, postulated to be difficult as pH is a logarithmic scale and spectral 
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differences are largely linear. This research was conducted on the muscle sample and the 

authors acknowledged that sampling the muscle lead to fluorescence and non-Raman 

background noise that when corrected (by a 6th order polynomial through selected 

wavenumbers), decreased the quality of the spectra. Meat contains complex mixtures of lipids, 

proteins, and other organic molecules, which result in the Raman intensities for these 

compounds overlapping with each other. Therefore, researchers often find ways to selectively 

enhance the signal of the compounds they need, though great care must be undertaken as 

overcorrection for these intensities can result in a skewed or shifted spectra (Jin, Chen, Lu, Jin, 

Ding, & Gao, 2015a).  

RS has been used to determine important composition/physical structure parameters 

relevant to the analysis of animal fats. These including cis/trans geometrical isomer ratio 

(Bailey & Horvat, 1972), molar unsaturation (C = C per molecule) (Bailey & Horvat, 1972), 

conjugated double bond content (Chmielarz, Bajdor, Labudzinska, & Klukowska-Majewska, 

1995), mass unsaturation (Afseth et al., 2006), chain length (Beattie, Bell, & Moss, 2004), FA 

composition (Beattie et al., 2006; Beattie et al., 2004) and adulteration (Heise, Damm, Lampen, 

Davies, & McIntyre, 2005). Building on this work Beattie et al. (2007) focused on the ability 

of RS to differentiate adulterated products based on the FA composition to assess the 

differences between species including cattle, sheep, pigs and horses. RS has been used 

successfully to differentiate (R2 = 0.99) (Beattie et al., 2007) meat from different species such 

as pork, horse, goat and beef (Boyaci et al., 2014; Ellis, Broadhurst, Clarke, & Goodacre, 2005; 

Sowoidnich & Kronfeldt, 2012). The study by Beattie et al. (2007) was a major success for RS 

as a verification method, as this research demonstrated the power and capability to rapidly 

detect adulteration of meat products that was unable to be done by other technologies. 

However, the study by Beattie et al. (2007) did not report any RMSEP values, which are a 

measure of the predicted error using completely independent samples.  

Lyndgaard et al. (2012) used a Raman device to analyse the FA composition of sixteen 

pork loins with the subcutaneous fat removed from the loin neck end at 24 h post slaughter. 

Then 10 hours after sample collection RS was used to collect measurements of the fat. 

Cylinders were drilled out of the subcutaneous fat using a rotary biopsy punch drill and sliced 

into discs to create a depth profile. Each disc was divided into two and one used for RS and 

one for GC with the samples randomized and measured on a metal plate with measurements 

performed at four different positions on each sample disc to increase sample representation 

(Lyndgaard et al., 2012). Differences in intensities of the vibrational bands of C = C and = C – 
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H were the main variations between the layers indicating differences in the FA composition as 

detected through gas chromatography. An estimation of the variation in FA composition as a 

function of fat depth and fat layer was performed by Lyndgaard et al. (2012). The identification 

of separate layers was obtained through utilising Principal Component Analysis that was able 

to describe 79 % of the spectral variation which was hypothesised to be caused by the vibration 

of double bond C = C stretching as well as the = C – H twisting and rocking (Lyndgaard et al., 

2012). 

2.4.3.2.2. Advantages 
RS offers potential for application in food because of its ease of use, speed, minimal 

nondestructive sample preparation, has high specificity, an ability to collect data through 

packaging, and is suitable for use in aqueous systems (Li & Church, 2014; Ozaki et al., 1998). 

The RS spectra have the potential to be used in the field and at the grading of carcases (24 h 

post-mortem in Australia) in combination with the pH measurements taken for all Meat 

Standards Australia graded carcases in Australia. The RS measurement could occur without a 

lengthy delay (Yang & Ying, 2011) at the same time as these other typical grading procedures 

are underway. This technology differs from other spectroscopic techniques as it overcomes the 

issues associated with internal reflection of light in intact muscle samples and the presence of 

water. RS can provide information on the structure, function and kinetics of biomolecules that 

can be useful for the food production industries. Another significant advantage of RS over NIR 

is the ability to probe food samples that are water rich, which is beneficial in a commercial 

setting. This is due to the peak intensities of water molecules peaking at 3000 - 3200 cm-1 

which rarely overlaps with the Raman peak intensities of other molecules (Jin et al., 2015a).  

The study by Baranska et al. (2006) investigated the concentration of β-carotene in 

tomatoes utilising both RS and NIR, with RS providing better prediction values (R2 = 0.89, 

standard error of cross validation (SECV) = 0.34) of carotenoid content than those provided by 

the NIR (R2 = 0.80, SECV = 0.41). RS measurements were obtained by the use of a 1064nm 

laser which was used to measure mashed tomato fruits and tomato products while NIR 

measured mashed tomatoes in an open spinning sample cup with the probe placed above 

(Baranska et al., 2006). High performance liquid chromatography was used to determine the 

β-carotene content as a reference measurement. Baranska et al. (2006) utilised multiplicative 

scatter correction, SNV, vector normalization and baseline correction as preprocessing 

techniques in combination with selected wavelengths to create a PLS model using 11 PLS 
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factors. RS provided better prediction values for carotenoid content than NIR, and this result 

is hypothesised to be caused by the high-water content in the sample that influenced the NIR 

spectra. 

RS is also advantageous as it can be used to measure samples from different medium 

phases including gas (Richards, 1949), liquid (Raman & Krishnan, 1928), gel (Bunow & Levin, 

1980), amorphis solids (Solin, 1970) and crystals (Born & Bradburn, 1947). The non-

destructive and non-invasive properties of the device enable it to be used in food production 

where taking the smallest sample or no sample is the preferred method. Another benefit of 

using RS is that it is sensitive to structural changes induced through heating (Johansson, 

Pettersson, & Taylor, 2002), freezing (Tomimatsu, Scherer, Yeh, & Feeney, 1976), mixing (Li-

Chan, 1994), fiber formation (Pézolet, Pigeon, Ménard, & Caillé, 1988), denaturation 

(Mathewson, 1985) and gelatination (Thawornchinsombut, Park, Meng, & Li-Chan, 2006). 

2.4.3.2.3. Limitations 
The main limitations to the adoption of RS are the price, availability, and low signal 

intensity leading to fluorescence. In the last 15 years advancements in lasers and charged 

coupled devices has helped to advance RS and have enabled RS to be developed as a portable 

device that is commercially available (Hanlon et al., 2000). The price of devices has been 

reduced although they are still expensive, they are on par with other spectroscopic technologies 

like NIR. A major limitation of RS is the presence of fluorescence and background noise. The 

signal of Raman spectroscopy is quite weak and for many types of biological samples, 

fluorescence is relatively strong and can cause an overlap with the relatively weak Raman 

signal (Jin et al., 2015a). Raman spectra can be obscured by other energy contributions such as 

broad featureless fluorescence emission and non-Raman background signals (any photons not 

from Raman are background) (Fowler, Schmidt, van de Ven, Wynn, & Hopkins, 2015b; 

Hanlon et al., 2000; Smith, Knorr, Pagba, & Wachsmann-Hogiu, 2011). 

Strong fluorescence background gives rise to problems when sampling including the 

fluorescence becoming the main element in the photon shot noise and decreasing the signal to 

noise ratio (Hanlon et al., 2000; Matousek et al., 2001). Another confounding issue of 

fluorescence occurs when the Raman bands are narrow, and fluorescence is smooth and 

featureless. Errors in background correcting can occur and can increase the error in 

identification of samples especially as the fluorescence levels increase (Kostamovaara, 

Tenhunen, Kögler, Nissinen, Nissinen, & Keränen, 2013). For benchtop devices there have 
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been advances in dealing with fluorescence including the process of “photobleaching” 

(Golcuk, Mandair, Callender, Sahar, Kohn, & Morris, 2006), in which the specimen to be 

analysed is illuminated with an excitation laser over several minutes, in order to destroy the 

fluorescent chromophores (Golcuk et al., 2006). The method has its drawbacks, it is time 

consuming and only applicable to materials that will not undergo a chemical change during the 

process, and the use of only benchtop devices has caused delay in uptake.  

The introduction of the sapphire spherical lens has greatly assisted with the 

reproducibility of RS measurements. A spherical lens allows the laser to be focused more 

precisely into a tighter area, and the sample can be placed directly on the lens to minimize 

sampling error as a result of variable focal distance (Mo et al., 2010). To allow for this direct 

contact with the sample the lens needs to be durable and resistant to scratching. Sapphire is 

second only to diamond as one of the hardest optical materials and has been readily utilised for 

portable RS devices. It provides clearer less dispersed laser radiation to the sample than the 

other spherical lenses such as UV fused silica, boro-crown glass, dense flint glass and 

lanthanum flint glass, although, these lenses are still being utilised due to their lower cost (Mo 

et al., 2010). Benchtop devices have been developed that suppress the fluorescence and reduce 

the impact on the spectra. In portable devices, this is not as viable and optional background 

corrections have been implemented in the commercially available RS devices. 

Background noise can come from optical phenomena such as luminescence of cells, 

samples or optical equipment. Background noise can be caused by stray light from Rayleigh 

scattering and reflections from optics or dust. Elastic scattering of light by particles smaller 

than the wavelength of the source of the radiation is known as Rayleigh scattering (Tsang, 

2000). Fluorescence can occur directly from the sample, absorbance of the reaction mixture, 

as well as from analysis conditions including the laser power, scan times, and orientation of 

the sample. These sources of fluorescence can jeopardize accurate quantification of the Raman 

spectra. Samples with a complex matrix are unsuitable for RS due to the large number  of 

background signals (Buckley & Ryder, 2017).  

As samples in processing facilities are heterogeneous, a larger sample area and a high 

spectral resolution are required to accurately identify the sample. The need for a compact 

device that has high specificity is needed for the identification of large compounds made from 

a mixture of chemicals. Using a larger lens to cover more of the sample has drawbacks as the 

sample can be subject to an increased laser power density that can result in localized heat 
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buildup and as explained above heat can damage the integrity of the sample and damage the 

resulting Raman spectra. Developers of portable RS devices have developed new techniques 

to overcome this issue. The orbital-raster scan technique allows observation of a multiple of 

dispersed analytes at the same time whilst still maintaining a high spectral resolution for 

identification of chemicals (Metrohm AG, 2019). The orbital-raster scan technique utilises a 

small, focused high intensity laser that will take multiple scans in a circular area to provide an 

average of the whole sample for each scan, thus detecting small changes in the sample and not 

damaging the integrity of the sample (Metrohm AG, 2019). In pharmaceutical drug detection 

the RS device with orbital-raster scan technique was able to match correlation scores across 

three scans between 0.99- 0.99 whilst without this technology turned off (same device) 0.98- 

0.95 (Metrohm AG, 2019), indicating the success of orbital-raster scanning in capturing the 

same data in every scan- reducing the need for time consuming replication. 

Currently the portable devices are not as sensitive as benchtop devices, however 

advancements by major manufacturers have increased the power of the devices.  Spectra from 

portable RS devices are often less accurate, reproducible and can be more easily affected by 

noise than the benchtop counterparts. Recently portable Raman devices have been mass-

produced and made available for industry application.  

2.5. Chemometrics 
Chemometrics as a field has advanced in the last sixty years and involves the extraction 

of information from chemical systems through a multitude of methods with the term being 

coined in the 1970s (Brereton, 2018; Wold, 1972). This science combines computer science, 

multivariate statistics and applied mathematics to provide solutions in a variety of fields 

including biology, chemistry and biochemistry. Applied chemometrics has been instrumental 

in the advancement of spectroscopy and has enabled a greater adoption within research and 

industry. In contrast to classical data analysis chemometrics focuses on a multivariate 

approach, including all variables to fit the data and can be used for prediction, pattern 

recognition and classification (Héberger, 2008).  

Commonly utilised chemometric techniques include multivariate regression, pattern 

recognition as well as classification, with popular methods including Principal Component 

Analysis (PCA), Partial least squares- discriminant analysis (PLS-DA), k-nearest neighbour 

(k-NN) and support vector machine (SVM). In this thesis PCA and PLS-DA were chosen for 

application to spectroscopy data due to their previous successful use in food adulteration and 
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identifying individual classes such as species (Osorio et al., 2013; Yang et al., 2005; Yang et 

al., 2018).  

PCA reduces the dimensionality of data with an intention to increase interpretation and 

minimising the loss of information. PCA consists of standardisation of the data by means of a 

suitable from of pre-processing, calculating the covariance matrix before computation of the 

eigenvectors and eigenvalues of the covariance matrix to identify the principal components, to 

extract orthogonal information that converts a set of observations of possible correlated 

variables into a set of linear uncorrelated latent variables also called principal components. The 

principal components are often examined by plotting the samples as a score plot. PCA is a 

commonly utilised method of analysis that has been utilised in forensic science (Chophi, 

Sharma, & Singh, 2021), pharmaceutical identification (Bober, Judycka-Proma, Koba, & 

Baczek, 2011), and food adulteration identification (Uysal & Boyaci, 2020). While the 

unsupervised nature of PCA allows an unbiased dimensionality reduction, its application only 

reveals group structure when within-group variation is sufficiently less than between-group 

variation. 

PLS-DA is a supervised chemometric technique used to distinguish two or more classes 

based on a multivariate data block. Sample class is numericalized in the PLS-DA framework, 

resulting in two numerical matrices: a predictor block of measured variables and a class block 

associated with sample type that is used for supervised classification during the calibration 

model development (Westerhuis et al., 2008; Wold, 1966). The PLS method aims to maximise 

data block covariance between measured variables and sample class while extracting latent 

variables that may be utilised to forecast future sample classification and explain a significant 

percentage of the variance. These methods rely on adequate sample numbers and appropriate 

testing of the robustness of the model, in particular for PLS-DA a method that can easily overfit 

data. By testing the model with independent samples and conducting permutation tests on the 

sample class, the reliability and predictive acuity of the model for the data can be assured. 

2.6. Limitations of Current Research 
Extensive research has occurred outlining the effect of various feeding supplements on 

the FA composition of cattle (Arnett, Dikeman, Daniel, Olson, Jaeger, & Perrett, 2009; 

Descalzo et al., 2005; Noci, French, Monahan, & Moloney, 2007; Ponnampalam et al., 2016; 

Yang, Lanari, Brewster, & Tume, 2002). With the wide array of available supplements (Table 

2) available for use in grass-fed production, the ability to detect and discriminate between 
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grass-fed, grass with supplements and grain-fed beef exists and this is a challenge for any 

measurement technology. While laboratory methods have been widely used in food science for 

detection of FA, the main limitation comes in the form of expensive equipment, extensive 

sample preparation and the inability to utilise these tests in a processing facility. Laboratory 

methods developed for the authentication of beef production systems that have been successful 

have been relegated to laborious, expensive and destructive tests that require extensive sample 

preparation (Badia-Melis, Mishra, & Ruiz-García, 2015). Criticism of these methods continues 

as the reagents and equipment are costly and timely furthermore, these methods require highly 

skilled technical staff (Prieto et al., 2012). 

To develop a method that is viable for industry application there is a need for an online 

rapid method of identification. The necessity for this research comes from a push by consumers 

to know the conditions animals are reared under (Ellison, Brooks, & Mieno, 2017).  

While work on the differences between production systems exists, there is a lack of 

research applying this knowledge for industry use. Beef subcutaneous fat has not been assessed 

by spectroscopic measurements to predict the FA composition, β-carotene concentration or 

stable isotopes, but for identifying the fatty acid composition this type of sample will provide 

clearer information as it is not obstructed by the protein. Stable isotopes have been successful 

in identifying organic from conventional beef samples, the technique works under the pretence 

that the soil in which the feed is grown, and the rainfall pattern of the area, is the cause of the 

differences in stable isotopes of oxygen and carbon. This model currently would not be 

efficient in Australia as drought can result in feeds being transported across the country. Further 

investigation of the isotope composition in grass-fed and grain-fed Australian beef is needed 

before this technology can be utilised for further research as currently the studies have been 

limited. 

Variation within subcutaneous fat has been observed by Beattie et al. (2006) and shown 

to differ in terms of composition. The effect of production system has also not been examined 

to see which layer shows differences in the subcutaneous FA composition or if it is 

homogenous across all layers. The length of time on grain is known to change the FA profile 

and establishing the threshold of days on grain feed to alter the FA composition of 

subcutaneous fat may be ideal and produce clarity on when cattle no longer reflect grass-fed 

cattle. There is a lack of research on the time on feed and how these differences in feeds effect 

spectra collected from the subcutaneous fat and if the duration of feeding or age effects the 
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composition of the subcutaneous fat. Subcutaneous fat, as the inedible portion of the carcase 

has not been extensively studied, but the benefits of utilising this depot enable the total lean 

muscle yield from the carcase to remain the same while still providing information on the 

production system that audits currently cannot guarantee. 

In the beef industry, there is a need for the development of an objective measure as 

currently no study has utilised any form of portable device for the prediction of production 

system. Studies have established there is difference between grass and grain fed beef, by using 

laboratory methods so there is a need for a method to be implemented without extensive sample 

preparation and destruction. Gaps in literature are apparent as no study has examined the 

feeding effect on large numbers of cattle from across various feeding systems with the majority 

of studies focusing on feeding with one supplement or one new feed source (Descalzo et al., 

2005; Juárez et al., 2011; Palmquist, 2009; Petri, Mapiye, Dugan, & McAllister, 2014; Prieto 

et al., 2013; Prieto et al., 2012). To develop an objective measure of production system further 

investigation is needed. 

2.7. Future research 
Currently Australia’s grass-fed beef industry relies solely on inconsistent auditing 

systems. Subcutaneous fat has not been extensively used and studied with the changes in the 

FA composition between various production systems across Australia not being reported. 

While methods exist to quantify the FA composition and β-carotene concentration of 

subcutaneous fat, there is currently no method for rapid identification. Laboratory testing 

including GC FA analysis and HPLC β-carotene analysis are consistent, but are not fast enough 

or able to be utilised in processing facilities due to the chemical reagents, time and equipment 

required. There is an immediate need for a consistent, valid method of validation of production 

systems for beef cattle.  

Spectroscopic techniques show the potential to fill this niche and be used as a rapid 

identification system. As a result, optical methods have been investigated and evaluated, based 

on their past uses and potential ability to determine FA composition and β-carotene 

concentrations. While NIR shows promise, the high water content present in the subcutaneous 

fat has made this technology unsuitable for the purpose of classifying the production system of 

origin of Australian beef products. Raman spectroscopy is available as a portable device, 

provides rapid results and is suitable for the samples chosen. As such further research utilising 
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Raman spectroscopy in comparison to FA composition is presented in the later chapters of this 

thesis. These technologies have been developed extensively recently and are becoming more 

portable. There is a need for investigation into utilising these promising technologies to 

determine their effectiveness in predicting production systems. There is a need to understand 

if any differences occur in subcutaneous fat composition across the carcase and which site 

would provide a good indicator of the production system for beef products.  
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3.1. Introductory Comments 

As highlighted in Chapter 2, the established methods of authenticating beef products in 

Australia include laborious audits checking custody certificates and acceptable feed 

supplements, with varying requirements per brand and documented cases of 

noncompliance. Alternative methods of authenticating product are through costly, time 

consuming laboratory methods to quantify the fatty acid composition resulting in 

sample destruction, with results taking weeks to be obtained. These considerations have 

stimulated the need to investigate a new strategy for authenticating production systems 

for beef. In the study described in Chapter 3, a laser-based technology named Raman 

Spectroscopy was explored as a potential tool to discriminate between grain and grass-

fed carcases, in a commercial setting. Subcutaneous fat from the brisket of grass and 

grain fed carcases was measured. Using Principal Components Analysis (PCA) of the 

spectral data the ability for Raman Spectroscopy to distinguish between production 

systems was assessed. The composition of the subcutaneous fat was determined  by 

analysing the β-carotenoid content using high performance liquid chromatography 

(HPLC) and the fatty acid composition using gas chromatography with a flame 

ionisation detector (GC-FID). This study aimed to understand the compositional 

variation of the subcutaneous fat of animals from different production systems and to 

investigate the potential of using Raman Spectroscopy for discriminating between grass 

and grain fed beef. 
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4.1. Introductory Comments 

The preliminary study described in Chapter 3 demonstrated the ability for Raman to detect 

differences in spectra obtained from carcases from two vastly different production 

systems. Principal Components Analysis (PCA) separated 100-day grain fed beef 

carcases from verified grass-fed beef carcases, although some overlap of samples was 

apparent in the first two principal components. The loadings indicated separation of 

samples was due to peaks at 1069 cm-1, 1127 cm-1, 1301 cm-1 and 1445 cm-1. The 

chemical bonds associated with these wavelengths include C-C single bonds and C-H2 

corresponding to important fatty acid structural features. A peak at 1658 cm-1 was 

unable, in Chapter 3, to be ascribed to a chemical feature of fatty acids and as such 

further analysis on the spectral data to assess the peaks causing the separation is 

warranted. 

The results also support the preliminary hypothesis that Raman spectroscopy can be used 

for detecting changes in grain and grass-fed carcases. An accurate and reliable 

prediction model to discriminate between these carcases was not assessed as a PCA was 

used to examine trends in the data, developing this model is crucial for industry 

application. The aim of this study is to understand and develop an optimum 

chemometric modelling technique to assess Raman Spectroscopy’s ability for 

discriminating between carcases. The spectral data from 150 grain-fed cattle carcases, 

fed for 100 days in a feedlot, and 150 grass-fed cattle carcases, fed on Southern 

Australian pastures, were investigated through chemometric modelling to establish the 

most reliable method for authenticating grain and grass-fed beef products.  

The method utilised in Chapter 3 is an unsupervised analysis and this paper will evaluate 

the usefulness of PCA and Partial Least Square Discriminant Analysis (PLS-DA) to 

provide information about the data for visualising groupings of samples and predicting 

feeding systems. Exploratory data analysis was undertaken using varying spectral pre-

processing techniques prior to supervised classification of sample type with PLS-DA.  

PLS-DA was used to establish models for the discrimination of samples type as this 

method is well described in the literature, easy to validate and provides information 

about the underlying chemical phenomena leading to samples classification.  

Adjustment of the decision boundary for assignment of samples to specific class can 

accommodate uneven class size and probability for sample type. PLS-DA is 
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computationally rapid and easy to apply to large and disperse data sets. This type of 

analysis allows the model to learn from a subset of data and test this against a separate 

dataset to assess the sensitivity, specificity and overall accuracy of the model. PLS-DA 

is also able to be tested for reliability by cross validating the data and permutation 

testing. This chapter additionally aims to understand the key peaks influencing the 

discrimination between feeding systems by assessing loadings from the principal 

components in the PCA, in addition to the loadings from the latent variables assessed 

using PLS-DA. 
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Abstract

The diet of cattle has been shown to alter both subcutaneous fat and muscle

fatty acid composition, and these differences cause a change in the Raman

spectra of the fat due to the different chemical bonds associated with these bio-

chemical changes. Because biochemical changes only lead to subtle changes in

the Raman spectra, statistical methods based upon chemometric modelling are

necessary to extract indicative information on the type of feed consumed. This

investigation undertook a feasibility study using a limited sample set derived

from two producers in one location to ascertain the potential for Raman spec-

troscopy to accurately discriminate grain-fed cattle from grass-fed cattle and

investigated the usefulness of principal component analysis (PCA) and partial

least squares discriminate analysis (PLS-DA) to best discriminate between

feeding groups using the information from the Raman spectra. The first two

principal components accounted for 83% of the variation in the spectra and

demonstrated discrimination of samples by feed type. PLS-DA resulted in a

model that was able to accurately predict grain- and grass-fed carcases with a

misclassification rate of 3.5%. Changes in beef cattle diets lead to subtle

changes in subcutaneous fat; using Raman spectroscopy with chemometric

modelling, these changes can be identified and used to identify the production

system of beef products. This study successfully uses Raman spectroscopy as

an automated, nondestructive and rapid technique in the range of

600–2000 cm−1 in combination with pattern recognition of unsupervised

(PCA) and supervised (PLS-DA) techniques to classify the production system

of cattle between grain and grass fed.

KEYWORD S

grass-fed cattle, PCA, PLS-DA, Raman spectroscopy

1 | INTRODUCTION

Cattle in Australia are grown in both intensive
feedlot and extensive grazing systems, as the varying

environments and climates across Australia necessitate
the use of both grain- and grass-fed beef production
systems and consumers are willing to pay more for grain-
and grass-fed beef cuts.[1] In recent years, food fraud and
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food adulteration have risen, with consumers becoming
increasingly concerned with ensuring that the product
they receive is true to its label.[2–4] The current method of
verifying the production system from which beef meat
has originated is dependent on paper-based audits and
reliant on producers following the requirements set by
processors, which vary for individual grain- and grass-fed
brands. As such, there is currently no clear objective veri-
fication system for evaluating and verifying the origin of
grain- and grass-fed beef products that attract premium
prices at the retail level. Maintaining this transparency
through the supply chain for grass-fed beef represents a
significant cost to the industry in the form of auditing,
record keeping and an even higher potential cost if the
auditing process fails. Consequently, the need for indus-
try to have a nondestructive on-site method to differenti-
ate between production systems is apparent.

Currently, paper-based audits are the industry-
accepted method of validation of production system,
although laboratory testing has been utilised to differenti-
ate between various feeding regimes.[5–8] Audits consist
of accurate record keeping by the producer that is
checked by a third-party auditor every 2 to 3 years. Labo-
ratory testing has been shown to be able to be used to
verify the production system if there is a need, but this
requires at least 2 weeks for sample preparation and anal-
ysis. These laboratory methods have measured the fatty
acid composition of muscle and subcutaneous fat and the
concentration of β-carotene.[8–13] The disadvantage of
utilising these methods is the inability to perform these
tests in a processing facility, as they require extensive
sample preparation. These methods, however, can pro-
vide a reference test that can be utilised to evaluate the
effectiveness of new technologies, which are able to pro-
vide rapid results.

Raman spectroscopy is a technology that is suitable
for the verification of meat products as it is rapid, nonin-
vasive, nondestructive and capable of providing informa-
tion on the chemical composition of matter.[14] Raman
spectroscopy has been utilised to show the potential to
successfully differentiate between grass- and grain-fed
cattle,[9] although an investigation into different
chemometric modelling techniques has not been
examined.

Typical statistical methods are categorised into super-
vised and unsupervised approaches. The unsupervised
approach relies only on information from the Raman
spectra to make a grouping of samples, whereas the
supervised method uses additional information in the
model. Principal component analysis (PCA), a frequently
used unsupervised approach, reduces the number of vari-
ables in the model and assesses the data and allows visu-
alisation of sample clusters with common attributes.[15]

PCA is a mathematical procedure that extracts
orthogonal information to convert a set of observations of
possibly correlated latent variables (LV) into a set of
values of linearly uncorrelated variables called principal
components (PCs).[15] PCA transforms detected variables
into a smaller number of PCs. It allows the comparative
study of the data by decreasing the dimensionality of the
dataset while preserving as much as possible the similar-
ity or heterogeneity of the samples. This transformation
is defined in such a way that the first PC has the greatest
variance, and in turn, each subsequent component has
the highest variance under the constraint of being orthog-
onal to the preceding components. PCA has widely been
utilised in various fields and has been utilised to demon-
strate differences in beef subcutaneous fat.

Researchers have utilised partial least squares dis-
criminant analysis (PLS-DA) for Raman spectroscopy
modelling for many years with great success.[16–18] In
fluorescence spectroscopy, application of PLS-DA was
used to successfully authenticate beef muscles and shows
the potential for PLS-DA to be used in subcutaneous beef
fat. Beattie et al.[19] have successfully utilised Raman
spectroscopy in combination with PLS-DA modelling to
classify adipose tissue of various species including beef,
but no study has utilised these methods to classify the
production system of cattle.

PLS-DA is a supervised chemometric technique used
to distinguish two or more classes[20,21] and is based on
the partial least squares (PLS) approach[22] for prediction
of values from a multivariate data block.[23] In the PLS-
DA framework, sample class is numericalized, thereby
creating two numerical matrices, a predictor block of
measured variables, and the class block associated with
sample type and which is used for supervised classifica-
tion during the construction of the calibration model.
The PLS approach seeks to maximise the data block
covariance between the measured variables and sample
class while extracting LV that are used to predict classifi-
cation for new samples and explain a significant portion
of the variance.[24] PLS-DA is a linear method that pro-
jects maximum correlation of the category and the
observed variables and has been widely applied for sam-
ple classification.[21,23,25]

Validation is a crucial step to PLS-DA models to avoid
overfitting and that spurious class prediction are not
based on random terms.[16,25] Validating a PLS-DA
method requires splitting of the data into calibration and
independent test datasets, cross model validation and
permutation testing in combination with various
methods of assessing the accuracy of the model, given
this method eagerly overfits the data.[21] In a PLS-DA,
y values can be transformed into a class membership; this
class membership can then be set as a discrimination
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threshold and the predicted samples will be assigned a
class. The assigned class is compared with the true class
membership and classified as a true positive (TP), true
negative (TN), false positive (FP) or a false negative (FN).

To validate an objective measure of production sys-
tems, there is a requirement to develop a rapid measure
to discriminate carcases of similar characteristics. Raman
spectroscopy investigates molecular vibrations that can
be used for functional group identification and composi-
tional analysis. Subcutaneous fat provides the opportu-
nity to sample the fatty acid composition that represents
the diet of cattle as it is the primary depot of storage of
fatty acids within the body and is sensitive to changes in
the diet. Unlike spectra from intramuscular fat depots,
the spectra of subcutaneous fat are not complicated by
peaks characteristic of protein as the fat content is not
bound in phospholipids within the myofibril. Because
biochemical changes only lead to subtle changes in the
Raman spectra, statistical methods are necessary to
extract diagnostic information. The objective of this
research was to develop the chemometric models to accu-
rately discriminate between grass- and grain-fed subcuta-
neous fat using Raman spectroscopy.

2 | MATERIALS AND METHODS

2.1 | Samples

Three hundred (300) beef carcases were sampled, com-
prising 150 grass-fed animals and 150 grain-fed animals
from two commercial abattoirs (average 50 per day over
3 consecutive days in two sampling periods). Full detail
on production systems and diet is outlined by Logan
et al.[9] The grain-fed cattle were fed for 100 days at the
same feedlot on a wheat and barley diet, and the grass-
fed cattle were grazed for their lifetime on Southern
Australian seasonal pastures, excluding grains. The diets
of the cattle sampled were verified through the current
supply chain methods and directly with the producers of
the sampled carcases.

2.2 | Exploratory data analysis

Raman spectroscopy measurements were conducted
using a Mira hand-held device (Metrohm®) with a
785 ± 0.5 nm laser, a 8–10 cm−1 spectral resolution and a
spectral range of 400–2300 cm−1, using the universal
attachment lens. Spectra collection occurred in three
positions on the point end brisket using an integration
time of 3 s with five accumulations resulting in a total
spectra scan time of 15 s per position.

Prior to chemometric analysis, the spectra from each
carcase were averaged and counted as one spectra rep-
resenting that carcase for further analysis. The spectra
were reduced to 601:2000 cm−1 following visual inspec-
tion to identify regions of interest (Figure 1). All model-
ling analyses were performed utilising Matlab 2019a (The
Mathworks Inc., Natick, Massachusetts, USA) and PLS
Toolbox version 8.7.1 (Eigenvector Research Inc.,
Wenatchee, WA, USA).

Data analysis using a PCA model of all samples was
undertaken using the reduced spectra. Prior to PCA, the
data were preprocessed by standard normal variates scal-
ing and mean centring. The PCA model was assessed for
outliers by plotting the Q residuals and Hotelling T2

values,[26] and as none were indicated, all samples were
retained for further analysis.

For the purposes of discriminant analysis, the sample
dataset was split into calibration and independent
datasets comprising a 70:30 split of the data using the
Kennard–Stone approach[27,28] that both contain vari-
ables from all classes and are shown in Table 1. This
method has widely been utilised and is based on the cal-
culation of the Euclidian distance between the samples,
thus getting a representation of samples from across the

FIGURE 1 Average Raman spectra (± standard deviation)

collected from 24 h postmortem subcutaneous fat of 150 grain-fed

(red) and 150 grass-fed (green) beef cattle carcases [Colour figure

can be viewed at wileyonlinelibrary.com]

TABLE 1 Distribution of samples between calibration and

independent test dataset according to feed type

Feed
type

Calibration
dataset

Independent test
dataset

Grass 121 29

Grain 119 31
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dataset.[29] Spectra from the same carcase were averaged,
counted as one spectra and assigned to either the calibra-
tion or test set and not used for the other dataset.

2.2.1 | Partial least square discriminant
analysis

A two-class (grass vs. grain) PLS-DA was constructed
using the standard normal variates and mean centring
processed spectra split using the Kennard–Stone
approach as outlined above. The number of LV chosen
for modelling was determined by the inspection of the
eigenvalues against the percentage of variance contrib-
uted in combination with an assessment of the root
mean standard error of the cross validation level aiming
for the lowest error before the LV cause an increase in
the root mean standard error of the cross validation. As
a result, six LV were chosen before the variance contri-
bution led to very small increases. Cross validation of
the model was achieved using random subsets of the
calibration dataset with 10 data splits and 20 iterations.
To avoid overfitting of the data, a permutation test of
the calibration dataset was performed to assess the
overall model efficacy. The data were permuted 1000×
and an empirical p value for Q2 and prediction efficacy
determined as described by Szyma�nska et al.[30] To
determine the overall predictive model accuracy, the
final model was tested against the independent test
dataset with prediction accuracy assessed using Q2,[30]

area under receiver operator curves (ROCs) and the
number of misclassifications.[30]

Assessment of the accuracy of the PLS-DA model
was conducted by assessing the number of misclassifica-
tions, precision, F1 score, misclassification error and the
Matthews correlation coefficient (MCC).

NMC=FP+FN, ð1Þ

Precision=TP� TP+FPð Þ, ð2Þ

F1−Score = 2×TP� 2×TP+FP+FNð Þ, ð3Þ

Missclassification error=
FP+FN

TP+TP+FP+FN
, ð4Þ

MCC=
TP×TN−FP×FN

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TP+FPð Þ TP+FNð Þ TN+FPð Þ TN+FNð Þp : ð5Þ

Assessment of the important regions in the spectra
was conducted by assessing the spectra that reported a
variable importance in projection (VIP) score over 1.[31]

By analysing the VIP, key areas of the spectra were
isolated that contributed to the discrimination between the
two classes.

3 | RESULTS AND DISCUSSION

3.1 | Raman spectroscopy

Raman spectra averaged across all grain- and grass-fed
samples (Figure 1) show differences in spectra obtained
from carcases from the different production systems.
These differences may arise from the composition of fatty
acids as spectral differences in wavelengths associated
with fatty acid composition have been observed.[19,32,33]

Sample clustering evident in the PCA plot shows dis-
crimination between grass- and grain-fed samples to a
degree (Figure 2),with the first two PCs accounting for
87.9% of the variation within the spectra. The loadings of
each PC outline the key areas of interest being utilised
for grouping of samples. Loadings were analysed to deter-
mine the key peaks; for PC 1, these include 1065, 1130,
1299 and 1440 cm−1. PC 2 indicated key wavelengths to
include 870, 1064, 1084, 1131, 1296, 1307 and 1658 cm−1

(Figure 2). Identifying the key areas in the spectra allows
for investigation into specific wavelengths responsible for
the discrimination between production systems. The PCA
was unable to clearly discriminate all samples into two
clear groupings as some grain-fed samples overlap with
some grass-fed samples.

Raman spectroscopy of fat mixtures is only able to
measure the total amount of functional groups (methyl,
methylene, cis/trans unsaturation, conjugation, free fatty
acids) and is not able to identify distinct features from
individual molecules. The ability to identify individual
fatty acids or proteins is only possible in pure or very sim-
ple systems,[34] not in complex mixtures.[35] Through
examination of previous literature that investigated the
chemical bonds from pure or simple mixtures of chemical
bonds, an assignment of chemical bonds was made of
each peak in the spectra in PC 1. PC 1 contributed the
most to the separation between the two production sys-
tems, and the key peaks provide an insight to the differ-
ences in the chemical structure of the fat from the two
different production systems. The peak at 1065 cm−1 has
been identified as being an indicator of liquid fatty acids
due to the past literature identifying the key bond of
out-of-phase aliphatic C–C stretch all-trans at this wave-
length.[36] The spectral peak at 1130 cm−1 has been
identified as an indicator of liquid fatty acids due to the
presence of the CH2 bond,[37] whereas the bond at peak
1299 cm−1 is characteristic of lipids due to the deforma-
tion of CH2.

[38] Identification of the band at 1440 cm−1 by

LOGAN ET AL. 2341

95



previous literature shows the presence of CH2, CH and
CH3 deformations, an indicator of the CH2 bending in
lipids.[39] The peak at 870 cm−1 was examined, and previ-
ous literature identifies this bond as the single bond
stretching of C–C and CH2.

The assignment of chemical bonds in PC 2 was also
conducted and identified 1064 cm−1 skeletal C–C
stretching of lipids[38] and v(C–C) trans,[37] 1084 cm−1 as
C–N stretching[38] and the v(C–C) gauche conforma-
tion[37] and 1131 cm−1 as CH2 an indicator of saturated
fatty acids.[37] Spectral peaks at 1296 cm−1 are identified
as CH2 deformation a strong indicator of fatty acids,[36]

whereas 1307 cm−1 is identified as the CH2/CH3 twisting
or bending mode in lipids,[40] and 1658 cm−1 a key indi-
cator for polyunsaturated fatty acids.[36]

Many of the chemical features identified through
these spectral peak allocations are indicators for lipids.
Lipids make up a large portion of the subcutaneous fat
and are greatly influenced by the diet of the animals.[41]

The breakdown of dietary lipids by rumen bacteria occurs
rapidly due to exposure of the lipids during rumination
and feed digestion.[42] This process generally produces no
monoglycerides or diglycerides, and as such, only a small
portion travel to the lower intestine for reabsorption and
deposition. The major exception to this would be when a

highly saturated triglyceride is fed such is the case in
grain feeding. Due to the very high melting point of these
fats and their resulting low solubility, bacterial enzymes
are unable to gain access to the binding of fatty acids to
glycerol, which would pass to the lower digestive tract.[43]

3.2 | Partial least square discriminant
analysis

The independent test dataset was assessed for the sensi-
tivity and specificity (Figure 3) and showed an area under
the curve of 0.99 for both classes resulting in the model
being retained for cross validation and permutation
testing. Permutation testing resulted in a consistently
high number of misclassifications (NMC) in the
unassigned data and 0 in the calibration model. The pre-
diction error measure Q2 has been a method for evaluat-
ing a model's ability as it focuses on how well the class
label can be predicted from new data. The optimal Q2 is
1, and this is difficult to obtain as it requires the class pre-
diction of each individual to be exactly equal to the class
label.[21] A Q2 of 0.76 was significantly higher than the Q2

of the permuted datasets (Figure 4). The ROC plots the
specificity against the sensitivity. As such the quality

FIGURE 2 Identification of

sample groupings using principal

component analysis of Raman spectra

(600–2100 cm−1) from subcutaneous fat

on a beef carcase and associated

loadings of the first two principal

components [Colour figure can be

viewed at wileyonlinelibrary.com]
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measure known as the area under the ROC curve
(AUROC) is used, this value is shown as 1 for a perfect
separation between classes with no separation resulting
in a value of 0.5 (Figure 4). Permutation testing showed
the model was based on spectral data and not on random
numbers, as demonstrated by the permuted data shown
in Figure 4 that shows the true model is not overfitting
the data. Assessment of these model evaluation metrics
has occurred by Szyma�nska et al.,[30] where the
recommendation for a two-class PLS-DA model was to
utilise NMC or AUROC to evaluate the accuracy of the

model. This is due to the NMC and AUROC statistics
being more powerful in detecting small differences than
the Q2 value.

Predictive models utilising PLS-DA were successfully
constructed to discriminate between grain-fed and grass-
fed carcases. With various methods for presenting the
ability of the model choosing the optimal measure is diffi-
cult. Presented below are popular methods of evaluating
the model's ability as utilising R2 and root mean square
error of prediction values is not a viable method of
assessing accuracy and precision. R2 and root mean
square error of prediction rely on a y block to be numeri-
cal and not categorical and as such are not as important
as the accuracy value of the models.[30]

A confusion matrix was developed by assessing the
independent test dataset against the calibration dataset
(Table 2). The NMC is a popular method for analysing the
performance of a model. Evaluating this PLS-DA model
with this method produces an NMC = 2, as only two grass
samples in the independent test dataset were falsely
assigned. The misclassification error was also calculated
for this PLS-DA at 3.5% (Table 3). The misclassification
rate is a good tool to evaluate the ability for the model to
discriminate between samples of different classes as it pro-
duces a value that shows how many samples cannot accu-
rately be predicted. The total number of TP, TN, FP and
FNs can be computed to create a confusion matrix that
summarises the predictive ability of the model.

Another measure of the performance of the model
comes in the form of the precision, which is a

FIGURE 3 Sensitivity and specificity of the independent test

dataset for the development of a partial least square discriminant

analysis model using Raman spectra of subcutaneous beef fat

[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 4 Permutation testing

of validity of model in terms of

misclassifications, Q2 and area under

the receiver operator characteristic

(AUROC) [Colour figure can be

viewed at wileyonlinelibrary.com]
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combination of sensitivity and specificity of the data and
in this model was 0.94 for grain fed and 1.00 for grass fed
and the F1 score of 0.97 for grain fed and 0.96 for grass
fed. The MCC resulted in 0.94 for the two-class model. A
study by Szyma�nska et al.[30] evaluated the best method
for class discrimination and for a two-class model
utilising an NMC is the best method and as such has
been utilised to evaluate this model. This model produced
a 97% accuracy of predicting the correct sample class.
The PLS approach with appropriate data preprocessing
allows linear combinations of the variables in the spectra
to be used for class discrimination. Through appropriate
data preprocessing, we were able to construct PLS-DA
models that enabled the spectral differences to be used to
discriminate between the sample classes. PLS-DA in com-
bination with preprocessing techniques could extrapolate
the differences in intensity at specific peaks that when
examining raw spectra are not visible.

By assessing the spectra and loadings from the LV,
key areas were established that reported a VIP score over
1 and show the regions contributing to the classification
between grass and grain (Figure 5). By analysing the VIP
scores, key areas of the spectra were isolated that are con-
tributing to the discrimination between the two classes
(Figure 5). These spectral features are between 840 and
875 cm−1, 910 and 930 cm−1, 1060 and 1175 cm−1, 1250
and 1270 cm−1, 1295 and 1330 cm−1, 1410 and 1490 cm−1

and 1645 and 1670 cm−1, with the key peaks identifiable
at 1066, 1130, 1301, 1440 and 1658 cm−1.

The peak at 1066 cm−1 has been identified as being a
spectral feature of fatty acids including the v(C–C) trans

conformation.[37] The peak at 1130 cm−1 is identifiable as
the C–C skeletal stretch trans conformation.[44] The peak
at 1301 cm−1 has been hypothesised and associated as a
marker for lipids[37] as well as triglycerides. Typically, the
chemical bond associated with this peak is C–H vibration
and CH2 twisting.[44] Through the PLS-DA model, the
peak at 1440 cm−1 was highlighted and identified as hav-
ing three main chemical structures including the CH2

[39]

and CH deformation along with CH2 in the bending
formation.[37]

Polyunsaturated fatty acids have been identified as the
contributor to the spectral peak observed in both PCA and
PLS-DA at 1658 cm−1

.
[45] This marker is significant as it

provides information on the amount of polyunsaturated
fatty acids in a sample; however, this bond may be
affected by the C C stretching region at 1655 cm−1, which
has previously been used as a marker for omega-6 fatty
acids[46] and a marker for the Iodine value in fat.[47]

3.3 | Evaluation of methods

PCA modelling is a quick and useful tool to establish
proof of concept to test preprocessing techniques and to
evaluate the ability to discriminate between datasets. For
this dataset, there is need for classification of the data
into production systems as classes, and as such, a PLS-
DA model provides better results.

TABLE 2 Independent test dataset ability to be predicted against the calibration dataset for Raman spectra of beef subcutaneous fat

Class TPR FPR TNR FNR N Misclassification Precision F1 score

Grain 1.00000 0.0690 0.9310 0.0000 31 0.035 0.94 0.9688

Grass 0.9310 0.00000 1.00000 0.0690 29 0.035 1.00 0.9643

Abbreviations: FNR, false negative rate; FPR, false positive rate; N, number of test samples; TNR, true negative rate; TPR, true positive rate.

TABLE 3 Model statistics expressed as a percentage from a

partial least square discriminant analysis with six latent variables

developed from Raman spectra of the subcutaneous fat from 150

grain-fed and 150 grass-fed beef carcases

Grain Grass

Sensitivity (Cal) 97.8 95.4

Specificity (Cal) 95.4 97.8

Sensitivity (Pred) 100.0 93.1

Specificity (Pred) 93.1 100.0

Class. Err (Cal) 3.4 3.4

Class. Err (Pred) 3.5 3.5
FIGURE 5 Mean spectra overlaid with the variable

importance in projection (VIP > 1) calculated from the

comprehensive partial least squares discriminate analysis models

with Raman Spectra data [Colour figure can be viewed at

wileyonlinelibrary.com]
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Whereas previous research into discriminating
between production systems has occurred through
PCA,[9] the PLS-DA provides a clearer separation of and
a lower risk of misclassification as more LV are used.
Logan et al.[9] identified spectral peaks at 1069, 1127,
1301, 1445 and 1658 cm−1; similarly, the PCA in this
investigation identified the spectral features at 1065,
1131, 1299, 1440 and 1658 cm−1. The PCA in this study
was additionally able to identify and use more spectral
features including 1288, 1296 and 1307 cm−1; this may be
due to different preprocessing techniques being utilised
on the data. The PLS-DA presented in this paper also
highlights the key spectral features that can successfully
discriminate between production systems 1066, 1130,
1301, 1440 and 1658 cm−1; these spectral differences are
more in line with the previous work[9] and indicate the
PCA in this study may be utilising more spectral data
than needed.

Previous work has been conducted utilising Raman
spectroscopy in pomegranate maturity to evaluate the
effectiveness of PCA and PLS-DA models.[48] In agree-
ment with the current study, PLS-DA methods proved
to be the most beneficial in producing accurate models
for discriminating between classes with this study
reporting an accuracy of 97% for grain-fed samples and
96% for grass-fed samples. Contrary to this study,
Khodabakhshian and Abbaspour-Fard[48] examined
models with two and four classes and found a clear
discrimination between the two-class models but were
unable to provide clear discrimination between the
four classes. The PLS-DA model utilised had an accu-
racy rate of 95% for the validation dataset for the four-
class model; the results in this paper agree with the
recommendation to utilise PLS-DA methods for devel-
oping predictive class models. Comparisons of principal
components analysis linear discriminant analysis
(PCA-LDA) and PLS-DA methods have also occurred
in the medical field utilising Raman spectroscopy;
utilising PCA-LDA yielded an accuracy rate of 79%,
whereas PLS-DA produced an accuracy of 82%.[16] This
study highlights PLS-DA as a more accurate method
for classification and indicates even when adding lin-
ear discriminant analysis to PCA it was unable to
match the performance of the PLS-DA.

By outlining the key peaks that are discriminating
between the two classes, there is a potential to utilise
more advanced chemometric techniques to better
understand the link between the chemical composition
of the subcutaneous fat and those key peaks. Other
studies using Raman spectroscopy for the prediction of
FA composition of porcine adipose tissue[49–51] have
indicated that FA composition varies. Beattie et al.[19]

have suggested that measurements of band intensities

that correspond to bulk properties are not sufficiently
accurate to classify the species of the sample. Although
it is important to identify the differences between
feed type in terms of wavelength, being able to
characterise those wavelengths and then predict the
composition based on those wavelengths requires fur-
ther investigation.

4 | CONCLUSION

This study provided information on the feasibility of
joint application of Raman spectroscopy as an auto-
mated, nondestructive and rapid technique in the
range of 600–2000 cm−1 and pattern recognition of
unsupervised (PCA) and supervised (PLS-DA) tech-
niques to classify grain- and grass-fed cattle. Although
PCA was successful, this technique is better suited
to preliminary analysis of spectra and testing of
preprocessing techniques as PLS-DA provides more
robust results. PLS-DA provides an error rate of mis-
classifications and a correlation value that enables it to
be utilised with an expanded dataset. In future investi-
gations using Raman spectroscopy scans of subcutane-
ous fat for discriminating between grass- and grain-fed
carcases, a PCA should be used for exploratory
data analysis and to examine any outliers, whereas
the PLS-DA model should be utilised for testing
the samples.
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5.1. Introductory Comments 

Results presented in Chapters 3 and 4 demonstrated that chemometric modelling of Raman 

spectra is able to accurately discriminate between two beef feeding systems, long term 

grain and guaranteed lifetime grass fed. Differences in samples were demonstrated 

through the use of Partial Least Square Discriminant Analysis (PLS-DA) with accurate 

predictions of 97% and 96% for grain-fed and grass-fed beef samples respectively when 

the predictive models were applied to independent test samples. Predictive model 

diagnostics included the number of misclassifications (3.5%), area under the receiver 

operator curves (AUROC = 1) and Q2 values (0.76). The PLS-DA models described in 

Chapter 4 enabled important spectral features to be identified by overlaying the spectral 

data with the Variable Importance in Projection (VIP) metric with highly important 

regions indicated by values greater than 1. These features include regions of interest 

between 840 and 875 cm−1, 910 and 930 cm−1, 1060 and 1175 cm−1, 1250 and 1270 

cm−1, 1295 and 1330 cm−1, 1410 and 1490 cm−1and 1645 and 1670 cm−1. Specific peaks 

at wavelengths 1066 cm−1, 1130 cm−1, 1440 cm−1 and 1658 cm−1, were assigned to 

chemical bonds by assessment of previous literature for example, 1066 cm−1 was 

identified as v(C-C) trans, 1130 cm−1 as C-C skeletal stretch in the trans conformation, 

1301 cm−1 as C-H vibration and CH2 twisting, 1440 cm−1 as CH deformation and the 

bending CH2, and 1658 cm−1 C=C stretching. These peaks were all identified as carbon 

structural features which have been linked, by assessment of previous research, to 

characteristics of fatty acids and iodine values. While these results showed there are 

differences between grain and grass-fed carcases that are detectable by Raman 

spectroscopy, the differences between similar feeding systems have not previously been 

described. It is known the fatty acid composition can be altered by feeding different 

supplements and the duration of feeding grain, but it is unknown if Raman spectroscopy 

is sufficiently sensitive to detect slight differences in carcase fat composition. 

Food authentication of beef products reared under different feeding systems is an area 

growing in importance, driven by the consumers increasing awareness of the foods they 

consume. To meet these demands a reliable model that can predict the feeding system 

of any unknown sample is required. The Australian Red Meat industry requires an 

objective tool that can discriminate between cattle from all feeding systems including 

systems that do not require auditing. As such this research has been expanded to sample 
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cattle from across a variety of feeding systems produced in Southern Australia. The aim 

of the research outlined in this Chapter was to develop a reliable model for predicting 

variations in feeding systems. The study outlined in this Chapter delved into the 

assessment of four differing production systems that have some overlap, as occurs in 

Australia.  These include: 

• Long term Grain fed (100  days on grain feeding in a feedlot)

• Short term Grain fed (70 days on grain feeding in a feedlot)

• Grass fed (lifetime guaranteed on southern Australian pastures)

• Grass Supplemented (guaranteed on pasture but additionally fed a supplement

approved by a known ‘grass fed’ brand)

The cattle targeted in this study included cattle reared, fed and processed in New South 

Wales and in Victoria, representing the typical Southern Australian production systems 

of 2019. The cattle sampled met market specifications including audit and vendor 

declarations and were Meat Standards Australia (MSA) graded. The spectral data from 

these carcases was analysed by PCA for exploratory data analysis and with a four-class 

predictive model developed through PLS-DA.  
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A B S T R A C T

Australian grain-fed and grass-fed beef products garner premium market prices and many beef processors market 
branded beef supported by production system claims. Given beef cattle nutrition alters the fatty acid composition 
of subcutaneous fat and grass and grain-fed cattle can be differentiated using Raman spectra of the fat, this study 
aimed to evaluate if Raman spectroscopy and chemometric modelling can differentiate grass fed cattle from a 
variety of production systems. To this end, subcutaneous fat from a total of 520 beef carcases with 130 from long 
term grain-fed, short term grain-fed, grass-fed and supplemented grass-fed beef cattle were measured. Classifi-
cation of carcases using Partial Least Squares Discriminant Analysis (PLS-DA) demonstrated spectra were able to 
correctly classify long term grain-fed (96%), short term grain-fed (85%), grass-fed (83%) and supplemented 
grass-fed (83%) carcases based on the test dataset. Spectral patterns including peaks that characterise fatty acids 
have been shown to underpin this classification. Overall, this study demonstrates Raman spectroscopy is a useful 
tool for the authentication and discrimination of beef carcases from different production systems.   

1. Introduction

Food fraud, adulteration, mislabelling and authentication is a
growing concern for consumers across the world (Downey, 2016; Pre-
manandh, 2013; Shehata et al., 2017). With recent food scandals there 
has been an increase in consumers interest in food authentication and 
one of the most common commodities experiencing food fraud and 
adulteration in the food sector is meat (Shehata et al., 2017). Food fraud 
is a collective term used to encompass the deliberate and intentional 
substitution, addition, tampering, or misrepresentation of food, or food 
packaging; or false or misleading statements made about a product for 
economic gain (Spink & Moyer, 2011). Food fraud within the meat in-
dustry comes in the form of mislabelling meat products, including the 
quantity of meat ingredients, geographical location of the meat and the 
animal feeding regime (Downey, 2016; Nešić, Stojanović, & Baltić, 
2017). Authentication of the geographical origin of food and feed is a 
topic of ongoing interest as consumers demand safe, honest and properly 
labelled food, while producers need to ensure the raw materials are safe, 
but also that their products also have an added value to distinguish them 
from competitors’ products. A new area pertinent to animal food is 

authentication of the production system the animal is reared on. To 
combat the threat of food fraud, mislabelling and food adulteration 
there has been a push in the development of food authentication 
protocols. 

Within Australia there is no clear verification framework for evalu-
ating and verifying the status of Australian grass-fed and grain-fed beef. 
The main categories of beef cattle brands are long- and short-term grain 
feeding, grass and grass supplemented, although individual brands 
allow for differences to the definition of each of these categories. Due to 
these differences there is a need to better classify and objectively assess 
which carcases belong to each category. 

Identifying cattle produced from these various production systems 
has been attempted using a variety of techniques including laboratory 
and spectroscopic analysis. Methods for analysing fatty acid composi-
tion of meat have widely been utilised with great success (Dias et al., 
2008), however, further laboratory methods have also been utilised for 
verifying the origin of the sample including the identification of stable 
isotopes (Boner & Forstel, 2004), trace elements (De Nadai Fernandes 
et al., 2020) and carotenoid composition (Osorio et al., 2013). Yet these 
methods to authenticate the finishing diet of cattle require extended 
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periods of time, caustic chemicals and destroys the sample (Wang, Peng, 
Sun, Zheng, & Wei, 2018). For example, laboratory analysis of fatty 
acids requires samples to be freeze dried, homogenized, hydrolysed, 
incubated, centrifuged, and quantified by capillary gas chromatography 
(Ponnampalam et al., 2016). This is a time consuming process and is 
unable to be conducted in processing facilities due to length of time 
constraints and chemical usage (Ponnampalam et al., 2016). In response 
to the difficulties of utilising laboratory methods spectroscopic methods 
of identification have been adopted. Near infrared spectroscopy (Prieto 
et al., 2012), Fluorescence spectroscopy (Aït-Kaddour, Loudiyi, Ferlay, 
& Gruffat, 2018), Hyperspectral imaging (Ropodi, Panagou, & Nychas, 
2017) and Raman spectroscopy (Beattie, Bell, Borggaard, Fearon, & 
Moss, 2007) are common spectroscopic methods that have been applied 
to red meat for the identification of species, geographical location, and 
production system of origin. While promising results have been 
observed (Andueza, Agabriel, Constant, Lucas, & Martin, 2013; Dian, 
Andueza, Jestin, Prado, & Prache, 2008; Realini, Duckett, & Windham, 
2004) using several different spectroscopic methods, Raman Spectros-
copy provides a sensitive chemical fingerprint of the sample based upon 
carbon bonds, is not influenced by water content and can be rapidly 
deployed within a production environment using handheld devices, 
making this technology highly suitable for product authentication. (Jin 
et al., 2015; Yang & Ying, 2011). 

Given feeding systems have the ability to change the fatty acid 
composition of subcutaneous fat and muscle (Daley, Abbott, Doyle, 
Nader, & Larson, 2010; Dannenberger et al., 2005; Descalzo et al., 
2005), it has been demonstrated that Raman spectroscopy is a potential 
tool to identify grass from grain fed carcases through scanning of the 
subcutaneous fat (Logan, Hopkins, Schmidtke, Morris, & Fowler, 2020). 
This proof of concept study outlined the need for development of a larger 
spectral database to effectively classify samples from various production 
systems including short term grain fed cattle and grass supplemented 
cattle. Consequently, a study was conducted to determine the efficacy of 
Raman spectroscopy to classify carcases from common production sys-
tems including long- and short-term grain feeding, grass and grass 
supplemented systems. 

2. Materials and methods

2.1. Samples

A total of 520 carcases were sampled from the following commercial 
production systems: long term grain (grain long), short term grain (grain 
short), grass-fed with supplementation (grass supplemented) and grass 
fed only (grass). Carcases sampled from grain-fed cattle were sourced 
from a feedlot located in NSW, fed for 100 days (long term grain-fed) on 
a commercially available diet consisting of barley or wheat (~70%), 
while carcases sampled from short term grain-feeding systems were 
from cattle fed on the same diet for a minimum of 70 days prior to 
slaughter. Carcases measured representing grass supplemented systems 
were cattle grazed on predominantly pastures in combination with a 
pulse pellet and carcases measured from cattle representing grass-fed 
production systems were only collected from cattle grazed on southern 
Australian seasonal pastures. Grass-fed cattle were sourced from Victo-
rian grasslands production systems with pasture mixes available, 
including rye grasses, fescue, clovers, chicory, cocksfoot, phalaris and 
grazing oats. Feeding systems were verified by the paper-based audit 
system in the supply chain along with following up with suppliers of the 
cattle. 

2.2. Raman Spectroscopic measurements 

Raman spectroscopic measurements were completed using a 785 ±
0.5 nm Mira hand-held device (Metrohm®). The Raman handheld de-
vice, with an 8- 10 cm− 1 spectral resolution and 400- 2300 cm− 1 spectral 
range was used to scan subcutaneous fat from each carcase. Scans took 

place on the point end brisket at 24 h post mortem (Fig. 1), ensuring the 
subcutaneous fat was cold (Logan, Hopkins, Schmidtke, & Fowler, 
2019). Across the brisket three replicated scans were taken with an 
integration time of 3 s and 5 accumulations totalling 15 s per scan. 

2.3. Statistical analysis 

The spectra from each carcase was reduced to the range 600–1900 
cm− 1 following visual inspection to identify the regions of interest prior 
to analysis. The triplicate spectra collected from each carcase was 
averaged producing one spectra per carcase for further analysis. Fifteen 
samples from grass fed cattle were removed from the analysis as the 
spectra were corrupt. Background noise was removed from each spectra 
by applying Standard Normal Variates (SNV) scaling and mean 
centering (MC), resulting in a reduced spectral dataset. Data analysis 
using a principal component analysis (PCA) model of all samples was 
undertaken using the reduced spectra. Analysis of the eigenvalues and 
percentage of explained variance resulted in five principal components 
being utilised to develop the PCA. Sample scores were plotted by 

Fig. 1. Schematic diagram of a beef carcase indicating sampling site for Raman 
Spectroscopic measurements. 
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Principal Components colour coded for group, and loadings were plotted 
by wavelength. 

To complete Partial Least Squares Discriminant Analysis (PLS-DA), 
the sample data set was split into calibration and test data sets 
comprising an 80:20 split of the data using the Kennard Stone approach 
(Kennard & Stone, 1969) with sample distributions shown in Table 1. A 
four class PLS-DA was conducted on the SNV and MC pre-processed 
data. The number of Latent Variables (LV) were chosen by inspection 
of the eigenvalues and minima of the root mean square errors of cali-
bration, cross validation and prediction for each LV to establish an op-
timum number for the model. The model was then cross validated using 
random sample subsets with 10 data splits and 5 iterations. A permu-
tation test of the calibration data set was performed to assess overall 
model efficacy to avoid overfitting the data. The permutation test 
permuted the data 1000 x producing an empirical p-value for Q2 and 
prediction efficacy. The predictive accuracy of the model to classify the 
classes was assessed against the test data set with the prediction accu-
racy, misclassifications and receiver operator curves reported. Sensi-
tivity, specificity, number of misclassifications and accuracy were 
calculated from the model with predictive class errors for the model 
calculated by: 

2.4. Class error = 1 – (sensitivity + specificity)/2 

A confusion table was developed using the test datasets assigned 
class compared to the true class of the sample. All spectra modelling 
statistical analysis was performed utilising Matlab (9.6.0.1174912 
(R2019a), Natick, Massachusetts, USA) and PLS_Toolbox version 8.7.1 
(Eigenvector Research Inc. Wenatchee, WA, USA). 

3. Results 

3.1. Principal Components Analysis 

The PCA model allowed the separation and clustering of samples 
according to feed type (Fig. 2), with the first two principal components 
expalining 74.0% of the variation within the data. By assessing the 
loadings for important peaks, an identification of key peaks was ach-
ieved. The key peaks identified by examining the loadings from PC 1 
included 1301 and 1440 cm− 1, whilst in PC 2 the key peak was 1658 cm 
− 1 (Fig. 3). 

Clustering of long grain fed samples with discrimination from grass 
and grass supplemented is visible, however the short grain is inter-
spersed between the long grain and grass samples and not able to be 
clearly identified (Fig. 2). Separation between the grass fed and grass fed 
supplemented is not clear within the first two PC’s and higher order PCs 
were not discriminatory. 

3.2. Partial Least Square Discriminant Analysis 

Nine LV were considered appropriate to model the samples into 
classes based upon feed type. Key peaks were identified by the exam-
ining the loadings from the LVs (Fig. 4) with the first LV explaining 
55.3% of the variation, LV 2 explaining 17.1%, LV 3 explaining 5.9% 
and LV 4 explaining 5.8%, with the remaining LVs containing under 5% 
of the variation each. The key spectral features identified in LV 1 include 
1301 cm− 1 and 1440 cm− 1, whilst LV 2 identified 1658 cm− 1, LV 3 

identified 1206 cm− 1, 1506 cm− 1, 1626 cm− 1, 1686 cm− 1 and 1803 
cm− 1, the fourth LV identified 1206 cm− 1 (Fig. 4). 

The four class PLSDA model developed was able to classify the 
calibration samples with a number of misclassifications of 4 for each 
class with 6 for grass (Fig. 5). This resulted in a calibration model ac-
curacy of 96% for all production systems, except grass only carcases 
which had model accuracy of 94%. Permutation testing of the model was 
utilised and this found a significantly higher number of mis-
classifications of the data and a significantly lower accuracy (Fig. 5). 

By assessing the spectra and loadings from the LVs, key areas were 
established that reported a Variable Importance in Projection (VIP) 
score over 1 and which show the regions contributing to the classifica-
tion of each class (Fig. 6). The four classes used similar areas for 
investigation indicating they showed the most information on spectral 
differences. The rate of true positive, false positive, true negative and 
false negatives were calculated as a rate out of the total number of 
samples in the test data set and are given in the confusion matrix 
(Table 2; Table 4), which highlights a total of 13 samples were incor-
rectly identified using this model in the test set. 

4. Discussion 

Raman Spectroscopy in combination with chemometric techniques 
has enabled the discrimination between feeding groups. The PCA 
showed there were spectral differences between the production systems 
and highlighted the difference in spectra, particularly for carcases from 
long term grain feeding systems. This is supported by previous work 
(Logan et al., 2020), however varied sample classes, such as grass sup-
plemented and short grain-fed are not identifiable through the PCA 
alone. Given that production system of origin elicits a large effect on the 
nutritional composition of meat and the composition of the fat (Daley 
et al., 2010), the types of forage fed to cattle affect gains and carcass 
characteristics and it is well known that crop variety, season, year and 
geographic location can affect the nutrient content of feedstuffs (Pon-
nampalam, Mann, & Sinclair, 2006; Preston & Rodríguez, 2004). 
Therefore, grass-fed beef production may result in highly variable fatty 
acid compositions given the variety of genetics, forages and manage-
ment practices utilised, which affect the fatty acid composition of beef 
(Leonhardt, Gebert, & Wenk, 1997). Understanding the impact of feed 
source, feeding length and its contribution to the Raman spectra through 
the fatty acid composition will determine whether the lack of clustering 
in the PCA for carcases from grass, grass supplemented, and short-term 
grain fed is due to similarities in fatty acid composition. 

Differing production systems produced spectra that differ in spectral 
features which resulted in clustering within the PCA plot based on 
production system of origin. PCA loadings from PC 1 and 2 identify the 
spectral peaks 1301 cm− 1, 1440 cm− 1 and 1658 cm− 1 as critical to the 
variation between spectra. These peaks have previously been identified 
as classifying production system for grain and grass fed beef (Logan 
et al., 2020). The peak at 1301 cm− 1 has been observed previously as the 
most common marker as an indicator for lipids (Lakshmi et al., 2002) as 
well as triglycerides (Silveira et al., 2002). Whilst the peak at 1440 cm− 1 

has been identified as representing three main chemical structures 
including the CH2 (Hanlon et al., 2000) and CH deformation (Krafft, 
Neudert, Simat, & Salzer, 2005) along with CH2 in the bending forma-
tion (Koljenović, Schut, Vincent, Kros, & Puppels, 2005; Lakshmi et al., 
2002). The common theme among these spectral features is the chemical 
bonds of C–C, C–H and C––H. Based on this spectral information an 
assumption can be made that the content of the subcutaneous fat con-
sists of these bonds. Previous research has identified that the primary 
chemicals found within the subcutaneous fat consist of 76–94% lipid, 
1–4% protein and 5–20% water (Lonergan, Topel, & Marple, 2019). 
Lipids within subcutaneous fat have been identified to be fatty acids 
which are made up of predominantly C–H, C–C and C––C bonds (Mar-
tins, Gemelli, & Pereira, 2018), thus it can be hypothesised that the 
differences being observed in the spectra are coming from different 

Table 1 
Distribution of Samples between calibration and test set according to feed type.  

Feed Type Calibration set Test Set 

Long Grain 101 29 
Short Grain 100 30 
Grass 96 19 
Grass Supplemented 107 23  
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chemical compositions in the lipids of the subcutaneous fat. 
The peak observed in PC 2 was assigned as an identifier of poly-

unsaturated fatty acids (Movasaghi, Rehman, & Rehman, 2007). This 
marker at 1658 cm− 1 is significant as it provides information on the 
amount of polyunsaturated fatty acids in a sample, however this bond 
may be affected by the C––C stretching region at 1655 cm− 1 which has 
previously been used as a marker for omega- 6 fatty acids (Eskildsen 
et al., 2014), individual fatty acids and a marker for the Iodine value in 
fat (Berhe et al., 2016). Consequently, this study supports previous 
research that hypothesised discrimination between carcases from 
different production systems is possible due to differences in fatty acid 
composition that are reflected in the spectral (Logan et al., 2020). 

The PLS-DA model produced a classification of samples by produc-
tion system with a combined accuracy of 87%, while individual classes 
were able to be identified with an accuracy of 93% (long grain), 83% 
(short grain), 89% (grass) and 83% (grass supplemented) (Table 3.). The 
discrimination and identification of spectra associated with specific 

sample classes through PLS-DA provides an important means in devel-
oping a threshold spectra to discriminate between carcases. Based on the 
spectra the key regions of the spectra (Fig. 6) include the regions be-
tween 830 and 890 cm− 1, 1050- 1130 cm− 1, 1290- 1310 cm− 1, 1430- 
1470 cm− 1 and 1650- 1700 cm− 1. These regions all include C–C bonds as 
well as C–H bonds and fall within the range that is typically utilised to 
examine the fatty acid composition of a sample (Dong, Zhang, Zhang, & 
Wang, 2013). It is hypothesised the fatty acid concentration is changing 
and influencing the spectra and as such is being utilised to classify 
samples. In particular, 830- 890 cm− 1 includes key spectral features of 
poly, mono and disaccharides (Weng et al., 2000). The storage of fatty 
acids in the subcutaneous fat has been reported as in the form of tri-
glycerides (Martins et al., 2018). The region 1050- 1130 cm− 1 includes 
C–O bonds (Weng et al., 2000) as well as C–C skeletal stretching (Stone, 
Kendall, Smith, Crow, & Barr, 2004) and v(C–C) (Lakshmi et al., 2002) 
and has been identified as a marker region for fatty acids (Krafft et al., 
2005). Examination of 1290–1310 cm− 1 provides more evidence of C–C 

Fig. 2. Score plot of principal components (PCs) 1 and 2 from a Principal Components Analysis (PCA) of Raman spectra from the subcutaneous fat of cattle produced 
under differing production systems. 

Fig. 3. Loadings of Principal Component (PC) 1 and 2 from a Principal Components Analysis (PCA) of Raman spectra from the subcutaneous fat of cattle produced 
under differing production systems. 
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bonds in conjunction with indicators of fatty acids as well as CH2 
(Faolain et al., 2005; Krafft et al., 2005), triglycerides (Silveira et al., 
2002) and the CH3 twisting and bending mode found in lipids (Cheng, 
Liu, Liu, & Lin, 2005). Spectral features within 1430–1470 cm− 1 indi-
cate the deformation and bending of the CH2 bond (Krafft et al., 2005; 
Lakshmi et al., 2002) explained by the presence of lipids. The spectra are 
relying heavily on these key peaks for discrimination and these regions 
are in line with previously reported differences in subcutaneous fat. The 
spectral data has highlighted the C–C bonds are characteristic of satu-
rated fatty acids and it is hypothesised that the differences being 
observed in the spectra are coming from the altered chemical compo-
sition of the grain fed animals, in confirmation of this information grain 
fed cattle have been shown to have a higher proportion of saturated fatty 
acids within the subcutaneous fat (Logan et al., 2020) as a result of the 
high amounts of saturated fatty acids found within the grain (Van Els-
wyk & McNeill, 2014). 

The final region of interest includes 1650- 1700 cm− 1 which reflects 
the C––C bond in the stretching formation (Huang et al., 2003; Lakshmi 
et al., 2002) identified as being present in both phospholipids (Lakshmi 
et al., 2002), fatty acids (Hanlon et al., 2000) and triglycerides (Silveira 
et al., 2002), and the other major identifier within this region includes 
the presence of the α-helix bond characteristic of Amide I (Lakshmi et al., 
2002). The amide I ~1650 cm− 1 modes are widely used in protein 
secondary structure determination as it is typical of protein structures 
(Mendelsohn & Moore, 2000), and as protein is found within the sub-
cutaneous fat, it could be that the Raman Spectra are detecting changes 
in the protein composition within the fat (Romao, He, McAllister, & 
Guan, 2014) and utilising these differences for classification. By exam-
ining these peaks and understanding the differences an enhanced model 
may be possible. 

While these regions have been highlighted as important, the key 

regions in the loadings with a VIP score greater than 1 have been 
identified for the first four LVs. In the loadings the important regions in 
the spectra were identified as 1301 cm− 1, 1440 cm− 1, 1658 cm− 1, 1206 
cm− 1, 1506 cm− 1, 1626 cm− 1, 1686 cm− 1 and 1803 cm− 1. The chemical 
features at peaks 1301 cm− 1, 1440 cm− 1 and 1658 cm− 1 have been 
discussed above and will be omitted. The chemical features that were 
not identified in the PCA were found in LV 3 and 4. The spectral peak at 
1206 cm− 1 has previously been utilised as a marker of stearic acid (De 
Gelder, De Gussem, Vandenabeele, & Moens, 2007). The peak 1506 
cm− 1 has been identified as CH2 (Ramaswamy, Umadevi, Rajaram, & 
Ramakrishnan, 2003) and the Cα = Cα bond has been identified at 1626 
cm− 1 (Schulz & Baranska, 2007), whereas the spectral feature at 1686 
cm− 1 has been identified as the amide I vibration of peptide bond in 
protein (Ichimura et al., 2014). The C––O stretch bond has been iden-
tified at 1803 cm− 1 (Mayo, Miller, & Hannah, 2004). 

Cattle short term grain fed or those grass supplemented presented 
unique challenges as they exhibited similar characteristics and had the 
highest number of misclassifications. Investigating the fatty acid profile 
of these samples in comparison to the other samples within their class 
will be a valuable addition to this research as it can be determined if the 
spectra did not pick up differences, the sample did not reflect the correct 
class or if the model is unable to predict these samples. It is likely to be 
the first two options as the model was able to provide a high sensitivity 
and specificity score. Samples from short term grain fed cattle may 
exhibit similar spectral features to the cattle fed grass based diets due to 
individuals entering the grain based feeding system at a lower plane of 
nutrition resulting in less time spent depositing fat and more time spent 
on growth as a form of compensatory growth (Sainz, De la Torre, & 
Oltjen, 1995). The cattle sampled for this study were subject to signifi-
cant drought, that was widespread across Australia for the last two 
years. Further investigation of seasonal and year effects would enhance 

Fig. 4. Loadings of the nine Latent Variables (LV) from a Partial Least Square Discriminant Analysis (PLS-DA) of Raman spectra from the subcutaneous fat of cattle 
produced under differing production systems. 
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Fig. 5. Permutation testing of validity of model in terms of misclassifications, Q2 and area under the receiver operator characteristic (AUROC for Raman Spectra 
obtained from various production systems in Southern Australia). 
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the model to allow for a better understanding of the duration of feed 
needed to change the fatty acid composition. Grass supplemented cattle 
were expected to have some overlap with cattle fed only grass due to the 
similarities in diet and the differences obtained in the spectra show the 
promise of the technology as it may be sensitive enough to detect small 
changes in the feeding regime. Grass supplementation is varied across 
previous literature as it encompasses other foods and nuts, meals, grains 
and pellets (Pereira et al., 2016; Petri, Mapiye, Dugan, & McAllister, 
2014; Petri, Vahmani, Yang, Dugan, & McAllister, 2018; Prache, Priolo, 
& Grolier, 2003; Turner, Belesky, Cassida, & Zerby, 2014). With such a 
large variation it provides a greater challenge to classify these samples 
correctly. While this study did manage to predict the class of these 
samples with little error these animals were all fed one type of supple-
mentation and to fully understand and classify these samples more 
vaired supplements need to be assessed. 

Currently there is an increased consumer demand for information on 
the welfare and source of production system for herbivores, in particular 
their diet (Prache, 2007). To meet these demands, farmers and com-
mercial organizations develop specifications in the form of quality labels 
and brands (Prache, 2007). To ensure this system there is a need for 
analytical tools to guarantee the specifications the brand broadcast have 
been fully met. The different diets ingested by cattle strongly influence 
the composition of meat and fat, and these variations in composition can 
be used to authenticate and verify the diet. However, responses to diet 

Fig. 6. Mean Spectra overlaid with the Variable Importance in Projection (VIP; >1) calculated from the comprehensive PLS-DA models with Raman Spectra data.  

Table 2 
Predictive model accuracy and performance metrics assessed using the test 
dataset for Raman spectra of beef subcutaneous fat from cattle raised under 
Southern Australian production systems.  

Class TPR FPR TNR FNR N Err 
(%) 

P F1 

Grain Long 0.93 0.00 1.00 0.069 29 2.0 1.00 0.96 
Grain Short 0.83 0.06 0.94 0.17 30 8.9 0.86 0.85 
Grass 0.89 0.06 0.94 0.11 19 6.9 0.77 0.83 
Grass 

Supplemented 
0.83 0.05 0.95 0.17 23 7.9 0.82 0.83 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true 
negative rate; FNR, false negative rate; N, number of test samples, Err, class 
error, P, Precision, F1, accuracy of model. 

Table 3 
Model Statistics from a Partial Least Square Discriminant Analysis with 9 Latent 
Variables developed from Raman Spectra of the subcutaneous fat from beef 
carcases sourced from four production systems within Southern Australia.   

Grain Long Grain Short Grass Grass Supplemented 

Sensitivity (Cal): 0.99 0.95 0.95 0.97 
Specificity (Cal): 0.99 0.92 0.94 0.98 
Sensitivity (CV): 0.97 0.88 0.88 0.94 
Specificity (CV): 0.98 0.91 0.91 0.97 
Sensitivity (Pred): 1.00 0.90 0.68 0.87 
Specificity (Pred): 0.99 0.87 0.89 0.95 
Class Error (Cal): 0.01 0.06 0.06 0.02 
Class Error (CV): 0.03 0.11 0.10 0.05 
Class Error (Pred): 0.01 0.11 0.21 0.09 
RMSEC: 0.20 0.26 0.26 0.23 
RMSECV: 0.22 0.30 0.30 0.26 
RMSEP: 0.21 0.32 0.32 0.29 
Bias: 0.00 0.00 0.00 0.00 
CV Bias: 0.00 − 0.01 0.00 0.00 
Pred Bias: − 0.01 0.00 0.04 − 0.02 

Abbreviations; Cal, calibration data set, CV, cross validation data set, Pred, test 
data set, RMSEC, root mean square error calibration, RMSECV, root mean square 
error cross validation, RMSEP, root mean square error test set. 

Table 4 
Confusion matrix of test dataset prediction against the model for Raman spectra 
of beef subcutaneous fat from cattle raised under Southern Australian produc-
tion systems.   

Grain 
Long 

Grain 
Short 

Grass Grass 
Supplemented 

Predicted as Grain Long 27 0 0 0 
Predicted as Grain Short 2 25 1 1 
Predicted as Grass 0 2 17 3 
Predicted as Grass 

Supplemented 
0 3 1 19  
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and time on feed are highly variable between animals, and the extent to 
which this variability could affect the reliability of the authentication 
method needs to be assessed through examination of the composition of 
the scanned fat samples. Developing this tool for authentication of beef 
food products will be vital in maintaining trust in the Australian beef 
industry. 

Further research expanding on the different feed stuffs available and 
how it affects the subcutaneous fat will be beneficial for gaining a better 
understanding of what is causing the variation in the grass-fed and grass 
supplemented samples. 

5. Conclusion

Raman Spectroscopy as an objective measurement, of beef subcu-
taneous fat on a carcase at 24 h, in conjunction with chemometric 
modelling can accurately discriminate between Long Grain, Short Grain, 
Grass and Grass Supplemented production systems. Differences in the 
spectra are predominantly caused by peaks at 1301 cm− 1, 1440 cm− 1 

and 1658 cm− 1. Further investigation into misclassified samples will 
help to increase the accuracy of the model. By utilising these spectral 
differences, a four class PLS-DA was able to discriminate between classes 
with an accuracy of 87%. 
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Osorio, M. T., Downey, G., Moloney, A. P., Röhrle, F. T., Luciano, G., Schmidt, O., et al. 
(2013). Beef authentication using dietary markers: Chemometric selection and 
modelling of significant beef biomarkers using concatenated data from multiple 
analytical methods. Food Chemistry, 141(3), 2795–2801. 

Pereira, E. S., Mizubuti, I. Y., Oliveira, R. L., Pinto, A. P., Ribeiro, E. L. A., 
Gadelha, C. R. F., et al. (2016). Supplementation with cashew nut and cottonseed 
meal to modify fatty acid content in lamb meat. Journal of Food Science, 81(9), 
2143–2148. 

Petri, R. M., Mapiye, C., Dugan, M. E. R., & McAllister, T. A. (2014). Subcutaneous 
adipose fatty acid profiles and related rumen bacterial populations of steers fed red 
clover or grass hay diets containing flax or sunflower-seed. PloS One, 9(8), Article 
e104167. 

Petri, R. M., Vahmani, P., Yang, H. E., Dugan, M. E. R., & McAllister, T. A. (2018). 
Changes in rumen microbial profiles and subcutaneous fat composition when feeding 
extruded flaxseed mixed with or before hay. Frontiers in Microbiology, 9, 1055, 1055. 

Ponnampalam, E. N., Burnett, V. F., Norng, S., Hopkins, D. L., Plozza, T., & Jacobs, J. L. 
(2016). Muscle antioxidant (vitamin E) and major fatty acid groups, lipid oxidation 
and retail colour of meat from lambs fed a roughage based diet with flaxseed or 
algae. Meat Science, 111, 154–160. 

Ponnampalam, E., Mann, N., & Sinclair, A. (2006). Effect of feeding systems on omega-3 
fatty acids, conjugated linoleic acid and trans fatty acids in Australian beef cuts: 
Potential impact on human health. Asia Pacific Journal of Clinical Nutrition, 15(1), 
21–29. 

Prache, S. (2007). Developing a diet authentication system from the composition of milk 
and meat in sheep: A review. The Journal of Agricultural Science, 145(5), 435–444. 

Prache, S., Priolo, A., & Grolier, P. (2003). Persistence of carotenoid pigments in the 
blood of concentrate-finished grazing sheep: Its significance for the traceability of 
grass-feeding 1. Journal of Animal Science, 81(2), 360–367. 

Premanandh, J. (2013). Horse meat scandal – a wake-up call for regulatory authorities. 
Food Control, 34(2), 568–569. 

Preston, T., & Rodríguez, L. (2004). Production and utilization of cassava foliage for 
livestock in integrated farming systems. Livestock Research for Rural Development, 16 
(15), 2. 
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6.1. Introductory Comments 

One outcome of the initial study described in Chapter 3 was the variation in fatty acid 

profiles of grass and grain-fed carcases. Grain fed carcases exhibited higher concentrations of 

saturated fatty acids (SFA), in particular C15:0, C16:0, C17:0, C18:0, from an increased 

proportion of SFA in grain and pelleted feed. Another result from Chapter 3 revealed that the 

carcases from the grain and grass feeding systems did not differ in terms of total 

monounsaturated fatty acids (MUFA), although grain feeding resulted in a higher concentration 

of C15:1n-5, C16:1n-7trans, C18:1n-7trans, C20:1n-9, C20:1n-15. In contrast grass feeding 

resulted in more of the MUFA C17:1n-7. The total amount of polyunsaturated fatty acids did 

not differ in the carcases from grain and grass feeding systems, however a significant difference 

was observed in the omega-6 to omega-3 ratio with grain fed exhibiting a higher ratio as a 

result of total omega-6 fatty acids overall and driven by the higher concentration of C18:2n-6, 

C20:2n-6, and C22:4n-6. In contrast grass fed carcases exhibited a higher concentration of 

omega-3 fatty acids including C18:3n-3, C20:3n-3, C20:4n-3, C20:5n-3 and C22:5n-3 than 

grain fed carcases which is expected. Concentration differences of omega 3 to omega 6 fatty 

acids are due to the diet, in particular vegetative grasses which exhibit an increased proportion 

of omega-3 fatty acids, in particular C18:3n-3 that constitutes 55-70% of the total lipids in 

grasses. Conversely, cereals used for grain feeding are higher in C18:2n-6 and contain very 

little C18:3n-3. A limitation of this study was the use of two radically different feeding systems.  

Results from Chapters 4 and 5 outline the potential for use of Raman spectroscopy as a 

reliable method of authenticating beef products. Chapter 5 demonstrated Raman 

spectroscopy’s ability to accurately (F1 score) classify carcases from long grain (96%), short 

grain (85%), grass (83%) and grass supplemented (83%) feeding systems with an overall 

accuracy of 87%. With promising results identified using Raman spectroscopy there was a need 

to evaluate the industries acceptability threshold for uptake. In line with previous chapters, in 

Chapter 5 the chemical structures, responsible for the discrimination between classes were 

identified, as markers of fatty acids. Thus, to better understand the causes of differences in 

feeding systems the fatty acid composition of these different feeding systems was investigated.  
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This chapter aims to determine and compare the accuracy of PLS-DA models developed 

using Raman spectroscopy against PLS-DA models developed utilising fatty acid 

compositional data. The Folch, Lees, & Sloane Stanley (1957) extraction method is considered 

the gold standard of fatty acid analysis (Chiu & Kuo, 2020) and has been previously utilised 

for authenticating beef products (Dannenberger, Nuernberg, Nuernberg, Scollan, Steinhart, & 

Ender, 2005), resulting in the need to evaluate the accuracy of Raman spectroscopic models 

against this method. As such the study outlined in this chapter analysed long term grain feeding 

(100 days), short term grain feeding (70 days), grass and grass supplementation using both fatty 

acid composition and spectral information. This chapter describes the collection of  spectral 

data using Raman spectroscopy and fatty acid data using gas chromatography with a flame 

ionisation detector (GC-FID).  Further  the development of  chemometric models to assess the 

accuracy of the Raman spectra for predicting feeding systems compared to the gold standard 

based on fatty acids is described. 
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Abstract
Enhancing transparency through the beef production supply chain using objective measurements is crucial for maintaining the
premium price of Australian beef products. A four-class model has been developed using Raman spectroscopy for beef cattle
sourced from four different production systems including long- and short-term grain-fed and grass- and grass-supplemented-fed
cattle with an F1 score of 92%, 88%, 98% and 100%, respectively. A two-class model for grain- and grass-fed cattle showed
98.5% and 97.1% correct classification. Both models were developed using a dataset of 404 calibration samples and 101 test
samples which resulted in a total of 6 and 2misclassified samples in the four- and two-class models, respectively. Fatty acids were
also utilised to separate samples by principal component analysis (PCA), and loadings revealed samples that could be separated
by the concentration of omega-3 polyunsaturated fatty acids. A discriminant analysis of fatty acid data yielded a classification
accuracy of between 88 and 100% of beef carcases according to production system. Thus, classification utilising Raman
spectroscopy provided a reliable method to discriminate between cattle finished by different feeding systems.

Keywords Grass fed . Fatty acid composition . Raman spectroscopy .Misclassifications

Introduction

Australia has the ability to meet varying international cattle
market requirements and has established itself as a reliable and
key exporter of beef products. Maintaining this international
standing is of crucial importance to ensuring that Australian
product receives a premium price. Markets are becoming
more rigorous in terms of labelling and authentication require-
ments, and as a result, there is a need to develop tools that can
support the verification systems in the red meat industry. With

consumers changing their behaviour and becoming more
invested in the production system their meat is coming from,
there has also been an increase in the consumers’ willingness
to pay for premium grass-fed and grain-fed products (Risius
and Hamm 2017). Consequently, there is a need to develop
and validate an objective method for authenticating produc-
tion system claims. Within Australia, beef is produced in a
range of production systems from extensive grass-fed systems
to intensive grain feedlot systems. Currently, these products
are authenticated by a vendor statement and audits, although
this process is different across the varying brands of beef in
Australia. For the agri-food industry, food authenticity is be-
coming increasingly important as food producers are vying to
market their products on the basis of specific functional attri-
butes, and consumers are seeking assurance of the origin and
authenticity of such products (Osorio et al. 2012). In the case
of animal products and meat in particular, there is an increas-
ing focus on food origin and the composition of animal feed as
it changes the nutritional composition of meat (Priolo et al.
2002).

Raman spectroscopy is proving to be a tool that can suc-
cessfully discriminate between production systems. Raman
spectroscopy differs from other spectroscopic techniques,
such as NIR, as it overcomes the problems of intact muscle
samples, fat and the presence of water associated with internal

* Bridgette G. Logan
bridgette.logan@dpi.nsw.gov.au

1 Centre for Red Meat and Sheep Development, NSW Department of
Primary Industries, Cowra, Australia

2 Graham Centre for Agricultural Innovation, NSW Department of
Primary Industries and Charles Sturt University, Wagga
Wagga, Australia

3 School of Agricultural and Wine Science, Charles Sturt University,
Wagga Wagga, Australia

4 National Wine and Grape Industry Centre, Charles Sturt University,
Wagga Wagga, Australia

5 Wollongbar Primary Industries Institute, NSW Department of
Primary Industries, Wollongbar, Australia

Food Analytical Methods
https://doi.org/10.1007/s12161-021-02010-7

116

6.3. Research Paper



reflection of light (Shipp et al. 2017). Raman spectroscopy is
able to be utilised successfully on samples that are water rich
due to the peak of water molecules being found at 3000–3200
cm−1 which rarely overlaps with the peak intensities of other
molecules (Jin et al. 2015). Recent developments in laser and
charged-coupled devices have helped advance Raman spec-
troscopy as an analytical tool, and the system has been built
into a stable, reliable and rapid method that has already been
commercialised (Shipp et al. 2017). The ability of Raman
spectroscopy to classify subcutaneous fat from grass- and
grain-based production systems has been documented
(Logan et al. 2020); however, the ability to discriminate be-
tween closely related feeding systems presents more chal-
lenges. Whilst preliminary investigations have outlined
Raman spectroscopy as a tool for discriminating production
systems (Logan et al. 2020), there is a need to understand the
changes being detected in the spectra. It is postulated that the
changes detected in the spectra are a result of the diet altering
the fatty acid (FA) composition of the samples (Logan et al.
2020). Differences in the FA composition of beef from ani-
mals in different production systems have been widely report-
ed as the diet available in these systems is vastly different
(French et al. 2000; Nuernberg et al. 2002; Steen et al.
2003). Developing a model for the classification of samples
based on the FA data will provide insight into the origin of
variation in spectra of the samples. Further investigation into
key FA that change between production systems is crucial to
building a reliable verification system using Raman
spectroscopy.

Discriminatory models are useful in providing methods for
the identification and classification of samples, and one such
modelling technique is partial least square discriminant anal-
ysis (PLS-DA). This method uses variables in the mea-
surements to create models based on the sample class
information; however, it can lead to overfitting of the data
and erroneous class predictions without appropriate cross
validation, assessment using independent samples and
permutation testing (Brereton and Lloyd 2014; Liu et al.
2016; Szymanska et al. 2012; Worley and Powers 2013).
Model predictive acuity assessed with samples completely
independent to samples used for model development can
be used to assess the overall ability to accurately discrim-
inate sample class. The number of misclassified samples
can be determined by setting an absolute probability
threshold for class identification or based on the class
the sample has the highest probability of belonging too,
regardless of threshold. Both techniques have merit and
are dependent on the sample type and ability for the sam-
ples to be unassigned. Overall, to develop a reliable mod-
el, extensive testing and a large sample size are required.
Consequently, this research aims to classify production
systems of beef cattle using PLS-DA models developed
from Raman spectroscopy and FA composition.

Materials and Methods

Samples

A total of 520 carcases were sampled from four different com-
mercial production systems across Southern Australia (Logan
et al. 2021). These systems include 100-day grain fed (long
grain), 70-day grain fed (short grain), grass fed with a non-
grain supplement (grass supplemented) and grass fed only
(grass). Carcases sampled from grain-fed cattle were sourced
from commercial feedlots located in NSW with the cattle fed
for the allocated number of days on the formulated diet
consisting of barley or wheat (~70%). Carcases representing
grass supplemented systems were cattle finished on pastures
in combination with a supplied pulse pellet, and carcases
representing the grass-fed production systems were collected
from Victorian grasslands production systems measuring cat-
tle grazed only on southern Australian seasonal pastures in-
cluding ryegrasses, fescue, clovers, chicory, cocksfoot,
phalaris and grazing oats. Feeding systems were verified by
the paper-based audit system in the supply chain and by fol-
lowing up the suppliers of the cattle.

Raman Spectroscopy

Spectral measurements were completed with a Raman spec-
troscopic device, a 785 Mira hand-held device (Metrohm®)
fitted with the universal tip utilising orbital raster scan tech-
nology, that collected in the spectral range of 400–2300 cm−1

(± 0.5 cm−1). Spectra were collected from 3 positions on the
point end brisket with a total scan time of 15 s per position,
due to an integration time of 3 s with 5 accumulations. All
measurements were obtained from the carcases at 24 h post-
mortem after chilling when the fat had solidified.

Reference Measurements

At the completion of Raman spectroscopy measurements, a
sub-sample of subcutaneous fat (~40 g) was excised from
point end brisket and stored at −20 °C. Prior to analysis for
FA composition, samples were stored at −80 °C until they
were freeze-dried and stored at −20 °C before homogenised
using a Foss KnifeTech® grinder for 15 s.

The FA concentration analysis was conducted as per the
method outlined by Logan et al. (2020). In short, a one-step
extraction based on the method of Lepage and Roy (1986) was
utilised by extracting the FA using 10 mL of chloroform/
methanol mixture (2:1 v/v) and evaporated utilising nitrogen
gas. The mixture was methylated using 2 mL of methanol/
toluene mixture (4:1 v/v) containing C13:0 (4 μg/mL) and
C19:0 (4 μg/mL) as internal standards, 200 μL of acetyl chlo-
ride and 5 mL of a 6% potassium carbonate solution.
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An Agilent 6890N gas chromatograph fitted with a flame-
ionization detection (GC-FID) equipped with an SGE BPX70
analytical column was sued for the analysis of the extracted
and methylated FA. The column consisted of a fused carbon-
silica column, coated with cyanopropyl phenyl (BPX70, 30 m
× 0.25 mm i.d. and 0.25 μm film thickness, SGE Analytical
Science, Victoria, AUS). The carrier gas chosen was Helium,
set up with a column flow of 0.9 mL/min, resulting in a total
flow rate of 12.4 mL/min and a split ratio of 10:1. The inlet
pressure was 107.8 kPa, its temperature was 250 °C and the
injection volume was 3.0 μL into a focused inlet liner (4 mm
i.d., no. 092002, SGE Analytical Science, Victoria, AUS).
Further, the oven temperature was set to 150 °C for 30 s and
then increased at 10 °C/min to a maximum of 180 °C and then
undergoes a more gradual increase of 1.5 °C/min to 220 °C
before finally increasing at 30 °C/min up to 260 °C where this
temperature was maintained for a total of 5 min; this method
resulted in a run time of 36.5 min. The FID temperature was
set at 280 °C with gas flow rates of hydrogen at 35 mL/min,
instrument air at 350 mL/min and nitrogen make-up gas at
30 mL/min. Characterisation of FA was conducted by exam-
ining the peaks identified from the samples, by comparing
their retention times with those of the internal standard
C19:0 and quantified using Agilent Chemistation (Version
B.01.03). The peaks for FA were identified by comparison
to published data (Or-Rashid et al. 2010).

Statistical Analysis

Raman Spectroscopy

Prior to chemometric analysis, the triplicate spectra from each
carcase were averaged so one spectrum represented each car-
case to minimise signal heterogeneity for each sample.
Following visual inspection to identify regions of interest,
the spectra were reduced to the range 601:2000 cm−1 (Fig.
1). All spectral modelling analysis was performed utilising

Matlab 2019a (The Mathworks Inc 2019) and PLS_Toolbox
version 8.7.1 (Eigenvector Research Inc 2019). Pre-
processing of the spectral data occurred before analysis using
standard normal variates (SNV) scaling and mean centring
(MC). Spectra obtained from 15 grass-fed samples were re-
moved due to errors in the collection of spectra, as these scans
did not show any spectral information and were identical with
a constant Raman intensity of 20 (arbitrary/units) across the
entire spectra. Exploratory data analysis was undertaken on
the remaining spectral data set by PCA of the SNV/MC spec-
tra (Fig. 2) using five principal components. Sample scores
were plotted for class and the dataset interrogated for outliers
by plotting Q residuals and Hotelling T2 values (data not
shown), and as none was identified, all samples were retained
for further analysis (Schmidtke et al. 2012).

The data were separated into calibration and independent
test sets using the Kennard–Stone approach (Kennard and
Stone 1969) resulting in an 80:20 split of data. This data was
then used in developing a PLS-DA; the data split by classes is
shown in Table 1. A scree plot of the eigenvalues for the latent
variables was inspected, which alongside the evaluation of the
root mean square errors of calibration, cross validation and
prediction of test data, allowed the selection of the optimal
numbers of latent variables (LVs) for each model. Two PLS-
DA models were developed to determine the ability for pre-
diction of production system including a two-class model
predicting grass (grass and grass supplemented) and grain-
fed (Long and Short Grain) samples and a four-class model
predicting individual production systems (long grain, short
grain, grass, grass supplemented). A two-class PLS-DA was
utilised to assess the separation of grass- and grain-fed pro-
duction systems by combining grass- and grass-
supplemented-fed cattle as one class and long grain-fed and
short grain-fed cattle together as the grain-fed class. This mod-
el utilised 5 LVs. The four-class PLS-DA was conducted, to
identify the individual production systems using 9 LVs. Both
models were assessed for the number of misclassifications

Fig. 1 Raw spectra collected
from the subcutaneous fat of
cattle produced under differing
production systems, with
excluded regions highlighted
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utilising the prediction of the most probable class and utilising
a 0.5 threshold limit for class prediction. Utilising a 0.5 thresh-
old limit for prediction is common in PLS-DA models; how-
ever, this is valid only with two-class models; multiclass
models do not fit correctly into the 0.5 threshold as this as-
sumes a sample belongs to one of two classes, and as such,
multiclass prediction thresholds are difficult and still undergo-
ing research; as such, the ‘Most Probable’ prediction is also
shown (Huang et al. 2013). The models were then cross val-
idated using random sample subsets with 20 data splits and 5
iterations. A permutation test of the calibration data set was
performed to assess overall model efficacy to avoid overfitting
the data. The permutation test permuted the data 1000 times
producing an empirical P-value forQ2 and prediction efficacy
(Schmidtke et al. 2012; Szymanska et al. 2012). The predic-
tive accuracy of the model was assessed against the indepen-
dent test data set with the prediction accuracy, misclassifica-
tions and receiver operator curves produced. Precision recall
and F1 score were calculated from the model. Key areas were
identified by assesing spectra with Variable Importance in
Projection (VIP) scores greater than 1. The model was exam-
ined, and the selectivity ratios were extracted and used to plot
the areas of interest in combination with the VIP scores

(Farrés et al. 2015). The selectivity ratio provided a numerical
assessment of the variables in the model and identified regions
of high interest; this limit is set at 50% (Rajalahti et al. 2009).

Fatty Acid Composition

Analysis of the FA composition of the four production sys-
tems was completed using linear models, deriving predicted
means and standard errors and calculating the least significant
differences between means (LSM; at critical value, P = 0.05)
for the traits measured from the carcases of each feed type. To
account for any batch effects, the day of measurement was
included as a random effect with cattle feed type also included
as a fixed effect. The FA statistical analyses were completed in
R Core Software (R Core Team 2017) using the ‘emmeans’
package (Lenth et al. 2017) and stats package.

A principal components analysis (PCA) was performed on
a dataset of the individual FA, to observe grouping effects by
production system. Pre-processing for this PCA included
mean centring and variance scaling (standardise) to ensure
each variable was equally contributing (Grootveld 2012).

A PLS-DA was then performed on the individual FA to
classify the samples by production system and utilised 5 LVs
using mean centring and variance scaling (standardise). The
model was assessed using the same cross validation and per-
mutation testing as the Raman spectroscopy data, and the
same samples were added to either the calibration or indepen-
dent test dataset. Models were developed using the same split
into calibration and test data set as the spectral data, as well as
the same cross validation and permutation testing. The PLS-
DA analysis was completed using Matlab 2019a (The
Mathworks Inc 2019) and PLS_Toolbox version 8.7.1
(Eigenvector Research Inc, 2019).

Results

Raman Spectroscopy

The use of the PCA showed a separation of data with PC1
accounting for 60.8% of the variation and PC 2 encompassing
13.2% as seen in Fig. 2. There is a separation of the long grain
samples by PC 2, and PC 1 separates the majority of the grain
short samples. For both the two- and four-class models, a
permutation test of the calibration samples was utilised to
assess overall model efficacy, and this found a significantly
higher number of misclassifications of the data and a signifi-
cantly lower accuracy indicating a model based on informa-
tion obtained in the Raman spectra and not based on random
numbers. The true model Q2 values were 0.5–0.73, and per-
muted data was between −0.6 and −0.1.

The four-class PLS-DA model developed was able to clas-
sify the samples with a model accuracy for test samples of 85–

Fig. 2 Score plot of principal components (PCs) 1 and 2 from a principal
components analysis (PCA) of Raman spectroscopy spectra from the
subcutaneous fat of cattle produced under different production systems

Table 1 Samples assigned to calibration and independent test data sets

Feed type Calibration set Test set Total

Long grain (grain) 111 19 130

Short grain (grain) 115 15 130

Grass (grass) 86 29 115

Grass supplemented (grass) 92 38 130
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97%. Nine LVs were considered appropriate to model the
samples into classes based upon feed type. Using the predic-
tion setting of the most probable class, there were 6 samples
misclassified, one short grain sample was predicted as grass,
three grass samples were predicted as grass supplemented and
two grass supplemented samples were predicted as grass.
However, when utilising a threshold limit of 0.5, the model
accuracy decreases from 91–97% to 85–97%, with 12 of the
16 misclassified samples predicted as unassigned. The sensi-
tivity and specificity of the four-class model indicated a very
low class error (Table 2). Key peaks were identified by exam-
ining the loadings from the LVs with the first LV explaining
55.3% of the variation, LV 2 explaining 17.1%, LV 3
explaining 5.9 % and LV 4 explaining 5.8%, whilst the re-
maining LVs contained under 5% of the variation, so where
used in the analysis, but not examined for key peaks. The key
spectral features identified in LV 1 include 1301 and 1440
cm−1, whilst LV 2 identified 1658 cm−1, and LV 3 identified
1206, 1506, 1626, 1686 and 1803 cm−1 (Fig. 3). Assessment
of the loadings from the LVs highlighted key spectral regions
that contributed to the classification of each class was
established as shown in Fig. 4. These include regions between
1079–1089, 1131, 1133–1135, 1259–1273, 1317–1326 and
1641–1660 cm−1 for long grain-fed; 917–932, 1053, 1055–
1057, 1121 and 1282–1288 cm−1 for short grain-fed; 1057–
1064, 1124–1133 and 1654–1667 cm−1 for grass-fed and
970–974, 976–977, 983–985, 1294–1295, 1297 and 1670–
1678 cm−1 for grass supplemented cattle.

The two-class model after combining grass and grass sup-
plemented as grass and short and long grain as grain resulted
in improved accuracy of 97% and 99% for grain and grass,
respectively (Table 3). This two-class model utilised 5 LVs,

and the key regions identified in the loadings of the latent
variables include 1301 and 1440 cm−1 in LV 1 and 1655
cm−1 in LV 2. The first five latent variables captured a total
of 83.2% of the variance in the regression model and were
chosen by assessment of the variance captured and the cross
validation and calibration classification error average.
Modelling using either prediction setting of ‘prediction most
probable’ or ‘prediction at a 0.5 threshold’ did not alter the
performance of the model. A total of two samples were
misclassified using both methods; one grain-fed sample was
predicted as grass fed, and one grass-fed sample was predicted
as grain fed (Table 4).

Fatty Acid Composition

As highlighted in Table 5, carcases from long grain-fed cattle
had significantly higher saturated fatty acid (SFA) concentra-
tions (27.8 g/100 g) compared to their grass-fed counterparts
(25.0 g/100 g) but were not significantly different to short
grain fed (28.3 g/100 g) or grass supplemented (26.1 g/100
g). This was due to differences in individual SFAs including
C10:0, C12:0, C14:0, C17:0, C18:0, C20:0, C21:0, C22:0 and
C24:0. In particular, the significant differences in C17:0 were
found as long grain (1127.0 mg/100 g) was different to all
other systems, as was short grain (932.0 mg/100 g), whilst
there was no difference between grass (608.2 mg/100 g) and
grass supplemented (625.4 mg/10 g).

The monounsaturated fatty acid (MUFA) concentration
was not significantly different between short grain (32.8 g/
100 g) and grass and grass supplemented, but long grain was
significantly lower than the other systems (29.2 g/100 g).
Whilst there were no significant differences detected in the
total concentration of MUFA in carcases from grass- (12.1
g/100 g) and grain-fed cattle (13.6 g/100 g), a system effect
was detected in individual FA, most notably in C14:1n-5,
C16:1n-7, C17:1n-7, C18:1n-7, C18:1n-9 and C20:1n-9.

The carcases from grass-fed cattle were higher in concen-
tration of omega-3 FA (0.4 mg/100 g) compared to long grain
fed (0.1 mg/100 g), short grain fed (0.2 mg/100 g) and grass
supplemented (0.2 mg/100 g); this was mainly due to the
differences in C18:3n-3, C20:5n-3, C22:5n-3 and in C22:6n-
3. The grass and grass supplemented carcases were signifi-
cantly lower in omega-6 FA than the grain fed counterparts.
Consequently, there was a significant difference in the omega-
6 to omega-3 ratio between the carcases from different pro-
duction systems with long grain fed (8.1 mg/100 g) signifi-
cantly higher than all other systems, as was short grain (4.7
mg/100 g) to all except grass supplemented (2.9 mg/100 g)
where there was no difference. Grass supplemented samples
were not significantly different from the short grain-fed and
grass samples (1.6 mg/100 g).

The PCA model, developed on all the FA data, produced
clear separation of samples according to feed type (Fig. 5).

Table 2 Model statistics from a partial least square discriminant
analysis with 9 latent variables developed from Raman spectra of the
subcutaneous fat from beef carcases sourced from four production
systems within Southern Australia

Grain long Grain short Grass Grass
supplemented

Sensitivity (Cal): 0.990 0.950 0.948 0.972

Specificity (Cal): 0.993 0.924 0.935 0.983

Sensitivity (CV): 0.970 0.876 0.877 0.940

Specificity (CV): 0.978 0.906 0.914 0.966

Sensitivity (Test): 1.000 0.900 0.684 0.870

Specificity
(Test):

0.986 0.873 0.890 0.949

Class. Err (Cal): 0.008 0.063 0.059 0.022

Class. Err (CV): 0.026 0.109 0.104 0.047

Class. Err (Test): 0.007 0.113 0.213 0.091

Abbreviations: Cal, calibration data set; CV, cross-validated data set;
Test, independent test data set

Food Anal. Methods

120



The first two principal components explained 41.9% of the
variation within the data. By assessing the loadings, individual

FA was identified as markedly contributing to at least one of
the first two principal components. The major groups of FA

Fig. 3 Loadings of the first three latent variables (LV) from a partial least square discriminant analysis (PLS-DA) of Raman spectra from the
subcutaneous fat of cattle from four different production systems

Fig. 4 Mean Spectra coloured with the Variable Importance in Projection (VIP; > 1) calculated from the comprehensive PLS-DA models with Raman
spectra data overlaid with areas identified by selectivity ratios over 50%
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that contributed included omega-3 PUFA, PUFA and SFA
(Fig. 6). PC 1 loadings identified omega-3 PUFA, C18:3n-3,
C16:2n-4 and C16:2n-4, whilst PC 2 identified C20:2n-6,
C16:1n-7t, C20, C18, C20:1n-15, isoC17:0, C18:1n-7t and
C12.

The PLS-DA model developed using the 54 individual FA
yielded a model accuracy of 88–100% for the classification of
production system. A total of five latent variables were
utilised, contributing to a model using 55% of the cumulative
variance of the data. This model resulted in four samples being
misclassified including two long grain samples classified as
short grain, one short grain sample classified as long grain and
one grass fed sample classified as short grain. Low class errors
were observed for the prediction of grass supplemented cattle
(0.016), with short grain (0.023), long grain (0.039) and grass
(0.041) increasing in order (Table 6). When utilising a thresh-
old limit of 0.5, instead of the most probable, the number of
misclassifications increases from four to eleven, with the ac-
curacy changing for long grain (0.92 to 0.85), short grain (0.88
to 0.90) and grass-fed (0.98 to 0.91) samples with grass sup-
plemented unchanged at 100% (Table 7). Key FA

contributing to the separation of samples including LV 1
(29.3% of the variance) included C10, anteiso-C15, anteiso-
C17, C14:1n-5, C16:1n-7, C16:2n-4, C16:3n-4, C17:1n-7,
C18:1n-7, C18:1n-9, C18:2n-6t, C18:3n-3, C18:3n-6,
C18:4n-1, C18:4n-3, C19:1n-12, C20:1n-12, C20:3n-3,
C20:3n-9, C20:5n-3, C21, C22:2n-6, C22:5n-3, C22:6n-3,
C23, C24:1n-9, iso-C15:0 and iso-C17:0, with C17, C18:2n-
6 and C22:4n-6 having a negative interaction with separation
based on LV 1. Omega-3 FA were correlated positively,
whilst the omega-6 FA were predominately negatively
correlated.

Discussion

In the beef industry, there are avenues to sell products from
various production systems including grass supplemented cat-
tle; hence, there is a need to develop a tool that is reliable
enough to identify between these categories. The PCA
showed that there are inherent differences between the classes
in spectral composition; this was further supported through the
use of PLS-DA. The four-class PLS-DAmodel could discrim-
inate between long grain-fed (92%), short grain-fed (88%),
grass (98%) and grass supplemented (100%) cattle.
Analysing the F1 score provides more information than just
the precision or recall as a technique that can offer better
precision, but poor recall or vice versa. To be an effective
and reliable method, it must achieve both higher precision
and recall, and as a result, the F1 score is defined as combining
precision and recall (Chicco and Jurman 2020). For evaluating
the effectiveness of models, the F1 score can be utilised for
evaluating the reliability of models. Utilising a most probable
prediction method has enabled most of the samples to be iden-
tified correctly whilst minimising misclassified samples.
Bayes theorem is used to determine the conditional probability
that both classes one and 2 occur divided by the unconditional
probability that class 1 occurs (Indahl et al. 2007). Utilising a

Table 3 Model statistics
from a partial least
square discriminant
analysis with 5 latent
variables developed from
Raman spectra of the
subcutaneous fat from
beef carcases sourced
from grain and grass-
based production sys-
tems within Southern
Australia

Grain long Grass

Sensitivity (Cal): 0.969 0.955

Specificity (Cal): 0.955 0.969

Sensitivity (CV): 0.951 0.955

Specificity (CV): 0.955 0.951

Sensitivity (Test): 0.971 0.985

Specificity (Test): 0.985 0.971

Class. Err (Cal): 0.038 0.038

Class. Err (CV): 0.047 0.047

Class. Err (Test): 0.022 0.022

Abbreviations: Cal, calibration data set;
CV, cross-validated data set; Test, indepen-
dent test data set

Table 4 Independent test dataset ability to be predicted against the calibration data set for Raman spectra of beef subcutaneous fat from Southern
Australian beef production systems

Class TPR (%) FPR (%) TNR (%) FNR (%) N Recall (%) Precision (%) F1 score (%)

Most probable prediction Grain long 100 1 99 0 19 100 95 97

Grain short 93 1 99 7 15 93 93 93

Grass 90 3 97 10 29 90 93 91

Grass supplemented 95 3 97 5 38 95 95 95

0.5 threshold prediction Grain long 95 1 99 5 19 95 95 95

Grain short 93 0 100 7 15 93 100 97

Grass 76 1 99 24 29 76 96 85

Grass supplemented 82 3 97 18 38 82 94 87

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false negative rate; N, number of test samples
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Table 5 Least square means (LSM) and standard errors (s.e.) of the subcutaneous fatty acid (FA) composition from carcases of various production
systems with reference numbers to Fig. 6

Fatty acid (reference number for Fig. 5) Long grain Short grain Grass Grass supplemented

LSM s.e. LSM s.e. LSM s.e. LSM s.e.

SFA (mg/100 g) C10:0 (1) 170.0a 43.0 378.4b 37.3 374.0b 43.1 338.5ab 43.0

C12.0 (2) 56.3a 9.5 56.8a 8.5 89.3a 9.6 119.7b 9.4

C14:0 (3) 2117.1a 111.0 2105.5a 100.7 2210.9ab 111.3 2631.4b 108.1

iso-C15:0 (4) 71.3a 10.1 85.8a 9.0 169.4b 10.1 100.2a 9.9

anteiso-C15:0 (5) 79.6a 8.0 100.1a 7.2 160.2b 8.1 109.9a 8.1

C15:0 (6) 383.5 12.0 361.1 11.2 365.0 12.0 353.9 11.4

C16:0 (7) 15429.1 267.3 15723.9 25.1 15140.6 268.7 15628.1 254.4

iso-C17:0 (8) 71.3a 10.1 85.8a 9.0 169.4b 10.1 100.2a 9.9

anteiso-C17:0 (9) 378.4a 27.7 439.8a 244.6 606.5b 27.7 479.5a 27.3

C17:0 (10) 1127.0c 33.4 932.0b 31.0 608.2a 33.5 625.4a 31.9

C18:0 (11) 7892.5a 274.6 7882.0a 251.3 5660.9b 275.6 5271.6b 266.0

C20:0 (12) 50.8b 3.1 50.3b 2.8 42.3ab 3.2 34.9a 3.1

C21:0 (13) 11.5a 1.4 24.7b 1.2 22.4b 1.4 20.4b 1.3

C22:0 (14) 5.7a 0.4 6.3ab 0.4 8.1b 0.4 5.6a 0.4

C23:0 (15) 3.2a 0.4 4.0a 0.4 6.6b 0.4 3.6a 0.4

C24:0 (16) 4.9 0.4 4.0 0.4 5.4 0.4 3.8 0.4

MUFA (mg/100 g) C14:1n-5 (17) 573.6a 77.4 713.3a 69.7 1327.3b 77.6 1405.5b 75.8

C15:1n-5 (18) 15.2 3.7 13.7 3.7 12.3 3.8 17.9 3.3

C16:1n-7 (19) 2483.7a 207.6 3059.0a 185.1 4723.3b 8.9 4523.3b 208.0

C16:1n-7t (46) 48.4 7.0 52.0 6.1 48.3 7.0 39.3 6.9

C17:1n-7 (20) 79.1a 8.3 98.9a 7.4 139.3b 8.4 109.0ab 8.3

C18:1n-7 (22) 952.8a 60.1 1124.1ab 54.0 1327.4bc 60.2 1394.0c 58.9

C18:1n-7t (48) 2880.3 445.7 2408.5 388.8 914.3 445.9 1179.1 444.2

C18:1n-9 (21) 25014.7a 631.8 27460.3ab 571.0 28959.5b 633.7 26540.7ab 617.4

C18:1n-9t (47) 292.7 104.3 461.8 90.8 159.4 104.4 211.9 104.1

C20:1n-9 (24) 184.9b 8.4 192.2b 7.7 144.3a 8.4 147.6a 8.1

C20:1n-15 (23) 23.2 4.4 27.5 3.9 34.1 4.4 21.0 4.4

C22:1n-9 (25) 5.6 1.4 5.5 1.2 10.3 1.4 6.7 1.3

C24:1n-9 (26) 2.6 0.4 2.9 0.4 2.9 0.4 1.9 0.4

PUFA (mg/100 g) C16:2n-4 (41) 6.3a 1.7 15.4b 1.5 25.6c 1.7 21.1bc 1.7

C16:3n-4 (42) 5.6 1.0 7.1 0.9 7.7 1.0 9.3 1.0

C18:2n-6 (33) 788.8b 63.8 760.7b 56.1 492.3a 63.8 514.0ab 63.2

C18:2n-6t (49) 478.1ab 75.9 387.8a 66.2 763.9b 76.0 773.4b 75.7

C18:3n-3 (27) 85.9a 32.9 157.0a 28.2 317.1b 32.3 165.7a 32.1

C18:3n-4 (43) 4.2 0.6 3.9 0.5 5.2 0.6 3.9 0.6

C18:3n-6 (34) 12.9 2.3 13.9 2.0 16.4 2.3 16.7 2.3

C18:4n-1 (44) 12.8 2.7 16.6 2.4 23.8 2.7 14.9 2.7

C20:2n-6 (35) 19.4ab 1.5 18.9ab 1.4 20.2b 1.5 13.2a 1.5

C20:3n-6 (36) 34.4 3.3 32.9 2.9 35.2 3.3 35.5 3.3

C20:3n-9 (45) 4.4a 0.8 5.4a 0.7 8.9b 0.8 7.4ab 0.8

C20:4n-3 (28) 4.0 1.8 2.5 1.6 7.9 1.8 2.2 1.8

C20:4n-6 (37) 25.2 1.9 26.3 1.7 27.7 1.9 24.8 1.9

C20:5n-3 (29) 2.9a 1.5 4.7a 1.3 18.9b 1.5 7.0a 1.4

C21:5n-3 (30) 1.5 0.1 1.6 0.1 1.0 0.1 1.4 0.1

C22:2n-6 (38) 0.2a 0.1 1.0b 0.1 0.9b 0.1 1.1b 0.1

C22:4n-6 (39) 14.6ab 1.5 15.6b 1.3 9.7ab 1.5 9.5a 1.4
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0.5 threshold prediction provides the most safety in class as-
signment with two classes as there is an equal opportunity to
be in one of the classes. Due to the model consisting of four
models, the 0.5 threshold is not a viable option. If a class has a
large overlap in features, there can be difficulty separating
these samples; by using the most probable as a prediction
method, the sample is able to be assigned a class even if the
probability is similar for more than one class, as is the case for
multiclass PLS-DA models.

When using the most probable prediction, there is always a
most likely class for a sample to be assigned, but it is possible
that the sample is not well modelled and has low probabilities

for all classes, or it is possible that two classes are similar and a
sample belonging to one of them will also have a high pre-
dicted probability of belonging to the second class (Bajoub
et al. 2018). Samples that were predicted with no class over
the 0.5 threshold limit result in a sample becoming ‘unas-
signed’; using the most probable method allows samples to
be sorted into the category with the highest prediction value.
By utilising prediction of the most probable, a higher accuracy
can be observed for all production system groups apart from
short grain samples which rose in accuracy utilising the 0.5

Table 5 (continued)

Fatty acid (reference number for Fig. 5) Long grain Short grain Grass Grass supplemented

LSM s.e. LSM s.e. LSM s.e. LSM s.e.

C22:5n-3 (31) 19.2a 5.1 29.2a 4.6 68.8b 5.2 28.0a 5.1

C22:5n-6 (40) 0.8ab 0.1 1.1b 0.1 0.6a 0.1 1.3b 0.1

C22:6n-3 (32) 1.9a 0.2 2.7a 0.2 5.7b 0.2 2.2a 0.2

Cis 9 t11CLA* 88.2 48.6 180.8 42.4 286.4 48.6 187.4 48.4

Trans 10c12CLA* 45.6 15.2 72.7 13.2 102.9 15.2 57.2 15.1

Totals (mg/100 g) Trans 3.7 0.5 3.3 0.4 1.8 0.5 2.2 0.5

CLA 0.1 0.1 0.3 0.1 0.4 0.1 0.2 0.1

Omega-3 0.1a 0.1 0.2a 0.1 0.4b 0.1 0.2a 0.1

Omega-6 0.9b 0.1 0.9b 0.1 0.6a 0.1 0.6ab 0.1

Omega-6:omega-3 8.1c 0.5 4.7b 0.5 1.6a 0.5 2.9ab 0.5

Totals (g/100g) PUFA 1.5 0.1 1.5 0.1 1.9 0.1 1.7 0.1

MUFA 29.2a 0.8 32.8b 0.8 35.6b 0.8 34.2b 0.8

SFA 27.8bc 0.4 28.3c 11.2 25.0a 0.4 26.1ab 0.4

Different letters within rows indicate significance between means (P < 0.05)

*Coelution

Fig. 5 Score plot of principal components (PCs) 1 and 2 from a principal
components analysis (PCA) of fatty acid concentrations from the subcu-
taneous fat of cattle produced under differing production systems

Fig. 6 Scatter plot of fatty acid loadings, plot on principal components
(PCs) 1 and 2 from a principal components analysis (PCA) of fatty acid
concentrations from the subcutaneous fat of cattle produced under differ-
ing production systems with number reference to fatty acids presented in
Table 5
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threshold limit (Table 4). Due to many misclassified samples
being identified from the grass and grass supplemented cate-
gories, and as these classes are very similar, prediction of the
most probable or further calculation of the correct probability
threshold limit for a four-class model is advised. When exam-
ining the misclassified samples, long grain-fed samples were
classified as short grain-fed, which can pose issues as long-
term grain-fedmeat is destined for premiummarkets, although
short grain-fed cattle still reach a premium price point in the
domestic food industry. The misclassified samples of grain-
fed origin that were predicted as grass and grass supplemented
present unique challenges in understanding the cause of this
misclassification. By examining the FA composition, an un-
derstanding of the cause of the misclassification can be made
to establish if it is an error in the model or if the sample does
not represent its class in terms of FA composition.

Developing a model that can classify different production
systems is the aim of this research; however, if there is a low
probability for samples to be correctly classified, a prediction
based upon a two-class model will still provide a level of
assurance of sample authenticity. There is a benefit to the
industry in developing a model that can classify grain and
grass-fed production systems. Currently, long-term grain-fed
beef and grass-fed beef are products demanding a premium
price, being able to ensure the claims of production would
greatly help the industry. A false positive result can lead to
processors paying more for a product of inferior value but also
can lead to doubt in the validity of the production system
claims. A false negative can result in producers being under-
paid for premium products. A false negative on a grain-fed
product can result in a drop in price per kilogram, for example,
a 280-kg steer regardless of feed is being sold to an abattoir for
586–596-¢/kg carcase weight (Meat & Livestock Australia
2020), whilst a verified 100-day grain-fed steer at 280 kg
would sell for 620-¢/kg carcase weight (Teys Australia
2020a), resulting in a loss of 24–34-¢/kg carcase weight per
head of cattle. At the same time, a grass-fed steer at 280 kg
would sell for 600–605-¢/kg carcase weight (Teys Australia
2020b) resulting in a loss of 4–19-¢/kg carcase weight loss if
the grass-fed production system claim was unsubstantiated.
By combining these datasets for a prediction model, there
are more samples for the system to use to build a model, and
this technique increases the accuracy by removing potential
misclassification between similar classes. Grain-fed samples
(97%) were accurately predicted with only one misclassed
sample; this is also the case for grass-fed samples (99%).
For application in industry, this margin of error would be
deemed acceptable. Developing a model that can detect
grain-feeding regardless of time on feed is an important find
as previous work has identified the need to verify the presence
of grain feeding in a diet as an emerging issue in the beef
industry as consumers are becoming more interested in pro-
duction claims (Montossi et al. 2013; Verbeke et al. 2010).

Table 6 Model statistics from a partial least square discriminant
analysis with 5 latent variables developed from the fatty acid
composition of the subcutaneous fat from beef carcases sourced from
four production systems within Southern Australia

Grain long Grain short Grass Grass
supplemented

Sensitivity (Cal): 0.964 0.955 0.942 0.989

Specificity (Cal): 0.997 0.945 0.997 0.984

Sensitivity (CV): 0.964 0.955 0.930 0.989

Specificity (CV): 0.992 0.932 0.997 0.967

Sensitivity (Test): 0.947 0.933 0.931 1.000

Specificity
(Test):

0.976 0.953 0.986 0.968

Class. Err (Cal): 0.020 0.050 0.031 0.014

Class. Err (CV): 0.022 0.056 0.036 0.022

Class. Err (Test): 0.039 0.023 0.041 0.016

Abbreviations: Cal, calibration data set; CV, cross-validated data set;
Test, independent test data set

Table 7 Independent test dataset ability to be predicted against the calibration data set for the fatty acid composition of beef subcutaneous fat from
Southern Australian beef production systems

Class TPR (%) FPR (%) TNR (%) FNR (%) N Recall (%) Precision (%) F1 score (%)

Most probable prediction Grain long 90 1 99 11 19 89 94 92

Grain short 93 4 97 7 15 93 82 88

Grass 97 0 100 4 29 96 100 98

Grass supplemented 100 0 100 0 38 100 100 100

0.5 threshold prediction Grain long 74 0 100 26 19 74 100 85

Grain short 87 1 99 13 15 87 93 90

Grass 83 0 100 17 29 83 100 91

Grass supplemented 100 0 100 0 38 100 100 100

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false negative rate; N, number of test samples
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Examining the loadings from the spectra (Fig. 3), important
spectral features emerge to be the basis of the classification of
production systems. In both the four-class and two-class
models, the peaks at 1301, 1206, 1440, 1506, 1626, 1658,
1686 and 1803 cm−1 were identified. Previous research has
identified the key bonds causing changes in intensity at these
wavenumbers (Logan et al. 2020) indicating the presence of δ
(CH2) methylene twisting deformation (Beattie et al. 2006)
and δ (CH2) methylene scissor deformations (Beattie et al.
2006) as a result of the peaks at 1301, 1206, 1440 and 1506
cm−1. Whilst the peak at 1658 cm−1 has been identified to be a
result of cis ν (C=C) olefinic stretch (Beattie et al. 2006),
Cα=Cα is the bond at 1626 cm−1 (Schulz and Baranska
2007) and C=O the stretch bond at 1803 cm−1 (Mayo et al.
2004). These chemical bonds have been previously identified
as being associated with the concentrations of FA in a sample
(Beattie et al. 2006) as Raman spectroscopy is sensitive to
changes that identify FA including chain length, molar
unsaturation (C=C), degree of unsaturation (C=C) and cis/
trans isomer ratio (Beattie et al. 2004).

The diet of the animal pre-slaughter has been extensively
shown to alter the FA composition of cattle (Alam et al. 2017;
Daley et al. 2010; De La Fuente et al. 2009; Fiorentini et al.
2018; French et al. 2000; Horcada et al. 2017; Petri et al.
2014). This research, in agreement with other literature, shows
the production system an animal came from greatly changes
the FA composition. By combining spectral information with
the reported FA data, a clearer picture is gained that enables a
link to be made between the differences detected in the spectra
and in the fat sample. A key difference consistently reported is
a higher concentration of linolenic acid (C18:3n-3) (French
et al. 2000; Guay 2005). Linolenic acid has been shown to
increase in subcutaneous fat over a short period of time with a
finding that linolenic acid doubled in 40 days on pasture (Noci
et al. 2005).

Subcutaneous fat from grass-fed animals showed a signif-
icantly lower (P < 0.05) proportion of C18:2n-6 and n-6 FA
than the long and short grain-fed groups although no differ-
ence was observed in total PUFA. Long term grain feeding
includes cattle fed in a feedlot for over 100 days prior to
slaughter, and their diet is predominantly composed of barley
and wheat grains. Grain-based diets are expected to increase
the absorption of C18:1n-9 and C18:2n-6, since they are ma-
jor FA in barley-based diets (Osorio et al. 2013). Grass sup-
plemented cattle were not different from the grain feeding
systems and the grass-feeding system, indicating grass supple-
mented cattle are ingesting a dietary source of C18:1n-9 and
C18:2n-6. The majority of the dietary FA are 18-carbon un-
saturated FA, including 18:3n-3, 18:2n-6 and 18:1 cis-9
(Ferlay et al. 2017). The activity of rumen microorganisms
results in the biohydrogenation of most FA into oleic and
stearic acids (Chesworth 1998). However, when high concen-
trations of PUFAs are present in the diet, as in extensive grass-

based production systems (Ponnampalam et al. 2006), these
FA can escape biohydrogenation (Chesworth 1998) and pass
to the small intestine to be absorbed and stored throughout the
body, often as triglycerides in subcutaneous fat. Other PUFAs
of importance are the omega-6 PUFAs which vary significant-
ly across feeding regimes. Grass-fed production had a signif-
icantly lower concentration of omega-6 FA. Concentrate and
grain-fed carcases have previously been shown to have higher
levels of omega-6 PUFA (Enser et al. 1996). The differences
in both omega-3 and omega-6 PUFAs have resulted in a sig-
nificant difference in the omega-6:omega-3 ratio as such long
grain fed had the highest amount with short grain and grass
supplemented not being significantly different and grass-fed
samples exhibiting the lowest ratio, although not significantly
different to the grass supplemented samples.

Samples from short grain and long grain-fed cattle exhib-
ited the highest concentration of SFA, although there was no
significant difference between grass supplemented cattle and
long grain fed. This result is in line with Duckett et al. (2009)
who observed an increase in total SFA when feeding grain to
cattle compared to pasture feeding alone. The total MUFA
concentration was lowest for long grain-fed samples caused
by the significantly lower concentrations of C16:1n-7,
C17:1n-7, C18:1n-7, C18:1n-9 and C20:1n-12. Previous
work by Marmer et al. (1984) indicated grass-fed cattle have
higher levels of omega-3 PUFA and total MUFA than
concentrate-fed animals. This is in contrast to Smith et al.
(2009) who found time on grain feeding increased the total
MUFA due to the high concentrate diets stimulating the activ-
ity of adipose tissue stearoyl-CoA desaturase which is a cru-
cial step in the transition from SFA to desaturated MUFA.

Previous modelling using PCA for FA data reported from
beef fat found great success in identifying grain-fed samples
(Logan et al. 2020). In line with this work, the present research
showed great success in discriminating between grass and
grass supplemented cattle in line with research by Osorio
et al. (2013) which indicated PLS-DA modelling may be able
to assist in the discrimination in production system groups.
The development of a PLS-DA model based on FA data re-
sulted in an accurate model to predict the class based on 54
individual FA, in which grass supplemented cattle showed the
highest accuracy of 100% of the samples predicted correctly
whilst short grain-fed cattle were predicted with the lowest
accuracy of 88%. Previous work by Osorio et al. (2013)
modelled feeding groups by FA composition and yielded an
accuracy rate for pasture fed (91.8%), barley-based concen-
trate (100%), silage followed by pasture (90.8%) and pasture
supplemented with silage and concentrate (91.8%). This work
focused on the impact of exact feeds in place of cattle
representing different production systems. Both this study
and work by Osorio et al. (2013) showcase the ability to use
adipose tissue for correct classification of samples. Examining
the latent variables has identified key FA responsible for the
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separation of classes. The LV 1 is using positive increases in
omega-3 FA such as C18:3n-3 and longer branched PUFAs as
a main source of the discriminatory power, whilst using a
negative relationship with omega-6 PUFA including
C18:2n-6 and C22:4n-6. The FA C18:3n-3 and C18:5n-3 dif-
fer dependending on feeding regime with grass-fed samples
significantly higher than all other categories including grass
supplemented. Literature has consistently identified the key
difference between grass and grain-fed production systems
to be a result of differences in omega-3 FA (Daley et al.
2010; Petri et al. 2014; Scollan et al. 2001) which are com-
monly found within growing pastures (Daley et al. 2010;
Ponnampalam et al. 2006).

Both the PLS-DAmodels developed based on the FA data,
and Raman spectra showcased high classification rates with
small numbers of misclassifications. Currently, paper declara-
tion audits are considered the gold standard for the verification
of beef production systems. The FA composition has been a
way to confirm the product if an issue is raised. This research
has identified the accuracy of the FA composition compared
to the gold standard of actual audit class and found there are
still some misclassifications that occur that may be due to
length of feeding or the truthfulness of a producer’s declara-
tion at the audit. The FA PLS-DA model showed comparable
accuracy results to those seen in the model developed on
Raman spectroscopy. With results indicating this method
may be as good at predicting production system as the FA
composition model, Raman spectroscopy is becoming a more
desirable tool for the objective allocation of carcases to pro-
duction system. Whilst the FA composition analysis takes
weeks to complete, requires expensive reagents and destroys
the sample, the same cannot be said for Raman spectroscopy.
Raman spectroscopy is able to provide a rapid result without
the destruction of the sample; this technology is also already
commercially available as a handheld device, ideal for work-
ing in a processing facility. Overall, Raman spectroscopy is a
promising tool for the authentication of beef carcases.

Conclusion

Developing four class models for classifying production sys-
tems resulted in a model with a high predictive accuracy for
varying production systems with an accuracy of 91–97%.
Reducing the model to a two-class model increases the accu-
racy (97–99%). The differences in spectra are likely caused by
the differences in the FA data as this data can produce similar
splits by class as that observed in the spectral data. The FA
model is also able to produce an accurate prediction of pro-
duction systems of between 88% and 100% of samples iden-
tified. Both methods have identified comparable accuracy
rates indicating Raman is able to identify the production sys-
tem of a beef subcutaneous sample with similar accuracy to

using the FA composition. As a result, Raman spectroscopy is
recommended for use in the identification of the production
system of beef carcases due to its ease of use and ability to be
easily implemented. To establish Raman spectroscopy as a
method of identification of production systems across all of
Australia or other parts of the world, a broader library of
samples is needed, as the feeding systems differ due to geo-
graphical location.
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7.1. Introductory Comments 

The preliminary trials described in Chapter 3 identified the potential to identify clustering 

of samples based on production system, this was developed into a model in Chapter 4 to 

discriminate between the two distinct production systems. The research presented in Chapter 5 

built on this and examined the four production systems, long grain, short grain, grass and grass 

supplemented production systems, with Chapter 6 combining these results and comparing the 

prediction model against the prediction model developed based on fatty acid composition data. 

Raman was able to predict the correct class with an F1 score of 97 % for long grain, 93 % for 

short grain, 91 % for grass and 95 % for grass supplemented. The research indicated the ability 

for Raman to discriminate between southern Australian production systems with a good 

predictive accuracy and when compared against the fatty acid models for 92 % for long grain, 

88 % for short grain, 98 % for grass and 100 % for grass supplemented, the results were 

comparable.  

Chapter 6 also showed the potential to improve accuracy by employing a two-class grain 

vs grass model, similar to that employed in Chapter 4. Predicting production system using 

Raman data in a two-class grain vs grass classification resulted in an overall accuracy of 97 % 

for grain and 99 % for grass. This study did not evaluate a grass vs grain prediction model for 

the fatty acid data, and this could provide more information about the reliability of Raman 

spectroscopy. Thus, further research comparing the fatty acid composition models to Raman 

spectra-based models is required.  

The study outline in this chapter builds on our previous findings and expands the scope 

of the  research to include northern cattle production in combination with southern production 

systems. This chapter aims to characterise the fatty acid composition, determined by gas 

chromatography with a flame ionisation detector (GC-FID), of cattle from eight different 

production systems including northern long term grain fed, northern short term grain fed, 

northern grass fed, northern grass fed with supplementation, southern long term grain fed, 

southern short term grain fed, southern grass fed, and southern grass fed with supplementation. 

Cattle production zones in Australia are vastly different and for industry application this 

technology is required to accurately predict the correct production system class. For this study 

eight chemometric models were produced utilising Partial Least Squares Discriminant Analysis 

(PLS-DA), to compare the accuracy of a model based on Raman data to discriminate between 

the eight production systems, a model utilising fatty acid data to discriminate between the eight 
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production systems. A separate model developed for both northern and southern production 

systems individually, using Raman spectroscopy and fatty acid data. In addition to the research 

in Chapter 6, a grass vs grain model will be developed for the eight production systems, 

northern production and southern production systems utilising both Raman spectroscopy and 

fatty acid data. This will enable a clear comparison of between the accuracy of fatty acid data 

in developing a PLS-DA model, to the models developed utilising Raman spectroscopy. 
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7. 2. Research Paper

Assessing chemometric models developed using Raman spectroscopy and 

fatty acid data for Northern and Southern Production Systems 
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Fowler1,2
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7.2.1. Abstract 

A total of 960 beef carcases from northern and southern Australian production regions 

were assessed by examining the subcutaneous fat. Each production region was investigated by 

analysing four different production systems within each region, by both Raman spectroscopy 

and fatty acid composition to develop models that best predicted various classes based on 

production system. This resulted in twelve Partial Least Square Discriminant Analysis (PLS-

DA) models being developed. A two-class grass vs grain classification model using fatty acid 

composition performed the best with an accuracy of 99%. The best Raman spectroscopic 

models of discrimination were on the northern data set predicting grass vs grain with an 

accuracy of 94 %. For the southern production system the various models had the following 

accuracies: southern long grain (98 %), southern short grain (95 %), southern grass (96 %), and 

southern grass supplemented (97 %), and the southern model which classified  grass vs grain, 

had an accuracy of 97 %). Raman spectroscopy is demonstrated to be a useful rapid method 

for verification of sample authenticity based upon production system. 

Keywords: production system, Raman spectroscopy, PLS-DA, beef cattle 

7.2.2. Introduction

Production systems have been shown to alter the composition of beef meat and fat (Alam, 

Rana, & Akhtaruzzaman, 2017; Alfaia et al., 2009; Noci, French, Monahan, & Moloney, 2007), 

and consumers who are health conscious are preferring grass fed whilst those desiring high 

marbling are purchasing grain fed products, this results in premium prices being placed upon 

products labelled according to production systems (Conner & Oppenheim, 2008). Developing 

a system for the authentication of beef products is needed to ensure the label on beef products 
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matches the origin of the sample and ensures the premium product is received for a premium 

price. Consumers, producers, and processors are seeking to develop rigorous analytical 

techniques to authenticate the production system cattle are finished on. Within Australia there 

are different production systems and different production regions. Typically, Australia is 

divided into two cattle production regions, northern and southern production regions (Figure 

1). The northern production system is identified as cattle produced in North Australia, including 

Queensland, the Northern Territory and parts of Western Australia (only including the area 

north of the tropic of Capricorn). Southern production regions include the remaining area of 

Western Australia, South Australia, New South Wales, Victoria, Tasmania and the Australian 

Capital Territory. Major differences between these regions exist including the predominant 

breed of cattle, climate, rainfall, farm size, stocking capacity and total herd numbers 

(Thompson & Litchfield, 2020).   

Figure 1. Map of Australia, coloured by the beef production regions with state lines and major 

cities identified, sourced from Thompson & Litchfield (2020). 

Cattle breeds are different between production regions with Bos indicus the main type in 

northern production regions and the fast-growing smaller animals of the Bos taurus breeds are 

utilised in southern production regions (Ridoutt, Sanguansri, & Harper, 2011). Bos indicus 
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cattle are very suited to the harsh northern environment due to advantageous heat management 

techniques and ability to reduce protein turnover to perform better on lower quality pastures 

(Holroyd & Fordyce, 2001). Northern production regions are vastly different to southern 

regions as the northern regions are reliant on a monsoon system for rainfall, which occurs 

November to March, and is typically in a dry season from April to October (Martin, 2015), 

with a high temperature observed throughout the year due to this region exhibiting equatorial, 

tropical, subtropical and desert climate classifications (Bureau of Meteorology, 2016). The 

southern production regions are typically characterised by uniform rainfall spread across the 

year, or winter dominant rainfall, which is observed through the desert, grassland and temperate 

climate zones typical of southern production regions (Bureau of Meteorology, 2016). This 

difference in climate has a direct impact on the pasture species grown in each region and affects 

the growth pattern and feed availability. The limits on the growing season of pasture species in 

northern production systems make it difficult to feed animals to market weight in one year, 

resulting in lot feeding or cattle being older when entering the processing chain, which  also 

results in decreased stocking capacity and more extensive farming (Martin, 2015). Southern 

production regions are characterised by improved pastures, allowing higher stocking rates and 

more flexibility for finishing cattle.  

It is hypothesised that due to the different pasture species and breeds of cattle in the 

northern and southern production regions, the fatty acid (FA) composition will be different. 

This study aims to characterise the production systems from across Australia in terms of their 

fatty acid composition and identify the differences caused by the different locations. It is 

suggested production systems will have an impact on the suitability of methods used to 

discriminate between them.  

With differing cattle breeds, variable feeds and pasture quality there is a need to develop 

a tool that can be used for the classification of beef carcases from anywhere across Australia. 

Previous studies have shown the diet can be identified through Raman Spectroscopy and 

through the use of fatty acid composition (Horcada et al., 2017). Recent research has 

highlighted the potential use of Raman spectroscopy for the authentication of beef production 

systems (Logan, Hopkins, Schmidtke, Morris, & Fowler, 2020; Logan, Hopkins, Schmidtke, 

& Fowler, 2021). Raman spectroscopy is a laser-based technology able to provide a chemical 

fingerprint of the sample and detect changes in chemical bonds as a change in intensity at 

different wavelengths (Raman & Krishnan, 1928). Whilst this method shows potential, there is 

a need to develop chemometric models, based on Raman spectroscopy, that can predict the 
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carcass origin from any production system regardless of location. Consequently, this research 

aims to determine the most reliable and accurate model for the prediction of beef production 

system, for use in Australia.   

7.2.3. Materials and Methods 

7.2.3.1. Samples 

A total of 960 carcases were sampled, at 24 h postmortem from commercial abattoirs 

across Australia. The carcases represented eight different production systems resulting in 115 

carcases from each category including northern long-term grain-fed, northern short-term grain-

fed, northern grass, northern grass supplemented, southern long-term grain-fed, southern short-

term grain-fed, southern grass and southern grass supplemented. Northern production regions 

included cattle sourced from Queensland, Australia, and southern production regions included 

cattle sourced from Victoria and New South Wales, Australia.  

Northern long-term grain carcases were fed for a minimum of 100 days in a feedlot with 

a sorghum-based ration. Northern short grain carcases were fed in a feedlot for a minimum of 

70 days before processing, on a sorghum-based diet. Northern grass-fed cattle were extensively 

grazed on northern pastures including Bambatsi, Buffel grass, Leucaena, Mitchell grass, 

Serradella and Subterranean clover. Northern grass supplemented cattle included cattle grazed 

on similar pastures to the northern grass-fed cattle, but also provided with an additional 

commercially available pulse pellets, palm kernel expeller pellets, palm kernel expeller pellets 

with grape marc and soy hull pellets. Southern long term (100 days) grain fed carcases were 

fed in a feedlot on a commercially available mixed feed of barley or wheat (70 %). Southern 

short-term grain feeding was fed a similar diet to the long grain but for a minimum of 70 days. 

Southern grass-fed cattle were raised on Victorian pastures consisting of clovers, chicory, oat 

grains, cocksfoot, fescue, phalaris and rye grasses. Southern grass supplemented cattle were 

finished on similar pasture species and the southern grass-fed cattle but were fed an additional 

supplement of commercially available pulse pellets. The diets of the cattle were verified with 

producers by direct communication and processors paper-based audits.  

All carcases were sampled at 24 hours post-mortem to allow for the fat to chill and 

solidify. Spectral measurements were obtained by scanning the subcutaneous fat over the point 

end brisket on a halved beef carcase. After spectral data was collected, a 30 g sample of the 

subcutaneous fat was excised for further analysis. 
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7.2.3.2. Raman Spectroscopy 

The subcutaneous fat was scanned using a Raman Spectroscopy 785 Mira hand-held 

device (Metrohm®) equipped with a 785 ± 0.5 nm laser, 8- 10 cm-1 spectral resolution and the 

universal attachment tip, using the inbuilt orbital raster scanning. All samples were scanned in 

triplicate, to account for sample heterogeneity, and using an integration time of 3 s and 5 

accumulations resulting in each scan taking 15 s, as described  by Logan, Hopkins, Schmidtke, 

& Fowler (2019).  

7.2.3.3. Reference Measurements

All subcutaneous fat samples were freeze dried for a week and homogenised using a Foss 

KnifeTech® grinder for 15 s before fatty acid analysis. The fatty acid analysis was performed 

as per the method outlined by Logan et al. (2020) which was developed by Folch, Lees, & 

Sloane Stanley (1957) with amendments by Lepage & Roy (1986). In short, a one-step 

extraction based on the method of Lepage & Roy (1986) was utilised by extracting the fatty 

acids by using 10mL of chloroform/methanol mixture (2:1 v/v) and evaporated utilising 

nitrogen gas. The mixture was methylated using 2 mL of methanol/toluene mixture (4:1 v/v) 

containing C19:0 (4 µg/mL) and C13:0 (4 µg/mL) as internal standards, and 200 μL of acetyl 

chloride and 5 mL of a 6 % potassium carbonate solution.  

Once extracted and methylated, fatty acids were identified using an SGE BPX70 analytical 

column attached to the Agilent 6890N gas chromatograph  with a flame ionisation detector 

(GC-FID). The analytical column was fused carbon-silica column, coated with cyanopropyl 

phenyl (BPX70, 30 m × 0.25 mm i.d. and 0.25 µm film thickness, SGE Analytical Science, 

Victoria, AUS). Helium was used as the carrier gas, with a total flow rate of 12.4 mL per min, 

a split ratio of 10:1, and a column flow of 0.9 mL per min. The inlet pressure was 107.8 kPa, 

its temperature was 250 °C, and injection volume was 3.0 µL into a focused inlet liner (4 mm 

i.d., no. 092002, SGE Analytical Science, Victoria, AUS). Sample peaks were identified by

comparing their retention times with those of the internal standard C19:0 and quantified using

Agilent Chemistation (Version B.01.03). The peaks for some branched-chain FA were

identified by comparison to previously published data (Or-Rashid, Fisher, Karrow, Al Zahal,

& McBride, 2010).
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7.2.3.4. Statistical Analysis 

7.2.3.4.1. Spectral Data 

Spectral data was examined and reduced to include spectral data between the wavelength 

range of 600-2000 cm-1, to remove background noise signals. For the purpose of representing 

the brisket heterogeneity the triplicate scans were averaged to produce a single spectrum for 

each carcase for further analysis. Assessment of different pre-processing techniques were 

explored (data not shown) and as a result standard normal variate (SNV) and mean centering 

(MC) were chosen as ideal pre-processing techniques and were utilised on the data before 

further data analysis. 

Principal Components Analysis was used for exploratory data analysis. The analysis of 

eigenvalues and the percentage of explained variance was utilised to assess the optimum 

number of principal components (PC). The plot of all samples was produced for assessment of 

sample groupings with different production systems highlighted, to observe any separation.  

Following exploratory data analysis, prediction models were assessed for sample 

discrimination, utilising Partial Least Squares Discriminant Analysis (PLS-DA). The data was 

split into calibration and test data set using the Kennard Stone approach that maintained equal 

sample group proportions (Kennard & Stone, 1969) with a 75:25 split of data with the split 

shown in Table 1. This data split was utilised for all PLS-DA models presented in this study. 

The number of latent variables (LV) were assessed and chosen by investigating the eigenvalues 

and minima of root mean square errors for the calibration, cross validation and prediction for 

the number of LVs. Model testing involved the cross validation of the calibration data set using 

random subsets with 10 data splits and 5 iterations. Permutation was also performed on all 

models to assess the reliability of the models, as such the data was permuted 1000 x. The 

models were assessed in terms of producing an empirical p-value and this was then used in 

combination with the Q2, area under the receiver operator curve (AUROC), and number of 

misclassifications, to determine the predictive accuracy of the true model against the permuted 

data. Specificity, sensitivity, accuracy, number of misclassifications and predictive class errors 

were produced from the test data set. A plot the areas of interest was conducted by assessment 

of the variable importance in projection (VIP) scores (Farrés, Platikanov, Tsakovski, & Tauler, 

2015). 
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Table 1. Samples assigned to calibration and independent test data sets 

Feed Type Calibration set Test set Total 

Northern long grain (Grain) 86 29 115 
Northern short grain (Grain) 86 29 115 
Northern grass (Grass) 87 28 115 
Northern grass supplemented (Grass) 86 29 115 
Southern long grain (Grain) 86 29 115 
Southern short grain (Grain) 86 29 115 
Southern grass (Grass) 87 28 115 
Southern grass supplemented (Grass) 86 29 115 

A variety of PLS-DA models were developed to assess the best option to classify the beef 

carcases according to a class of origin . These models included an eight class model that 

classified the eight different production systems (F), a four class model that was developed for 

the production systems in the northern production zone (NF), a four class model developed for 

the production systems in the southern production zone (SF), a two class model developed by 

combining the long and short term grain fed samples into one category named grain fed, and 

the grass and grass supplemented cattle classified as grass fed, regardless of production region 

location (G), a two class model for the combined grass and grain data from the northern 

production region (GN) and a two class model for the combined grass and grain data from the 

southern production region (GS). The models were compared using the precision, recall and 

F1 scores developed for each model.  

All chemometric analysis was performed using the PLS_toolbox version 8.9.1 (Wise, 

Gallagher, Bro, Shaver, Windig, & Koch, 2007) on Matlab software  version 

9.6.0.1174912(R2019a) Update 5 (Mathworks INC., 2019).  

7.2.3.4.2. Fatty Acid Data 

The FA data for the eight production systems was evaluated using linear models which 

produced for each fatty acid, the predicted means, standard errors and the least significant 

difference between the means (LSM) set at the critical value of P = 0.05. The fixed effect of 

cattle feed type was utilised with the day of measurement utilised as a random effect to account 

for any batch effects. The FA data was analysed using R core Software using the ‘emmeans’ 

and ‘stats’ package (Lenth, Love, & Herve, 2017; R Core Team, 2019). 

Pre-processing of the FA data was explored (data not shown) with MC and variance 
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scaling (standardised) (Grootveld, 2012) chosen for use in PCA and PLS-DA analysis. 

Exploratory data analysis was performed on the FA data utilising PCA. The eight production 

systems were used as classes for assessment in the PCA and the sample groupings were 

assessed by analysing the samples projected on the principal components plots.  

The FA data was then assessed using predictive modelling in the form of PLS-DA. The 

split of samples shown in Table 1.was utilised for the FA data, with the same samples assigned 

to the calibration or test data set as those in the spectral analysis. The assessment of LV, cross 

validation and permutation testing was the same as described above previously in section 2.4.1.. 

The FA data was assessed using  a variety of models developed using the same split of data as 

the spectral data, as such an eight class model that classified the eight different production 

systems (FF), a four class model that was developed for the production systems in the northern 

production zone (FNF), a four class model developed for the production systems in the southern 

production zone (FSF), a two class model developed by combining the long and short term 

grain fed samples into one category named grain fed, and the grass and grass supplemented 

cattle classified as grass fed, regardless of production region location (FG), a two class model 

for the combined grass and grain data from the northern production region (FGN) and a two 

class model for the combined grass and grain data from the southern production region (FGS). 

Each model was assessed for specificity, sensitivity, prediction error, misclassifications, 

precision, recall and F1 score.  

7.2.4. Results 

7.2.4.1. Raman Spectroscopy 

The PCA developed using all eight production systems with 4 PCs struggled to group the 

samples by production group, although a portion of northern grass-fed samples were visually 

separated in PC 1 and PC 2, as shown in Figure 2. The loadings for PC 1 (67 %) and PC 2 (10 

%) also show the regions responsible for this difference including peaks at 1060 cm-1, 1100 

cm-1, 1130 cm-1, 1296 cm-1, and 1440 cm-1 in PC 1. In PC 2 the peaks identified include a

shoulder between 880-910 cm-1, 1130 cm-1, 1440 cm-1 and 1657 cm-1.|
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Figure 2. A Principal Components Analysis (PCA) model developed using Raman spectral 

data collected from carcases of different production systems showing the loadings for PC1 (a) 

and PC 2 (b) and a score plot (c) of all the data.

The six PLS-DA models performed as indicated in Tables 2, 4, 6 and 8, with the 

calculations of class predictions represented in Tables 3, 5, 7 and 9. The models identified as 

the best performing were further investigated and the spectral information for these models is 

presented in Figures 3, 4, 5, 6, 7, 8, 9 and 10. 

Model F showcased a sensitivity of between 0.690 for north long grain and 0.966 for 

north grass supplemented whilst the specificity for this model ranged between 0.821 for north 

long grain and 0.935 for north grass supplemented cattle, the error of prediction was calculated 
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with the highest error, again, being seen in north long grain and the lowest error observed in 

the north grass supplemented class (Table 2). The model was able to predict the correct class 

utilising the test data set with an accuracy of 57 % for north long grain, 71 % for north short 

grain, 74 % for north grass, 85 % for north grass supplemented, 87 % for south long grain, 86 

% for south short grain, 73 % for south grass and 77 % for south grass supplemented (Table 

3). 

Table 2. Model Statistics for model F (%), developed from a Partial Least Square Discriminant 
Analysis with 8 Latent Variables  sing Raman spectra of the subcutaneous fat from beef 
carcases sourced from eight production systems in Australia. 

North 

long 

grain 

North 

short 

grain 

North 

grass 

North 

grass 

sup 

South 

long 

grain 

South 

short 

grain 

South 

grass 

South 

grass 

sup 

Sensitivity 
(Cal):  

84.9 86.0 73.6 94.2 89.5 93.0 86.2 89.5 

Specificity 
(Cal):  

86.4 86.3 89.2 93.9 90.9 92.4 86.2 89.9 

Sensitivity 
(CV):  

77.7 79.8 69.2 92.8 88.4 87.7 80.0 86.5 

Specificity 
(CV):  

85.5 85.6 89.2 93.1 90.5 91.5 85.2 88.7 

Sensitivity 
(Test): 

69.0 93.1 75.0 96.6 93.1 89.7 82.1 93.1 

Specificity 
(Test): 

82.1 83.1 89.1 93.5 90.0 92.0 84.2 89.1 

Class. Err 
(Cal): 

14.3 13.9 18.6 6.0 9.8 7.3 13.8 10.3 

Class. Err 
(CV): 

24.5 11.9 20.8 7.1 10.6 10.4 17.4 12.4 

Class. Err 
(Test): 

24.5 11.9 18.0 5.0 8.4 9.2 16.9 8.9 

Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 
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Table 3. Test datasets ability to be predicted against the calibration data set for Model F using 
Raman spectra of beef subcutaneous fat from Australian beef production systems. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall 

(%) 

Precision 

(%) 

F1 score 

(%) 

North long 
grain 

52 4 96 48 29 52 93 57 

North short 
grain 

83 7 93 17 29 83 92 71 

North grass 64 1 99 36 28 64 99 74 

North grass 
supplemented 

90 3 97 10 29 90 97 85 

South long 
grain 

83 1 99 17 29 83 99 87 

South short 
grain 

86 2 98 14 29 86 98 86 

South grass 71 4 97 29 28 71 95 73 

South grass 
supplemented 

83 5 96 17 29 83 94 77 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test sample 

The NF four class model developed on the northern dataset utilised five LV and resulted 

in a sensitivity range of 75.0 for northern grass, to 96.6 for northern grass supplemented, whilst 

the specificity ranged from 83.7 for northern long grain and 91.9 for northern grass 

supplemented (Table 4). The error for the prediction of class ranged between 5.8 for grass 

supplemented with  the highest error observed in the northern long grain class at 24.5. The 

accuracy of this was determined using the test data set and for this model the northern long 

grain class was 59 % accurate, with improved accuracy observed for northern short grain (77 

%), northern grass (80 %) and northern grass supplemented (92 %; Table 5). 
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Table 4. Model Statistics from model NF (%) utilising a Partial Least Square Discriminant 
Analysis with 5 Latent Variables developed from the Raman Spectra of the subcutaneous fat 
from beef carcases sourced from four production systems from northern production region.  
 

 North long 

grain 

North short grain North grass North grass 

supplemented 

Sensitivity (Cal):   82.6 79.1 81.6 95.3 
Specificity (Cal):   86.1 87.3 91.9 96.5 
Sensitivity (CV):   80.7 73.5 80.7 92.6 
Specificity (CV):   85.3 86.4 90.9 95.4 
Sensitivity (Test):   75.9 86.2 75.0 96.6 
Specificity (Test): 83.7 88.4 87.4 91.9 
Class. Err (Cal): 15.7 16.8 13.2 4.1 
Class. Err (CV): 17.0 20.1 14.2 6.0 
Class. Err (Test): 20.2 12.7 18.8 5.8 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 

 

Table 5. Test datasets ability to be predicted against the calibration data set for model NF using 
Raman spectra of beef subcutaneous fat from northern production region. 
 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall  

(%) 

Precision 

(%) 

F1 score 

(%) 

North long 
grain 

55 10 90 45 29 55 85 59 

North short 
grain 

79 9 91 21 29 79 90 77 

North grass 79 5 94 21 28 79 94 80 

North grass 
supplemented 

97 5 95 4 29 96 95 92 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test sample 

 

Model SF was developed based on the southern data using eight LV’s and the error for 

the prediction of these classes ranged between 11.6 to 1.2 for the southern short grain and 

southern long grain respectively (Table 6). The sensitivity of this model ranged between 100.0 

for south long grain to a low of 86.2 in south short grain, whilst the specificity ranged in a 

similar way with the highest specificity observed in south long grain (97.7) and the lowest 

observed in south short grain (90.7). The model showed the highest accuracy in predicting 

southern long grain (98 %), southern grass supplemented (97 %), southern grass (96 %) and 

the lowest accuracy (95 %) observed in southern short grain (Table 7).   
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Table 6. Model Statistics from model SF  (%) utilising a Partial Least Square Discriminant 
Analysis with 8 Latent Variables developed from the Raman Spectra of the subcutaneous fat 
from beef carcases sourced from four production systems from the southern production region. 

South long 

grain 

South short 

grain 

South grass South grass 

supplemented 

Sensitivity (Cal):  98.8 98.8 94.3 96.5 
Specificity (Cal):  98.5 94.6 93.0 98.5 
Sensitivity (CV):  97.7 87.4 90.8 92.6 
Specificity (CV):  97.4 91.7 90.0 95.7 
Sensitivity (Test):  100.0 86.2 96.4 98.5 
Specificity (Test): 97.7 90.7 90.8 95.3 
Class. Err (Cal): 1.4 3.3 6.4 2.6 
Class. Err (CV): 2.5 10.4 9.6 5.9 
Class. Err (Test): 1.2 11.6 6.4 2.3 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 

Table 7. Test datasets ability to be predicted against the calibration data set for the SF model 
developed on beef carcases from southern production systems. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall 

(%) 

Precision 

(%) 

F1 score 

(%) 

South long 
grain 

100 1 99 0 29 100 99 98 

South short 
grain 

90 0 100 10 29 90 100 95 

South grass 96 1 99 4 28 96 99 96 

South grass 
supplemented 

100 2 98 0 29 100 98 97 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test samples. 

The F model developed on all samples from across northern and southern production 

systems resulted in a lower accuracy than the NF (northern production systems) and SF 

(southern production systems) for all classes except north grass which had an accuracy of 84 

%  for the F model, but only an 80 % for the NF model. As such the spectral information for 

models NF and SF were explored in this paper.  

This spectral wavelength information is summarised in Table 8 with a chemical 

assignment of the wavelengths. The NF model developed based on northern production 

samples shows that the discrimination of north long grain samples is due to differences in 

spectral features at wavelengths 886-898 cm-1, 903-922 cm-1, 1056-1065 cm-1, 1069-1088 cm-
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1, 1289-1326 cm-1, 1417 cm-1, 1424-1475 cm-1 and 1643-1666 cm-1 (Figure 3). North short 

grain cattle showed the key regions responsible for the discrimination of this class lay between 

the wavelengths 880-942 cm-1, 946-951 cm-1, 957 cm-1, 962-966 cm-1, 970-985 cm-1, 992-1004 

cm-1, 1017-1030 cm-1, 1035 cm-1, 1041 cm-1, 1060-1090 cm-1, 1095-1117 cm-1, 1125- 1210 cm-

1, 1260-1277 cm-1, 1296-1300 cm-1, 1304-1333 cm-1, 1426-1443 cm-1, 1449 cm-1, 1645-1665

cm-1 (Figure 3). North grass cattle were identified in model NF by spectral features at 880-930

cm-1, 1060-1090 cm-1, 1095-1110 cm-1, 1130-1215 cm-1, 1290-1327 cm-1, 1425-1472 cm-1 and

1646-1662 cm-1. Northern grass supplemented cattle were identified by peaks and shoulders

between 885- 970 cm-1, 1160 cm-1, 1070-1090 cm-1, 1100-1110 cm-1, 1130-1140 cm-1, 1295-

1300 cm-1, 1305-1330 cm-1, 1425-1440 cm-1, 1450 cm-1, 1465 cm-1 and 1643-1665 cm-1 (Figure

3). The NF model also provided information on key peaks through the production of loadings

(Figure 4).
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Table 8. Raman spectra wavelengths and their associated chemical structures utilised by 

each model for discriminating between production system. 
Wavelength 

(cm-1) 

Chemical structure NF SF GN GS 

839-848 C-O-C skeletal mode X X 
852-870 Stretch C-C, Bend C-CH X X 
871-879 Stretch C-C, C-O-C ring X X 
880-910 Rocking CH2, C-C skeletal X X 
916-942 Stretch C-C, X X X X 
946-951 Stretch C-C X X 
957 Phosphate group X 
962-966 Bend CH2 X 
970-985 Stretch C-C wag, =C-H bend X X X 
992-1004 Stretch C-C, C-O, C-C X X X 
1017-1030 Stretch C-O, stretch C-C X X 
1035 Stretch C-O, stretch C-C, CH2 bend, CH3 bend X X 
1041 CH in plane bend X X 
1050-1059 C-O stretch, C-N stretch X X X 
1060-1094 Stretch C-C, C-C in plane bend, C-C skeletal, stretch C-O, stretch 

C-C trans,
X X X X 

1095-1117 Stretch C-N, stretch C-C, CH2 bend in plane X X X 
1120-1139 C-O, stretch C-C, stretch C-O-C, stretch C-C trans, X X X X 
1140-1215 Stretch C-N, stretch C-C, conjugated C=C, in plane vibration =C-

C=, CH, bend CH 
X X 

1247 CH2 wag X 
1254-1259 C-N in plane stretch, X X 
1260-1277 =C-H bend, stretch C-N, =C-H stretch, CH rocking, C=C X X X 
1278-1281 Stretch C-O-C X 
1285 C-O trans X X 
1296-1300 CH2 deformation, CH2 in plane twist, CH2 bend, CH2 wag X X X X 
1304-1333 CH3 twist, CH2 twist, CH3 wag, CH2 wag, CH3 bend, CH2 bend X X X X 
1349 CH2, CH3, DNA residue X 
1354-1358 CH3, DNA residue X 
1400 NH in pane deformation, C=O stretch, CH2 deformation X 
1417 C=C stretch X X X 
1418-1424 CH2 scissoring X X 
1426-1443 CH2 scissoring, CH2 bend, CH2 deformation,  X X X X 
1449 C-H vibration X X 
1450-1475 CH2 bending, CH2 deformation, CH deformation, C-H bend, CH3

deformation, C=N stretch, CH2 wag
X X X X 

1628-1631 Cα=Cα stretch, C=O stretch X 
1636 C=O vibration  X 
1643-1666 C=C stretch, C=O carbonyl stretch, stretch C=C cis X X X X 
1667-1680 C=C stretch, C=O carbonyl stretch, C=C stretch trans X  X 
1687 COOH/COO X 
1730-1741 C=O stretch X  X 
1756-1761 C=O stretch X 
1764-1770 C=O stretch X 
Abbreviations: NF, northern production systems; SF, southern production systems; GN, northern grain vs 

grass; GS, southern grain vs grass. 

147



 

Figure 3.  Mean Spectra overlaid with the Variable Importance in Projection (> 1) calculated 

from Partial Least Square Discriminant Analysis (PLS-DA) model NF and SF. 
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Figure 4. Loadings of the first four Latent Variables (LV) from model NF, a Partial Least 

Square Discriminant Analysis (PLS-DA) of Raman spectra from the subcutaneous fat of cattle 

from northern production systems.  

The SF model was able to discriminate between production systems through areas of 

importance identified using VIP scores, for south long grain carcases the areas of interest 

include wavelengths 856-870 cm-1, 871-877 cm-1, 917-932 cm-1, 1056-1071 cm-1, 1074-1091 

cm-1, 1056-1070 cm-1, 1075-1092 cm-1, 1125-1139 cm-1, 1247 cm-1, 1254-1281 cm-1, 1285 cm-

1, 1287-1301 cm-1, 1305- 1330 cm-1, 1412-1424 cm-1, 1426-1480 cm-1, 1636 cm-1, 1641-1680

cm-1, 1687 cm-1 and 1733-1738 cm-1 (Figure 3). The south grain short samples were

discriminated by the spectral features at 852-868 cm-1, 871-879 cm-1, 884-886 cm-1, 888-890

cm-1, 892 cm-1, 916-933 cm-1, 979-982 cm-1, 997-999 cm-1, 1005-1007 cm-1, 1021-1024 cm-1,

1040-1044 cm-1, 1047-1073 cm-1, 1075-1086 cm-1, 1097-1101 cm-1, 1104 cm-1, 1120-1136 cm-

1, 1281 cm-1, 1284-1317 cm-1, 1349 cm-1, 1400 cm-1, 1411-1479 cm-1, 1492-1494 cm-1, 1628-

1631 cm-1, 1643-1681 cm-1, 1730-1741 cm-1, 1756-1760 cm-1 and 1764-1766 cm-1. The south

grass highlighted important spectral features including 839-842 cm-1, 844-846 cm-1, 848-880

cm-1, 884- 889 cm-1, 920-932 cm-1, 997-1000 cm-1, 1007 cm-1, 1021-1024 cm-1, 1032-1037 cm-

1, 1041-1092 cm-1, 1098-1114 cm-1, 1120-1137 cm-1, 1169-1171 cm-1, 1061-1064 cm-1, 1284-

1324 cm-1, 1427-1276 cm-1, 1478 cm-1, 1491-1495 cm-1, 1530-1535 cm-1, 1630-1632 cm-1,
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1641-1687 cm-1, 1728-1738 cm-1, 1754-1761 cm-1 and 1763-1768 cm-1. The grass 

supplemented class was identified to be different in wavelength regions of 918-923 cm-1, 1057-

1112 cm-1, 1125-1136 cm-1, 1285-1325 cm-1, 1414-1419 cm-1, 1426-1476 cm-1, 1636-1639 cm-

1, 1641-1683 cm-1, 1728-1744 cm-1, 1754-1761 cm-1 and 1764-1770 cm-1 (Figure 3). The 

loadings produced from the SF model have identified the peaks contributing to the 

discrimination and are shown in Figure 5.  

Figure 5. Loadings of the first four Latent Variables (LV) from model SF, a Partial Least 

Square Discriminant Analysis (PLS-DA) of Raman spectra from the subcutaneous fat of cattle 

from southern production systems. 

The G model showed a sensitivity of 87.9 and 95.6 for grain and grass respectively with 

the inverse shown in the specificity, with the error for the prediction of class at 8.2 (Table 9). 

Model GN showcased a sensitivity for grain of 93.1 and 94.7 for grass, with the specificity 

showing the inverse of 94.7 for grain and 93.1 for grass, with an overall class error, lower than 

the G model, of 6.1. The model GS developed on southern data performed the best with a 
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sensitivity of 96.6 for grain and 98.2 for grass, specificity of 94.7 and 93.1 for grain and grass 

respectively, the overall class error for the prediction was the lowest of the two class models 

with an error of 2.6 (Table 9). Grass vs grain class two class models G, GN and GS showed 

promising results, although the production region specific models (GN, GS) performed better 

than the model using all the data combined (G), with the G model able to predict the correct 

class of grass or gain with a 92 % accuracy, whilst model GN was able to predict with an 

accuracy of 94 % and GS was able to predict with a 97 % accuracy (Table 10).  

Table 9. Model Statistics (%) from three models developed utilising a Partial Least Square 
Discriminant Analysis developed from the Raman Spectra of the subcutaneous fat from beef 
carcases sourced from grain and grass-based production systems. 

Model G 

(6 LV) 

Model GN 

(4 LV) 

Model GS 

(6 LV) 

Grain Grass Grain Grass Grain Grass 

Sensitivity (Cal):  92.4 95.4 93.6 96.5 100.0 98.3 
Specificity (Cal):  95.4 92.4 96.5 93.6 98.3 100.0 
Sensitivity (CV):  90.2 93.6 90.9 95.3 95.7 97.6 
Specificity (CV):  95.6 87.9 95.3 90.9 97.6 95.7 
Sensitivity (Test):  87.9 95.6 93.1 94.7 96.6 98.2 
Specificity (Test): 95.6 87.9 94.7 93.1 98.2 96.6 
Class. Err (Cal): 6.1 6.1 4.9 4.9 0.9 0.9 
Class. Err (CV): 8.1 8.1 6.9 6.9 3.4 3.4 
Class. Err (Test): 8.2 8.2 6.1 6.1 2.6 2.6 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 

Table 10. Test datasets ability to be predicted against the calibration data set for three model 
developed on Australian beef carcases from grain and grass production systems. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall 

(%) 

Precision 

(%) 

F1 score 

(%) 

Model G 
Grain 88 4 96 12 116 88 96 92 

Grass 96 12 88 4 114 96 88 92 

Model GN 
Grain 93 5 95 7 58 93 95 94 

Grass 95 7 93 5 57 95 93 94 

Model GS 
Grain 97 2 98 3 58 97 98 97 

Grass 98 3 97 2 57 98 97 97 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false negative 

rate; N, number of test samples.
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As the individual models for each production region showed better results the spectral 

information for models GN and GS are reported. The VIP plots for GN model highlight regions 

of interest utilised in the discrimination between class, in particular for the grain class the 

spectral feature of 889-888 cm-1, 903-916 cm-1, 923-930 cm-1, 948-950 cm-1, 981-985 cm-1, 

991-996 cm-1, 1034-1043 cm-1, 1061-1068 cm-1, 1075-1091 cm-1, 1104-1109 cm-1, 1126-1169

cm-1, 1175-1181 cm-1, 1188-1193 cm-1, 1254-1278 cm-1, 1290-1317 cm-1, 1354-1358 cm-1,

1425-1474 cm-1 and 1644-1665 cm-1, are identified (Figure 6). The grass class VIP plot

identified peaks at 889-898 cm-1, 903-916 cm-1, 923-930 cm-1, 948-950 cm-1, 981-985 cm-1,

991-996 cm-1, 1034-1043 cm-1, 1061-1068 cm-1, 1075-1091 cm-1, 1104-1109 cm-1, 1126-1169

cm-1, 1175-1181 cm-1, 1188-1193 cm-1, 1254-1278 cm-1, 1290-1317 cm-1, 1354-1358 cm-1,

1425-1475 cm-1, 1645-1665 cm-1 (Figure 6). The loadings identified in model GN were

developed from a two-class model with 4 LV (Figure 7).

Figure 6.  Mean Spectra overlaid with the Variable Importance in Projection (> 1) calculated 

from Partial Least Square Discriminant Analysis (PLS-DA) model GN(northern and GS 

(southern). 
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Figure 7. Loadings of the first four Latent Variables (LV) from two class model GN, a Partial 

Least Square Discriminant Analysis (PLS-DA) of Raman spectra from the subcutaneous fat of 

cattle from northern production systems. 

The GS model predicting the class of grain and grass fed production systems utilising 

southern production systems was assessed using VIP plotted over the mean spectra to identify 

regions of interest, and for the grain fed class this includes 842- 876 cm-1, 922 cm-1, 1052-1068 

cm-1, 1078-1091 cm-1, 1104-1110 cm-1, 1116-1138 cm-1, 1260-1272 cm-1, 1284-1327 cm-1,

1413-1419 cm-1, 1422-1481 cm-1, 1641-1683 cm-1 and 1736-1743 cm-1 (Figure 6). The grass

fed class VIP plot identifies 842-876 cm-1, 922 cm-1, 1052-1068 cm-1, 1078-1091 cm-1, 1104-

1110 cm-1, 1116-1138 cm-1, 1260-1272 cm-1, 1284-1327 cm-1, 1413-1419 cm-1, 1422-1481 cm-

1, 1641-1683 cm-1 and 1736-1743 cm-1 (Figure 6). The loadings extracted from the GS model

identify key peaks each variable is using for the prediction, with this model utilising six LV

(Figure 8).
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Figure 8. Loadings of the first four Latent Variables (LV) from two class model GS, a Partial 

Least Square Discriminant Analysis (PLS-DA) of Raman spectra from the subcutaneous fat of 

cattle from southern production systems. 

 

7.2.4.2. Fatty Acid Composition 

The total saturated fatty acids (SFA) differed significantly between production systems 

with the highest values recorded for northern long grain, northern grass, southern long grain 

and southern short grain.  The lowest value was seen in northern grass supplemented, with 

northern short grain, southern grass and southern grass supplemented not significantly different 

from either the highest or lowest concentration of SFA (Table 11). These differences are mainly 

due to the variation in concentrations of C17:0 and C18:0 which also follow the trend. Total 

monounsaturated fatty acids (MUFA) only differed significantly with northern grass 

supplemented, which exhibited a lower concentration of MUFA, although southern long grain 

was not significantly different to any of the production systems. Changes in total MUFA are 

accredited to lower concentrations of C17:1n-7, C18:1n-7, C18:1n-7t, C18:1n-9, C18:1n-9t 

and C20:1n-9 observed for the northern grass supplemented samples. Total polyunsaturated 
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fatty acids (PUFA) differed only with northern grass supplemented cattle exhibiting a 

significantly lower concentration of total PUFA than the other classes except for northern short 

grain fed samples, largely due to the differences in C18:3n-3. The omega-6 to omega-3 ratio 

was significantly lower for the grass fed and grass supplemented cattle due to the differences 

in omega-6 totals. 
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Table 11. Least square means (LSM) and standard errors (s.e.) of the subcutaneous fatty acid (FA) composition from carcases of various production systems. 

  

Fatty acid 
North Long 

Grain 

North Short 

Grain 
North Grass 

North Grass 

Supplemented 

South Long 

Grain 

South Short 

Grain 
South Grass 

South Grass 

Supplemented 

 LSM s.e. LSM s.e. LSM s.e. LSM s.e. LSM s.e. LSM s.e. LSM s.e. LSM s.e. 

SFA 

(mg/100g) 

C10:0 375.9c 33.0 333.3abc 40.3 365.6c 33.0 190.2ab 33.0 170.0a 33.0 378.5c 28.7 374.0c 33.0 338.5bc 32.9 
C12.0 66.2a 17.8 56.4a 21.6 69.3a 17.7 230.9b 17.8 56.2a 17.7 56.6a 15.6 88.9a 17.8 119.7a 17.6 
C14:0 2282.7a 132.5 2110.6a 162.8 2261.1a 135.1 3153.9b 136.6 2116.7a 135 2102.6a 121.2 2208.4a 135.4 2631.4ab 132.5 
iso-C15:0 70.8a 9.5 75.3a 11.3 283.4c 9.5 202.2b 9.6 71.4a 9.5 85.9a 8.6 169.1b 9.5 100.2a 9.2 
anteiso-C15:0 85.3a 9.3 93.8a 11.2 217.5c 9.3 194.0bc 9.4 79.6a 9.3 100.2a 8.4 160.2b 9.3 109.9a 9.1 
C15:0  374.0 12.8 386.5 14.9 367.9 12.7 399.1 13 383.5 12.7 361.1 11.9 365.0 12.8 353.9 12.1 
C16:0 15902.1 419.7 15697.1 501.8 16089.1 418.5 15979.8 424.5 15425.2 418.5 15713.0 378.9 15134.6 419.7 15628.3 408.2 
iso-C17:0  70.8a 9.5 75.3a 11.3 283.4c 9.5 202.2b 9.6 71.4a 9.5 85.9a 8.6 169.1b 9.5 100.2a 9.2 
anteiso-C17:0 418.9a 26.0 433.9a 31.3 732.0b 25.9 615.2b 26.2 378.5a 25.9 440.3a 23.2 606.2b 26.0 479.5a 25.5 
C17:0  1001.6bc 29.8 947.3b 34.5 684.0a 29.6 655.3a 30.5 1126.6c 29.6 930.2b 27.9 608.7a 29.8 625.4a 27.9 
C18:0  7538.9b 340.4 6344.5ab 405.7 7374.0b 339.3 6606.7ab 344.7 7892.5b 339.3 7885.1b 308.5 5660.4a 340.4 5271.6a 329.9 
C20:0  57.3bc 3.7 42.5abc 4.4 90.6d 3.7 62.2c 3.7 50.8abc 3.7 50.3abc 3.3 42.3ab 3.7 34.9a 3.6 
C21:0  12.7a 1.0 26.5de 1.2 27.5e 1.0 19.3b 1.1 11.5a 1.0 24.8cde 1.0 22.4bcd 1.0 20.4bc 1.0 
C22:0   5.8ab 0.5 4.9a 0.5 15.7d 0.5 11.0c 0.5 5.7a 0.4 6.2ab 0.4 8.1b 0.5 5.6a 0.4 
C23:0  3.4a 0.4 2.8a 0.5 12.2c 0.4 5.9b 0.4 3.2a 0.4 4.0a 0.4 6.6b 0.4 3.6a 0.4 
C24:0  5.3ab 0.4 3.6a 0.5 11.9c 0.4 7.2b 0.4 5.0a 0.4 4.0a 0.4 5.4ab 0.4 3.8a 0.4 

MUFA 

(mg/100g) 

C14:1n-5  719.1ab 87.8 843.0ab 105.6 1027.8bc 87.6 1427.6c 88.6 573.5a 87.6 712.6ab 78.5 1327.2c 87.8 1405.5c 85.9 
C15:1n-5  4.1ab 2.9 17.8bcd 3.2 1.1a 2.9 27.7d 3.0 15.2bcd 2.9 15.2abc 2.8 12.4abc 2.9 17.9cd 2.6 
C16:1n-7  2991.4a 200.6 3541.9ab 240.6 4197.0bc 200.1 4429.4bc 202.6 2484.1a 200.1 3064.3a 180.2 4722.7c 200.6 4521.1bc 195.8 
C16:1n-7t  38.7 5.8 45.1 7.0 44.4 5.8 54.3 5.8 48.4 5.8 52.2 5.1 48.2 5.8 39.3 5.7 
C17:1n-7  96.0a 6.9 111.7ab 6.9 181.7c 6.9 107.1ab 7.0 79.1a 6.9 99.1a 6.2 139.2b 6.9 109.0ab 6.8 
C18:1n-7  1126.3ab 53.2 1311.2bc 62.9 1074.0ab 53.0 1205.8abc 54.0 952.8a 53.0 1128.2ab 48.6 1326.5bc 53.2 1394.0c 51.1 
C18:1n-7t  2037.6ab 346.6 1365.8ab 422.3 1074.2a 346.3 2037.6ab 347.5 2880.7b 346.3 2415.4ab 303.2 914.1a 346.6 1179.1 344.5 
C18:1n-9  27652.3ab 604.2 27642.4ab 719.0 28542.6b 604.1 25537.2a 612.2 25013.3a 602.1 27459.7ab 548.7 28951.0b 15.8 26540.7ab 584.6 
C18:1n-9t  208.5a 78.1 693.0b 95.3 151.8a 78.1 209.7a 78.3 292.8ab 78.1 463.8ab 68.2 159.4a 78.1 211.9a 77.8 
C20:1n-9  213.3b 7.6 192.1b 8.8 147.0a 7.5 133.7a 7.8 184.8b 7.5 193.3b 7.1 144.1a 7.6 147.6a 7.1 
C20:1n-15  21.0 3.4 24.0 4.1 32.9 3.4 35.1 3.4 23.2 3.4 27.5 2.9 34.0 3.4 21.0 3.3 
C22:1n-9  6.7ab 1.1 4.5ab 1.4 7.1ab 1.1 3.6a 1.1 5.6ab 1.1 5.5ab 1.0 10.3b 1.1 6.7ab 1.1 
C24:1n-9  2.7ab 0.3 1.7a 0.4 4.1b 0.3 3.3ab 0.3 2.6ab 0.3 2.9ab 0.3 2.9ab 0.3 1.9a 0.3 
C16:2n-4  12.7ab 1.4 16.2bc 1.7 14.6bc 1.4 15.0bc 1.4 6.3a 1.4 15.4bc 1.2 25.6d 1.4 21.1cd 1.3 
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PUFA 

(mg/100g) 

C16:3n-4  8.1bc 0.9 8.7c 1.1 3.7ab 0.9 4.4a 0.9 5.6bc 0.9 7.1bc 0.8 7.7bc 0.9 9.3c 0.9 
C18:2n-6  751.8bc 53.0 618.0abc 64.2 423.1a 53.0 607.7abc 53.3 7889.0c 53.0 762.3c 46.9 492.3ab 53.0 514.0ab 52.4 
C18:2n-6t 523.1bcd 59.0 589.1bcd 71.8 600.0bcd 59.0 58.3a 59.2 478.1bc 59.0 386.7b 51.8 764.0cd 59.0 773.4d 58.6 
C18:3n-3 73.8a 25.8 106.4a 31.4 248.8bc 25.7 166.9ab 25.8 85.9a 25.7 157.2ab 22.6 317.0c 25.8 165.7ab 25.6 
C18:3n-4 3.8a 0.5 5.4ab 0.6 6.3b 0.5 6.0ab 0.5 4.2ab 0.5 4.0a 0.5 5.2ab 0.5 3.9ab 0.5 
C18:3n-6 9.0a 1.8 15.6ab 2.2 15.8ab 1.8 19.7b 1.8 12.9ab 1.8 14.0ab 1.6 16.4ab 1.8 16.7ab 1.8 
C18:4n-1 13.1a 2.1 14.6ab 2.5 21.0ab 2.1 17.6ab 2.1 12.8a 2.1 16.6ab 1.8 23.8b 2.1 14.9ab 2.1 
C20:2n-6 18.2ab 1.4 14.7ab 1.7 20.8b 1.4 19.1ab 1.4 19.4ab 1.4 19.0ab 1.2 20.2b 1.4 13.2a 1.4 
C20:3n-6 33.4 2.9 31.8 3.6 39.8 2.9 40.0 3.0 34.4 2.9 32.8 2.6 35.2 2.9 35.5 2.9 
C20:3n-9 5.5ab 0.6 6.1abc 0.7 10.4d 0.6 8.6cd 0.6 4.4a 0.6 5.3ab 0.5 8.9cd 0.6 7.5bc 0.6 
C20:4n-3 4.8a 1.9 2.2a 2.2 33.5c 1.8 16.4b 1.8 4.0a 1.8 2.5a 1.6 7.8ab 1.8 2.2a 1.8 
C20:4n-6 25.2 1.8 25.7 2.2 30.2 1.8 32.6 1.8 25.2 1.8 26.2 1.6 27.7 1.8 24.8 1.8 
C20:5n-3 3.6a 1.2 4.7a 1.4 15.1b 1.2 7.7a 1.2 2.9a 1.2 4.8a 1.1 18.9b 1.2 7.0a 1.2 
C21:5n-3 1.3abc 0.1 1.3abc 0.1 0.9a 0.1 2.1d 0.1 1.5bc 0.1 1.6c 0.1 1.0ab 0.1 1.4abc 0.1 
C22:2n-6 0.5ab 0.3 1.1ab 0.3 0.9ab 0.3 1.7b 0.3 0.2a 0.3 1.1ab 0.3 0.9ab 0.3 1.1ab 0.2 
C22:4n-6 15.3b 1.3 14.2ab 1.5 12.7ab 1.3 15.6ab 1.3 14.6ab 1.3 15.6b 1.2 9.7ab 1.3 9.5a 1.3 
C22:5n-3 18.9a 4.8 21.3a 5.8 70.1b 4.8 40.7a 4.9 19.2a 4.8 29.4a 4.3 68.7b 4.8 28.0a 4.7 
C22:5n-6 0.9abc 0.1 1.2bc 0.1 0.7ab 0.1 2.0d 0.1 0.8ab 0.1 1.1bc 0.1 0.6a 0.1 0.3c 0.1 
C22:6n-3 2.1a 0.3 2.0a 0.4 8.2d 0.3 4.1b 0.3 1.9a 0.3 2.7ab 0.3 5.7c 0.3 2.2a 0.3 
Cis 9 t11CLA* 99.6ab 38.5 139.9abc 47.0 294.7c 38.5 209.8abc 38.6 88.2a 38.5 181.1abc 33.7 286.2bc 38.5 187.4abc 38.3 
Trans

10c12CLA* 47.5ab 11.6 53.4ab 14.2 101.9ab 11.6 79.3ab 11.7 45.6a 11.6 72.8ab 10.2 102.8b 16.0 57.2ab 11.6 

Totals 

(mg/100g) 

Trans 2.8ab 0.5 2.7ab 0.6 1.9ab 0.5 1.0a 0.5 3.7b 0.5 3.3b 0.4 1.8ab 0.5 2.2ab 0.5 
CLA 0.2 0.1 0.2 0.1 0.4 0.1 0.1 0.1 0.1 0.1 0.3 0.1 0.4 0.1 0.3 0.1 
Omega-3 0.1a 0.0 0.2a 0.1 0.4bc 0.0 0.1a 0.0 0.1a 0.0 0.2ab 0.0 0.4c 0.0 0.2abc 0.0 
Omega-6 0.9b 0.1 0.7ab 0.1 0.5ab 0.1 0.3a 0.1 0.9b 0.1 0.9b 0.1 0.6ab 0.1 0.6ab 0.1 
Omega-
6:omega-3 7.9c 0.5 5.0b 0.6 1.3a 0.5 3.0ab 0.5 8.1c 0.5 4.7b 0.4 1.6a 0.5 2.9ab 0.5 

Totals 

(g/100g) 

PUFA 1.5b 0.1 1.5ab 0.1 1.6b 0.1 1.1a 0.1 1.5bc 0.1 1.5b 0.1 1.9b 0.1 1.7b 0.1 
MUFA 32.9b 3.5 33.8b 4.3 35.3b 3.5 13.6a 3.5 29.2ab 3.5 32.8b 3.1 35.6b 3.5 34.2b 3.5 
SFA 28.3b 3.2 26.7ab 3.9 28.8b 3.2 12.0a 3.2 27.8b 3.2 28.3b 2.8 24.9ab 3.2 24.9ab 3.2 

Different letters within rows indicate significance between means (P < 0.05). * = coelution
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Examination of the PCA plot shows separation of the grass and grass supplemented 

samples, from both northern and southern production regions, from those produced in grain fed 

production systems, this is seen in Figure 8 and visualised by the score plot developed using 

the first two PCs, PC 1 utilising 22.9 % and PC 2 12.9 % of the data to develop a separation. 

The first PC identified the fatty acids of anteiso C15:0, iso C15:0 C17:0, anteiso C17:0, C22:0, 

C14:1n-5, C16:1n-7, C17:1n-7, C20:1n-9, C18:3n-3, C22:5n-3, C18:2n-6, C16:2n-4, C16:3n-

4, C20:3n-9, C18:1n-9t and C18:1n-7t. In PC 2 the fatty acids identified included iso C17:0, 

C20:0, C18:0, C22:0, C24:0, C24:1n-5, C15:1n-5, C16:1n-7, C18:1n-7, C20:4n-3, C20:2n-6, 

C22:2n-6, C16:2n-4, C16:1n-7t, C18:1n-7t.  

 

Figure 8. Score plot of a Principal Component Analysis developed using the fatty acid data 

from the subcutaneous fat obtained from carcases of differing production systems.  

 

The performance of the six PLS-DA models, developed utilising the fatty acid data, were 

reported in Tables 12, 14, 16 and 18. With the calculations of class predictions represented in 

Tables 13, 15, 17 and 19.  
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Model FF showed a sensitivity of between 82.8 for south long grain and 100.0 for north 

long grain whilst the specificity for this model ranged between 86.6 for south short grain and 

for south grass supplemented, and 99.0 for north grass and northern grass supplemented cattle. 

The error of prediction was calculated with the highest error observed at 11.4 in southern long 

grain and the lowest error at 2.2 for northern grass supplemented (Table 12) The model was 

able to predict the correct class utilising the test data set with an accuracy of 86 % for north 

long grain, 85 % for north short grain, 95 % for north grass, 98 % for north grass supplemented, 

87 % for south long grain, 79 % for south short grain, 85 % for south grass and 92 % for south 

grass supplemented (Table 13). By assessing the fatty acids with a  VIP >1 (Figure 9) 

contributing to the discrimination, the fatty acids C10:0, C12:0, C20:0, C21:0, C15:1n-5, 

C20:1n-15, C18:3n-3, C20:5n-3, C22:5n-3, C18:2n-6, C18:3n-6, C20:2n-6, C16:2n-4, C16:3n-

4, C18:4n-1 and C18:1n-9t. With the loadings identifying iso-C15:0, anteiso-C15:0, anteiso-

C17:0, C17:0, C22:0, C16:1n-7, C18:3n-3, C22:5n-3 and C20:3n-9 in the first LV and iso-

C17:0, C20:0, C22:0, C24:0, C14:1n-5, C15:1n-5, C16:1n-7, C20:1n-15, C20:4n-3, C20:2n-6, 

C22:2n-6 and C16:2n-4 were identified in the second LV. 

Table 12. Model Statistics for model FF (%), developed from a Partial Least Square 
Discriminant Analysis with 6 Latent Variables using the fatty acid composition of the 
subcutaneous fat from beef carcases sourced from eight production systems in Australia. 

North 

long 

grain 

North 

short 

grain 

North 

grass 

North 

grass 

sup 

South 

long 

grain 

South 

short 

grain 

South 

grass 

South 

grass 

sup 

Sensitivity 
(Cal):  

95.3 96.5 100.0 100.0 91.9 96.5 88.5 91.9 

Specificity 
(Cal):  

94.0 93.4 97.2 99.5 96.4 87.4 87.4 88.2 

Sensitivity 
(CV):  

95.3 95.3 98.9 100.0 91.9 94.9 86.4 91.9 

Specificity 
(CV):  

94.0 93.4 96.8 99.5 95.8 93.1 87.6 88.0 

Sensitivity 
(Test): 

100.0 93.1 92.9 96.6 82.8 93.1 96.4 93.1 

Specificity 
(Test): 

91.5 92.0 99.0 99.0 94.5 86.6 90.6 86.6 

Class. Err 
(Cal): 

5.3 5.1 14.1 0.3 5.9 8.0 12.0 10.0 

Class. Err 
(CV): 

5.5 5.6 2.2 2.5 6.2 9.1 13.0 10.1 

Class. Err 
(Test): 

4.2 7.4 4.1 2.2 11.4 10.2 6.5 10.2 

Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 
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Table 13. Test datasets ability to be predicted against the calibration data set for Model FF 
using fatty acid data of beef carcase subcutaneous fat from Australian beef production systems. 
 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall  

(%) 

Precision 

(%) 

F1 score 

(%) 

North long 
grain 

97 4 96 4 29 96 77 86 

North short 
grain 

86 4 96 4 29 86 83 85 

North grass 93 0 100 7 28 89 96 95 

North grass 
supplemented 

97 0 100 4 29 97 100 98 

South long 
grain 

83 1 99 17 29 83 92 87 

South short 
grain 

76 2 98 24 29 76 81 79 

South grass 82 1 99 18 28 79 88 85 

South grass 
supplemented 

93 1 99 7 29 93 90 92 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test sample 
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Figure 9. Bar plot of showing the fatty acid VIP score for models FF, FNF and FSF with a 

threshold limit highlighted. 
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The FNF four class model developed using  the fatty acid data included only the northern 

dataset utilising four LV and resulted in a sensitivity range of 96.6 for northern grass 

supplemented, to 100.0 for all remaining classes, whilst the specificity ranged from 98.8, for 

both northern grass and northern grass supplemented, to 100.0 for northern long grain and 

northern short grain (Table 14). The error for the prediction of class ranged between 0.0 for 

northern short and long grain and 0.6 for northern grass. The accuracy for this model was 

observed in Table 15 as 100 % for northern long grain, 98 % for northern short grain, 100 % 

for northern grass and 98 % for grass supplemented (Table 15).The VIP scores identified fatty 

acids C12:0, iso-C15:0, anteiso-C15:0, C21:0, C22:0, C24:0, C17:1n-7, C18:1n-7, C20:1n-9, 

C18:3n-3, C20:4n-3, C18:2n-6, C18:3n-6, C22:2n-6, C16:2n-4, C16:3n-4, C18:1n-9t, C18:1n-

7t and C18:2n-6t (Figure 9). LV 1 indicated the separation was due to the fatty acids iso-C15:0, 

anteiso-C15:0, iso-C17:0, C22:0, C24:0, C20:4n-3, C20:5n-3 and C22:5n-3, with LV 2 

indicating the fatty acids C12:0, iso-C17:0, C14:1n-5, C15:1n-5 and C17:1n-7. 

 

Table 14. Model Statistics from model FNF (%) utilising a Partial Least Square Discriminant 
Analysis with 4 Latent Variables developed from the fatty acid composition of the 
subcutaneous fat from beef carcases sourced from four production systems from the northern 
production region.____________________________________________________________ 
 

 North long 

grain 

North short grain North grass North grass 

supplemented 

Sensitivity (Cal):   100.0 100.0 96.5 98.8 
Specificity (Cal):   98.8 100.0 99.6 97.3 
Sensitivity (CV):   99.1 100.0 95.8 98.6 
Specificity (CV):   98.8 99.5 99.0 97.4 
Sensitivity (Test):   100.0 100.0 100.0 96.6 
Specificity (Test): 100.0 100.0 98.8 98.8 
Class. Err (Cal): 1.1 0.0 1.9 1.9 
Class. Err (CV): 1.1 0.2 2.6 2.0 
Class. Err (Test): 0.0 0.0 0.6 2.3 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 
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Table 15. Test datasets ability to be predicted against the calibration data set for model FNF 
using fatty acid composition of beef subcutaneous fat from northern production regions. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall 

(%) 

Precision 

(%) 

F1 score 

(%) 

North long 
grain 

100 0 100 0 29 100 100 100 

North short 
grain 

100 1 99 0 29 100 97 98 

North grass 100 0 100 0 28 100 100 100 

North grass 
supplemented 

97 0 100 3 29 97 100 98 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test sample 

Model FSF was developed on the southern data using six LV’s, and the error for the 

prediction of these classes had a range between 5.8 to 2.3 for the southern grass and southern 

short grain respectively (Table 16). The sensitivity of this model ranged between 96.6 for 

southern short grain and southern grass supplemented to a low of 93.1 in southern grass, whilst 

the specificity ranged in a similar way  with the highest specificity observed in south short 

grain (98.8) and the lowest observed in south grass and southern grass supplemented (95.3). 

The model showcased an accuracy percentage of 90 % for predicting south long grain, 90 % 

for south grass supplemented, 98 % for south grass and 98 % observed in south grass 

supplemented (Table 17). Assessment of the VIP scores of the fatty acids identified the 

important fatty acids to include C10:0, iso-C15:0, anteiso-C15:0, iso-C17:0, C17:0, C18:0, 

C21:0, C14:1n-5, C16:1n-7, C17:1n-7, C18:1n-7,C22:1n-9, C18:3n-3, C20:5n-3, C22:5n-3, 

C18:2n-6, C20:3n-6, C22:2n-6, C16:2n-4, C20:3n-9, C18:1n-9t, C18:1n-7t and C18:2n-6t 

(Figure 12). The loadings in this model were assessed and LV1 utilised the fatty acids iso-

C15:0, iso-C17:0, C17:0, C14:1n-5, C16:1n-7, C17:1n-7, C18:1n-7, C18:3n-3, C20:5n-3, 

C22:5n-3, C16:2n-4 and C18:1n-7t as being the major fatty acids contributing to the separation 

of samples. LV 2 additionally identified C10:0, C21:0, C24:0, C20:3n-6, C22:2n-6, C22:5n-6, 

C18:1n-9t and C18:2n-6t. 
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Table 16. Model Statistics from model FSF (%) utilising a Partial Least Square Discriminant 
Analysis with 6 Latent Variables developed from the fatty acid composition of the 
subcutaneous fat from beef carcases sourced from four production systems from southern 
production regions. ___________________________________________________________ 
 

 South long 

grain 

South short  

grain 

South grass South grass 

supplemented 

Sensitivity (Cal):   94.3 97.7 95.3 97.7 
Specificity (Cal):   98.1 98.1 99.2 95.8 
Sensitivity (CV):   93.6 96.5 94.2 97.2 
Specificity (CV):   96.7 96.7 97.5 94.5 
Sensitivity (Test):   96.4 96.6 93.1 96.6 
Specificity (Test): 97.7 98.8 95.3 95.3 
Class. Err (Cal): 3.8 2.1 2.7 3.3 
Class. Err (CV): 4.9 3.4 4.2 4.1 
Class. Err (Test): 2.9 2.3 5.8 4.0 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 

 

Table 17. Test datasets ability to be predicted against the calibration data set for the FSF model 
developed on beef carcases from southern production systems. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall  

(%) 

Precision 

(%) 

F1 score 

(%) 

South long 
grain 

90 3 97 10 29 90 90 90 

South short 
grain 

90 3 97 10 29 90 90 90 

South grass 100 1 99 0 28 100 97 98 

South grass 
supplemented 

97 0 100 3 29 97 100 98 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false 

negative rate; N, number of test samples. 

 

The FG model showed a sensitivity of 99.1 and 100.0 for grain and grass respectively 

with the inverse shown in the specificity, with the error for the prediction of class at 0.4 (Table 

18). Model FGN exhibited a sensitivity for grain of 100.0 and 98.2 for grass, with the specificity 

showing the inverse of 98.2 for grain and 100.0 for grass, with an overall class error of 0.9. 

The model FGS developed on southern data showed a sensitivity of 98.3 for grain and 98.2 for 

grass and a specificity of 98.2 and 98.3 for grain and grass respectively, the overall error for 

the prediction of class was the highest of the two class models with an error of 1.7 (Table 18). 

Grass vs grain class two class models FG, FGN and FGS showed promising results, with the 

FG model able to predict the correct class of grass or gain with a 99 % accuracy, whilst model 
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FGN was able to predict with an accuracy of 99 % and FGS was able to predict with a 98 % 

accuracy (Table 19).  

Table 18. Model Statistics (%) from three models developed utilising a Partial Least Square 
Discriminant Analysis developed from the fatty acid composition of the subcutaneous fat from 
beef carcases sourced from grain and grass-based production systems. 

Model FG 

(4 LV) 

Model FGN 

(2 LV) 

Model FGS 

(6 LV) 

Grain Grass Grain Grass Grain Grass 

Sensitivity (Cal):  99.4 99.7 100.0 100.0 100.0 100.0 
Specificity (Cal):  99.7 99.4 100.0 100.0 100.0 100.0 
Sensitivity (CV):  99.1 99.2 100.0 99.8 99.7 99.8 
Specificity (CV):  99.2 99.2 99.8 100.0 99.8 99.7 
Sensitivity (Test):  99.1 100.0 100.0 98.2 98.3 98.2 
Specificity (Test): 100.0 99.1 98.2 100.0 98.2 98.3 
Class. Err (Cal): 0.4 0.4 0.0 0.0 0.0 0.0 
Class. Err (CV): 0.8 0.8 0.1 0.1 0.3 0.3 
Class. Err (Test): 0.4 0.4 0.9 0.9 1.7 1.7 
Abbreviations: Cal, Calibration data set; CV, Cross Validated data set; Test, Independent Test data set. 

Table 19. Test datasets ability to be predicted against the calibration data set for three model 
developed on Australian beef carcases from grain and grass production systems. 

Class TPR 

(%) 

FPR 

(%) 

TNR 

(%) 

FNR 

(%) 

N Recall 

(%) 

Precision 

(%) 

F1 score 

(%) 

Model FG 
Grain 99 0 100 1 116 99 100 99 

Grass 100 1 99 0 114 100 99 99 

Model FGN 
Grain 100 2 98 0 58 100 98 99 

Grass 98 0 100 2 57 98 100 99 

Model FGS 
Grain 98 2 98 2 58 98 98 98 

Grass 98 2 98 2 57 98 98 98 

Abbreviations: TPR, true positive rate; FPR, false positive rate; TNR, true negative rate; FNR, false negative 

rate; N, number of test samples. 

Model FG utilised LV 1 the fatty acids iso-C15:0, anteiso-C15:0, anteiso-C17:0, C17:0, 

C14:1n-5, C16:1n-7, C17:1n-7, C18:3n-3, C22:5n-3 and C20:3n-9, for the discrimination of 

samples as well as C17:0, C18:0, C20:0, C21:0, C17:1n-7, C18:1n-9, C20:1n-15, C20:1n-9, 

C20:2n-6, C18:4n-1 and C18:1n-9t, which were identified in LV2. A comparison of fatty acids 
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that contributed to the model discrimination was assessed by examining the VIP score of the 

fatty acids in each model (Figure 10). This assessment identified for model FG, C12:0, iso-

C15:0, anteiso-C15:0, iso-C17:0, anteiso-C17:0, C17:0, C22:0, C14:1n-5, C16:1n-7, C17:1n-

7, C20:1n-9, C18:3n-3, C20:5n-3, C22:5n-3, C18:2n-6, C16:2n-4, C20:3n-9, C18:1n-9t and 

C18:1n-7t. For model FGN fatty acids C10:0, C12:0, iso-C15:0, anteiso-C15:0, iso-C17:0, 

anteiso-C17:0, C17:0, C22:0, C24:0, C16:1n-7, C20:1n-15, C20:1n-9, C18:3n-3, C20:4n-3, 

C22:5n-3, C18:2n-6, C16:2n-4, C18:4n-1, C20:3n-9, C18:1n-9t and C18:2n-6t. Whilst the 

southern grain vs grass comparison identified acids C10:0, C12:0, iso-C15:0, anteiso-C15:0, 

iso-C17:0, C17:0, C18:0, C20:0, C14:1n-5, C16:1n-7, C17:1n-7, C18:1n-7, C20:1n-9, C18:3n-

3, C20:5n-3, C22:5n-3, C18:2n-6, C16:2n-4, C20:3n-9, C18:1n-9t, C18:1n-7t and C18:2n-6t. 

key differences between these three models include model FG not utilising C10:0 and C18:2n-

6t. Model FGN unlike the other models did not utilise C14:1n-5, C17:1n-7, C20:5n-3 and 

C18:1n-7t, although this model did utilise C24:0, C20:1n-15, C20:4n-3 and C18:4n-1. Model 

FGS additionally did not utilise anteiso-C17:0 and C22:0, instead utilising C18:0 and C18:1n-

7 (Figure 10). 

 Model FGN produced an  accuracy of 99 % by utilising the fatty acids iso-C15:0, 

anteiso-C15:0, anteiso-C17:0, C22:0, C24:0, C20:1n-15, C18:3n-3, C20:4n-3 and C22:5n-3, 

identified in LV 1, whilst C10:0, C16:0, C17:1n-7, C18:1n-9, C20:1n-9, C20:2n-6, C16:2n-4, 

C16:3n-4 and C18:2n-6t, were identified in LV2. The southern grain vs grass model showed 

the fatty acids of iso-C17:0, C17:0, C18:0, C14:1n-5, C16:1n-7, C18:3n-3, C20:5n-3, C16:2n-

4 and C18:1n-7t as being responsible for the discrimination in LV1, and in LV 2 the fatty acids 

C21:0, C18:1n-9, C20:1n-15, C18:3n-3, C18:4n-1, C16:1n-7t, C18:1n-9t and C18:2n-6t were 

identified. 
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Figure 10. Bar plot of showing the fatty acid VIP score for models comparing the grass and 

grain classification, FG, FGN and FGS with a threshold limit highlighted. 
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The accuracy of the models developed on Raman spectra and fatty acid data were 

compared against each other and the fatty acid models produced a higher accuracy for all 

models apart from the full southern data set models with all classes (Table 20).  

Table 20. Comparison of F1 scores from Partial Least Square Discriminant Analysis from 

models developed using Raman spectra and fatty acid data from 960 beef carcases fed in 

different production systems. 

North 

long 

grain 

North 

short 

grain 

North 

grass 

North 

grass 

sup 

South 

long 

grain 

South 

short 

grain 

South 

grass 

South 

grass 

sup 

Model F 57 71 74 85 87 86 73 77 
Model FF 86 85 95 98 87 79 85 92 
Model NF 59 77 80 92 

Model FNF 100 98 100 98 
Model SF 98 95 96 97 

Model FSF 90 90 98 98 
Grain Grass Grain Grass 

Model GN 94 94 
Model FGN 99 99 
Model GS 97 97 

Model FGS 98 98 
Grain Grass

Model G 92 92 
Model FG 99 99 

Abbreviations: F, Raman all production systems; FF, fatty acid all production systems; NF, Raman Northern; FNF, fatty 

acid northern; SF, Raman southern; FSF, fatty acid southern; GN, Raman grass vs grain northern; FGN, fatty acid grass 

vs grain northern; GS, Raman grass vs grain southern; FGS, fatty acid grass vs grain southern; G, Raman grass vs grain 
all; FG, fatty acid grass vs grain all. 

7.2.5. Discussion 

Australia is a diverse country with a variety of climates that can sustain the production 

of cattle in a variety of production systems. These systems include northern and southern 

regions each producing long term grain fed, short term grain fed, grass fed, and grass 

supplemented fed cattle. Due to the current reliance on audits that are experiencing high levels 

of noncompliance (Hollier, 2019), there is a need to provide more support to the authenticity 

evaluation of beef with production system claims. The eight-class model F was developed to 
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assess the viability of a prediction model developed using Raman spectral data to discriminate 

between production systems. This model resulted in a variable ability to accurately predict the 

correct production system of origin, with the highest prediction accuracy observed for southern 

long grain fed carcases (87 %) and the lowest accuracy, expressed as an F1-score, for the 

northern long grain fed carcases (57 %). This was contrasted by the results obtained from 

Model NF and SF, which outperformed the eight-class model by splitting the data into two 

separate models using the location as the discriminator. The northern model, NF showed a 

slight improvement compared to the northern samples in the eight-class model, with northern 

long grain samples recording a 2 % increase in F1 score, with a 6 % increase observed for both 

northern short grain and grass. The northern grass supplemented showed the greatest increase 

in prediction accuracy with a 7% increase, resulting in an accuracy of 92 %. An even greater 

increase was observed in the southern data with southern long grain increasing from 87 % to 

98 %, southern short grain increasing from 86 % to 95 % and major increases seen in the grass 

supplemented and grass-fed samples which recorded an increase in accuracy of 20 % and 23 

% respectively. Given the increase observed in prediction accuracy, the recommendation is to 

develop prediction models that are specific to the production areas. Utilising PLS-DA models 

with more than five classes has been shown to reduce the performance of the model, this may 

be happening in the individual class model (Brereton & Lloyd, 2014). The differences between 

these regions in Australia are likely the reason behind the different accuracy levels. In northern 

Australia the cattle are predominantly Bos indicus, and in this study all northern cattle were 

Bos indicus, which have been reported, although not unanimously, to be compositionally 

different with differences observed in terms of moisture content and fat composition (Ducatti 

et al., 2009; Moreira, Souza, Matsushita, Prado, & Nascimento, 2003).  Cattle breed has also 

been shown to affect the carcase yield, fat thickness and total loin area, with Bos indicus cattle 

showing a higher carcase yield and Bos taurus showing a higher loin area (Moreira et al., 2003). 

Model NF was not as accurate as Model SF, due to the poor accuracy of northern long 

grain which is a reflected in the poor recall statistic (55 %). The northern models were able to 

accurately predict when a sample was not long grain but struggled to predict the test samples 

as north long grain with these samples predominately classified as northern short grain, which 

also showed a reduced accuracy. The discrimination of samples was a result of differences in 

key peaks at wavelengths 880-913 cm-1, 1062 cm-1, 1082-1083 cm-1, 1130 cm-1, 1133 cm-1, 

1264-1271 cm-1, 1296 cm-1, 1299 cm-1, 1305 cm-1, 1309 cm-1, 1356 cm-1, 1440 cm-1, 1450-

1460 cm-1, 1654-1658 cm-1. The wavelength region 880-913 cm-1 has been identified as the C-
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C skeletal and CH2, both of which have been previously been identified in proteins (Katainen 

et al., 2007) and as an indicator of disaccharides (Shetty, Kendall, Shepherd, Stone, & Barr, 

2006). The region between 1060- 1130 cm-1 has been shown to be due to the trans/gauche 

sensitive C-C stretch bond (Beattie, Bell, Borggaard, Fearon, & Moss, 2007) and skeletal 

stretch (Huang, Lui, McLean, Korbelik, & Zeng, 2005) and has commonly been assigned to 

lipids and nucleic acids. In addition the region of wavelengths 1264-1271 cm-1 has been 

identified as stretch CH and =C-H bending both identified as sources of triglycerides with the 

=C-H bending bond linked to phospholipids and unsaturated fatty acids (Beattie et al., 2007; 

Krafft, Neudert, Simat, & Salzer, 2005; Lakshmi, Kartha, Krishna, Solomon, Ullas, & Devi, 

2002). The 1296, 1299, 1305 and 1309 cm-1 peak has been identified as a CH2 deformation 

bond as well as the CH2 and CH3 twisting conformation which has extensively been linked to 

lipids and phospholipids (Cheng, Liu, Liu, & Lin, 2005; Movasaghi, Rehman, & Rehman, 

2007; Stone, Kendall, Smith, Crow, & Barr, 2004). The 1356 cm-1 bond can be assigned to 

CH3 bend (Larkin, 2017), and the 1440 cm-1 and 1450- 1460 cm-1 region can be ascribed to 

CH2 scissoring, CH, CH2 and CH3 deformation, again linked to lipids in particular fatty acids 

(Beattie et al., 2007; Cheng et al., 2005; Hanlon et al., 2000; Krafft et al., 2005; Movasaghi et 

al., 2007). The region 1654-1658 cm-1 has been linked to the C=C bond and has commonly 

been found to show unsaturated fatty acids, and this region also identifies the C=O stretch bond 

found in lipids (Lakshmi et al., 2002; Notingher et al., 2004; Shetty et al., 2006). These 

wavelengths are the key factors contributing to the separation and all are identified as chemical 

bonds that are found within the structural makeup of fatty acids and have all been linked in the 

past to lipids, in particular to SFA and the spectral range of 1654- 1658 cm-1 is identified as a 

marker or unsaturated fatty acids indicating the difference is caused by PUFA.  

Southern production systems are characterised by smaller farms with fewer head of cattle 

per property, these properties, send cattle for slaughter earlier than the northern counterparts 

(Thompson & Litchfield, 2020). The southern model SF showed the highest accuracy of all 

Raman spectroscopic based models, for predicting the correct production system of origin. This 

model resulted in a total of only four misclassified samples, three of which were short grain 

and one was a grass-fed sample. This model utilised the key spectral features at wavelengths 

898 cm-1, 1059 cm-1, 1063 cm-1, 1082 cm-1, 1129-1131 cm-1, 1265 cm-1, 1296 cm-1, 1304 cm-

1, 1309 cm-1, 1428 cm-1, 1438-1441 cm-1, 1446 cm-1, 1450-1464 cm-1 and 1654-1659 cm-1 and 

1747-1760 cm-1. Unique to the southern model are certain peak such as 1059 cm-1 attributed to 

chain C-C and C-O stretch observed in lipids (Notingher et al., 2004), 1428 cm-1 can be 
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assigned to the CH2 wag (Larkin, 2017), and 1747-1760 cm-1 is identified as C=O and stretch 

C=C with both associated with lipid identifiers (Lakshmi et al., 2002; Malini et al., 2006; Shetty 

et al., 2006). The SF model could predict the production system of origin better than the model 

developed by Logan et al. (2021) for long grain fed (98 %; 96 %), short grain fed (95 %; 85 

%), grass (96 %; 83 %) and grass supplemented (97 %; 83 %). In contrast to previous work 

predicting southern production systems (Logan et al., 2021), this model performed better, 

possibly due to the more even split of data in the calibration and test data sets and across classes. 

Whilst predicting the individual production systems would be beneficial, the main issue 

the Australian red meat industry faces with production systems of origin is determining if 

carcases are grass fed or if they were fed grain. Currently in Australia the variety of beef brands 

exist for grass fed beef, and these brands allow different feedstuffs to be fed to cattle in 

combination with pasture. The official grass fed certification developed to be a universal 

auditing system is Pasturefed Cattle Assurance System (PCAS; Cattle Council of Australia, 

2019), this auditing system was not adopted by all for the major beef processors as they 

developed their own programs and auditing systems. The approved supplements list is vast and 

the main identifier for approved and unapproved feeds included the presence of grain, where if 

present the feed was not allowed. Thus, for industry grass vs grain two class models were 

developed from a combined dataset, northern data set and southern data set in the form of 

models G, GN and GS respectively. Model G produced an accuracy of 92 %, outperforming 

model F, due mainly to the reduced area for misclassifications as the classes with greatest 

overlap were the short and long grain samples, and the grass and grass supplemented samples. 

The models developed upon the individual production regions did outperform model G, with 

model GN producing an accuracy of 94 % and model GS again performing the best with a 97 

% accuracy. The production regions again showed to be different and better characterised when 

analysed separately.  

The grass vs grain model developed on the northern data (GN) outperformed the 

individual class model, likely due to the northern long grain sample and northern short grain 

samples being classified together, as these samples were commonly misclassified as the other 

class in the NF model. The spectral features utilised in this model include 889-903 cm-1, 1062 

cm-1, 1065 cm-1, 1085 cm -1, 1129-1132 cm-1, 1296 cm-1 1306 cm-1, 1356 cm-1, 1433 cm -1,

1440 cm-1, 1464-1470 cm -1 and 1654-1657 cm-1. In contrast to model NF, model GN identified

two additional regions of interest of 1433 cm-1 identified as a lipid band (Agarwala, 2017) and

1464-1470 cm-1, that has been previously attributed to a marker of fatty acids (De Gelder, De
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Gussem, Vandenabeele, & Moens, 2007). This model also did not include the spectral features 

1264-1271 cm -1, 1299 cm -1, 1309 cm -1 and 1450-1460 cm-1, seen in model NF. This model 

outperforms model NF, and as such shows it may be more suitable for application in the 

northern production regions.  

The southern dataset, utilised in models SF and GS, shows a different trend compared to 

the northern based models. Modelling classes in GS shows an overall accuracy of 97 % and 

the individual production system model SF shows a range between 95 % to 98 %, making these 

models comparable in terms of accuracy. This indicates the southern based production models 

show a clearer difference in the spectra and that Raman spectroscopy is able to detect the 

changes in composition of the subcutaneous fat from southern beef carcases. The 

discrimination in this model is due to the wavelengths 890-930 cm-1, 1059 cm-1, 1063 cm-1, 

1082 cm-1, 1129- 1135 cm-1, 1265 cm-1, 1291 cm-1,1296 cm-1, 1304 cm-1, 1309 cm-1, 1433-1475 

cm-1 and 1650 cm-1 and 1652-1657 cm-1. Unique spectral features to this model include 1291 

cm-1, which has been observed as the CH bending (Kachrimanis, Braun, & Griesser, 2007) and 

1650 cm-1, also observed as C=C a source of unsaturation specifically seen in lipids (Malini et 

al., 2006). The GS and SF models utilise peaks at very similar wavelengths for both models, 

with the exception of the spectral region at 1747-1760 cm-1, this may be contributing to the 

similarities observed in results. 

With the spectral changes assigned to carbon structures that have all previously been 

linked to lipids in particular fatty acids, the fatty acid composition of the subcutaneous fat from 

these carcases was assessed and significant differences were found between feeding systems 

but not between breeds. In contrast to other research Moreira et al. (2003) found no effect on 

the fatty acid composition of fat (intramuscular and subcutaneous fat) over the longissimus 

dorsi muscle , with the only differences found in C22:5n-3 which is postulated to be due to in 

difference in feeds fed to the animal before slaughter (Moreira et al., 2003). The research by 

Moreira et al. (2003) also suggested the omega-6 to omega-3 ratio did not significantly differ 

by breed which is in line with the current study which found the omega-6 to omega-3 ratio was 

affected by feed source but not breed. The breed of cattle has been shown to be one of the three 

key factors influencing the fatty acid composition, with the other two factors being time on 

feed and the finishing diet (Smith, Gill, Lunt, & Brooks, 2009).  Smith et al. (2009) outlined 

the breed and age of the animal specifically alter the concentration of MUFA in particular 

resulting in a decreased SFA by assessing the intramuscular fat. The results presented do not 

support this finding in the subcutaneous fat as the only difference in total MUFA was northern 
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grass supplemented as it was significantly lower in concentration than all of the other 

production systems except southern long grain. The total SFA did vary across the production 

systems, but did not appear to be affected by breed, but rather the grass-based systems showed 

a decrease in total SFA. The differing results may be due to the age of the cattle sourced from 

different studies being vastly different in the review by Smith et al. (2009), whereas the cattle 

produced in this study were prime beef aged between 18-30 months of age.  

The total PUFA showed little change across production system with the exception of 

northern grass supplemented which reported a significantly lower concentration than all other 

production systems. The largest differences between production system were visible in the 

omega-6 to omega-3 fatty acid ratio, these ratios showed the difference grain feeding can have 

on the composition of cattle. The highest ratios were observed in the long grain fed classes 

from both north and south, while the short grain fed samples and the grass supplemented 

samples were significantly lower. The lowest ratio observed was in the grass-fed carcases, 

although the grass supplemented carcases were not significantly different to the grass fed. The 

variation in the omega-6 to omega-3 ratio is influenced predominantly by the key fatty acids 

C18:3n-3 and C18:2n-6. The fatty acid C18:3n-3 has consistently been observed to be higher 

in concentration in grass based diets, due mainly to the high concentration of this fatty acid 

available in the fresh growing grass or forage (French et al., 2000). In contrast, the total 

concentration of C18:2n-6 decreases on grass and has been seen to be significantly higher in 

grain fed carcases (Ponnampalam, Mann, & Sinclair, 2006). In this research the total omega-6 

concentration differed only with northern grass supplemented being significantly lower, the 

main source of variation came from varying levels of omega-3 fatty acids. Grain consumption 

has been shown to lower the rumen pH which decreases the activity of the bacteria 

(Butyrivibrio fibrisolvens) responsible for the isomerisation of PUFA (Pariza, Park, & Cook, 

2000). 

As the fatty acids showed differences between the production systems and the spectral 

data indicating the cause being fatty acid changes, there became a need to assess the ability for 

the fatty acid data, analysed by GC-FID, to accurately predict the production system of origin. 

In the past fatty acid composition has been seen to be a very effective tool for evaluating what 

an animal has been fed before slaughter (ref of such study?). Hence PLS-DA models were 

developed for the fatty acid data with model FF performing marginally better than model F 

with a range of accuracy scores between 79 % and 95 %, with the composition of southern 

short grain performing the worst, in contrast with model F where the northern long grain 
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performed the worst. To mimic the modelling undertaken with the Raman data, the data set for 

northern and southern production systems were assessed individually in models FNF and FSF 

respectively. Model FNF observed an increase of 14 % in northern long grain, 13 % in northern 

short grain, 5 % in northern grass and no increase in northern grass supplemented, resulting in 

a range of accuracy scores of 98- 100 %. Splitting the dataset improved the ability for the fatty 

acid data to accurately predict the class of origin. The key fatty acids responsible for this 

discrimination include the SFAs C12:0, iso-C15:0, anteiso-C15:0, iso-C17:0, C22:0 and C24:0, 

MUFAs C14:1n-5, C15:1n-5 and C17:1n-7, and the PUFAs C20:4n-3, C20:5n-3 and C22:5n-

3. Fatty acid data from southern production systems were predicted in model FSF which 

outperformed the combined fatty acid model FF. Separating the data lead to an increase in 

prediction accuracy?? Ability?? of class of 3 % for long grain, 11 % for short grain, 13 % for 

grass and 6 % for grass supplemented, leading to an accuracy of 90 % for both long and short 

grain and a 98 % accuracy for the grass and grass supplemented production systems. The fatty 

acids contributing to the discrimination include C10:0, iso-C15:0, iso-C17:0, C17:0, C21:0, 

C24:0, C14:1n-5, C16:1n-7, C17:1n-7, C18:1n-7, C18:1n-7t, C18:1n-9t, C16:2n-4, C18:2n-6t, 

C18:3n-3, C20:3n-6, C20:5n-3, C22:2n-6, C22:5n-3 and C22:5n-6. The pasture species across 

the northern and southern production regions differ greatly with each using unique plant 

species. With a vastly different range of climate the pastures on offer and consequently 

production of animals is altered. As such the splitting of northern and southern production 

regions and the development of their own models is utilised. In southern production regions 

the main pasture species perennial ryegrass and subterranean clover were composed of half to 

two thirds solely of C18:3n-3 (Walker, Doyle, Heard, & Francis, 2004). Northern Australia's 

beef production is heavily reliant on extensive tropical pasture grazing systems, primarily 

native pastures dominated by C4 grasses (Mwangi, Charmley, Gardiner, Malau-Aduli, Kinobe, 

& Malau-Aduli, 2019).  

The grass vs grain approach was also utilised for the fatty acid data with an overall model 

reporting an accuracy of 99 %. There was no increase in accuracy when the data was split in 

contrast to the results observed earlier in this research, for the southern data the accuracy 

decreased by 1 % compared to the combined dataset. The grass vs grain models developed on 

the combined fatty acid data performed the best of all models developed in this study. As the 

overall model performed the best the fatty acids contributing to this model were investigated, 

including iso-C15:0, anteiso-C15:0, anteiso-C17:0, C17:0, C18:0, C20:0, C21:0, C14:1n-5, 

C16:1n-7, C17:1n-7, C18:1n-9, C18:1n-9t, C20:1n-15, C20:1n-9, C18:3n-3, C18:4n-1, 
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C20:2n-6, C20:3n-9 and C22:5n-3. With the common fatty acids iso-C15:0, C17:0, C21:0, 

C14:1n-5, C16:1n-7, C17:1n-7, C18:1n-9t, C18:3n-3 and C22:5n-3 being utilised similarly to 

the individual fatty acid models. 

Raman spectroscopic models struggled to identify the northern long grain samples, this 

was initially postulated to be due to a similarity to the northern short grain samples. The 

assessment of the fatty acid data does support this theory as the only significant differences 

between the northern long and short term grain fed systems were in two individual fatty acids, 

C21:0 and C18:1n-9t, and in the omega 6 to omega-3 ratio, which saw a significantly higher 

ratio in the northern long grain fed samples, these differences may not be able to detected 

utilising Raman spectra as the chemical makeup of these fatty acids are very similar and the 

differences were not large enough to be identified over the spectral noise. The fatty acid data 

PLS-DA models developed show that the fatty acid composition is different enough to be used 

for a discrimination. It is then hypothesised Raman spectroscopy is scanning the surface layer 

of subcutaneous fat and this may not represent the feed this animal has been on, as these animals 

were sourced during a severe drought in Australia and were likely undergoing compensatory 

growth in the feedlot before the alteration of the fat composition, leading to these carcases 

commonly being misclassified as short grain samples. Cattle were reported as up to 50 kg under 

the optimal entry weight for feedlots in Queensland, with the compensatory growth expected 

to be influential on the 100 day grain fed cattle (Condon, 2018). Cattle undergoing 

compensatory growth will initially lay down muscle before a transition to the deposition of fat 

(Hornick, Van Eenaeme, Gérard, Dufrasne, & Istasse, 2000). The fatty acid composition was 

assessed from a sample of fat taken from the carcase which may contain fat that has been 

deposited after being in the feedlot, enabling the fatty acid composition to outperform the 

Raman spectroscopic data. An area for future study is to understand the effect of carcase 

trimming that often occurs in abattoirs and establish an accuracy model for a carcase that has 

been trimmed. Additionally, further research is required to understand how long on feed it takes 

for the subcutaneous fat to show compositional differences as a result of feed and 

understanding the effect of varying fat depths. Further investigation into the differences in fat 

depth and effect on the spectroscopic information will be beneficial to ensuring this technology 

is a reliable tool to assess the production system of origin.  

Whilst the models developed by the fatty acid data outperformed the results obtained 

from the Raman spectra for the northern data, the difference in the southern production systems 

was 1 %, indicating Raman spectroscopy in combination with chemometric modelling is able 
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to discriminate between carcases from different production systems. The fatty acid analysis 

conducted by GC-FID requires a sample to be taken, freeze dried for 5 days, grinding of the 

sample, extraction and methylation before being analysed in the GC-FID and then the output 

is assessed to calculate the concentration (Folch et al., 1957; Jenkins, 2010; Lepage & Roy, 

1986; Sukhija & Palmquist, 1988; Zhang, Wang, & Liu, 2015). This process of fatty acid 

analysis takes at minimum two weeks and with high sample numbers this time can be delayed. 

In comparison utilising Raman spectroscopy is a more suitable and cost effective method, as 

this technology is available in a portable hand held device, that does not require specialised 

training to operate (Metrohm AG, 2019). The main attraction to this technology is the ability 

to sample and receive a result in under three minutes when loaded with a predictive model 

calibrated with an appropriate database of samples.  

7.2.6. Conclusion 

For industry application separate models are the best solution as they are able to predict 

production class with the highest accuracy. Whilst the best results were obtained with the fatty 

acid data, the accuracy of the Raman spectroscopic models utilising the southern data is 

comparable and suitable for use, further investigation is needed to better understand the results 

found for the northern samples as the Raman spectra struggled to discriminate between the 

classes. To provide better results utilising a grass vs grain two class model improved the 

accuracy of all models except the southern Raman spectroscopic based model, which did not 

improve. Currently the guidelines for classification of grass-fed product is based predominately 

on systems like PCAS which forbid the feeding of grain, and due to this there is potential for 

the application of the grass vs grain fed models in industry. Raman spectroscopy as a tool 

provides information about the production system of origin much faster than the fatty acid 

method and with similar accuracy reported for this method, thus Raman spectroscopy can be 

classified as a good tool for discriminating between grass and grain fed beef in Australia. 
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8. General Discussion and Conclusions

8.1. Overall Conclusions 

The objective of this body of research was to investigate the viability of using Raman 

spectroscopy for the verification of beef production systems based on the measurement of beef 

carcases, whilst also evaluating the differences in fatty acid composition of carcases from a 

variety of production systems. A series of studies were performed to develop a comprehensive 

data set for the creation of reliable chemometric models of Raman spectra that could 

discriminate sample type and to understand the causes of the differences detected between 

production systems. These studies sampled cattle produced in Victoria, New South Wales and 

Queensland across 2018 - 2020. In this chapter the aims of the research are restated, and main 

conclusions are presented and summarised. Additionally, this chapter assesses the industry 

application of Raman spectroscopy and outlines potential areas of further research. This 

research has provided knowledge on the differences between carcases from various production 

systems that can be applied to the quality assurance practices utilised by the Australian beef 

industry. 

To summarize, the aims of this thesis were to assess the ability of Raman spectroscopy 

in conjunction with predictive models, to discriminate carcases of differing beef production 

systems, investigate the optimal chemometric technique for modelling spectral data collected 

from subcutaneous fat of beef carcases, and to evaluate the capacity for chemometric models 

in combination with Raman Spectroscopy to be implemented in the beef industry. Further there 

were aims to characterise the fatty acid composition and differences in the subcutaneous fat 

obtained from beef carcases sourced from varying production systems and to identify the 

differences between Northern and Southern Australian beef production regions, which rely 

upon different grass and grain feed types, and develop a predictive model that can effectively 

be utilised in each region. 

Initially exploratory chemometric data analysis of the Raman spectra was conducted by 

utilising PCA to identify clustering of samples and to determine if grouping of samples were 

attributed to information on class. This research showed grouping based upon feed was evident, 

between beef carcases from cattle fed for 100 days on grain compared with beef carcases from 

cattle verified as grass fed. Based on these results Raman spectroscopy was identified as a tool 

with the potential to be used for discrimination of production systems. This promising research 

led to the development of chemometric predictive modelling in the form of PLS-DA which can 
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discriminate the classes of samples and derive the loadings enabling discrimination (Barker & 

Rayens, 2003; Brereton & Lloyd, 2014). This type of modelling allowed a test dataset to be 

assessed by the model and provide numerical measures of the specificity, sensitivity, error and 

accuracy of the model. While PCA models were helpful in visualising the differences between 

carcases from grass and grain fed cattle, this technique struggled to show clear separation when 

varying classes were introduced, consequently PCA was utilised as a method for quick, data 

exploration and PLS-DA was utilised as the main chemometric technique for the assessment 

of production system.  Comprehensive sample permutations were used to assess the quality of 

the PLS-DA models with overall model performance considered to be suitable for a more in-

depth investigation using an expanded sample set.   

Overall Raman spectroscopy in combination with chemometric modelling has been 

shown to be able to predict the production system from which carcases originated by assessing 

the subcutaneous fat. For a northern Australian four class model to determine the production 

system, Raman was shown to be an accurate and reliable method with an F1 score indicating 

the separation of 59 % for long term grain fed, 77 % for short term grain fed, 80 % for grass 

and 92 % for grass supplemented carcases. The southern Australian model performed better 

than the northern model with the F1 score showing an accuracy of 98 % for long term grain 

fed, 95 % for short term grain fed, 96 % for grass and 97 % for grass supplemented. 

Additionally, the model developed utilising a two-class grass vs grain classification showed an 

improved ability to predict the northern production systems with an overall accuracy of 94 %, 

whilst the southern grass vs grain model was on par with the individual classes with an accuracy 

of 97 %. As current methods of authenticating the beef production system are reliant on audits, 

which are reported to have a high rate of noncompliance, these models show great promise for 

use in industry to be a method of ensuring labelling claims. 

The spectral peaks at wavelengths 830-890 cm-1, 1050-1130 cm-1, 1290-1310 cm-1, 1430-

1470 cm-1 and 1650-1665 cm-1 were highlighted in the loadings for PCA and PLS-DA models, 

as being important for the discrimination of all production groups. These spectral features 

consistently identified through this research have been linked to the chemical bonds of C-C, 

CH, CH2, CH3 and C=C (Dong, Zhang, Zhang, & Wang, 2013; Faolain et al., 2005; Lakshmi, 

Kartha, Krishna, Solomon, Ullas, & Devi, 2002; Stone, Kendall, Smith, Crow, & Barr, 2004; 

Weng et al., 2000). In particular, the CH2 methylene twisting and scissor deformation, has been 

ascribed to the wavelengths 1206 cm-1, 1301 cm-1, 1440 cm-1 and 1506 cm-1 (Beattie, Bell, & 
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Moss, 2004) whilst also these chemical structures have been shown to be key indicators of 

lipids, in particular fatty acids (Beattie, Bell, Borgaard, Fearon, & Moss, 2006).  

The fatty acid composition of subcutaneous fat differed greatly across varying production 

systems with major differences observed in SFA, MUFA and the omega-6:omega-3 ratio. 

Carcases from grass-based production systems exhibited the lowest total SFA as well as the 

lowest ratio of omega-6:omega-3, largely a result of increased omega-3 FA. Grasses have 

extensively been shown to be a major source of C18:3n-3, and animals grazing on grass have 

consistently shown higher concentrations of C18:3n-3. When high concentrations of PUFA are 

available in the diet, the FA can avoid biohydrogenation in the rumen and enter the small 

intestine for absorption and be stored throughout the body as triglycerides (Chesworth, 1998). 

Carcases from grain fed cattle typically had a higher concentration of omega-6 fatty acids and 

SFA, and these differences were predominately caused by differences in diet. Grain based diets 

increase the absorption of C18:1n-9 and C18:2n-6 due to the high concentration of these FA in 

wheat and barley based diets (Osorio et al., 2013). Grass supplemented carcases exhibited a 

FA composition that was not significantly different to the grass or grain systems, indicating the 

diet consumed by grass supplemented cattle contains C18:3n-3 from grasses, but also these 

cattle have a dietary source of C18:1n-9 and C18:2n-6. 

Chemometric models were developed utilising fatty acid and Raman spectroscopy data 

for northern long term grain fed (57 % vs 86 %; F1-score), northern short term grain fed (71 % 

vs 85 %), northern grass (74 % vs 95 %), northern grass supplemented (85 % vs 98 %), southern 

long term grain fed (87 % vs 87 %), southern short term grain fed (86 % vs 79 %), southern 

grass (73 % vs 85 %), and southern grass supplemented (77 % vs 92 %). Overall the eight-class 

models struggled to discriminate between the production systems due to similarities between 

classes and the reduced capacity for PLS-DA to predict classes accurately when over five 

classes are utilised. The models developed utilising specific data to location performed better 

with an increase in accuracy of 2- 23 %. The largest improvement came by utilising the grain 

vs grass classification as this two-class model resulted in the fatty acid data predicting 99 % of 

the northern classes correctly and 98 % of southern classes and the Raman data predicting the 

northern samples at 94 % and the southern samples at 97 %. Overall developing models 

designed for the specific location is the preferred method, as it more precisely models the entire 

data variance associated with regional influences, in combination with some of the variation 

associated with the feed. Interestingly the southern models developed utilising the Raman data 

outperformed the fatty acid data when assessing the four-class southern PLS-DA models, with 
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a range of 95- 98 % accuracy whilst the fatty acid data produced a 90- 98 % accuracy, in line 

with results from the southern production systems analysed in Chapter 6. This source of 

variation in the fatty acid data requires further investigation to understand where the variation 

in fatty acid data is coming from, as the 90 % accuracy score is resulting from the short and 

long grain fed samples. The spectral features responsible for the discrimination of class include 

the biomarkers of fatty acids, with the key structural bonds of fatty acids able to be identified 

at each wavelength of importance. 

The fatty acid composition of cattle fed in different productions systems are statistically 

different as a result of the diet fed to the animals. These differences were predominantly due to 

the differences observed in the omega-6 to omega-3 ratio which accentuated the differences 

between grain and grass feeding, this was particularly visible when examining carcases from 

across Australia. Cattle produced from  long term grain feeding, regardless of location, 

produced the highest omega-6:omega-3 ratio followed by the short grain fed, grass 

supplemented, and the lowest concentration was observed in the grass fed samples.  

8.2. Future Research 

To better understand the impact production has on the composition of the subcutaneous fat 

there is a need for further research on how different supplements alter the composition as well 

as the required time on feed. Currently in the market there are various supplements allowed in 

the grass-fed labels, but the impact on the composition of subcutaneous fat and the subsequent 

spectra has not been extensively studied. Whilst the effect of supplements on the growth and 

carcase characteristics has been assessed (Carvalho et al., 2017; Wagner, Gill, & Lusby, 2000), 

the effect on the subcutaneous fat and the influence this will have on the spectra is unknown. 

Grass supplemented carcases also pose an issue needing further study as grass supplemented 

carcases are highly variable, depending on the supplemented feed. Where the different grass 

supplemented samples fit within the established models are unknown, and to be implemented 

in industry these samples need to be assessed. The length of time on feed, and how long it takes 

for the subcutaneous fat to change and be detectable as a different production system is another 

potential area for further study to build the robustness of the model. For industry application 

understanding the length of time it takes for a carcase to be classified into another class is 

crucial to developing a reliable model. 
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8.3. Industry Application 

Fatty acid analysis has previously shown reliable results in discriminating between production 

systems (De La Fuente et al., 2009), however, this technique requires a sample to be removed 

from the carcase, a lengthy time between sample collection and a result being known as well 

as being an expensive test requiring trained technicians (Soyeurt et al., 2006). In contrast 

Raman spectroscopic devices are portable, reliable and durable (Beganović, Hawthorne, Bach, 

& Huck, 2019), making them well designed for application within industry. With this study 

showing comparable results from models developed utilising a grass vs grain comparison for 

fatty acid data (F1 score) and Raman spectra for northern grain and grass (99 % vs 94 %) and 

southern grain and grass (98 % vs 97 %), ease of use and potential application become the 

determining factors in choosing a method for industry use. 

For industry uptake, this technology will need more extensive testing to ensure the results 

observed from these studies are accurate and can be replicated across a wide range of unknown 

samples. Areas of research include testing different grass supplemented carcases, different aged 

animals, and carcases produced under different production years to assess climate effects. For 

implementation in industry this technology can be utilised at grading (24 h) for Australian beef 

carcases, and this information can be utilised to assist processors in ensuring consistent product 

is produced and labelled correctly. When utilised in combination with vendor declarations this 

method will be able to identify to processors the carcases that are not conforming to the grass-

fed specifications, enabling the processors to investigate and trace back where these carcases 

were sourced from and audit these producers. Implementation of the technology is possible for 

processors due to the relatively low cost and portable nature of the device. With further testing 

of the model against unknown grass supplemented carcases this model will be a reliable, useful 

tool for the Australian beef industry. A grain vs grass two class model is suitable for application 

in northern Australia, whilst both the four and two class model of southern production systems 

are viable options for implementation in industry for rapid assessment of carcass production 

system. 
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Food adulteration is becoming an increasing concern for consumers around the world. Of particular concern,
is the adulteration of products which attract a premium price due to their perceived quality. Grass fed beef products
are one such food which attract a premium price as some consumers perceive grass fed beef to be a healthier option
produced in ethical production systems. Currently, there is no clear auditing system for grass fed beef products in
Australia and as a global producer of grass-fed beef, it is critical for the Australian beef industry to be able to
verify production system claims for beef products. Thus, a study was undertaken to calibrate Raman spectroscopy
as a tool for the verification of production system of beef carcases produced in Australia. Consequently, a study
was conducted using spectra collected on 930 beef carcases from production systems including grass fed only,
grass supplemented, short term and long-term grain feeding.

The subcutaneous fat at the brisket of each carcase was measured using the Raman device in 3 positions using
an integration time of 3s and 5 repetitions. To determine if the spectra could characterise the fatty acid profile,
spectra for each carcase were averaged and background corrected to remove non- Raman contributions.

Spectra show differences are evident between grass and grain fed cattle at key wavelengths that characterise
fatty acids including 1069, 1125, 1300, 1445 and 1650 cm-1. These differences agree with the previous research
conducted by Logan et al. (2020) who found that spectra collected from grain fed carcases demonstrated higher
intensities at wavelengths which represent the CH2 and C-C bonds associated with higher levels of saturated and
monounsaturated fatty acids.

While spectral patterns are similar for grass and grain fed cattle at most of these intensities, the peak at 1658cm-

1 and spectral features around 1069cm-1 indicate some similarities are present in spectra collected from short term
grain fed cattle and grass supplemented cattle. This suggests the cis fatty acids and ratio of omega 3 and 6 fatty
acids may be affected by supplementing grass fed cattle (Olsen et al., 2008). Although an association was found
between the spectra and production system of origin, further research is required to determine the influence of
supplementary feed type, feeding length and carcase location of the measurements on the ability to use Raman
spectroscopy as a tool for authentication.
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Logan BG, Hopkins DL, Schmidtke L, Morris S and Fowler S M (2020) Meat Science. 160, 107970.
Olsen EF, Rukke EO, Egelandsdal B and Isaksson T (2008) Applied Spectroscopy. 62, 968-74.
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Figure 1. Raman spectra of subcutaneous fat from carcases of cattle from grain
fed (long and short) and grass fed (grass only and grass supplemented)

production systems.
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Introduction
Various feeding and production systems exist for Australian cattle and these 
are necessary to meet the consumer demand for beef. Currently verification 
of production systems is solely based on audits which are costly and time 
consuming. The development of a scientific method for verifying production 
systems is required to reduce costs. A proposed system is to assess the 
fatty acid composition of subcutaneous fat as an indicator of the changes 
in diets. The fatty acid composition of subcutaneous fat has been examined 
previously, but not to compare production systems. While subcutaneous fat 
is a low value portion that is trimmed from the carcase, it provides valuable 
information on the diet of the animal and a study was undertaken to test this 
hypothesis for cattle from two different finishing systems.
Methods
In this investigation 300 beef carcases were sampled: 150 grass-fed and 
150 grain-fed animals. With the grain-fed cattle from a Southern Australian 
feedlot and grass-fed from seasonal pastures in Southern Australia. All diets 
were verified through supply chain methods and directly with the produc-
ers of sampled carcases. A 30g sample of subcutaneous fat was excised 
from the brisket and frozen at -20°C for transport and then were stored at 
-80°C until they were freeze dried, and homogenised using a Foss Knife-
Tech® grinder for 15s. Analysis of fatty acids in the subcutaneous fat were
completed using a one-step extraction method [1].  Extraction of fatty ac-
ids was achieved by using 10mL of chloroform/methanol mixture (2:1v/v)
added to the sample, shaken and centrifuged. Once extracted, an aliquot of
80–100 µl was evaporated to dryness under nitrogen gas. Once evaporated,
the mixture was methylated using 2mL of methanol/toluene mixture (4:1v/v)
containing C13:0 (4µg/mL) and C19:0 (4µg/mL) as internal standards, 200μL
of acetyl chloride and 5mL of a 6% potassium carbonate solution. The fatty
acids were then identified from 80µL of FAME using an Agilent 6890N gas
chromatograph equipped with a SGE BPX70 analytical column.
Statistical analysis was completed using linear mixed effects models, deriv-
ing predicted means and standard errors and calculating least significant
differences between means (at the P = 0.05)for the fatty acids measured
from the carcases of each feed type. To account for any batch effects, day of
measurement was included as a random effect, with cattle feed type also as
a fixed effect. All statistical analyses were completed in R Core Software us-

ing the ‘emmeans’ package and prospectr package.
Results
As highlighted in Table 1, carcases from grain-fed cattle had significantly 
higher saturated fatty acid  (SFA) concentrations (11.1g/100g) compared to 
grass-fed cattle (8.3g/100g).
Although, the concentration of total monounsaturated fatty acids (MUFA) 
in the subcutaneous fat in this study did not differ between carcases from 
grass and grain finishing systems, individual fatty acids including C15:1n-5, 
C16:1n-7t, C17:1n-7, C18:1n-7t, C18:1n-9t, C20:1n-9, C20:1n-15 and C24:1n-9 
showed significant variation. The omega-6 to omega-3 ratio was found to be 
significantly lower in grass fed cattle than in grain fed.
Conclusion
There has been extensive research conducted on the effect of diet on the 
intramuscular fatty acid composition of beef [3]. The  total MUFA  in the 
subcutaneous fat in this study did not differ between  finishing systems, 
which disagrees with previous research that has shown consistent differ-
ences in MUFA [2].
Given that finishing cattle on grain for both long and short periods can cause 
a reduction in the total omega-3 concentration [3] and an increase in ome-
ga-6 fatty acids within intramuscular fat, it is unsurprising that the omega-6 
to omega-3 ratio was found to be significantly different in the subcutane-
ous fat from cattle finished in grass and grain fed production systems. This 
difference in composition of fatty acids is due to cereal grains being rich in 
C18:2n-6, with cattle feed concentrates containing very little lipids and those 
lipids being storage triglycerides. Conversely most grasses are made up of 
55-70% C18:3n-3 [3].
The fatty acid composition of subcutaneous fat is able to be used to deter-
mine a difference between grain fed and grass fed production systems and 
can be used to determine production system and thus verify beef production 
systems. Further research aimed at collecting samples from cattle across 
various levels of grain feeding and supplementation will improve the knowl-
edge and potential use in the industry as a random auditing system of beef 
products.
1 Lepage, G. & C. C. Roy. 1986. Direct transesterification of all classes of lipids 
in a one-step reaction. Journal of lipid research, 27(1):114
2 Noci, F., F. Monahan, P. French & A. P. Moloney. 2005. The fatty acid 
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Table 1. Subcutaneous fatty acid composition from 150 grass- fed and 
150 grain-fed beef carcases Least square means (LSM) and standard 
errors (s.e.) of the subcutaneous fatty acid (FA) composition from 
carcases of 150 grass-fed and 150 grain-fed beef cattle.
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Introduction
The variability in Australian climates means that cattle cannot always be 
grown out in extensive production systems and are therefore finished in 
intensive production systems. Currently, carcases are audited through the 
individual supply chain which represents a significant cost to industry and 
an even greater cost if there is a failure in the auditing process and mar-
ket access is lost for grass fed products.  Alternative processes include the 
analysis of stable isotopes, trace elements, fatty acids, volatile organic com-
pounds, carotenoids and vitamin E [1]. Yet,these analyses are expensive, re-
source and labour intensive and not suited to routine use by processors. 
Continued innovation in Raman spectroscopy devices has facilitated the 
development of smaller more powerful devices which are rapid, robust and 
suitable for real time analysis of chemical composition in processing plants. 
Subsequently, a method was developed to investigate the potential to use 
Raman spectroscopy to authenticate production systems of Australian beef 
carcases.
Methods
The subcutaneous fat from 20 carcases was measured using a Mira hand- 
held Raman device (Metrohm®). The Mira device is a hand held Raman de-
vice with a 785 nm orbital raster scan laser, capable of measuring wavenum-
bers from 400 – 2300 cm-1 with a spectral resolution of 8 – 10 cm-1 and a 
working distance of 7.6 mm and a measuring spot size of 2.5 mm.
Carcases were measured at 25 min and 24 hours post mortem on the neck 
and brisket. Five spectra were taken from each carcase at each location and 
time point using combinations of integration times (0.05 s, 2 s, 3 s, 4.05 s, 
4.48 s, 9.45 s, 10 s) and accumulations (1, 3, 5, 6). Spectra for each carcase 
were averaged for each time point and graphed to allow for examination of 
the quality of the signal including the noise to signal ratios, presence of fluo-
rescence and intensities of peak wavelengths.
Results
Examination of the spectra revealed that the lowest signal to noise ratio and 
least fluorescence were evident when spectra were collected with an in-
tegration time of 3 s and 5 averages, resulting in a total scan time of 15 s 
per position. The average spectra from pre-rigor and post-rigor carcases 
demonstrated that spectra collected at 24 hours post mortem yielded the 

most Raman information (Fig 1). This is particularly evident at between 1030 
– 1156 cm-1 which have low intensities when the subcutaneous fat of hot
carcases is measured.
It is plausible that these improvements in the quality of spectra are asso-
ciated with the temperature of carcases at time of measurement as tem-
perature of the sample influences the light scattering, changing the amount
of Stokes and anti-stokes scattering and as a consequence Raman spec-
tra can become more diffuse [if supportFields]><spanlang=EN-US
style=’font-size:11.0pt;font-family:”Arial”,”sans-serif ”;mso-fareast-font-fam-
ily:Batang;mso-ansi-language:EN-US;mso-fareast-language:KO;m-
so-bid i- language :AR-SA’><spansty le=’mso-element : f ie ld-be -
gin’></span><spanstyle=’mso-spacerun:yes’>  </span>ADDIN
EN.CITE&lt;EndNote&gt;&lt;Cite&gt;&lt;Author&gt;Fujioka&lt;/Au-
thor&gt ;&lt ;Year&gt ;1929&lt ;/Year&gt ;&lt ;RecNum&gt ;3897&lt ;/
RecNum&gt ;&l t ;DisplayText&gt ;[2]&l t ;/DisplayText&gt ;&l t ; re -
cord&gt ;&l t ; rec -number&gt ;3897&l t ;/ rec-number&gt ;&l t ; for-
eign-keys&gt;&lt;keyapp=”EN” db-id=”arz002rrlffz9jer9wav-
set2t9z0fxxazpra”timestamp=”1554093156”&gt;3897&lt;/key&gt;&lt;/
foreign-keys&gt;&lt;ref-typename=”Journal Article”&gt;17&lt;/
ref-type&gt;&lt ;contributors&gt;&lt ;authors&gt;&lt ;author&gt;Fu-
jioka,Y.&lt ;/author&gt;&lt ;/authors&gt;&lt ;/contributors&gt;&lt ; ti-
tles&gt;&lt;title&gt;Influenceof Temperature on RamanLines&lt;/
title&gt;&lt;secondary-title&gt;Nature&lt;/secondary-title&gt;&lt;/ti-
tles&gt;&lt;periodical&gt;&lt;full-title&gt;NATURE&lt;/full-title&gt;&lt;/
periodical&gt;&lt;pages&gt;11-11&lt;/pages&gt;&lt;volume&gt;124&lt;/
volume&gt;&lt ;number&gt;3114&lt ;/number&gt;&lt ;dates&gt;&lt ;-
year&gt;1929&lt;/year&gt;&lt;pub-dates&gt;&lt;date&gt;1929/07/01&lt;/
date&gt;&lt;/pub-dates&gt;&lt;/dates&gt;&lt;isbn&gt;1476-4687&lt;/
isbn&gt ;&l t ;ur ls&gt ;&l t ; re lated-ur ls&gt ;&l t ;ur l&gt ;https ://doi .
org/10.1038/124011a0&lt;/url&gt;&lt;/related-urls&gt;&lt;/urls&gt;&lt;elec-
t ron ic - resource -num&gt ; 10 .1038/12401 1a0&l t ; /e lec t ron ic - re -
source-num&gt;&lt;/record&gt;&lt;/Cite&gt;&lt;/EndNote&gt;<span-
style=’mso-element:field-separator ’></span></span><![endif ][2][if
supportFields]><spanlang=EN-US style=’font-size:11.0pt;font-family:”Ari-
al”,”sans-serif”;mso-fareast-font-family:Batang;m
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so-ansi-language:EN-US;mso-fareast-language:KO;mso-bidi-lan-
guage:AR-SA’><spanstyle=’mso-element : f ield-end’></span></
span><![endif ]. Therefore, measurements at 24 hrs post mortem once the 
carcases have cooled yield the highest quality spectra with the most evident 
peaks.
The point end brisket was identified as the best location to collect spectral 
data on the carcase as spectra collected at that position  also yielded the 
best Raman spectral information. This is most likely due to the hide removal 
processes where the carcase is not trimmed or prepared for the removal of 
hide around the head and neck and the hide on the carcase at this location 
is tighter compared to the brisket. Subsequently, the subcutaneous fat on 
the neck is subjected to a higher amount of hide puller damage resulting in 
an uneven fat cover and consequently poor Raman spectra with higher stray 
light and more contributions from the meat.
Conclusion
This preliminary investigation demonstrated that it is possible to get high 
quality Raman spectra of beef subcutaneous fat using a hand-held Raman 
device. Examinations of location, time post mortem and measurement pa-
rameters indicated that the most useful information on the chemical compo-
sition of fat is evident from spectra collected from the point end brisket at 24 
hours post mortem once carcases have cooled using an integration time of 
3 s and 5 accumulations.
REFERENCES
1. Monahan, F.J., Schmidt, O., and Moloney, A.P. (2018). Meat provenance:
Authentication of geographical origin and dietary background of meat. Meat
Sci, 144: 2-14.
2. Fujioka, Y. (1929). Influence of Temperature on Raman Lines. Nature, 124:
11-11.

Figure 1 

Spectra collected from beef subcutaneous fat from the point-end bris-
ket at 25 min post slaughter (blue) and 24 hrs post slaughter (red)

.
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Introduction
Verifying the production system of beef in Australia is dependent on audits 
and reliant on producers following requirements set by processors, which 
vary for individual grain and grass-fed brands. Maintaining transparency 
through the supply chain for grass fed beef is a significant cost in the form 
of auditing, and an even greater potential cost if there is a failure in the au-
diting process as no objective verification of production system is in place. 
Consequently, there is opportunity to develop a carcase measure that can 
be used to verify beef production systems. This research tested the viability 
of Raman Spectroscopy (RS) to accurately differentiate between production 
systems. RS was chosen as the differences in the subcutaneous fat are be-
lieved to come from changes in the fatty acid and ∝- carotene concentrations 
and these chemical compounds are made up predominately by C-H, C-C 
and C=C bonds which RS is suited for detecting [1].
Methods
From two abattoirs a total of 300 beef carcases were sampled (150 grass-fed 
and 150 grain-fed). All diets were verified through the current supply chain 
methods and directly with the producers of the sampled carcases. At 24 h 
post mortem Raman spectra were collected using a Mira hand-held device 
(Metrohm) in 3 positions on the point end brisket using an integration time of 
3 s. Post scan the subcutaneous fat that was scanned was excised for fatty 
acids analysis using the Lepage and Roy [2] method.
The 3 spectra per carcase were averaged and the wavelengths reduced 
to 600–1800cm-1, scaled continuum correction was then applied to correct 
for non-Raman background contributions.   Principal components analysis 
(PCA) was undertaken and peaks of interest were identified numerically by 
taking second differences. Statistical analysis  of the fatty acid composition 
was completed using linear mixed effects models, deriving predicted means 
and standard errors and calculating least significant differences between 
means (P = 0.05) from the carcases of each feed type.  To account for any 
batch effects, day of measurement was included as a random effect, with 
cattle feed type as a fixed effect. All statistical analyses were completed in R 
Core Software using the ‘emmeans’ package and prospectr package.
Results
The carcases from grain-fed cattle show a higher intensity at the wave-

lengths 1069 cm-1, 1127 cm-1, 1301 cm-1 and 1445 cm-1 (Fig 1). Notably, grain-fed 
cattle did not have a higher intensity at 1658 cm-1, as this peak was highest 
in the carcases from grass-fed cattle.  
Saturated fatty acids (SFA) were significantly (P < 0.05) higher in grain-fed 
cattle (11.1 g/100 g ± 0.43 s.e.) than grass-fed cattle (8.3 g/100 g ± 0.43 s.e.; 
Table 1).  
Clustering evident in the PCA plot (Fig 2) indicates variation in the spectra 
is associated with production system (grass versus grain), with the first two 
principal components accounting for 93 % of data variation.
Conclusion
Given that SFAs have no double bonds C-C and C-H bonds are the dom-
inant features of spectra from SFAs, and they have been characterised at 
wavelengths of approximately 1068 cm-1, 1120 cm-1, 1301 cm-1 and 1445 cm-1 
[3] in pork subcutaneous fat. The peak at 1658 cm-1 in grass fed cattle is more 
difficult to classify and requires further investigation of the bonds reflected
in this peak. Grass-fed samples showed a more intense peak at 1658 cm-1,
which has previously been associated with an increase in the number of un-
saturated fatty acids. Grass fed cattle had a lower omega-6 to omega-3 ratio,
but did not differ from grain-fed cattle in terms of total polyunsaturated fatty
acids. Our results indicate that fat from grass and grain-fed cattle did not
significantly differ in mono- or polyunsaturated fatty acids concentrations.
The PCA shows the ability of RS to split the feeding groups based solely on
the spectra obtained, and further analysis incorporating the fatty acid data
may result in a clearer split of samples. Testing of this model with a more
robust data set including different levels of grain and grass feeding will as-
sist in the development and implementation of this system as an objective
measurement to be used to verify production system.
Grass-fed and grain-fed cattle are able to be successfully differentiated
through the use of Raman spectroscopy. Further investigation into the cause
of the bond at 1658 cm-1 will be beneficial in understanding what in the grass
fed samples is causing the difference in the RS spectra. Further research
could lead to the adoption of RS as an online method of verifying beef from
different production systems.
1 Yang, D. & Y. Ying (2011). Applications of Raman Spectroscopy in Agricul-
tural Products and Food Analysis: A Review. Applied Spectroscopy Reviews, 
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Figure 2. Scatter plot PCA on Raman spectra from 150 grain and 150 
grass-fed beef carcases
Scatter plot of the first two principal components (PC1 and PC2) of 
the principal component analysis (PCA) completed on Raman spectra 
collected from the subcutaneous fat from 150 grain and 150 grass-fed 

beef cattle carcases.

Figure 1. Fatty acid composition of subcutaneous fat from 150 grass-
fed and 150 grain-fed carcases Least square means (LSM) and standard 
errors (s.e.) of the main groups of fatty acid composition from the 
subcutaneous fat on carcases of 150 grass-fed and 150 grain-fed beef 
cattle

Figure 1. Raman spectra collected from subcutaneous fat of 150 grass-
fed (red) and 150 grain (blue) Mean Raman spectra collected from the 
subcutaneous fat of 150 grass-fed (red) and 150 grain-fed (blue) beef 
cattle carcases where the dashed lines show the 5 – 95% quantiles.
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The system by which meat products have been produced is becoming an increasing concern 
to consumers [1] and the interest in products from pasture based or grass-fed beef production 
systems is growing as they are perceived as low-input production systems with improved 
animal health and welfare, providing a wholesome product to consumers[2,3] . Australian 
grass and grain-fed beef products attract premium prices at sale and several beef 
processor’s now market beef underwritten by production system claims. There is currently 
no clear verification system to substantiate the claim of grain and grass-fed beef meat 
products in Australia. Guidelines, certification and auditing of grass-fed production systems 
varies depending on the brand and auditing body and despite vendor declarations 
consumers are not given a clear guarantee of the authenticity of grass-fed product claims. 
This investigation assessed the feasibility of 
using Raman spectroscopy to detect the known 
differences in the chemical composition of 
subcutaneous fat of carcases from cattle raised 
under different production systems (e.g. grass vs 
grain).  

The Raman spectra and fatty acid profile were 
measured on 150 grass and 150 grain-fed cattle. 
Saturated fatty acids were significantly (P < 0.05) 
higher in grain-fed cattle (11.1 g/100 g ± 0.43 
s.e.) than grass-fed cattle (8.3 g/100 g ± 0.43
s.e.) and differences were observed in the
spectra as peaks at 1069 cm -1, 1127 cm -1, 1301 
cm -1 and 1445 cm -1 (Figure 1.). Grass fed cattle 
had a lower omega-6 to omega-3 ratio, but did 
not differ from grain-fed cattle in terms of total 
polyunsaturated fatty acids. The peak at 1658 cm -1 in grass fed cattle is more difficult to 
classify and requires further investigation of the bonds reflected in this peak. Grass-fed and 
grain-fed cattle are able to be successfully differentiated through the use of Raman 
spectroscopy. 
References: 
[1] Montossi, F., Font-i-Furnols, M., del Campo, M., San Julián, R., Brito, G., & Sañudo, C. 2013. Meat Sci.,
95(4), 772-789.
[2] Holman, B.W.B., Coombs, C.E.O., Morris, S., Kerr, M.J., & Hopkins, D.L. 2017. Meat Sci., 133, 133-142.
[3] Verbeke, W., Pérez-Cueto, F.J.A., Barcellos, M.D., Krystallis, A., & Grunert, K.G. 2010. Meat Sci., 84(2),
284-292.

Figure 1. Mean Raman spectra collected from the subcutaneous 
fat of 150 grass-fed (red) and 150 grain-fed (blue) beef cattle 
carcases where the dashed lines show the 5 – 95% quantiles. 
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