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INTRODUCTION

Lard is one of the cheapest semisolid fats widely 
used in food production to give food a rich flavour 
and creamy texture. Due to this reason, it has been 
subjected as a potential source for adulteration 
to other fats and oils. Since the use of lard and 
its by-products are prohibitive under the Kosher 
and Halal regulations (Al-Kahtani et al., 2017), 
it is important to explore techniques for clear 
discrimination between lard and other permissible 
ingredients (Azir et al., 2017). Each fat and oil exhibit 
specific components and their presence should be 
considered as an important detection tool. Mainly, 
fats and oils are composed of triglycerides (TAGs), 
while the remaining consists of minor components 
such as hydrocarbons, fatty acids (FAs), natural 
compounds, unsaponifiable and polar lipids 
(Ferreira et al., 2021). 

Hydrocarbons can be found in the 
unsaponifiable fraction and they are the least 
polar compounds, made up of only carbon (C) 
and hydrogen (H) (Giuffrè and Capocasale, 2016). 
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ABSTRACT
This research aims to examine fat from various vegetable oils using n-alkane profiles, as well as chemometrics 
and machine learning. Unsaponifiable vegetable oils (coconut, peanut, palm and soybean oils) were separated 
and analysed using gas chromatography-mass spectrometry (GC-MS) to investigate the n-alkane profiles 
of each fat. The authenticity of the detected n-alkane profiles was determined by comparing to the retention 
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and Random Forest (RF). Both PCA and HCA appeared to provide a clear distinction between each of the 
vegetable oil tests. Based on the PLS-DA and RF determination, tetracosane (C24) and octadecane (C18) 
are proposed as the key n-alkane markers for separating lard from vegetable oils. These findings suggest 
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Single-chain hydrocarbons are known as normal 
alkanes (n-alkanes), with the formula CnH2n+2 
(Zenkevich, 2006). To date, several methods 
are employed to detect lard adulterants such 
as electronic nose, polymerase chain reaction 
(PCR), Fourier transform infrared spectroscopy 
(FTIR) (Salleh et al., 2018), differential scanning 
calorimetry and other different chromatographic-
based techniques (such as HPLC, GLC, LC-MS, 
GC-FID and GC-TOF-MS) (Azir et al., 2017). 
The HPLC and GC-based detection techniques 
could, however, become more difficult if the TAG 
or FAs composition of the adulterant exhibit 
close similarity to that of the tested oils. Several  
analytical approaches have been developed to 
analyse the n-alkane quantitatively (Troya et 
al., 2015). Previous research reported that the 
n-alkane composition could potentially be used 
to discriminate against a group of vegetable 
oils (Mihailova et al., 2015; Troya et al., 2015). 
Quantitative data considering the whole n-alkanes 
profile might serve better as a characteristic 
‘fingerprint’ of the oil. If such profiles are to be 
used to study the effect caused by the adulteration, 
powerful statistical methods to deal with the 
multivariate data are recommended (Yousefinejad 
et al., 2018) to consider the differences taking place 
in the whole chromatogram. It has now been 
realised that the qualitative analysis using mainly 
single-component species may be inadequate 
(Sharin et al., 2021). 

The objective of PCA and PLS-DA is to achieve 
a linear transformation that converts data to a 
very low dimensional condition with an error as 
minimum as possible. For PCA, in its first principal 
component (PC), the transformation preserves 
as much variance as possible, however, PLS-DA 
preserves as much covariance as possible between 
the original and labelling data. Both can be described 
as iterative processes as the rest of the variance and 
error are preserved to define the next PC (Ruiz-
Perez et al., 2020). Besides its use for dimensionality 
reduction, it can be adapted to be used for feature 
selection (Christin et al., 2013) as well as for 
classification (Botella et al., 2009). Yousefinejad et al. 
(2018) reported that the m-dimensional space of a 
matrix D (from the PCA result) can be reduced to a 
significantly lower-dimensional space of principal 
components (PCs): D = TP’ + E. Where, T is the 
score matrix (containing PCs in the direction of 
the samples), P is the loading matrix (carrying in 
the direction of the wavenumbers) and E is the 
residual matrix. The superscript (‘) denotes the 
matrix transpose. The calculated PCs represent 
the compressed information, demonstrating the 
fine difference in the instrumental signal relating 
to various samples for discrimination purposes. 
PLS-DA can be assumed as a “supervised” version 
of PCA in the sense that it achieves dimensionality 

reduction but with full awareness of the class labels 
(Ruiz-Perez et al., 2020). Previously, PCA and PLS-
DA were successfully used for the blood-volatile 
organic compound in an animal study (Ataabadi 
et al., 2023) and the solvent-electrochemical 
interactions of anthraquinones (Aq) in different 
organic media (Yousefinejad et al., 2019).

The PLS-DA showed a good performance 
in the calibration step (Yousefinejad et al., 2018) 
as a further consideration for classification. The 
other multivariate techniques such as hierarchical  
cluster analysis (HCA) can be further applied due 
to their high sensitivity. Variable Importance in 
Projection (VIP) scores estimate the importance 
of each variable in the projection used in the PLS 
model. In any proposed model, a variable with VIP 
Score close to one can be considered important. 
Variables with a score of less than one can be 
considered as less important and potential for 
exclusion (Chong and Jun, 2005). In PLSDA, Cocchi 
et al. (2018) introduced a filter method which is 
independent of the modelling step and does not 
require additional validation nor increase the 
adjustable model parameters (by referring to the 
VIP variables ranking). If R2 and Q2 are acceptable 
and the model is interpretable, thus, the suggested 
model can be improved by deleting unimportant 
terms, such as the variables with low VIP values. 
Thereafter a final model is developed, interpreted 
and thus, better predictions can be concluded 
(Wold et al., 2001). In this case, less complex 
statistical applications can be applied due to the 
advantage to exclude unimportant items (Cocchi 
et al., 2018). Therefore, this criterion is reasonable 
with good potential to discard irrelevant variables. 
To date there is no report has been published on 
the application of GC-MS in combination with 
multivariate analysis. Therefore, sophisticated 
methods need to be given due consideration 
and the present study aimed at developing an 
advanced and effective methodology for the study 
of lard adulteration by using the GC-MS. As such, 
the objective was coupled with multivariate data 
analysis, as a means for distinguishing lard from 
other vegetable oils.

MATERIALS AND METHODS

Reagents

Chemicals for column chromatography i.e., 
potassium hydroxide, methanol, ethanol, anhydrous 
sodium sulphate, silica gel 60 and n-hexane were 
purchased from Merck (Germany). Saturated 
alkanes standard of C7-C40 (1000 µg/mL, in hexane) 
for every component were purchased from Supelco 
(Bellefonte, PA, USA). All the reagents were of 
analytical grade.
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Sample Preparation

Lard and vegetable oils including coconut, 
peanut and soybean oils were obtained from 
the Laboratory of Halal Science Research (Halal 
Products Research Institute, Universiti Putra 
Malaysia), while palm oil was obtained from the 
Malaysian Palm Oil Board (MPOB). Lard was made 
by rendering pig adipose tissue at 100ºC for 2 hr. To 
remove contaminants, the oils were filtered using a 
muslin cloth and then stored at -20ºC until use.

Extraction of Unsaponifiable Fraction

The n-alkane fractions of vegetable oils were 
created with slight adjustments according to Troya 
et al. (2015). The standard saponification process was 
used to extract the unsaponifiable fraction of each 
fat. The preferred fat samples (5 g) were saponified 
using a reflux condenser and heating mantle for 20 
min at 70ºC with an ethanolic potassium hydroxide 
solution (10%, 19 mL). The solution was allowed 
to cool before being added to a separating funnel 
with 25 mL of distilled water. Using 25 mL of 
n-hexane, the non-saponifiable materials were 
extracted twice. The hexane extracts were mixed 
and added to a new separating funnel, which were 
then washed three times with an ethanol-water 
mixture in a similar ratio (12.5 mL). The extracts 
were dried over an anhydrous sodium sulphate 
and evaporated at 30ºC under vacuum using a 
rotary evaporator (EYELA, Japan). For separation, 
the residues were dissolved in 2 mL n-hexane.

Separation procedure using solvents and 
column chromatography was used to separate 
the hydrocarbon fraction and impurities from 
the unsaponifiable materials obtained. The 
stationary phase was created using a silica gel-
filled glass column with an internal diameter of 1.5 
cm and a length of 40.0 cm (15 g in n-hexane). A 
chromatographic elution technique was used with 
40 mL of n-hexane as the mobile phase, and the  
eluate (20 mL) was regarded as an n-alkane 
fraction and subjected to further investigation. The 
eluate was evaporated under vacuum in a rotary 
evaporator (EYELA, Japan) at 30ºC to remove the 
solvent. The resulting sample was immediately 
diluted in 0.5 mL of n-hexane and stored in a 
chiller at 4ºC prior further analysis with gas 
chromatography-mass spectrometry (GC-MS).

Gas Chromatography-Mass Spectrometry Analysis

The n-alkane composition of lard and other 
animal fats was analysed using the Agilent 7890A  
gas chromatography paired with the Agilent 
5975C mass spectrometry detector in a selected ion 
monitoring (SIM) mode (Agilent, USA). The HP-5MS 
(30 m × 0.25 µm × i.d., 0.25 µm film thickness) was 

used as the analytical capillary column. The oven 
temperature was set to 35ºC for 2 min, then increased 
to 250ºC (10º/min), and eventually to 300ºC for 23 
min (20º/min). The detector temperature was 300ºC. 
The MS interface was kept at a constant temperature 
of 300ºC. The injection volume was 1 µL and operated 
in the split mode (at a split ratio of 1:10). Helium was 
used as the carrier gas at a flow rate of 1 mL/min. 
The compounds were identified by comparing the 
data with NIST 11 mass spectral library and C7-C40 
saturated alkanes standard (supplied by Supelco, 
Bellefonte, PA, USA). The composition of each 
identified n-alkane was determined by calculating 
the peak area of each alkane to the total peak area of 
all alkanes in the sample (Hassan et al., 2010).

Chemometric Analysis and Machine Learning

Data analysis was performed using statistical 
online software packages; MetaboAnalyst 5.0 
(Parasitology Building, 21111 Lakeshore Road Ste. 
McGill University, Anne de Bellevue, QC, Canada; 
http://www.metaboanalyst.ca) software. A total 
of 12 samples were analysed in triplicates. Prior to 
chemometric analysis, data were pre-tested using 
Kruskal-Wallis post-hoc test at p<0.05 to determine 
the significant differences in the means of peak area 
of each fat sample (Chong et al., 2019). The data matrix 
was then normalised to a constant sum and scaled 
by Pareto scaling to modify the variance of spectral 
data so that the peaks are equally weighted in order 
to build multivariate models (Höjer Holmgren et al., 
2018). Clustering of oils’ n-alkanes was accomplished 
using unsupervised methods, PCA and Hierarchical 
Clustering Analysis (HCA). Supervised approaches 
were used to classify oil samples, including the 
partial least squares-discriminant analysis (PLS-DA) 
and the Random Forest (RF) of the machine learning 
algorithm. The performance of the PLS-DA model 
was evaluated using a 10-fold cross-validation (Van 
Ruth et al., 2010). 

During the initial stage, it is unclear which value 
of the diagnostic statistics was really corresponding 
to discrimination between groups (Westerhuis et 
al., 2008). Permutation tests assumed that there 
is no difference between two random groups 
(Westerhuis et al., 2008). Furthermore, the labels 
of all samples were randomly permuted followed 
by the calculation of a new classification model 
(Lindgren et al., 1996). By repeating the procedure N 
times, a null distribution of H0 was obtained (Preece, 
1990). The significance of the PLS-DA model was 
then assessed by relating the values of the calculated 
model to the H0 distribution of the permuted data 
sets. From these classifications, H0 distributions 
for Q2 and regression coefficients and others were 
obtained. As the groups were formed in a random 
way, therefore, no difference between group was 
used as an assumption. 
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PLS-DA classifies lard from other animal fats 
by highlighting the important variables in term 
of VIP scores, and according to Cocchi et al. (2018) 
the score can be potentially applied especially 
for variable selection. The RF classification was 
performed using Metaboanalyst 5.0 software, and 
the model’s performance was confirmed by using 
the RF package in the RStudio. In this study, the 
normalised data were randomly divided between 
training (90%) and test (10%) groups. A confusion 
matrix was generated to determine the RF model’s 
prediction accuracy. 

RESULTS AND DISCUSSION

Profiles of n-Alkane 

The n-alkane fractions of lard and all tested 
vegetable oils were subjected to GC-MS analysis to 
determine their individual composition. A total of 
17 n-alkanes ranging from C8 to C27 were identified 
(Figure 1).

Some vegetable oils showed a similar pattern 
of n-alkane composition, where alkanes with 
chain lengths of C12, C14, C15 and C16 were the most 
abundant, except for peanut oil (C10, C12, C14 and C15). 
For coconut, palm and soybean oils, the C14 was found 
with the highest abundance, composed of 21.46%, 
19.78% and 21.06%, respectively. Meanwhile, for 
peanut oil, C12 was the most significant, with 23.49% 
of the total composition. Compared to lard, the most 
predominant alkanes are C24, followed by C16, C15, 
C14 and C18, composed of 15.72%, 14.84%, 14.05%, 
13.60% and 9.94%, respectively. Among the long 
chain alkanes (C14-C18), the C18 (9.94%) contributed 
to the highest increase (0.44-fold) when compared 
to the nearest competitor (palm oil, 5.58%). The 
C16 and C15 only contributed to 0.18 and 0.15-fold, 
respectively (compared to the nearest competitor). 

The n-alkane C24 (15.72%) was notable for lard since 
this alkane was absent (or present at low percentage) 
in coconut, palm, peanut and soybean oils. 

Clustering Analysis of Lard and Vegetable Oils

Only 14 significant n-alkanes (p<0.05) were 
chosen from the 17 discovered (Figure 2a). The 
clustering of lard from vegetable oils was done 
using unsupervised PCA and HCA methods. PCA is 
the most often used unsupervised technique in the 
chemometrics research, and it analyses the pattern 
identification by using the correlation between the 
examined data (Ruiz-Perez et al., 2020). PCA score 
plot of lard and vegetable oil samples (coconut, 
palm, peanut and soybean oils) involving the first 
(PC1) and second (PC2) components, with 83.0% 
variations were explained. PC1 explained 68.5% 
of the variance, while PC2 explained 14.5% of the 
variance.

Figure 2b shows the PCA biplot of the samples 
as a combination of the score plot and loading plot. 
Variables with weights (loading) close to 1 or -1 have 
a strong influence on sample clustering (Azizan et 
al., 2021), while those with almost no weight have 
a minor impact (Schaettler et al., 2022). Based on 
the PCA biplot, C24 had a positive contribution 
towards lard clustering with the loading of -0.27277 
and -0.48868 toward PC1 and PC2, respectively. 
The alkanes that contributed to the clustering of 
all vegetable oils at a positive score of PC2 are C10, 
C12, C14 and C15. The influence of the variables in 
the biplot was supported in the heatmap of HCA 
(Figure 2c).

Consistent with the PCA result, HCA also 
clustered the samples into two groups, i.e., lard and 
vegetable oils (coconut, palm, peanut and soybean 
oils). This clustering result was achieved through 
the combination of Euclidean distance measure and 
Ward’s linkage algorithm. Based on the heatmap, 

Figure 1. Heatmap of n-alkane composition (%) of lard and vegetable oils supported by Kruskal-Wallis Test;  
* - significant difference (p<0.05); ns - non-significant difference (p>0.05).
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all vegetable oil samples were grouped together in 
a cluster but separated distinctly into 4 sub-clusters 
based on the type of oils. The heatmap presents 
individual values contained in a matrix in the form 
of colours (Zhao et al., 2014). The correlation of C18 
and C24 was detected in high levels in lard but absent 
in the vegetable oil samples. The distribution of 
n-alkanes in vegetable oils was more closely related 
to each other. The heatmap shows that C10, C12, C14 
and C21 contribute to the clustering of all vegetable 
oils distinctly from the lard. Meanwhile, C13 and C22 
were notable and unique to palm oil as both alkanes 
were found in low amounts or absent in lard and 
other vegetable oils.

Classification Analysis of Lard and Vegetable Oils

The same dataset of 14 significant alkanes was 
used for the classification analysis using supervised 
methods of PLS-DA model and RF machine learning. 
Lard and vegetable oil samples were classified using 

the PLS-DA model with variance explanation of 
68.3% (component 1) and 14.3% (component 2) 
(Figure 3a). 

Because this model is prone to overfitting, cross 
validation (CV) was used to assess its performance. 
In this work, 10-fold cross-validation was used to 
establish the appropriate number of components 
needed to construct the PLS-DA model (Figure 3b).  
Based on three popular performance criteria, 
such as prediction accuracy, R2 and Q2 values, the 
three-component model was deemed to as the 
best classifier. The PLS-DA model’s predictability 
can be rated excellent if Q2≥0.90 (Idris et al., 2022). 
Using the 14 significant alkanes, a 10-fold cross-
validation found an accuracy of 1.0, variance 
repeated in cross-validation (Q2 value) of 0.99, and 
endpoint variation incorporated in the regression 
model (R2 value) of 1.0. Based on the result, there 
were no outlier and overfitting occurred for the 
PLS-DA model as indicated by the value difference 
of R2 and Q2 (<0.01).

Note: CO - coconut oil; CPO - palm oil; PO - peanut oil; SO - soybean oil.

Figure 2. (a) PCA score plot, (b) PCA biplot, and (c) dendrogram heatmap of lard and other vegetable oils based on 14 significant n-alkanes profile. 
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The performance of the developed PLS-DA 
model was further evaluated. A permutation test 
using 1000 random permutations was conducted 
to determine the overfitting possibility. Despite 
the common use of PLS-DA for assessing the 
discriminatory and predictive ability of oils and 
alkanes, it seems that the developed models are too 
closely fitted to the current data. Such argument 
can be referred to the value of C24 (0.049) which is 
close to 0.050 by using Kruskal-Wallis test (Figure 1).  
In this study, the permutation test indicated a 
possibility of such accuracy (Figure 3c) due to 
potential overfitting since the p-value obtained 
was 0.009. Therefore, the permutation test can 
be considered as a very sensitive method for 
classification. Golland et al. (2005) reported that the 
number of permutations needs to be ‘‘large enough’’ 
to sample both tails of the available distribution 
dataset. A permutation test can be used to evaluate 
whether the specific classification of the individual 
group (within a pair of groups) is better than any 
other random classification group (Mielke and Berry, 

2007). Hemmateenejad et al. (2011) also reported that 
the cross validation and permutation test are very 
promising statistical tools to evaluate the prediction 
ability of the proposed model.

Another classification approach using RF machine 
learning was performed using Metaboanalyst 
5.0 and then validated by the R package in the R 
Studio. The same 14 pre-processed datasets were 
utilised in this classification analysis. The samples 
were grouped correctly into their respective 
classes, therefore producing an “out-of-bag” (OOB) 
error of 0 for all classes (Table 1). The RF model 
revealed the significant variables in terms of mean 
decrease accuracy values, where the importance 
of the variables was indicated in descending order  
(Figure 4). Consequently, random forest highlighted 
C18, C24 and C16 as the top three significant alkanes in 
the classification of lard from the selected vegetable 
oil, with the values of 0.033743, 0.031867 and  
0.030652, respectively.

According to Hengl et al. (2018), an RF model 
does not require cross validation since this 

Figure 3. 2-D PLS-DA model (a) of lard and other vegetable oil samples based on n-alkane profile with 82.6% of explained variance, 10-fold cross-
validation (b) determined the best classifier for the PLS-DA model, marked with an asterisk (*), and permutation test of PLS-DA model (c) with 1000 
random permutations (p<0.009).
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Identification of Potential n-alkane Markers

Potential n-alkane marker of lard was identified 
after analysing the outcome and performance of the 
developed models to each other. Table 2 shows the 
summary of loading scores of the PCA model, the 
mean decrease accuracy value determined by the 
RF, and the total abundance of selected significant 
n-alkanes in the differentiation of lard from vegetable 
oils. RF highlighted C18, C24 and C16 as the top three 
significant alkanes in the differentiation of lard 
from the selected vegetable oils with mean decrease 
accuracy of 0.0337, 0.0319 and 0.0307, respectively. 
In the PCA model, C18 and C16 were located on the 
negative side of PC1 and the positive side of PC2, 

while C24 located on the negative sides of both PCs 
to indicate the distinctive clustering of lard samples 
(Figure 2a).

Even though, at first, the model for classification 
result was considered invalid since the PLS-DA 
developed in this study was overfit, however, 
further classification by the RF provides an 
acceptable prediction accuracy of 1.0. Consequently, 
tetracosane (C24) and octadecane (C18) were proposed 
as the potential lard markers based on the RF feature 
selection and their contribution to lard clustering 
in the PCA model. The C24 alkane was detected to 
be the most abundant in lard (15.72%) and the C18 
was considered to be given the highest increase if 
compared to the close highest alkane value (0.44-
fold). PLS-DA and RF are popular machine learning 
tools with useful selector and classifier features 
(Ruiz-Perez et al., 2020).  Since the PLS-DA was able 
to strengthen the PCA finding, the multitude tools 
available and the use of different methods depending 
on the dataset is an advantage. It is important to note 
that the PLS-DA role in the discriminant analysis can 
be easily misinterpreted (Brereton et al., 2014). As 
the PLS-DA is prone to overfitting, it is important to 
further verify its function by using CV (Kjeldahl and 
Bro, 2010). To refine the result, the RF was trained 
and validated using a separate unrelated group data 
(Broughton-Neiswanger et al., 2020; Sharin et al., 
2021). The developed methodology can be helpful 
in early routine laboratories practice (Felipe Bachion 
et al., 2018) supposedly for the screening analysis of 
different oils.

TABLE 2. SUMMARY OF PCA LOADING SCORES, 
MEAN DECREASE ACCURACY VALUE AND TOTAL 

ABUNDANCE OF SELECTED SIGNIFICANT N-ALKANES 
FOR LARD CLASSIFICATION FROM OTHER FATS

n-alkanes
PCA loading 

scores
(PC1, PC2)

Mean 
decrease 
accuracy1

Decrease 
abundance 
of alkane 

in lard2 (%)

C18 -0.26319, 0.34170 0.0337 9.94

C24 -0.27277, -0.48868 0.0319 15.72

C16 -0.06548, 0.21531 0.0307 14.84

Note: 1 Mean decrease accuracy determined by random forest.
 2 Abundance of n-alkane in percentage calculated by the 

following formula: (Peak area of single alkane/Total peak 
area of n-alkanes) × 100.

CONCLUSION

Through GC-MS and multivariate analysis, lard 
and vegetable oil samples (coconut, palm, peanut, 
and soybean oils) were differentiated based on 
n-alkane profiles using unsupervised method (PCA 
and HCA) and verified by supervised method 
(PLS-DA and RF). Only 14 significant n-alkanes  
(p<0.05) were chosen from the 17 original n-alkanes 

TABLE 1. CONFUSION MATRIX OF SAMPLE 
CLASSIFICATION FOR LARD AND VEGETABLE OIL 

BY RANDOM FOREST

Item Lard Vegetable oil Class error

Lard 3.00 0.00 0.00

Vegetable oil 0.00 12.00 0.00

Figure 4. Random forest highlighted significant variables in sample 
classification in decreasing order of mean decrease accuracy.
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algorithm already makes an unbiased estimation 
internally through the OOB error estimation. In 
this study, an additional 10-fold cross-validation 
was implemented to calculate the prediction 
accuracy of the developed RF model. Classification 
accuracy was measured based on how many 
times the predictions accuracy made by the model 
were correct. This additional cross-validation 
step indicated a prediction accuracy of 1.0 that is 
acceptable criteria for model predictability.
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for detailed classification. The PCA score plot (PC1 
and PC2) was indicated by 83% variation with C24 
having a major positive contribution towards lard 
clustering. Similar to PCA, the HCA separated lard 
and vegetable oils into two different clusters. Due 
to overfitting, PLS-DA and RF were further used 
to verify the PCA result and 82.6% of variance 
was obtained for both components 1 and 2. With 
a prediction accuracy of 1.0, the generated RF 
model was considered as acceptable categorisation.  
A cross-validation (accuracy of 1.0), variance 
repeated in cross-validation (Q2 of 0.99) and 
endpoint variation incorporated in the regression 
model (R2 of 1.0) concluded no outlier and overfitting 
occurred for the PLS-DA model (R2 and Q2<0.01). 
For distinguishing lard from other vegetable oils, 
the tetracosane (C24) and octadecane (C18) were 
chosen as the potential indicators because of their 
high influence on the sample clustering in the PCA 
and PLS-DA models, high abundance in lard, and 
prominence as the first and second most significant 
variables in the RF model.
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