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This study evaluates the performance of some commonly used chemometric and machine learning techniques
such as principal component analysis (PCA), artificial neural network (ANN), k-nearest neighbors (KNN), logistic
regression discriminant analysis (LRDA), partial least squares discriminant analysis (PLSDA), support vector
machine (SVM), and gradient boosted decision tree (GBDT) on HATR — FTIR data for detecting Sudan dye
adulteration in palm oil. We employed the Icoshift for data alignment and Savitzky-Golay smoothing to enhance
the data quality. Cluster resolution feature selection (CRFS) selected 2.39 % of 3351 features. Using only the 80

FTIR selected features PCA models showed a clear separation between adulterated and pure palm oil samples and an
improvement in explained variance which hitherto was not observed. LRDA, PLSDA and SVM showed improved
training TPR, ACC and MCC after feature selection. KNN showed improvement all model quality parameters after

feature selection.

1. Introduction

Adulteration of food with harmful chemical additives constitutes a
major public health challenge [1-3]. This practice is often intentional
and seeks to enhance the appearance and perceived quality of food
products since the appearance of food is one of the easiest interpretable
markers of quality for consumers [2,4] An example highlighted in
literature is the adulteration of palm oil, ketchup, and chili products
with Sudan dyes [5-7].

Sudan I, II, III, and IV are synthetic lipophilic dyes used in various
industries and research laboratories as a coloring and staining agent.
Structurally, they contain chromophoric azo groups (-N = N-) and
extended n-conjugated systems, characterized by intense red color. This
property makes these dyes attractive for use as food additives. However,
evidence suggests that they are unsuitable for human consumption
[1,2,4]. In vitro and in vivo studies have demonstrated the potential
genotoxicity of Sudan dyes and their aromatic amine metabolites.
Mechanisms of toxicity include formation of covalent DNA adducts,
generation of reactive metabolites, and contact allergenicity [4,8].
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Various international and independent regulatory agencies have
recognized the potential toxicity of Sudan I, II, IIl and IV dyes and have
banned or strictly limited their use as food additives [9-11].

Despite these findings, adulteration of palm oil with Sudan dyes re-
mains persistent in Ghana. The visual appearance of palm oil is an easily
interpretable quality marker for consumers, and this accounts for the
frequent adulteration of market samples with Sudan dyes. Due to the
limited information on Sudan dye carcinogenicity, no level of con-
sumption can be considered safe. Therefore, routine evaluation of palm
oil for the presence of Sudan dyes is quintessential for public safety.

Historically, the detection of Sudan dyes in palm oil has involved
some form of chromatography [12-15]. These techniques are generally
complex, time-consuming, and expensive. Qualitative analysis with
spectroscopy is an effective and rapid alternative for detection and
regulation of adulterated food products [16-18].

Spectroscopy, coupled with machine learning, data mining and
chemometrics, is a rapid and non-destructive approach for detecting
food adulteration [19-23]. These techniques have been applied for the
authentication of honey [24-27], milk, meat [19,28,29] and other food
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products. Chemometric methods (e.g. supervised and unsupervised)
have been used to detect Sudan dyes in palm oil [22,23,30-32]. Data
from spectroscopic analyses, including surface-enhanced Raman spec-
troscopy (SERS), visible-near infrared (VIS-NIR), have been analysed
using unsupervised methods such as principal component analysis (PCA)
and supervised methods such as linear discriminant analysis (LDA) and
support vector machines (SVM) for the identification of samples adul-
terated with Sudan [22,23,30-32]. However, the models from these
studies have limited capability for quality monitoring because they lack
clear distinctions between pure and adulterated samples. Another study
based on VIS-NIR data and PCA failed to provide external model vali-
dation, raising questions about their potential utility. To address this
shortcoming, a subsequent study used a model classification rate which
could be misleading when dealing with imbalanced data [33].

Despite the significant contributions of spectroscopy and chemo-
metrics to the detection of Sudan dye adulterations in palm oil, only
a few chemometric techniques have been studied. These are PCA, LDA
and SVM. A more comprehensive evaluation of the most frequently used
classification algorithms will facilitate the selection of an optimum tool
for this application. This is important to eliminate false negatives in the
detection of dangerous adulterants in food.

Additionally, it is also known that chemometric/machine learning
models benefit from prior feature selection routines since it eliminates
spurious sections of the spectra, which may impact the learning models
adversely [34-36]. Unfortunately, the implementation of a feature se-
lection routine before analysis in the case of Sudan dyes is conspicuously
missing in the literature.

In this study, we compare some commonly used machine learning
algorithms to determine the optimum algorithm for the detection of
Sudan dyes in palm oil. We further explored the impact of a feature
selection routine on pattern recognition and machine learning model
performances. The following machine learning algorithms: artificial
neural network discriminant analysis (ANN), gradient boosted decision
tree (GBDT), k-nearest neighbor (KNN), logistic regression discriminant
analysis (LRDA), partial least squares discriminant analysis (PLSDA) and
support vector machine discrimination analysis (SVM) were used. The
model performance was evaluated using the sensitivity, specificity, ac-
curacy, and Matthew correlation coefficient (MCC)[37-40].

2. Experimental
2.1. Data collection

A total of ninety-eight (98) palm oil samples were obtained from the
storage units of Ghana Food and Drugs Authority (FDA). These samples
had been analyzed and the presence of Sudan dye or otherwise
confirmed using high-performance liquid chromatography (HPLC) by
the FDA before they were stored. The samples included 44 pure and 54
adulterated ones.

The IR spectra of the samples were obtained using the Perkin Elmer
Spectrum 100 FT-IR spectrometer (Perkin Elmer, Serial Number: 67322)
fitted with a horizontal attenuated total reflectance (HATR) accessory
(Perkin Elmer, Serial Number: 67322). Spectra were collected within a
wavenumber range of 650 — 4000 cm ™ at a resolution of 4 cm ™! with 4
replicate measurements using Perkin Elmer Spectrum ES (version 10.3).
Each spectrum was saved individually as a file with a .sp extension.

Prior to sample measurement, the HATR plate was carefully and
thoroughly cleaned in situ with acetone and soft lint-free tissue paper
before filling in with the sample to be measured. The cleanliness of the
plate was verified by checking the background after cleaning the plate.

The spectra for the pure samples were collected before those for the
adulterated samples to prevent cross-contamination. A total of 392
spectra representing 176 and 216 for pure and confirmed adulterated
samples, respectively were obtained.
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2.2. Data processing and feature selection

Data importation, processing and analysis were performed using
Matlab® 2022b (Mathworks, Natick, MA, USA) and PLS Toolbox® ver.
9.1 (Eigenvector Research, Manson, WA, USA).

The data was imported into the average of the replicate measure-
ments for each sample was determined. The final data was organized
into a matrix of samples in rows and wavenumbers in columns. The
dataset matrix consisted of 98 x 3351 (samples/objects x wave-
numbers/cm ).

Minor shifts in the spectra which occur from run to run were cor-
rected using the interval correlation optimized shift algorithm (Icoshift)
[41,42]. A Savitsky Golay smoothing algorithm was also applied with a
smoothing window of 11 and a second-degree polynomial [43]. The
aligned and smoothed data was organized and randomly assigned into
two groups containing two-thirds (65 samples) and one-third (33 sam-
ples) for training and validation sets, respectively.

Feature selection was performed using the cluster resolution feature
selection algorithm (CR-FS) [44-47]. The Fisher ratio ranking metric
was used while the start and stop numbers for the CR-FS were auto-
matically detected using the null probability analysis [47]. The feature
selection was performed using a permutation number of 10. For each
feature selection permutation, a random subset of the training set data
was selected.

2.3. Machine learning model and model quality Estimation

Two sets of data were used for the downstream analysis. These were
the original data incorporating all the variables and a second set which
contains the variables retained during the feature selection process. Both
data sets were auto scaled and normalized prior to model generation.
The PCA and machine learning models were built using the training set
data and evaluated with the external validation set for each of the
datasets. Subsequently, the model quality parameters namely, sensi-
tivity/true positive rate (TPR), specificity/true negative rate (TNR),
accuracy (ACC), and MCC were computed for all the ML models [33,37].

Sensitivity/TPR is the probability of a positive prediction being a
truly positive class. Specificity/TNR on the other hand is the measure of
the probability that a negative prediction is truly negative. TPR, TNR,
ACC and MCC are defined by the Egs. (1)-(4) below where, TP- number
of positive samples predicted positive, TN — number of negative samples
predicted negative, FP — number of negative samples predicted positive,
and FN - number of positive samples predicted negative.

.. TP
Sensivity/TPR = TP+ N (@D)
TN
ifi TNR = ——— 2
Specificty/TNR = - o? 2
TP+ TN
A ACC=— - """
ccuracy/ACC TP - TN + FP - FN 3)

MCC — TP x TN — FP x FN @
/(TP + FP)(TP + FN)(TN + FP)(IN + FN)

3. Results and discussions

Adulteration of palm oil with Sudan dyes presents a major health risk
to consumers and hence the need for a fast, reliable, and cheap method
for quality monitoring cannot be overemphasized. Due to the non-
destructive and cost-effective nature of spectroscopic methods, their
use with machine learning techniques for food adulteration detection
has become popular. Earlier studies achieved a lot of success, but few
methods compared the performance of commonly used machine
learning algorithms and the impact of feature selection on their
performance.
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Herein, we aimed to evaluate commonly used machine learning al-
gorithms on spectroscopic data to compare their performance when they
are applied to the detection of Sudan dye adulteration in palm oil. The
workflow describing the data handling and analysis are shown in Fig. SI
in the supporting information.

Shifts in spectroscopic data do occur though they are not as marked
as in chromatographic data, baseline drifts and distortions in Fourier
transform spectra also occur [48]. These distortions become more pro-
nounced over the long-term use of the spectrometers. Even though
equipment standardization can reduce the misalignment in spectra data
it is still important to align the data before analysis. Hence, spectro-
scopic data must be aligned especially in a case like this where the entire
spectra are employed. Icoshift is a useful algorithm for both spectro-
scopic and chromatographic data alignment [41,42]. Icoshift was used
for the alignment of the data. Fig. 1a and 1b show the raw and aligned
data, respectively. Employing second derivative to spectroscopic data
have been demonstrated to improve the performance of machine
learning algorithms [49,50]. Hence, a second derivative Savitsky Golay
smoothing was applied to the aligned data, results of which are shown in
Fig. 2. The application of derivatives to spectroscopic data improves the
data by reducing noise, enhancing features, and reducing the impact of
baseline drifts that may be present [16,51,52].

Cluster resolution feature selection (CRFS), a wrapper type of feature
selection combines sequential backward elimination and forward se-
lection using the cluster resolution metric to evaluate the contribution of
features to the separation of samples in different classes in principal
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components space [44-47]. It has been widely used on both spectro-
scopic, chromatographic, and other kinds of data [47,53]. We imple-
mented CRFS here without user-defined start and stop numbers. A
permutation number of ten (10) was used and features surviving at least
70 % of the time were retained. Of the 3351 variables (wavenumbers),
80 representing 2.39 % were retained. Fig. 3a shows the feature survival
rate after the 10 permutations. The location of the features that survived
at least 70 % are shown in Fig. 3b. The frequency of features selected is
shown in Fig. S2 and Table S1 in the SI. Thus, the dataset obtained after
feature selection had only 80 wavenumbers.

PCA is arguably one of the most used multivariate analysis tech-
niques. We compared the separation performance of PCA on the data
before and after feature selection. The result of this comparison is shown
in Fig. 4a and 4b. From Fig. 4a, it can be observed that there is no clear
separation between the adulterated and pure palm oil samples. Fig. 4b
shows the PCA score plot after feature selection using only 80 variables
shows a better separation. It can also be observed that the sum of
explained variance in the first two principal components (PC 1 and PC 2)
were 31.73 % and 22.01 %, for before and after feature selection,
respectively. As this represents the underlying information in the data, it
implies that the application of the feature selection does not lead to a
loss of information. Even though PCA is not a classification algorithm,
knowledge of the sample class can aid in its use for classification. The
lack of separation between the pure and adulterated samples in Fig. 4a
makes it nearly impossible to use the PCA model incorporating all the
variable for classification. In Fig. 4b where only the selected features
were used it can be observed that only four (4) pure samples fell outside
the 95 % confidence ellipse of the pure class. It can also be observed one
samples of the validation set of the adulterated class was also mis-
classified. This suggests that CRFS improves the PCA model and more
significantly using only 80 of the features.

We further evaluated the performance of artificial neural network
(ANN), gradient boosted decision tree (GBDT), k-nearest neighbour
(KNN), logistic regression discriminant analysis (LRDA), partial least
squares discriminant analysis (PLSDA) and support vector machine
(SVM) on the identification of adulterated palm oil samples before and
after feature selection. The model prediction sensitivity, specificity,
accuracy, and MCC were used. Sensitivity and specificity measure the
true positive rate and true negative rate, respectively while the overall
model performance is evaluated by the accuracy. MCC is more infor-
mative than the accuracy for evaluating binary classification problems,
as it considers the balance between all components of the confusion
matrix (true positives, true negatives, false positives, and false nega-
tives) [38,39].
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The model prediction plots for ML. ANN, GBDT, KNN, LRDA, PLSDA
and SVM for models generated using all the wavelengths (3551 vari-
ables) and CRFS selected wavelengths (80 variables) are shown in
Figs. S3 - S8 in the supporting information. In general, the application of
CRFS led to an improvement in the model quality parameter for the
training set for KNN, PLSDA and SVM as shown in Table 1. From Table 1,
TNR, ACC and MCC increased for training set increased after feature
selection. In the case of PLSDA and SVM, excellent values were obtained
for all quality parameters after feature selection. While applying the
models to the external validation sets, all the algorithms except ANN and
GBDT showed improved model results. It is known that high number of

Table 1

-0.15-0.1-0.05 0 0.05 0.1 0.15
PC 1 (23.64%)

variables in machine learning applications risks over fitting and can also
confuse learning algorithms [54-56]. The application of feature selec-
tion routines such as CRFS reduces redundancy, noise and computa-
tional requirements. An efficient variables selection contributes
significantly to a parsimonious machine learning models which are
desirable.

4. Conclusion

Our findings show that feature selection, specifically using the CRFS
method, significantly enhances the performance of principal component

Before Feature Selection (3351 variables)

After Feature Selection (80)

Training Model Quality

Algorithm TNR TPR ACC MCC TNR TPR ACC McCC
ANN 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
GBDT 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
KNN 0.8621 0.9444 0.9077 0.8136 1.0000 0.9444 0.9692 0.9400
LRDA 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
PLSDA 1.0000 0.9722 0.9846 0.9694 1.0000 1.0000 1.0000 1.0000
SVM 0.9655 0.9444 0.9538 0.9389 1.0000 1.0000 1.0000 1.0000
Validation Model Quality

ANN 1.0000 0.8889 0.9394 0.8856 0.8667 1.0000 0.9394 0.8832
GBDT 0.9333 1.0000 0.9697 0.9403 0.9333 0.9444 0.9394 0.8778
KNN 0.8667 0.8333 0.8485 0.6974 1.0000 0.9444 0.9697 0.9410
LRDA 1.0000 0.8889 0.9394 0.8856 1.0000 0.9444 0.9697 0.9410
PLSDA 0.9333 0.8889 0.9091 0.8192 1.0000 0.9444 0.9697 0.9410
SVM 0.9333 0.8889 0.9091 0.8192 1.0000 0.9444 0.9697 0.9410
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analysis (PCA). KNN, LRDA, PLSDA and SVM showed improved model
generalization as better results were obtained during model validation
wit external validation sets. These findings underscore the importance of
appropriate feature selection and the choice of machine learning algo-
rithms to achieve reliable and accurate detection of Sudan dyes in palm
oil.
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