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Abstract 

White striping defects in poultry meat is an emerging and growing problem. 

The main purpose of this study was to employ the reflectance of visible-near 

infrared (VIS/NIR) spectroscopy to predict and differentiate the quality traits 

of different levels of white striping defects. Accordingly, 34 out of 60 turkey 

breast fillets were selected representing a different level of white striping 

defects (normal, moderate, and severe). Data of VIS-NIR were analyzed by 

principal component analysis (PCA). It was found that the first principal 

component (PC1) for VIS, NIR and VIS-NIR region explained 98%, 97% and 

96% of the total variation, respectively. PCA showed high performance to 
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differentiate normal meat from abnormal meat (moderate and severe white 

striping). Color indexes (L*= lightness, a*= redness and b*= yellowness), pH, 

marinade uptake, drip loss, cooking loss and chemical composition (moisture, 

fat, protein and ash) have been evaluated. Our findings showed that prediction 

models using partial least squares (PLS) were good for color indexes, pH and 

chemical composition in particular for normal and severe white striped meat. 

In conclusion, the results of this research showed that VIS-NIR spectroscopy 

was satisfactory to differentiate normal from severe white striping turkey 

fillets by using several quality traits. 

Key words: White striping, PCA, PLS, VIS-NIR spectroscopy, quality. 
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1. Introduction 

1.1 General Introduction 

In the last few decades, tremendous improvements have been achieved growth 

rate and breast yield of poultry birds, in order to meet the growing demand for 

poultry meat (Mudalal et al., 2015). Globally, the productivity of poultry meat 

has been enhanced by intentional genetic selection using traditional 

quantitative techniques (Zuidhof et al., 2014). The genetic selection was 

companied by histological and biochemical modifications in the muscular 

tissues of growing birds (Petracci & Cavani, 2012). It was found that genetically 

selected birds had low blood capillary vessels density leading to fiber 

metabolism (Soglia et al., 2018). Accordingly, this was companied by the 

emergence of several muscle abnormalities such as Pale Soft Exudative (PSE) 

(Petracci et al., 2017), Deep pectoralis myopathy (DPM) and the most recent 

were white striping (WS) and hardening of the breast muscle known as 

„wooden breast‟ (Kuttappan et al., 2017). Moreover, intramuscular connective 

tissue defects characterized by a loose structure of muscle fiber bundles called 

„spaghetti meat‟, has been recently observed (Maiorano, 2017). The previous 

poultry meat defects were as a consequence of substantial improvement 

towards increasing growth rate and breast yield (Petracci et al., 2015).  
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All previously mentioned defects in turkey and chicken meats (in particular 

breast meat) are considered as a serious problem to poultry industries because 

they affected adversely the quality traits of premium cuts. These defects 

impaired the visual appearance, as well as reduced technological properties, 

e.g. water holding capacity, texture and color. Accordingly, this reflected 

negatively on consumer acceptance (Kuttappan et al., 2012). The classification 

systems for affected meat by muscle abnormalities are still based on aesthetic 

criteria (variations in the color of the meat, whether the meat is too pale or too 

red, and/or excessive fluid accumulation), could not make an exact judgment 

to deal with meat quality issues, since it is considered as a subjective method 

(Barbut, 2009). The affected meat should be culling out from processing line 

and transformed for further processed meat (such as nuggets and sausages), 

while the rest of carcass is suitable for human consumption (Brambila et al., 

2017). 

Differences in meat composition due to increase muscle abnormalities have 

imposed more pressure on the meat industries to guarantee good meat quality. 

In relation to production and meat evaluation, there is a need to look for rapid, 

non-destructive and non-expensive technique. 
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Over the last years, the use of near-infrared spectroscopy (NIR), in which 

spectrum with wavelength 700-2500 nm, has increased enormously. As it has 

appeared that recognition and estimation the number of product contents can 

be obtained by measuring the amount of NIR radiation that is reflected, 

absorbed, transmitted and/ or scattered at different wavelengths (Gardner, 

2018). 

VIS-NIR spectroscopy technique employed to evaluate the chemical 

composition of meat and meat products (Van Kempen, 2001). It has unique 

advantages if compared with classical methods, such as quick and frequent 

measurements and the ease of samples preparation. Moreover, it fits for online 

applications to assess different quality traits in agriculture field (Abu-Khalaf, 

2015; Beghi et al., 2018), pharmaceutical industries (Guillemain et al., 2017) in 

addition to medical sectors (Monteyne et al., 2018). In another hand, NIR 

spectroscopy still has some limitations, where there is a necessity for reference 

method, low sensitivity to minor constituents, as well as the complexity in the 

calibration (Büning-Pfaue & Hans, 2003). 

The ability of NIR spectroscopy to predict several quality traits of meat such 

as chemical composition (protein, moisture, fat and collagen), pH, water 

holding capacity, etc. have been investigated (Brondum et al., 2000; 
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Meulemans et al., 2003; Yang et al., 2018; Moran et al. 2018). Moreover, the 

possibility of NIR for classification of meat based on feeding regimes 

(Cozzolino et al., 2002), strains (McDevitt et al., 2005) and tenderness 

(Yancey et al., 2010) has been studied. 

1.2 Aim 

There are no available studies that used VIS-NIR spectroscopy to predict the 

quality traits of turkey breast meat affected by different levels of white 

striping. Therefore, the aim of this study is to examine the feasibility of using 

VIS-NIR spectrometer to detect turkey breast muscle abnormalities in defect 

samples and predict some chemical parameters in turkey meat. 

1.3 Objectives 

The objectives of this research are to: 

1) Employ VIS-NIR spectroscopy with multivariate data analysis in order 

to detect turkey breast muscle abnormalities in defect white striping 

samples. 

2) Differentiate different levels of white striping defects. 

3) Predict some quality traits in turkey meat.  
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2. Literature Review: Turkey Meat  
 

In this chapter, the relevant literature is reviewed on the basics of turkey 

taxonomy and history. The discussion continues with an introduction to meat 

quality in general and turkey meat in specific. Then it followed with turkey 

meat production and how to apply this increasing, in addition to an exploration 

of the muscle abnormalities. Finally, a brief description of consumer and 

industry challenges. 

2.1 Turkey taxonomy and history 

According to taxonomy, turkeys are classified in the order of Galliformes of 

the genus Meleagris and Tetraonidae (grouse) family/ subfamily (Banks et al., 

1987). The wild turkey is the common name for the Meleagris gallopavo, and 

the forests of North America are native culture (Banks et al., 2006). The 

female (hen) as in many galliform species is smaller, and if breed/species have 

a colored feather phenotype (not white) the hen is less colorful than the male 

(tom or gobbler). There are seven different subspecies of this kind of wild 

Meleagris gallopavo, these are: Rio Grande (M. g. intermedia), Mexican (M. 

g. gallopavo), Gould‟s (M. g. mexicana), Eastern (M. g. silverstris), Merriam‟s 

(M. g. Merriami), Florida (M. g. osceola) and Moore‟s (M. g. oneusta).  
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The subspecies distinguished by geographic range and plumage differences. 

The “turkey” word came after introducing these birds to Europe, at that time, 

anything foreign was said to be from Turkey and eventually, this word became 

linked with the species (Crawford, 1992).  

2.2 Turkey meat 

Meat in its general definition is the flesh of an animal used as food, which 

composed of tissues, muscle fiber cells, pieces of bones and it also composed 

of fat connective tissue (Lawrie & Ledward, 2006). Turkey and other poultry 

like chicken are classified as „white‟ meat, which is pale color before and after 

cooking. The most common kind of white or light meat is the lighter colored 

meat of poultry, coming from the breast, as contrasted with dark meat from the 

legs (Goldstein & Goldstein, 2006). There are differences in muscle fibers 

type composition within muscles and between animals e.g., myoglobin 

variation (Klont et al., 1998). As a result of myoglobin rule as a heme 

pigment, the existing fiber type profile will result in differences in meat color. 

Due to these differences, postmortem biochemical processes are affected 

along with meat quality. 
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2.3 Turkey meat quality 

There are several extrinsic and intrinsic parameters that affect the final quality 

of the product related to carcass and meat (Guerrero et al., 2017). For 

instance; breed sex (Galvez et al., 2018), age, animal stress during transport 

(Carvalho et al., 2018), nutritional status, pre-slaughter conditions, 

postmortem age and carcass refrigeration rate (Fletcher, 2002). Quality traits 

considered important for a fresh, healthy turkey meat product are color, 

texture and water-holding capacity. pH can be considered one of the most 

important and basic factors that can affect meat quality. Several studies have 

reported differences in pH between breeds, but it is possibly more related to 

differences in the pre-slaughter conditions than to their own breed (Lisitsyn et 

al., 2018). Study based on 15 min postmortem breast muscle pH, for example, 

tom turkey carcasses were classified as rapid glycolyzing (RG), with pH less 

than 5.80, or normal glycolyzing (NG), with pH > 6.00 (Rathgeber et al., 

1999). Another important attribute that affects consumer purchase is color 

(Furnols & Guerrero, 2014). Color visual scores, lightness (L*), redness (a*) 

and yellowness (b*) are the major color parameters used for meat color 

evaluation (light, normal and/or dark). Colors differences are most likely 

associated with the myoglobin percentage since the concentration of this 

pigment has been demonstrated that increases with the animal age, increasing 
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color intensity. There is a correlation between poultry meat color values and 

pH (Fletcher, 1999). The distribution and mobility of water in muscle 

(myowater) ante- and post- mortem in addition to the intrinsic properties of 

the water held within the meat could affect and contribute to other fresh meat 

quality parameters, e.g. water holding capacity (WHC), juiciness and 

tenderness (Pearce et al., 2011). 

2.4 Turkey meat production 

An increasing in poultry per capita consumption has witnessed in recent years. 

Meleagris gallopavo (MGA) turkey is an important agricultural species that is 

largely used as a meat type bird. It is the second largest supplier to the globe‟s 

poultry meat production after chicken (Scanes, 2007). Turkey production had 

increased by approximately 104% since 1970, as a result of growing in poultry 

demand as proteins sources (Patterson et al., 2017). 

There has been a major growth in turkey production represented 5.8% of the 

world poultry meat, in 2009. The average quantity of Palestinian household 

monthly consumption of poultry and meat was 22.9 kg, where the average 

consumption of all Palestinian for turkey meat is about 50 tons per day 

(Palestinian Central Bureau of Statistics (PCBS), 2005). 
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2.5 Genetic selection  

In the past few years, there have been enormous progressions in poultry 

growth rate and breast yield, in order to achieve high commercial meat 

production (Mudalal et al., 2015). Thorough changes in poultry industrial 

productivity have been carried out by intentional genetic selection via 

traditional quantitative techniques (Zuidhof et al., 2014). Commercially, male 

turkeys are usually grown to approximately 20 weeks of age with a weight of 

over 20 kg, this in contrast to the 9 kg of a 3-year-old male wild turkey 

(Williams, 1981). For example, different changes have taken place in the 

turkey industry from 1966 through 2003. Total edible carcass yield increased 

by 6.5 % over this 37 year period. Feed efficiency to 11 kg of body weight for 

the 2003 toms (2.132 at 98 days of age) was approximately 50% better than 

for the 1966 random-bred control turkey line (RBC2 toms) i.e. (4.208 at 196 

days of age). The number of days to reach that weight was halved during that 

period of time as shown in Figure 1 (Havenstein et al., 2007). 
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Figure 1. The difference between modern turkeys (right) and RBC2 toms strain established 

in 1966 and maintained at Ohio State University (Havenstein et.al., 2004). 

 

2.6 Muscle abnormalities 

Histological and biochemical modifications due to genetic selection of the 

muscle tissues have distinctly put more stress on the growing birds (Petracci & 

Cavani, 2012). Without sufficient capillary support, essential nutrients are 

unable to be delivered to the muscle and metabolic waste products such as 

heat and lactic acid will build up in the muscle. This leads to dysfunction in 

fiber metabolism (Soglia et al., 2018). Accordingly, the emergence of recent 

breast meat abnormalities such as white striping (WS) and hardening of the 

breast muscle known as „wooden breast‟ (Kuttappan et al., 2017). In addition 

to deep pectoral myopathy (DPM) (Tijare et al., 2016), which also known as 

„Oregon disease‟ or „green muscle disease‟, it was first described in 1968 as 

“degenerative myopathy” in turkeys and it was consequently studied at the 
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Oregon State University, which usually occurs in supracoracoid and it is not 

related to dietary deficiency or toxicity. Although this condition was first 

recognized in mature breeder turkeys and broiler breeders, it has become 

increasingly common in meat birds. In fact, it has been estimated that DPM 

occurs exclusively in birds that have been selected for high breast meat yield, 

and its incidence is higher in modern intensive farming systems. It is generally 

thought that DPM is due to ischemia and increase the growth of muscle in the 

inelastic sheath. It was found that over the development of supracoracoid is 

not connected with its blood vessel as shown in Figure 2.  

 

 

 

 

 

 

 

Figure 2. Poultry deep pectoralis myopathy (DPM) (Petracci et al., 2015).  
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Another defect is intramuscular connective tissue defects „spaghetti meat‟ 

(Figure 3). Meat affected by this defect is so loose in a structure that the 

muscle fiber bundles can be pulled away with the fingers (Maiorano, 2017). 

Finally, Pale- Soft- and- Exudative (PSE)-like meat (Figure 4). The term PSE 

was originally described for pork meat, which characterized by light color, 

flaccid texture and poor water-holding capacity (Petracci et al., 2017). The 

previous poultry meat defects happen as a consequence of substantial 

improvement towards increasing growth rate and breast yield (Petracci et al., 

2015).  
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Figure 3. Poultry breast meat with the „spaghetti meat‟ defect (Maiorano, 2017). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4. Color differences between normal and PSE- like meat (Petracci & Cavani, 2012). 
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2.7 Customer and industry challenges  

Any changes in physical and/or chemical prosperities in poultry muscles 

before, during and after the slaughter, will directly affect meat quality. These 

serious diseases problems on turkey breast meat impaired the visual 

appearance as well as reduced technological properties, such as water holding 

capacity, texture and color. This led to downgrading consumer acceptance. In 

view of the fact that most of the poultry classifying systems around the world 

are still based on aesthetic criteria (variations in the color of the meat, whether 

the meat is too pale or too red, and/or excessive fluid accumulation), couldn‟t 

make an exact judgment to deal with meat quality issues (Barbut, 2009). 

Although meat color is known as the most important quality feature to 

customers, many factors influence its development. Inherently, heme pigment 

content, color stability and muscle fiber type composition are contributors. 

Environmentally, temperature, processing techniques and inefficient bleed out 

can result in abnormal quality. As the occurrence of growth-related 

abnormalities in turkey breast muscle, the fillet should be culling out from 

processing line and use them for ground- up products, such as nuggets and 

sausages, while the rest of carcass is suitable for human consumption 

(Brambila et al., 2017). The ranges of PSE rate in young turkey breast muscles 

in the Canadian poultry industry, for example, was found from 18 to 34%, 
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while in mature turkey hens from 5 to 41% (Barbut, 1996). In the USA, the 

occurrence range of PSE defect in turkey breast muscles was 30-41% (Owens 

et al., 2000). Processors have encountered an increasing demand for turkey 

meat with good quality due to market segmentation. In response to the many 

specialized markets, the meat industry needs to provide meat based on the 

quality standards and preferences of every different market. Removing the 

most valuable part of the carcass during the trimming process cause an 

obvious reduction in products, this, in turn, incurred significant economic 

losses (Petracci & Cavani, 2012). On the other hand, several studies showed 

that these breast defects also affect the chemical composition of poultry meat 

(e.g., protein content decreases in WS fillets, whereas an increase in fat 

content as the level of affection increase), thus decrease the nutritional value 

of the poultry meat (Petracci et al., 2014). 
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3. Turkey Quality Evaluation 
 

3.1 Methods of turkey meat quality evaluation  

The responsibility of poultry plants is mainly to provide their products with 

good quality to the consumer. Since customers are the final step in the 

production sequence, it is important to identify which factors affect their 

behavioral patterns. This would allow the poultry sector to better persuade 

consumer prospect, demands and needs. Also, it has strongly contributed to 

the improvement of varied systems of production such as the standard, 

certified, free-range or organic productions. Turkey meat industries, which 

produce a different kind of fresh turkey breast meat for local, national or even 

exporting it to other markets, have to look for a good way to sort the meat into 

different categories. Therefore, most turkey meat factories have experts to 

evaluate the quality of meat by different traditional and/or recent methods and 

techniques. The traditional methods are a sensory evaluation, chemical 

analysis and microbiological analysis. A new recent advance in the technical 

sense is optical techniques (Huang et al., 2008). 
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3.1.1 Sensory evaluation of turkey meat 

Expectations of consumers for meat quality grow constantly, which induces 

the necessity of quality control at the levels of slaughtering, meat cutting and 

distribution. The sensory evaluation is the oldest method and still used 

nowadays. It is defined as a scientific method used to evoke, measure, analyze 

and understand those responses to products perceived using senses of sight, 

smell, touch, taste and hearing (Stone, 2012). Poultry meat quality factors are 

typically evaluated by visual inspection from both consumers and specialized 

meat observers. Even it is relatively fast, such as, “there is no instrument 

available that has the complexity, style, sensitivity and range of mechanical 

motions as the mouth or that can quickly change the speed and mode of 

mastication in response to the sensations received during chewing the meat” 

(Singham et al., 2015), but it‟s hard to suitable for a large number of samples. 

Also, the results are typically very subjective, because of meat‟s classification 

different from observer to a group of experts, so evaluation of some quality 

parameters for the meat fillets such as texture, color, in addition to the water 

holding capacity subject to human error (Swatland, 2002). 
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3.1.2 Objective evaluation of meat quality 

To overcome the interferences associated with the sensory evaluation and to 

give a good assessment of meat quality attributes, many objective methods 

have been developed. These objective tests measure one particular attribute of 

meat rather than the overall quality of the product. For decades, laboratory 

analysis has been widely used for meat quality sorting (Mullen, 2002). One of 

the objective techniques is microbiological analysis, which is habitually 

applied to detect biological organisms like bacteria or fungi, and to reveal 

faulty processing methods, as well as testing of deterioration and rancidity, but 

not so much for identifying other content (Manea et al., 2017). It gives reliable 

results provided that, for instance, the culture does grow and it is visible, or 

the sample is not contaminated by some other sources (Nelson & Sperry, 

1991). However microbiological analysis must be correlated with sensory 

testing, but it is time-consuming, expensive than sensory evaluation and it is 

very tedious. Another traditional technique is chemical analysis. It gives a 

reliable result about meat quality when the meat samples measured carefully 

(Andree et al., 2010). Different meat quality measurements, like pH, water 

holding capacity, protein contents, color and fat contents have commonly been 

considered as essential elements in meat quality assessment. These attributes 

cannot be evaluated by sensory or subjective methods only, so meat plants   
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have been looking for evaluation methods with faster, easier and good 

precision and accuracy (Mullen, 2002). Chemical analysis can overcome the 

previous methods limitations but it also has some drawbacks, e.g. the need for 

accurate and correct calibration, the processes may not work correctly due to 

some substances affect on other results (Singham et al., 2015), if the 

distribution of the substance in the measured sample is non- uniform maybe 

will change the result, toxic waste production, in addition, it is considered a 

destructive method. Due to economic and environmental issues, the number of 

analysis samples should be limited. It is still time- consuming and not suitable 

for online measurements. 

 

3.2 Rapid spectroscopic technologies for meat quality evaluation 

Differences in meat composition due to increase muscle abnormalities have 

imposed more pressure on the meat industries to guarantee high meat quality. 

In relation to production and meat evaluation, there is needed to look for rapid, 

non-destructive and non-expensive technique (Abasi et al., 2018). 

Spectroscopic technology is proper for food characteristics and chemical 

components analysis. This technology includes ultraviolet and visual 

absorption, fluorescence emission (Karoui, 2018), near-infrared and mid- 

infrared absorption (Manley & Baeten, 2018), Raman scattering (Gillibert et  
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 al., 2018), nuclear magnetic resonance (Fan & Zhang, 2018), microwave 

absorption (Ekezie et al., 2017) and (ultra)-sound transmission (Damez & 

Clerjon, 2008). 

3.2.1 Visible-near infrared spectroscopy 

Visible and near-infrared spectral radiation is defined as emission in the 

spectral range from 380 nm up to 2500 nm (Figure 5). The visible region is 

approximately 400–780 nm, while near-infrared region is usually defined by 

the wavelength range from 780 to 2500 nm (Marten et al., 1989). 

 

 

 

 

 

 

Figure 5. The electromagnetic spectrum and NIR representation (Davies, 2005). 

 

The vibration overtone from chemical bonds, which absorb light energy at 

specific wavelengths appearing in the visible and near-infrared spectral region, 

contains an abundance of chemical information. This information can be 

determined from spectra measured by spectroscopy. The reflectance features 

of any product in the visible region are recognized by humans as color, which 

gives information about pigments in the products. In the human grasp, color   
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directly relates to commodities appearance and quality traits (Abbott, 1999). 

At room temperature, organic molecules are always in motion that means its 

covalent bonds are not rigid and behave like flexible springs (bend, twist and 

stretch). These complicated vibrations can be divided into individual 

vibrational modes (Figure 6) (Soderberg, 2016). The vibrational energy of 

molecules is quantized, so when a molecule is exposed to electromagnetic 

radiation it will absorb energy that matches the frequency of one of its 

vibrational modes (Coates, 2000). 

 

 

 

 

 

 

 

 

 

Figure 6. A few types of molecular vibrational modes (Soderberg, 2016). 
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NIR spectroscopy region is mainly characterized by absorption bands caused 

by stretching vibrations of hydrogen (H) bonds with carbon (C) (C-H), oxygen 

(O) (O-H) or nitrogen (N) (N-H) atoms, in addition to combinations of the 

essential vibration transitions in the IR region (Parker, 2012). Large changes 

in vibration state are observed (overtones) in the NIR region and the amount 

of light absorption is directly increased with the high concentration of the 

molecules present in the product (Van Kempen, 2001). Molecule‟s 

configuration is the key factor for the light frequency used to increase the 

molecule‟s vibration. The vibrations between carbon and hydrogen atoms in 

one molecule, for example, need a light with a different frequency from that  

required in the same bond in other different molecules. That means each 

molecule has its own NIR profile or fingerprint, as a result, NIR light can be 

utilized to identify and quantify materials. 
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3.2.1.1 Visible-near infrared spectral applications 

The history of near-infrared (NIR) begins with Frederick William Herschel in 

1800 (Ring, 2000). Over the last years, the use of spectroscopy has increased 

enormously as it has appeared that recognition and estimation the number of 

product contents can be obtained by measuring the amount of NIR radiation 

that is reflected, absorbed, transmitted (Gardner, 2018), and/or scattered at 

different wavelengths (Figure 7). 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Sample presentation for near-infrared (NIR) spectroscopy. N: NIR light source, 

D: detector (Alander et al., 2013).  
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Therefore, NIR spectroscopy has been successfully implemented as a fast at-

line and on-line quality control method in many areas of industry. For 

example, agricultural products and foodstuffs areas lists some of the sectors 

where NIR technology has succeeded for qualitative and quantitative 

purposes, such as, grains and seeds (Zhang et al., 2018), livestock and marine 

products (Bartlett et al., 2018), in addition to fruits and vegetables (Abu-

Khalaf, 2015; Beghi et al., 2018), beverage (Genisheva et al., 2018) and other 

processed food. Moreover, NIR has the ability to assess different quality traits 

in medical (Monteyne et al., 2018) and pharmaceutical sectors (Guillemain et 

al., 2017).  

3.2.1.2 Visible-near infrared spectral analysis of meat 

NIR spectroscopy technique employed to evaluate the chemical composition 

of meat (ground/ intact) and meat products (Van Kempen, 2001). The ability 

of NIR to predict several quality traits of meat such as chemical composition 

(protein, moisture, fat and collagen), pH, water holding capacity, etc. have 

been investigated (Brondum et al., 2000; Meulemans et al., 2003; Moran et 

al., 2018; Pieszczek et al., 2018; and Yang et al., 2018). Moreover, the 

possibility of NIR for classification of meat based on feeding regimes 

(Cozzolino et al., 2002), strains (McDevitt et al., 2005), geographical region 

and tenderness (Yancey et al., 2010; Su et al., 2012) has been studied.  



 

27 
 

3.2.1.3 Advantages and limitations of VIS-NIR technique 

Visible-near infrared technique has unique advantages if compared with 

classical methods such as, sample preparation is not required leading to 

significant reductions in analysis time (dos Santos et al., 2018), non-

destructive testing, waste and chemical reagents are minimized, so it is 

considered as environmentally friendly techniques. In addition, it fits in a wide 

range for online applications (physical and chemical) and viewing 

relationships (Manley & Baeten, 2018), which is difficult to observe by other 

means. It is good to detect hazardous materials since remote sampling is 

possible (Husnizar et al., 2018). Also, it is suitable even the content is not 

uniform or solid material such as minerals (Vaudour et al., 2018). In another 

hand, NIR still has some disadvantages, where there is a necessity for 

reference method, low sensitivity to minor constituents, optical path must be 

kept clean and overlapping bands (combination) is not easy to interpret. Also, 

differences in spectra are often very subtle. As well as the complexity in the 

calibration (Büning-Pfaue & Hans, 2003).  
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3.3 Visible-near infrared analysis methods 

Responses from spectral data obtained from the samples contain information, 

which provides details about chemical constituents and the item‟s nature 

(Casasent & Chen, 2003). Looking for the best chemometrical or statistical 

method for data analysis is a very important step to avoid losing information 

from samples‟ data. In another hand, Chemometrics is inherently 

interdisciplinary that fill the gap between different analytical methods such as 

multivariate statistics, applied mathematics and computer science and their 

applications in chemistry, biology, biochemistry, medicine, etc. These 

applications play a major and relevant role in spectroscopy and allow 

identifying and studying the internal relationship between data sets (Burgard, 

2018). 

2.3.1 Multivariate data analysis (MVDA) 

Multivariate data analysis (MVDA) is a powerful technique based on the 

statistical principle of multivariate statistics, which has observations and 

analysis of more than one variable outcome at the same time. It tries to reduce 

the data set and gives an idea about the desired quality parameters (Anderson 

& Mathematicien, 1958). Different approached have been used for this kind of 

data analysis, for instance, data mining technique, multiple linear regression   
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(MLR) was used with principal component analysis (PCA) and showed good 

discrimination between loins samples subjected to different cooking 

conditions. González-Mohino et al. (2018) and De Marchi et al. (2017) 

applied a modified partial least- squares (MPLS) for sodium (Na) prediction in 

processed meat products. Also, Geronimo et al. (2018) applied PCA to the 

NIR dataset, followed by linear discriminate analyses (LDA) models for 

identification and classification of chicken with the wooden breast. In addition 

to the already mentioned approached, some other different methods have been 

used for spectral data processing, for example, stepwise regression (SR) (Feng 

& Sun, 2013), stepwise multiple linear regression (SMLR) (Reis et al., 2018) 

and partial least squares (PLS) (Wubshet et al., 2018). 

2.3.1.1 Principal component analysis (PCA) 

Principal component analysis (PCA) is a mathematical procedure for resolving 

a large set of correlated response variables into principal components (PCs), 

generating a smaller new set of non-correlated variables whose linear 

combinations approximate the original data to any desired degree of accuracy 

(Wold et al., 1987). In other words, the basic idea is to find hidden structures 

in a dataset to describe these structures. Principal component analysis is 

commonly used for spectroscopy data analysis to observe the variance   
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structure of data and visualization of its natural clustering, subsequently 

multivariate methods (Abdi & Williams, 2010). The data are usually spectra in 

spectroscopy analysis, and the number of components is equal to or smaller 

than the number of variables or the number of spectra (Burns & Ciurczak, 

2007). In PCA, VIS-NIR spectra represented a bilinear model of the data 

matrix X. PCs represent in a pattern of observations in plots. The structural 

part consists of a scores plot, explains the relationship between samples, and a 

transposed loading plot explains the relationship between variables (Jolliffe, 

2011). The major uses of PCA plots are provided descriptive information 

about the structure of data, rather than inferential (Jolliffe & Cadima, 2016). 

3.3.1.2 Partial least squares (PLS) 

Partial least squares (PLS) is a well known statistical method which was 

introduced in the 1960s by the Swedish statistician Herman Wold as an 

econometric procedure, who then developed it with his son, Svante Wold. 

Later on, it used by chemical engineers and chemometricians and in other 

related scientific fields (Wold et al., 2001). PLS is used to find a linear 

correlation by projecting the predicted variables and the observable variables 

to a new space. So, PLS is in addition to PCA are called projection methods, 

because they used to reduce the number of original variables and reject noise  
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(Legin et al., 2004); instead of finding hyper-planes of maximum variance 

between response and independent variables. Partial least squares components 

as mentioned before try to reduce the original X data (spectroscopic data) to a 

very small number of latent variables, by finding a linear decomposition with 

Y-data structure (chemical analysis data), whether Y is a single response or 

multi-response, such that: 

 

X= TP
T
+ E, and Y= UQ

T
+ F, where                                   (2.1) 

 

     T = X- scores          U = Y- scores  

     P = X- loadings      Q = Y- loadings  

     E = X- residuals      F = Y- residuals  

 

By this way, the decomposition is finalized to increase covariance between T 

and U (Rosipal & Krämer, 2005). These two types of data are usually 

organized into two types of matrices, as represented in Figure 8 (Esbensen et 

al., 2002).  
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3.3.2 Preprocessing 

In general, VIS-NIR spectral data are subjected to some long-standing 

problems due to several reasons, for example, instrument drift, changes in 

temperature, scatter effects and chemical interferences. These problems cause 

missing in some spectral data or make them out of range. Also, it leads to a 

low combination between spectral values. So to obtain more accurate and 

robust results without non-relevant spectral information VIS-NIR spectral 

preprocessing data is needed. 

  

Figure 8: Matrices of the two types of measurments (Esbensen et al., 2002).  
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Different pre-processing techniques are applied to spectral data to give a good 

prediction model. These pretreatments are very efficient to eliminated noise, 

variability and remove some physical phenomena. One of the preprocessing 

techniques used to improve the following analysis is multiplicative scatter 

correction (MSC) transformation method (Li & He, 2006). It is used to 

compensate for additive and/or multiplicative effects in spectral data. Another 

one is standard normal variate (SNV), which is a mathematical evolution 

technique of the log (1/R) spectra, it is used to delete slope variation and to 

correct for scatter effects (Barnes et al., 1989), in addition to first (1
st
 D) and 

second (2
nd

 D) derivatives. Both of 1
st
 D and 2

nd 
D delete baselines flung and 

small spectral differences are strengthened. The first and second derivatives 

are applied using Savitzky–Golay transformation followed with smoothing 

(e.g., 15-point and second polynomial order) to prevent noise increasing, 

which is a consequence of derivative. This smoothing is done by the algorithm 

of Savitzky–Golay, which is a very useful method to effectively remove 

spectral noise spikes while chemical information can be kept (Rinnan et al., 

2009). Finally, baseline correction, which is an essential pretreatment method 

to the experimental data to reform baseline variations (Rinnan et al., 2009). 
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3.4 White striping and turkey meat quality evaluation using 

VIS-NIR reflectance spectroscopy  

One of a group of growth-related defects in poultry that has been recently 

developed in the recent years is White striping (Alnahhas et al., 2016; 

Kuttappan et al., 2016; Griffin et al, 2017).. The appearance of white striation 

(WS) with variable thickness parallel to the muscle fiber direction is a distinct 

feature for this defect, commonly occurring in the pectoralis major muscle 

(Kuttappan et al., 2012; Mudalal et al., 2015). This myopathy negatively 

affects on the most precious part of a carcass and leads to undesirable 

nutritional changes (reduce protein content also increase fat and collagen 

contents) (Mudalal et al., 2015; Bowker & Zhuang, 2016). As a result, it 

decreases purchase intentions by reducing quality traits. Global attention and 

different studies towards „poultry myopathy‟ in general and „WS‟ in particular 

have increased nowadays (Alnahhas et al., 2016; Zambonelli et al., 2016; 

Geronimo et al., 2018; and Jiang et al., 2018). Using VIS-NIR technique with 

its advantages- as mentioned in the previous sections- has increased among 

poultry industry lines for professionals seeking to enhance meat quality, 

predict muscles abnormalities and grading the defects degrees (Liu & Chen, 

2000; Wold et al., 2018;). There are no studies in the literature concerning the 

use and assessment non-destructive methods, for instance, NIR spectroscopy 
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to obtain a more accurate method to classify and predict WS turkey breast 

meat. This study focused on WS issued related to turkey breast meat 

production and meat industry. And employ the VIS-NIR method with MVDA 

for modeling the studied case.   
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4. Materials and Methods 
 

4.1 Sampling and storage conditions  

From local Palestinian slaughterhouse near Tulkarm city (Palestine), more 

than 60 pectoralis major muscles of 20-week old tom turkey birds were 

randomly selected based on the appearance of white striations. The evaluation 

of the presence of white striping was performed on the processing line at 1-2 h 

of post-mortem after the breast-deboning area. Out 60 pectoralis major 

muscles, 34 muscles were classified into three groups: normal (free of white 

striations), moderate (when white striations thickness <1 mm) and severe 

(when white striations thickness >1 mm) as shown in Figure 9 (Kuttappan et 

al., 2012). Samples were subjectively pre-selected and pre-classified into 

categories, packed on ice and transported to Palestine Technical University- 

Kadoorie (PTUK) laboratory for VIS-NIR measurements. Then they 

transferred to An-Najah National University laboratories for other quality 

traits analysis. The pectoralis major muscles were excised from the whole 

breast muscle. Excessive fat, connective tissue, cartilage and bone fragments 

were avoided to minimize sampling errors. After 24 h of postmortem, the 

samples were reclassified again to three categories as previously mentioned to 
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ensure that each sample is fit to each group because sometimes the thickness 

of white striation may slightly change during post-mortem time. 

 

 

 

 

 

 

 

 

Figure 9. Representative samples of breast fillets with A. normal (no striping), B. moderate 

and C. severe degrees of white striping (Kuttappan et al., 2012). 

 

4.2. Visible-near infrared spectroscopy measurements 

In each turkey breast meat sample (n = 34), three spectra were collected 

directly on the skin side, in radial section and in tangential section, in a room 

with a temperature of 23±2
◦
C and relative humidity of 60%. A USB 2000+ 

miniature fiber optic spectrometer (Ocean Optics, USA) with a vivo light 

source and 50 µm fiber optics probe was used for spectra acquisition.  
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The spectra were obtained at scans with a resolution of 0.35 nm full width at 

half maximum (FWHM) and spectra range 550-1100 nm. It also has a 2048-

element CCD-array detector, 2-MHz analog to digital (A/D) converter, in 

addition to a high-speed USB 2.0 port. The USB2000+ can be controlled by 

Spectra Suite software. This device is equipped with an active fan cooling to 

overcome the risk of sample overheating. The 4 halogen tungsten light sources 

make the vivo a high-powered VIS-NIR source, which allows a shorter 

integration time than conventional methods (Ocean Optics, USA). The 

integration time used in this investigation was 1340 µs. A total of 102 spectra 

were obtained for turkey samples, and then the average spectra were taken. The 

VIS-NIR analyses were performed in the diffuse reflectance mode and then 

recorded as absorbance log (1/R). To ensure the stability of the measurements, 

a diffuse reflectance standard WS-1 (Ocean Optics, USA) was used as the 

optical reference standard for the system every five minutes during the 

experiment. The dark reference was done once at the beginning of each 

experiment, by closing the entrance of incoming light from probe to the 

USB2000+ miniature fiber optic spectroscopy using a plastic cap. At the end 

of all spectral measurements, the acquired data were well stored for later 

analysis. 
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4.3 Quality traits analyses 

Samples used for VIS-NIR study calibrations (n = 34) were obtained from an 

unpublished study done at An-Najah National University laboratories. Each 

fillet was subjected to different proximate chemical composition (moisture 

content, fat, protein composition and ash) and technological properties (color 

indexes, pH, drip loss, cooking loss and marinade uptake) measurements. 

4.3.1 Color measurements  

On the skin-side surface of each fillet from the cranial area, color parameters 

(L*= lightness, a*= redness and b*= yellowness) were measured in triplicate 

by the using a Chroma Meter CR-410 (Konica Minolta, Japan) based on the 

CIE (Commission Internationale de l'Eclairage) system (Internationale de 

lÉclairage, 1978). The color measurement method is called CIELAB, where 

L* (lightness) represents the difference between light and dark, a* represents 

the difference between green and red, while b* represents the difference 

between yellow and blue as shown in Figure 10. 
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Figure 10. CIELAB color space (Molino et al., 2013). 
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4.3.2 pH analyses 

pH has been measured by using the adopted method described by Jeacocke 

(1977). (Muscle pH was measured to understand its effect on different quality 

traits of turkey breast meat. About 2.5 g of meat for each sample was collected 

from the top of the cranial part as shown in figure 11, minced manually, then 

homogenized with ultra-turrax for 30 s at speed 10,000 rpm in 25 ml of 

iodoacetate (5 mM) and potassium chloride (15 mM) solution. The pH of meat 

suspension was measured by pH-meter calibrated at pH 4.0 and 7.0. 

 

 

 

 

 

 

 

 

Figure 11. Positions for the determinations of pH, (marinade uptake, drip loss and cook 

loss) and chemical composition (moisture, protein, fat and ash) in the pectoralis major 

muscle of the turkey breast meat (Mazzoni et al., 2015). 
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4.3.3 Marinated and non-marinated meat cuts 

From each fillet, a cut (10 × 5× 3 cm) has been excised from the cranial area 

to evaluate marinade uptake, drip loss and cooking loss.  

4.3.3.1 Marinade uptake 

Marination and tumbling have been carried out for all meat samples belong for 

three groups by using a small-scale vacuum tumbler (model MGH-20, Vakona 

Qualitat, Lienen, Germany) for 25 min (speed 20 rpm, 500 rounds) at pressure -

0.95 bar. The marinade solution was added to obtain 1.5% of sodium chloride 

and 0.4% sodium tripolyphosphate (STPP) in finished product after 

marination. Marinade uptake was calculated based on meat cuts weight before 

marination (W1) and its weight after marination (W2), according to the 

equation: 

Marinade uptake (%) = [(W2- W1)/ W1] × 100%          (4.1) 

4.3.3.2 Drip loss 

After the previous step, the samples have been stored in refrigerator at 2
◦
C to 

4
◦
C for 48 h, then the weights have been recorded (W2) to calculate drip loss as 

the following equation: 

Drip Loss (%) = (W1- W2)/ (W1) × 100%                     (4.2) 
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4.3.3.3 Cooking loss  

After 48 h from calculating drip loss percent, samples were vacuumed, 

packaged and cooked in water bath at 80
◦
C for 24 min until the internal 

temperature reached 80
◦
C. Finally, the meat samples were removed from bags 

and reweighed to measure cook loss, according to the following equation: 

 

               
                                                               

                              
                    

 

4.3.4 Proximate chemical composition 

Different proximate chemical compositions were calculated for the remnant 

part of the fillets after minced, to have a homogenous mass.  

4.3.4.1 Moisture content  

The moisture content for raw turkey breast meat was measured according to 

AOAC official methods (Helrick, 1990), as the following equation: 

 

Moisture (%) = ((initial weight– dry weight)/ initial weight) ×100%     (4.4) 
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4.3.4.2 Crude protein (CP) determination 

The crude protein (CP) was determined according to the official procedure 

reported by the Kjeldahl method (Jones Jr, 1991), it is an official method 

described in AOAC (1990) normative. This is used to determine the nitrogen 

content in organic and inorganic samples, through three major steps: first, 

digestion (organic nitrogen is converted into NH4

), second, distillation (NH3 

is distilled and retained in a receiver vessel), finally, titration (nitrogen is 

determined). 

After applying the previous three phases on minced turkey breast meat protein 

content was obtained multiplying the concentration of nitrogen by the 

conversion factor of 6.25 (calculated for meat and meat product) and 

expressed as a percentage in the below equations, where N represents 

normality:  

           
                                                                    

                         
                

 

Protein %= Nitrogen % ×Conversion factor                         (4.6) 

4.3.4.3 Crude fat determination 

One of the most aspects of meat processing and production is fat content. 

Turkey breast meat cuts were subjected to the standard method for crude fat 

determination called “Soxhlet” method (Helrick, 1990).  
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This method recognized by AOAC. After following Soxhlet method steps, this 

presented in Figure 12. The percentage of fat content was calculated as the next 

equation: 

              
              

                
                 (4.7)  

 

 

 

 

 

 

 

 

 

Figure 12. Different fat extraction steps by modern automated Soxhlet extractor (Analytical 

Solution for Food Analysis and Quality Control- FOSS, 2017).  

 

 

 

 

  

1. Boiling 

Rapid solubilization in  

boiling solvent  

 

2. Rinsing 

Efficient removal of 

remaining soluble matter. 

3. Recovery 

Automatic collection of distilled 

solvent for re-uses. 

 

4. Auto-shut down 

The system closes down and the   

cups are lifted from the hot plate. 
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4.3.4.4 Total ash contents  

Dry ashing procedure was chosen to measure the total amount of minerals in 

the breast meat. Meat cut sample was heated in a muffle furnace at 525˚C for 

one hour then cooled in desiccators. About 5 g of finely minced meat was 

accurately weighted in the ashing dish. After that, the sample was dried in an 

air oven at 102˚C for two hours. The sample was well-cooked in a muffle 

furnace at 200˚C and then followed by charring step at 525˚C for 4 h, after the 

samples have been cooled to 200˚C, moved to desiccators for cooling at room 

temperature. The turkey meat cut sample was weighed before and after ashing 

to determine the concentration of ash present. The percentage of ash content 

can be measured on a wet basis as the following equation: 

                  
                        

                        
                   (4.8) 

 

4.4 Data processing and statistical analysis 

4.4.1 Spectral analysis 

The Unscrambler program (version 9.7, CAMO Software AS, Oslo, Norway) 

was used for both PCA and PLS.  
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4.4.1.1 PCA analysis 

To investigate the possible differences in three types of turkey breast meat 

(normal, moderate and severe) at three ranges, i.e. VIS (550-700 nm), NIR 

(700-1100 nm) and VIS-NIR (550-1100) wavelengths, a PCA model was 

carried out. 

4.4.1.2 Prediction model and spectra pre-processing 

Different pre-processing of the raw spectra was performed before building the 

calibration models using PLS, for example (SNV, MSC, 1
st
 D, baseline 

correction, 2
nd

 D and smoothing) and combination from them. Visible and 

near-infrared spectra with eleven quality traits e.g. color indexes (a*, b* and 

L*), physical parameters (pH, uptake for marinated, cooking loss and drip 

loss) in addition to proximate chemical (moisture content, crude fat, protein 

content and ash), for the three types of turkey breast meat (normal, moderate 

and severe) were used to build PLS models. 

Full cross-validation (each sample temporarily excluded from model 

development but still ultimately involved in the development of the model) 

was used as the validation method during building PLS models, in which one 

validation sample was removed from the calibration set and the PLS model   
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was then established based on the remaining calibration samples (ElMasry et 

al., 2011). The calibration was made based on the averages of three spectra for 

each breast meat type. After that, this calibration was applied to predict 

chemical quality traits to investigate whether it was possible to discriminate 

normal turkey breast fillets from WS fillets (moderate and severe) based on 

these values. Then the quality traits of samples from the independent prediction 

set were used to confirm the predictive ability of the established PLS model. 

4.4.1.3 Model performance 

To know the predictive ability of the chosen PLS model different statistical 

measurements were used as the following: 

1. Root-mean-square error (RMSE) estimated by calibration and prediction 

(RMSEcal and RMSEp), these calculate the accuracy of calibration and 

prediction as the below formulas:  

          √∑
       

 

   

 

   

                                 

            √∑
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Where: 

- ŷi and yi are the predicted and observed values of sample i, 

- n: number of samples. 

2. The coefficient of determination in calibration (R
2

c) and prediction (R
2

p), 

these values describe how well the obtained data points fit the line of PLS 

regression model. These values range from 0 to 1. 

Commonly, the model, which has the highest coefficients of determination 

(R
2

cal and R
2

p) and lowest root-mean-square error (RMSEcal, RMSEp) as well 

as a small difference between RMSEcal and RMSEp, is adopted as an 

acceptable model (He et al., 2013). 

3. The ratio of performance deviation (RPD), this is equal to the standard 

deviation (SD) of the chemical values divided to RMSE.  

    
  

    
                                 

In general, different studies suggest that PLS model with an RPD value less 

than 2.5 doesn‟t provide a sufficient prediction, while RPD value between 2 

and 3 considered as a good PLS model, whereas model with RPD value more 

than 3 gives an excellent prediction (Nicolai et al., 2007).  
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4. Range error ratio (RER), this is equal to the range in the compositional 

values (i.e. the maximum value minus the minimum value) divided by the 

RMSE. 

    
       

    
                            

American Association of Cereal Chemists (AACC) Method 39- 00.01 put 

threshold to accept the PLS according to RER value (AACC, 1999). Any 

model with RER value more than four is qualified for further screening 

calibration. While RER value is more than or equal to 10, the model is 

acceptable for quality control. Finally, the model considered very well for 

research quantification when its value equal to or more than 15 (Rambo et al., 

2013; Nduwamungu et al., 2009). 

5. Relative error (RE), it is defined as the absolute error relative to the size of 

all measurement, calculated as the next formula: 

   
    

 
        

 
 
                                

The R
2
, RPD, RER in addition to RE values don‟t have a unit (dimensionless), 

that means they can be compared on the same basis between PLS models for 

different parameters (Kapper et al., 2012).  
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Although the numbers of samples are few, the objective of the study is to test 

the potential of VIS-NIR technique to predict chemical changes between WS 

and normal turkey breast fillets. 

4.4.2 Statistical analysis 

Statistical analysis was applied to identify differences in quality traits between 

normal and WS (moderate and severe) turkey fillets. The differences in quality 

traits were evaluated by ANOVA. The model tested the major effects of WS 

degrees (normal, moderate or severe) and replication, in addition to the 

interaction term using the general linear model (GLM) (SAS, 1988) on meat 

quality traits. Comparisons of means were performed by the Tukey‟s honestly 

significant difference multiple range tests at a 5% significance level. 
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5. Results and Discussion 
 

5.1 Chemical characteristics  

Descriptive statistics including mean, range, maximum and minimum values, 

standard deviations (SD) and coefficients of variation (CV) obtained from 

quality parameters (i.e. color indexes (a*, b* and L*), pH, drip loss, cooking 

loss and marinade uptake) in addition to chemical quality traits (i.e. crude fat 

content, protein content, ash content and moisture content) of turkey breast 

meat used for the calibration and validation sets are shown in Table 1. 

In general, there were many changes in the physio-chemical quality traits due 

to the presence of white striping defects in the turkey breast meat. The values 

color indexes obtained in this study were in agreement with previous studies 

(Petracci et al., 2014; Sihvo, Immonen, & Puolanne, 2014; Mudalal et al., 

2015). It was found that the obtained range of L* value for all groups was 

56.93– 71.53. Therefore, fillets in all groups were classified as PSE (L*>53). 

Color indexes L*, a* and b* had wide ranges (63.69-71.53, 0.1-4.49 and 1.57-

6.99), respectively for normal meat. In addition, redness index (a*) of normal 

meat had CV higher than moderate and severe white striped meat, i.e. 76.28 

vs. 54.36 and 49.67, respectively.  
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On the contrary, lightness (L*) and yellowness indexes (b*) of normal meat 

exhibited lower CV than moderate and severe white striped meat. Moderate 

and severe white striped meat exhibited significantly higher values of redness 

index (a*), i.e. 2.98 and 3.06 vs. 1.56, at p<0.05 and lower values of 

yellowness index (b*), i.e. 7.27 and 7.98 vs. 4.20, at p<0.05, if compared with 

normal meat, respectively. Moderate and severe white striped fillets exhibited 

higher a*-values (i.e. 2.98 and 3.06 vs. 1.56, at p<0.05) than normal fillets. 

Similar results have been observed in previous studies (Mudalal et al., 2014; 

Sihvo et al., 2014). This result may be explained due to the significant 

increase in the pH of white striped fillets.  

In the same context, moderate and severe white striping fillets had 

significantly b*-values (7.27 and 7.98 vs. 4.29, at p<0.05) higher than normal 

fillets. The increase in b*-values may be attributed to increasing in fat content 

that has been observed in this study which also was consistent with previous 

studies (Kuttappan et al., 2012; Petracci et al., 2014). 

pH ranged from 5.93 to 6.24, 5.92 to 6.25, and 6.12 to 6.30 for normal, 

moderate and severe white striped meat, respectively. Severe white striping 

meat had significantly pH higher than normal and moderate meat.  
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These results were in agreement with previous studies (Mudalal et al., 2015; 

Tijare et al., 2016). 

Marinade uptake ranged from 9.38 to 17.07, 9.21 to 21.42 and 13.48 to 24.61 

for severe, moderate, and normal meat, respectively, but there were no 

significant differences between groups.  

The presence of white striping did not exhibit any effect on drip loss, cooking, 

moisture and ash. It was that moderate and severe white striped meat had 

higher fat contents 1.27 and 2.17 vs. 1.02, at p<0.05 and lower protein 

contents 23.12 and 21.06 vs. 24.07, at p<0.05 when compared to normal meat. 

This may be attributed due to myodegeneration companied by fibrosis and 

lipidosis (Kuttappan et al., 2012; Petracci et al., 2014). 

 



 

 

Table 1: Approximate chemical composition, color indexes and pH in normal turkey breast muscle and white striping (moderate and 

severe). 

1
 The occurrence of white striping was classified into normal, moderate and severe according to Kuttappan et al. (2012). 

a-c
 Means within a row followed by different superscript letters differ significantly (P< 0.05).

 Levels of white striping1  

Normal Moderate Severe  

Properties Mean± SD Max Min Range CV Mean Max Min Range CV Mean Max Min Range CV  P 

Color indexes      a* 1.56c±1.19 4.49 0.1 4.39 76.28 2.98b±1.62 5.55 0.99 4.56 54.36 3.06a±1.52 4.75 1.01 3.74 49.67 <0.05 

b* 4.20c±1.70 6.99 1.57 5.42 40.48 7.27b±2.67 11.84 3.62 8.22 36.73 7.98a±1.96 10.04 3.94 6.10 24.56 <0.05 

L* 66.59±2.50 71.53 63.69 7.84 3.75 63.53±4.17 70.13 56.93 13.20 6.56 64.31±4.18 69.62 57.72 11.90 6.50 0.12 

pH 6.10 a±0.10 6.24 5.93 0.31 1.64 6.13 a±0.09 6.25 5.92 0.33 1.47 6.19 b±0.06 6.30 6.12 0.18 0.97 <0.05 

Marinade uptake% 15.93±3.63 24.61 13.48 11.13 22.79 15.96±3.75 21.42 9.21 12.21 23.50 13.72±2.51 17.07 9.38 7.69 18.29 0.23 

Drip loss (%) 6.98±1.23 8.54 3.51 5.03 17.62 6.16±1.15 12.33 3.51 8.82 93.34 6.38±1.15 8.56 4.48 4.08 18.03 0.53 

Cooking loss (%) 18.59±1.81 22.01 15.15 6.86 9.74 18.00±1.79 21.41 14.77 6.64 9.94 18.28±2.57 23.94 15.81 8.13 14.06 0.78 

Moisture content% 75.48±1.15 77.05 73.4 3.65 1.52 76.09±1.55 79.66 74.15 5.51 2.04 75.52±1.19 77.73 73.56 4.17 1.58 0.53 

Fat% 1.02c±0.91 3.10 0.33 2.77 89.22 1.27b±1.05 4.15 0.55 3.60 82.68 2.17a±1.10 4.74 1.38 3.36 50.69 <0.05 

Protein% 24.07a±2.67 27.18 15.75 11.43 11.09 23.12b±1.48 25.56 21.53 4.03 6.40 21.06c±1.58 24.31 19.06 5.25 7.50 <0.05 

Ash% 2.01±1.12 4.92 1.39 3.53 55.72 1.73±0.42 2.61 1.32 1.29 24.28 1.56±0.24 2.07 1.29 0.78 15.38 0.36 



 

 

5.2 Spectral characterization  

Typical mean spectral curves representing the three levels of white striping 

fillets in the wavelength range 550–1100 nm are shown in Figure 13. The 

depressions and peaks in spectra showed the strong and weak absorbance 

characteristics of the samples, within the range of study. The spectra of 

normal, moderate (WS) and severe (WS) breast fillets showed similar 

absorption bands which were in agreements with previous studies (Cozzolino 

et al., 1996; Fumiere et al., 2000).  

NIR spectra often contain undesired scattering variation due to heterogeneous 

content and sample surface amongst others. The scattering effect in NIR 

consists of a multiplicative effect and an additive effect. The additive effect is 

reflected as a baseline offset. The multiplicative effect is reflected as a slope 

that scales the entire spectrum. Data pre-treatment is needed to minimize these 

complex baseline variations and scattering effects. NIR spectra of the samples 

set were pre-processed using SNV to delete slope variation and to correct for 

scattering effects as represented in Figure 14.  

Light scattering in fresh meat samples doesn‟t always travel the same distance 

before it is detected. As a longer light traveling path corresponds to a lower 

relative reflectance value while more light is absorbed. This causes a parallel   



 

59 
 

translation of the spectra. For that reason, multiplicative scatter correction 

(MSC) was used to eliminate these effects (Li & He, 2006) as shown in Figure 

15. Savitzky–Golay first derivatives (1
st 

D) was done to delete baseline flung 

in meat spectral data and small spectral differences were strengthened, this 

followed by Savitzky–Golay smoothing (SG) to prevent increasing the noise 

which came from the derivative as found in Figure 16. The relative values in 

another region of spectra, however, varied from sample to sample, which 

might be due to changes in surface texture and moisture content of three types 

of fillets. 

Six bands (peaks at 550, 574, 580, 600, 630 and 643 nm) in visible region 

(550-700 nm) and eight bands in the NIR region have been observed (Figure 

17). Several researchers found similar bands and spectral features (Barlocco et 

al., 2006; Andrés et al., 2008; De Marchi et al., 2012). Absorption bands at 

550 to 580 nm were associated to the Soret band attributed to the traces of 

erythrocytes of myoglobin with both haemoglobin and oxyhaemoglobin 

absorption (Stryer & Latchman, 1995) as well as to oxymyoglobin (Liu & 

Chen, 2000). Our findings showed that severe white striping fillets had higher 

absorption at 550, 574 and 580 nm than normal fillets. This result may be 

attributed due to discoloration over the surface of white striped fillets.  



 

60 
 

Water absorbs strongly in the NIR region and naturally shows a wide band as a 

result of hydrogen bonding interactions between it and other components in 

turkey meat (Ellekjaer & Isaksson, 1992). The mean spectrum in the NIR 

region has absorption bands at 980 nm and it could be related to the second 

overtone of the OH- vibrational mode of water (Bowker et al., 2014). 

The absorption at 760 and 908 nm corresponds to the deoxhaemoglobin (Hollo 

et al., 1986) and the third overtones of C-H bonds (Weyer & Workman Jr, 

2007), respectively. The identified band at 552 nm related to myoglobin 

(Cozzolino et al., 1996). The absorption band at 574 nm was associated with 

oxyhemoglobin (Mitsumoto et al., 1991). Absorption bands at 540 and 580 

nm were associated with both myoglobin and oxymyoglobin, respectively 

(Cozzolino & Murray, 2004). 
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Figure 13. A typical VIS-NIR (550-1100 nm) spectral curves obtained from turkey fillets. Normal 

fillets (red), moderate WS fillets (blue), and sever WS (green) fillets, without pre-processing. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 14. The effect of SNV preprocessing on the spectra obtained from turkey fillets. Normal 

fillets (red), moderate WS fillets (blue), and sever WS (green) fillets.



 

62 
 

 

 

 

 

 

 

 

 

 

 

 

Figure 15. The effect of MSC preprocessing on the spectra that obtained from turkey fillets. 

Normal fillets (red), moderate WS fillets (blue), and sever WS (green) fillets. 

 

 

 

 

 

 

 

 

 

 

 

Figure 16. The effect of the first derivative and smoothing preprocessing on the spectra 

obtained from turkey fillets with different absorption bands. Normal fillets (red), moderate 

WS fillets (blue), and sever WS (green) fillets.  
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5.3 PCA  

Principle component analysis has been carried for VIS-NIR regions spectrum 

considering the three levels of muscle abnormalities (normal, moderate and 

severe). PCA showed an ability to distinguish the three groups (normal, 

moderate WS, and severe WS) from each other as shown in Figures17- 19. 

In this analysis, 2PCs for VIS, NIR and VIS-NIR region explained 99%, 

100% and 98% of the variance, respectively. Our finding showed that PCA 

had high performance in separating normal turkey breast meat from abnormal 

meat (moderate and severe). These results were in agreement with previous 

studies where VIS-NIR spectroscopy with PCA was used to separate poultry 

and meat product to different categories (Wold et al., 2017). 
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Figure 17. Score plot of PCA model based on VIS (550- 700 nm) spectra of turkey fillets. 

Normal fillets (N), moderate WS fillets (M) and sever WS (S) fillets. Two PCs explained 

99% of the data variation. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18. Score plot of PCA model based on NIR (700-1100 nm) spectra of turkey fillets. 

Normal fillets (N), moderate WS fillets (M) and sever WS (S) fillets. Two PCs explained 

100% of the data variation.  
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Figure 19. Score plot of PCA model based on VIS-NIR (550-1100 nm) spectra of turkey 

fillets. Normal fillets (N), moderate WS fillets (M) and sever WS (S) fillets. Two PCs 

explained 98% of the data variation.  
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5.4 PLS  

Prediction of chemical composition for three groups of meat samples was 

performed based on different pre-treated spectral for different quality traits, 

but the same regression model was applied to each group separately. The 

quality parameters were evaluated from visible and near spectra by PLS 

analysis. The error of prediction and correlation coefficients of models showed 

the potential application of VIS-NIR spectra to differentiate meat quality 

parameters between normal and white striping (moderate and severe) turkey 

breast meat. 

The results of color indexes (a*, b* and L*) obtained from calibration and full 

cross-validation PLS regression model for normal, moderate, and severe white 

striping turkey breast meat samples are shown in Table 2. The prediction 

values of coefficient of determination (R
2

p) were 0.91 and 0.57, the ratio of 

performance deviation (RPD) were 3.21 and 1.26, and range error ratio (RER) 

were 11.86 and 3.11 for the redness index (a*) of normal and severe groups, 

respectively. Our finding showed that VIS-NIR spectroscopy was satisfactory 

to differentiate normal from severe WS turkey fillets by using redness index 

(a*). Whereas the prediction ability was also high for a* value for moderate 

WS; R
2
p was 0.89, RPD was 2.74 and RER was 7.72, so it is unable to 
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distinguish between normal and moderate WS. Figures 20- 22 show the scatter 

plots of a* PLS developing model. 
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Table 2: Statistics of the calibration equations for color indexes (a*, b* and L*) of the three types of turkey breast meat of the best fit 

and validation. 

Statistical parameters for calibration and prediction 

 Level of 

white 

striping 

Preprocessing R²cal RMSEcal RPDcal REcal RERcal R²p RMSEp RPDp REp RERp 

Redness 

index (a*) 

Normal 

SNV+1
St 

D 

0.93 0.30 3.97 0.13 14.63 0.91 0.37 3.22 0.16 11.86 

Moderate 0.98 0.22 7.34 0.07 20.73 0.89 0.59 2.74 0.18 7.73 

Severe 0.81 0.68 2.23 0.24 5.50 0.57 1.20 1.27 0.42 3.12 

Yellowness 

index (b*) 

Normal 

SNV+1
St 

D 

0.98 0.20 8.50 0.05 27.10 0.95 0.46 3.69 0.11 11.78 

Moderate 0.32 1.88 1.42 0.24 4.37 0.14 2.35 1.14 0.30 3.50 

Severe 0.95 0.40 4.90 0.06 15.25 -3.06 4.16 0.47 0.60 1.47 

Lightness 

index (L*) 

Normal 

MSC+ SNV 

0.99 0.20 12.50 0.01 39.20 0.94 0.58 4.31 0.01 13.52 

Moderate 0.99 0.25 16.68 0.01 52.80 0.87 1.67 2.48 0.03 7.90 

Severe 0.98 0.44 9.50 0.01 27.04 0.81 2.03 2.06 0.03 5.86 

Root-mean-square error estimated by calibration (RMSEcal), the coefficient of determination in calibration (R
2

c), root-mean-square 

error estimated by prediction (RMSEp), the coefficient of determination in prediction (R
2

p), the ratio of performance deviation (RPD), 

relative error (RE) and range error ratio (RER). 
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Figure 20. The relationship between laboratory determined and VIS-NIR predicted values 

for a* normal turkey breast meat using PLS and full cross validation for 10 samples (blue 

line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

 

 

Figure 21. The relationship between laboratory determined and VIS-NIR predicted values 

for a* moderate WS turkey breast meat using PLS for and full cross validation for 9 

samples (blue line for calibration set and red line for validation set). 
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Figure 22. The relationship between laboratory determined and VIS-NIR predicted values 

for a* severe WS turkey breast meat using PLS for and full cross validation for 8 samples 

(blue line for calibration set and red line for validation set). 

 

The predictive ability for VIS-NIR was satisfactory to differentiate normal 

from defected turkey fillets according to yellowness index (b*). As 

represented in Figures 23-25, R
2
p were 0.95, 0.14 and -3.06 for normal, 

moderate and severe fillets, respectively. RPD was 3.69 for normal, 1.13 for 

moderate WS, and 0.47 for severe WS and RER was 11.78, 3.49 and 1.46 for 

normal, moderate and severe WS. 
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Figure 23. The relationship between laboratory determined and VIS-NIR predicted values 

for b* normal turkey breast meat using PLS and full cross validation for 8 samples (blue 

line for calibration set and red line for validation set). 

 

 

Figure 24. The relationship between laboratory determined and VIS-NIR predicted values 

for b* moderat WS turkey breast meat using PLS and full cross validation for 10 samples 

(blue line for calibration set and red line for validation set). 
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Figure 25. The relationship between laboratory determined and VIS-NIR predicted values 

for b* sever WS turkey breast meat using PLS and full cross validation for 10 samples 

(blue line for calibration set and red line for validation set). 

It was found that L* value had R
2
p of 0.94, 0.87 and 0.81, RPD were 4.31, 2.49 

and 2.05, and RER were 13.51, 7.90 and 5.86 for normal, moderate and severe 

white striping fillets, respectively. Figures 26, 27 and 28 show the scatter plots 

of developing model according to L*. 

 

 

 

 

 

Figure 26. The relationship between laboratory determined and VIS-NIR predicted values 

for L* of normal turkey breast meat using PLS for and full cross validation for 8 samples 

(blue line for calibration set and red line for validation set).  
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Figure 27. The relationship between laboratory determined and VIS-NIR predicted values 

for L* of moderate WS turkey breast meat using PLS for and full cross validation for 6 

samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

 

 

Figure 28. The relationship between laboratory determined and VIS-NIR predicted values 

for L* of normal turkey breast meat using PLS for and full cross validation for 8 samples 

(blue line for calibration set and red line for validation set).  
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The results of the PLS model of (pH, marinade uptake, cooking loss and drip 

loss) quality traits for three turkey fillets types are presented in Table 3. The 

best fit of prediction values from the same regression model for pH is as the 

following: R
2
p were 0.95, 0.12 and 0.07, RPD were 5.00, -0.13 and -0.33, then 

RER was 15.00, -0.48 and 1.00 for normal, moderate WS and severe WS, 

respectively. According to PLS regression model for pH calibration, which is 

represented in Figures 29-31, VIS-NIR spectroscopy has the ability to 

differentiate between normal fillets from abnormal WS breast meat. 
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Table 3: Statistics of the calibration equations for quality traits of the three types of turkey breast meat of the best fit and 

validation, including RMSEcal, R
2

c, RMSEp, R
2
p, RPD, RE and RER. 

Statistical parameters for calibration and prediction 

 Level of 

white 

striping 

Preprocessing R²cal RMSEcal RPDcal REcal RERcal R²p RMSEp RPDp REp RERp 

pH 

 

Normal 

MSC+ SNV 

0.99 0.01 10.00 0.01 31.00 0.95 0.02 5.00 0.01 15.50 

Moderate 0.66 0.05 1.80 0.30 6.60 0.12 -0.68 -0.1324 -0.11 -0.4853 

Severe 0.89 0.02 3.00 0.01 9.00 0.07 -0.18 -0.3333 -0.03 -1.00 

Marinade 

uptake 

Normal 

MSC+ 1
St 

D 

0.98 0.35 10.37 0.02 14.37 0.91 1.01 3.59 0.05 11.02 

Moderate 0.94 1.22 3.07 0.08 10.01 0.73 3.18 1.18 0.21 3.84 

Severe 0.97 0.32 7.84 0.02 24.03 0.70 1.29 1.94 0.10 5.96 

Drip loss 

Normal 

_____ 

0.99 0.03 41.00 0.01 167.67 0.83 0.30 4.10 0.05 16.77 

Moderate 0.99 0.13 44.23 0.02 67.84 0.14 1.70 3.38 0.21 7.18 

Severe 0.99 0.06 19.17 0.01 68.00 -0.12 1.02 1.12 0.16 7.54 

Cooking 

loss 

Normal 

SNV 

0.99 0.18 10.06 0.01 38.11 0.97 0.35 5.17 0.02 19.60 

Moderate 0.83 0.74 2.419 0.04 8.97 0.73 1.04 1.74 0.06 6.38 

Severe 0.90 0.18 14.28 0.01 45.17 0.59 1.03 2.49 0.05 7.89 

.
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Figure 29. The relationship between laboratory determined and VIS-NIR predicted values 

for pH of normal turkey breast meat using PLS for and full cross validation for 7 samples 

(blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

 

 

Figure 30. The relationship between laboratory determined and VIS-NIR predicted values 

for pH of moderat WS turkey breast meat using PLS for and full cross validation for 10 

samples (blue line for calibration set and red line for validation set). 
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Figure 31. The relationship between laboratory determined and VIS-NIR predicted values 

for pH of sever WS turkey breast meat using PLS for and full cross validation for 8 samples 

(blue line for calibration set and red line for validation set). 

 

The prediction values for marinade uptake were as in the Figures 32-33. R
2
p 

were 0.91, 0.73 and 0.70, RPD were 3.59, 1.17 and 1.94, and moreover, RER 

were 11.01, 3.83 and 5.96 for normal, moderate and severe WS, respectively. 

Considering marinade uptake, VIS-NIR spectroscopy had the ability to detect 

normal fillets from abnormal.  
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Figure 32. The relationship between laboratory determined and VIS-NIR predicted values 

for marinade up takes of normal turkey breast meat using PLS for and full cross validation 

for 7 samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

Figure 33. The relationship between laboratory determined and VIS-NIR predicted values 

for up- take for marinated of moderat WS turkey breast meat using PLS for and full cross 

validation for 8 samples (blue line for calibration set and red line for validation set). 
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Figure 34. The relationship between laboratory determined and VIS-NIR predicted values 

for marinade up takes of severe WS turkey breast meat using PLS for and full cross 

validation for 7 samples (blue line for calibration set and red line for validation set). 

 

In addition to that, R
2
P values for drip loss were 0.81, 0.14 and -0.12, RPD 

were 4.1, 3.38 and 1.12, also RER were 16.76, 7.18 and 7.53 for normal, 

moderate and severe WS, respectively. According to the drip loss prediction 

results VIS-NIR has the ability to differentiate between normal and defect 

WS. The PLS plots for turkey breast samples according to this trait are shown 

in Figures 35-37. 
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Figure 35. The relationship between laboratory determined and VIS-NIR predicted values 

for drip loss (%) of normal turkey breast meat using PLS for and full cross validation for 7 

samples (blue line for calibration set and red line for validation set). 

 

 

Figure 36. The relationship between laboratory determined and VIS-NIR predicted values 

for drip loss (%) of moderate WS turkey breast meat using PLS for and full cross validation 

for 7 samples (blue line for calibration set and red line for validation set). 

  



 

81 
 

 

 

 

 

 

 

 

Figure 37. The relationship between laboratory determined and VIS-NIR predicted values 

for drip loss (%) of sever WS turkey breast meat using PLS for and full cross validation for 

7 samples (blue line for calibration set and red line for validation set). 

 

For cooking loss, R
2
p values were 0.97, 0.73 and 0.59, RPD were 5.17, 1.74 

and 2.49 and RER were 19.6, 6.38 and 7.89 for normal, moderate and severe 

WS respectively. The normal spectral data compatible with the regression 

model very well, while defect WS fillets spectral data does not fit with the 

same model. As a result, VIS-NIR spectroscopy is able to detect normal from 

defect WS turkey breast meat. 
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Figure 38. The relationship between laboratory determined and VIS-NIR predicted values 

for cooking loss (%) of normal turkey breast meat using PLS for and full cross validation 

for 8 samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

Figure 39. The relationship between laboratory determined and VIS-NIR predicted values 

for cooking loss (%) of moderate WS turkey breast meat using PLS for and full cross 

validation for 9 samples (blue line for calibration set and red line for validation set). 
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Figure 40. The relationship between laboratory determined and VIS-NIR predicted values 

for cooking loss (%) of sever WS turkey breast meat using PLS for and full cross validation 

for 7 samples (blue line for calibration set and red line for validation set). 

 

Calibration and full cross-validation results for proximate composition 

(moisture, fat, protein and ash) are presented in Table 4. The prediction values 

for moisture content were as the following: R
2
p were 0.86, -1.61 and -1.03, 

RPD were 2.67, 091 and 0.61 and also RER values were 8.48, 3.24 and 2.17 

for normal, moderate and severe WS, respectively. The normal spectral data 

fitted the regression model very well, while WS spectral data is poorly fitted 

using PLS model as represented in Figures 41-43. From these results, VIS-

NIR spectroscopy has the ability to differentiate normal from abnormal WS 

turkey fillets according to moisture content parameter.  
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Table 4: Statistics of the calibration equations for proximate composition (moisture, fat, protein content and ash) of the three types of 

turkey breast meat of the best fit and validation, including RMSEcal, R
2

c, RMSEp, R
2
p, RPD, RE and RER. 

Statistical parameters for calibration and prediction 

 Level of 

white 

striping 

Preprocessing R²cal RMSEcal RPDcal REcal RERcal R²p RMSEp RPDp REp RERp 

Moisture 

Normal 

SG+ SNV 

0.96 0.20 5.70 0.01 18.25 0.86 0.43 2.67 0.01 8.49 

Moderate 0.27 0.78 1.99 0.01 7.06 -1.61 1.70 0.91 0.02 3.24 

Severe 0.59 0.75 1.59 0.01 5.56 -1.03 1.92 0.62 1.92 2.17 

Fat 

Normal 

SG+ 1
St 

D 

0.98 0.13 7.00 0.08 21.31 0.97 0.19 4.78 0.11 14.58 

Moderate 0.98 0.03 35.00 0.01 120.00 0.33 0.26 4.03 0.11 13.85 

Severe 0.99 0.07 15.71 0.02 48.00 0.53 0.96 1.14 0.31 3.50 

Protein 

Normal 

SNV+ 1
St 

D 

0.89 0.81 3.30 0.04 14.11 0.80 1.38 1.93 0.06 8.28 

Moderate 0.97 0.19 7.79 0.01 21.21 0.77 0.97 1.52 0.04 4.15 

Severe 0.99 0.05 31.60 0.01 105.00 0.34 1.38 0.79 0.06 3.80 

Ash 

Normal 

SG+ MSC 

0.99 0.11 10.18 0.03 32.09 0.97 0.29 3.86 0.15 4.45 

Moderate 0.50 0.16 2.62 0.08 8.06 0.61 0.51 0.82 0.26 2.53 

Severe 0.95 0.03 8.00 0.02 142.67 -2.43 0.29 0.82 0.17 2.69 
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Figure 41. The relationship between laboratory determined and VIS-NIR predicted values 

for moisture content (%) of normal turkey breast meat using PLS for and full cross 

validation for 8 samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

Figure 42. The relationship between laboratory determined and VIS-NIR predicted values 

for moisture content (%) of moderate WS turkey breast meat using PLS for and full cross 

validation for 8 samples (blue line for calibration set and red line for validation set). 
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Figure 43. The relationship between laboratory determined and VIS-NIR predicted values 

for moisture content (%) of sever WS turkey breast meat using PLS for and full cross 

validation for 8 samples (blue line for calibration set and red line for validation set). 

 

Considering protein content, the prediction values were as the following: R
2
p 

were 0.80, 0.77 and 0.34, RPD values were 1.93, 1.52 and 0.79 and then RER 

were 8.48, 4.15 and 3.80 for normal, moderate and severe WS, respectively. 

The normal spectral data is relatively fitted the regression model, while WS 

spectral data is poorly fitted with the same model as shown in Figures 44-46. 
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Figure 44. The relationship between laboratory determined and VIS-NIR predicted values 

for protein content (%) of normal turkey breast using PLS for and full cross validation for 5 

samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

Figure 45. The relationship between laboratory determined and VIS-NIR predicted values 

for protein content (%) of moderate WS turkey breast using PLS for and full cross 

validation for 6 samples (blue line for calibration set and red line for validation set). 
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Figure 46. The relationship between laboratory determined and VIS-NIR predicted values 

for protein content (%) of sever WS turkey breast using PLS for and full cross validation 

for 6 samples (blue line for calibration set and red line for validation set). 

 

For fat content, PLS prediction values were as the next: R
2

p values were 

0.97, 0.33 and 0.53, RPD values were 4.78, 4.03 and 3.50, whereas RER 

values were 14.58, 13.85 and 3.50 for normal, moderate WS and severe 

WS, respectively. The normal spectral data is fitted with the regression 

model while moderate and severe WS spectral data are relatively and 

poorly fitted with the same regression model, respectively. The PLS 

prediction model for each sample is presented in Figures 47-49.  
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Figure 47. The relationship between laboratory determined and VIS-NIR predicted values 

for fat content (%) of normal turkey breast meat using PLS for and full cross validation for 

6 samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

Figure 48. The relationship between laboratory determined and VIS-NIR predicted values 

for fat content (%) of moderate WS l turkey breast meat using PLS for and full cross 

validation for 7 samples (blue line for calibration set and red line for validation set). 
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Figure 49. The relationship between laboratory determined and VIS-NIR predicted values 

for fat content (%) of severe WS  turkey breast meat using PLS for and full cross validation 

for 7 samples (blue line for calibration set and red line for validation set). 

 

Finally, for ash content, the prediction values were as the following: R
2

p values 

were 0.97, 0.61 and -2.43; RPD values were 3.86, 0.82 and 0.82, while RER 

values were 4.44, 2.52 and 2.52 for normal, moderate and severe WS, 

respectively. The normal spectral data is relatively fitted the regression model 

even that the RER value is small, while WS spectral data is poorly fitted with 

the same model. PLS regression plots for each group are represented in Figure 

50-52. In the previously mentioned values, minus R
2

p means that the chosen 

model (with its constraints) fits the data really poorly. 
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Figure 50. The relationship between laboratory determined and VIS-NIR predicted values 

for ash content (%) of normal turkey breast meat using PLS for and full cross validation for 

8 samples (blue line for calibration set and red line for validation set). 

 

 

 

 

 

 

 

 

 

Figure 51. The relationship between laboratory determined and VIS-NIR predicted values 

for ash content (%) of moderate WS turkey breast meat using PLS for and full cross 

validation for 8 samples (blue line for calibration set and red line for validation set). 
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Figure 52. The relationship between laboratory determined and VIS-NIR predicted values 

for ash content (%) of severe WS turkey breast meat using PLS for and full cross validation 

for 6 samples (blue line for calibration set and red line for validation set). 
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6. Conclusions and Recommendation 
 

In conclusion, the findings of this study showed that VIS-NIR spectroscopy 

was satisfactory to differentiate normal from severe WS turkey fillets by using 

several quality traits (color indexes, pH, in addition to proximate composition 

(fat, protein composition and ash) and water holding capacity (marinade 

uptake, cooking loss, drip loss and moisture content)). VIS-NIR spectroscopy 

was able to identify ranges in spectra that represent the chemical composition 

of the turkey meat. Moreover, the results open a wide door for using a portable 

VIS-NIR technique in the turkey industry. And it suggests the possibility of 

using this study for the development of an on-line sensor system. 

Further study with a high number for samples is needed to confirm the ability 

of VIS-NIR combined MVDA techniques to differentiate normal turkey breast 

meat samples from defect WS.  

 

  



 

94 

References 
 

AACC, I. (1999). Near-infrared methods: guidelines for model development and maintenance-

AACC Method 39-00. Approved methods of the American Association of Cereal Chemists. 

Abasi, S., Minaei, S., Jamshidi, B., & Fathi, D. (2018). Dedicated Non-Destructive Devices for 

Food Quality Measurement: A review. Trends in Food Science & Technology. 

Abbott, J. A. (1999). Quality measurement of fruits and vegetables. Postharvest Biology and 

Technology, 15, 207-225. 

Abdi, H. & Williams, L. J. (2010). Principal component analysis. Wiley Interdisciplinary Reviews: 

Computational Statistics, 2, 433-459. 

Abu-Khalaf, N. (2015). Sensing tomato's pathogen using Visible/Near Infrared (VIS/NIR) 

spectroscopy and multivariate data analysis (MVDA). Palestine Technical University Research 

Journal, 3, 12-22. 

Alander, J. T., Bochko, V., Martinkauppi, B., Saranwong, S., & Mantere, T. (2013). A Review of 

Optical Non-Destructive Visual and Near-Infrared Methods for Food Quality and Safety. 

International Journal of Spectroscopy, 2013. 

Alnahhas, N., Berri, C., Chabault, M., Chartrin, P., Boulay, M., Bourin, M. C. et al. (2016). Genetic 

parameters of white striping in relation to body weight, carcass composition, and meat quality 

traits in two broiler lines divergently selected for the ultimate pH of the pectoralis major 

muscle. BMC genetics., 17(1), 61. 

 



 

95 

Analytical Solution for Food Analysis and Quality Control- FOSS, n. d. (12-9-2017). 

https://www.ukessays.com/essays/sciences/methods-lipid-analysis-food-1116.php .  

Anderson, T. W. & Mathematicien, E. U. (1958). An introduction to multivariate statistical 

analysis, 2 Ed,  New York: Wiley. 

Andree, Jira, W., Schwind, K. H., Wagner, H., & Schwagele (2010). Chemical safety of meat and 

meat products. Meat Science, 86, 38-48. 

Andres, S., Silva, A., Soares-Pereira, A. L., Martins, C., Bruno-Soares, A. M., & Murray, I. (2008). 

The use of visible and near infrared reflectance spectroscopy to predict beef M. longissimus 

thoracis et lumborum quality attributes. Meat Science, 78, 217-224. 

Banks, R. C., Cicero, C., Dunn, J. L., Kratter, A. W., Rasmussen, P. C., Remsen Jr, J. V. et al. 

(2006). Forty-seventh supplement to the American Ornithologists' Union check-list of North 

American birds. The Auk, 123, 926-936. 

Banks, R. C., McDiarmid, R. W., & Gardner, A. L. (1987). Checklist of vertebrates of the United 

States, the US Territories, and Canada US Fish and Wildlife Service. 

Barbut, S. (2009). Pale, soft, and exudative poultry meat-Reviewing ways to manage at the 

processing plant1. Poultry Science, 88, 1506-1512. 

Barbut, S. (1996). Estimates and detection of the PSE problem in young turkey breast meat. 

Canadian Journal of Animal Science, 76, 455-457. 

Barlocco, N., Vadell, A., Ballesteros, F., Galietta, G., & Cozzolino, D. (2006). Predicting 

intramuscular fat, moisture and Warner-Bratzler shear force in pork muscle using near infrared 

reflectance spectroscopy. Animal Science, 82, 111-116. 



 

96 

Barnes, R. J., Dhanoa, M. S., & Lister, S. J. (1989). Standard normal variate transformation and de-

trending of near-infrared diffuse reflectance spectra. Applied Spectroscopy, 43, 772-777. 

Bartlett, J. K., Maher, W. A., & Purss, M. B. (2018). Cellular energy allocation analysis of multiple 

marine bivalves using near infrared spectroscopy. Ecological Indicators, 90, 247-256. 

Beghi, R., Giovenzana, V., Tugnolo, A., & Guidetti, R. (2018). Application of visible/near infrared 

spectroscopy to quality control of fresh fruits and vegetables in large-scale mass distribution 

channels: a preliminary test on carrots and tomatoes. Journal of the Science of Food and 

Agriculture, 98, 2729-2734. 

Bowker, B., Hawkins, S., & Zhuang, H. (2014). Measurement of Water-Holding Capacity in Raw 

and Freeze-Dried Broiler Breast Meat With Visible and Near-Infrared Spectroscopy1. Poultry 

Science, 93, 1834-1841. 

Bowker, B. & Zhuang, H. (2016). Impact of white striping on functionality attributes of broiler 

breast meat1. Poultry.Science., 95, 1957-1965. 

Brambila, G. S., Chatterjee, D., Bowker, B., & Zhuang, H. (2017). Descriptive texture analyses of 

cooked patties made of chicken breast with the woody breast condition1. Poultry Science, 96, 

3489-3494. 

Brondum, J., Munck, L., Henckel, P., Karlsson, A., Tornberg, E., & Engelsen, S. B. (2000). 

Prediction of water-holding capacity and composition of porcine meat by comparative 

spectroscopy. Meat Science, 55, 177-185. 

Büning-Pfaue & Hans (2003). Analysis of water in food by near infrared spectroscopy. Food 

Chemistry, 82, 107-115. 

Burgard, D. R. (2018). Chemometrics: chemical and sensory data. CRC Press. 



 

97 

Burns, D. A. & Ciurczak, E. W. (2007). Handbook of near-infrared analysis. CRC press. 

Carvalho, R. H., Honorato, D. C. B., Guarnieri, P. D., Soares, A. L., Pedrão, Oba, A. et al. (2018). 

Assessment of turkey vehicle container microclimate on transit during summer season 

conditions. International Journal of Biometeorology, 62, 961-970. 

Casasent, D. P. & Chen, X. W. (2003). Waveband selection for hyperspectral data: optimal feature 

selection. In Optical Pattern Recognition XIV. International Society for Optics and Photonics, 

5106, 259-271 

Coates, J. (2000). Interpretation of Infrared Spectra, A Practical Approach. Encyclopedia of 

analytical chemistry, 12, 10815-10837. 

Cozzolino, D., Martins, V., & Murray, I. (2002). Visible and near infrared spectroscopy of beef 

longissimus dorsi muscle as a means of dicriminating between pasture and corn silage feeding 

regimes. Journal of Near Infrared Spectroscopy, 10, 187-193. 

Cozzolino, D. & Murray, I. (2004). Identification of animal meat muscles by visible and near 

infrared reflectance spectroscopy. LWT-Food Science and Technology, 37, 447-452. 

Cozzolino, D., Murray, I., Paterson, R., & Scaife, J. R. (1996). Visible and near infrared reflectance 

spectroscopy for the determination of moisture, fat and protein in chicken breast and thigh 

muscle. Journal of Near Infrared Spectroscopy, 4, 213-223. 

Crawford, R. D. (1992). Introduction to Europe and diffusion of domesticated turkeys from the 

America. Archivos de zootecnia, 41, 2. 

Damez, J. L. & Clerjon, S. (2008). Meat quality assessment using biophysical methods related to 

meat structure. Meat Science, 80, 132-149. 



 

98 

Davies, A. M. C. (2005). An introduction to near infrared spectroscopy. NIR news, 16, 9-11. 

De Marchi, M., Riovanto, R., Penasa, M., & Cassandro, M. (2012). At-line prediction of fatty acid 

profile in chicken breast using near infrared reflectance spectroscopy. Meat Science, 90, 653-

657. 

De Marchi, M., Manuelian, C. L., Ton, S., Manfrin, D., Meneghesso, M., Cassandro, M. et al. 

(2017). Prediction of sodium content in commercial processed meat products using near 

infrared spectroscopy. Meat Science, 125, 61-65. 

dos Santos, D. A., de Lima, K. P., Cavalcante, V., Coqueiro, A., Consolin, M. F. B., Consolin Filho, 

N. et al. (2018). Multiproduct, Multicomponent and Multivariate Calibration: a Case Study by 

Using Vis-NIR Spectroscopy. Food Analytical Methods, 11, 1915-1919. 

Ekezie, F. G. C., Sun, D. W., Han, Z., & Cheng, J. H. (2017). Microwave-assisted food processing 

technologies for enhancing product quality and process efficiency: A review of recent 

developments. Trends in Food Science & Technology, 67, 58-69. 

Ellekjaer, M. R. & Isaksson, T. (1992). Assessment of maximum cooking temperatures in 

previously heat treated beef. Part 1: Near infrared spectroscopy. Journal of the Science of Food 

and Agriculture, 59, 335-343. 

ElMasry, G., Sun, D. W., & Allen, P. (2011). Non-destructive determination of water-holding 

capacity in fresh beef by using NIR hyperspectral imaging. Food Research International, 44, 

2624-2633. 

Esbensen, K. H., Guyot, D., Westad, F., & Houmoller, L. P. (2002). Multivariate data analysis: in 

practice: an introduction to multivariate data analysis and experimental design. Multivariate Data 

Analysis. Oslo: Camo. 

 



 

99 

Fan, K. & Zhang, M. (2018). Recent Developments in the Food Quality Detected By Non-Invasive 

Nuclear Magnetic Resonance Technology. Critical Reviews in Food Science and Nutrition, 1-

12. 

Feng, Y. Z. & Sun, D. W. (2013). Determination of total viable count (TVC) in chicken breast 

fillets by near-infrared hyperspectral imaging and spectroscopic transforms. Talanta, 105, 244-

249. 

Fletcher, D. L. (1999). Broiler breast meat color variation, pH, and texture. Poultry Science, 78, 

1323-1327. 

Fletcher, D. L. (2002). Poultry meat quality. World's Poultry Science Journal, 58, 131-145. 

Fumiere, O., Sinnaeve, G., & Dardenne, P. (2000). Attempted authentication of cut pieces of 

chicken meat from certified production using near infrared spectroscopy. Journal of Near 

Infrared Spectroscopy, 8, 27-34. 

Furnols, M. & Guerrero, L. (2014). Consumer preference, behavior and perception about meat and 

meat products: An overview. Meat Science, 98, 361-371. 

Galvez, Dominguez, Pateiro, M., Carballo, J., Tomasevic, I., & Lorenzo, J. M. (2018). Effect of 

gender on breast and thigh turkey meat quality. British Poultry Science, 59, 408-415. 

Gardner, C. M. (2018). Transmission Versus Reflectance Spectroscopy for Quantitation. Journal of 

Biomedical Optics, 23, 018001. 

Genisheva, Z., Quintelas, C., Mesquita, D. P., Ferreira, E. C., Oliveira, J. M., & Amaral, A. L. 

(2018). New PLS analysis approach to wine volatile compounds characterization by near 

infrared spectroscopy (NIR). Food Chemistry, 246, 172-178. 



 

100 

Geronimo, B. C., Mastelini, S. M., de Carvalho, R. H., Junior, S. B., Barbin, D. F., Shimokomaki, 

M. et al. (2018). Computer vision system and near-infrared spectroscopy for identification and 

classification of chicken with wooden breast, and physicochemical and technological 

characterization. Infrared Physics & Technology, 96, 303- 310 

Geronimo, B. C., Mastelini, S. M., de Carvalho, R. H., Junior, S. B., Barbin, D. F., Shimokomaki, 

M. et al. (2018). Computer vision system and near-infrared spectroscopy for identification and 

classification of chicken with wooden breast, and physicochemical and technological 

characterization. Infrared Physics & Technology, 96, 303-310. 

Gillibert, R., Huang, J. Q., Zhang, Y., Fu, W. L., & de la Chapelle, M. L. (2018). Food Quality 

Control by Surface Enhanced Raman Scattering. TrAC Trends in Analytical Chemistry. 

Goldstein, E. & Goldstein, J. (2006). Perfect Pairings: A Master Sommelier's Practical Advice for 

Partnering Wine with Food. Univ of California Press. 

González-Mohino, A., Antequera, T., Ventanas, S., Caballero, D., Mir-Bel, J., & & Pérez-Palacios, 

T. (2018). Near-infrared spectroscopy-based analysis to study sensory parameters on pork loins 

as affected by cooking methods and conditions. Journal of the Science of Food and Agriculture. 

Griffin, J. R., Moraes, L., Wick, M., & Lilburn, M. S. (2017). Onset of white striping and 

progression into wooden breast as defined by myopathic changes underlying Pectoralis major 

growth. Estimation of growth parameters as predictors for stage of myopathy progression. 

Avian Pathology, 47(1), 12-13. 

Guerrero, A., del Mar Camp, M., leta, J. L., & Sanudo, C. (2017). Carcass and Meat Quality in 

Goat. In Goat Science. Edited by Sándor Kukovics. 



 

101 

Guillemain, A., Dégardin, K., & Roggo, Y. (2017). Performance of NIR handheld spectrometers for 

the detection of counterfeit tablets. Talanta, 165, 632-640. 

Havenstein, G. B., Ferket, P. R., Grimes, J. L., Qureshi, M. A., & Nestor, K. E. (2004). Performance 

of 1966 vs. 2003-Type Turkeys When Fed Representative 1966 and 2003 Turkey Diets. CD 

Proc.World's Poult.Congr., Istanbul, Turkey.WPSA, Izmir, Turkey, June 8-12. 

Havenstein, G. B., Ferket, P. R., Grimes, J. L., Qureshi, M. A., & Nestor, K. E. (2007). Comparison 

of the Performance of 1966-Versus 2003-Type Turkeys When Fed Representative 1966 and 

2003 Turkey Diets: Growth Rate,Livability, and Feed Conversion. Poultry Science, 86, 232-

240. 

He, H. J., Wu, D., & Sun, D. W. (2013). Non-destructive and rapid analysis of moisture distribution 

in farmed Atlantic salmon (Salmo salar) fillets using visible and near-infrared hyperspectral 

imaging. Innovative Food Science & Emerging Technologies, 18, 237-245. 

Helrick, K. (1990). Official methods of analysis. AOAC. 

Hollo, J., Kaffka, K. J., & Gonczy, J. L. (1986). International NIR/NIT Conference. Akademiai 

Kiado, Budapest, Hungary, 13-28. 

Huang, H., Yu, H., Xu, H., & Ying, Y. (2008). Near infrared spectroscopy for on/in-line monitoring 

of quality in foods and beverages: A review. Journal of Food Engineering, 87, 303-313. 

Husnizar, H., Wilopo, W., & Yuliansyah, A. T. (2018). The prediction of heavy metals lead (Pb) 

and zinc (Zn) contents in soil using NIRs technology and PLSR regression method. Journal of 

Degraded and Mining Lands Management, 5, 1153. 

Internationale de lÉclairage, C. (1978). Recommendations on uniform color spaces-color equations, 

psychometric color terms. Paris:CIE. 



 

102 

Jeacocke, R. E. (1977). Continuous measurements of the pH of beef muscle in intact beef carcases. 

International Journal of Food Science & Technology, 12, 375-386. 

Jiang, H., Yoon, S. C., Zhuang, H., Wang, W., Li, Y. F., Lu, C. et al. (2018). Non-destructive 

assessment of final color and pH attributes of broiler breast fillets using visible and near-

infrared hyperspectral imaging: A preliminary study. Infrared Physics & Technology, 92, 309-

317. 

Jolliffe, I. (2011). Principal component analysis. In International encyclopedia of statistical science 

(pp. 1094-1096). Springer. 

Jolliffe, I. T. & Cadima, J. (2016). Principal component analysis: a review and recent developments. 

Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering 

Sciences, 374, 20150202. 

Jones Jr, J. B. (1991). Kjeldahl method for nitrogen determination. Micro-Macro Publishing, Inc., 

USA, 213p. 

Kapper, C., Klont, R. E., Verdonk, J. M. A. J., Williams, P. C., & Urlings, H. A. P. (2012). 

Prediction of pork quality with near infrared spectroscopy (NIRS) 2. Feasibility and robustness 

of NIRS measurements under production plant conditions. Meat Science, 91, 300-305. 

Karoui, R. (2018). Chapter 7 - Spectroscopic Technique: Fluorescence and Ultraviolet-Visible (UV-

Vis) Spectroscopies. In Modern Techniques for Food Authentication, 219-252,  Academic 

Press. 

Kato, T., Mastelini, S. M., Campos, G. F. C., Barbon, A. P. A. d. C., Prudencio, S. H., 

Shimokomaki, M. et al. (2018). Dealing with white striping broiler breast: from computer 

vision classification to consumer acceptance. Asian-Australasian Journal of Animal Sciences. 



 

103 

Klont, R. E., Brocks, L., & Eikelenboom, G. (1998). Muscle fibre type and meat quality. Meat 

Science, 49, S219-S229. 

Kuttappan, V. A., Brewer, V. B., Apple, J. K., Waldroup, P. W., & Owens, C. M. (2012). Influence 

of growth rate on the occurrence of white striping in broiler breast fillets. Poultry Science, 91, 

2677-2685. 

Kuttappan, V. A., Hargis, B. M., & Owens, C. M. (2016). White striping and woody breast 

myopathies in the modern poultry industry: a review. Poultry Science, 95, 2724-2733. 

Kuttappan, V. A., Lee, Y. S., Erf, G. F., Meullenet, J. F., McKee, S. R., & Owens, C. M. (2012). 

Consumer acceptance of visual appearance of broiler breast meat with varying degrees of white 

striping. Poultry Science, 91, 1240-1247. 

Kuttappan, V. A., Owens, C. M., Coon, C., Hargis, B. M., & Vazquez-Anon, M. (2017). Incidence 

of broiler breast myopathies at 2 different ages and its impact on selected raw meat quality 

parameters. Poultry Science, 96, 3005-3009. 

Lawrie, R. A. & Ledward, D. A. (2006). Lawrie's Meat Science. Woodhead, Cambridge, England. 

Legin, A., Rudnitskaya, A., Clapham, D., Seleznev, B., Lord, K., & Vlasov, Y. (2004). Electronic 

tongue for pharmaceutical analytics: quantification of tastes and masking effects. Analytical and 

Bioanalytical Chemistry, 380, 36-45. 

Li, X. & He, Y. (2006). Non-destructive measurement of acidity of Chinese bayberry using 

Vis/NIRS techniques. European Food Research and Technology, 223, 731-736. 

Lisitsyn, A. B., Semenova, A. A., Kuznetsova, T. G., Dydykin, A. S., & Nasonova, V. V. (2018). 

Study of the effect of sex and type of muscles on the development of quality defects in turkey 

meat after the slaughter. Foods and Raw materials, 6, 63-70. 



 

104 

Liu, Y. & Chen, Y. R. (2000). Two-Dimensional Correlation Spectroscopy Study of Visible and 

Near-Infrared Spectral Variations of Chicken Meats in Cold Storage. Applied Spectroscopy, 54, 

1458-1470. 

Maiorano, G. (2017). Meat defects and emergent muscle myopathies in broiler chickens: 

implications for the modern poultry industry. Scientific Annals of Polish Society of Animal 

Production, 13, 43-51. 

Manea, L., Buruleanu, L., Rustad, T., Manea, I., & Barascu, E. (2017). Overview on the 

microbiological quality of some meat products with impact on the food safety and health of 

people. In 2017 E-Health and Bioengineering Conference (EHB), pp. 105-108. IEEE. 

Manley, M. & Baeten, V. (2018). Chapter 3 - Spectroscopic Technique: Near Infrared (NIR) 

Spectroscopy. In D.W.Sun (Ed.), Modern Techniques for Food Authentication (2Ed) (pp. 51-

102). Academic Press. 

Marten, G. C., Shenk, J. S., & Barton, F. E. (1989). Near infrared reflectance spectroscopy (NIRS): 

Analysis of forage quality. Agriculture handbook (USA). no. 643. 

Mazzoni, M., Petracci, M., Meluzzi, A., Cavani, C., Clavenzani, P., & Sirri, F. (2015). Relationship 

between pectoralis major muscle histology and quality traits 

of chicken meatd quality traits of chicken meat. Poultry Science, 94, 123-130. 

McDevitt, R. M., Gavin, A. J., Andrés, S., & Murray, I. (2005). The ability of visible and near 

infrared reflectance spectroscopy to predict the chemical composition of ground chicken 

carcasses and to discriminate between carcasses from different genotypes. Journal of Near 

Infrared Spectroscopy, 13, 109-117. 



 

105 

Meulemans, A., Dotreppe, O., Leroy, B., Istasse, L., & Clinquart, A. (2003). Prediction of 

organoleptic and technological characteristics of pork meat by near infrared spectroscopy. 

Viandes & Produits Carnés-Hors Série 9èmes Journées Sciences du Muscle et Technologies des 

Viandes, 241-242. 

Mitsumoto, M., Maeda, S., Mitsuhashi, T., & Ozawa, S. (1991). Near-infrared spectroscopy 

determination of physical and chemical characteristics in beef cuts. Journal of Food Science, 

56, 1493-1496. 

Molino, J. A., Kennedy, J. F., Beuse, P. A., Miller, C. C., Davis, W., & Andersen, C. K. (2013). 

Daytime Color Appearance of Retroreflective Traffic Control Sign Materials (Rep. No. FHWA-

HRT-13-018). United States. Federal Highway Administration. 

Monteyne, T., Coopman, R., Kishabongo, A. S., Himpe, J., Lapauw, B., Shadid, S. et al. (2018). 

Analysis of protein glycation in human fingernail clippings with near-infrared (NIR) 

spectroscopy as an alternative technique for the diagnosis of diabetes mellitus. Clinical 

Chemistry and Laboratory Medicine (CCLM), 56, 1551-1558. 

Moran, L., Andres, S., Allen, P., & Moloney, A. P. (2018). Visible and near infrared spectroscopy 

as an authentication tool: Preliminary investigation of the prediction of the ageing time of beef 

steaks. Meat Science, 142, 52-58. 

Mudalal, S., Babini, E., Cavani, C., & Petracci, M. (2014). Quantity and functionality of protein 

fractions in chicken breast fillets affected by white striping. Poultry Science, 93, 2108-2116. 

Mudalal, S., Lorenzi, M., Soglia, F., Cavani, C., & Petracci, M. (2015). Implications of white 

striping and wooden breast abnormalities on quality traits of raw and marinated chicken meat. 

Animal., 9, 728-734. 



 

106 

Mullen, A. M. (2002). New Techniques For Analysing Raw Meat Quality. In Meat Processing (pp. 

394-416). Elsevier. 

Nduwamungu, C., Ziadi, N., Parent, L. E., Tremblay, G. F., & Thuries, L. (2009). Opportunities for, 

and limitations of, near infrared reflectance spectroscopy applications in soil analysis: A review. 

Canadian Journal of Soil Science, 89, 531-541. 

Nelson, W. H. & Sperry, J. F. (1991). Modern techniques for rapid microbiological analysis. (pp. 

97-143). VCH 

Nicolai, B. M., Beullens, K., Bobelyn, E., Peirs, A., Saeys, W., Theron, K. I. et al. (2007). 

Nondestructive measurement of fruit and vegetable quality by means of NIR spectroscopy: A 

review. Postharvest Biology and Technology, 46, 99-118. 

Owens, C. M., Hirschler, E. M., Martinez-Dawson, R., & Sams, A. R. (2000). The characterization 

and incidence of pale, soft, exudative turkey meat in a commercial plant. Poultry Science, 79, 

553-558. 

Palestinian Central Bureau of Statistics (PCBS) (2005). The Household Expenditure and 

Consumption Survey (PECS). 

Parker, F. (2012). Applications of infrared spectroscopy in biochemistry, biology, and medicine. 

Springer Science & Business Media, US.  

Patterson, B. A., Matarneh, S. K., Stufft, K. M., England, E. M., Scheffler, T. L., Preisser, R. H. et 

al. (2017). Pectoralis major muscle of turkey displays divergent function as correlated with 

meat quality. Poultry Science, 96, 1492-1503. 



 

107 

Pearce, K. L., Rosenvold, K., Andersen, H. J., & Hopkins, D. L. (2011). Water distribution and 

mobility in meat during the conversion of muscle to meat and ageing and the impacts on fresh 

meat quality attributes- A review. Meat Science, 89, 111-124. 

Petracci, M., Mudalal, S., Soglia, F., & Cavani, C. (2015). Meat quality in fast-growing broiler 

chickens. World's Poultry Science Journal, 71, 363-374. 

Petracci, M. & Cavani, C. (2012). Muscle Growth and Poultry Meat Quality Issues. Nutrients, 4, 1-

12. 

Petracci, M., Mudalal, S., Babini, E., & Cavani, C. (2014). Effect of White Striping on Chemical 

Composition and Nutritional Value of Chicken Breast Meat. Italian Journal of Animal Science, 

13, 3138. 

Petracci, M., Soglia, F., & Cécile (2017). Muscle metabolism and meat quality abnormalities. In 

Poultry Quality Evaluation (pp. 51-75). Woodhead Publishing. 

Pieszczek, L., Czarnik-Matusewicz, H., & Daszykowski, M. (2018). Identification of ground meat 

species using near-infrared spectroscopy and class modeling techniques- Aspects of 

optimization and validation using a one-class classification model. Meat Science, 139, 15-24. 

Rambo, M. K. D., Amorim, E. P., & Ferreira, M. M. C. (2013). Potential of visible-near infrared 

spectroscopy combined with chemometrics for analysis of some constituents of coffee and 

banana residues. Analytica Chimica Acta, 775, 41-49. 

Rathgeber, B. M., Boles, J. A., & Shand, P. J. (1999). Rapid postmortem pH decline and delayed 

chilling reduce quality of turkey breast meat. Poultry Science, 78, 477-484. 



 

108 

Reis, M. M., Van Beers, R., Al-Sarayreh, M., Shorten, P., Yan, W. Q., Saeys, W. et al. (2018). 

Chemometrics and hyperspectral imaging applied to assessment of chemical, textural and 

structural characteristics of meat. Meat Science. 

Rinnan, A., Van den Berg, F., & Engelsen, S. B. (2009). Review of the most common pre-

processing techniques for near-infrared spectra. TrAC Trends in Analytical Chemistry, 28, 

1201-1222. 

Rinnan, A., Nørgaard, L., van den Berg, F., Thygesen, J., Bro, R., & Engelsen, S. B. (2009). Data 

pre-processing. Infrared Spectroscopy for Food Quality Analysis and Control, 29-31. 

Rosipal, R. & Krämer, N. (2005). Overview and recent advances in partial least squares. In 

International Statistical and Optimization Perspectives Workshop" Subspace, Latent Structure 

and Feature Selection", (pp. 34-51). Springer, Berlin, Heidelberg. 

SAS (1988). SAS/ STAT Guide for personal computers, Version 6.03 edition. Cary, North 

Carolina: SAS InstituteInc. 

Scanes, C. G. (2007). The Global Importance of Poultry. Poultry Science, 86, 1057-1058. 

Sihvo, H. K., Immonen, K., & Puolanne, E. (2014). Myodegeneration with fibrosis and regeneration 

in the pectoralis major muscle of broilers. Veterinary Pathology, 51, 619-623. 

Singham, P., Birwal, P., & Yadav, B. K. (2015). Importance of objective and subjective 

measurement of food quality and their inter-relationship. Journal of Food Processing & 

Technology, 6, 1. 

Soderberg, T. (2016). Organic Chemistry with a Biological Emphasis Volume I. 



 

109 

Soglia, F., Mazzoni, M., & Petracci, M. (2018). Spotlight on avian pathology: current growth-

related breast meat abnormalities in broilers. Avian Pathology, 1-3. 

Stone, H. (2012). Sensory evaluation practices. Academic press. 

Stryer, L. & Latchman, D. S. (1995). Biochemistry. (4 Ed.). Amsterdam: Published for the 

International Union of Biochemistry, W.H. Freeman & Company. 

Sun, S., Guo, B., Wei, Y., & Fan, M. (2012). Classification of geographical origins and prediction 

of d13C and d15N values of lamb meat by near infrared reflectance spectroscopy. Food 

Chemistry, 135, 508-514. 

Swatland, H. J. (2002). On-line monitoring of meat quality. CRC Press, Woodhead Pub.: 

Cambridge, England. 

Tijare, V. V., Yang, F. L., Kuttappan, V. A., Alvarado, C. Z., Coon, C. N., & Owens, C. M. (2016). 

Meat quality of broiler breast fillets with white striping and woody breast muscle myopathies. 

Poultry Science, 95, 2167-2173. 

Van Kempen, T. (2001). Infrared technology in animal production. World's Poultry Science 

Journal, 57, 29-48. 

Vaudour, E., Cerovic, Z. G., Ebengo, D. M., & Latouche, G. (2018). Predicting Key Agronomic 

Soil Properties with UV-Vis Fluorescence Measurements Combined with Vis-NIR-SWIR 

Reflectance Spectroscopy: A Farm-Scale Study in a Mediterranean Viticultural Agroecosystem. 

Sensors, 18, 1157. 

Weyer, L. & Workman Jr, J. (2007). Practical guide to interpretive near-infrared spectroscopy. 

Beijing: ChemicalIndustryPress. 



 

110 

Williams, L. E. (1981). The book of the wild turkey. Winchester Press. 

Wold, J. P., Mage, I., Lovland, A., Sanden, K. W., & Ofstad, R. (2018). Near-infrared spectroscopy 

detects woody breast syndrome in chicken fillets by the markers protein content and degree of 

water binding. Poultry Science, 98, 480-490. 

Wold, J. P., Veiseth-Kent, E., Host, V., & Lovland, A. (2017). Rapid on-line detection and grading 

of wooden breast myopathy in chicken fillets by near-infrared spectroscopy. PLoS One, 12, 

e0173384. 

Wold, S., Esbensen, K., & Geladi, P. (1987). Principal component analysis. Chemometrics and 

Intelligent Laboratory Systems, 2, 37-52. 

Wold, S., Sjöström, M., & Eriksson, L. (2001). PLS-regression: a basic tool of chemometrics. 

Chemometrics and Intelligent Laboratory Systems, 58, 109-130. 

Wubshet, S. G., Wold, J. P., Afseth, N. K., Bocker, U., Lindberg, D., Ihunegbo, F. N. et al. (2018). 

Feed-Forward Prediction of Product Qualities in Enzymatic Protein Hydrolysis of Poultry By-

products: a Spectroscopic Approach. Food and Bioprocess Technology, 11, 2032-2043. 

Yancey, J. W. S., Apple, J. K., Meullenet, J. F., & Sawyer, J. T. (2010). Consumer responses for 

tenderness and overall impression can be predicted by visible and near-infrared spectroscopy, 

Meullenet–Owens razor shear, and Warner–Bratzler shear force. Meat Science, 85, 487-492. 

Yang, Y., Zhuang, H., Yoon, S. C., Wang, W., Jiang, H., & Jia, B. (2018). Rapid classification of 

intact chicken breast fillets by predicting principal component score of quality traits with 

visible/near-Infrared spectroscopy. Food Chemistry, 244, 184-189. 



 

111 

Zambonelli, P., Zappaterra, M., Soglia, F., Petracci, M., Sirri, F., Cavani, C. et al. (2016). Detection 

of differentially expressed genes in broiler pectoralis major muscle affected by White Striping - 

Wooden Breast myopathies. Poultry Science, 95, 2771-2785. 

Zhang, H., Xu, S., Piao, X., Zheng, P., & Wang, Y. (2018). Rapid, non-destructive determination of 

ginseng seed moisture content by near infrared spectroscopy technology. Seed Science and 

Technology, 46, 365-369. 

Zuidhof, M. J., Schneider, B. L., Carney, V. L., Korver, D. R., & Robinson, F. E. (2014). Growth, 

efficiency, and yield of commercial broilers from 1957, 1978, and 2005. Poultry Science, 93, 

2970-2982.  



 

112 

 

الشرائط البٌضاء( فً صدر لحم الدٌك الرومً فً السوق الفلسطٌنً تمٌٌز التشوهات العضلٌة )

 باستخدام تقنٌة الطٌف المرئً )الأشعة المرئٌة والأشعة القرٌبة من تحت الحمراء(
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Abstract (In the Arabic Language) 
 

تمٌٌز التشوهات العضلٌة ) الخطوط البٌضاء( فً صدر لحم الدٌك الرومً فً السوق الفلسطٌنً 

 تحت الحمراء( المرئٌة والأشعة القرٌبة من باستخدام تقنٌة الطٌف المرئً )الأشعة

 عدادإ

 أمل محمود عبدالله زٌد 

 

 إشراف

 رئٌسً()مشرف د. نواف أبو خلف 

 د. سامر مدلل ) مشرف مساعد(

 الملخص

نتٌحة لزٌادة الطلب على لحوم الدواجن على الصعٌد الدولً والعالمً، تم تحقٌق تحسٌنات هائلة فً فً معدل النمو 

وخاصة الصدرباعتباره مصدر مهم للبروتٌن لهذه الطٌور الداجنة. تم تعزٌز هذه الإنتاجٌة عن طرٌق الانتقاء الوراثً 

 المتعمد باستخدام التقنٌات الحٌوٌة. 

خاب الوراثً مرتبطاً بظهور تغٌرات نسٌجٌة وتعدٌلات كٌمٌائٌة حٌوٌة فً الأنسجة العضلٌة لهذه الطٌور، من كان الانت

خلال انخفاض مستوى الأوعٌة والشعٌرات الدموٌة التً تقوم بالتمثٌل الغذائً للأنسجة العضلٌة. وبناء على ذلك، فقد 

"  White Strip" خٌوط " بٌضاء اللون المعروفة باسم " ظهرت العدٌد من التشوهات العضلٌة وأحدثها ظهور شرائط

 بالإنجلٌزٌة على صدر الدواجن.

تعتبر جمٌع العٌوب العضلٌة التً ظهرت على هذه الطٌور النامٌة وخاصة الدٌك الرومً مشكلة كبٌرة لصناعات 

مثال: أثرت هذه المشاكل على الدواجن؛ لأنها أثرت سلباً على سمات الجودة والسلامة لمنتوجات اللحوم. عى سبٌل ال

المظهر الخارجً )تغٌٌر فً اللون والملمس( بالإضافة لتاثٌرها على بعض الخصائص التكنولوجٌة والكٌمٌائٌة )القدرة 

على الاحتفاظ بالماء، تغٌٌر نسبة البروتٌن والدهون والعناصر الغذائٌة( للمنتج مما أدى إلى عزوف المستهلك عن 

 شراء تلك المنتجات.

لتلافً تلك المشكلة اضطرت بعض الشركات إلى إزالة الجزء المصاب من الذبٌحة من خطوط الإنتاج وتحوٌلها إلى 

 ) قطع الدجاج والنقانق(، فً حٌن أن الجزء المتبقً صالح للاستهلاك البشري. لحوم معالجة أخرى مثل

من الضغط على صناعات اللحوم لضمان  فرضت الاختلافات فً تكوٌن اللحوم بسبب زٌادة تشوهات العضلات المزٌد

 الجودة. فٌما ٌتعلق بالإنتاج وتقٌٌم اللحوم، هناك حاجة للبحث عن تقنٌة سرٌعة،غٌر مدمرة وغٌر مكلفة. 
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طولها الموجً  (NIR) على مدى السنوات الماضٌة ، استخدمت تقنٌة مفٌدة تدعى التحلٌل بالأشعة تحت الحمراء

  ر(. كما ظهر أنه ٌمكن التعرف على محتوٌات المنتج من خلال قٌاس كمٌة الإشعاعنانومت 2500-700ٌتراوح بٌن )

 NIR /ومن ثم ٌمكن تقدٌر هذه المحتوٌات. أو تتبعثر عند أطوال موجٌة مختلفة التً تنعكس، تمتص، تنتقل و 

لدٌها مزاٌا فرٌدة إذا ما قورنت  المستخدمة لتقٌٌم التركٌب الكٌمٌائً للحوم ومنتجات اللحوم NIR تقنٌة التحلٌل الطٌفً

مع الأسالٌب الكلاسٌكٌة، مثل القٌاسات السرٌعة والمتكررة، وسهولة إعداد العٌنات. وعلاوة على ذلك، فهً مناسبة 

للاستخدام عن بعد فً مجال الزراعة، والصناعات الدوائٌة بالإضافة إلى القطاعات الصحٌة لتقٌٌم سمات الجودة 

أخرى، لا ٌزال التحلٌل الطٌفً للأشعة تحت الحمراء محدودًا، حٌث توجد ضرورة لطرٌقة المختلفة. فً ناحٌة 

  مرجعٌة، وحساسٌة منخفضة للمكونات البسٌطة، بالإضافة إلى التعقٌد فً المعاٌرة

كٌمٌائً للتنبؤ بالعدٌد من الصفات النوعٌة لها مثل التركٌب ال NIR بالنسبة للحوم فقد تم دراسة قدرة التحلٌل الطٌفً

 )البروتٌن، الاحتفاظ بالماء،الدهون والكولاجٌن(، درجة الحموضة، إلخ. 

للتنبؤ بالصفات النوعٌة لصدر الدٌك الرومً  VIS-NIR لا توجد دراسات متاحة تستخدم تقنٌة التحلٌل الطٌفً ل

ً من هذا البحث هو استخدام المتأثر بمستوٌات مختلفة من هذه الشرائط "الخٌوط" البٌضاء. ولذلك ، فإن الهدف الرئٌس

التحلٌل الطٌفً للأشعة المرئٌة والأشعة الحمراء القرٌبة وتوظٌفها من أجل التنبؤ بخصائص الجودة والتمٌٌز بٌن 

 على صدر الدٌك الرومً  المستوٌات المختلفة للعٌوب الشرٌطٌة البٌضاء

عٌنة بشكل عشوئً من أحد المسالخ  60أصل عٌنة من صدور الدٌك الرومً " حبش" من  34تبعا لذلك تم اختٌار 

. ثم تم المتواجدة فً محافظة طولكرم ، تمثل مستوٌات مختلفة من العٌوب الشرٌطٌة البٌضاء ) طبٌعٌة، معتدلة، حادة(

خضوري وتسجٌل البٌانات للتحلٌل لاحقا، ومن ثم  -القٌاس باستخدام الأشعة للعٌنات فً مختبر جامعة فلسطٌن التقنٌة

(، وقٌاس درجة  *L، و *a* ،bٌل الكٌمائً فً مختبرات جامعة النجاح الوطنٌة لتقٌٌم مؤشرات اللوّن ) التحل

الحموضة، الأمتصاص بعد النقع، فقدان السوائل بعد الطبخ، بالإضافة إلى التركٌب الكٌمائً) نسبة السوائل، الدهون، 

 البروتٌن والرماد(.

( عن طرٌق تحلٌل كل من المربعات الصغرى MVDAمتغٌر المتعددات )لتحلٌل البٌانات  بعد استخدام برنامج

 .  PCA، وتحلٌل المكون الرئٌسPLSًالجزئً 

كانت جٌدة بالنسبة للون والدرجة الحموضة PLS أظهرت النتائج التً توصلنا إلٌها أن نماذج التنبؤ باستخدام 

 عٌنة الطبٌعٌة وشدٌدة الشرائط البٌضاء. والتكرٌب الكٌمائً، بالإضافة إلى القدرة على التمٌٌز بٌن ال

و  VIS  ،NIR( لمنطقة PC1)وقد وجد أن المكون الرئٌسً الأول ، PCAعن طرٌق  VIS-NIRتم تحلٌل بٌانات 

VIS-NIR  على التوالً. أظهر ٪ من التغٌر الكل96ًو٪ 97 ،٪98ٌفسر ،PCA  ا للتمٌٌز بٌن اللحم العادي ًٌ أداءً عال

 من غٌر الطبٌعً )شرٌط أبٌض معتدل وشدٌد(.

من  طبٌعٌةال العٌناتللتمٌٌز بٌن  اً كان مرضٌ VIS-NIR، أظهرت نتائج هذا البحث أن التحلٌل الطٌفً لـ وأخٌرا

 .ت النوعٌةباستخدام العدٌد من الصفا مصابة باعتلال الشرائط البٌضاءلالدٌك الرومً ا عٌنات
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The End 

 


