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Abstract The presence of non-halal meats in declared halal meat products is truly prohibited
to be consumed, especially for Muslim consumers. The objective of this study was to
identify dog meat (DM) adulteration in beef sausage (BS) using an untargeted metabolomics
technique based on liquid chromatography-high resolution mass spectrometry (LC-HRMS)
Orbitrap incorporated with chemometrics tools. Chemometrics of principal component
analysis (PCA), partial least square-discriminant analysis (PLS-DA), PLS, and orthogonal
PLS was used to manage the metabolomics data. PCA could differentiate the authentic BS
and that adulterated with DM. In addition, PLS-DA successfully classified BS and BS
adulterated with DM according to their classes with r’X=0.815, r’Y=0.950, and Q*=0.582,
repectively. Metabolites of frans-10-heptadecenoic acid, N-stearoyltyrosine, L-gamma-
glutamyl-L-leucine, 1-(beta-D-ribofuranosyl) thymine, adenosine, (3beta,24R,24’R)-fucosterol
epoxide, acetyl-L-carnitine, isoleucine, diisobutyl adipate, L-tyrosine, carnosine, and DL-
glutamine were found as discriminating metabolites with variable importance for projection
value of >2.0 for discriminating BS from DM adulteration. In addition, orthogonal PLS
using variables of discriminating metabolites was successfully used to predict DM levels in
BS with 12 of 0.9995, root mean square error of estimation of 0.88%, and root mean square
error of prediction of 1.63%. It can be concluded that the untargeted metabolomics
approach using LC-HRMS assisted with chemometrics is potential tools to be used for the
authentication of BS from DM adulteration. In the future, research on larger samples and
method standardization is highly urgent to ensuring the reproducibility of this method.

Keywords beef sausage, chemometrics, dog meat, halal authentication, liquid chromatography-
high resolution mass spectrometry (LC-HRMS) metabolomics
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Analysis of Dog Meat in Beef Sausages using LC-HRMS Metabolomics

Introduction

The growth of halal market on food products increased every year due to the increase of consumer awareness on halal
foods (Haleem et al., 2020; Kurniawati and Cakravastia, 2023). Halal foods are in high demand not only in Muslim countries
but also in non-Muslim countries since they are associated with the religion, beliefs, as well as healtful and safe foods
(Kohilavani et al., 2021; Kurniawati et al., 2024). However, some misconduct practices were found on halal foods, for
instance, the addition or substitution halal foods with non-halal components by unethical players. The main reason in
adulterating halal foods with non-halal ones is economics reasons to gain more profits (Owolabi and Olayinka, 2021). Among
the food products, meat-based products become the most susceptible to be adulterated with non-halal components, because
adulterating meats with non-halal meats is quite easy and is difficult to be recognized, especially in meat products (Li et al.,
2020; Siswara et al., 2022). The detection of non-halal meat in declared halal-meat products is truly challenging due to the
process applied in cooking treatment that led to the difficulties in detecting adulteration visually, especially using conventional
methods (Mortas et al., 2022). Therefore, the advanced analytical methods for detecting non-halal meat adulteration in
processed meat products is urgently required.

Currently, a number of analytical techniques are available for the analysis of non-halal meats in products that have been
declared to be halal, including spectroscopy, gas chromatography, liquid chromatography, real-time polymerase chain
reaction (RT-PCR), enzyme linked immunosorbent assay (ELISA), and mass spectrometry-based method incorporated to gas
chromatography or liquid chromatography (Li et al., 2022; Mortas et al., 2022; Perestam et al., 2017; Pranata et al., 2021;
Uddin et al., 2021). The DNA-based methods using RT-PCR and protein-based methods using ELISA become the most
common methods used in some laboratories for identifying meat species (Hossain et al., 2022). However, in some cases,
these methods are not suitable for highly processed food products due to the degradation of DNA and protein (Wang et al.,
2021). The complex and rigorous sample preparation also becomes a concern during the employment of RT-PCR and ELISA
methods. In addition, a specific probe and a specific monoclonal antibody which are truly costly, are required to obtain high
selectivity methods for RT-PCR and ELISA, respectively (Chen et al., 2020; Hossain et al., 2023). Therefore, effort on the
exploration and development of other analytical approaches are important to obtain effective, efficient, and powerful
techniques for analysis non-halal meats in highly processed meat products.

Recently, metabolomics emerges as a powerful approach for the comprehensive analysis of metabolites contained in
samples (Harrieder et al., 2022). It has been used by many researchers to identify metabolites in various research fields such
as food analysis, clinical diseases, drug discoveries, plant analysis, etc. (Liang et al., 2024; Xu et al., 2024). Metabolomics
allows for identification of metabolite changes in food products due to some factors such as processing, cooking treatment,
storage, and adulteration (Shi et al., 2024; Utpott et al., 2022). Some analytical techniques which are eligible for metabolomics
included gas chromatography-mass spectrometry, liquid chromatography-tandem mass spectrometry (LC-MS/MS), liquid
chromatography-high resolution mass spectrometry (LC-HRMS), and nuclear magnetic resonance spectrometry (Jia et al.,
2021; Lau et al., 2020; Nguyen Thi et al., 2021; Pranata et al., 2021). Among the metabolomics techniques, LC-HRMS offers
a high sensitivity and a high resolution for the comprehensive identification of metabolites from certain samples. A higher
number of metabolites could be obtained from LC-HRMS compared to other analytical techniques. Due to its sensitivity and
resolution, LC-HRMS can profile a broad spectrum of metabolites, including polar and non-polar compounds, which is
essential for comprehensive metabolomics studies. In addition, the separation of metabolites through the LC system allows to

reduce the overlapping analytes which can be better detected on HRMS. Therefore, other method might not be able to identify as
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comprehensive as possible of metabolites compared to LC-HRMS (Muguruma et al., 2022). LC-HRMS has been applied for
analysis of many types of samples with satisfying results such as in plant extracts, meats, blood plasma, urine, and cell lines
(Dinis et al., 2023; Indrianingsih et al., 2024; Jain et al., 2019). Combined with powerful statistical tools of chemometrics, the
broad metabolomics data could be managed resulting more interpretable and understandable data. The use of chemometrics
for metabolomics data is inevitable due to the complex metabolites data obtained from untargeted metabolomics analysis
(Qin et al., 2024). For instance, LC-HRMS untargeted metabolomics and chemometrics such as principal component analysis
(PCA) and partial least square-discriminant analysis (PLS-DA) were successfully employed to detect pork in tuna fish meat
(Suratno et al., 2023). Moreover, the changes on metabolites of low temperature sausages left at room temperature for
several days could be identified using LC-HRMS in conjuction with PCA and PLS-DA (Han et al., 2022).

To the best of our knowledge, there is no report on metabolomics analysis using LC-HRMS assisted with chemometrics
techniques for analysis of dog meat (DM) adulteration in beef sausages (BSs). In addition, there is lacking on information on
the discriminating metabolites potential for biomarker candidates to distinguish BS and BS containing DM. This is the first
study on the metabolomics using LC-HRMS and chemometrics for the authentication of BSs from DM adulteration. The
global metabolomics profiling of sausages made from beef, DM, and mixtures of beef-DM has not been studied before.
Therefore, the objective of this study was to develop the metabolomics approach using untargeted LC-HRMS to investigate
metabolite profiles of sausages made from beef, DM, and mixture of beef-DM. The second objective was to apply
chemometrics techniques including PCA, PLS-DA, PLS, and orthogonal PLS (OPLS) to differentiate and classify pure and
adulterated BS samples for identification DM adulteration in BS. Moreover, the discriminating metabolites responsible for

distinguishing BS and BS containing DM were identified through variable importance for projections (VIPs) value analysis.

Materials and Methods

Materials
The LC-MS grade solvents of methanol and water, the Pierce Velos ESI positive calibration, and the Pierce Velos ESI
negative calibration were supplied from Thermo Fisher Scientific (Rockford, IL, USA). The HPLC grade methanol and

analytical grade of formic acid were purchased from E. Merck (Darmstadt, Germany).

Sample collection

The loin portion of the beef meat was collected from five separate marketplaces in Yogyakarta and Central Java, Indonesia.
The loin part of the DM was provided from three meat suppliers in Yogyakarta, Indonesia. The age of both beef and dog was
around 2 years old with weight of 300-350 kg and 10-15 kg for beef and dog, respectively. All meats were immediately

stored at —20°C until used for sample preparation and analysis.

Preparation of sausage samples

For both beef and DM, samples were cut into small pieces and then homogenized using a different meat grinder for beef
and DM. The procedure for sausage preparation was based on Pebriana et al. (2017) with slight modification. The sausages
were made using meats and the ingredients with the proportion of 90% meat and 10% ingredients consisting of onion (2%),
salt (2%), tapioca flour (5%), and white pepper (1%). First, the minced meat was blended with all ingredients and homogenized

using a blender. The mixtures were then put into a manual sausage maker. The adulterated BS with DM was prepared by
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mixing beef-DM in binary mixtures consisting of DM level of 0.1%, 1%, 5%, 10%, 25%, 50%, and 75% (w/w). The
percentage of adulteration was based on meat weight. A wide range of DM was used to know the effect of DM adulteration

on the metabolite’s composition of BS. All sausages were cooked by steaming at around 100°C for 30 min.

Metabolite extraction of sausages for metabolomics analysis

Five grams of samples were weighed and put into a 50 mL centrifuge tube. Extraction of metabolites was conducted using
solvent of methanol (25 mL), and then vortexed for 30 s. Because methanol can extract a wide spectrum of metabolites from
polar to semipolar molecules, it was selected as the extraction solvent (Zeki et al., 2020). To complete the extraction process,
the mixture was then sonicated at 25°C for 30 min. Then, 1 mL of supernatant was taken and transferred into a 2 mL
centrifuge tube. After being filtered using a 0.22 um PTFE filter, the supernatant was transferred into a 2 mL HPLC vial. LC-
HRMS analysis was then performed on the samples (Windarsih et al., 2022).

Metabolomics analysis using liquid chromatography-high resolution mass spectrometry

Metabolomics analysis was performed using an untargeted metabolomics approach. The analysis of metabolites was
according to Windarsih et al. (2022). An ultra-high performance liquid chromatography (UHPLC, Vanquish, Thermo Fisher
Scientific) was used to separate the metabolites. A-10 pL sample was injected and eluted through an analytical column of
Accucore C-18 (100 mmx2.1 mmx2.1 um) which maintained at 40°C during the analysis. Mobile phase of water (A) and
methanol (B) were used for a gradient elution technique and both added with 0.1% formic acid. The elution started at 0—5 min
using 5%B, then linearly increased to 90% B until 16 min. After that, the condition of 90% B was maintained at 16—30 min.
Finally, the condition was turned back to 5% B at 30—35 min. The elution flow was performed at 0.30 mL/min.

On the one hand, the metabolites were detected using a HRMS (Q-Exactive Orbitrap, Thermo Fisher Scientific). The
ionization of metabolites used a heated-electrospray ionization. During the ionization, the sheath gas flow rate was 32
arbitrary unit (AU) accompanied by sweep gas flow rate of 4 AU and auxiliary gas flow rate of 8 AU. During the detection of
metabolites, the temperature of gas heater was set at 30°C, whereas the temperature of capillary was maintained at 320°C.
The scanning of compounds was performed at 66.7-1,000 m/z with scanning resolution of 17,000 (MS1) and 17,500 (MS2).

Mass spectrometer calibration was performed using Pierce ESI Velos positive and Pierce ESI negative.

Data analysis

The XCalibur software (Thermo Fisher Scientific) was used to process the raw total ion chromatogram (TIC) acquired
from LC-HRMS measurement. Then, the TIC was copied and processed for the extraction of metabolites information using a
Compound Discoverer software. The steps in Compound Discoverer including spectrum selector, background subtraction,
baseline correction, retention time alignment, peak detection, and compound annotations. The identification of compounds
used two online databases of MzCloud and ChemSpider. The table of compounds consisted of name of compounds,
molecular formula, retention time, calculated molecular weight, and peak area was exported into a Microsoft Excel. The

compounds were filtered by: mass error between —5 ppm and 5 ppm and MS2 for the preferred ion.

Chemometrics analysis

The metabolites data obtained from Compound Discoverer analysis was exported into Microsoft excel. The table consisting of
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metabolites name and the area was used for chemometrics analysis. The software of SIMCA 14.1 (Umetrics, Umeé, Sweden)
and Metaboanalyst, an online platform, were used for chemometrics analysis. Pattern identification and samples classification
were accomplished using PCA and PLS-DA, respectively. Meanwhile, PLS and OPLS were used as quantitative chemometrics
for predicting DM in BS. Prior to analysis, the data were scaled using auto scaling technique. PCA was evaluated using the 12
and Q? value. Meanwhile, PLS-DA was created to discriminate and classify sausage samples and evaluated using r’X, r?Y,
and Q? value. The value of VIP from PLS-DA was examined to determine the discriminating metabolites that distinguish
between pure and adulterated samples. Metabolites with VIP value>1.50 and p-value<(0.5 from ANOVA analysis were
considered to have high responsibility as discriminating metabolites. The validation test was performed to validate PLS-DA
model using two techniques, permutation test and receiver operating characteristic (ROC) test. On the other hand, the PLS
and OPLS were evaluated for their performance using 12, root mean square error of estimation (RMSEE), of prediction

(RMSEP), and of cross validation (RMSECV).

Results and Discussion

Metabolomics analysis using liquid chromatography-high resolution mass spectrometry

Various metabolites from BS, DS, and BS containing different levels of DM could be identified using LC-HRMS with
untargeted metabolomics approach. LC-HRMS is known for its high sensitivity in metabolomics analysis due to its high
resolution among LC-MS/MS. It has been used to screen the global metabolite profiles of any types of samples including
food products, plants, bloods, and plasma (Liesenfeld et al., 2022; Nguyen Thi et al., 2021; Zeki et al., 2020). In this study,
the metabolites were putatively annotated against the metabolite database of MzCloud and ChemSpider. Amount of 287

metabolites were selected for further chemometrics analysis. Fig. 1. shows the TIC of sausage made from pure BS), pure DM,
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Fig. 1. Total ion chromatogram of beef sausage, dog meat sausage, and beef sausage containing 50% dog meat obtained from liquid
chromatography-high resolution mass spectrometry untargeted metabolomics.
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and adulterated BS with 50% DM recorded from min 0 to min 35. The TIC from the LC-HRMS untargeted metabolomics
shows the fingerprint pattern of each sample due to the difference of metabolites compositions among samples.

The identified metabolites came from various classes including amino acids, organic acids, fatty acids, glucose, lipids,
nucleic acids, peptides, and other classes. Some non-meat metabolites were found because the sausages were made using
several ingredients instead of meat to mimic the commercial sausages available in the market. However, the metabolites of
meats were still dominant due to the larger proportion of meats (90%) than the other ingredients (10%). The adulteration of
meat will obviously affect the metabolites composition because there are differences of metabolites on each type of meat.

Therefore, by identifying the metabolites, can be used to reveal the adulteration practices of BS with DM.

Chemometrics of pattern recognition analysis

The metabolites data were subjected to chemometrics analysis to identify DM adulteration in BS. PCA using the first
principal component (PC1) and second principal component (PC2) could differentiate BS made from pure beef, pure DM,
and mixing of beef-DM. The PC1 and PC2 accounted for 41.1% and 10.7%, respectively, representing 51.8% of the original
variables. The good of fitness of PCA model was shown by the 12 value (0.758), whereas the good predictivity was
demonstrated from the Q? value (0.481). PCA is one of the unsupervised pattern recognitions which is widely used for
grouping samples naturally. From the PCA score plot (Fig. 2A), the score plot of pure BS clearly appeared at a different
cluster from pure DS. It indicated the difference of metabolite compositions between BS and DS. In addition, the score plot of
adulterated BS with DM at various levels, appeared between pure BS and pure DS. The more DM added in BS, the closer the
score plot of BS adulterated DM to the score plot of pure DS indicating the changes of metabolites composition due to DM
adulteration. Additionally, the tight cluster of QC samples seen in the PCA score plot provided evidence of the stability and
intra-reproducibility of the LC-HRMS method.

A further PLS-DA analysis was performed to classify sausage samples using the same metabolites as variables used in
PCA. Using 12 latent variables (LVs), PLS-DA successfully classified sausage samples according to their compositions with
r’X=0.815, 12Y=0.950, and Q?=0.582. Fig. 2B illustrates the PLS-DA score plot using component 1 and component 2 from
LVs. The BS made from mixture of beef-DM could be classified into different classes according to the levels of DM added
indicating the good accuracy and good prediction capacity of the PLS-DA model. PLS-DA is a supervised pattern
recognition, which is often used to evaluate the PCA result. PLS-DA allows for a better discrimination result because it can
maximize in searching the correlation between independent variables (x-matrix) and dependent variables (y-matrix) through
the LVs. One of the advantages of PLS-DA is the ability to identify metabolites responsible for discriminating samples
through the VIP analysis. Metabolites with VIP value higher than 1.0 are considered to have important roles in discriminating
among sample classes. The larger the VIP value of the metabolites, the higher the role of metabolites in discriminating
samples (Jiménez-Carvelo et al., 2021). Table 1 shows the discriminating metabolites with VIP larger than 1.5 and p-
value<0.5. According to Table 1, various metabolites classes were found as discriminating metabolites such as amino acid,
organic acid, fatty acid, and lipids.

There were eleven metabolites found with high role as discriminating metabolites (VIP value>2.0), consisted of trans-10-
heptadecenoic acid, N-stearoyl tyrosine, L-gamma-glutamyl-L-leucine, 1-(beta-D-ribofuranosyl) thymine, adenosine,
(3beta,24R,24’R)-fucosterol epoxide, acetyl-L-carnitine, isoleucine, diisobutyl adipate, L-tyrosine, carnosine, and DL-
glutamine. Trans-10-heptadecenoid acid was found with the largest VIP value (2.33) and it was found to be high in sausages

containing 100% DM. It is a long chain monounsaturated fatty acid (C17:1). It is reported to be a minor constituent in
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Fig. 2. The score plot of principal component analysis (A) and partial least square-discriminant analysis (B) to distinguish beef sausage,
dog meat sausage, and beef sausage containing dog meat at various levels. BS, sausage 100% beef; DS, sausage 100% dog meat; 0.1DS,
sausage 0.1% dog meat; 1DS, sausage 1% dog meat; 5DS, sausage 5% dog meat; 10DS, sausage 10% DS; 25DS, sausage dog meat; 50DS,
sausage 50% dog meat; 75DS, sausage 75% dog meat; QC, quality control samples.

ruminant fats. Previous research reported that the intramuscular fat of ovine, caprine, and bovine contained a minor of trans-
10-heptadecenoid acid (Alves et al., 2006). Our study revealed that trans-10-heptadecenoid acid was very high in DS, therefore it
is potential to be further explored as a potential biomarker candidate of DM in the future such as using the targeted
metabolomics approach. Then, the second largest VIP of discriminating metabolites was N-stearoyl tyrosine. It belongs to the
class of N-acylamides which is also known as an amino acid conjugate. It is an organic compound, known as tyrosine and
derivatives which containing tyrosine and derivatives resulting from the reaction of tyrosine at the carboxyl group or amino
group (Li et al., 2016). Moreover, the third largest VIP of discriminating metabolites was L-gamma-glutamyl-L-leucine. It is
a dipeptide consisted of gamma-glutamate and leucine and obtained from a proteolytic breakdown of larger proteins. It is also

known as a bioactive peptide involved in several biological activities such as glucose regulation, inflammation, and oxidative
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Table 1. The discriminating metabolites to distinguish beef sausage, dog meat sausage, and beef sausage containing dog meat

No Compounds VIP value Molecular Calculated  Retention time Ionization
formula m/z (min)
1 Trans-10-Heptadecenoic acid 2.33 Ci17H3202 268.23959 19.764 -
2 N-Stearoyltyrosine 2.21 C27HasNO4 447.33303 16.539 +
3 L-Gamma-glutamyl-L-leucine 2.20 Ci1H20N20s 260.13645 2.534 +
4 1-(beta-D-ribofuranosyl)thymine 2.20 CioH14N206 258.08439 1.015 +
5 Adenosine 2.18 C10oH13N504 267.09584 1.203 +
6 (3beta,24R,24'R)-fucosterol epoxide 2.09 C29Ha302 428.36374 25.245 +
7 Acetyl-L-carnitine 2.08 CoH17NO4 203.11477 0.738 +
8 Isoleucine 2.07 CeHi13NO2 131.09423 1.193 +
9 Diisobutyl adipate 2.06 Ci14H2604 258.18235 16.372 +
10 L-Tyrosine 2.05 CoH11NOs 181.07334 1.048 +
11 Carnosine 2.02 CoH14N4O3 226.10560 0.681 +
12 DL-Glutamine 2.01 CsHioN203 146.06872 0.808 +
13 1,3-Dihydroxy-2-propanyl (11Z,14Z)-11,14-icosadienoate 1.99 C23H4204 382.30643 32.041 +
14 5-Formamidoimidazole-4-carboxamide ribotide 1.95 CioHi15sN4OoP 366.05662 1.326 -
15 Stearic acid 1.95 CisH3602 284.27081 22.085 -
16 a-Linolenoyl Ethanolamide 1.87 C20H35NO2 321.26532 19.48 +
17 N-Isobutyl-(2E.,4E,14Z)-eicosatrienamide 1.80 C24H4sNO 361.33273 21.231 +
18 1,6,7-Trimethylnaphthalene 1.78 CizHis 170.10929 12.224 +
19 (4S)-4-[(92,122,15Z)-9,12,15-Octadecatrienoyloxy]- 1.75 C25H43NO4 421.31758 16 +
4-(trimethylammonio)butanoate
20 p-Cresylsulfate 1.73 C7HgO4S 188.01341 6.247 -
21 Hexanoylcarnitine 1.73 Ci3H25NO4 259.17761 6.431 +
22 1-Linoleoyl-2-Hydroxy-sn-glycero-3-PC 1.73 Ca6Hs50NO7P 519.33044 18.173 +
23 DL-Arginine 1.72 CeH1aN4O2 174.11104 0.717 +
24 6-Hydroxypseudooxynicotine 1.71 Ci0H14N202 194.10613 13.965 -
25 Myristyl sulfate 1.68 Ci14H3004S 294.18597 21.638 -
26 N,N-dimethyl-N-[(2,3,4,5-tetraphenylcyclopenta-2,4- 1.67 CsHN 425.21600 14.527 +
dienyliden)methyl]amine
27 Creatinine 1.66 C4H7N30 113.05878 0.744 +
28 4-Indolecarbaldehyde 1.65 CoH/NO 145.05256 7.674 +
29 D-(+)-Proline 1.63 CsHoNO: 115.06316 0.791 +
30 3,6-Anhydro-1-O-palmitoylhexitol 1.63 C22H4206 402.29712 19.627 -
31 Hypoxanthine 1.60 CsHaN4O 136.03810 0.939 +
32 DL-Lysine 1.56 CsH14N202 146.10508 0.631 +
33 Methionylleucine 1.55 C11H22N2038 262.13424 5.247 +
34 Arachidonic acid 1.52 C20H3202 304.23911 19.474 -
35 Benzyl isobutyl ketone 1.51 Ci2Hi160 176.11973 10.132 +

VIP>1.5, p-value<0.5.
VIP, variable importance for projection.
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stress (Wu et al., 2022). In addition, using the heat map (Fig. 3), the distribution of discriminating metabolites (VIP>1.5 and
p-value<0.5) could be observed. It was found that metabolites of L-tyrosine, isoleucine, diisobutyl adipate, DL-lysine, stearic
acid, arachidonic acid, N-stearoyltyrosine, methionilleucine, DL-arginine, DL-glutamine, adenosine, L-gamma-glutamyl-L-
proline, D-(+)-proline, Trans-10-Heptadecenoic acid, 1-(beta-D-ribofuranosyl)thymine, 5-Formamidoimidazole-4-carboxamide
ribotide, 6-Hydroxypseudooxynicotine, myristyl sulfate, and N,N-dimethyl-N-[(2,3,4,5-tetraphenylcyclopenta-2,4-dienyliden)
methyl]amine were found in high area in the sausage samples containing high percentage of DM (50%, 75%, and 100%) and
very low in sausages made from 100% beef. In addition, the correlation heat map between each discriminating metabolites is

shown in Fig. 4.
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Fig. 3. The heatmap of potential metabolite markers to discriminate dog meat adulteration in beef sausage obtained from VIP analysis.
VIP>1.50, p-value<0.5. BS, sausage 100% beef; 0.1DS, sausage 0.1% dog meat; 1DS, sausage 1% dog meat; 5DS, sausage 5% dog meat;
10DS, sausage 10% DS; 25DS, sausage dog meat; 50DS, sausage 50% dog meat; 75DS, sausage 75% dog meat; DS, sausage 100% dog
meat; VIP, variable importance for projection.
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Fig. 4. The correlation heatmap of the discriminating metabolites. VIP>1.5, p-value<0.5. VIP, variable importance for projection.

To evaluate the performance of PLS-DA in classifying samples, the confusion matrix was measured. The result of
confusion matrix analysis (Table 2) shows that the PLS-DA model was able to classify each sample class into their
corresponding classes. There was no misclassification observed indicating the good accuracy of PLS-DA in discriminating
and classifying samples. In addition, to further validate the performance of PLS-DA, validation test using permutation test
and ROCs was conducted on the PLS-DA model. Validation is required for supervised pattern recognition such as PLS-DA
to avoid overfitting model which can lead to bias results (Martin-Gomez et al., 2023). Using 15 components, permutation test
employing 999 permutations confirmed the validity of PLS-DA model with intersection of Q* (0.0, —0.579). In addition, ROC

test demonstrated the perfect AUC value (AUC=1) for each sample class indicating the correct classification of each sample
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Table 2. Confusion matrix analysis of partial least square-discriminant analysis to differentiate beef sausage, dog meat sausage, and
beef sausage adulterated with dog meat

Class Sample Members Correct (%) 1 2 3 4 5 6 7 8 9 10 No class
(YPred<0)
1 BS 3 100 3 0 0 0 0 0 0 0 0 0 0
2 0.1DS 3 100 0 3 0 0 0 0 0 0 0 0 0
3 1DS 3 100 0 0 3 0 0 0 0 0 0 0 0
4 5DS 3 100 0 0 0 3 0 0 0 0 0 0 0
5 10DS 3 100 0 0 0 0 3 0 0 0 0 0 0
6 25DS 3 100 0 0 0 0 0 3 0 0 0 0 0
7 50DS 3 100 0 0 0 0 0 0 3 0 0 0 0
8 75DS 3 100 0 0 0 0 0 0 0 3 0 0 0
9 100DS 3 100 0 0 0 0 0 0 0 0 3 0 0
10 QC 6 100 0 0 0 0 0 0 0 0 0 6 0
Total 33 100 3 3 3 3 3 3 3 3 3 6 0

0.1DS, beef sausages adulterated with 0.1% DS; 5DS, beef sausages adulterated with 1% DS; 1DS, beef sausages adulterated with 5% DS; 10DS,
beef sausages adulterated with 10% DS; 25DS, beef sausages adulterated with 25% DS; 50DS, beef sausages adulterated with 50% DS; 75DS, beef
sausages adulterated with 75% DS; 100DS, sausages with 100% dog meat.

BS, beef sausages; DS, dog meat sausage; QC, quality control samples.

class and no misclassification between classes occurred.

Chemometrics of multivariate calibration

Multivariate calibration chemometrics was also applied using variables of discriminating metabolites (VIP>1.0, p-
value<0.5). In this study, PLS and OPLS regression using the metabolite area was created to build a prediction model for
detecting and predicting DM levels in BS. The results showed that either PLS or OPLS regression were capable of predicting
DM levels with good accuracy (r*=0.9995) for both models. The good precision was shown by the RMSEE, RMSEP, and
RMSECV which accounted for 0.88%, 1.63%, and 3.32% for PLS as well as 0.88%, 1.63%, and 2.79% for OPLS,
respectively. The OPLS regression had slightly lower RMSECYV than in PLS. Fig. 5 presents the plot of actual DM versus
calculated DM predicted from the OPLS regression model. It showed that the actual value of DM had a high correlation with
the calculated value predicted from OPLS regression. PLS and OPLS has been widely used to predict target of analytes using
multivariate data. Using the LVs, PLS and OPLS maximize the searching of correlation between independent variables and
dependent variables, thereby resulting an accurate prediction model. In addition, the orthogonal algorithm in OPLS allows for
removing the variables which are not correlated to the dependent variables (Eriksson et al., 2012). Therefore, in some cases,
OPLS could provide better results than PLS. In metabolomics study, PLS and OPLS are very useful to predict target of
analytes to reveal adulteration practices. In this study, PLS and OPLS established the role of discriminating metabolites
obtained from VIP analysis as the important metabolites to predict DM adulteration levels in BS.

According to the above results, study on using LC-HRMS is beneficial for further research to conduct in-depth research
based on the currently-suggested metabolites, especially the discriminating metabolites obtained from LC-HRMS, because
the first step in metabolomics study to discriminate samples which the markers have not been previously defined is to

perform untargeted metabolomics for obtaining a global/holistic overview of metabolites. Then, after the discriminating
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Fig. 5. Plot of actual concentration versus calculated concentration from orthogonal partial least square regression to predict dog meat
levels in beef sausage using the discriminating metabolites. RMSEE, root mean square error of estimation; RMSEP, root mean square
error of prediction; RMSECV, root mean square error of cross validation; 100BS, sausage 100% beef; 0.1DS, sausage 0.1% dog meat; 1DS,
sausage 1% dog meat; 5DS, sausage 5% dog meat; 10DS, sausage 10% DS; 25DS, sausage dog meat; 50DS, sausage 50% dog meat; 75DS,
sausage 75% dog meat; 100DS, sausage 100% dog meat.

metabolites is obtained from the VIP analysis, the targeted analysis focusing in-depth analysis of the discriminating
metabolites is highly recommended to be performed. Therefore, after the targeted analysis was validated, it can be used to

detect DM adulteration in BSs using the LC-MS/MS instruments.

Conclusion

Various metabolites in sausages made from beef, DM, and mixture of beef-DM at several levels could be identified using a
non-targeted LC-HRMS metabolomics. PCA and PLS-DA were successfully applied to distinguish BS, DS, and BS
adulterated DM. Metabolites of trans-10-heptadecenoic acid, N-stearoyltyrosine, L-gamma-glutamyl-L-leucine, 1-(beta-D-
ribofuranosyl) thymine, adenosine, (3beta,24R,24’R)-fucosterol epoxide, acetyl-L-carnitine, isoleucine, diisobutyl adipate, L-
tyrosine, carnosine, and DL-glutamine were found to have important role as discriminating metabolites with VIP value>2.0.
The PLS analysis emphasized the role of discriminating metabolites as potential biomarkers to distinguish DM in BS. It can
be concluded that the untargeted metabolomics using LC-HRMS incorporated with chemometrics is promising to be used for
authentication of meat products. In the future, research on larger samples and targeted analysis is required to ensure the

reproducibility of the method.

Conflicts of Interest

The authors declare no potential conflicts of interest.

1187



Food Science of Animal Resources Vol. 45, No. 4, 2025

Acknowledgements

The authors acknowledged Laboratorium Kawasan Yogyakarta BRIN for facilitating liquid chromatography-high resolution
mass spectrometry (LC-HRMS) Orbitrap instrument.

Author Contributions

Conceptualization: Windarsih A, Bakar NKA, Rohman A. Data curation: Windarsih A. Formal analysis: Windarsih A.
Methodology: Windarsih A, Bakar NKA, Rohman A. Software: Windarsih A, Rohman A. Validation: Musfiroh I, Dachriyanus.
Investigation: Windarsih A, Bakar NKA, Rohman A. Writing - original draft: Windarsih A. Writing - review & editing:
Windarsih A, Bakar NKA, Rohman A, Musfiroh I, Dachriyanus.

Ethics Approval

This article does not require IRB/IACUC approval because there are no human and animal participants.

References

Alves SP, Marcelino C, Portugal PV, Bessa RIB. 2006. Short communication: The nature of heptadecenoic acid in ruminant
fats. J Dairy Sci 89:170-173.

Chen X, Ran D, Zeng L, Xin M. 2020. Immunoassay of cooked wild rat meat by ELISA with a highly specific antibody
targeting rat heat-resistant proteins. Food Agric Immunol 31:533-544.

Dinis K, Tsamba L, Jamin E, Camel V. 2023. Untargeted metabolomics-based approach using UHPLC-HRMS to authenticate
carrots (Daucus carota L.) based on geographical origin and production mode. Food Chem 423:136273.

Eriksson L, Rosén J, Johansson E, Trygg J. 2012. Orthogonal PLS (OPLS) modeling for improved analysis and interpretation
in drug design. Mol Inform 31:414-419.

Haleem A, Khan MI, Khan S, Jami AR. 2020. Research status in halal: A review and bibliometric analysis. Mod Supply
Chain Res Appl 2:23-41.

Han H, Li M, Liu Y, Yu H, Cao X, Zhao H, Wang B, Yue X, Zheng Y. 2022. Non-volatile metabolite changes in low-
temperature sausage stored at room temperature. Food Packag Shelf Life 31:100805.

Harrieder EM, Kretschmer F, Bocker S, Witting M. 2022. Current state-of-the-art of separation methods used in LC-MS
based metabolomics and lipidomics. J Chromatogr B 1188:123069.

Hossain MAM, Uddin SMK, Sultana S, Wahab YA, Sagadevan S, Johan MR, Ali ME. 2022. Authentication of halal and
kosher meat and meat products: Analytical approaches, current progresses and future prospects. Crit Rev Food Sci Nutr
62:285-310.

Hossain MAM, Zainal Abidin SAS, Bujang A, Taib MN, Sagadevan S, Johan MR, Ahmad Nizar NN. 2023. TagMan multiplex
qPCR for detecting animal species in meat and meat products: Development, recent advances and future prospects. Food
Control 150:109761.

Indrianingsih AW, Styaningrum P, Suratno, Windarsih A, Suryani R, Noviana E, Itoh K. 2024. The effect of extraction

1188



Analysis of Dog Meat in Beef Sausages using LC-HRMS Metabolomics

method on biological activity and phytochemical content of Artocarpus heterophyllus (jackfruit) leaves extract concurrent
with its principal component analysis. Process Biochem 143:135-147.

Jain A, Li XH, Chen WN. 2019. An untargeted fecal and urine metabolomics analysis of the interplay between the gut
microbiome, diet and human metabolism in Indian and Chinese adults. Sci Rep 9:9191.

Jia W, Fan Z, Shi Q, Zhang R, Wang X, Shi L. 2021. LC-MS-based metabolomics reveals metabolite dynamic changes
during irradiation of goat meat. Food Res Int 150:110721.

Jiménez-Carvelo AM, Martin-Torres S, Ortega-Gavilan F, Camacho J. 2021. PLS-DA vs sparse PLS-DA in food traceability.
A case study: Authentication of avocado samples. Talanta 224:121904.

Kohilavani, Wan Abdullah WN, Yang TA, Sifat SA, Zzaman W. 2021. Development of safe halal food management system
(SHFMS). Food Control 127:108137.

Kurniawati DA, Cakravastia A. 2023. A review of halal supply chain research: Sustainability and operations research
perspective. Clean Logist Supply Chain 6:100096.

Kurniawati DA, Vanany I, Kumarananda DD, Rochman MA. 2024. Toward halal supply chain 4.0: MILP model for halal
food distribution. Procedia Comput Sci 232:1446-1458.

Lau H, Laserna AKC, Li SFY. 2020. 'H NMR-based metabolomics for the discrimination of celery (dpium graveolens L.
var. dulce) from different geographical origins. Food Chem 332:127424.

LiJ,LiJ, Wei Y, Xu S, Xiong S, Li D, Wang S, Liang A. 2022. Application of family-specific primers in multiplex real-time
PCR for meat categories screening. J Food Compos Anal 109:104418.

Li WQ, Wang Z, Liu S, Hu Y, Yin M, Lu Y. 2016. N-Stearoyl-L-tyrosine inhibits the senescence of neural stem/progenitor
cells induced by Af1-4» via the CB2 receptor. Stem Cells Int 2016:7419389.

Li YC, Liu SY, Meng FB, Liu DY, Zhang Y, Wang W, Zhang JM. 2020. Comparative review and the recent progress in
detection technologies of meat product adulteration. Compr Rev Food Sci Food Saf 19:2256-2296.

Liang L, Li Y, Mao X, Wang Y. 2024. Metabolomics applications for plant-based foods origin tracing, cultivars identification
and processing: Feasibility and future aspects. Food Chem 449:139227.

Liesenfeld S, Steliopoulos P, Wenig S, Gottstein V, Hamscher G. 2022. Comprehensive LC-HRMS metabolomics analyses
for the estimation of environmental inputs of altrenogest in pig breeding. Chemosphere 287:132353.

Martin-Gomez A, Rodriguez-Hernandez P, Cardador MJ, Vega-Marquez B, Rodriguez-Estévez V, Arce L. 2023. Guidelines
to build PLS-DA chemometric classification models using a GC-IMS method: Dry-cured ham as a case of study. Talanta
Open 7:100175.

Mortas M, Awad N, Ayvaz H. 2022. Adulteration detection technologies used for halal/kosher food products: An overview.
Discover Food 2:15.

Muguruma Y, Nunome M, Inoue K. 2022. A review on the foodomics based on liquid chromatography mass spectrometry.
Chem Pharm Bull 70:12-18.

Nguyen Thi KO, Do HG, Duong NT, Nguyen TD, Nguyen QT. 2021. Geographical discrimination of Curcuma longa L. in
Vietnam based on LC-HRMS metabolomics. Nat Prod Commun 16:1-10.

Owolabi 10, Olayinka JA. 2021. Incidence of fraud and adulterations in ASEAN food/feed exports: A 20-year analysis of
RASFF’s notifications. PLOS ONE 16:¢0259298.

Pebriana RB, Rohman A, Lukitaningsih E, Sudjadi. 2017. Development of FTIR spectroscopy in combination with chemometrics
for analysis of rat meat in beef sausage employing three lipid extraction systems. Int J Food Prop 20:1995-2005.

1189



Food Science of Animal Resources Vol. 45, No. 4, 2025

Perestam AT, Fujisaki KK, Nava O, Hellberg RS. 2017. Comparison of real-time PCR and ELISA-based methods for the
detection of beef and pork in processed meat products. Food Control 71:346-352.

Pranata AW, Yuliana ND, Amalia L, Darmawan N. 2021. Volatilomics for halal and non-halal meatball authentication using
solid-phase microextraction—gas chromatography—mass spectrometry. Arab J Chem 14:103146.

Qin Z, Wang J, Wang D, Xiao H, Lv X, Chen H, Wei F. 2024. Analytical opportunities and challenges for data handling with
chemometrics strategies from LC-MS based food metabolomics. Trends Food Sci Technol 143:104298.

Shi J, Liu Y, Xu YJ. 2024. MS based foodomics: An edge tool integrated metabolomics and proteomics for food science.
Food Chem 446:138852.

Siswara HN, Erwanto Y, Suryanto E. 2022. Study of meat species adulteration in Indonesian commercial beef meatballs
related to halal law implementation. Front Sustain Food Syst 6:271-280.

Suratno, Windarsih A, Warmiko HD, Khasanah Y, Indrianingsih AW, Rohman A. 2023. Metabolomics and proteomics
approach using LC-Orbitrap HRMS for the detection of pork in tuna meat for halal authentication. Food Anal Methods
16:867-877.

Uddin SMK, Hossain MAM, Sagadevan S, Al Amin M, Johan MR. 2021. Halal and Kosher gelatin: Applications as well as
detection approaches with challenges and prospects. Food Biosci 44:101422.

Utpott M, Rodrigues E, de Oliveira Rios A, Mercali GD, Flores SH. 2022. Metabolomics: An analytical technique for food
processing evaluation. Food Chem 366:130685.

Wang J, Xu Z, Zhang H, Wang Y, Liu X, Wang Q, Xue J, Zhao Y, Yang S. 2021. Meat differentiation between pasture-fed
and concentrate-fed sheep/goats by liquid chromatography quadrupole time-of-flight mass spectrometry combined with
metabolomic and lipidomic profiling. Meat Sci 173:108374.

Windarsih A, Riswanto FDO, Bakar NKA, Yuliana ND, Dachriyanus, Rohman A. 2022. Detection of pork in beef meatballs
using LC-HRMS based untargeted metabolomics and chemometrics for halal authentication. Molecules 27:8325.

Wu Q, Li J, Zhu J, Sun X, He D, Li J, Cheng Z, Zhang X, Xu Y, Chen Q, Zhu Y, Lai M. 2022. Gamma-glutamyl-leucine
levels are causally associated with elevated cardio-metabolic risks. Front Nutr 9:936220.

Xu D, Dai X, Zhang L, Cai Y, Chen K, Wu J, Dong L, Shen L, Yang J, Zhao J, Zhou Y, Mei Z, Wei W, Zhang Z, Xiong N.
2024. Mass spectrometry for biomarkers, disease mechanisms, and drug development in cerebrospinal fluid metabolomics.
TrAC Trends in Anal Chem 173:117626.

Zeki OC, Eylem CC, Regber T, Kir S, Nemutlu E. 2020. Integration of GC-MS and LC-MS for untargeted metabolomics
profiling. J Pharm Biomed Anal 190:113509.

1190



