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ABSTRACT

MULTI-OMIC APPROACHES TO INVESTIGATE MEAT QUALITY VARIATION

Variation in the proteome profile of longissimus lumborum (LL) and psoas major (PM)
post-rigor influences meat quality attributes such as tenderness and color stability during retail
display. Tandem mass tag (TMT) labeling is a chemical labeling approach using isobaric mass
tags for accurate mass spectrometry-based quantification and identification of biological
macromolecules. The objective of first study was to use TMT labeling to examine proteome profile
variation between beef LL and PM during the early postmortem period (45 min, 12 h, and 36 h).
We identified a total of 629 proteins, of which 71 were differentially abundant (fold change > 1.5,
P <.05) from three comparisons between the muscles (PM vs. LL at 45 min, 12 h and 36 h). These
proteins were mainly involved in oxidative phosphorylation and ATP-related transport,
tricarboxylic acid cycle, NADPH regeneration, fatty acid degradation, muscle contraction, calcium
signaling, chaperone activity, oxygen transport, as well as degradation of the extracellular matrix.
At early postmortem, more abundant antiapoptotic proteins in LL could cause high metabolic
stability, enhanced autophagy, and delayed apoptosis, while overabundant metabolic enzymes and
pro-apoptotic proteins in PM could accelerate the generation of reactive oxygen species and
initiation of cell death.

Pulmonary hypertension is a noninfectious disease of cattle at altitudes > 1524 m (5,000
ft). Mean pulmonary arterial pressures (PAP) are used as an indicator for pulmonary hypertension

in cattle. High PAP cattle (=50 mmHg) entering the feedlot at moderate elevations have lower

feed efficiency as compared to low PAP cattle (< 50 mmHg). In second study, the impact of



pulmonary arterial pressure on mitochondrial function, oxidative phosphorylation (OXPHOS)
protein abundance, and meat color was examined using LL from high (98 + 13 mmHg; n = 5) and
low (41 £ 3 mmHg; n = 6) PAP fattened Angus steers (live weight of 588 + 38 kg) during early
postmortem period (2 and 48 h) and retail display (days 1 to 9), respectively. High PAP muscle
had greater (P = 0.013) OXPHOS-linked respiration and proton leak-associated respiration than
low PAP muscles at 2 h postmortem but rapidly declined to be similar (P = 0.145) to low PAP
muscle by 48 h postmortem. OXPHOS protein expression was higher (P = 0.045) in low PAP than
high PAP muscle. During retail display, redness, chroma, hue, ratio of reflectance at 630 and 580
nm, and metmyoglobin reducing activity decreased faster (P < 0.05) in high PAP steaks than low
PAP. Lipid oxidation significantly increased (P < 0.05) in high PAP steaks but not (P > 0.05) in
low PAP. The results indicated that high PAP caused a lower OXPHOS efficiency and greater fuel
oxidation rates under conditions of low ATP demand in premortem beef LL muscle; this could
explain the lower feed efficiency in high PAP feedlot cattle compared to low PAP counterparts.
Mitochondrial integral function (membrane integrity or/and protein function) declined faster in
high PAP than low PAP muscle at early postmortem. LL steaks from high PAP animals had lower
color stability than those from the low PAP animals during simulated retail display, which could
be partially attributed to the loss of muscle mitochondrial function at early postmortem by ROS
damage in high PAP muscle.

Rapid Evaporative Ionization Mass Spectrometry (REIMS) is a type of ambient ionization
mass spectrometry, which enables real-time evaluation of several complex traits from a single
measurement. The objectives of third study were (1) to investigate the capability of REIMS to
accurately identify and predict cooked sheep meat flavor and carcass characteristics based on

consumer response utilizing metabolomic data acquired from different types of raw sample by I-



Knife and (2) to compare the data generated by these two electrodes (Meat Probe vs. I-Knife) in
their ability to differentiate carcass background and sheep meat flavor. Current study demonstrated
that REIMS analysis of raw meat samples can be used to accurately predict and classify cooked
sheep meat flavor and carcass characteristics (based on consumer response). Specifically, the lean
and fat tissue collected at 45 min postmortem can be used to predict carcass characteristics and
post rigor meat flavor. Models for diet, flavor intensity acceptance, off flavors presence, overall
acceptance, age, and flavor acceptance achieved prediction accuracies higher than 80%. In addition,
data generated using the Meat Probe resulted in models with better or similar prediction accuracies
of carcass background (age, diet, and gender) and consumer preference (intensity acceptance,
flavor acceptance, off flavors presence, and overall acceptance) as compared to models based on
data generated using the I-Knife. The Meat Probe was more user-friendly, faster, and cleaner than
I-Knife for REIMS analysis. Further investigations are necessary to evaluate the use of the Meat

Probe for REIMS analysis in other applications.
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CHAPTER 1 - REVIEW OF LITERATURE

1.1 Application of proteomic tools in meat quality evaluation
1.1.1 Introduction

Meat quality attributes such as color, tenderness, and juiciness are highly variable and are
often dictated by the functionality of proteins present in meat. Quality defects and inconsistencies
in quality are major challenges for the meat industry. Although extensively researched, some of
the fundamental mechanisms contributing to these quality differences are not completely
understood, and developing a clear understanding of these processes at a biochemical and
molecular level is critical to improving meat quality consistently.

Proteins constitute around 20% of meat and serve as a connection between the genetic
profile of the animals and meat quality. In general, meat proteins could be categorized into three
broad categories based on their solubility, namely (1) sarcoplasmic, (2) myofibrillar, and (3)
stromal (connective tissue) proteins. Among these groups, sarcoplasmic proteins are located in the
sarcoplasm (cytoplasm) of the muscle cells and constitute about 25%-30% of the total muscle
proteins. These proteins are water-soluble and are generally globular proteins. There are hundreds
of proteins present in the sarcoplasm, and their functionalities can influence the meat quality. For
example, the glycolytic enzymes present in the sarcoplasm can influence postmortem metabolism,
which in turn can influence meat quality. Myoglobin is another sarcoplasmic protein that critically
influences meat quality, especially meat color. Although the physiological function of myoglobin
is to store oxygen for muscle metabolism, the redox chemistry of myoglobin postmortem

determines meat color.



Mpyofibrillar proteins constitute around 50%-60% of total meat proteins and are salt soluble.
They are largely responsible for textural and structural properties of meat and meat products.
Myosin (thick filament) and actin (thin filament) are two major myofibrillar proteins that play a
critical role in the process of muscle contraction and postmortem rigor. These proteins dictate
functionalities such as gelation and emulsification during meat processing. Stromal proteins are
typically insoluble in water and require a strong acid/alkali solution for solubilizing them (e.g.,
collagen, elastin, reticulin). They are part of the extracellular matrix that provides structure and
organization to the muscles. However, stromal proteins can critically influence meat quality
parameters, particularly meat tenderness. Among the stromal proteins, collagen has been studied
extensively in relation to meat tenderness. The large number and varied nature of the meat proteins
make it challenging to examine the interactions between them using traditional meat quality
analysis approaches. Moreover, the protein profile could be very dynamic in comparison to the
static genome. Hence the application of novel tools such as proteomics has gathered a lot of interest
from the meat scientific community in the past decade. This section will focus on some of the
commonly used proteomic tools and their applications for meat quality evaluation.
1.1.2 Proteomics

The term “proteome” is defined as the protein complement of the genome comprising the
total amount of proteins expressed at a certain time point in an animal (Wilkins et al., 1996).
Proteomics is the systematic analyses of the proteome, which could include protein identification,
quantification, and functional characterization (Liebler, 2002). When compared to the static
genome, the proteome is dynamic and influenced by various factors related to protein synthesis or

degradation. In eukaryotes, the alternative splicing of genes and various posttranslational



modifications (PTMs) that a protein undergoes, like acetylation, phosphorylation, and
glycosylation, result in the proteome being larger than the genome.

From a meat science perspective the proteome can be considered as the molecular linkage
between the genome and meat quality traits (Hollung et al., 2007). Although cutting-edge tools in
mass spectrometry and proteomics have been extensively utilized in many disciplines within
agricultural sciences, the application of proteomics in meat research grew significantly only in the
last decade as it enables researchers to investigate postmortem protein changes at a molecular level.
Chromatography-based techniques such as ion-exchange chromatography, size exclusion
chromatography, and affinity chromatography are conventionally used in the purification of
proteins, whereas techniques such as enzyme-linked immunosorbent assay and Western blotting
are used for the analysis of selective proteins (not discussed in this section). These techniques are
restricted to the analysis of few individual proteins and might be poor in defining protein
expression levels. However, proteomics enables the characterization of hundreds of proteins in a
single analysis by identifying cleavage sites and protein modifications such as protein oxidation
and phosphorylation. Since proteins are effectors of biological function whose levels are not only
dependent on corresponding mRNA levels but also on host translational control and regulation,
proteomics could be considered as the most relevant data set to characterize a biological system
(Huang and Lametsch, 2013).

The proteomic approaches can be broadly classified into two categories: (1) gel-based
approaches, and (2) gel-free approaches. Each of these approaches will be discussed briefly in this

section, whereas Baggerman et al., (2005) have comprehensively reviewed the topic.



1.1.2.1 Gel-based approaches

Sodium dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE), often referred
to simply as one-dimensional electrophoresis (1-DE), is a technique for the separation of proteins
according to their size, which enables approximation of the molecular weight. Proteins are
neutrally charged at their isoelectric point (pI). When an electric field is applied in a medium
having pH different from their pl, the proteins migrate on the gels (usually on polyacrylamide gels)
and form bands, which are then visualized through staining techniques. The rate/velocity of
migration depends on the ratio between the protein’s charge and mass. However, the addition of
sodium dodecyl sulfate denatures the proteins and therefore separates them absolutely according
to molecular weight (Aslam et al., 2017). Although 1-DE is very useful for the separation of
proteins at a higher level, the resolution of the gels is very low, with the possibility of multiple
proteins with similar molecular weight appearing in a single protein band.

The two-dimensional PAGE often referred to simply as two-dimensional electrophoresis
(2-DE), enables the separation of proteins by their mass and charge. The 2-DE is capable of
resolving ~5000 different proteins successively, depending on the size of the gel. In this technique,
proteins are separated by charge (pl) by isoelectric focusing in the first dimension, and then
according to their molecular weight in the second dimension. Since these two parameters are
unrelated, an almost uniform distribution of protein spots can be obtained across a two-
dimensional gel, and the resulting map of protein spots can be considered as the protein fingerprint
of that sample. As in SDS-PAGE gels, the protein spots are visualized through staining methods.
The most popular protein staining method is using Coomassie blue, as it is inexpensive, easy to
use, and has a wide linear range that makes relative quantification easy. Moreover, Coomassie

staining is compatible with downstream analysis by mass spectrometry. However, due to its



medium sensitivity, not all proteins can be visualized by Coomassie blue. Another option is to use
silver staining which has a 20-50 times higher detection limit (highest sensitivity). The
disadvantage of silver staining is that it is not very compatible with mass spectrometry and
extensive destaining methods have to be used before the identification of the protein spot.
Moreover, due to its limited dynamic range, the reproducibility of the spot intensities is low while
using silver staining. This problem can be somewhat circumvented by differentially labeling
different protein samples and separating them on the same gel.

One such method is the two-dimensional differential gel electrophoresis (2D-DIGE),
which is performed by covalently tagging two protein samples (control and treatment) with two
distinct N-hydroxysuccinamide derivatives with different fluorescent emission spectra, but
identical masses and electrophoretic mobility. The labeled extracts are pooled and separated by 2-
DE. An imager then scans the gel at the two Cy-dye emission wavelengths, and the image analysis
software can identify spots of different intensity by superimposing the images. The major
advantage of the 2D-DIGE is that it allows the comparison of two protein samples on the same gel.
However, in larger studies where multiple conditions have to be compared, there could be issues
with gel-to-gel variation. A novel approach of using a third dye was suggested by Alban et al.
(2003) to solve this problem. These researchers used a third dye to label a third sample that will
function as an internal standard. The standard sample comprises equal amounts of each sample to
be compared. This standard is then mixed with two of the protein samples that have to be compared
and subjected to 2-DE, which will enable the relative quantification easier.

However, 2-DE gels cannot visualize all proteins in a complex sample due to different
technical limitations. A typical 2-DE gel can visualize only 30%-50% of the entire proteome

(depending on the type of tissue), although some prefractionation methods can be used to



overcome this drawback to some extent. Especially, proteins present in extremely low
concentrations or proteins that cannot be separated on 2-DE gels due to their physicochemical
properties (molecular weight, pl, hydrophobicity) will not be typically detected in 2-DE gels.
Proteins with high (> 150 kDa) and low (< 10 kDa) molecular weight, and proteins with extreme
pls are usually outside the detection limit in a standard 2-DE. Additionally, the hydrophobic
proteins are not soluble in the typical buffers used for sample preparation or could precipitate
during the electrophoretic process (Lescuyer et al., 2004). This means that the membrane proteins
and small proteins (peptides) cannot be examined in most proteomic studies. Strong detergents
that will disrupt the double layer of phospholipids and release the embedded hydrophobic protein
can be used for extraction of the membrane proteins. However, these detergents are not compatible
with the first dimension separation (isoelectric focusing) in 2-DE. Briefly, the 2-DE process is
time-consuming, labor-intensive, and requires significant technical expertise to generate
reproducible gels (Rabilloud, 2002). To overcome some of these challenges, several gel-free high-
throughput technologies for proteome analysis have been developed in recent years.
1.1.2.2 Gel-free approaches

Instead of using gel-based approaches, multidimensional capillary liquid chromatography
(LC) coupled to tandem mass spectrometry (MS/MS) can be used to separate and identify the
peptides obtained from the enzymatic digest of an entire protein extract. This bottom-up (shotgun)
proteomics technique (multidimensional protein identification technology; MudPIT) allows
analysis of hydrophobic proteins as well as peptides. Basically, complex protein mixtures are
digested to peptides using proteolytic enzymes, fractionated using chromatographic columns
according to different chemical properties, and subsequently analyzed by MS/MS resulting in

protein identification. Several drawbacks associated with 2-DE such as underrepresentation of



extreme acid/basic proteins and the poor sensitivity for lowly expressed proteins can be avoided
through gel-free approaches. Moreover, the MudPIT method simplifies sample handling, avoids
sample loss in the gel matrix and increases throughput and data acquisition (Bantscheff et al., 2007;
Lewis et al., 2012). However, it is important to realize that proteins are not examined in their intact
state, but instead as peptides obtained through proteolytic cleavage. Since it is easier to separate
peptides by LC compared to proteins, a peptide-based proteomic analysis can be performed much
faster and more cheaply than a gel-based analysis. Although the MudPIT technology is fast and
sensitive with good reproducibility, it lacks the ability to provide quantification.

In gel-free proteomic approaches, there are two basic possibilities of quantification: (1) a
relative quantification of proteins in compared samples (e.g., control vs. treatment) or (2) an
absolute quantification (Yates et al., 2009). One of the most popular methods for relative
quantification is stable isotope labeling of proteins in samples before analysis. Proteins are labeled
with heavy isotopologues of C, H, N, or O through chemical derivatization processes before mass
spectrometric (MS) analysis. Isotope-coded affinity tags (ICATs), dimethyl labeling, and isobaric
mass tags are some of the common labeling techniques for protein quantification. Except for
isobaric mass tags, stable isotope derivatization methods introduce a small mass difference to
identical peptides from two or more samples which can be distinguished in the MS1 spectrum. The
relative abundance ratios of peptides are measured by comparing heavy/light peptide pairs, and
then protein levels are inferred from a statistical evaluation of the peptide ratios.

The ICAT reagents generally comprise an affinity tag for the isolation of labeled peptides,
an isotopically coded linker, and a reactive group (Shiio and Aebersold, 2006). In an ICAT
experiment, either light or heavy ICAT reagents are used to label protein samples. The mixtures

of labeled proteins are then digested by trypsin and separated through a multistep chromatographic



separation, which can be then identified with MS/MS. Integrated LC peak areas of the heavy and
light versions of the ICAT-labeled peptides can be then used to infer the relative quantities of the
peptide. Stable isotopic labeling with amino acids in cell culture (SILAC) is another gel-free mass
spectrometry-based approach for quantitative proteomics. The whole proteome of different cells
grown in cell culture are labeled with light or heavy forms of amino acids (metabolic labeling) and
are differentiated through mass spectrometry. The SILAC was primarily developed as a technique
to study the regulation of gene expression, cell signaling, and PTMs, but is not widely used for
meat science applications.

Isobaric tag for relative and absolute quantitation (iTRAQ) is also a gel-free multiplex
protein labeling technique for protein quantification based on tandem mass spectrometry. In
iTRAQ, each sample is derivatized with a different isotopic variant of an isobaric mass tag, and
then the samples are pooled and analyzed simultaneously in the mass spectrometer. The N-
terminus and side chain amine groups of proteins are usually labeled and are fractionated through
LC columns before mass spectrometric analysis. The iTRAQ method has several advantages such
as the ability to multiplex several samples, easier quantification, simplified analysis, and increased
analytical precision and accuracy (Aggarwal et al., 2006; Zieske, 2006; Lund et al., 2007). Since
the tags are isobaric, the differentially labeled peptides appear as a single composite peak at the
same m/z value in the MS1 scan. When the iTRAQ tagged peptides are subjected to MS/MS it
generates two types of product ions: (1) reporter ion peaks and (2) peptide fragment ion peaks. The
reporter ions provide relative quantitative information of proteins, whereas the original peptide
fragments are used to obtain the identity of the proteins. The quantification is accomplished by
directly correlating the relative intensity of reporter ions to that of the peptide selected for MS/MS

fragmentation. Since every tryptic peptide can be labeled in an isobaric labeling method, more



than one peptide representing the same protein could be identified, which in turn increases the
confidence in both the identification and quantification of the protein (Rauniyar and Yates, 2014).
Additionally, techniques such as Edman degradation can be used to determine the amino acid
sequence of a particular protein (Smith, 2001). X-ray crystallography and nuclear magnetic
resonance spectroscopy are also major high-throughput techniques that provide three-dimensional
structure of a protein that might be helpful to understand its biological function (Smyth and Martin,
2000).
1.1.3 Proteomic approaches to meat quality

Proteomic tools can be applied to investigate preharvest as well as postharvest aspects of
meat production (Bendixen, 2005; Mullen et al., 2006). Preharvest applications explain the
biochemistry of food animal growth (Doherty et al., 2004) and muscle biology (Okumura et al.,
2005), whereas postharvest aspects primarily focus on the fundamental aspects of meat quality,
such as color (Nair et al., 2017), tenderness (Picard and Gagaoua, 2017), and water-holding
capacity (WHC; Di Luca et al., 2011)
1.1.3.1 Meat color

Meat color is an important quality attribute that critically influences consumer purchase
decisions. As mentioned earlier in this section, sarcoplasmic proteins in meat play a critical role in
meat color, especially through the interactions with myoglobin. The changes in the skeletal muscle
proteome continue during the postmortem period (Hollung et al., 2007) and can critically influence
meat color (Nair et al., 2018a, 2018b). Earlier meat color research using proteomic tools focused
on the interaction between myoglobin and small biomolecules, especially the effect of lipid
oxidation products on myoglobin redox chemistry using 4-hydroxy-2-nonenal (HNE) as a model

aldehyde. This research demonstrated that the covalent modification of histidine residues (via



Michael addition) in myoglobins of horse (Faustman et al., 1999), pork (Lee et al., 2003), beef
(Alderton et al., 2003), emu (Nair et al., 2014), and ostrich (Nair et al., 2014) by reactive aldehydes
is responsible for lipid oxidation-induced meat discoloration. Further, Yin et al. (2011) compared
lipid oxidation-induced oxidation in various livestock and poultry myoglobins. These authors
reported that the effect of HNE on myoglobin oxidation was correlated with a number of histidine
residues in myoglobins, with a greater oxidation rate observed in myoglobins containing a greater
number of histidine residues.

Suman et al. (2006) reported mono- and di-adducts between HNE and beef myoglobin,
whereas only monoadducts were present in pork myoglobin at typical meat conditions (pH 5.6,
4 °C). While tandem mass spectrometry revealed four histidine adduction sites (36, 81, 88, and
152) in beef myoglobin, only two histidines (24 and 36) were found to be adducted in pork
myoglobin, which indicated that the effect of lipid oxidation on myoglobin redox stability and
meat color are species-specific. Further studies (Suman et al., 2007) revealed that histidine 36 was
preferentially adducted in pork myoglobin, whereas histidine 81 and 88 were the major sites of
early HNE adduction in beef myoglobin. These authors also concluded that the preferential
adduction of HNE at proximal histidine (93) observed exclusively in beef myoglobin was
responsible for increased lipid oxidation-induced oxidation in beef myoglobin compared to pork
myoglobin. These studies (Suman et al., 2006, 2007) also explained why vitamin E is effective in
stabilizing color in beef, but not in pork.

Proteomic tools are also used to examine the fundamental basis of muscle-specificity in
meat color. Joseph et al. (2012) compared the sarcoplasmic proteome of color-stable longissimus
lumborum and color-labile psoas major using 2-DE and tandem mass spectrometry and reported

differential abundance of several proteins, including metabolic enzymes, antioxidant proteins, and
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chaperones. Further, Wu et al. (2015, 2016) reported differentially abundant sarcoplasmic proteins
in longissimus lumborum, psoas major, and semitendinosus muscle from Luxi yellow cattle during
postmortem storage for 0, 5, 10, and 15 days, indicating that the variation in the sarcoplasmic
proteins contributes to the muscle-specificity in meat color. Clerens et al. (2016) performed
proteomic and peptidomic analysis of four muscles (semitendinosus, longissimus thoracis et
lumborum, psoas major, and infraspinatus) from New Zealand-raised Angus steers. Although the
muscles exhibited similar 2-DE profile, there was significant intensity difference between many
proteins, including hemoglobin subunit beta, carbonic anhydrase 3, triosephosphate isomerase,
phosphoglycerate mutase 2, serum albumin, and B-enolase. Clerens et al. (2016) performed
comprehensive proteome analysis of differentially color-stable beef muscles, longissimus
lumborum, psoas major, semitendinosus, and semimembranosus during postmortem aging and
reported significant changes in proteins associated with glycolysis and energy metabolism in
relation to meat color. Yu et al. (2017) utilized label-free mass spectrometry to characterize the
effect of postmortem storage time (0, 4, and 9 days) on the proteome changes of semitendinosus
muscle in Holstein cattle, and correlations between differentially abundant proteins and meat color
traits. A total of 118 proteins with significant changes (fold change > 1.5; P < 0.05) were identified
by comparisons of day 4 versus day 0, day 9 versus day 0, and day 9 versus day 4. Bioinformatics
analyses revealed that most of these proteins were involved in glycolysis and energy metabolism,
electron-transfer processes, and antioxidative function, which implied an underlying connection
between meat discoloration and these biological processes.

Beef semimembranosus is a large muscle in beef hindquarter that exhibits intramuscular
differences in color stability and could be separated into the color-stable outside (OSM) and color-

labile inside (ISM) regions. The variations in temperature decline and pH drop during carcass
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chilling are considered to be partly responsible for this intramuscular color difference. Nair et al.
(2016) investigated the proteome basis of the color difference between OSM and ISM steaks using
2-DE and tandem mass spectrometry which revealed that ISM steaks had a greater abundance of
glycolytic enzymes (fructose-bisphosphate aldolase A, phosphoglycerate mutase 2, and B-enolase)
than their OSM counterparts. A combination of rapid pH decline (due to possible rapid glycolysis
as a result of increased enzyme levels) and the high temperature (due to the location within the
carcass) in ISM during the immediate postmortem period could have an adverse effect on
myoglobin redox stability (Faustman et al., 2010; Suman and Joseph, 2013), thus compromising
the meat color stability.

Liet al. (2018) used TMT labeling in combination with TiO2 phosphopeptide enrichment
to perform a quantitative analysis of protein phosphorylation in ovine longissimus muscles with
different color stability. These researchers performed informatics analysis and reported that among
the differentially phosphorylated proteins, 27 phosphoproteins were key color-related proteins,
including glycolytic enzymes and myoglobin. Sayd et al. (2006) characterized the sarcoplasmic
proteome of pale versus dark pork meat (semimembranosus muscle) using 2-DE and tandem mass
spectrometry, along with the correlation of protein expression to color-related attributes. These
researchers reported an overexpression of oxidative enzymes related to mitochondrial metabolism,
hemoglobin, and chaperone/regulatory proteins in darker meat. On the other hand, the pale meat
revealed greater expression of glycolytic enzymes and glutathione S-transferase. The authors
correlated such differential abundance in porcine meat with faster postmortem metabolism,
possibly with accelerated ATP depletion and subsequent pH decline, which could lead to protein

denaturation and thereby resulting in discoloration.
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1.1.3.2 Tenderness

Tenderness is an important quality attribute of meat, which is considered to be critical for
consumer eating satisfaction and repurchase decisions. Postmortem degradation of several
structural proteins has been implicated in the development of meat tenderness. However, the
fundamental mechanisms for meat tenderization and biochemical basis of variation in tenderness
are yet to be completely understood (Huff-Lonergan et al., 2010). Most proteomic studies on
tenderness have been conducted by comparing extreme groups (tender vs. tough) using different
proteomic methods.

Zapata et al. (2009) used SDS-PAGE and functional proteomics to associate
electrophoretic bands from the myofibrillar proteins to meat tenderness to understand the
mechanisms of beef tenderness. Six significant electrophoretic bands were identified by
electrophoretic and statistical analysis and were sequenced by nano-LC-MS/MS. These authors
reported that the shear values were associated with the structural proteins, myosin heavy chains,
myosin light chains, actin, desmin, and tubulin or their fragments. Marino et al. (2015) investigated
postmortem proteolysis in psoas major, longissimus dorsi, and semitendinosus muscle from
Podolian young bulls aged 1, 7, 14, and 21 days using SDS-PAGE, Western blotting, and 2-DE.
Throughout postmortem aging, some structural proteins changed in intensity in all the muscles
analyzed. The blotting profile highlighted that desmin and troponin-T bands were affected by both
muscle and aging effects. Moreover, postmortem aging of semitendinosus muscle did not result in
the same improvement in tenderness observed in longissimus and psoas muscles during aging,
which was supported by proteolysis analysis, particularly troponin-T degradation.

Proteome analysis of troponin-T degradation in beef longissimus muscle, utilizing 2-DE

demonstrated that several troponin-T isoforms were fragmented by 14 days postmortem (Muroya
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et al., 2007a). Further mass spectrometric analyses of peptides revealed that all the isoforms were
cleaved exclusively at the glutamic acid-rich amino terminal region, and the troponin-T fragments
yielded a conventional 30 kDa band in the gel which could be utilized as biomarkers for monitoring
postmortem beef tenderization. Morzel et al. (2008) examined the proteome of longissimus
thoracis of Blonde d’Aquitaine beef animals to identify early predictors of tenderness using 2-DE
and LC-ESI-MS. Although succinate dehydrogenase was suggested as an excellent candidate
protein for predicting initial and overall tenderness, HSP-27 (Heat Shock Protein-27 kDa) and its
fragments correlated well with the sensory scores, indicating the possibility of HSP-27-related
cellular mechanisms influencing tenderness as well as the suitability of HSP-27 as a potential
marker for beef tenderness. Variations in tenderness of longissimus thoracis within Charolais
young bulls were examined by Laville et al. (2009) utilizing proteome analyses of tough and tender
muscles. Mass spectrometric analyses revealed the presence of a greater quantity of actin
fragments and proteins from inner and outer mitochondrial membranes in the tender group on day
0 postmortem. Mitochondrial fragmentation occurs during apoptosis, and the findings of this study
suggested a possible role for cell apoptotic process in meat tenderization. Muroya et al. (2007b)
and Jia et al. (2009) utilized the 2D-DIGE approach to assess the changes in the myosin light
chains of longissimus myofibril proteins during postmortem aging and for identification of protein
markers of meat tenderness in longissimus muscle respectively.

iTRAQ and 2-DE were utilized by Bjarnadoéttir et al. (2012) to find potential biomarkers
for meat tenderness in bovine longissimus thoracis muscle and to compare the two methods.
Although the overlap among significantly changed proteins was relatively low between iTRAQ
and 2-DE analysis, certain proteins predicted to have the same function were found in both

analyses and showed similar changes between the groups, such as structural proteins and proteins
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related to apoptosis and energy metabolism. The iTRAQ approach was also utilized by Mao et al.
(2016) for the identification of the differentially expressed proteins involved in intramuscular fat
deposition.

The molecular basis of meat tenderization in pork during the first 72 hours postmortem
was investigated by Lametsch et al. (2003) through proteome analyses using 2-DE. The researchers
identified 27 proteins with pronounced changes, including fragments of actin, myosin heavy chain,
titin, myosin light chain I, myosin light chain II, Cap Z, and cofilin. Statistical analysis revealed a
significant correlation between myosin light chain II, and several actin and myosin heavy chain
fragments with shear force (objective measurement of tenderness), indicating that postmortem
degradation of actin and myosin heavy chain is critical in meat tenderization. Further research by
Lametsch et al. (2004) characterized the proteolytic changes in pork myofibrils after incubation
with p-calpain at 4 C for 4 days using electrophoresis and mass spectrometry. In contrast to the
previous reports, these authors suggested actin and myosin heavy chain as substrates for p-calpain.
Also, several proteins including desmin, troponin-T, tropomyosin a-1, thioredoxin, and Cap Z
were degraded by p-calpain.

One of the limitations of proteomic approaches for studying meat tenderness is the
difficulty of extracting proteins from extracellular matrices that are not solubilized by typical
buffers. Hence connective tissue proteins known to be important for meat tenderness are typically
not considered in these studies. However, these approaches provide opportunities to study PTMs
such as phosphorylation, glycosylation/glycation, oxidation, and ubiquitination. These PTMs play
major roles in the postmortem process in muscle/meat science (Huang et al., 2011; D’ Alessandro
and Zolla, 2013). For example, phosphorylation is a reversible protein modification that can affect

the protein structure and activity of many enzymes in vivo, and hence have a potential role in meat
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tenderization through regulation of the activities of glycolytic enzymes. Muroya et al. (2007b)
reported that myosin light chain (MyLC2) was doubly phosphorylated during rigor mortis in
bovine longissimus muscle. Furthermore, the appearance of the doubly phosphorylated protein
after 8 hours postmortem correlated with the fast phase of rigor mortis, suggesting its potential
influence on muscle shortening.
1.1.3.3 Water-holding capacity

WHC refers to the ability of meat to hold on to water during the postmortem period and
processing. It is not only important for visual and sensory acceptability and economic reasons, but
also because of its role in molding muscle structure and the consequent effects on quality (Hughes
etal., 2014).

Marcos and Mullen (2014) utilized 2-DE to examine the relationship between pressure-
induced changes on individual proteins and quality parameters of bovine longissimus thoracis and
reported that the solubilization of myofibrillar proteins and insolubilization of sarcoplasmic
proteins due to pressure resulted in paler meat with decreased WHC. These results indicated that
the sarcoplasmic proteins play a critical role in determining the WHC of meat. Similarly, other
authors have highlighted the role of sarcoplasmic proteins such as aldehyde dehydrogenase,
glycerol-3-P-dehydrogenase, protein DJ-1, serotransferrin, B-enolase, creatine kinase M-type, and
heat shock protein 70 kDa on meat color (L*; lightness) and drip loss (Hwang et al., 2004; Sayd et
al., 2006; van de Wiel and Zhang, 2007; Kwasiborski et al., 2008).

Zuo et al. (2016) used proteomic tools to identify differentially expressed proteins during
postmortem aging of yak longissimus lumborum muscle which was classified into high and low
drip loss groups. Heat shock protein, myosin light chain, and triosephosphate isomerase were

identified as differentially expressed between the groups. Further research by Zuo et al. (2018)
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compared proteome profile of longissimus thoracis of yak classified into low cooking loss and
high cooking loss (HCL) groups. The results showed that cooking loss could be attributed to
structural proteins, metabolic enzymes, stress-related proteins, and transport protein. There was a
greater expression in the level of desmin, troponin-T, and L-lactate dehydrogenase in the HCL
group.

Di Luca et al. (2011) compared protein abundance of diverse WHC phenotypes in pork
using SDS-PAGE across time-points postmortem and identified several significant associations
between the protein/fragment band volumes and WHC. Their results indicated that proteins such
as HSP-70 could have the potential for inclusion in biomarker panels for the early prediction of
meat quality in an industrial setting. Further, Di Luca et al. (2016) used 2-D DIGE and mass
spectrometry to investigate the changes in metabolic proteins that occur over 7 days (day 1, 3, and
7) of postmortem aging using centrifugal exudate from pigs with divergent WHC. These
researchers used a machine-learning algorithm (L1-regularized logistic regression), to derive a
model with the ability to discriminate between high and low drip phenotypes using a subset of 25
proteins with an accuracy of 63%.

Phongpa-Ngan et al. (2011) compared the pectoralis proteome of chicken with different
growth rates and WHC within the same genotype. The differentially expressed proteins included
creatine kinase, pyruvate kinase, triosephosphate isomerase, ubiquitin, heat shock proteins, as well
as several structural and contractile proteins. Many of these proteins were proposed as markers of
WHC and growth rate, demonstrating the potential of proteomics for the selection of quality and
production traits. Further, Zhang et al. (2019b) used label-free quantitative mass spectrometry to
understand the mechanisms underlying drip loss and to identify the protein markers associated

with WHC of goose meat. They identified 21 differentially abundant proteins between high and
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low drip loss groups, which generally fell into the structural proteins, metabolic enzymes,
antioxidant enzymes, and stress response proteins.

Desai et al. (2016) examined the whole muscle proteome of normal and pale, soft,
exudative (PSE) broiler breast meat and identified 15 differentially abundant proteins. Actin alpha,
myosin heavy chain, phosphoglycerate kinase, creatine kinase M-type, B-enolase, carbonic
anhydrase 2, proteasome subunit alpha, pyruvate kinase, and malate dehydrogenase were
overabundant in PSE broiler breast, whereas phosphoglycerate mutase-1, a-enolase, ATP-
dependent 6-phosphofructokinase, and fructose 1,6-bisphosphatase were overabundant in normal
meat. These results indicated that the overabundance of proteins involved in glycolytic pathways,
muscle contraction, proteolysis, ATP regeneration, and energy metabolism in PSE breast could be
related to the quality differences between normal and PSE meat.

Woody breast is a quality defect in poultry breast that is characterized by hardened areas
and pale ridge-like bulges at both the caudal and cranial regions of the breast, and can be classified
as slight, moderate, and severe (Tijare et al., 2016). Proteomic tools were utilized to understand
the biochemical basis of this quality defect (Cai et al., 2018). Whole muscle proteome analysis
using 2-DE reported that eight proteins were differentially expressed between normal and woody
breast meat samples, and indicated increased oxidative stress in woody breast meat when
compared to normal meat.

In summary, Proteomic investigations have expanded the understanding of the cellular and
biochemical mechanisms governing the quality of fresh muscle foods, and results of these studies
will aid the food industry’s efforts to engineer novel processing strategies to improve the quality
of muscle foods. Furthermore, proteomics studies have implicated that biological functions such

as apoptosis, oxidative stress, and autophagy play a critical role in postmortem metabolism and in
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turn on meat quality. The technological advances in the field of mass spectrometry and the
development of novel proteomic tools will further facilitate the application of these tools to address
meat quality issues.
1.2 Application of metabolomic tools in meat quality evaluation
1.2.1 Introduction

The metabolome refers to the complete set of small-molecule (<1.5 kDa) metabolites (such
as metabolic intermediates, hormones and other signaling molecules, and secondary metabolites)
found within a biological sample, such as a single organism. Each type of cell and tissue has a
unique metabolic ‘fingerprint’ that can reflect organ or tissue-specific information. Skeletal muscle
characteristics are designed by a functionally cooperative set of genes specific to the
spatiotemporal requirement in each muscle. The gene expression is further modulated at levels of
transcription, post-transcription, translation, and protein modification during development, growth,
and maturation stages of the muscle. Accordingly, muscle metabolites determine the physiological
muscle characteristics and meat quality traits as the major phenotypic components. Likewise,
metabolites in postmortem muscle can impact the meat quality attributes, such as meat color,
tenderness, water-holding capacity, and flavor.
1.2.2 Metabolomics

Metabolomics is the analytical approach used to comprehensivly profile the total
metabolites in a given organism or biological sample (Fiehn, 2002). As a relatively new omics
technique, the methodology includes metabolite separation, detection, quantification, data analysis,
and interpretation. The quantification of metabolites provides a real-time snapshot of reactions in
a biological system. Metabolites can be identified by using a targeted and nontargeted approach.

Currently, two major types of platforms, mass spectrometry (MS)-based (Junot et al., 2014) and
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non-MS-based techniques such as nuclear magnetic resonance (Consonni and Cagliani, 2019),
have been applied for metabolomic studies. This section will focus on MS-based metabolomic
tools and their applications for meat quality evaluation and prediction.

The most common analytical platform used in metabolomics is liquid chromatography
coupled to mass spectrometry (LC-MS). The type of LC separation can be optimized for the
detection of different metabolite classes. For example, a non-polarC18 reverse-phase column is
commonly used in liquid chromatography (LC) for separation of hydrophobic molecules, while a
polar stationary phase, such as silica and amide, is used for separation of hydrophilic molecules.
Separation can be further improved by using ultra-high-performance liquid chromatography
(UPLC) systems. To enable detection by the MS, molecules must be ionized generally by
electrospray ionization or atmospheric pressure chemical ionization following LC separation.
There are many types of MS systems that vary in their sensitivity, accuracy and resolution. Time-
of-flight (ToF) MS is a common platform used in metabolomics due to higher sensitivity, accuracy,
rate of measurement, and mass and dynamic range for the acquisition of more metabolite
information (Junot et al., 2014).

Gas chromatography coupled to mass spectrometry (GC—MS) has also been widely used
for decades due to its established high-separation efficiency, selective and sensitive mass detection,
and a optimal separation and detection of small polar and moderately non-polar compounds such
as fatty acids and sugars. Volatile compounds can be analyzed directly by GC-MS while non-
volatile compounds require derivatization of sample molecules to increase their volatility and
thermal stability for analysis. Derivatization artifacts may be generated by decomposition of
thermolabile molecules in GC. The molecules are ionized generally by electron ionization or

chemical ionization following GC separation. Most MS systems coupled with GC are low
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resolution single quadrupole mass spectrometers, although GC can be coupled to high resolution
MS system such as time-of-flight or orbitrap.

The use of GC-MS and LC-MS for the assessment of meat quality and integrity has been
established (Muroya et al., 2020; Zhang et al., 2021c). However, sample preparation is normally
extensive and therefore requires more labor, which limits the applicability of these techniques
outside of the laboratory environment. Furthermore, the chromatographic separation takes
significant time which limits the throughput of these approaches. As a novel sample introduction
method for mass spectrometry analysis that was originally designed for cancer surgery, Rapid
Evaporative Ionization Mass Spectrometry (REIMS) has the potential for rapid on-line
measurement of several complex traits from a single measurement. REIMS is an ambient pressure
ionization technique that allows direct sampling of an unprocessed sample and detection of the
mass spectral fingerprint of that sample within a few seconds. A sample aerosol is created by point
heating of a sample (called a ‘burn’), often using an electronic surgical knife or other ways of
creating an aerosol such as a soldering iron or laser. The aerosol is pulled through tubing using a
Venturi pump where part of the sample gas flow is diverted into a mass spectrometer via an impact
heater. Current mass spectrometers that can have a REIMS interface include quadrupole-time of
flight high resolution mass spectrometers and quadrupole-ion mobility-time of flight high
resolution mass spectrometers.

In the case of measuring meat with REIMS, a small sample can be analyzed several times
to get replicate measurements. The resulting smoke is introduced into the mass spectrometer where
ionization occurs and results in a large ‘peak’ containing the molecular information detected.
These ‘molecular features’ are a combination of both native compounds released during burning,

products of heating, and adducts (molecular species combining during the ionization process). In
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a typical meat sample, the number of molecular features is often between 2000 and 4000 depending
on the instrument and operational parameters. These molecular features are acquired with high
mass resolution which can be used to tentatively assign an identification based on accurate mass
matching, though actual identification requires confirmation with other methodologies.
Measurement time is as fast as 5 s/burn, during which the aerosol is generated, transferred into the
mass spectrometer, detected, and signal returns to baseline before the next measurement.

1.2.3 Metabolomic approaches to meat quality

Metabolomic tools can be applied to investigate preharvest as well as postharvest aspects
of meat production (Muroya et al., 2020; Ross et al., 2021; Zhang et al., 2021c). The studies using
MS-based metabolomic tools to understand meat quality, such as meat color, tenderness, water-
holding capacity, and flavor, are reviewed in this section.
1.2.3.1 Meat color

Subbaraj et al. (2016) used a hydrophilic interaction LC-MS to identify and compare polar
metabolites between ovine meat samples that were exposed to different durations of aging, storage
conditions, and display times to understand metabolome change during the discoloration process.
The results indicated that compounds with known antioxidant properties (e.g., NADH, malic acid-
borate complex, guanosine, and taurine) were found in higher levels in color stable samples.

Ma et al. (2017) compared the metabolome profile of differentially color-stable beef
muscles, LL, PM, and SM muscle, during postmortem via LC-MS. The study reported that fatty-
acetyl carnitines, carnosine and anserine were at a higher level in LL compared to SM and PM
muscles. Similarly, Yu et al. (2019) utilized LC-MS/MS to detect energy metabolites in beef LL

and PM muscles, and the differentially abundant metabolites between muscles were found to be
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majorly involved in tricarboxylic acid (TCA) cycle, which distinguished metabolic patterns
between these two muscles.

Ramanathan et al. (2020a) examined metabolomic difference between DFD and normal
beef via GC-MS and reported a downregulation of glycolytic metabolites, such as glucose-6-
phosphate, fructose-6-phosphate, and glucose-1-phosphate. This could explain the lower lactic
acid formation during anaerobic metabolism and resultant high pH of dark-cutting beef. The TCA
metabolites such as fumaric acid, citric acid, and malic acid were upregulated in dark-cutting beef,
which in turn can promote mitochondrial activity and limit myoglobin oxygenation.
1.2.3.2 Tenderness and water holding capacity

D’Alessandro et al. (2012a) utilized LC-MS to investigate the metabolome profile in
Chianina beef with different tenderness. Phosphocreatine/creatine and oxidized
glutathione/reduced glutathione ratios were significantly higher in tender meat compared to tough
meat. Glycolysis metabolic intermediates were also observed to accumulate more in tender than
in tough meat. In particular, glyceraldehyde-3-phosphate (a product of GAPDH) showed a 2-fold
increase in tender compared to tough meat. Likewise, a companion study conducted on meat with
differing tenderness from Maremmana cattle, reported that phosphoenolpyruvate, glycerol 3-
phosphate, lactate, NADH, NAD*, and guanosine monophosphate (GMP) accumulated more in
tender meat than in tough meat (D’ Alessandro et al., 2012b).

Abasht et al. (2016) studied metabolome profile of chicken breast muscle affected with the
Woody Breast, a myopathy having meat quality defects in tenderness, via GC/MS and LC-MS/MS.
Affected muscle showed elevated levels of hypoxanthine, xanthine, and urate molecules,

generation of which can contribute to altered redox homeostasis.
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Boerboom et al., (2018) used both GC-MS and LC-MS to analyze the metabolomic profile
of chicken breast muscle affected with white striping, a quality defect with lower water holding
capacity, and their results indicated that C14:1 carnitine, taurine, sorbitol, taurine, alanine, and
long-chain fatty acid were more abundant in the affected chicken breast. Based on these results,
authors speculated that birds suffering from white striping have a vascular support system in
muscle that is borderline adequate to support growth but inadequate to support muscle health under
stress. Therefore, local hypoxia could happen and damage breast muscle tissue.

Przybylski et al. (2022) applied metabolomics analysis of exudate from chicken breast
muscle to explain differences in drip loss. The results showed an increase in energy transformation
metabolism in muscle tissue after slaughter in the group with higher drip loss. Also, the differences
between groups were mainly related to carbohydrate metabolism (glycolysis, gluconeogenesis,
pentose phosphate pathway), adenine and adenosine salvage, adenosine nucleotides degradation,
arsenate detoxification, methylglyoxal degradation. More methylglyoxal (as a by-product of
carbohydrate metabolism) was produced in the high drip loss group which may lead to changes in
muscle proteins properties and contribute to an increase in the drip loss.
1.2.3.3 Flavor

Lee et al. (2011) examined volatile metabolites related to beef flavor by GC-MS. The
relationship between volatile compounds and the sensory attributes of glutathione-Maillard
reaction products prepared under different reaction conditions were examined. Specifically, 2-
methylfuran-3-thiol, 3-sulfanylpentan-2-one, furan-2-ylmethanethiol, 2-propylpyrazine, 1-furan-
2-ylpropan-2-one, 1H-pyrrole, 2-methylthiophene, and 2-(furan-2-
ylmethyldisulfanylmethyl)furan were identified as potential compounds contributing to beef-

related flavor. Similarly, Takakura et al. (2014) identified aroma-active compounds in the flavor
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dilution factor range of 32—128 from commercial beef extract. Moreover, the study found that
2,3,5-trimethyl pyrazine, 1-octen-3-ol, 3-methylbutanoic acid, and 4-hydroxy-2,5-dimethyl-
3(2H)-furanone were the main active compounds contributing to the aroma of commercial beef
extract. In addition, Jiang and Bratcher (2016) utilized LC-MS to investigate the metabolites in
ground beef associated with beef flavor or off-flavor. Twenty-two compounds, including 2,4-
decadiynoic acid, 8,10-hexadecadienoic acid, 3a,11B, 21-5a-trihydroxy-pregnane-20-one,
dihydroxy-docosapentaenoic acid isomers were selected as the most important ones associated
with beef flavor and off-flavor.

Suzuki et al. (2017) investigated the chemical composition of sirloin beef via GC-MS
which revealed that sugar content and ATP-related compounds in roasted meat were significantly
correlated with ‘overall evaluation’ of the sensory panel. ATP-related compounds, such as inosinic
acid, carnosine and taurine, in roasted and raw meat were positively correlated significantly
‘umami intensity’ of the sensory panel. These results suggest that the composition of these
components is important for an index related to the overall evaluation of beef.

Watanabe et al., (2015) used solid-phase microextraction (SPME) to collect volatiles in the
headspace of beef cooked at 180 °C after differing aging period. The volatile compounds collected
on the SPME were then analyzed with GC-MS. Using a positive regression model, these
researchers found the abundance of toluene, benzeneacetaldehyde, 2-formylfuran, pyrazine, 2,6-
dimethylpyrazine, 2,3-dimethylpyrazine, 2-acetylthiazole, and 2-formyl-3-methylthiophene
increased with aging time. Similarly, Sawano et al., (2020) used capillary electrophoresis-MS to
characterize the pork metabolite changes resulting from cooking. Cooking treatment increased the
levels of N-acetylornithine, ribulose 5-phosphate, N-acetyl lysine, N-acetylneuraminic acid, ATP,

methionine sulfoxide, methionine, phenylalanine, tryptophan, and tyrosine but decreased the levels
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of diethanolamine, iso-glutamic acid, succinic acid, glutamine, reduced glutathione, thiamine
phosphate, gamma-aminobutyric acid, ethanolamine, putrescine, and ethanolamine phosphate
compared with those in the four uncooked samples.

Tamura et al. (2022) investigated the role of taste-related metabolites in the aroma
composition of roasted pork meat during postmortem aging. Metabolomic analyses of taste-related
metabolites and volatile organic compounds in aged pork were conducted by GC-MS. Among the
detected aroma compounds, benzeneacetaldehyde and 2,5-dimethyl-3-(3-methylbutyl)-pyrazine
levels increased with aging period; these compounds potentially contribute to roasty and meaty
aromas.

In summary, metabolomic investigations have expanded the understanding of the cellular
and biochemical mechanisms governing the quality of fresh muscle foods, and the results of these
studies will help the meat industry to improve the muscle food quality. The technological advances
in the field of mass spectrometry and the development of novel metabolomic tools will further

facilitate the application of these tools to address meat quality issues.
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CHAPTER 2 - TANDEM MASS TAG LABELING TO CHARACTERIZE MUSCLE-
SPECIFIC POTEOME CHANGES IN BEEF DUING EARLY POSTMORTEM PERIOD

2.1 Introduction

Meat quality attributes such as color, tenderness, and water holding capacity are highly
influenced by the postmortem metabolism in muscles (Matarneh et al., 2017). These quality
attributes significantly influence consumer purchase and repurchase decisions (Shackelford et al.,
2001; Mancini and Hunt, 2005; Suman and Joseph, 2013; Neethling et al., 2017), and are
economically significant for the meat industry (Smith et al., 2000; Lusk et al., 2001). Moreover,
different muscles from the same animal can demonstrate significant differences in these quality
attributes (Carmack et al., 1995; Belew et al., 2003; Melody et al., 2004; McKenna et al., 2005;
Gruber et al., 2006; Seyfert et al., 2006). The variation in postmortem metabolism between muscles
due to their location, physiological function, and muscle fiber characteristics could be the major
factors contributing to their meat quality differences (Lefaucheur, 2010).

Longissimus lumborum (LL) and psoas major (PM) are two economically important
bovine muscles that have been extensively researched to explore the fundamental and molecular
basis of these quality differences (Hunt and Hedrick, 1977; Melody et al., 2004; Hwang et al.,
2010). Among these muscles, LL has a higher proportion of type IIB (a-white) muscle fibers (Hunt
and Hedrick, 1977; Ozawa et al., 2000; Hwang et al., 2010), whereas PM have more type I (B-red)
muscle fibers (Hunt and Hedrick, 1977; Hwang et al., 2010). Type I fiber possesses greater
glycolytic ability than type IIB fiber, but the trend is reversed when comparing their oxidative
metabolism. Correspondingly, LL and PM show significant differences in tenderness (Carmack et
al., 1995; Gruber et al., 2006), color stability (McKenna et al., 2005; Seyfert et al., 2006) and

oxidative stability (Canto et al., 2016). Recent research indicated that the differences in
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postmortem mitochondrial function (Mancini et al., 2018) and oxidative stress (Ke et al., 2017)
could also contribute to the differential quality attributes between these muscles.

Muscle proteome profile analysis can provide the molecular linkage between the genome
and phenotypic expression of meat quality traits (Hollung et al., 2007). In the past couple of
decades, proteomic investigations have expanded our understanding of the cellular and
biochemical mechanisms governing meat color (Nair et al.,, 2017) and tenderness (Picard and
Gagaoua, 2017) as well as the food allergy through molecular characterization of food allergens
(Marzano et al., 2020). Muscle specific protein level differences reflective of beef color have been
examined via gel-based 2-dimensional electrophoresis (Joseph et al., 2012; Wu et al., 2016; Nair
etal., 2018a) and label-free approaches (Yu et al., 2018). Moreover, various proteomic approaches
have been utilized to identify biomarkers related to beef tenderness among different muscles
(Guillemin et al., 2011a, 2011b; Anderson et al., 2012; Gagaoua et al., 2015a; Picard et al., 2018).

The conversion of muscle to meat occurs during the early postmortem period, primarily
due to exsanguination, which is a short but intensive period accompanied by several changes in
the muscle metabolism pathways (England et al., 2013; Matarneh et al., 2017). The postmortem
period in muscle can also involve cell death processes (Herrera-Mendez et al., 2006; Ouali et al.,
2006; Becila et al., 2010; Kemp and Parr, 2012; Sierra and Olivan, 2013; Lomiwes et al., 2014;
Lana and Zolla, 2015; Longo et al., 2015; Huang et al., 2016), which, to the best of our knowledge,
are controlled by cell metabolism (Green et al., 2014). These changes can play a critical role in the
development of meat quality (Laville et al., 2009; Kemp and Parr, 2012; Sierra and Olivan, 2013;
Chen et al., 2017). Due to differences in location, physiological function, and muscle fiber
characteristics, we hypothesize that proteome changes during the early postmortem period will be

muscle specific.
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Tandem mass tag (TMT) labeling, a chemical labeling approach used for accurate mass
spectrometry-based quantification and identification of biological macromolecules, is commonly
applied to enable to investigation of biological pathways and cellular processes at the protein level
using a shotgun approach (Churchman et al., 2015; Mertz et al., 2015; Wang et al., 2016b).
Recently, the TMT strategy has been used in meat science research to investigate the postmortem
process in ovine (Li et al., 2018) and porcine muscle (Liu et al., 2018). Here, we used a TMT
labeling approach coupled with high resolution mass spectrometry to examine proteomic variation
between beef LL and PM during the early postmortem period to explore the underlying biological
pathways during the process of muscle to meat conversion.

2.2 Material and methods
2.2.1 Sample collection

In order to effectively simulate the commercial beef retail marketing conditions in the
United States, ten grams of LL and PM muscle tissue from four carcasses (n = 4) were obtained
from a commercial packing plant at the following time intervals points postharvest: (1) 45 min, (2)
12 h, and (3) 36 h post exsanguination, resulting in collection of a total of 24 samples (2 muscles
of 4 animals at 3 different postmortem time points). The muscle samples were collected using a
biopsy punch and were frozen immediately in liquid nitrogen until proteomic analyses.

2.2.2 Sample preparation
2.2.2.1 Protein extraction and quantification

Two hundred mg of frozen muscle tissue per sample was homogenized using the Bullet
Blender 5 Storm (Next Advance). To each sample, 6 stainless steel beads and 500 pL lysis buffer
(2.5% SDS, 1x HALT protease inhibitor, 75 mM triethyl ammonium bicarbonate; TEAB) were

added. Lysis/homogenization were achieved using speed 10 for 3 min followed by speed 12 for 3
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min. Two hundred and fifty pL additional lysis buffer was added to each sample followed by
transfer to microcentrifuge tube. Bullet Blender tubes were rinsed with 500 pL lysis buffer which
was subsequently transferred to the corresponding sample tube. Samples were incubated at 100 °C
for 20 min. After cooling on ice, samples were centrifuged at 5000 xg for 5 min to pellet intact
cells and debris. Small aliquots were diluted 1:50 and measured for total protein content using the
Pierce BCA Protein Assay Kit (Thermo Fisher Scientific; Waltham, MA) following the
manufacturer instructions.
2.2.2.2 Protein reduction-alkylation and digestion

Preparation of all solutions and procedures were as described in the TMT 10-plex kit
instructions (Thermo Fisher Scientific; Waltham, MA). A volume corresponding to 100 pg total
protein from each sample was aliquoted and then raised to 100 pL total volume using 100 mM
TEAB. Tris(2-carboxyethyl)phospine (TCEP) was added to 9.5 mM final concentration and
incubated at 55 °C for an hour. Free cysteines were alkylated at room temperature using 17.9 mM
final concentration iodoacetamide (IAM) for 30 min in the dark. Six volumes of ice-cold acetone
were then added and protein were precipitated overnight at —80 °C. Precipitate was collected after
centrifugation (8000 xg, 4 °C, 10 min). Pellets were allowed to air dry under a sheet of foil, and
then were reconstituted in 100 pL. TEAB and digested with 2.5 pg Trypsin at 37 °C overnight.
2.2.2.3 Peptide labeling and cleanup

After digestion, absorbance at 205 nm was measured on a NanoDrop (Thermo Fisher
Scientific; Waltham, MA). Total peptide concentration was calculated using an extinction
coefficient of 31 (Scopes, 1974). 66.31 ng peptide from each sample was aliquoted and raised to
100 pL using TEAB. Samples were randomly assigned to one of 8 TMT labels spanning three

TMT lab sets. One of the TMT labels in each set was used for a pooled QC which was generated
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by combining equal protein amounts from all samples, and one of the TMT labels in each set was
used for blank sample. All TMT label reagents were allowed to equilibrate to room temperature
followed by addition of 41 pLL LC-MS acetonitrile and occasional vortex over 5 min. 41 pL of
TMT label was added to each sample and incubated at room temperature for 1 h. Quenching was
achieved by addition of hydroxylamine (0.37% final) and 15 min additional incubation.
Subsequently, samples were pooled into the 3 TMT sets. Pooled, labeled peptides were cleaned up
using TT1000C18 Top- Tips (PolyLC; Columbia, MD) and centrifugated at 3000 rpm. Different
solvents were used for activation (50% Acetonitrile [ACN]), equilibration and wash (5% ACN,
0.5% trifluoracetic acid [TFA]) and elution (70% ACN, 0.1% formic acid [FA]). Eluates were
dried using a Savant speedvac and reconstituted in 66 pL. 5% ACN, 0.1% FA.
2.2.2.4 Peptide fractionation

Ten pL of each set (90ug total peptide) was subjected to high pH fractionation through a
Waters Acquity UPLC BEH C18, 1.7 um column (held at 45 °C) using a Waters H-class UPLC.
Mobile phase A consisted of 10 mM ammonium formate, pH 10, while B contained 90% ACN,
10% 10 mM ammonium formate, pH 10. Fractionation took place at 100 pL/min using the 30 min
gradient. During peptide elution, a total of 48 fractions were collected in a linear fashion into four
rows of a 96 well plate. Peptides eluting at varied portions of the gradient were pooled into 12
fractions (by pooling all samples in column 1, all samples in column 2, etc). Pooled fractions were
dried in the Savant speedvac, reconstituted in 12 pL of 5% ACN, 0.1% FA, and quantified as
described above using the NanoDrop.
2.2.3 Mass spectrometry analysis

The 12 fractions from each TMT set were block randomized and injected in a randomized

set order. A total of 0.6 ng of peptides were purified and concentrated using an on-line enrichment
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column (Waters Symmetry Trap C18 100 A, 5 um, 180 pm ID x 20 mm column). Subsequent
chromatographic separation was performed at a flow rate of 350 nanoliters/min on a reverse phase
nanospray column (Waters, Peptide BEH C18; 1.7 pm, 75 um ID x 150 mm column, 45 °C) using
a 55 min linear gradient from 5%—40% buffer B (100% ACN, 0.1% formic acid) followed by 40—
85% buffer B over 7 min. Peptides were eluted into the mass spectrometer (Orbitrap Velos Pro,
Thermo Fisher Scientific; Waltham, MA) equipped with a Nanospray Flex ion source and spectra
were collected over a m/z range of 400—1500, positive mode ionization, using a dynamic exclusion
limit of 1 MS/MS spectra of a given m/z value for 30 s (exclusion duration of 120 s). The
instrument was operated in FT profile mode detection (resolution of 30,000) for both MS and
MS/MS detection. Fragmentation was via HCD with a normalized collision energy set to 35%.
Compound lists of the resulting spectra were generated using Xcalibur 3.0 software (Thermo
Scientific) with a S/N threshold of 1.5 and 1 scan/group.
2.2.4 Data processing

Tandem mass spectra were extracted, charge state deconvoluted and deisotoped by
ProteoWizard MsConvert (version 3.0). Spectra from all samples were searched using Mascot
(Matrix Science, London, UK; version 2.6.0) against the Uniprot_Bovine_rev_020518 database
(unknown version, 48,676 entries) assuming the digestion enzyme trypsin. Mascot search was
performed with a fragment ion mass tolerance of 0.020 Da and a parent ion tolerance of 20 ppm.
Oxidation of methionine, carbamidomethyl of cysteine and TMT6plex of lysine and the N-
terminus were specified in Mascot as variable modifications.

Search results from each TMT set were subjected to MuDPIT, imported and combined
using the probabilistic protein identification algorithms (Keller et al., 2002) implemented in the

Scaffold software (version Scaffold_4.8.4, Proteome Software Inc., Portland, OR) (Searle et al.,
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2008). Peptide thresholds were set such that a peptide FDR of 0.04% was achieved based on hits
to the reverse database (Kdll et al., 2008). Protein identifications were accepted if they could be
established at greater than 99.0% probability and contained at least 2 identified peptides. Protein
probabilities were assigned by the Protein Prophet algorithm (Nesvizhskii et al., 2003). Proteins
that contained similar peptides and could not be differentiated based on MS/MS analysis alone
were grouped to satisfy the principles of parsimony.

Channels were corrected using values supplied by Thermo Fisher Scientific (Lot
SH255638) according to the algorithm described in Shadforth et al. (2005). Normalization was
performed iteratively (across samples and spectra) on intensities, as described in (Oberg et al.,
2008). Medians were used for averaging. Reporter ion intensities were log-transformed and then
weighted by an adaptive intensity weighting algorithm. Results from peptide spectra that were
assigned to multiple proteins as well as spectra missing a reference value were removed from the
analysis.

2.2.5 Statistical analysis

Statistical analysis was performed with R 3.4.3 using the limma package (Ritchie et al.,
2015). The identified proteins that had missing values for 12 or more (more than half the
observations) were removed. A moderated t-test was used for pairwise comparisons between time
points and muscles. Benjamini—Hochberg multiple testing adjustment was used to control the false
discovery rate and control for multiple testing (Benjamini and Hochberg, 1995) at P < 0.05.
2.2.6 Bioinformatic analysis

An analysis of functional interactions between the identified proteins (Figure 2.2) was
performed using String 11 (Szklarczyk et al.,, 2019), a software analyzing protein—protein

association networks with timely updates and various bioinformatics information. The network
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nodes are the proteins, and the edges represent the predicted functional associations. To group the
proteins in the network based on their interactions from STRING, Markov clustering (MCL) was
run with an inflation parameter 3.4 (Brohée and van Helden, 2006). The identified proteins were
clustered mainly based on their function according to KEGG Pathway database

(https://www.genome.]p/kegg/pathway.html) and Reactome Pathway database

(https://reactome.org), and the proteins with limited description in the databases were further
explored via literature search.
2.3 Results and discussion

Of 89,580 spectra in the experiment at the given thresholds, 67,643 (76%) were included
in quantitation. In total, 629 proteins were confidently identified, of which 71 were found to be
differentially abundant (P < 0.05) across muscle type and postmortem time period (PM 45 min vs.
LL 45 min, PM 12 h vs. LL 12 h, and PM 36 h vs. LL 36 h). These proteins are detailed in Table
2.1 including their name, abbreviation (string code), accession number and differential abundance
ratio (if it was significant). No differentially abundant proteins (P > 0.05) were detected within
same muscle during different time points postmortem. Among the 71 differentially abundant
proteins, 19 proteins were identified as different irrespective of the time postmortem (Figure 2.1).
Specifically, there were 33, 42, and 50 differential proteins among comparisons between LL and
PM at 45 min, 12 h, and 36 h respectively. The results of the Markov Cluster Algorithm clustering
analysis (inflation parameter set as 3.4) of functional interactions between the identified proteins
are shown in Figure 2.2.1, 2.2.2, and 2.2.3. The network nodes are the abbreviations of proteins,
and the edges represent functional associations. The distribution of the functional clusters is

presented in Figure 2.3.1, 2.3.2, and 2.3.3. The clustered functions were oxidative
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phosphorylation/ATP-related transport, tricarboxylic acid (TCA) cycle/NADPH regeneration,
fatty acid degradation, muscle contraction/calcium signaling, and a cluster for all other functions.
2.3.1 Proteomic comparison between LL and PM muscles during early postmortem

Among the differentially abundant proteins, those involved in oxidative phosphorylation,
ATP-related transport, TCA cycle, NADPH regeneration, fatty acid degradation, oxygen transport,
and degradation of the extracellular matrix were primarily more abundant in PM at different
postmortem periods (Table 2.1) as compared to LL. A total of 6 proteins involved in muscle
contraction and 3 proteins involved in calcium signaling were identified as differential at different
postmortem time periods (Table 2.1). Among these, myosin light chain 6B (MYL6B), cysteine
and glycine-rich protein 3 (CSRP3), protein S100-A2 (S100A2), ryanodine receptor 3 (RYR3),
immunoglobulin-like and fibronectin type III domain containing 1 (IGFN1), and tropomyosin
alpha-1 chain (TPM1 or ENSBTAG00000005373) were more abundant in LL, while sarcoplasmic
reticulum calcium ATPase 2 (ATP2A2), myosin light chain 3 (MYL3), troponin I1 (slow skeletal
type; TNNI1), and troponin T (slow skeletal muscle; TNNT1) were more abundant in PM. Three
chaperone proteins showed differential abundances at different postmortem periods (Table 2.1) of
which heat shock protein beta-6 (HSPB6) and peptidylprolyl cis-trans isomerase A (PPIA) were
more abundant in LL, while mitochondrial 60 kDa heat shock protein (HSPD1) was more abundant
in PM. Among proteins with other functions, peptidyl arginine deiminase 2 (PADI2), NADH-
cytochrome b5 reductase (CYBS5R3), cytoplasmic serine-tRNA ligase (SARS), and beta-enolase
(ENO3) were more abundant in LL, while interleukin 31 receptor A (IL31RA), mitochondrial
GTP:AMP phosphotransferase AK3 (AK3), mitochondrial ubiquinone biosynthesis protein COQ9

(COQY), and histone-lysine N-methyltransferase 2D (KMT2D) were more abundant in PM. For
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the ease of discussion, we have separated the proteins into different function clusters described
below.
2.3.1.1. Oxidative phosphorylation enzymes and mitochondrial carrier proteins

Among the differentially identified proteins, nine proteins (Table 2.1) were components of
mitochondrial complex I (NADH dehydrogenase), the first large protein complex of the respiratory
chain, which catalyzes the transfer of electrons from NADH to coenzyme Q10 and translocates
protons across the inner mitochondrial membrane. Two proteins identified (Table 2.1) at both 12
h and 36 h postmortem were components of mitochondrial complex II (succinate dehydrogenase),
the only enzyme that participates in both the TCA cycle and the electron transport chain, which
catalyzes the oxidation of succinate to fumarate with the reduction of ubiquinone to ubiquinol.
Another four were a part of mitochondrial complex III (cytochrome bcl complex; Table 2.1),
which uses quinol and ferricytochrome c as substrates and produces quinone, ferrocytochrome c,
and hydrogen ion. In addition, five differential proteins (Table 2.1) were components of complex
IV (cytochrome c oxidase), which receives an electron from each of four cytochrome ¢ molecules
and transfers them to one dioxygen molecule, converting the molecular oxygen to two molecules
of water. Seven differential proteins (Table 2.1) were components of complex V (ATP synthase).
Among them, mitochondrial ATP synthase subunit alpha (ATP5SA1) and mitochondrial ATP
synthase subunit gamma (ATP5C1) were a part of F1 portion of ATP synthase, which is
responsible for hydrolyzing ATP; while the rest of them (Table 2.1) belong to FO portion
containing the membrane proton channel. These results indicated that, overall, oxidative
phosphorylation enzymes were more abundant in PM muscle as compared with LL throughout
early postmortem. This result is consistent with previous reports that have demonstrated higher

rates of mitochondrial oxygen consumption in PM as compared to LL during the postmortem
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period (O’Keeffe and Hood, 1982; McKenna et al., 2005). Yu et al. also reported higher abundance
of oxidative phosphorylation enzymes in PM (compared to an LL; Yu et al., 2017b, 2018).

Phosphate carrier protein (SLC25A3) and ADP/ATP translocase 1 (SLC25A4) are
mitochondrial carriers which catalyze the transport of phosphate ions and ATP/ADP, respectively.
Similar to the current study, Yu et al. reported overabundance of SLC25A3 and SLC25A4 in PM
compared to LL at early postmortem (Yu et al., 2017b, 2018). As carrier proteins, the higher
abundance of these proteins could represent a greater transformation capacity from ADP to ATP
in PM, which agrees with the higher abundance of oxidative phosphorylation enzymes in PM as
discussed above.

Among the complexes represented by the differential proteins identified in this study,
complex I (Turrens and Boveris, 1980; Genova et al., 2001; Kushnareva et al., 2002), complex II
(Quinlan et al., 2012) and complex III (Drose and Brandt, 2008) can produce reactive oxygen
species (ROS) during oxidative phosphorylation. These ROS can cause direct damage to complex
I through to IV (electron transport chain) (Brown, 1999) and SLC25A4 (Yan and Sohal, 1998),
which can further trigger a series of metabolic disorder leading to cell death (Vakifahmetoglu-
Norberg et al., 2017). Therefore, ROS producers and ROS targets detected as more abundant in
PM as compared to LL supports previous studies that demonstrated greater oxidative stress,
cytochrome c release, and faster mitochondria degradation in color-labile PM than LL during early
display (Ke et al., 2017; Mancini et al., 2018).
2.3.1.2 Enzymes in TCA cycle and NADPH regeneration

Seven proteins (Table 2.1) associated with the TCA cycle were more abundant in PM
which, coupled with the increase in oxidative phosphorylation enzymes discussed above, indicates

increased oxidative metabolism in PM. These results are also consistent with previous reports that
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demonstrated greater oxygen consumption (O’Keeffe and Hood, 1982; McKenna et al., 2005) and
increased abundance of TCA enzymes (Yu et al., 2017b, 2018) in PM as compared to LL during
early postmortem. Previous research has indicated that vitamin E supplementation can decrease
oxidative phosphorylation and TCA enzymes in beef mitochondria (Zhai et al., 2018) which results
in improved color stability. Thus, the increased abundance of oxidative phosphorylation and TCA
enzymes in PM observed in the current study along with previous research suggests that these
oxidative enzymes could have a negative impact on beef color stability. Among the identified
differential proteins in this section, mitochondrial aconitate hydratase (ACO2) can be the source
of ROS production (Vésquez-Vivar et al., 2000) and ROS attack (Yan et al., 1997). This also
support previously reported greater oxidative stress, and faster mitochondrial damage in PM than
LL (Ke et al., 2017; Mancini et al., 2018).

Mitochondrial NAD(P) transhydrogenase (NNT) was more abundant in PM throughout the
early postmortem period. This enzyme is responsible for transhydrogenation between NADH and
NADP and functions as a proton pump across the mitochondrial membrane. NNT-catalyzed
reduction of NADP+ is the most vital source of the mitochondrial NADPH pool (Rydstrom, 2006).
Moreover, the function of NNT is a critical link between the metabolic and H202 antioxidant
function in mitochondria (Lopert and Patel, 2014), which can ultimately influence cell
survival/death (Yin et al., 2012). In the present study, mitochondrial isocitrate dehydrogenase
(IDH2), another source of mitochondrial NADPH pool (Yin et al., 2012), was also more abundant
in PM. Overall, our results indicated that, during the postmortem period, NADPH regeneration
enzymes are in higher abundance in PM, supporting previously reported increased oxidative

metabolism in PM as compared to LL.
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2.3.1.3 Enzymes involved in fatty acid degradation

Nine proteins (Table 2.1) involved in fatty acid degradation were more abundant in PM at
different postmortem periods. Fatty acid-binding protein (FABP3) is involved in active fatty acid
metabolism where it transports fatty acids from the cell membrane to mitochondria for oxidation.
Moreover, previous studies have indicated that the abundance of fatty acid-binding protein
correlated with the level of negative energy balance in live animals (Piras et al., 2019). Further,
D'Alessandro et al. reported a greater abundance of FABP3 in tender longissimus dorsi (LD)
compared to tougher LD counterparts (D’Alessandro et al., 2012b). Mitochondrial electron
transfer flavoprotein subunit alpha (ETFA) is a flavoprotein located in the matrix of the inner
mitochondrial membrane and is involved in the oxidation of fatty acids (Weidenhaupt et al., 1996).
Previous research indicated that the expression of ETFA gene is related to pork quality (Yang et
al., 2018). Long-chain-fatty-acid-CoA ligase 1 (ACSL1) is an enzyme of the ligase family that
activates the breakdown of complex fatty acids before beta-oxidation (Soupene and Kuypers, 2008)
and is associated with intramuscular fat deposition in beef LL (Poleti et al., 2018a).

Mitochondrial long-chain specific acyl-CoA dehydrogenase (ACADVL) and
mitochondrial short-chain specific acyl-CoA dehydrogenase (ACADS) are proteins catalyzing the
first step of the long-chain and short chain fatty acid beta-oxidation pathway respectively. Previous
research showed higher ACADVL abundance in pig LD muscle in breeds with high lipid
deposition (Wang et al., 2017b). Yu et al. also reported more abundant ACADVL in beef PM
compared to LL (Yu et al., 2017b, 2018). Previous research also reported that ACADS was more
abundant in bovine PM compared to LL throughout the early postmortem period (Yu et al., 2018).
Additionally, ACADS had higher abundance in Nellore cattle with high estimated genomic

breeding values for intramuscular fat (Poleti et al., 2018a).
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Mitochondrial hydroxyacyl-CoA dehydrogenase (HADH) is a mitochondrial enzyme
involved in production of NADH in beta-oxidation. Higher HADH abundance in pig LD muscle
was also associated with greater lipid deposition capability (Wang et al., 2017b). Mitochondrial
acetyl-CoA acetyltransferase (ACAT1) is an enzyme that catalyzes the reversible formation of
acetoacetyl-CoA from two molecules of acetyl-CoA. Poleti et al. reported that ACAT1 was found
in bovine longissimus thoracis (LT) muscle with normal ultimate pH (< 5.8), but not in high
ultimate pH (> 6.0) (Poleti et al., 2018b).

Taken together, our results indicate a higher abundance of fatty acid degradation enzymes
in PM as compared to beef LL during early postmortem, which could be reflective of increased
lipid oxidation. In support of this idea, Canto et al. demonstrated that beef PM had more lipid
oxidation than LL (Canto et al., 2016). Yu et al. also reported that beef PM had more abundant
fatty acid beta-oxidation enzymes compare to LL (Yu et al., 2018). Mitochondrial fatty acid
oxidation has been targeted as an important source for ROS generation (Seifert et al., 2010;
Schonfeld and Wojtczak, 2012). Among the proteins identified in this function cluster, ETFA can
produce ROS when acyl-CoA dehydrogenase is present (Rodrigues and Gomes, 2012) whereas
FABP3 can further promote apoptosis (Zhu et al., 2011). Along with our observations of oxidative
phosphorylation and TCA cycle enzymes, these results could explain the connection between the
higher abundance of ROS-related proteins, increased oxidative stress, mitochondrial degradation,
and cytochrome c release in PM compared to LL during early display (Ke et al., 2017; Mancini et
al., 2018), and its negative association to color stability and oxidative metabolism.
2.3.1.4 Proteins related to muscle contraction and calcium signaling

Among proteins related to muscle contraction and calcium signaling, myosin light chain

6B (MYL6B), cysteine and glycine-rich protein 3 (CSRP3), immunoglobulin-like and fibronectin
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type III domain containing 1 (IGFNT1), tropomyosin alpha-1 chain (TPM1) ryanodine receptor 3
(RYR3), and protein S100-A2 (S100A2) were more abundant in LL. during postmortem; while
myosin light chain 3 (MYL3), troponin I1 (slow skeletal type; TNNI1), troponin T (slow skeletal
muscle; TNNT1) and sarcoplasmic reticulum calcium ATPase 2 (ATP2A2) were more abundant
in PM (Table 2.1).

Myosin light chain 6B (MYL6B) and myosin light chain 3 (MYL3) were detected as higher
and lower abundance in LL as compared to PM in early postmortem, respectively (Table 2.1). In
agreement with our results, Yu et al. reported the same trend in early postmortem (Yu et al., 2017b,
2018). MY6LB and MYL3 are regulatory light chains of myosin and are closely associated with
beef quality. Zhang et al. reported down-regulation of MYL3 in bovine LD with high
intramuscular fat scores (Zhang et al., 2010), whereas Poleti et al. reported a lower abundance of
MYLG6B in cattle with high estimated genomic breeding value for intramuscular fat content (Poleti
et al., 2018a). Moreover, MYL3 and MYL6B showed greater level of oxidative damage in tender
meat when compared to either the intermediate or tough meat (Malheiros et al., 2019).

Cysteine and glycine-rich protein 3 (CSRP3), also referred to as muscle LIM protein, an
important scaffold protein in the sarcoplasm, related to calcium homeostasis (Esposito et al., 2000;
Su et al., 2001; Gupta et al., 2008; Kemecsei et al., 2010), showed greater abundance in LL than
PM in early postmortem (Table 2.1). The abundance of CSRP3 was positively associated with
Warner-Bratzler shear force (WBSF) of beef aged for 14 days (Zapata et al., 2009). The IGFN1
(Immunoglobulin-like and fibronectin type III domain containing 1), a part of a Z-band protein
complex (Baker et al., 2010), related to actin cytoskeleton (Otey et al., 2009), was more abundant

in LL in early postmortem (Table 2.1).
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Tropomyosin alpha-1 chain (TPM1) was more abundant in LL at 12 h postmortem.
Similarly, Oe et al. reported that the content of TPM1 was higher in bovine LT than PM (Oe et al.,
2007, 2009). Moreover, there was a greater expression of TPM1 in LL from Nellore cattle
compared to that from Angus (Rodrigues et al., 2017). Troponin I1 (slow skeletal type; TNNII)
and Troponin T (slow skeletal muscle; TNNT1) are two regulatory proteins of troponin complex
that is integral to muscle contraction. Troponin T binds to tropomyosin, interlocking them to form
a troponin-tropomyosin complex, and troponin I binds to actin in thin myofilaments to hold the
troponin-tropomyosin complex in place. D'Alessandro et al. demonstrated that TNNT1 was up-
regulated in tough bovine LD muscle compared to tender LD (D’Alessandro et al., 2012b), while
the oxidation level of TNNT1 showed a positive association with tenderness (Malheiros et al.,
2019). In agreement with our result, Yu et al. also reported increased abundances of TNNT1 in
PM as compared to LL (Yu et al., 2018).

Sarcoplasmic reticulum calcium ATPase 2 (ATP2A2) and ryanodine receptor 3 (RYR3)
represent the entrance and exit of calcium in endoplasmic reticulum (ER) /sarcoplasmic reticulum
(SR), respectively. ATP2A2 was more abundant in PM throughout early postmortem, but RYR3
was more abundant in LL at 45 min postmortem. Previous studies on meat showed a significant
level of phosphorylation at early postmortem (from 1 to 24 h) in ATP2A1, which may contribute
to the regulation of Ca?* pump (Huang et al., 2011). RYR3, a Ca?* permeable channel mediating
the majority of Ca* release from the ER/SR (Lai and Meissner, 1989), can be activated by ROS
to release Ca®* (Favero et al., 1995; Aghdasi et al., 1997). Protein S100-A2 (S100A2) was more
abundant in LL at 45 min and 12 h postmortem. SIO0A2 is a homodimeric protein showing a
conformational change after binding calcium (Bhattacharya et al., 2004) and is involved in the

organization of the cytoskeleton (Gimona et al., 1997).
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Among the proteins identified in this function cluster (2.3.1.4), CSRP3 (van den Bosch et
al., 2005; Rashid et al., 2015), ATP2A2 (Giorgi et al., 2015; Chemaly et al., 2018), RYR3 (Vervliet,
2018), S1I00A2 (Mueller et al., 2005; van Dieck et al., 2009; Wolf et al., 2011) and IGFN1
(Mansilla et al., 2008; Li et al., 2017) are associated with metabolic disorder, cell death, or factors
related to cell death, such as tumor suppressor p53 (p53) and autophagy, and most of them (except
ATP2A2) were more abundant in LL in the current study. Cell death, a critical and active process
maintaining tissue homeostasis and eliminating potentially harmful cells by metabolic control, has
three major types: apoptosis (type I cell death), autophagic cell death (type II), and necrosis (type
IIT) (Green and Llambi, 2015). The effect of apoptosis on meat tenderization has been highlighted
by previous researchers (Herrera-Mendez et al., 2006; Ouali et al., 2006; Kemp and Parr, 2012;
Sierra and Olivan, 2013; Lomiwes et al., 2014; Lana and Zolla, 2015; Longo et al., 2015; Lana
and Zolla, 2016). Autophagy generally functions as a survival process to delay apoptosis (Lum et
al., 2005). Tumor suppressor p53 (pS53) is a transcription factor that could be transiently activated
to promote survival and permanently engaged to stimulate cell death (Green et al., 2014), and this
apoptotic stimulation can be achieved by stimulating mitochondrial Ca?* overload (Giorgi et al.,
2015), inhibiting autophagy (Tasdemir et al., 2008), activating proapoptotic proteins, like
apoptosis regulator BAX (BAX) and BCL-2 homologous antagonist/killer (BAK) (Chipuk et al.,
2004; Leu et al., 2004), and, lastly, leading to mitochondrial outer membrane permeabilization
(MOMP) (Chipuk et al., 2004, 2005). In postmortem muscle, the apoptosis is typically reflected
by the release of cytochrome ¢ from mitochondria to sarcoplasm, which is also associated with
discoloration in beef muscle (Ke et al., 2017).

Although the association between these proteins (ATP2A2, RYR3, and S100A2) and cell

death is not yet fully confirmed, most of the proteins discussed in previous sections have confirmed
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role in cell death, meat quality variation, and postmortem metabolism. In fact, several of previous
proteomic investigations (Hunt and Hedrick, 1977; Ozawa et al., 2000; Melody et al., 2004;
McKenna et al., 2005; Seyfert et al., 2006; Hwang et al., 2010; Joseph et al., 2012; Canto et al.,
2016; Wu et al., 2016; Ke et al., 2017; Yu et al., 2017b; Mancini et al., 2018; Yu et al., 2018) have
reported proteins associated with muscle metabolism and muscle contraction to be differentially
abundant between muscles of differing meat quality attributes. However, as demonstrated in the
function clusters distribution (Figure 2.3.1, 2.3.2 and 2.3.3), the four main function clusters
discussed above cannot explain all the proteome difference between LL and PM at early
postmortem. We have attempted to capture these unexplained/unknown proteins and their potential
pathways as it relates to cell metabolism and cell death in Figure 2.4, which will be explained in
detail in Section 2.3.2.
2.3.1.5. Chaperone proteins

Chaperones are proteins that assist the covalent folding or unfolding and the assembly or
disassembly of macromolecular structures, which generally helps alleviate cellular stress.
Peptidyl-prolyl cis-trans isomerase A (PPIA), heat shock protein beta-6 (HSPB6) were more
abundant in LL, while heat shock protein 60 (HSPD1) was more abundant in PM (Table 2.1).
Recently, it was reported that PPIA was more abundant in the inner part of normal pork hams
compared to that of PSE-like pork ham (Théron et al., 2019). Heat shock protein beta-6 (HSPB6;
also known as hsp20) is a 17-kDa member of the small heat shock proteins and was more abundant
in LL at 45 min postmortem. Similarly, a greater abundance of HSPB6 in beef LL (or LT or LD)
compared to semimembranosus (SM), semitendinosus (ST), triceps brachii (TB), and PM has been
reported previously (Guillemin et al., 2011a; Yu et al., 2017b; Picard et al., 2018; Yu et al., 2018).

In addition, HSPB6 abundance was reported to have a negative association with tenderness (Zapata
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et al., 2009; Rosa et al., 2018). However, this association depends on muscle and breed (Picard et
al., 2014). Moreover, previous studies have shown a negative association between the oxidation
level of HSPB6 and tenderness (Malheiros et al., 2019) as well as an increase in phosphorylation
with meat aging (Longo et al., 2015). Furthermore, Gagaoua et al. reported that HSPB6 was
positively associated with color parameters such as a* (redness) and C* (chroma) values (Gagaoua
et al., 2018). Heat shock protein 60 (HSPD1), a mitochondrial chaperone was more abundant in
PM than LL at 36 h postmortem, and this is in agreement with previous study (Yu et al., 2018).
Other research has also indicated that HSPD1 has a positive correlation with a* value in beef
semitendinosus (ST) muscle during the extended storage (Yu et al., 2017a).

Peptidyl-prolyl cis-trans isomerase A (PPIA) has been also shown to have a significant
protective function in cell survival (Boulos et al., 2007; Obchoei et al., 2009; Cheng et al., 2016).
Specifically, it promotes cell survival by alleviating the generation and damage of ROS (Doyle et
al., 1999; Lee et al., 2001; Suzuki et al., 2006; Choi et al., 2007), activating signal transducer and
activating transcription 3 (STAT3; an antiapoptotic transcription factor) (Bauer et al., 2009),
promoting autophagy (Mao et al., 2017), modifying p53 function (Baum et al., 2009), and
increasing expression of the antiapoptotic protein B-cell lymphoma 2 (BCL-2) (Seko et al., 2004;
Wei et al., 2013). Interestingly, Basigin isoform 2 (BSG), another differential protein identified in
this study (Table 2.1), can be the receptor of PPIA, and this interaction between PPIA and BSG
can also contribute to anti-apoptosis (Seko et al., 2004; Boulos et al., 2007). Similarly, heat shock
protein beta-6 (HSPB6) can also prevent apoptosis (Wang et al., 2009; Cameron et al., 2014; Wang
et al., 2016a), and this prevention results from HSPB6's inhibitive effect on the proapoptotic
effector, apoptosis regulator Bax (BAX) (Nagasawa et al., 2014; Zhong et al., 2015). Conversely,

heat shock protein 60 (HSPD1) is more associated with a proapoptotic process or a process during
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apoptosis (Samali et al., 1999; Xanthoudakis et al., 1999; Chandra et al., 2007; Kim et al., 2009).
Taken together, these results indicate an increase in antiapoptotic chaperones in LL and an increase
in proapoptotic chaperones in PM during early postmortem.
2.3.1.6 Oxygen transport proteins

Hemoglobin (subunit A; HBA and subunit B; HBB) was more abundant in PM as
compared to LL, a result that is in agreement with previous study (Yu et al., 2017b). In general,
there is not much hemoglobin left in the muscles after exsanguination, and the difference in the
hemoglobin levels detected could be reflective of their muscle fiber types, with LL being a
glycolytic muscle and PM being an oxidative muscle (Kirchofer et al., 2002). Moreover, HBA and
HBB have been shown to be over-expressed in dark SM muscle compared to those in the light
group (Sayd et al., 2006; Kim et al., 2018). Also, hemoglobin (more abundant in PM) is very
susceptible to autooxidation, which can happen under low temperature or low pO2 (Minetti et al.,
1993; Kanias and Acker, 2010; Wither et al., 2016), leading to production of ROS (Misra and
Fridovich, 1972), accumulated oxidative stress (Olsson et al., 2010), and peroxidation of fatty
acids (Sadrzadeh et al., 1984; Moxness et al., 1996), thereby contributing to greater lipid oxidation
and lower color stability in PM (Canto et al., 2016).
2.3.1.7 Proteins related to degradation of the extracellular matrix

Basigin isoform 2 (BSG; also known as extracellular matrix metalloproteinase inducer)
and alpha-2-macroglobulin (A2M) were more abundant in PM compared to LL at 36 h postmortem.
As mentioned above in PPIA's function, BSG can receive signal from PPIA, which can further
stimulate antiapoptotic function (Boulos et al., 2007; Obchoei et al., 2009). Alpha-2-
Macroglobulin (A2M) is a large (720 KDa) plasma protein, which can inhibit all four classes of

proteases by a unique trapping mechanism. Matrix metalloproteinase plays an important role in
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extracellular matrix via proteolysis during postmortem aging of meat, consequently affecting the
tenderness (Nishimura, 2015; Christensen and Purslow, 2016). In our results, the increased
abundance of A2M and BSG in PM could indicate an earlier and greater degradation of the
extracellular matrix, thereby contributing to its superior tenderness.
2.3.1.8 Glycolytic enzymes

Although not captured as a clustered function during the string analysis, glycolytic enzyme
beta-enolase (ENO3) was more abundant in LL at 12 h postmortem as compared to PM. ENO3 is
a glycolytic enzyme that catalyzes the reversible conversion of 2-phosphoglycerate to
phosphoenolpyruvate and is expressed at higher levels in fast-twitch fibers than in slow-twitch
fibers (Giallongo et al., 1993). In general, LL is considered a fast-twitch muscle compared to PM.
Previous research has also indicated a positive association between ENO3 abundance and
tenderness (Bjarnadottir et al., 2012; Rosa et al., 2018). Moreover, oxidative damage to ENO3 has
been shown to be less in tender LL as compared to tough group (Malheiros et al., 2019). Laville
et al. also reported an increase of ENO3 fragments in bovine LT muscle after 21d aging (Laville
et al., 2009).

Joseph et al. reported a positive association between ENO3 and redness (a* value) of beef
LL and PM during retail display (Joseph et al., 2012). It has also been shown that ENO3 was also
negatively associated with pH of LT muscle of Blond d'Aquitaine bulls at 3 h postmortem
(Gagaoua et al., 2015b), but positively related to ultimate pH in Charolais LT muscle (Gagaoua et
al., 2018). Yet another study found that it had a negative relation with redness (a* value) and a
positive relation with pH of semitendinosus (ST) muscle from Holstein during postmortem (Yu et
al., 2017a). Similarly, ENO3 was shown to be negatively correlated with lightness of Aberdeen

Angus LT muscle at early postmortem (Gagaoua et al., 2017). These studies collectively suggest
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that ENO3 is closely associated with beef color and pH, but those relationships are muscle-specific
and breed-specific.
2.3.1.9 Proteins involved in other functions

Several additional proteins that did not fit into the functional categories described above
were also identified as differentially abundant between LL and PM at different time points
postmortem. Mitochondrial GTP: AMP phosphotransferase AK3 (AK3) was more abundant in PM
at 36 h postmortem. AK3 is a mitochondrial GTP:AMP phosphotransferase that catalyzes the
interconversion of ADP and AMP. As energy levels change under different metabolic stresses,
adenylate kinase can generate AMP; which itself acts as a signaling molecule in further signaling
cascades. This generated AMP can stimulate various AMP-dependent receptors such as those

involved in glycolytic pathways and 5° AMP-activated protein kinase (AMPK; Dzeja and Terzic,

2009). By continually monitoring and altering the levels of ATP and the other adenyl phosphates
(ADP and AMP levels), adenylate kinase acts as an important regulator of energy expenditure at
the cellular level (Dzeja et al., 2011). However, in postmortem muscle, the activity of AMPK has
been shown to significantly decrease after 1 h postmortem (Shen et al., 2006a, 2006b), thus the
increased abundance of AK3 in PM at 36 h postmortem observed in our study may not be directly
contributing to AMPK activity. In support of this hypothesis, recent research reported that the
AMP content was higher in LL than PM at 24 h postmortem (Yu et al., 2019), thus, our observed
increased abundance of AK3 in PM at 36 h is likely not related to its enzyme functionality but is
important as a landmark of the cell death event. It has also been reported that the release of AK3
from mitochondrial matrix to cytoplasm results from mitochondrial permeability transition (MPT;

Gogvadze et al., 2001), an event committing cell to death (Lemasters et al., 2009; Rasola and
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Bernardi, 2011; Bonora et al., 2015). Therefore, the increased abundance of AK3 at 36 h could be
associated with programmed cell death (Figure 2.4).

Peptidyl arginine deiminase 2 (PADI2) was more abundant in LL throughout early
postmortem compared to PM. Interleukin 31 receptor A (IL31RA) is a type I cytokine receptor
(Ghilardi et al., 2002). IL31RA can be activated by binding interleukin 31 (IL31) through its
cytokine binding domain and was detected in increased abundance in PM throughout early
postmortem. NADH-cytochrome b5 reductase (CYB5R3), a protein known to play a role in
metmyoglobin reduction (Hagler et al., 1979), was increased in abundance in LL (color-stable
muscle) at 45 min postmortem. Arihara et al. located NADH-cytochrome b5 reductase in
subcellular fractions from bovine muscle, and reported that NADH-cytochrome b5 reductase can
reduce metmyoglobin (Arihara et al., 1995) and provide meat color stability. CYB5R3 has also
been shown to provide protection against metabolic disorders (Siendones et al., 2014; Martin-
Montalvo et al., 2016) and attenuate damage of lipids and proteins (Hyun and Lee, 2015; Figure
2.4). Cytoplasmic serine-tRNA ligase (SARS), a protein than can counteract c-Myc (a transcription
factor generally inducing apoptosis by p53) (Hermeking and Eick, 1994; Nieminen et al., 2013),
was increased in abundance in LL at 12 h postmortem (Figure 2.4). Histone-lysine N-
methyltransferase 2D (KMT2D), a protein associated with activation of p53 (Lee et al., 2009;
Xiong et al., 2018) and expression of antiapoptotic proteins, such as B-cell lymphoma 2 (BCL-2)
and BCL-2-like 1 protein (BCL-XL; Lv et al., 2018), was increased in abundance in PM at 36 h
postmortem (Figure 2.4).

As shown in Figure 2.3, after animal bleeding, the total number of differentially abundant
proteins between PM and LL increased from 33 at 45 min to 42 at 12 h and ended with 50 at 36 h,

which indicates that over time the biological activity between the two muscle tissues is
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increasingly divergent. At 45 min postmortem, the greatest (25%) proteome difference between
PM and LL was observed in proteins related to in fatty acid degradation (Figure 2.3). The number
of differential proteins in this cluster is constant between 12 h and 36 h, but the percentage
decreased due to the increase in total proteome variance. The greatest change of proteomic
variance between LL and PM over early postmortem was observed in proteins related to oxidative
phosphorylation and ATP-relate transport. The number of differential proteins in this cluster
rapidly increased from 6 (18%) at 45 min to 17 at 12 h, ending with 20 at 36 h, which accounted
for 41% (largest) and 40% (largest) difference at 12 h and 36 h, respectively. Within the other
functional clusters, the proteome variance did not change significantly throughout early
postmortem, however the percent changes decreased due to the overall increased in protein
variance. Proteins related to degradation of the extracellular matrix showed significant variance
between the two muscle types at 36 h, but not at 45 min and 12 h. This could suggest that the
extracellular matrix degradation (associated with tenderness) does not start until 36 h postmortem.
Interestingly, the number of differentially abundant mitochondrial proteins continued to increase
in abundance throughout the postmortem time period in PM tissue.
2.3.2 Overview of association between meat quality and the differentially abundant proteins
between PM and LL during early postmortem

The metabolism-related and cell death-related pathways/effectors in our results were

29 ¢

summarized and a “metabolism”-“cell death”-“meat quality” network was built and presented in
Figure 2.4. After animal bleeding, the muscle tissue cannot access blood-delivered oxygen and
nutrients. This ischemia-like situation will influence cell metabolism, changing it from aerobic to

anaerobic. This drastic change results in mitochondria that produce less ATP but more ROS. The

produced ROS can be reduced to water (H20) by the mitochondrial antioxidant system (Yin et al.,
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2012). However, due to the limited energy source and ATP production, AMPK will be activated
(Herzig and Shaw, 2018; Lin and Hardie, 2018), and the ratio between ROS and antioxidant will
become greater and lead to increased oxidative stress. The increased oxidative stress will lead to
the activations of p53 (Han et al., 2008). In the cytoplasm, p53 is localized in mitochondria-
associated membranes and stimulates apoptosis in a “non-nuclear” manner by directly binding to
and activating ATP2A2. This promotes ER Ca?* loading under stress conditions, subsequently
increasing Ca?* transfer from the ER to the mitochondria (Giorgi et al., 2015). Moderate amounts
of Ca’* entering the intermembrane space can stimulate oxidative metabolism through the
modulation of Ca’*-sensitive dehydrogenases and metabolite carriers (Denton et al., 1972;
McCormack et al., 1990; Denton, 2009; Bonora et al., 2012), which works to enhance
mitochondrial and cytosolic ATP concentrations (Jouaville et al., 1999). However, in beef
postmortem muscle, free Ca** concentration will dramatically and irreversibly increase after
slaughtering (Ji and Takahashi, 2006). The increase of Ca?* will also lead to the activations of
AMPK (Mungai et al., 2011; Sundararaman et al., 2016), activating glycolysis and fatty acids
oxidation (O’Neill and Hardie, 2013; Herzig and Shaw, 2018; Lin and Hardie, 2018) even if the
oxidation of fatty acids will cause ROS generation (Seifert et al., 2010; Schonfeld and Wojtczak,
2012). Meanwhile, autophagy also will be activated by AMPK (Egan et al., 2011; Kim et al., 2011),
which could remove dysfunctional mitochondria and maintain intracellular homeostasis (Green
and Levine, 2014), leading to a delayed apoptotic process (Lum et al., 2005). However, the
activation of p53 can inhibit autophagy (Tasdemir et al., 2008) and ultimately lead to
mitochondrial outer membrane permeabilization (MOMP) (Chipuk et al., 2004; Chipuk et al., 2005)
or mitochondrial permeability transition (MPT; Vaseva et al., 2012), although the MPT can also

result from mitochondrial Ca?* overload (Lemasters et al., 2009; Rasola and Bernardi, 2011). Once
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MOMP or MPT happen, cell death is inevitable. In postmortem muscle, apoptosis has been
associated with factors influencing meat quality attributes, such as tenderization and color stability
(Herrera-Mendez et al., 2006; Ouali et al., 2006; Laville et al., 2009; Kemp and Parr, 2012: 2012;
Sierra and Olivan, 2013; Lomiwes et al., 2014; Lana and Zolla, 2015; Longo et al., 2015; Lana
and Zolla, 2016; Ke et al., 2017; Cramer et al., 2018; Zhang et al., 2019a; Figure 2.4). It is also
possible that the observed increased in abundance of mitochondrial proteins in PM compared to
LL resulted from more intensive MOMP and MPT over time, which lead to a greater content of
mitochondrial proteins, such as cytochrome ¢ (Ke et al., 2017) and HSPD1 (Nair et al., 2018a), in
sarcoplasm from PM.

Moreover, previous research has demonstrated relationship between p53, AMPK, STAT3,
autophagy, and apoptosis as indicated in Figure 2.4. Specifically, p53 and AMPK have been shown
to have interactive functions during metabolic stress (Jones et al., 2005; Budanov and Karin, 2008).
p53 can also inhibit autophagy (Tasdemir et al., 2008), while AMPK can activate autophagy (Egan
et al., 2011; Kim et al., 2011). Autophagy can functionally delay apoptosis (Lum et al., 2005),
whereas p53 can promote apoptosis by increasing expression of proapoptotic proteins, like BAX
and BAK (Chipuk et al., 2004; Leu et al., 2004). STAT3 can inhibit apoptosis by increasing
synthesis of antiapoptotic proteins, including BCL-2 (Bhattacharya et al., 2005) and BCL-XL
(Catlett-Falcone et al., 1999). In beef muscle, free sarcoplasmic calcium concentration has been
shown to rapidly increased from 16 uM at 40 min postmortem to 210 uM at 4 days postmortem,
and the amount of phospholipid in sarcoplasmic reticulum to decrease during the same window (Ji
and Takahashi, 2006). It was hypothesized that the calcium ions leak into the sarcoplasm through
channels formed by those phospholipid liberations (Ji and Takahashi, 2006). However, this

decrease of phospholipid in sarcoplasmic reticulum could also be attributed to autophagy (Axe et
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al., 2008; Hayashi-Nishino et al., 2010; Hamasaki et al., 2013), which can be stimulated by changes
in intracellular Ca** (Decuypere et al., 2011). A breed-specific increase in autophagy was observed
in muscles with greater proportion of white fibers from 2 h to 24 h postmortem (Garcia-Macia et
al., 2014). In the present study, CSRP3 (autophagy associated protein) was more abundant in LL
than PM (Table 2.1; Figure 2.4). However, the effect of muscle fiber type on postmortem
autophagy need further investigation.

Taken together, our results suggest that, at early postmortem, the increased abundance of
CYBS5R3, CSRP3, PPIA, SARS, HSPB6, and IGFNT1 could increase metabolic stability (lower
ROS production), activate STAT3, alter p53 function, inhibit proapoptotic protein activity, and
enhance autophagy, leading to delayed apoptosis in LL, while more abundant AK3 and HSPD1
could be related to more intensive programmed cell death in PM. These processes would result in
greater oxidative phosphorylation, fatty acid oxidation, and hemoglobin oxidation in PM, which
could lead to increased MOMP and MPT in PM, resulting in cytochrome c release, decreased
mitochondrial function, and lower beef color stability in PM compared to LL (Ke et al., 2017;
Mancini et al., 2018). Additionally, glycolytic enzymes (except ENO3) were not observed to
change significantly between PM and LL, a result that contradicts previous proteomic research
conducted on post-rigor meat (Joseph et al., 2012; Wu et al., 2016; Nair et al., 2018a; Yu et al.,
2018). Given the greater percentage of type IIB fiber, LL could be associated with stronger
glycolytic metabolism than PM (with greater proportion of type I; Hunt and Hedrick, 1977; Hwang
et al., 2010). In this sense, this greater glycolytic metabolism in LL than PM could result from
post-transcriptional modification of glycolytic enzymes, such as phosphorylation and oxidation.

Moreover, given that PPIA and CSRP3 have critical influence on cell death and were consistently
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increased in abundance in LL than PM throughout early postmortem, further research is necessary
to understand the role of these proteins on postmortem change in beef muscles.
2.4 Conclusions

To summarize, the increase in abundance of antiapoptotic proteins in LL during early
postmortem could cause high metabolic stability, enhanced autophagy, and delayed apoptosis,
while more abundant metabolic enzymes and proapoptotic proteins in PM could accelerate the
reactive oxygen species generation and programmed cell death. Moreover, the differentially
abundant proteins between LL and PM during the early postmortem were primarily associated
with cellular metabolism and programmed cell death. The greater oxidative and color stability in
LL compared to PM could be related to the increased expression of antiapoptotic proteins and the
decreased expression of metabolic enzymes and proapoptotic proteins in LL.

Note: Detailed information for the full list of identified differential proteins is presented in

Table 2.1.
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Table 2.1. Differentially abundant proteins between beef PM and LL muscles at 45min, 12h and
36h postmortem (P < 0.05).

Fold Fold Fold
Protein Description Abbreviation Change Change Change
p (String Code) (PM vs. LL (PM vs. (PM vs.

at 45min) LL at 12h) LL at 36h)

Oxidative phosphorylation

Complex 1

NADH dehydrogenase [ubiquinone] iron-sulfur NDUFS8 1.70

protein 8, mitochondrial

NADH dehydrogenase [ubiquinone] iron-sulfur NDUEFS2 1.51 1.56
protein 2, mitochondrial

NADH dehydrogenase [ubiquinone] 1 alpha NDUFAL11 1.52
subcomplex subunit 11, mitochondrial

NADH dehydrogenase [ubiquinone] NDUFV1 1.55
flavoprotein 1, mitochondrial

NADH dehydrogenase [ubiquinone] 1 alpha NDUFA9 1.69
subcomplex subunit 9, mitochondrial

NADH dehydrogenase [ubiquinone] 1 subunit NDUFC2 1.70
C2, mitochondrial

NADH dehydrogenase [ubiquinone] 1 alpha NDUFA2 1.70
subcomplex subunit 2, mitochondrial

NADH dehydrogenase [ubiquinone] 1 alpha NDUFA13 1.86
subcomplex subunit 13, mitochondrial

Acyl carrier protein, mitochondrial NDUFAB1 1.99
Complex I1

Succinate dehydrogenase [ubiquinone] SDHA 1.97 1.90
flavoprotein subunit, mitochondrial

Succinate dehydrogenase [ubiquinone] iron- SDHB 2.13 2.00
sulfur subunit, mitochondrial

Complex II1

Cytochrome b-c1 complex subunit Rieske, UQCRFS1 1.61 1.56 1.78
mitochondrial

Cytochrome b-c1 complex subunit 2, UQCRC2 1.62 1.50 1.61
mitochondrial

Cytochrome b-c1 complex subunit 8§, UQCRQ 2.08

mitochondrial

Cytochrome c1, heme protein, mitochondrial CYC1 1.80

Complex IV

Cytochrome c oxidase subunit 7A1, COX7A1 1.81 1.87
mitochondrial

Cytochrome c oxidase subunit NDUFA4, NDUFA4 1.77
mitochondrial

Cytochrome c oxidase subunit 6B1, COX6B1 1.62 1.67
mitochondrial

Cytochrome c oxidase subunit 2, mitochondrial COX2 1.64
Cytochrome c oxidase subunit 7C, COX7CP1 1.77
mitochondrial

Complex 'V

ATP synthase subunit g, mitochondrial ATPSL 1.51

ATP synthase subunit alpha, mitochondrial ATPS5A1 1.55

ATP synthase subunit gamma, mitochondrial ATP5C1 1.50

ATP synthase subunit O, mitochondrial ATP50 1.52

ATP synthase F(0) complex subunit B1, ATP5F1 1.54 1.53
mitochondrial
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ATP synthase subunit d, mitochondrial
ATP synthase subunit f, mitochondrial
ATP-relate transport

ADP/ATP translocase 1, mitochondrial
Phosphate carrier protein, mitochondrial

TCA cycle

Citrate synthase, mitochondrial

Aconitate hydratase, mitochondrial
Isocitrate dehydrogenase [NADP],
mitochondrial

Succinate--CoA ligase [ADP/GDP-forming]
subunit alpha, mitochondrial
Succinate--CoA ligase [GDP-forming] subunit
beta, mitochondrial

Fumarate hydratase, mitochondrial

Malate dehydrogenase, mitochondrial
NADPH regeneration

NAD(P) transhydrogenase, mitochondrial

Fatty acid degradation

Electron transfer flavoprotein subunit alpha,
mitochondrial

Fatty acid-binding protein, heart
Long-chain-fatty-acid--CoA ligase 1

Very long-chain specific acyl-CoA
dehydrogenase, mitochondrial

Short-chain specific acyl-CoA dehydrogenase,
mitochondrial

Hydroxyacyl-CoA dehydrogenase,
mitochondrial

Trifunctional enzyme subunit alpha,
mitochondrial

Trifunctional enzyme subunit beta,
mitochondrial

Acetyl-CoA acetyltransferase, mitochondrial

Muscle contraction

Myosin light chain 6B

Cysteine and glycine-rich protein 3
Immunoglobulin-like and fibronectin type III
domain containing 1

Tropomyosin alpha-1 chain

Myosin light chain 3

Troponin I1, slow skeletal type

Troponin T, slow skeletal muscle
Calcium signaling

Ryanodine receptor 3

Protein S100-A2

Sarcoplasmic reticulum calcium ATPase 2

Chaperone
Peptidyl-prolyl cis-trans isomerase A
Heat shock protein beta-6

ATPSH

ATP5J2
SLC25A4
SLC25A3
Cs
ACO2
IDH2 1.94
SUCLGI 1.51
SUCLG2
FH 1.52
MDH2 1.58
NNT 1.64
ETFA 1.54
FABP3 1.86
ACSLI 1.51
ACADVL 1.55
ACADS 1.84
HADH 1.99
HADHA
HADHB 1.55
ACATI 1.79
MYLGB 0.087
CSRP3 0.21
IGEN1 0.34
TPMI
(ENSBTAG00000
005373)
MYL3 2.59
TNNII
TNNTI
RYR3 0.60
S100A2 0.31
ATP2A2 1.81
PPIA 0.46
HSPB6 0.44
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1.59
1.62

1.63
1.79

1.61
1.68
1.91

1.59

1.62

1.61
2.11
1.55
1.55

1.97

1.80

0.14
0.18
0.32
0.61

2.88
1.50

0.34
1.73

0.57

1.58
1.57

1.61
1.66

1.59

1.91

1.63

1.61
1.51

1.63

1.65

1.55

1.66

2.00

1.73

1.52

1.75

0.13
0.32
0.34

3.19
1.53
1.58

1.76

0.57



60 kDa heat shock protein, mitochondrial

Oxygen transport
Hemoglobin subunit alpha
Hemoglobin subunit beta

Degradation of the extracellular matrix
Basigin isoform 2
Alpha-2-macroglobulin

Other Functions

Chromatin disassembly

Peptidyl arginine deiminase 2
Cytokine interaction

Interleukin 31 receptor A

Amino sugar and nucleotide sugar
metabolism

NADH-cytochrome b5 reductase
Aminoacyl-tRNA biosynthesis
Serine--tRNA ligase, cytoplasmic
Glycolysis

Beta-enolase

Purine metabolism

GTP:AMP phosphotransferase AK3,
mitochondrial

Ubiquinone biosynthesis

Ubiquinone biosynthesis protein COQ9,
mitochondrial

Lysine degradation

Histone-lysine N-methyltransferase 2D

HSPD1

HBA
HBB

BSG
A2M

PADI2

IL31RA

CYB5R3
SARS
ENO3

AK3

COQ9

KMT2D

2.27
2.22

0.29

1.63

0.57

2.10

0.22

1.56

0.65

0.65

1.59

1.96

1.52
1.92

0.29

1.66

1.67

1.50

1.77
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45 min

12 h 36 h

Figure 2.1. Distribution of differential proteins between Longissimus Lumborum (LL) and Psoas
Major (PM) at 45min, 12h and 36h postmortem.
Note: Detailed information for the full list of identified differential proteins is presented in Table

2.1.
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The detailed information of above differential proteins is presented in Table 1.

Figure 2.2.1, Protein-protein interaction network of differential proteins between Longissimus
Lumborum (LL) and Psoas Major (PM) at 45min postmortem.
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The detailed information of above differential proteins is presented in Table 1.

Figure 2.2.2. Protein-protein interaction network of differential proteins between Longissimus
Lumborum (LL) and Psoas Major (PM) at 12h postmortem.
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Figure 2.2.3. Protein-protein interaction network of differential proteins between Longissimus
Lumborum (LL) and Psoas Major (PM) at 36h postmortem.
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45 MINUTE

. Oxidative
Other functions phosphorylation and
9% ATP-related transport

Chaperone 18%

6%

Oxygen transport
6%

Tricarboxylic acid
cycle and NADPH
regeneration
15%
Muscle contraction
and calcium signaling
21%

Fatty acid degradation
25%

Figure 2.3.1. Distribution of the function clusters of differential proteins between Longissimus
Lumborum (LL) and Psoas Major (PM) at 45min postmortem.

Note: Detailed information for the full list of identified differential proteins is presented in Table
2.1
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12 HOUR
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\

Oxygen transport —

2% = Oxidative
phosphorylation and
ATP-related transport

41%

Fatty acid degradation
14%

Tricarboxylic acid
cycle and NADPH
regeneration
12%

Figure 2.3.2. Distribution of the function clusters of differential proteins between Longissimus
Lumborum (LL) and Psoas Major (PM) at 12h postmortem.

Note: Detailed information for the full list of identified differential proteins is presented in Table
2.1.
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36 HOUR

Degradation of the
extracellular matrix
4%

Other functions
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Oxygen transport _
2% P

Oxidative
phosphorylation and
ATP-related transport
40%

Fatty acid degradation Tricarboxylic acid

0,
2% cycle and NADPH
regeneration
12%

Figure 2.3.3. Distribution of the function clusters of differential proteins between Longissimus

Lumborum (LL) and Psoas Major (PM) at 36h postmortem.
Note: Detailed information for the full list of identified differential proteins is presented in Table

2.1
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Figure 2.4. Potential key factors related with the differential proteins identified between Longissimus Lumborum (LL) and Psoas Major

(PM) at early postmortem.

TCA cycle: tricarboxylic acid cycle; HBA(HBB): hemoglobin subunit alpha (beta); CYB5R3, NADH-cytochrome b5 reductase; SARS,
cytoplasmic serine--tRNA ligase; SI00A2, protein S100-A2; CSRP3, cysteine and glycine-rich protein 3; HSPB6, heat shock protein
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beta-6; HSPD1, mitochondrial 60 kDa heat shock protein; RYR3, ryanodine receptor 3; ATP2A2, sarcoplasmic reticulum calcium
ATPase 2; AK3: mitochondrial GTP: AMP phosphotransferase AK3; KMT2D, histone-lysine N-methyltransferase 2D; PPIA, peptidyl-
prolyl cis-trans isomerase A; BSG, basigin isoform 2; IGFN1, immunoglobulin-like and fibronectin type III domain containing 1; ROS,
reactive oxygen species; p53, tumor suppressor p53; Ca?*, calcium; AMPK, AMP-activated protein kinase; STAT3, signal transducer
and activator of transcription 3; c-Myc, Myc proto-oncogene protein; BAX, apoptosis regulator Bax; BAK, BCL-2 homologous
antagonist/killer; BCL-XL, BCL-2-like 1 protein; BCL-2, B-cell lymphoma 2.

Note: The references for the potential functional relationships between the proteins, pathways, and signal molecules are provided in the
results and discussion section under each of the differential proteins. The abbreviations of differentially abundant proteins with
postmortem hours showing significant difference are presented in oval filled by blue or red
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CHAPTER 3 - PULMONARY ARTERIAL PRESSURE IN FATTENED ANGUS STEERS AT
MODERATE ALTITUDE INFLUENCES EARLY POSTMORTEM MITOCHONDRIA
FUNCTIONALITY AND MEAT COLOR DURING RETAIL DISPLAY

3.1 Introduction

Pulmonary hypertension is a noninfectious disease of cattle at altitudes > 1524 m (5,000
ft), characterized by distension of the jugular vein, dyspnea, weakness, ascites, and edema of the
jaw and brisket region. This condition results from a reduction in the partial pressure of oxygen in
inspired air as elevation increases, which can lead to maladaptive changes in the cardiopulmonary
system in an attempt to improve oxygen supply to body tissues. In particular, chronic alveolar
hypoxia induces pulmonary arterial vasoconstriction and vascular wall remodeling that favors the
development of right ventricular hypertrophy, which can progress to right-sided heart failure and
death (Veit and Farrell, 1978; Holt and Callan, 2007; Stenmark et al., 2013). Approximately $60
million are lost annually due to complications associated with pulmonary hypertension in beef
cattle, making it the leading cause of mortality in the Rocky Mountain region of the United States

(Williams et al., 2012; Neary et al., 2013). Mean pulmonary arterial pressures (PAP) =50 mmHg

are used as an indicator for pulmonary hypertension susceptibility in cattle (Holt and Callan, 2007).
The measurement of mean PAP has allowed for genetic selection against cattle susceptible to
pulmonary hypertension, resulting in the reduced incidence of high altitude disease (Shirley et al.,
2008; Crawford et al., 2016; Cockrum et al., 2019).

Meat color and tenderness significantly influence consumers’ purchase and repurchase
decisions (Shackelford et al., 2001; Mancini and Hunt, 2005; Suman and Joseph, 2013; Neethling
et al., 2017). These quality attributes have significant economic implications for the meat industry

(Smith et al., 2000; Lusk et al., 2001). The conversion of muscle to meat is a complex process that
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involves metabolic, chemical, and physical changes and can impact meat quality (Matarneh et al.,
2017). As the main organelle responsible for energy metabolism in live animals, mitochondria
have an important impact on the health of animals and their production efficiency (Bottje, 2019a,
2019b). In postmortem muscle, mitochondria can maintain structural integrity and oxygen
consumption activity for up to 60 d (Tang et al., 2005), and their functionality contributes to meat
color (Ramanathan and Mancini, 2018; Ramanathan et al., 2019) and tenderness (Wang et al.,
2017a; Wang et al., 2018).

Recently, a study indicated that high PAP cattle entering the feedlot at moderate elevations
(1,557 m) have around 20% higher feed to gain ratio due to excessive energy demands placed on
their pulmonary-cardiovascular system (Thomas et al., 2019; Heffernan et al., 2020). However,
the impact of pulmonary hypertension on meat quality attributes is still unknown. As noted above,
muscle mitochondrial function is likely a key regulator of meat quality, but the effect of PAP on
muscle mitochondria in beef cattle has not been previously investigated. Therefore, objectives of
this study were to evaluate the effects of PAP on mitochondrial function during the early
postmortem period and meat color during retail display.
3.2 Materials and methods
3.2.1 Animal care and use

The Institutional Animal Care and Use Committee at Colorado State University (approval
number 17-7179A) approved all animal procedures.
3.2.2 Cattle information

The fattened Angus steers were placed into two groups determined by their mean PAP:
high mean PAP (98 + 13 mmHg; n = 5) and low mean PAP (41 + 3 mmHg; n = 6). The animals

(588 £ 38 kg body weight) were approximately 14-month-old and came from the same farm with
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the same diet. The cattle were transported to a USDA-inspected meat laboratory in the Global
Food Innovation Center of the Department of Animal Sciences at the Colorado State University.
This experiment was originally designed as a balanced study, but one animal from the high PAP
group died due to heart failure 8 d before slaughter. After resting time in the lairage, the animals
were stunned, bled, and dehided according to commercial practice under USDA inspection.
Approximately 5 g of longissimus lumborum (LL) was cut from the left side of each carcass at 2
and 48 h post-exsanguination. Half of the sample was immediately placed into ice-cold biopsy
preservation medium (BIOPS; pH 7.1) containing 10 mM Ca-EGTA (0.1 uM free calcium), 20
mM imidazole, 20 mM taurine, 50 mM K-MES, 0.5 DTT, 6.56 mM MgClz, 5.77 mM ATP, and
15 mM phosphocreatine, whereas the other half of the sample was snap-frozen in liquid nitrogen.
3.2.3 Muscle sample preparation

Permeabilized muscle fibers from LL were prepared for high-resolution respirometry
experiments as described previously (Li Puma et al., 2020). Briefly, muscle fibers were teased in
ice-cold BIOPs solution containing 10 mM Ca-EGTA (0.1 uM free calcium), 20 mM imidazole,
20 mM taurine, 50 mM K-MES, 0.5 mM DTT, 6.56 mM MgClz, 5.77 mM ATP, and 15 mM
phosphocreatine (pH 7.1) before incubation with 50 pg/mL saponin on ice for 20 min with gentle
rocking to permeabilize cell membranes while leaving mitochondrial membranes intact (Pesta and
Gnaiger, 2012). Permeabilized fiber bundles were then transferred to mitochondrial respiration
medium (MiRO05) containing 0.5 mM EGTA, 3 mM MgCl: hexahydrate, 60 mM lactobionic acid,
20 mM taurine, 10 mM KH2PO4, 20 mM HEPES, 110 mM sucrose, and 0.1% BSA (pH 7.1), and
rinsed by rocking for 10 min on ice, followed by another identical 15-min rinse. Fiber bundles
were then gently blotted dry for 10 to 15 s on Whatman paper and weighed immediately before

adding approximately 6 mg to the 2-mL oxygraph chamber for experiments.
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3.2.4 Mitochondrial respiration

Mitochondrial respiratory function was determined with permeabilized muscle fiber
bundles collected at 2 and 48 h postmortem by high-resolution respirometry (HRR) using an
Oxygraph-2k high-resolution respirometer (Oroboros Instruments, Innsbruck, Austria). Oxygen
flux was monitored in real-time by resolving changes in the negative time derivative of the
chamber oxygen concentration signal following standardized instrumental and chemical
background calibrations using Datlab software (Oroboros Instruments). All respirometry data were
collected at 37 °C in a hyperoxygenated environment (275-400 pmol/L) to avoid potential
limitations in oxygen diffusion in the permeabilized fiber bundles (Li Puma et al., 2020). A detailed
description of the respiration protocols and associated respiratory states generated by the
sequential titration of each substrate is provided in Table 3.1. All the data collected were
normalized by the weight of permeabilized fiber bundles.
3.2.5 Immunoblot analysis for mitochondrial oxidative phosphorylation (OXPHOS) proteins

Protein was isolated from muscle sample by mammalian lysis buffer (150 mM NaCl, 1
mM EDTA, 1 mM EGTA, 5 mM sodium pyrophosphate, 1 mM sodium orthovanadate, 20 mM
sodium fluoride, 50 mL of Mammalian Protein Extraction Reagent [Thermo Scientific, 78501],
500 pL of Protease Inhibitor Cocktail [Sigma, P8340]). The concentration of the protein was
detected by using BCA Protein Assay Kit (Thermo Scientific, 23225) according to manufacturer
instructions and read by VERSA max microplate reader. Protein (30 ug) was loaded and separated
using Invitrogen Bolt 4%—-12% Bis-Tris (Invitrogen, NW04122BOX) and XCell SureLock
Elecctrophorsis Cell (Invitrogen, EIO001). Then, it was transferred to PVDF membrane after
activation with 100% methanol for 10 min. After three washes with TBST (100 mL of 10x TBS,

900 mL of diH20, 1 mL of Tween [Fisher BioReagents, 125689]) (10x TBS: 24 g of Tris-base,
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88 g of NaCl, 1 L of diH20, pH 7.6 adjusted by 6 N HCI), the membrane was blocked with 5%
milk (10 mL of TBST, 0.5 g of Blotting-Grade Blocker [BIO-RAD, 170-6404]) for 1 h at room
temperature. After blocking, the membrane was incubated in primary antibodies (1:1000 dilution)
overnight at 4 °C. After three washes with TBST, the membrane was incubated in secondary
antibodies (1:3000 dilution) for 1 h at room temperature. Then, the membrane was washed three
times with TBST, incubated in SuperSignal West Dura Extended Duration Substrate (Thermo
Scientific, 34075) for 30 s, imaged by UVP ChemStudio blot imager (Analytik Jena, Jena,
Germany). Band density was normalized to AmidoBlack total protein (Sigma, A8181) and
analyzed by ImagelJ software. Mitochondrial OXPHOS protein abundance of each sample was
estimated by the average of density of two protein bands, Complex II (SDHB) and Complex V
(ATP5A).
3.2.6 Beef fabrication and meat sample allocation

After 12 d of aging (at 2 °C in the dark), strip loins (LL) were excised from left sides of
beef carcasses (n = 5 for high PAP; n = 6 for low PAP), and six 2-cm-thick steaks were cut from
each loin. The first steak from the anterior side of each loin was assigned to characterize pH and
myoglobin concentration. The following five steaks from the anterior side were cut and assigned
randomly to 1, 3, 5, 7, or 9 d of retail display overwrapped in polyvinyl chloride film (O2
transmission = 23,250 mL x m? x d”!, 72 gauge; Resinite Packaging Films, Borden, Inc., North
Andover, MA).
3.2.7 Retail display

After packaging, steaks were placed in a display case maintained at 2 + 1 °C under

continuous lighting (4548 1x, 1810LX4000 LED FIXTURE; Kason, Newnan, GA; color rendering
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index = 84; color temperature = 4,500 K). All steaks were rotated daily to minimize differences in
light intensity or temperature caused by location.
3.2.8 Meat pH and myoglobin concentration

The pH of steaks was determined as described previously (Nair et al., 2016). Duplicate 5
g samples were homogenized in 30 mL diH20, and the pH was measured using an Accumet AE150
pH-meter (Fisher Scientific, Pittsburgh, PA).

Myoglobin concentration was determined according to the previous method (Faustman and
Phillips, 2001) with modification. Duplicate 5 g frozen samples were homogenized in 35 mL ice
cold 40 mM sodium-phosphate buffer at pH 6.8. The homogenate was filtered using Whatman No.
1 filter paper. The absorbance of the filtrate at 525 nm (A525) was recorded using a UV-1800
spectrophotometer (Shimadzu Inc., Candy, OR) with sodium phosphate buffer as blank.
Myoglobin concentration was calculated using the following equation:

Myoglobin (mg/g)=[A525/(7.6 mM ! cm 'x1 cm)] x [17,000/1000]x8

where, 7.6 mM ™! cm™!' = millimolar extinction coefficient of myoglobin at 525 nm; 1 ¢cm
= path length of cuvette; 17,000 Da = average molecular mass of myoglobin; 8 = dilution factor.
3.2.9 Instrumental color

CIE lightness (L), redness (ax), hue, and chroma values were measured at three random
locations on the light-exposed steak surfaces with a HunterLab MiniScan LabScan EZ4500
colorimeter (Hunter Associates Laboratory, Reston, VA) using 2.54-cm diameter aperture,
illuminant A, and 10° standard observer (AMSA, 2012). The instrument was calibrated with
standard black and white plates. In addition, the ratio of reflectance at 630 and 580 nm (R630/580)

was calculated as an indirect estimate of surface color stability.

72



3.2.10 Samples for metmyoglobin reducing activity and lipid oxidation

After color measurement, steaks displayed for 1, 3, 5, 7, or 9 d were halved, with one half
being used for measuring MRA, and the other half being used to measure lipid oxidation. The
interior of the steak half assigned to MRA was dissected parallel to the oxygenated surface to
expose the interior (resulting in two interior pieces) and used for measuring MRA. Representative
samples from the other half containing both oxygenated surface and interior were collected for
measuring lipid oxidation.
3.2.11 Metmyoglobin reducing activity

Metmyoglobin reducing activity (MRA) was evaluated according to the method described
previously (Zhai et al., 2019). Samples from the interior of steak halves (5 x 5 x 1.5 cm) were
removed from the light-exposed surfaces and submerged in a solution of 0.3% sodium nitrite for
20 min at room temperature to induce metmyoglobin formation. Samples were blotted dry, vacuum
packaged, and the reflectance spectra from 700 to 400 nm were recorded immediately on the light-
exposed surface using a HunterLLab LabSca XE colorimeter. The vacuum-packaged samples were
then incubated at 30 °C for 2 h to induce reduction of metmyoglobin, and the reflectance data were
taken again. The percentage of surface metmyoglobin (pre-incubation as well as post-incubation)
was calculated based on K/S ratios and according to established formulas (AMSA, 2012). MRA
was calculated using the following equation: Metmyoglobin reducing activity = 100 x [(% pre-
incubation surface metmyoglobin — % post-incubation surface metmyoglobin)/% pre-incubation
surface metmyoglobin].
3.2.12 Lipid oxidation

Lipid oxidation was analyzed employing thiobarbituric acid assay described previously

(Yin et al., 1993; Nair et al., 2016). Briefly, 5-g representative samples, taken from multiple
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locations, were mixed with 22.5 mL of 11% trichloroacetic acid, homogenized (PRO250, PRO
Scientific Inc, Oxford, CT), and filtered using Whatman No. 1 filter paper. One milliliter of filtrate
was mixed with 1 mL of aqueous thiobarbituric acid (20 mM) and incubated at 25 °C for 20 h. The
absorbance of samples at 532 nm measured spectrophotometrically (UV-1800 spectrophotometer,
Shimadzu Inc., Candy, OR) was reported as thiobarbituric acid reactive substances (TBARS).
3.2.13 Statistical analysis

A split-plot design was used to evaluate 1) the effects of PAP and postmortem hour on
mitochondrial functions and 2) the effects of PAP and retail display day on instrumental color,
MRA, and lipid oxidation. Samples were assigned to PAP x postmortem hour combinations for
mitochondrial function evaluation and PAP x display day combinations for color, MRA, and lipid
oxidation measurement. Data analysis was performed by R (version 3.6.1) using the Ime4 package
as a mixed model, where PAP (high or low), postmortem hour (or display day), and their
interactions were fixed effects, and the random effect in the model was an individual animal. The
differences between least-square means (P < 0.05) were determined by Tukey’s multiple
comparison.

A completely randomized design was used to evaluate the effects of PAP on ultimate pH
and myoglobin concentration. A one-way ANOVA was conducted, followed by least-square
means test (emmeans function in R) in order to better understand the difference between two PAP
groups (P < 0.05).

3.3 Results and discussion
3.3.1 Muscle mitochondrial respiration and OXPHOS protein abundance
Mitochondrial respiratory capacity was determined in permeabilized LL muscle fiber

bundles from high and low PAP cattle under a variety of substrate oxidation states using high-
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resolution respirometry (Figure 3.1). Overall, high PAP muscle tended to have greater substrate
oxidation (respiratory) capacity than low PAP muscles at 2 h postmortem (Figure 3.1B) but rapidly
declined to be similar to low PAP muscle by 48 h postmortem (P = 0.008 and 0.023 for PAP x
postmortem-time interaction in NL and NP states, respectively; Figure 3.1B). These differences
were most robust under conditions of abundant substrate availability in the absence of ADP (NL
or “leak” respiration) at 2 h postmortem, indicating a greater capacity of high PAP muscle for
endogenous fuel oxidation premortem when ATP demand is absent. In addition, the “leak”
respiration, which reflects the extent of proton leak across the inner mitochondrial membrane
(Pesta and Gnaiger, 2012; Chicco et al., 2014), may also reflect lower muscle OXPHOS efficiency
in high PAP animals premortem.

There was a decline in maximal OXPHOS-linked respiration supported by maximal
delivery of NADH (N; P = 0.0007) and NADH + succinate (NS; P = 0.0003), as well as the
maximal oxygen reductase capacity of complex IV (CIV; P =0.005) in LL muscle from 2 to 48 h
postmortem. This was seen in both high and low PAP groups, suggesting that maximal LL
respiratory capacity declined after animal slaughter independent of PAP. In addition, nearly
identical maximal CIV enzymatic capacities were seen between high and low PAP groups at 2 and
48 h postmortem, suggesting that the “leak” respiration (NL; oxidative capacity under conditions
of low ATP demand) accounted for the observed difference in OXPHOS-linked respiration (NP)
between groups, not maximal respiratory capacity. Despite these variations in LL respiratory
capacity between groups and postmortem timepoints, tissue OXPHOS protein expression was
greater in low PAP than high PAP animals (P = 0.046) and remained stable from 2 to 48 h

postmortem (Figure 3.2).
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3.3.2 pH value, myoglobin concentration, and instrumental color of LL steak

No difference (P = 0.2622) in pH and myoglobin concentration of LL steak was observed
between the high PAP group and low PAP group (Table 3.2). Therefore, these results suggested
that PAP did not influence the ultimate pH and myoglobin concentration.

The PAP did not affect (P > 0.05) the L* value (lightness) during retail display (Table 3.3).
However, a PAP x display-day interaction (P = 0.017) was observed for redness (a* value) during
retail display. There were no difference (P > 0.05) observed in redness between the two PAP
groups from days 1 to 7, but the low PAP group had higher (P = 0.001) redness than the high PAP
group on day 9. Within treatment, redness decreased (P = 0.032) from days 1 to 7 in the high PAP
group, whereas the low PAP group did not exhibit a decrease in redness until day 9 (P = 0.007).
Display-day had a main effect on b* value regardless of PAP (P = 0.000001). The yellowness
decreased (P = 0.0001) from days 1 to 9 for both PAP groups.

A PAP x display-day interaction was observed for chroma (P = 0.039), hue (P = 0.007),
and the ratio of reflectance at 630 and 580 nm (R630/580; P = 0.011). There were no differences
in chroma, hue, and R630/580 between high PAP and low PAP groups from days 1 to 7, but the
low PAP group had higher chroma (P = 0.004), hue (P = 0.0004), and R630/580 value (P =0.0002)
than the high PAP group on day 9. Within treatment, chroma (P = 0.0152) and R630/580 (P =
0.015) significantly decrease from days 1 to 7 in the high PAP group, whereas the low PAP group
did not show decreased chroma (P = 0.004) and R630/580 (P = 0.0003) value until day 9. Similarly,
the hue value significantly decreased from days 1 to 9 in the high PAP group (P =0.0001), whereas
the low PAP group did not show any decrease during retail display (P = 0.669). Overall, our results

suggested that although LL is a beef muscle with relevantly high color stability and long color
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shelf-life (McKenna et al., 2005; Seyfert et al., 2006), the LL steaks from the high PAP group
discolored faster than those from the low PAP group during simulated retail display.
3.3.3 MRA and lipid oxidation

A PAP x display-day interaction was observed for MRA (P = 0.017; Table 3.3). On day 5,
the low PAP group had greater (P = 0.035) MRA than the high PAP group, but there was no
difference (P > 0.05) between treatments on the other display days. Within treatment, MRA
decreased (P =0.001) from days 1 to 5 in the high PAP group, whereas the low PAP group did not
show decreased MRA until day 7 (P = 0.0002). Display-day had a main effect on TBARS values
regardless of PAP (P = 0.00003; Table 3.2); however, within the treatment, TBARS increased
from days 1 to 7 in the high PAP group (P = 0.005), whereas no change (P > 0.05) was observed
in low PAP group during display. Along with our observation of color attributes, these results
suggested that the LL steaks from the high PAP group had lower color stability than those from
the low PAP group during simulated retail display.
3.3.4 Discussion

Recently, it was reported that high PAP cattle entering the feedlot at moderate elevations
have around 20% higher feed to gain ratio compared to low PAP cattle (Thomas et al., 2019;
Heffernan et al., 2020). In the present study, muscle from high PAP cattle exhibited greater proton
leak-associated respiration (NL; Figure 3.1B) than low PAP muscle at 2 h postmortem in the
present study, which suggested lower OXPHOS efficiency and greater fuel oxidation rates under
conditions of low ATP demand in vivo. Consistent with this interpretation, greater mitochondrial
proton leak in broilers’ skeletal muscle has been previously found in low feed efficiency than the

high feed efficiency group (Bottje et al., 2009). Therefore, the observed lower feed efficiency in
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high PAP cattle as compared to low PAP cattle could also be attributed to the higher proton leak-
associated respiration in skeletal muscle and warrants additional study.

It is also worth noting that the difference in proton leak-associated respiration (NL; Figure
3.1B) and between two PAP groups disappeared as postmortem time extended, and a much greater
postmortem decline happened in the high PAP’s muscle OXPHOS-linked respiration (NP; Figure
3.1B) than low PAP cattle. These reflect a loss of mitochondrial integral function (membrane
integrity or/and protein function) over time, which could be due to the accumulated damage from
reactive oxygen species (ROS) known to be produced at high rates during leak respiration states
(Li Puma et al., 2020). Previous research has shown that the broilers with pulmonary hypertension
had greater ROS production from respiratory complexes I and III compared to the control group
(Tang et al., 2002), which are the primary sites of ROS production during leak respiration (Jastroch
et al., 2010). Moreover, increased oxidative stress level is often observed during pulmonary
hypertension development (Mikhael et al., 2019).

Meat color is determined by biomolecular interaction between myoglobin, mitochondria,
metabolites, and lipid oxidation (Ramanathan et al., 2020b). Metmyoglobin reducing activity is
one of the essential biochemical processes that facilitates the sustained bright-red color of beef
during retail display (Ledward, 1985). A greater and stable mitochondrial functionality can
maintain meat color by improved MRA (Ramanathan and Mancini, 2018; Ramanathan et al., 2019).
Conversely, mitochondria are the major ROS production sites in mammalian cells (Murphy, 2009;
Mazat et al., 2020). In postmortem muscle, ROS can increase oxidative stress, damage
mitochondrial membrane, and promote mitochondrial degradation, resulting in faster meat
tenderization (Wang et al., 2018; Zhang et al., 2019a; Chen et al., 2020), increased lipid oxidation,

and reduced color stability (Ke et al., 2017; Mancini et al., 2018; Mitacek et al., 2019). The faster
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decline of MRA observed in the high PAP group steaks is consistent with these interpretations and
further supports a link between muscle mitochondrial function and meat quality.

Additionally, there were differences in the mitochondrial OXPHOS protein abundance
between the two PAP groups in this study. A previous human clinical study indicated that
pulmonary arterial hypertension caused a decreased type I/type II muscle fiber ratio in skeletal
muscle (Batt et al., 2013), which could explain the lower OXPHOS protein abundances in the high
PAP group. The muscle fiber type was not measured in the current study. However, we hypothesize
a similar change of muscle fiber ratio in skeletal muscle from the high PAP cattle.

The same clinical study also reported that increased phosphorylation of ryanodine receptor
1 receptors in skeletal muscle was caused by pulmonary arterial hypertension (Batt et al., 2013),
which could result in destabilization and leakiness of the sarcoplasmic reticulum Ca* channel,
disturbing the control of cytosolic free Ca?* and impairing skeletal muscle contractility (Bellinger
et al., 2008a, 2008b; Andersson and Marks, 2010). A diminished exercise capacity and atrophy of
the quadriceps femoris muscle were observed in human with pulmonary arterial hypertension (Batt
etal., 2013).

3.4 Conclusions

High PAP muscle had greater proton leak-associated respiration than low PAP muscles at
2 h postmortem, suggesting high PAP caused a lower OXPHOS efficiency and greater fuel
oxidation rates under conditions of low ATP demand in premortem beef LL muscle. This
difference could explain the lower feed efficiency in high PAP feedlot cattle compared to low PAP
counterparts. Although maximal LL respiratory capacity declined after animal slaughter regardless
of PAP, OXPHOS-linked respiration declined faster in high PAP muscle from 2 to 48 h

postmortem, reflecting a faster loss of mitochondrial integral function (membrane integrity or/and
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protein function). OXPHOS protein expression was also lower in high PAP compared to low PAP
muscle, highlighting the need for further investigation into the potentially decreased type I/type 11
muscle fiber ratio in high PAP muscle. The muscle pH and myoglobin concentration were similar
between the two PAP groups. However, the high PAP group steaks had lower a*, chroma, hue,
and R630/580 values than low PAP steers on day 9 and a lower MRA on day 5. High PAP group
steaks also showed a significant increase in lipid oxidation on day 7, whereas no change was
observed in the low PAP group during display. These results suggested that high PAP group LL
had lower color stability than the low PAP group during simulated retail display, which could be
partially attributed to the loss of muscle mitochondrial function at early postmortem by ROS

damage in high PAP muscle.
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Table 3.1. High-resolution respirometry protocols and associated respiratory flux states assessed
in mitochondrial respiration experiment

High-resolution

respirometry flux Explanation

Protocol titrations
(final concentration in chamber)

state

Pyruvate (5 mM) + malate (1 NL
mM)

ADP (2.5 mM) NP
Glutamate (10 mM) N
Succinate (20 mM) NS

Ascorbate (2 mM) + TMPD (0.5 CIV
mM)

Proton leak-associated respiration
supported by high NADH, but no ADP

OXPHOS-linked respiration supported
by pyruvate + malate oxidation

Maximal OXPHOS-linked respiration
supported by NADH

Maximal OXPHOS-linked respiration
supported by NADH and succinate

Maximal oxygen reductase capacity of
Complex IV using an artificial electron
donor
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Table 3.2. pH and myoglobin concentration of beef longissimus steaks from cattle with different
pulmonary arterial pressure (PAP; n = 6 for low PAP; n = 5 for high PAP).

Parameter PAP Value SE*
pH High 5.53 0.02
Low 5.49 0.02
Myoglobin Concentration High 7.67 0.33
Low 7.66 0.30

#SE = standard error.
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Table 3.3. Lightness (L* value), redness (a* value), chroma, hue, R630/580, MRA, and TBARS
of beef longissimus steaks from cattle with different pulmonary arterial pressure (PAP) during
display (n = 6 for low PAP; n = 5 for high PAP).

Display d

Parameter PAP SE

1 3 5 7 9
L* value High 41.5 a* 389b 40.1 ab 39.9 ab 40.4 ab 1.09
Low 414 41.6 41.5 41.8 42.4 0.99
a* value High 18.6 a,x 17.3 ab,x 17.3 ab,x 16.6 b,x 13.5¢,x 0.60
Low 18.7 a,x 18.0 ab,x 18.1 ab,x 17.6 ab,x 16.6 b,y 0.55
b* value High 139a 12.7 be 13.3 ab 12.7 bc 11.7¢ 0.45
Low 14.1a 13.7 ab 13.8 ab 13.4 ab 13.0b 0.41
Chroma High 23.2 a,x 21.5ab,x 21.9ab,x 20.9 b,x 17.9 ¢,x 0.72
Low 23.4 a,x 22.6 abx 22.8ab,x 22.1 ab,x 21.1 b,y 0.66
Hue High 53.2 a,x 53.8 a,x 52.5 a,x 52.7 a,x 48.8 b,x 0.60
Low 52.9 a,x 52.6 a,x 52.6 a,x 52.6 a,x 51.9ay 0.55
R630/580 High 3.37ax 324 abx  3.09 ab,x 2.97 b,x 2.25¢cx 0.10
Low 3.38 a,x 3.20 a,x 3.18 a,x 3.06 ab,x 2.81by 0.09
% MRA High 5330ax 46.54ax 26.10bx 1551bcx 343cx 7.43
Low 5549 ax 4339abx 49.24ay 27.67bcx 21.52cx  6.79
TBARS High 0.163 a 0.223 ab 0.305 ab 0.353b 0.358 b 0.06
Low 0.164 0.164 0.246 0.284 0.286 0.06

#Least square means for the same trait in a column without a common letter (x-y) differ (P < 0.05).

Least square means in a row without a common letter (a-c) differ (P < 0.05).
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Figure 3.1. Muscle respiration under each respiratory flux state at 2 h and 48 h postmortem (n =
6 for low pulmonary arterial pressure (PAP); n =5 for high PAP).

NL: proton leak-associated respiration supported by high NADH, but no ADP; NP: OXPHOS-
linked-respiration supported by pyruvate + malate oxidation; N: OXPHOS-linked respiration
supported by malate + pyruvate + glutamate oxidation; NS: maximal OXPHOS-linked respiration
supported by NADH and succinate; CIV: maximal oxygen reductase capacity of Complex IV using
an artificial electron donor; @: a significant PAP X postmortem-hour interaction (NL: P = 0.008;
NP: P =0.028); @: a significant postmortem-hour effect (N: P = 0.0007; NS: P = 0.0003; CIV: P
=0.005).

Note: Detailed information for each respiratory flux state is presented in Table 3.1.
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Figure 3.2A. Representative western blots of the abundance of complex II (SDHB) and complex
V (ATP5A) and Amido Black stained total protein in beef longissimus steaks from cattle with
different pulmonary arterial pressure (PAP) at early postmortem.

Figure 3.2B. Mitochondrial OXPHOS protein abundance in beef longissimus steaks from cattle
with different PAP at early postmortem (n = 6 for low PAP; n =5 for high PAP).

@: a significant PAP effect (P < 0.05).
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CHAPTER 4 — VALIDATING THE ABILITY OF RAPID EVAPORATIVE IONIZATION
MASS SPECTROMETRY TO DIFFERENTIATE LAMB FLAVOR PERFORMANCE BASED
ON CONSUMER PERFERENCE

4.1 Introduction

Tenderness, juiciness, and flavor are the main factors influencing consumer choice and
acceptance of cooked meat (Resurreccion, 2004). US consumers rank lamb last among the seven
meats (beef, chicken, fish, lamb, pork, turkey, and veal) for taste and overall preference (Ward et
al., 1995). Previous studies indicated that tenderness was the primary determinant for eating
satisfaction, however the response for lamb has shifted toward flavor (Hoffman, 2015). Pre-
slaughter and postmortem factors like animal breed, sex, age, feed, aging and cooking conditions
all contribute to the flavor development of cooked meat (Calkins and Hodgen, 2007; Khan et al.,
2015).

Rapid Evaporative Ionization Mass Spectrometry (REIMS) is a type of ambient ionization
mass spectrometry which can be performed on intact samples (no sample processing required) and
yields a chemical fingerprint that, when coupled with chemometrics, enables real-time evaluation
of several complex traits from a single measurement. REIMS has been successfully used in meat
science (Ross et al., 2021), as well as for characterization of production metrics such as aging
method, aging time, and geographical origin of beef (Zhang et al., 2021a) and lamb (Zhang et al.,
2021b). REIMS has also been used for prediction of beef quality attributes such as carcass type,
production background, breed type, and muscle tenderness (Gredell et al., 2019). The results of
these studies demonstrated the possibility of applying real-time metabolomic analysis in meat
production and inspection systems. However, there are limited studies using REIMS analysis of

raw meat to predict cooked meat flavor.
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The I-Knife (monopolar) and Meat Probe (bipolar) are two types of ambient ionization
sources (electrodes) available for generation of aerosols for REIMS analysis. The bipolar design
of the Meat Probe provides the important advantage that it does not require removing samples
from tissue origin for analysis. However, as this is still a new device the ability of data generated
by Meat Probe to predict carcass background and meat flavor has not yet been investigated.
Therefore, the objectives of this study were (1) to investigate the capability of REIMS (with I-
Knife) to accurately predict cooked sheep meat flavor and carcass characteristics based on
consumer response utilizing chemical fingerprints acquired from different types of raw samples,
and (2) to compare the REIMS data generated by the two electrodes (Meat Probe vs. I-Knife) in
their ability to differentiate carcass background and sheep meat flavor.

4.2 Materials and methods
4.2.1 Product selection

Samples were collected from 200 sheep carcasses representing two age classifications (n =
99 lamb, n =101 yearling), two diet classifications (n = 101 grass, n = 99 grain), and two gender
classifications (n = 96 female, n = 104 male) from three different USDA inspected commercial
harvest facilities located in both California and Colorado. Collections were completed between the
months of September 2019 and January 2020. One external fat tissue sample and one fat free lean
tissue sample was collected from one side of each carcass 45 min post-mortem. At 24 h post-
mortem, one leg from each carcass was collected and transported back to Texas Tech University
in Lubbock, TX for fabrication. The legs were boned and trimmed of all fat (external and seam),
finely ground, and shaped into slider sized patties (2 inches in diameter). The patties were then
vacuum packaged and stored at -80 °C. Patties were shipped overnight to Colorado State

University for further analysis. For each carcass, one fat sample, one lean sample and one patty
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were allocated to I-Knife REIMS analysis. An additional patty was allocated to Meat Probe
REIMS analysis. Further, six patties were allocated for sensory analysis and were frozen (-20 °C)
in vacuum bags until sensory analysis.

4.2.2 Consumer panel evaluation

The Colorado State University Institutional Review Board approved the procedures used
in this study (IRB exemption # 2039, January 27, 2020). Consumers (n = 200) for the sensory
evaluation were recruited from Fort Collins, CO, and the surrounding areas. The consumer
demographics for the 200 participants of the sensory portion are presented in Table 4.1. Sensory
panels were conducted in a lecture style classroom at Colorado State University in groups of 20
panelists per session. Patties were thawed at 2 to 4 °C for 24 h prior to consumer evaluation and
cooked to an internal temperature of 71 °C using a combi-oven (Model SCC WE 61 E; Rational,
Landsberg am Lech, Germany) with the temperature set to 204.5 °C and the humidity set to 0%.
Patties were cooked for approximately 6 minutes to achieve a minimum internal temperature of
71 °C and immediately served to consumers. Panelists were each provided with a napkin, plastic
fork, plastic knife, a toothpick, expectorant cup, and apple juice (10% apple juice dilution), water,
and unsalted crackers to use as palate cleansers.

Each consumer evaluated 1 familiarization sample followed by 6 test samples (n = 7
samples/ panelist) in a predetermined and balanced order, representing variation in animal age
class and production background, on an electronic tablet (iPad Pro; Model A1670; Apple Inc,
Cupertino, CA) using a digital survey (Qualtrics core XM; Qualtrics Software, Provo, UT).
Consumers rated each sample for flavor intensity, flavor liking, and overall liking on 100 mm
continuous line scales anchored at both ends and the midpoint with 0 = extremely low, and

extremely dislike and 100 = extremely high and extremely like. Consumers were also asked to
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evaluate flavor intensity acceptance, flavor acceptance, off flavors presence, and overall
acceptance with a binary (“yes” or “no”) answer and perceived acceptance levels were left to the
consumers interpretation.
4.2.3 Sensory data binary classification

In addition to the three carcass background classifications (age, diet, and gender), five
sensory attributes were further classified according to consumer’s evaluation (Table 4.2). The
flavor intensity model was also classified into three groups which included 1) mild, 2) medium,
and 3) intense. Flavor intensity groupings were developed based on a normal standard curve using
plus or minus one standard deviation from the mean as separation. Within each of the rest of four
sensory attributes, average liking score and binary responses (“yes” or “no”’) for each sample were
summarized. The attributes were further classified into two groups (acceptable or unacceptable)
using the average liking scores of each attribute (analyzed using an analysis of variance). To be
classified as “acceptable,” one of the following requirements had to be met: 1) average of liking
score of a class (number of ““yes” in response) had to be greater than the overall mean of all classes,
or 2) the upper 95% confidence interval of the mean of liking score of a class had to encompass
the overall mean of all classes. Four model sets (Table 4.2) were defined by the following sensory
attributes: flavor intensity acceptance, flavor acceptance, off flavors presence, and overall
acceptance. Finally, for intensity acceptance, flavor acceptance, and overall acceptance, classes
(number of “yes” in response) 5 and 6 were classified as “acceptable,” and classes 0, 1, 2, 3, and
4 were categorized as “unacceptable.” For off flavors presence, classes (number of “yes” in
response) 0 and 1 were classified as “acceptable,” and classes 2, 3, 4, 5, and 6 were categorized as

“unacceptable.”
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4.2.4 Rapid evaporative ionization mass spectrometry (REIMS)

Chemical fingerprints of fat tissues, lean tissues, and ground sensory patties were acquired
using REIMS. Prior to analysis, samples were thawed at 0—4 °C for 16-24 h. Samples were
analyzed using a Synapt G2 Si Q-ToF mass spectrometer (Waters Corporation, Milford, MA),
fitted with a REIMS ionization source coupled with a monopolar electrosurgical hand piece (“I-
Knife,” Waters Corporation) or a bipolar electrosurgical hand piece (“Meat Probe,” Waters
Corporation) powered by an Erbotom ICC 300 electrosurgical generator (Erbe Elektromedizin
GmbH, Tubingen, Germany) using “dry cut” mode at a power of 30 V for lean and patty samples
or 50 V for fat sample.

A continual flow (200 pL/min) of 200 ng/mL leucine-enkephalin was introduced directly
to the REIMS source during sampling. The heater bias was set to 80 V. At least five “burns” were
collected for each sample within a 2.54 x 2.54 cm square from the center of the sample, with each
burn lasting approximately 3 sec. Spectra were collected in negative mode ionization from 50—
1,500 m/z. Preprocessing was performed using the AMX recognition software version 1.0.2184.0
(Waters Corporation), including lock mass correction (leucine-enkephalin), background
subtraction using standard Masslynx preprocessing algorithms, and normalization to total ion
current. Peak binning was performed at intervals of 0.5 m/z resulting in a total of 2,900 bins. The
bins from the five burns were summed to create a single value for each sample. Mass bins in the
range of 550-600 were excluded from the data matrix to remove the internal standard signal
(leucine-enkephalin, m/z 554.632).

To evaluate the capability of REIMS to accurately identify and predict cooked sheep meat
flavor and carcass characteristics based on consumer response utilizing chemical fingerprints

acquired from raw samples by I-Knife, mass bins in the range of 100 to 550 and of 660 to 1000
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were selected for further analysis resulting in a final data matrix containing 1,700 variables (m/z
bins) and 200 observations (samples) for each sample.

For comparison of the data generated by the two electrodes (Meat Probe vs. [-Knife) mass
bins in the range of 50 to 550 and 660 to 1500 were used for further analysis resulting a in a final
data matrix containing 2,800 variables (m/z bins) and 200 observations (samples) for each sample.
The time required for REIMS analysis per sample using Meat Probe and I-Knife was also recorded.
All data matrixes can be found in supplemental files.

4.2.5 REIMS data analysis

Data reduction, machine learning, and evaluation of predictive models was performed
within the R statistical environment (R Core Team, 2021). Data were grouped together to create
the desired classifications for each model set (Table 4.2) defined as: age, diet, gender, flavor
intensity level, flavor intensity acceptance, flavor acceptance, off flavors presence, and overall
acceptance.

4.2.6 Data pre-processing with dimension reduction

Dimension reduction was performed using (i) feature selection (FS) or (ii) principal
component analysis followed by feature selection (PCA-FS) as described by Gredell et al. (2019).
The PCA dimension reduction was performed using the PCA function in the package FactoMineR
with unit variance scaling (Husson et al. 2018). The FS was performed separately for each model
setin the study (i.e., overall acceptance) using the caret R package (Kuhn, 2008; Kuhn and Johnson,
2013). All 2,800 m/z bins were first pre-processed by removing highly correlated m/z bins
(Pearson’s |r| > 0.90) followed by the rfe function and finally assessed with 5-fold cross validation.
The PCA-FS consisted of performing a similar feature selection process on the principal

components rather than the 2,800 mass bins with 10-fold cross validation. For all model
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assessments performed in this study, leave-one-out cross validation refers to the removal of one
sample as a validation set where the remaining samples are used as the training set. This procedure
was repeated for every sample, and average prediction accuracy was recorded.

4.2.7 Machine learning algorithms to predict carcass background and meat sensory evaluation

In total, the accuracy of fourteen machine learning algorithms were compared for each
model set. These included: (1) support vector machine with a radial kernel (SVM-Radial), (2)
support vector machine with a linear kernel (SVM-Linear), (3) support vector machine with a
polynomial kernel (SVM-Poly), (4) K-nearest neighbor (Knn), (5) random forest (RF), (6) linear
discriminant analysis (LDA), (7) penalized discriminant analysis (PDA), (8) logistic boosting
(LogitBoost), (9) extreme gradient boosting (XGBoost), (10) stochastic gradient boosting (GBM),
(11) elastic-net regularized generalized linear model (GLMNET), (12) multivariate adaptive
regression spline (Earth), (13) classification and regression trees with rpart (Rpart), and (14)
bagged classification and regression trees (Treebag). An initial screening of all the machine
learning algorithms was performed using the train function from the caret package.

For I-Knife tissue comparison (fat vs. lean vs. patty), partial least squares discriminant
analysis (PLSDA) is included at fifteenth machine learning algorithm. PLSDA is not supported in
the train function, and thus PLSDA models were constructed using the plsDA function (Pérez-
Enciso and Tenenhaus, 2003) built into the DiscriMiner package. For electrode comparison,
generalized linear model (GLM) is included at fifteenth machine learning algorithm and performed
using the train function from the caret package. For each of the eight model sets (age, diet, gender,
flavor intensity level, flavor intensity acceptance, flavor acceptance, off flavors presence, and
overall acceptance), the fifteen machine learning algorithms were applied to data following the

two pre-processing options, FS and PCA-FS reduction.
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Leave-one-out cross validation was used to evaluate the prediction accuracy (correct
predictions/total predictions) of all fifteen machine learning algorithms in order to reduce the bias
and increase repeatability (James et al., 2021). The best performing model (in terms of prediction
accuracy based on leave-one-out cross validation) for each model set were recorded (Table 4.3).
4.3 Results and discussion
4.3.1 Tissue comparison of I-Knife REIMS prediction

In the current study, three types of tissue were analyzed by I-Knife REIMS to differentiate
carcass background and sheep meat flavor based on consumer preference. Combinations of two
methods of dimension reduction and fifteen machine learning algorithms were used to explore the
prediction accuracy of REIMS data on eight model sets (Table 4.2; age, diet, gender, flavor
intensity level, flavor intensity acceptance, flavor acceptance, off flavors presence, and overall
acceptance). The performance of each machine learning algorithm and data reduction combination
was assessed in the initial screening step (Appendix A 1-8). Performance was evaluated in terms
of prediction accuracy using a leave-one-out cross validation.

The maximum prediction accuracy of data generated by I-Knife REIMS based on leave-
one-out cross validation varied in each model set and across sample types (Table 4.3). The
maximal prediction accuracies from models based on data collected from fat tissue REIMS
analysis for each classification model set were: age (76.5%), diet (94.5%), gender (73%), intensity
level (73.5%), intensity acceptances (82%), flavor acceptance (81%), off flavors presence (93%),
and overall acceptance (81%). The maximal prediction accuracies from models based on data
collected from lean tissue REIMS analysis for each classification model set were: age (82%), diet
(85%), gender (71.5%), intensity level (73%), intensity acceptances (84%), flavor acceptance

(80.5%), off flavors presence (75%), and overall acceptance (84%). The maximal prediction
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accuracies from models based on data collected from patty REIMS analysis for each classification
model set were: age (78.5%), diet (92.5%), gender (76%), intensity level (69.5%), intensity
acceptances (94%), flavor acceptance (79.5%), off flavors presence (755%), and overall
acceptance (83%).

Regardless of tissue type, from high to low, the maximum prediction accuracies of the eight
classification model sets were: diet (94.5%), flavor intensity acceptance (94%), off flavors
presence (93%), overall acceptance (85.1%), age (82%), flavor acceptance (81%), gender (76%),
and flavor intensity level (73.5%). For each classification model set, the maximum prediction
accuracy achieved by I-Knife REIMS varied among different tissue types (Figure 4.3). Fat tissue
had higher maximum prediction accuracies for diet (94.5%), off flavors presence (93%), flavor
acceptance (81%), and flavor intensity level (73.5%), while lean tissue has higher maximum
prediction accuracies for overall acceptance (85.1%) and age (82%). Patty had higher maximum
prediction accuracies for flavor intensity acceptance (94%) and gender (76%).

According to previous studies, REIMS can be used for prediction of beef quality attributes
such as carcass type, production background, breed type, and muscle tenderness (Gredell et al.,
2019) as well as aging method, aging time, and geographical origin of beef (Zhang et al., 2021a)
and lamb (Zhang et al., 2021b). In the current study, regardless of tissue type, the maximum
prediction accuracies of diet, flavor intensity acceptance, off flavors presence, overall acceptance,
age, and flavor acceptance classification were greater than 80%, which for the first time indicated
that REIMS analysis of raw meat coupled with machine learning algorithm can accurately predict
cooked sheep meat flavor and carcass characteristics.

Except for flavor intensity acceptance and gender, I-Knife REIMS data from fat and lean

tissue collected at 45 min postmortem achieved higher maximal prediction accuracies for diet
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(94.5%), off flavors presence (93%), overall acceptance (84%), age (82%), flavor acceptance
(81%), and flavor intensity level (73.5%). These results demonstrated that REIMS data collected
from both lean and fat tissue at 45 min postmortem is reflective of meat sensory data collected at
24 h postmortem as well as carcass background information.

For carcass background prediction, the highest prediction accuracy was achieved for diet
classification by fat tissue (94.5%) using the support vector machine with a polynomial kernel
(SVM-Poly; 80 mass-bins) model. The second highest prediction accuracy was achieved for age
classification by lean tissue (82%) using the support vector machine with a polynomial kernel
(SVM-Poly; 75 mass-bins) model. The next highest prediction accuracy was achieved for gender
classification by patty (76%) using the support vector machine with a radial kernel (SVM-Radial;
29 principal components) model.

For cooked sheep meat flavor prediction, the highest prediction accuracy was achieved for
flavor intensity acceptance by patty (94%) using the generalized linear model (GLM; 1474 mass-
bins). The second highest prediction accuracy for sheep meat flavor was achieved for off flavors
presence by fat tissue (93%) using the generalized linear model (GLM; 1295 mass-bins). The next
highest prediction accuracy was achieved for overall acceptance by lean tissue (84%) using the
SVM-Poly (35 principal components) model. Characterizations of flavor acceptance were also
evaluated, and the highest prediction accuracy (81%) was achieved by fat tissue using stochastic
gradient boosting model (GBM; 49 principal components). The highest prediction accuracies for
flavor intensity level was achieved using Svm Poly model to 73.5% by fat tissue with 23 principal

components.
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4.3.2 Electrodes comparison

In the current study, two types of REIMS electrodes were used to differentiate carcass
background and sheep meat flavor based on consumer preference. Combinations of two methods
of dimension reduction and fifteen machine learning algorithms were used to explore the
prediction accuracy of REIMS data on eight classification model sets (Table 4.2; age, diet, gender,
flavor intensity level, flavor intensity acceptance, flavor acceptance, off flavors presence, and
overall acceptance). The performance of each machine learning algorithm and data reduction
combination was assessed in the initial screening step (Appendix B 1-8). Performance was
evaluated in terms of prediction accuracy using a leave-one-out cross validation.

The maximal prediction accuracies from models based on data generated by I-Knife
REIMS analysis (Table 4.4) for each classification were: age (75%), diet (92%), gender (73%),
intensity level (73%), intensity acceptances (84.5%), flavor acceptance (81.5%), off flavors
presence (78%), overall acceptance (84%). The maximal prediction accuracies from models based
on data generated by Meat Probe REIMS analysis (Table 4.4) for each classification were: age
(81.5%), diet (90%), gender (72.5%), intensity level (71%), intensity acceptances (86%), flavor
acceptance (80%), off flavors presence (77.5%), overall acceptance (85%).

Data generated using the Meat Probe resulted in models with better or similar prediction
accuracies of carcass background (age, diet, and gender) and consumer preference (intensity
acceptance, flavor acceptance, off flavors presence, and overall acceptance) as compared to models
based on data generated using the I-Knife.

For carcass background prediction, the highest prediction accuracy was achieved for diet
classification by I-Knife (92%) and Meat Probe (90%) using the support vector machine with a

polynomial kernel (SVM-Poly; 34 mass-bins) model and support vector machine with a linear

96



kernel (SVM Linear; 29 principal components) model, respectively. The second highest prediction
accuracy was achieved for age classification by [-Knife (75%) and Meat Probe (81.5%) using the
K-nearest neighbor (Knn; 1949 mass-bins) model and SVM-Poly (86 principal components) model,
respectively. The following highest prediction accuracy was achieved for gender classification by
I-Knife (73%) and Meat Probe (72.5%) using the random forest (RF; 79 principal components)
model and XGBoost (17 principal components) model, respectively.

For cooked sheep meat flavor prediction, the highest prediction accuracy was achieved for
flavor intensity acceptance by I-Knife (84.5%) and Meat Probe (86%) using the extreme gradient
boosting (XGBoost; 33 principal components) model and Svm-Linear (29 principal components)
model, respectively. The second highest prediction accuracy was achieved for overall acceptance
by I-Knife (84%) and Meat Probe (85%) using the XGBoost (71 mass-bins/33 principal
components) model and partial least squares discriminant analysis (PLSDA; 114 mass-bins) model,
respectively. The following highest prediction accuracy was achieved for flavor acceptance by I-
Knife (81.5%) and Meat Probe (80%) both using the XGBoost model with 63 mass-bins and 49
principal components, respectively. Characterizations of flavor intensity level were also evaluated,
and the highest prediction accuracies (73% for I-Knife and 71% for Meat Probe) were achieved
using stochastic gradient boosting model (GBM; 76 mass-bins) and XGBoost model (995 mass-
bins). The highest prediction accuracy for off flavor presence was achieved both using Svm Poly
model to 78% for I-Knife with 40 principal components and to 77.5% for Meat Probe with 33
principal components.

Analysis using the Meat Probe required 45 seconds per sample (5 readings), whereas
analysis using the I-Knife required 90 seconds per sample (5 readings). Also, REIMS analysis

using I-Knife required the cleaning procedure around every 80 samples (400 reading), while
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REIMS analysis using Meat Probe required cleaning procedure around every 160 samples (800
readings), which indicated that Meat Probe generates cleaner signal than I-Knife.
4.4 Conclusions

In summary, these data demonstrate that REIMS analysis of raw meat samples can be used
to accurately predict and classify cooked sheep meat flavor and carcass characteristics (based on
consumer response). Specifically, the lean and fat tissue collected at 45 min postmortem can be
used to predict carcass characteristics and post rigor meat flavor. Models for diet, flavor intensity
acceptance, off flavors presence, overall acceptance, age, and flavor acceptance achieved
prediction accuracies higher than 80%. In addition, data generated using the Meat Probe resulted
in models with better or similar prediction accuracies of carcass background (age, diet, and gender)
and consumer preference (intensity acceptance, flavor acceptance, off flavors presence, and overall
acceptance) as compared to models based on data generated using the I-Knife. The Meat Probe
was more user-friendly, faster, and cleaner than I-Knife for REIMS analysis. Further investigations

are necessary to evaluate the use of the Meat Probe for REIMS analysis in other applications.
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Table 4.1. Demographic characteristics of consumers (N = 200) who participated in consumer

sensory panels.

Characteristic Response Number of Consumer
Gender Female 112
Male 97
No response 1
Marital Status Married 79
Single 120
No response 1
Age 20-29 years 109
30-39 years 35
40-49 years 19
50-59 years 22
60 years or older 14
No response 1
Ethnicity African-American 2
Asian 22
Caucasian/white 134
Hispanic 24
Native American 6
Mixed race 8
No response 4
Household income Under $25,000 66
$25,001-$34,999 15
$35,000-$49,999 22
$50,000-$74,999 27
$75,000-$99,999 22
$100,000-$199,999 30
Over $199,999 16
No response 2
Education level Non-high school/graduate 2
High school graduate 5
Some college/technical school 38
College graduate 74
Post-college graduate 81
No response 2
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Table 4.2. Summary of classification groupings and number of observations used for each of the

six model sets
Prediction Model Sets
Flavor Flavor
Age Diet | Gender | Intensity Intensity Flavor Lidddin o Ll
Acceptance | Presence | Acceptance
Level Acceptance
Classifications Lamb | Grass | Male | Intense (34) | Acceptable Acceptable Absence Acceptable
(humber of 99) (101) | (104) . (159) (151) (116) (157)
observations) | Yearling | Grain | Female Miglgm Unacceptable | Unacceptable | Presence | Unacceptable
(101) 99) 96) (135) 41 49) (84) 43)
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Table 4.3. Summary of final prediction accuracies in each tissue type based on leave-one-out cross
validation for the top machine learning algorithm and data reduction approach combination for

each model set

Model Set Tissue Dimension Number of Machine Learning Final
Tvpe Reduction Approach Predictors Algorithm Accuracv
Svm
Fat PCA-FS 126 PCs Polv/PDA/LDA 0.765
Age Lean FS 75 mass-bins Svm Poly 0.820
Patty FS 113 mass-bins RF 0.785
Fat FS 80 mass-bins Svm Poly 0.945
Diet Lean PCA-FS 40 PCs XGBoost 0.850
Patty FS 18 mass-bins Svm Poly 0.925
Fat FS 4 mass-bins LogitBoost 0.730
Gender Lean PCA-FS 24 PCs Svm Poly 0.715
Patty PCA-FS 29 PCs Svm Radial 0.760
Fat PCA-FS 23 PCs Svm Poly 0.735
Flavor
Intensity Lean PCA-FS 29 PCs Svm Poly 0.730
bovel Patt FS/PCA-FS 318 mass-bins/ XGBoost 0.695
y 22 PCs :
Fat PCA-FS 42 PCs XGBoost 0.820
Flavor
Intensity Lean PCA-FS 24 PCs XGBoost/Svm Poly 0.840
Acceptance
Patty FS 1474 mass-bins GLM 0.940
Fat PCA-FS 49 PCs GBM 0.810
Flavor Lean PCA-FS 31 PCs GBM 0.805
Acceptance
Patty PCA-FS 47 PCs Svm Poly 0.795
Fat FS 1295 mass-bins GLM 0.930
Off Flavors 1 o PCA-FS 130 PCs Svm Poly 0.750
Presence
Patty PCA-FS 59 PCs Svm Poly 0.755
Fat PCA-FS 47 PCs XGBoost 0.810
Overall Lean PCA-FS 35PCs Svm Poly 0.840
Acceptance
Patty FS/PCA-FS 46 ma;S(‘:'ZmS/ 32 | RE/Svm Linear 0.830

PCA-FS: principal component analysis followed by feature selection; FS: feature selection; PCs:

principal components.
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Table 4.4. Summary of final prediction accuracies in each electrode based on leave-one-out cross
validation for the top machine learning algorithm and data reduction approach combination for
each model set

Dimension Number of Machine Learning Final
OGRS (BLBHITE Reduction Approach Predictors Algorithm Accuracv
I-Knife FS 1949 mass-bins Knn 0.750
Age Meat
ca PCA-FS 86 PCs Svm Poly 0.815
Probe
[-Knife FS 34 mass-bins Svm Poly 0.920
Diet M
eat PCA-FS 29 PCs Svm Linear 0.900
Probe
I-Knife PCA-FS 79 PCs RF 0.730
Gender M
eat PCA-FS 17 PCs XGBoost 0.725
Probe
Flavor I-Knife FS 76 mass-bins GBM 0.730
Intensity Meat
Level ca FS 995 mass-bins XGBoost 0.710
Probe
Flavor I-Knife PCA-FS 33 PCs XGBoost 0.845
Intensity Meat
Acceptance ca PCA-FS 29 PCs Svm Linear 0.86
Probe
I-Knife FS 63 mass-bins XGBoost 0.815
Flavor
Acceptance | Meat PCA-FS 49 PCs XGBoost 0.800
Probe
Off Flavors I-Knife PCA-FS 40 PCs Svm Poly 0.780
Presence Meat PCA-FS 33 PCs Svm Poly 0.775
Probe
. 71 mass-bins/33
Overall I-Knife FS/PCA-FS PCs XGBoost 0.84
Acceptance | Meat FS 114 mass-bins PLSDA 0.85
Probe

PCA-FS: principal component analysis followed by feature selection; FS: feature selection; PCs:
principal components.
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Figure 4.1A Prediction accuracies in each tissue type (based on leave-one-out cross validation) for the top performing machine learning
algorithm and data reduction approach combinations for age, diet, gender, and flavor intensity level classification. PCA-FS: principal

component analysis followed by feature selection; FS: feature selection; PCs: principal components.
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@ 0.785 (FS/PCAFS) 2 Treeag @ 0790 (PCA-FS) 2 Eartn 0.790 (FS)
0.785 (FS) Svm Radial 0.790 (PCA-FS) Svm Radial ® 0.785 (FSPCAFS)
Rpart ® 0.775 (FS) Kan @ 0.790 (PCA-FS) PDA ® 0.785 (FS)
LogiBoost @ 0.775 (FS) GLm @ 0.790{PCA-FS) GLMNET @ 0.780 (PCA-FS)
Svm Linear @ 0.740 (PCA-FS) RF @ 0.785 (FS/PCA-FS) t @ 0.775 (PCAFS)
GLM @ 0725 (PCAFS) Earth @ 0.765 (PCA-FS) LDA @ 0.760 (PCA-FS)
LDA ® 0710 (PCAFS) Rpar @ 0.720 (FS) GLM @ 0.755(PCA-FS)
025 050 078 100 0.2% 050 018 100 0.25 050 0rs 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)

Figure 4.1B Prediction accuracies in each tissue type (based on leave-one-out cross validation) for the top performing machine learning
algorithm and data reduction approach combinations for age, diet, gender, and flavor intensity level classification. PCA-FS: principal

component analysis followed by feature selection; FS: feature selection; PCs: principal components.
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I-Knife: Age Classification Meat Probe: Age Classification
Knn ® 0.75 (FS) Svm Poly @ 0815 (PCAFS)
Svm Poly @ 0.745(FS) PLSDA @ 0.79 (PCA-FS)
PLSDA @ 0.72 (PCA-FS) PDA ‘@ 079 (PCA-FS)
PDA @ 0715 (PCA-FS) LDA @ 0.79 (PCA-FS)
LDA @ 0.715(PCA-FS) Svm Radial @ 0.765 (PCA-FS)
£ XGBoost @ 0.71(PCAFS) £ GLMNET @ 0.765 (PCA-FS)
£ GLMNET @ 0.71(PCA-FS) £ XGBoost @ 0.745 (FS)
'S Svm Radial @ 0.705 (FS) 5 GBM @ 0.73(PCA-FS)
:(_‘-ﬂ GBM @ 0.705 (PCA-FS) g RF ® 0.72 (FS)
TreaBag @ 0.70 (FS) Svm Linear -@ 0.71 (PCA-FS)
RF @ 0.70 (FS) LogitBoost @ 0.69 (PCAFS)
LogitBoost @ 0685 (PCA-FS) Knn @ 0.69 (FS)
Sum Linear @ 058 (FS) TreeBag @ 0.685 (FS)
Earth @ 0.68 (PCA-FS) Earth @ 0.66 (PCA-FS)
Rpart @ 0.655 (PCA-FS) Rpart @ 0.56 (FS)
025 0.50 0.75 1.00 0.25 050 075 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Diet Classification Meat Probe: Diet Classification
Svm Ploy © 092 (FS) Sym Linear @ 0.90 (PCA-FS)
GBM @ 0915(FS) XGBoost @ 0.885(PCA-FS)
XGBoost @ 0.91 (FS) GLMNET @® 0.86(PCAFS)
PLSDA @ 0.89 (FS) GBM @ 088 (PCA-FS)
RE @ 0.885 (FS) Svm Ploy @ 0.855 (PCAFS)
E LogitBoost @ 0.88 (FS) E RF @ 083 (PCA-FS)
£ Svm Radial @ 0.875 (FS) £ Svm Radial ® 0.825(PCAFS)
E svm Linear @ 0875 (FS) T PDA @ 0.825 (PCA-FS)
S(E’ PDA @ 0.875 (FS) 3’ LDA @ 0.825 (PCAFS)
LDA @ 0.875 (FS) PLSDA @ 0.815 (PCA-FS)
TreeBag -@ 0.87 (FS) LogitBoost ® 0.815(PCA-FS)
GLMNET @ 0.87 (FS) Earth @ 0.815(PCA-FS)
Earth @ 0.86 (FS) TreeBag @ 076 (FS/PCA-FS)
Knr + = ——@ 0.82 (FS) Knn = T = = T ® 0.755 (FS)
Rpart ® 0.76 (FS) Rpart @ 0.705(FS)
026 050 075 1.00 025 050 0.75 1.00
Accuracy Rate (Di Reduction Appi h) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Gender Classification Meat Probe: Gender Classification
RF @® 0.73 (PCA-FS) XGBoost @ 0.725 (PCA-FS)
Svm Ploy @ 0.715(PCA-FS) RF ® 071(PCAFS)
Svm Radial @ 0.71(PCA-FS) GBM @ 0.70 (PCA-FS)
@ 0.69 (PCA-FS) Svm Ploy ® 0.69 (FS)
@ 0685 (PCA-FS) Svm Radial @ 0685 (PCAFS)
£ - - @ 0685 (PCAFS) g Troefag — - - ——@ 068 (PCA-FS)
£ ® 0.685(PCAFS) £ Svm Linear @ 0.88 (FS)
H LDA @ 0685 (PCAFS) T PusoA ® 068 (PCA-FS)
3’ @ 0.68 (PCA-FS) ? PDA ® 0675 (PCAFS)
@ 067 (PCA-FS) LOA @® 08675 (PCAFS)
@ 0.66 (PCA-FS) LogitBoost @ 0.64 (PCA-FS)
@ 0865 (PCAFS) Rpart ® 0635 (FS)
LogitBoost @ 0.60 (PCA-FS) Knn © 0.63 (PCA-FS)
Earth ® 0.535 (FS) Earth ® 063 (FS)
Rpart @ 051 (FS) GLMNET @ 0.71(FS)
026 0.5 075 1.00 0.25 050 07s 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Flavor Intensity Level Classification Meat Probe: Flavor Intensity Level Classification
GBM ® 0.73(FS) XGBoost ® 0.71(FS)
XGBoost @ 0.725 (FS) Svm Pl @ 088 (FS)
Svm Ploy @ 0.71(FS) GLMNET @ 068 (FS)
RF @ 0.70 (FS) GBM ® 0.68 (PCA-FS)
PLSDA @ 0.70 (FS) Svm Radial ® 0.675(FS/PCA-FS)
£ GLMNET @ 0.695(FS) £ RF ® 0675 (FS/PCA-FS)
£ Knn @ 0685 (PCAFS) & PDA @ 0.675(FS)
'S Svm Radia @ 0675 (FS/IPCAFS) 5 Rpart @ 0467 (PCA-FS)
= PDA @ 0.675 (FS) 2 Earth @ 0.67 (FS/IPCA-FS)
< TreeBag © 0,565 (FS) < LogitBoost ® 0667 (PCA-FS)
LogitBoost ® 0.655 (FS) PLSDA @ 0.66 (PCA-FS)
Earth @ 0.645 (PCA-FS) @ 0655 (FS/IPCAFS)
Rpart ® 08635 (FS) @ 0655 (PCA-FS)
LDA @ 0.63 (PCA-FS) Svm Linear @ 0845 (FS)
Swvm Linear @ 0.62 (PCA-FS) LDA @ 0.63 (PCA-FS)
025 0.50 0.76 1.00 0.25 050 0.75 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)

Figure 4.2A Prediction accuracies in each electrode (based on leave-one-out cross validation) for
the top performing machine learning algorithm and data reduction approach combinations for age,
diet, gender, and flavor intensity level classification. PCA-FS: principal component analysis

followed by feature selection; FS: feature selection; PCs: principal components.
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I-Knife: Flavor y Accep [ fication Meat Probe: Flavor Intensity Acceptance Classification
XGBoos! @ 0.845 (PCA-FS) Svm Linear @ 0.86 (PCA-FS)
Svm Ploy @ 0.84 (FS) GLMNET @ 0855 (PCA-FS)
Rpart @ 0.835 (PCA-FS) Rpart @ 0.85(FS)
Svm Linear - @ 0.83 (FS) Svm Play - @ 0.845 (PCA-FS)
GLMNET @ 0.83 (FS) XGBoost @® 0.83 (FSIPCA-FS)
£ GBM @ 0815 (PCA-FS) E RF @ 0.83 (FS)
£ TreeBag - - - - @ 0.81(PCA-FS) £ PLSDA - - - - @ 083 (PCA-FS)
5 svm Radial @ 0.805 (PCA-FS) S TreeBag @ 0.825 (FS)
g RF @ 0.80 (PCA-FS) g GBM @ 0.825 (PCAFS)
PDA - @ 0.795 (FS) PDA T @ 0.82 (PCA-FS)
LogitBoost @ 0.795(PCA-FS) LDA @ 0.82 (PCA-FS)
Knn @ 0.795(PCA-FS) @ 0.81(PCAFS)
Earth - @ 0.795(PCA-FS) 3 = ——@ 0.805 (PCA-FS)
LDA @ 0.79 (PCA-FS) @ 0.80 (PCA-FS)
PLSDA @ 0.78 (PCAFS) ® 0.785 (PCA-FS)
025 0.50 075 1.00 025 0.50 075 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Flavor Acceptance Classification Meat Probe: Flavor Acceptance Classification
XGBoost ® 0.815 (FS) XGBoost @ 0.80 (PCA-FS)
GBM ® 0.81(PCAFS) Svm Ploy @ 0.795 (PCAFS)
RF ® 0.805 (FS) @ 0.795 (PCA-FS)
TreaBag @ 0.80 (FS) @ 0.785 (PCA-FS)
GLMNET ® 0.79 (PCA-FS) @ 0.78 (PCA-FS)
LogitBoost ® 0.785 (FS) @ 0.78 (PCA-FS)
Svm Ploy —® 0.78(FS) —@ 0.78 (PCA-FS)
@ 078(F5) @ 0.755(FS/IPCA-FS)
@ 0.77 (PCAFS) @ 0755 (FS/PCA-FS)
= 3 = ® 0.77 (FS) = = = = @ 0.755(PCAFS)
® 0.76 (FS) @ 0.75 (PCA-FS)
PDA @ 0.755 (FS) Svm Linear @ 0.745 (PCAFS)
Earth @ 075(PCAFS) Rpart ® 0.745 (PCA-FS)
LDA - - @ 0.74 (FSIPCA-FS) TreaBag - ® 073 (FS)
Svm Lineat @ 0735 (PCA-FS) LogitBoost @ 0725 (FS)
025 050 075 1.00 025 050 a7s 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Off Flavors Presence Classification Meat Probe: Off Flavors Presence Classification
Svm Ploy —@ 0.78 (PCA-FS) Svm Ploy - —® 0.775(PCA-FS)
PLSDA @ 0.74 (PCA-FS) PDA @ 0.76(PCAFS)
Svm Linear @ 073 (PCAFS) @ 0.76 (PCA-FS)
POA @ 0.73 (PCAFS) ® 0.755 (PCA-FS)
LDA @ 0.73 (PCAFS) @ 075 (PCA-FS)
g XGBoost @ 072 (PCA-FS) E @ 075 (PCA-FS)
£ GLMNET @ 0.72 (PCA-FS) £ Svm @ 0745 (PCA-FS)
S svm Radal @ 0.715 (PCAFS) s GBM @ 0.725 (FS)
= GBM ® 0.685 (PCAFS) - ® 0.72 (FS)
= o ® 068(PCAFS) = ® 0.70 (FS)
TreeBag - —@ 0655 (PCA-FS) @ 0.68 (FS)
Earth @ 0.655 (FS) ® 0.675(FS)
LogitBoost @ 065 (PCAFS) @ 0.66 (PCAFS)
Knn @ 0.59 (PCA-FS) —@ 0.655 (PCAFS)
Rpart @ 050 (PCA-FS) @ 0645 (FS)
025 0.50 0.75 1.00 0.25 050 075 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)
I-Knife: Overall Acceptance Classification Meat Probe: Overall Acceptance Classification
XGBoost @ 084 (FS/PCAFS) PLSDA @ 0.85(FS)
Svm Ploy @ 0.84 (PCA-FS) XGBoost ® 0.835 (PCA-FS)
GBM @ 0.825 (FS) GBM @ 0.835 (PCAFS)
TreeBag @ 081 (FS) Svm Ploy @ 0.825 (FS)
RF @ 0.805 (FS) Svm Linear @ 0.815 (FS)
g Svm Radal @ 0.80 (FS) g GLMNET @ 0815 (FS)
£ ® 0.80 (FS) £ TreeBag @ 0.81(FS)
z Knn ® 0.795 (FS/PCA-FS) s PDA @ 0.805 (PCAFS)
D pusoa @ 0.79(FS) 2 LDA @ 0.805(PCA-FS)
- PDA ® 0.785 (FS) < RF ® 0,795 (FS)
GLMNET @ 0.785 (FS) Svm Radial @ 0.785 (FSIPCA-FS)
LDA @ 0.78 (PCA-FS) J @ 0.785 (PCA-FS)
Sv @ 0.77 (PCAFS) Earih = —® 0.785 (FS)
@ 0.755 (FS) LogitBoast ® 0.77 (FS)
® 0.75 (FS) Rpart @ 0.765 (FS)
0.25 0.50 0.75 1.00 0.25 0.50 075 1.00
Accuracy Rate (Dimension Reduction Approach) Accuracy Rate (Dimension Reduction Approach)

Figure 4.2B Prediction accuracies in each electrode (based on leave-one-out cross validation) for
the top performing machine learning algorithm and data reduction approach combinations for
flavor intensity acceptance, flavor acceptance, off flavors presence, and overall acceptance
classification. PCA-FS: principal component analysis followed by feature selection; FS: feature

selection; PCs: principal components.
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APPENDIX A — The performance of each machine learning algorithm and data reduction
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Appendix A 1. I-Knife REIMS age classification by using fat tissue, lean tissue, and patty
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Appendix A 2. I-Knife REIMS diet classification by using fat tissue, lean tissue, and patty

IK Fat FS Data: Diet Classification IK Fat PCA-FS Data: Diet Classification
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Appendix A 3. I-Knife REIMS gender classification by using fat tissue, lean tissue, and patty

IK Fat FS Data: Gender Classification IK Fat PCA-FS Data: Gender Classification
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Appendix A 4. [-Knife REIMS flavor intensity level classification by using fat tissue, lean tissue,

and patty
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Appendix A 5. I-Knife REIMS flavor intensity acceptance classification by using fat tissue, lean

tissue, and patty
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Appendix A 6. I-Knife REIMS flavor acceptance classification by using fat tissue, lean tissue, and

patty

IK Fat FS Data: Flavor Acceptance Classification IK Fat PCA-FS Data: Flavor Acceptance Classification
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Appendix A 7. I-Knife REIMS off flavors presence classification by using fat tissue, lean tissue,

and patty
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Appendix A 8. I-Knife REIMS overall acceptance classification by using fat tissue, lean tissue,

and patty
IK Fat FS Data: Overall Acceptance Classification IK Fat PCA-FS Data: Overall Acceptance Classification
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APPENDIX B — The performance of each machine learning algorithm and data reduction
combination using I-Knife and Meat Probe REIMS data
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Appendix B 1. Age classification by patty using I-Knife and Meat Probe REIMS data
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Appendix B 2. Diet classification by patty using [-Knife and Meat Probe REIMS data
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Appendix B 3. Gender classification by patty using I-Knife and Meat Probe REIMS data

FS Data: Gender Classification PCA-FS Data: Gender Classification
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Appendix B 4. Flavor intensity level classification by patty using [-Knife and Meat Probe REIMS
data
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Appendix B 5. Flavor intensity acceptance classification by patty using I-Knife and Meat Probe
REIMS data
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Appendix B 6. Flavor acceptance classification by patty using I-Knife and Meat Probe REIMS
data
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Appendix B 7. Off flavors presence classification by patty using I-Knife and Meat Probe REIMS
data
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Appendix B 8. Overall acceptance classification by patty using I-Knife and Meat Probe REIMS
data
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