Fast detection and quantification of pork meat in other
meats by reflectance FT-NIR spectroscopy and
multivariate analysis
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ABSTRAECTFbstract

This study aimed to develop a fast analytical method, combining near infrared reflectance
spectroscopy and multivariate analysis, for detection and quantification of pork meat in other meat
samples. A total of 5952 mixture samples from 39 types of meat were prepared in triplicate, with
the inclusion of pork at 0%, 1%, 5%, 10%, 30%, 50%, 70%, 90% and 100%. Each sample was
scanned using an FT-NIR spectrophotometer in the reflection mode. Spectra were collected in the
wavenumber range from 10,000 to 4000 cm™= : , at a resolution of 2 cm™= : and a total path length
of 0.5 mm. Principal Component Analysis (PCA) revealed the similarities and differences among
the various types of meat samples and Partial Least-Squares Discriminant Analysis (PLS-DA)
showed a good discrimination between pure and pork-spiked meat samples. A Partial Least-Squares

Regression (PLSR) model was built to predict the pork meat contents in other meats, which



provided the R? value of 0.9774 and RMSECYV value of 1.08%. Additionally, an external validation
was carried out using a test set, providing a rather good prediction error, with an RMSEP value of
1.84%.
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+1 INMRODEEHONNtroduction

Meat is one of the most commonly consumed foods around the world. It is an essential healthy nutrient and an
excellent source of complete proteins. However, in some cases, the presence of meat of one animal species in
another one is considered a food fraud and it is a crucial issue in the meat industry Masiri et al. (2016). The
two main origins of the presence of pork meat in other meats are: 1) economically motivated adulteration,
where significant amounts of low cost product (e.g. pork) is added for economical gain, and 2) contamination,
when several types of meat are processed and meat from other species gets contaminated with pork meat. This

leads to issues around labelling.

Adulteration and/or contamination has been a widespread problem and the analysis of pork meat in other meat
products has become an emerging challenge because the consumption of pork meat is forbidden for the people
practicing the Islamic and the Jewish faiths (Ortea et al., 2012). Meats with Halal or Kosher certification are
readily accepted by Muslim and Jewish consumers to whom consumption of pork and its derivatives in any
product is prohibited. Hsieh and his co-workers reported that multispecies contamination was found in some
meat products (Hsieh, Chen, & Sheu, 1997). Moreover, products labeled exclusively as beef are often
intentionally adulterated with pork meat (Singh & Neelam, 2011; Soares, Amaral, Oliveira, & Mafra, 2013).

Labeling regulations are required for providing consumers with accurate information about the food product,
and for fair competition among producers (Hsieh, 2000). Labeling regulations require that the origin of meat
type must be mentioned on the label because of the consumers? personal food preferences, religious food
ethics, and medical issues (Ballin, 2010). However, many processed meat products are still lacking the proper
labeling for meat species, especially pork (Tanabe, Miyauchi, Muneshige, & Kazuhiro, 2007). The
specification and labeling of meat products are very crucial for maintaining the national standards as well as

for protecting the consumers? interests (Cai et al., 2017).

For instance, beef mixed with pork or horse meat, and pork adulterated with poultry have been detected in
many meat brands in retail markets in the last few years (Ali, Hashim, Mustafa, Chen Man, & Dhabi, 2012;
Djurdjevic & Hsieh, 2005; Mandli, Fatimi, Seddaoui, & Amine, 2018; Soares, Amaral, Mafra, & Oliveira,
2010; Tanabe et al., 2007). Pork meat tissues are genetically different from all other meat tissues (Trivedi et al.,
2016).

Numerous analytical methods have been used for the identification and quantification of the meat species.
Most of these methods are based on either protein testing or DNA analysis (Mane, Mendiratta, & Tiwari, 2012
). A real-time PCR analysis was recently used, which confirmed the fallow deer meat adulteration in

commercial food (Maria, Rupert, & Margit, 2018). Similarly, pork meat adulteration was detected in beef meat



using a label free electrochemical immuno-sensor (Syazana & Minhaz, 2016). A specific primer was
developed to detect pork meat adulteration in different meat products, even after heating treatment (Ha et al.,
2017). Electrophoretic and chromatographic methods for separation and detection of meat adulteration have
also been reported. However, the requirement of expensive instruments and lengthy preparation procedures
limits the application of these methods for routine analysis (Ballin, Vogensen, & Karlsson, 2009). Moreover,
proteins are known to be very sensitive to heat and the thermally treated meat has a spectrum that is different
from that of raw meat. Therefore, many scientists are nowadays relying on DNA analysis, rather than protein
analysis for authentication of food (Bhat, Salahuddin, Mantoo, Jalal, & Pal, 2016). These methods have the
advantage that can be applied to thermally treated meats in addition to raw meats. However, the drawback of
these methods is that they cannot determine the percentage of adulteration, and they are very prone to
contamination. With regard to spectroscopic techniques, animal proteins were reported as potential adulterants
in minced beef and pork in a study using Vis-NIR spectroscopy (Ahmed & Akinbode, 2018). An FT-IR
spectroscopic method was applied by Yang et al. (2018), the main drawback being the tedious sample
preparation step, as they prepared meat sample powders that were then mixed with potassium bromide (KBr)
to perform the measurement. Therefore, a reliable and cost-effective technique for detecting and quantifying
the presence of pork meat in other meats is needed. Herein, we present a study aimed at developing a quick,
low cost, method using near infrared reflectance spectroscopy and multivariate analysis for detecting and
quantifying the amount of pork meat in other meats. The advantage of this method is that the sample
preparation process is short and simple. All the meat samples in the mince mixture (in the solid form) were
scanned with the NIR spectrophotometer and then multivariate chemometric models was built to detect and

quantify the pork contents in other meats samples.

22 MATHERIAESaterials ANPand MEFHODSmethods

2:1:2.1 Meat samples spiked with pork meat preparation

In the current study, 39 different types of meat samples including beef, mutton, lamb, pork, camel, chicken and
veal were collected from different local markets in Oman. As pork is not popular in Oman, some pork samples
were purchased in local markets as well as in superstores in Oman and Malaysia (see Table 1.) The samples
were transported in coolers containing ice packs and temperature loggers. Upon receipt, the packages were
immediately transferred to a 4 °C refrigerator and stored for a maximum of 24 h until sample processing could

be done, or frozen at—20 °C if processing could not be done within 24 h of receipt.

alt-text: Table 1
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Meat sample names and their corresponding codes.



Sample name
Australian lamb
Australian lamb
Australian lamb
Brazil beef
Denmark Pork (Dry)
Dhofar Chicken
Indian mutton
Indian lamb
Indian mutton
Indian veal

Indian veal

Italian Pork (Dry & Flavored)

Kenyan Pork (Fresh)
Kenyan lamb

New Zealand beef
New Zealand beef
New Zealand lamb

New Zealand lamb

Old Sample of Pork (Fresh)

Omani beef

Omani beef

Omani camel

Omani camel

Omani mutton

Omani mutton

Pakistani beef

Pakistani beef

Pakistani camel

Pakistani beef

Code

CAULB

LAULB

SAULB

CBRBF

FDP

CDHCH

IFM

CINLB

LINMT

CINVE

LINVE

ITP

KEP

LKNLB

CNZBF

LNZBF

CNZLB

LNZLB

PORK1

LOMBF

LSLBF

LSLCL

SOMCL

NOM

RUOM

LPKBF

SPB

SPCL

SPC



Pakistani mutton CPKGO

Pakistani mutton LPKMT
Pork PORK
Somali mutton LSMMT
Somalian beef SSMBF
Somalian mutton SSMG
Somalian lamb SSMLB
Spain Pork (Fresh) SPP

UK Pork (Fresh) UKP
USA Smoked Pork USSMP

All the 39 meat samples were crushed and ground to prepare mince. The minced meat samples from different
species were mixed with each of the 8 pork varieties at 8 levels of concentration (i.e. 0%, 1%, 5%, 10%, 30%,
50%, 70%, and 90% pork). All prepared samples were tested in triplicate. Subsequently, a total of 31 X 8=

X 8% X 3 =15952 meat samples were analyzed along with 8 pork samples.
2:2:2.2 NIR Sspectroscopic analysis

Each meat sample (in the solid form) was scanned by using a Frontier NIR spectrophotometer (BSEN60825-—
1
1:2007 by Perkin Elmer) in reflection mode. Spectra were collected in the range 10,000 to 4000 cm™= , at
1
2 cm™= resolutions and a total path length of 0.5 mm, using a calcium fluoride sealed cell with a path length

of 0.2 mm.
2:3:2.3 Multivariate analysis

The Unscrambler (version 10.4) and Microsoft Excel 2016 softwares were used for performing the
multivariate analysis of the NIR spectral data. PCA, PLS-DA and PLSR models were built, as it will be
explained in the Results and discussion section. Fig. 1 summarizes the flowchart of the multivariate analysis

performed.

alt-text: Fig. 1
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Flowchart of the multivariate analysis performed.

The NIR spectra of the meat samples were preprocessed prior to building the multivariate models. Standard
normal variate (SNV) and unit vector normalization were applied to minimize the scattering effects and to
remove the noise from the spectral data. Scattering is a common physical phenomenon in near-infrared (NIR)
analysis. It is produced by particles, which randomly deviate the light from its original trajectory, causing
undesired nonlinearities in the spectral data. The effect can be corrected by applying suitable spectral
preprocessing techniques before chemometric modeling. The algorithm investigated in this study was Standard
Normal Variate (SNV). SNV is a transformation usually applied to spectroscopic data, to remove scatter

effects by centering and scaling each individual spectrum (i.e. a sample-oriented standardization).

The selection of the optimal combination of spectral pre-processing and spectral region was made based on a
compromise between the lowest RMSECYV, the highest possible R2 value and the least number of factors, for
the calibration set. The transformed NIR spectra were split into two sets, i.e. a training test was including 70%
of all the spectral data to build the PLSR model and a test set was including 30% of spectral data to externally
validate PLSR model. The test set samples from the training set were randomly selected. The PLSR model was

internally also validated, using a full cross validation procedure.

PLS-DA models were also built using Kernel-NIPALS algorithm with iterations value of 100 under the same
optimized spectral transformation as used for PLSR model. Unlike the PLSR models, for PLS-DA, as the
number of samples was not so high (around 45), we decided to internally validate the models using a cross
validation strategy, leaving out several blocks of samples containing each around 10% of the samples of the

training set, that is 4-=5 samples in each split.



The level of adulteration providing complete discrimination between pure meats and meats adulterated with
pork was then optimized. For this purpose, three levels of pork meat adulteration were tried i.e. 1%, 5% and
10% as shown in Table 3. Table 3 shows the classification rates of the PLS-DA models, expressed as
Sensitivity, Selectivity and Accuracy. Sensitivity measures the number of adulterated samples correctly
predicted as adulterated, Selectivity measures the number of non-adulterated samples correctly predicted as
non-adulterated and, finally, accuracy measure the total number of samples correctly classified (both

adulterated and non-adulterated). The three measure were calculated using a threshold value of 0.5.

3:3 RESEEFSesults AANDand B SEESSTIONdiscussion

3-1:3.1 NIR spectra

The representative NIR spectra (not pre-processed) for all the meat samples are shown in Fig. 2.

alt-text: Fig. 2
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Representative NIR spectra (not pre-processed) of various types of meat.

The near infrared spectra of all meat samples indicate that pork meat samples (Fig. 2) have a different
reflectance pattern as compared to other meat samples, which could be due to differences in meat muscle type
and composition, fibre type, molecular weight of various muscle proteins, and fatty acid profile of the
intramuscular fats (Listrat et al., 2016). For instance beef, lamb, mutton and camel are ruminants, which means
that their meat contains more saturated fatty acids than unsaturated, while the monounsaturated fatty acids are
the dominant ones in pork and chicken meat samples (William, 2007). Moreover, the anatomical structure of
pork muscles is different from those of other meats due to the presence of a high glycogen content (Milan,
Jeon, & Looft, 2000).

As shown in Fig. 2, there is an offset in the spectral baseline due to scattering effects. The scattering effect of
the spectra is due to the solid nature of meat samples. Various types of spectral pretreatments, such as baseline

correction, standard normal variate (SNV) or first derivative, were applied to minimize the scattering effect



and to remove the noise from the spectral data (Table 2). Apart from the spectral transformations, different
spectral regions were selected and studied, to check whether the models improved or not. The selection of the
optimal combination of spectral pre-processing and spectral region was made based on a compromise between
the lowest RMSECYV, the highest possible R? value and the least number of factors, for the calibration set.

alt-text: Table 2
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Results of the PLSR models for different spectral pre-processing and spectral region combinations,

Calibration Validation Factors
Type of spectra Transformation RMSECV 2 RMSEP 2
(%) (%)
Full Spectra (4000 to 10,000 cm™
1 ) none 2.35 0.825 2.68 0.780 6
1
Spectra (4000 to 7300 cm™= ) none 2.18 0.822  2.89 0.791 6
Full Spectra (4000 to 10,000 cm™ .
1 ) Baseline 1.63 0.825 2.26 0.767 6
1

Spectra (4000 to 7300 cm™= ) Baseline 1.75 0.74 2.53 0.723 6
Full Spectra (4000 to 10,000 cm™  SNV+ Unit Vector

1 0.077 0.977 1.183 0.992 3
=) Normalization

1 SNV+ Unit Vector
Spectra (4000 to 7350 cm™= ) 0.185 0.961 2.123 0.965 4
Normalization

Full Spectra (4000 to 10,000 cm™  Ist derv. #With 11 smoothing

1 3.52 092 496 0.982 8
=) points

1 Ist derv. #With 11 smoothing

Spectra (4000 to 6400 cm™= ) 3.74 0.966 3.84 0.983 8

points

Table-2 shows that the application of standard normal variate (SNV) and unit vector normalization improved
the values for all parameters, including RMSECV, R? and RMSEP in the case of full spectra. The multivariate
model using this transformation was the simplest one (only needed 3 factors) and showed the minimum error
and the highest correlation values. SNV and unit vector normalization lead to the minimization of the level of

noise and scattering effect of the spectral data as shown in Fig. 3.

alt-text: Fig. 3
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Representative NIR spectra (pre-processed) of various types of meat.

The difference in the features of the NIR spectral pattern of pork meat are related to differences in muscle
composition (contents of fatty acids, proteins, water, etc.), which in turn may be due to different factors such
as muscle type, production system or processing, among others. However, it is difficult to link a specific

spectral band to a given constituent without having measured the exact composition.

In order to visualize and explore the similarities and differences among the various types of meat samples the
exploratory tool principal component analysis (PCA) was applied to the NIR spectra, as shown in Fig. 4. PCA
is used to reduce the dimensionality of a multidimensional data set to extract the most important information
from the data, to detect outlier samples and to visualize groups or trends in the data based on similarities and

dis-similarities of the samples.

alt-text: Fig. 4
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The PCA score plot in Fig. 4 shows the complete segregation of pork meat samples from the other meats. All
the pork meat samples were clustered together in two different regions. The two clusters of pork meat
correspond to fresh pork meat and to dry and smoked pork meat samples, respectively, and are very well
differentiated along PC-2.

In order to see that what part of the spectra contributed to the PCA model, the loading plots for PC-1 and PC-2
are shown in Figs. 4S-1 and 4S-2 (supplementary material). The X-loading plot of PC-1 explains 87% of the
total spectral variability, while PC-2 explains 8%. However, the separation between pork meats and other
meats is clearly seen along PC-2. The key bands important for the separation are in the NIR region from 4000
0 5318 cm™=~ of PC2.

PIS-DA models were also built to optimize at which level of adulteration the disrcimination is complete in
between pure meats and meats adulterated with pork. For this purpose three levels of pork meat adulteration

were tried i.e. 1%, 5% and 10% as shown in Table 3.

alt-text: Table 3
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Results of PLS-DA models for discrimination of adulterated and un-adulterated meat samples based on the presence of pork meat.

Measured
Non-adult Adult Sensitivity Selectivity Accuracy
Non-adult 22 3
Predicted 0-=1% adult 0.85 0.88 0.87
Adult 3 17
Non-adult 23 2
Predicted 0-=5% adult 0.93 0.92 0.92
Adult 2 26
Non-adult 22 0
Predicted 0-=10% adult 1.00 1.00 1.00
Adult 0 27

Table 3. Optimization of the levels of pork meat adulteration for PLS-DA model.

Table 3 summarise the values of RMSECV, and R? to find the optimum level of pork meat adulteration for
complete discrimination of PLS-DA model. It can be seen from Table 3 that the lowest level of contamination
that can be detected is 10-% of pork meat adulteration, because it has the minimum value of error i.e.
0.07637RMSECYV and having good value of correlationship i.e. R>.=.0.9805.



The PLS-DA model for 10% pork meat adulterant, is shown in Fig. 5 under the same optimized spectral

transformation as used for the PLSR model.

alt-text: Fig. 5
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PLS-DA model between non-adulterated meats samples and meat samples containing 10% of pork meat adulteration,

The results of the PLS-DA model in Fig. 5 reveal that the discrimination is complete and the lowest level at
that discrimination is complete is 10-% of pork meat adulteration. However, results form 5% adulteartion are
fairly good too. Between 5% and 10% the samples detected as adulterated should be taken with care and
probably analysedanalyzed with a confirmatory method. The PLS-DA model was found to be an excellent tool

to detect the presence of pork meat adulteration in all other different meat samples.

The loading plots of factor-1 of PLS-DA model is also shown in Fig. 6.

alt-text: Fig. 6
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Near-infrared spectra could record the multifrequency and co-frequency information of organic molecules,
which involves the response of molecular bonds of C—H, N—H, C—O0O, and O—H. The chemical composition
of meat is moisture, fat and protein, and some peaks and valleys representing the characteristics of meat
including hidden information of different elements were obviously shown in the spectra. The NIR spectra
present broader peaks, but it is still much easier to assign specific lipid, protein, or water peaks. Strong
absorption bands can be observed at a number of wavelengths. The original spectrum reveals clear wide peaks
only at about 8264.46 cm-1, 6896.55 cm-1, and 5263.16 cm-1, which were appeared in the main absorbing
wavelengths. The case of C—H bonds corresponds to the 6172.84-5617.98 cm-1land 4545.45-4000.00 cm-1
regions of the spectrum (first C—H overtone and C—H bond vibration, respectively), and that of N—H and O
—H bonds corresponds to the 7042.25-6172.84 cm-1 and 5555-4545.45 cm-1 regions (first N—H and O—H
overtones, and N—H and O—H vibrations, respectively).[32-34] The main meat component was moisture and
has the highest absorption at wavelengths in the NIR region. The absorbance spectra for meat samples are
dominated by moisture absorption bands at 10000 and 6896.55 cm-1. The typical peaks of fat are located at
about 8264.46 cm-1 (C—H second overtone), and 5263.16 cm-1, which agrees with other studies|Radbotten,
Nilsen, & Hildrum, 2000; Cozzolino, Barlocco, Vadell, Ballesteros, & Gallieta, 2003; Cozzolino & Murray,
2004; Leroy et al., 2004].

The loading plots of factor-2 of PLS-DA model as shown in Fig. 6b illustrates that the NIR peaks in the
spectral range from 7000 to 4730 cm™= ’ are contributing more to differentiate among the meat samples. This
variation in their spectral data is due to higher percentages of polyunsaturated fatty acids in both muscle and
adipose tissues of pork meat as compared to sheep and cattle meat. The percent composition of
polyunsaturated fatty acids such as linoleic acid in adipose tissue (g/100_g fatty acids) in pork, sheep and cattle
was found to be 14.3-%, 1.3% and 1.1%, respectively, while arachidonic acid remained 0.2% in pork meat
while it was absent in sheep and cattle meat. Similarly, polyunsaturated fatty acid composition in muscle tissue
was also different as linoleic acid in pork was 14.2%, sheep 2.7% and cattle 2.4% while, arachidonic acid was
found as 2.21-% in pork, 0.64-% in sheep and 0.63% in cattle (Wood et al., 2008).



3-2:3.2 PLS regression

A PLSR model (Fig. 7) was built using the training set of the NIR spectral data spiked at the levels of: 1-%, 5
%, 10-%, 30-%, 50-%, 70-%, and 90-% of pork meat.
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The optimal PLSR model (Fig. 7) was built with 3 factors and shows a significant value of coefficient of
determination, R? = 0.9774 and a rather good cross-validation error, RMSECV = 1.08%.

The performance of the PLSR model was also externally validated by using the test set of samples, as shown

in Fig. 8.
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PLS prediction plot using the test set.

The PLS prediction plot illustrates that PLSR model displayed a very good prediction ability (RMSEP
value = 1.84%, with a high determination coefficient (R? = 0.9921).

For PLS regression and prediction models the standard normal variate (SNV) and unit vector normalization
transformation were applied on the full spectra. After the application of these transformations the scattering
effects by centering and scaling of each individual spectrum was removed and the errors of the model were

reduced to minimum values while the correlation values were improved to high.)

4-4 Conclusion

Reflectance NIR spectroscopy coupled with multivariate data analysis can be deployed as a quick, and low
cost, analytical method for detecting the presence of pork meat in other meats. The analytical method
presented in this study avoids lengthy sample preparation and provides real time analysis of meat adulteration.
The current study revealed that PLS-DA model can be a fast discrimination tool, the only limitation being the
lowest level of adulteration that can be 100% correctly detected is 10%. The PLSR model can be used as a

rapid quantification tool to know the content of pork meat in any other meats.
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