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ABSTRACT

Chlorpyrifos, a widely used organophosphorus pesticide in Kenya, is banned from use on
vegetables due to its health risks; however, studies show it is still widely used and detected
in food products. Conventional detection methods, such as gas chromatography (GC) and
high-performance liquid chromatography (HPLC), are accurate but costly, time-
consuming, and destructive, making them unsuitable for rapid on-site analysis. This study
aimed to develop a fast, non-destructive method for detecting chlorpyrifos in milk and kale
using Raman spectroscopy and machine learning (ML). ML involves computational
algorithms that analyze complex data patterns, improving prediction accuracy and
classification. These techniques were crucial for efficiently processing spectral data,
recognizing patterns, and building predictive models for chlorpyrifos detection. Raman
spectroscopy was chosen for its solvent-free, non-invasive nature. Spectral preprocessing
steps, including baseline correction, smoothing, and normalization, improved signal
quality. Analysis of Variance (ANOVA) was applied to identify Raman bands with
statistically significant differences, and Principal Component Analysis (PCA) revealed the
spectral fingerprint and reduced dimensionality. The 314-354 cm™ spectral band, centered
at 342 cm™', was identified as the chlorpyrifos Raman fingerprint due to distinct C-Cl
vibrational modes absent in untreated samples. Machine learning models, including
Support Vector Machine (SVM), Support Vector Regression (SVR), and Random Forest
(RF), were trained using Principal Components (PCs) from the fingerprint. These models
were used to classify chlorpyrifos levels in the samples with respect to the Maximum
Residue Limit (MRL), the highest permissible pesticide concentration in food for consumer
safety, ensuring the models provided relevant food safety assessments. Classification
models achieved high accuracy: SVM outperformed RF with 95.79% accuracy in milk and
92.61% in kale, while RF achieved 95.23% and 90.15%, respectively. In regression tasks,
RF showed superior performance with a coefficient of determination (R2) > 0.9997 and a
root mean square of prediction (RMSEP) < 0.0231 ppm, compared to SVR’s R > 0.9961
and RMSEP < 0.0897 ppm. These results confirm that Raman spectroscopy combined with
ML offers a highly accurate, rapid, and non-destructive alternative to conventional
methods, enhancing real-time food safety monitoring and regulatory compliance.



CHAPTER ONE

INTRODUCTION

1.1 Background to the Study

Pesticide contamination of agricultural products, such as milk and vegetables, has recently
received considerable attention worldwide (de Andrade et al., 2023). This results from the
increased application of pesticides to control and kill pests in crops and milk-producing
animals, increasing output. One category whose global use has grown substantially is
organophosphorus pesticides (OPPs), owing to their market availability and low prices
(Mali et al., 2023). This class of pesticides is estimated to account for 45% of global
pesticide and herbicide usage (Mali et al., 2023). OPPs are esters of phosphoric acid, which
are formed when phosphoric acid reacts with alcohol through esterification. These
compounds often have complex chemical structures comprising heterocyclic, aliphatic, and
phenyl derivatives. Examples are diazinon, chlorpyrifos, parathion, malathion, and

dichlorvos (Zou et al., 2022).

O, O-diethyl O-3,5,6-trichloro-2-pyridyl phosphorothioate, commonly known as
chlorpyrifos, is one of the most extensively used OPPs for controlling insects on food crops
such as corn, wheat, and apples, as well as managing ticks in livestock (Ambreen and
Yasmin, 2021; Wolejko et al., 2022). Rekha (2005) describes chlorpyrifos as the world’s
leading insecticide in terms of volume and effectiveness against many pests. Since its first
registration in the US in 1965, chlorpyrifos has been instrumental in the US and worldwide
pest control efforts (Raj and Kumar, 2022). It is estimated that 5.1 million pounds of

chlorpyrifos were used annually between 2014 and 2018 in the US (US Environmental



Protection Agency (EPA), 2020), while by 2017, about one hundred countries globally
registered chlorpyrifos, permitting its use on over 50 different crops (Wotejko et al., 2022).
Chlorpyrifos is widely used by Kenyan farmers as a leading acaricide and an effective
insecticide for maize, sweet potatoes, pineapples, rice, beans, cabbages, spinach, and
tomatoes (Adum et al., 2021; Asamba et al., 2022a; Inonda et al., 2015). It then follows
that the residues of this toxic chemical are present in most agricultural products, including

vegetables and milk.

Conventional analytical methods for chlorpyrifos determination in food matrices, such as
GC and HPLC, offer excellent sensitivity and selectivity but are often time-consuming,
expensive, and laboratory-bound, requiring extensive sample preparation, trained
personnel, and organic solvents (Elsaadani et al., 2025; Peris-Vicente et al., 2022). In
contrast, Raman spectroscopy provides rapid, non-destructive, label-free analysis with
minimal sample preparation (Pimenta and Correia, 2025), making it attractive for routine
screening of pesticide residues directly on complex matrices such as milk and leafy
vegetables. However, Raman spectra from such matrices often contain overlapping bands
from multiple sample constituents (Ember ef al., 2017), making visual interpretation and
simple univariate analysis inadequate for reliable residue detection and quantification. To
overcome these challenges, chemometric and machine learning methods can be used to
extract subtle spectral features, handle high-dimensional data, and build robust models that
discriminate between contaminated and uncontaminated samples and predict chlorpyrifos

levels with improved accuracy.



1.1.1 Health Effects of Chlorpyrifos

Although chlorpyrifos is an important OPP that is used on crops and animals to boost
production, it has widely been associated with toxic effects such as nervous system
disorders, birth defects, immune system imbalances, impaired brain function in children,
attention deficit disorder, lower birth weight, and leukemia (Ambreen and Yasmin, 2021;
Christensen et al., 2009; Eskenazi et al., 2014; Foong et al., 2020; Sass, 2022). An
investigation into the reproductive effects of chlorpyrifos established that children born to
mothers exposed to high chlorpyrifos levels exhibit developmental delays, attention-deficit

disorders, and hyperactivity (Christensen et al., 2009).

1.1.2 Regulatory Status of Chlorpyrifos

Due to the multiple health risks associated with chlorpyrifos, various governments and
authorities worldwide have adopted measures to address the dangers of this chemical. Such
measures include the establishment of a Maximum Residue Limit (MRL), which refers to
the maximum pesticide residue levels allowable in foodstuffs (Vettorazzi, 1977). For
chlorpyrifos, the established MRL is 0.01 ppm (Ma et al., 2020; Shaker and Elsharkawy,

2015; Vemuri, 2016).

Chlorpyrifos has been banned in many countries. For instance, based on accumulating
evidence showing that the chemical posed an increased risk of multiple health problems,
the US EPA reassessed chlorpyrifos’ human health risk, banning its use in food production
in 2016 (Sass, 2022). The European Commission (EC) also prohibited the use and
marketing of pesticides with chlorpyrifos in 2020 (Wotejko et al., 2022). Similarly, in 2019,

Australia suspended and canceled domestic and home garden uses of chlorpyrifos products



due to their environmental and health impacts (Waras et al., 2020). Further, chlorpyrifos
use has also been restricted in Canada, India, China, Thailand, New Zealand, and Argentina
(Schulte, 2021; The United Nations Environment Programme (UNEP), 2022). In Africa,
South Africa, Morocco, and Egypt are among the countries that have banned the use of

chlorpyrifos (UNEP, 2022).

1.1.3 Chlorpyrifos Utilization in Kenya

Chlorpyrifos is registered in 25 products in Kenya and categorized as a highly hazardous
substance. Its use on vegetables is not permitted, but it can be used to control various pests
in maize, barley, wheat, and pineapples (East Africa Natural History Society (EANHS),
2021). Chlorpyrifos appears on the Pest Control Products Board (PCPB) of Kenya’s list of
hazardous pesticides whose ban and immediate registration termination are unavoidable to
shield the environment, agriculture, and citizens’ health (Human Rights Watch, 2023).
However, despite the health safety risks linked to chlorpyrifos and the regulatory efforts of
Kenyan authorities, it remains one of Kenyan farmers' most commonly used pesticides for
crops, including kale, spinach, avocado, coffee, cabbage, melon, tomatoes, sweet potatoes,

rice, and maize (EANHS, 2021).

Significant evidence shows that chemical pesticides containing chlorpyrifos are still widely
used in the country, notwithstanding their damaging effects on the environment and human
health. A recent baseline study in Kilifi, Nakuru, and Kajiado Counties found that
chlorpyrifos accumulation in water, spray race, dip wash, soil, and milk exceeds the
recommended limits set by WHO at 0 to 0.01 mg/kg body weight (Adum et al., 2021).

Also, a recent investigation has established that pesticides, such as chlorpyrifos, already



banned within the European Union markets, are still widely used in Kenya, despite the
danger they pose to the health of Kenyans (Leskovac and Petrovi¢, 2023; Mwendwa,
2023). Failure to comply with the recommended MRL increases the threat of exposure to
dangerous chlorpyrifos levels, leading to adverse health effects. According to Mebdoua
(2019), fresh produce, including vegetables, often contains high chlorpyrifos residues
mainly because the chemical is repeatedly applied to combat pests. Equally, the extensive
use of chlorpyrifos in dairy farms increases the probability of milk contamination (Adum
et al., 2021; Asamba et al., 2022b). Chlorpyrifos milk contamination also arises from
consuming animal feeds and water containing the pesticide (Bedi et al., 2018). Thus, there
is a need to analyze milk and vegetables, such as kale, in the market, to determine whether

their chlorpyrifos residue levels comply with international standards.

1.2 Statement of the Problem

Chlorpyrifos continues to be used extensively in Kenya despite the high human health risks
it poses to unsuspecting citizens. As a result, its residues are present in many freshly
harvested products in Kenyan markets, posing a significant threat to food safety in the
country. Therefore, it is paramount to constantly monitor chlorpyrifos residue levels in
fresh farm produce and milk to reduce both the chemical's short- and long-term harmful
effects. Previous studies have employed conventional pesticide residue analysis methods,
such as GC, HPLC, and GC-MS, to examine chlorpyrifos levels in vegetables and milk
(Adum et al., 2021; Asamba et al., 2022a; Asamba et al., 2022b; Inonda et al., 2015). While
these methods are accurate and highly reliable, they have limitations in terms of being
destructive (causing irreversible damage to samples), time-consuming (multiple sample

preparation steps), and expensive (solvents and reagents, regular instrument maintenance).



Raman spectroscopy offers a rapid, nondestructive, and solvent-free alternative that can be
applied directly to complex matrices such as kale and milk. However, the resulting spectra
often contain overlapping bands, making simple visual inspection and peak-based analysis
insufficient for reliable residue assessment. Coupling Raman spectroscopy with machine
learning techniques enables the extraction of relevant spectral features and the development

of robust models for the classification and quantification of chlorpyrifos in such matrices.

1.3 Justification

The continued use of chlorpyrifos in crop production and dairy farming in Kenya, despite
its associated risks, underscores the need for reliable monitoring of residues in commonly
consumed products such as kale and milk. Conventional analytical methods provide high
accuracy and sensitivity but are destructive, require complex sample preparation, and are
restricted to laboratory settings, making them unsuitable for the routine screening of large
numbers of samples. This necessitates alternative approaches that are rapid, non-
destructive, and less resource-intensive, yet sufficiently reliable for detecting chemical
residues on agricultural products. Raman spectroscopy is one such technique, as it provides
non-destructive, rapid, and relatively low-cost analysis with minimal or no sample
preparation (Ayvaz et al., 2017, Kucha et al., 2018). However, the complex and
overlapping nature of Raman spectra from nonhomogeneous matrices such as kale and
milk hinders straightforward interpretation. By coupling Raman spectroscopy with
chemometric and machine learning techniques, it is possible to extract relevant spectral
features and develop models for the classification and quantification of chlorpyrifos
residues. The present study is warranted by the potential of integrating Raman spectroscopy

with machine learning to enable rapid screening for chlorpyrifos in kale and milk, thereby



providing regulators and laboratories with information to support residue monitoring and

ensure food safety.

1.4 Objectives

1.4.1 General Objective
The main objective of this work was to develop a rapid detection method for chlorpyrifos

in kale and milk using Raman spectroscopy coupled with machine learning.

1.4.2 Specific Objectives

(i) To identify statistically significant Raman bands for chlorpyrifos detection in kale
and milk.

(if) To determine a Raman spectral fingerprint that differentiates chlorpyrifos-
contaminated kale and milk samples from controls.

(iii) To evaluate the performance of machine learning algorithms in classifying samples
and quantifying their chlorpyrifos levels using the identified Raman spectral
fingerprint.

1.5 Significance

This study demonstrates the feasibility of using Raman spectroscopy combined with
machine learning as a rapid, non-destructive approach for chlorpyrifos residue screening
in kale and milk. The ability to analyze samples with minimal preparation and without
destroying them has practical benefits for quality control laboratories and regulatory
agencies that need to handle many samples within limited time and resource constraints. In
addition, the approach reduces reliance on solvent-intensive chromatographic methods and
the associated costs, waste generation, and environmental impacts. By presenting a Raman

spectroscopy-based method for classification and quantification of chlorpyrifos in two



representative food matrices, this study contributes to the broader development of
spectroscopic and data-driven approaches that can be adapted for routine monitoring of

pesticide residues.

1.6 Limitations of the Study

This study focused on a single active compound, chlorpyrifos, and did not include other
pesticides or their degradation products. The experimental work was carried out using
spiked kale and milk to ensure controlled concentrations and repeatability. Consequently,
the performance of the developed models on field samples with unknown residue levels
was not directly assessed. In addition, the machine learning models deployed in the study
required substantial amounts of data to yield viable results and precise predictions, which
necessitated the collection of a large number of spectra (100 spectra per sample).
Furthermore, the study used milk and kale samples, which are highly perishable; therefore,
the samples were temporarily refrigerated before analysis, introducing additional

constraints on sample handling.



CHAPTER TWO

LITERATURE REVIEW

2.1 Chemical Properties and Degradation of Chlorpyrifos

Chlorpyrifos, a colorless to white crystalline solid with low water solubility, contains a
trichlorinated pyridine ring and exposed chlorine (CI) and phosphorothioate (P=S) groups,
as shown in Figure 2.1. This implies that the duo can readily interact with other molecules,

thus significantly determining the compound’s reactivity.

CH,

Cl Cl

Figure 2.1: Structural formula of chlorpyrifos

According to Chen et al. (2012), chlorpyrifos undergoes natural degradation in the
environment, mainly through oxidation and hydrolysis. The atmospheric OH radicals
enhance the oxidation of chlorpyrifos, converting the P=S moiety into P=0O (Kharabsheh
et al.,2017). The major metabolite during this process is diethyl (3,5,6-trichloropyridin-2-
yl) phosphate, commonly known as chlorpyrifos-oxon, which is more toxic than
chlorpyrifos (Dhiraj et al., 2020). Chlorpyrifos-oxon further degrades through hydrolysis

to form 3,5,6-trichloro-2-pyridinol (TCP) and diethyl phosphate (DEP), with the former
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being the major metabolite (Chen et al., 2012; Rahman et al., 2021). The degradation

process of chlorpyrifos is summarized in Figure 2.2.

CH3

\
Cl o—P—o CHs  Hydrolysis
Oxidati
7, ¢ {\9@ — Cﬁ”"‘ SN
N CHs O—P—0O
_ |\

Cl cl OH CHS

Figure 2.2: Major degradation products of chlorpyrifos

From Figure 2.2, it is evident that the pyridine ring remains unchanged during degradation.
Chlorpyrifos also undergoes biodegradation in the presence of microorganisms such as
fungi and bacteria, with TCP being the primary metabolite (Dhiraj et al., 2020). TCP is
more persistent, toxic, and soluble than chlorpyrifos, implying that this particular
metabolite causes extensive aquatic and soil environment contamination (Kharabsheh et
al.,2017). Due to its antibacterial properties, TCP rapidly accumulates in plant tissues and
inhibits the biodegradation of chlorpyrifos (Abraham and Silambarasan, 2016).
Consequently, this metabolite and its parent compound occur widely in crops and the
environment where chlorpyrifos is used, threatening ecological systems and public health.
Depending on conditions such as climate and soil type, the half-life of chlorpyrifos can
extend between 2 weeks to more than a year, but typically ranges from 10 to 120 days
(Abraham and Silambarasan, 2016). Studies show that the half-life of chlorpyrifos in cattle
tissues ranges from 4 to 7 days (International Programme on Chemical Safety, 1972).
Similarly, the half-life of TCP in soil has been found to range from 65 to 360 days (Hou et
al.,2022; Li et al., 2010). The long half-lives of chlorpyrifos and TCP further explain their

persistence in the environment and animal fat tissues.
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2.1.1 Mode of Action of Chlorpyrifos

Chlorpyrifos is active against various insect pests in household, agricultural, and veterinary
settings. Like other organophosphate insecticides, chlorpyrifos damages or blocks
acetylcholinesterase, an enzyme critical in controlling nerve signals in pests (Christensen
et al., 2009). Acetylcholinesterase (AChE) breaks down acetylcholine (ACh), a
neurotransmitter, preventing its accumulation at the synaptic junction for the body’s proper
functioning. Exposing insects to chlorpyrifos causes acute neurotoxicity through the
inhibition or suppression of AChE, leading to ACh buildup at the synaptic junction.
Chlorpyrifos binds to the enzyme's active site, preventing the ACh's breakdown. The
accumulation of Ach causes uncontrolled muscle and nerve stimulation, resulting in muscle
tetany, exhaustion, and eventually death (Ambreen and Yasmin, 2021). In humans, acute
exposure to chlorpyrifos exhibits within minutes to hours with initial signs including
tearing of the eyes, nausea, increased sweat and saliva production, headache, and runny

nose (Christensen ef al., 2009).

2.1.2 Chlorpyrifos Residues in Vegetables and Milk

Multiple studies have been conducted to investigate the presence of chlorpyrifos in
vegetables and milk. For instance, Momtaz and Khan (2024) analyzed chlorpyrifos
residues in cabbage, eggplant, and cauliflower samples and compared the residue levels
with the MRL. The study detected chlorpyrifos residues in 66% of the cabbage samples,
with 65% having levels above the MRL (Momtaz and Khan, 2024). Similarly, 80% of the
eggplant samples contained chlorpyrifos, with levels higher than the MRL in 65% of the
samples. For cauliflower samples, chlorpyrifos was found in 44%, and 91% of the samples

had residues above the MRL (Momtaz and Khan, 2024). Hongsibsong et al. (2020) also
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conducted a study to monitor chlorpyrifos residue levels in vegetable samples. The
researchers reported that over 33.8% of all the samples used in the study tested positive for
chlorpyrifos, with levels as high as 275, 145, and 35.8 ppm being detected in cucumbers,
coriander, and morning glory, respectively. Significantly high chlorpyrifos residue levels
of 26.95 and 332 ppm were also detected in Chinese kale and Chinese cabbage,

respectively (Hongsibsong et al., 2020).

In a study to assess pesticide residue levels in peri-urban milk, Gill et al. (2020) identified
chlorpyrifos as one of the leading sources of milk contamination. Some milk samples
collected from different sites during the study contained chlorpyrifos levels above the
MRL, with the leading group comprising 11.2% of contaminated milk. The least
contaminated group had 6.3% of the samples with chlorpyrifos residue levels higher than
the MRL (Gill et al., 2020). Another study by Dasriya et al. (2021) aimed to detect
pesticides in milk, cereals, and fruit juices. The researchers found chlorpyrifos and other
pesticides in 33 of the 125 collected milk samples, with chlorpyrifos levels in most samples
being above the MRL. Further, Asamba ef al. (2022b) investigated chlorpyrifos' effect on
calcium levels in milk. The study found significant levels of chlorpyrifos in 53% of the raw
milk samples collected from different counties, with all the chlorpyrifos-contaminated

samples exceeding the MRL (Asamba et al., 2022b).

According to the available literature, milk is a crucial primary product and a leading protein
source in the food industry (Goérska-Warsewicz et al., 2019; Jonas et al., 1976; Ma et al.,

2019; Pereira, 2014). It is used in the production of multiple secondary products, including
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yogurt, cream, and cheese. Among dairy products, milk remains the most widely consumed
due to its rich content of fat, protein, and essential minerals, qualifying it as a nearly
complete food (Zheng et al., 2014). Milk is an essential constituent in many people's daily
diet, including vulnerable groups, such as infants, the sick, and the elderly. For this reason,

milk was chosen as one of the samples in the present study.

Similarly, kale is among the most widely consumed leafy vegetables due to its nutritional
value and high availability worldwide (Samec et al., 2019; Satheesh and Fanta, 2020). It
belongs to the Brassicaceae family, which includes other crops like cabbage, broccoli, and
cauliflower, and is scientifically known as Brassica oleracea var. sabellica (Satheesh and
Fanta, 2020: Khalid et al., 2023). Studies have linked the regular consumption of
vegetables such as kale to reduced risk of obesity and chronic diseases such as cancer and
cardiovascular diseases (Alfawaz et al., 2022; Sheats and Middlestadt, 2013).
Consequently, an increasing trend in the consumption of leafy vegetables has been recorded
recently (Satheesh and Fanta, 2020). In Kenya, kale is popularly known as sukuma wiki. It
is highly popular in many households due to low selling prices in the market and low
production costs. In many cases, kale is for fresh consumption and is also widely eaten raw
in the form of salads, increasing the risk of pesticide residues. Due to its popularity and
vast consumption, kale was the vegetable of choice in the current study. Furthermore, Wang
et al. (2021) report that milk and green leafy vegetables such as kale are among the most

affected by adulteration processes, contributing to over 14% of all foodborne illnesses.
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2.2 Analytical Methods for Pesticide Residue Analysis in Vegetables and Milk

Analytical methods are integral in monitoring pesticide residues in food, including milk
and vegetables. Pesticide monitoring and analysis include detecting, identifying, and
quantifying certain pesticides or their degradation products. Previous studies have achieved
this using spectroscopic, chromatographic, immunoassay, and mass spectrometry
techniques. For example, in their investigation of the effects of washing and cooking
vegetables on chlorpyrifos and its metabolites, Ling ef al. (2011) used gas chromatography
coupled with triple quadrupole mass spectrometry (GC/MS/MS). Although they were able
to detect chlorpyrifos and its primary metabolite TCP in cabbage, eggplant, cucumber, and
tomato, they reported a complex sample preparation procedure that involved blending the
samples, causing irreversible damage, and the use of acetone, a hazardous solvent (Ling et
al., 2011). The researchers found that washing and cooking could not entirely remove
chlorpyrifos residues and their metabolites from vegetables (Ling et al., 2011). Their
findings underline the need for the present work, whereby it develops a simple and non-

destructive method for pesticide residue analysis.

Sheridan and Meola (1999) used GC/MS/MS to identify pesticides in agricultural samples,
including vegetables, fruits, and milk. The study points out some of the key benefits of this
analytical method, which include high sensitivity and selectivity, as well as the ability to
analyze multiple pesticides simultaneously (Sheridan and Meola, 1999). Nevertheless, the
researchers also identified sample matrix interference as a major challenge. A problem was
encountered in detecting two pesticides (methamidophos and acephate), which was

attributed to the capillary columns’ active sites (Sheridan and Meola, 1999). Moreover, the
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study reported lab contamination from extraction reagents as a significant obstacle to
detection limit determination (Sheridan and Meola, 1999). By employing Raman
spectroscopy, the present study overcomes these challenges since it does not involve
columns or extraction reagents necessary for traditional separation methods. Also, the fact
that Raman spectroscopy relies on bond vibrations rather than compound separation

minimizes the problem of matrix interferences.

Further, to analyze pesticide residues in vegetables and fruits, Stocka et al. (2016) used gas
chromatography with an electron capture detector (GC-ECD) after sample preparation
using QUEChERS (Quick, Easy, Cheap, Effective, Rugged and Safe). After optimizing the
experimental parameters such as sample amounts, solvent and sorbent types, and extraction
time, detection limits of between 0.003 and 0.011 ppm were established for all analytes
(Stocka et al., 2016). The researchers emphasize the method’s high sensitivity and
selectivity, making it reliable and convenient for routine pesticide residue monitoring in
fruits and vegetables. Using the GC-ECD, the study detected chlorpyrifos residues in apple
and tomato samples (Stocka et al., 2016). Some of the challenges reported in the study
include solvent issues, whereby ethyl acetate resulted in the co-extraction of interfering
compounds that contaminated the chromatography column. Additionally, the researchers
used a small sample size of about 5g while noting that their method could be cumbersome
for routine analysis. The current study circumvents the solvent issues associated with GC-
ECD and other traditional analytical methods by employing Raman spectroscopy, a

solvent-free technique. Besides, the direct and non-destructive approach adopted by the
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present research study helps overcome the challenge that comes with handling large sample

volumes.

In another study by Bedi et al. (2018), pesticide residues in milk and their connection to
pesticide contamination of dairy cattle’s feedstuffs were investigated. Using gas
chromatography (GC), the researchers detected chlorpyrifos as the primary contaminant in
fodder and milk samples from 55 dairy farms, affecting 45.7% of the samples (Bedi et al.,
2018). The results were also confirmed using a gas chromatography-mass spectrometer
(GC-MS) (Bedi et al., 2018). However, the researchers highlight the challenge of residue
extraction, whereby incomplete extraction due to complex sample matrices such as milk
could result in inaccurate measurements (Bedi et al., 2018). Notably, the current study
overcomes such challenges since it adopts a direct and non-destructive approach that

requires minimal to no sample preparation.

Although conventional pesticide residue analysis techniques have proved superior in
sensitivity, selectivity, and reliability, they are associated with limitations such as complex
sample preparation procedures that are often time-consuming, possible interference from
solvents and extraction reagents, and inefficiency in settings with larger sample volumes.
However, these limitations can be avoided by adopting simple, cost-effective, and portable

methods such as Raman spectroscopy.
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2.3 Raman Spectroscopy

2.3.1 Fundamentals of Raman Spectroscopy

Raman spectroscopy is one of the increasingly popular vibrational techniques with multiple
applications in chemistry (Shipp et al., 2017). The technique includes shining a
monochromatic laser light on a sample and detecting the scattered light. When a sample’s
molecule scatters light, the photon’s oscillating electromagnetic field causes temporary
polarization of the molecular electron cloud (Baiz et al., 2020). The electric field (E),
induces a dipole moment (P), which is proportional to the field as represented in Equation
2. 1.

P= aE (2.1)
The molecule’s polarizability is represented by a (the proportionality constant), which is a
measure of the ease with which the molecular electron cloud can be distorted (Tandon et
al., 2019). The bond’s change in polarizability leads to Raman scattering, whose intensity
is directly proportional to the square of the induced dipole moment (Keresztury, 2006). A
vibration that causes little change to the molecule's polarizability is linked to low Raman
band intensity. For instance, the vibrations of a highly polar moiety, such as the O-H bond,
are typically weak (Baiz et al., 2020). This is because an external field can't induce a
significant dipole moment change; hence, bending or stretching vibrations do not change,
resulting in a weak or no Raman signal (Seki et al., 2020). In contrast, moieties with
distributed electron clouds, such as C=C, have a strong Raman scattering effect. An
external field easily distorts the double bond’s pi-electron cloud, and stretching or bending
causes a substantial change in the electron density distribution (Zedler et al., 2014). This

ultimately gives rise to a significant change in the induced dipole moment.
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During the interaction between the photon and molecule, the photon’s energy is transferred
to the molecule, leaving it in a higher energy state. This phenomenon results in a short-
lived complex between the molecule and the photon, often known as the molecule’s virtual
state (Terrones ef al., 2023). Notably, the virtual state has an arbitrary energy, which does
not have to be an actual allowed state (Shipp et al., 2017). This state is typically unstable,
and the photon is re-emitted almost immediately (10-15 seconds) as scattered light
(Terrones et al., 2023). Timing is crucial as it distinguishes Raman scattering and other
slower phenomena, such as fluorescence. In most scattering events, the molecule's energy
remains unchanged after interacting with the photon. The molecule decays from the virtual
state into the ground state, a process that is influenced by temperature and state distribution
in the molecule (Shipp et al., 2017). Therefore, the energy, wavelength, and frequency of
the scattered photon equal those of the incident photon, a phenomenon known as Rayleigh
scattering (Li et al., 2024). Since Rayleigh scattering conserves the particle’s energy, it is

also called elastic scattering, and it is often the dominant process (Surzhykov et al., 2015).

In contrast, only a significantly small amount of scattering (about one in 10 million)
involves an energy shift, which gives rise to Raman scattering (Jones et al., 2019). This
results in a weak signal, which is one of the significant downsides of Raman spectroscopy.
Raman scattering is a rare and inelastic process that involves energy transfer between the
photon and molecule (Jones ef al., 2019). The molecule may gain energy after interacting
with the photon and is excited to a higher vibrational level. In contrast, the scattered photon
loses energy, increasing its wavelength and leading to Stokes scattering or Stokes shift

(Shipp et al., 2017). Conversely, the sample molecules may lose energy, falling to a lower



19

vibrational level. At the same time, the photon gains energy, decreasing its wavelength and
leading to anti-Stokes scattering or anti-Stokes shift (Shipp et al., 2017). According to
quantum mechanics, Stokes scattering dominates over anti-Stokes scattering (Kauffmann
et al.,2019; Shipp et al., 2017). For anti-Stokes scattering to happen, the molecules should
already be in an excited vibrational state before interaction with the incident photon,
making it rare (Li et al., 2024). The populations between the excited (Nv) and ground (Ny)

states can be predicted using equation 2.2.

hwy

M = ekpT (2.2)

g

In equation 2.2, h is the Planck’s constant, wy represents the vibration energy’s frequency,
kg is the Boltzmann constant, and T represents the sample’s temperature. Since most
molecules will be in the ground vibrational level at room temperature, Boltzmann
distribution predicts that Stokes scattering is statistically more likely compared to anti-
Stokes (Thyr and Edvinsson, 2023). Consequently, Stokes Raman scattering is more
intense than anti-Stokes, which explains why Raman spectroscopy almost entirely
measures Stokes scattering (Li et al., 2024). Brewer and Kirkwood (2013) note that the
anti-Stokes shift is often weaker than Stokes; thus, it is generally ignored and filtered out.

Figure 2.3 shows the energy diagrams for Rayleigh and Raman light scattering.
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Figure 2.3: Energy diagrams for Rayleigh and Raman light scattering (Source: Li et
al., 2024)

Therefore, Raman scattering involves incident photons losing or gaining energy after
interaction with a sample’s vibrating molecules. This technique uses light scattering to
reveal valuable information about the molecule’s bonding, electronic environment, and
structure, enabling substance identification and characterization (Singh et al., 2014). As
aforementioned, only a small fraction of photons undergoes Raman scattering. This has
necessitated techniques to enhance the scattering, giving rise to a method known as surface-

enhanced Raman spectroscopy (SERS) (Li et al., 2024).
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Traditionally, SERS involves using nanostructured materials, such as gold and silver,
amplifying the Raman signal by up to 10'#! and enabling the detection of single molecules
(Contreras-Caceres ef al., 2011; Tao et al., 2022). Two accepted mechanisms, chemical and
electromagnetic, explain the signal enhancement effect (Contreras-Caceres et al., 2011).
Electromagnetic enhancement involves the adsorption of analyte molecules onto a metal
surface followed by an excitation which forms a plasmon whose energy initiates the Raman
process in the analyte molecules (Contreras-Caceres ef al., 2011; Langer et al., 2020). On
the other hand, chemical enhancement entails the interaction between the analyte
molecules and the substrate, modifying the polarizability of the molecules and, thus, the

vibrational modes’ Raman cross-section (Pilot et al., 2019).

Recent studies have demonstrated the utility of aluminium foil as a readily available and
inexpensive SERS substrate. For instance, Bukasov ef al. (2023) applied aluminum foil in
the detection of biological compounds and compared it to gold film substrate. The authors
reported that aluminium foil performed equally well with conventional SERS substrates
such as gold. In agreement with these findings, Sultangaziyev et al. (2020) found that
aluminium foil has a high potential as a low-cost metal substrate for Raman signal
enhancement, sometimes outperforming gold film in terms of reproducibility. The
availability of low-cost signal amplification methods qualifies Raman spectroscopy as a
suitable vibrational technique. In addition, it is a direct determination method requiring
minimal or no sample preparation, allowing for the rapid, non-destructive analysis of solid

and liquid samples. For this reason, Raman spectroscopy is ideal for both qualitative and
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quantitative analysis of chlorpyrifos residues in solid and liquid agricultural products. The

current study uses SERS to analyze chlorpyrifos in milk.

2.3.2 Application of Raman Spectroscopy in Pesticide Residue Analysis

Various studies have employed Raman spectroscopy to examine chlorpyrifos and other
pesticide residues in diverse agricultural products. Mikac et al. (2021) used SERS to detect
a range of pesticides in food samples. The researchers highlighted some of the method’s
notable advantages, including its ability to handle samples in different states (solid and
liquid), simplicity, and rapidness (Mikac et al., 2021). The researchers add that the
discovery of SERS has increased the application of Raman spectroscopy, including the
analysis of multiple compounds in situ, with increased sensitivity and repeatability (Mikac

etal. 2021).

In a different study to detect pesticide residues on fruit surfaces, Chen et al. (2018) used
SERS to obtain information about the distribution of chlorpyrifos and omethoate residues
on the surface of apples. The method allowed for the detection of the peaks of interest,
which helped to quantitatively analyze the pesticide residues, exemplifying the rapidness

of Raman spectroscopy in detecting pesticides in food and agricultural products.

Further, Tao ef al. (2022) conducted a study using SERS to detect several pesticides,
including chlorpyrifos, carbendazim, and thiabendazole. Using a substrate, the researchers
achieved a low detection limit, enabling the trace analysis of pesticide residues on tomato
peel (Tao et al., 2022). These researchers identify the preparation of flexible substrates as

a major limitation of SERS since the process involves complicated procedures and the
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nanoparticles’ morphology is not easily controlled (Tao et al., 2022). Yet, the study
demonstrates that high accuracy can be achieved using Raman spectroscopy, allowing for

rapid detection of pesticide residues on agricultural products such as tomatoes.

Similarly, Li et al. (2014) used SERS to detect fenthion and phorate, organophosphate
pesticides, in apple skin. The study's results demonstrated that the Raman peaks of the two
pesticides could be easily identified using SERS, further depicting this spectroscopic
technique as simple, fast, and convenient in pesticide residue detection. Li and colleagues
also noted limitations, such as background noise, outpower stability requirement, and the

influence of noises.

A recent study by Chen et al. (2023) used SERS to detect residual pyrimethanil and
chlorpyrifos on fruit surfaces. The application of SERS enabled the researchers to detect
trace amounts of the chemicals in vegetables and fruits within minutes. This demonstrated
the possibility of achieving rapid detection of pesticide residues and high sensitivity using
Raman spectroscopy. The researchers draw attention to other advantages of Raman
spectroscopy, such as its non-destructive analytical ability and the capacity to provide rich
information regarding a sample’s molecular vibrations and chemical structure (Chen et al.,

2023).

Wang et al. (2024) also employed SERS in pesticide residue analysis of the pericarp. The
researchers reported SERS’s ability to detect trace amounts of ten different pesticides (10

ppt) in the sample, illustrating the sensitivity of this approach. Like in other previous
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studies, Wang et al. (2024) described the advantages of SERS, such as broad adaptability,
unique fingerprint peaks, and amplified sensitivity. However, the study linked Raman
spectroscopy to limitations such as background interference and the need for improved

differentiation ability when it comes to in-situ detection.

Furthermore, Pham et al. (2022) conducted a study to rapidly determine multiple pesticide
residues (acephate, imidacloprid, and carbaryl) in mango fruits using SERS. In their study,
the characteristic peaks of the pesticides under investigation were clearly observed, with
the lowest detection limit recorded as 5 x 10°mg/kg (Pham et al., 2022). In line with the
observation made by Tao ef al. (2022), the researchers noted that the most significant
challenge of SERS occurs in the design of the substrate Pham et al. (2022). Nevertheless,
the study identified the strengths of Raman spectroscopy, including improved sensitivity,
rapid analysis due to the absence of traditional time-consuming sample preparation, and

the capacity for multi-residue analysis.

A comprehensive review of previous studies that use Raman spectroscopy to detect
pesticide residues shows that the method offers several advantages over wet-chemistry
techniques. These benefits include its simplicity, rapidness, non-destructiveness, ability to
handle samples in different states, and in-situ analysis of multiple compounds. In terms of
analytical performance, reported studies also show that Raman, and particularly SERS, can
achieve low detection limits for a range of pesticides, with limits of detection typically

spanning from the low mg/L (ppm) level down to ug/L or even sub-ug/L (ppb or lower),



25

depending on the analyte, substrate, and measurement conditions (Dowgiallo and

Guenther, 2019; Mayorga et al., 2025; Vandenabeele et al., 2012; Wang et al., 2025).

Notably, the current study leverages these advantages to develop a quick method for
detecting chlorpyrifos residues in milk and vegetables. On the other hand, the present study
mitigates the limitations of Raman spectroscopy, as identified in prior research. For
instance, previous works identify the preparation of SERS substrates as a significant
limitation of the method. However, the current study uses aluminium foil as the SERS
substrate, thereby eliminating the need for expensive nanostructured materials such as gold
and silver. Additionally, background noise and other types of noise have been
acknowledged as possible drawbacks of Raman spectroscopy. However, the current study
addresses these limitations by using preprocessing methods such as baseline correction and
smoothing. Finally, some studies have identified the method's differentiation ability as an
area for improvement. In this regard, the present study applies chemometric techniques,
such as PCA, to the spectral data, compressing the data and reducing noise, ultimately
improving sample differentiation.

2.4 Principal Component Analysis in Spectroscopic Data

2.4.1 Theory of Principal Component Analysis

Principal component analysis is a chemometric technique that transforms a large set of
correlated variables into a smaller set of uncorrelated variables (principal components) that
explain most of the original data’s variability. PCA is considered an unsupervised ML
technique because it involves a set of predictors or features X, X, ..., Xp, without the

associated response Y (Sen and Das, 2023). This technique extracts meaningful
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information, removing noise and reducing the dimensionality of a large data set by
computing principal components (PCs) and subsequently using these components to reveal
data patterns (Kherif and Latypova, 2019). In spectroscopy, PCA clusters data according
to their spectral characteristics. Therefore, PCA serves as a data visualization tool in
addition to producing variables for supervised ML. Moreover, PCA can be employed for

data imputation, which entails filling missing values in a data set (James et al., 2013).

Standardizing data before performing PCA is recommended to ensure all variables under
consideration are on the same scale. Without standardization, the PCs obtained tend to be
biased toward the variables with high variance, which ultimately affects the results of ML
models with the PCs as inputs (James ef al., 2013). PCA finds a linear combination of the
features that help explain the maximum data variance. For a matrix X, with »n observations
and p features, up to p distinct PCs can be constructed. For example, a maximum of two
PCs is constructed for a two-dimensional (2D) data set. The first PC represents the direction
in which the data varies the most and captures most of the information (Mishra et al., 2017).
It can be represented as shown in equation 2.3.

Zl = @11X1 + @21X2 + -+ ®P1Xp 2.3

The coefficients @4, ...,p; form the loading vector @; = @15 By ... Bp1)  while the

constraint 5’21 (Z)fl =1 is introduced by normalization to prevent arbitrarily large
variance (James et al., 2013). The first PC is computed by optimizing the problem in 2.5,

which can be solved by eigen decomposition.

. 1 2 .
maximize 15, ..., Bp1 {; ?zl(Z?zl 0i1%i;) }subject to Y¥_ 05 =1 (2.5)
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The second PC captures the second highest variability in the data and takes the form shown

in equation 2.6.

Zip = Quoxin + Doaxip + -+ OprXip (2.6)

The first and second PCs are uncorrelated (Mishra et al., 2017), implying that the two are
orthogonal or perpendicular. All other PCs are computed by following similar steps while
ensuring that each is orthogonal to all the previous PCs. The cumulative variances of the
PCA scores determine the optimal number of PCs, with PCs explaining low variances

representing noise.

2.4.2 Utility of Principal Component Analysis as a Dimensionality Reduction
Technique

According to Shi et al. (2022), Raman spectroscopy data often involves complex spectra
with thousands of dimensions and redundant information. Consequently, subsequent
analysis demands more computational resources and negatively influences the accuracy
and robustness of the developed models (Shi et al., 2022). Using the entire spectrum for
modeling is discouraged to optimize ML models and boost their prediction accuracy.
Instead, the characteristic range spectrum should be selected for processing and analysis,
followed by the extraction of the variables whose contribution rate is high and the use of
these variables to model relationships (Shi ef al., 2022). This process is referred to as
feature extraction, and PCA is one of the most commonly used techniques. PCA is a popular
technique for simplifying complex spectral datasets. It achieves this by finding recurring
data patterns while maintaining minimal information loss (Beattie and Esmonde-White,

2021).
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Walse et al. (2016) used PCA to reduce the number of raw data features for the development
of optimal artificial neural networks (ANN). The researchers investigated how the average
classification performance of the model varied with the number of PCs as input. The
optimal performance was realized with 70 PCs, reducing the number of features from 561,
while retaining most discriminative information (Walse et al., 2016). As a result, an overall
prediction accuracy of 96.17% was achieved, while the training time was significantly
reduced to 128.00 s from 658.53 s when the model was built using all the 561 features
(Walse et al., 2016). Also, the study compared these results with those of other techniques
with more predictive features, such as RF with 186 features, which gave an accuracy of

95% (Walse et al., 2016).

In a different study by Shi et al. (2022), PCA was used for non-linear feature extraction in
processing SERS data for pesticide residue detection on fruit surfaces. The researchers
reduced the number of raw data features to only two PCs, accounting for 98.9% of the data
variance. Similarly, Chen et al. (2023) performed PCA on SERS data and used the first
three PCs, cumulatively accounting for 75.1% of the data variance. The PCs were used to
build an SVM classification model, achieving an accuracy of 96%. Furthermore, Ma et al.
(2020) performed PCA on SERS data in a study to rapidly determine chlorpyrifos pesticide
residues in tomatoes. PCA reduced the number of features from 24 to 2, enhancing their
model’s quantification accuracy. Also, using Raman spectroscopy data, Jiang et al. (2021)
employed PCA as a dimensionality reduction technique in their study to differentiate milk
samples from different species, such as cow, human, goat, and buffalo. Their study used

the first 8 PCs as inputs to RF, improving their classification model’s accuracy to 93.7%.
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These studies demonstrate PCA as an essential feature extraction and data compression

technique whose output helps improve the performance of ML models.

2.5 Supervised Machine Learning

Machine learning is a subset of artificial intelligence (Al) (Wang ef al., 2024), the capacity
of machines to perform human-like tasks. ML allows applications and systems to learn
from experience, enhancing performance automatically without programming (Sarker,
2021). Instead of writing a program to solve a problem, ML collects many examples
specifying the correct output for a given input. An ML algorithm then learns from the
examples and produces a program that processes new input to give the corresponding
output. This capacity to perform on new and previously unseen data makes ML models
robust (Ren ef al., 2021). The algorithms’ ability to extract meaningful information from
big and complex datasets has prompted their wide application in analytical sciences,

including mass spectrometry, chromatography, and spectroscopy (Lussier ef al., 2020).

Supervised learning is the most common ML approach and utilizes labeled data for training
in order to map specific inputs to their respective outputs (Sarker, 2021). Labeled data
implies that the outcome is known, which informs the algorithm of the correct output from
a given dataset. Classification and regression are the main types of supervised learning
(Nasteski, 2017). While classification predicts categories/classes and has discrete
outcomes, regression involves identifying relationships within multiple variables, which
often have a continuous range (Alnuaimi and Albaldawi, 2024). Examples of supervised

learning ML algorithms include random forests (RF) and support vector machines (SVM).
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2.5.1 Random Forest

Random forest is a classifier that employs multiple de-correlated trees for training and
predicting samples (Ye et al., 2022). As one of the advanced tree-based methods of ML,
RF is an improved version of bagging, a procedure that reduces variance by creating
multiple sub-samples of the original data and building separate prediction models (Janitza
and Hornung, 2018). Like bagging, RF uses bootstrapping (sampling from a single data set

with replacement) to create B distinct training sets. The model is then trained on the bth

bootstrapped training set, resulting in the prediction f*b (x). An average of all the

predictions is then obtained, as shown in equation 2.7.

fag@®) = 5Zh-1 @) (2.7)

B trees are constructed and grown deep without pruning, leading to high variance but low
bias in individual trees. By combining many trees, RF reduces the variance and
significantly improves accuracy (Sun et al., 2024). Each decision tree’s construction
involves recursive binary splitting. A root node, which typically embodies the whole set of
inputs or a portion of them, is separated into two or more groups (sub-nodes) (Janitza and
Hornung, 2018). The recursive process continues until a terminal node or leaf node, which
often represents a minimum number of observations, is reached. Such a complete tree’s
segment is known as a sub-tree or branch. Notably, each binary split is governed by a set
of rules depending on the type of input variables, and the split’s quality is determined using
either entropy or Gini impurity (James et al., 2013). Entropy measures the uncertainty in
the dataset at a given split, with lower entropy values indicating purer nodes. Given i input

features, entropy can mathematically be expressed as:
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entropy = Y.;(—P;log,P;) (2.8)

where P; is the probability that a data point belongs to class i. The choice of the split should
be such that it minimizes entropy, thus reducing uncertainty and improving the
homogeneity of the group. After the first split, the decision to determine the side of the split
a particular variable goes is made, and the process unfolds iteratively. Gini impurity,
another commonly used metric in RF, measures the probability of misclassifying a

randomly chosen data point within a node. It is given by:
Gini =1-Y;P? (2.9)

Thus, a low Gini impurity value of zero means perfect classification, where all values
belong to a single class. Like entropy, Gini impurity seeks to minimize entropy, informing
the decision tree on the best possible split. Constructing and growing decision trees is
repeated across all bootstrapped samples. After each tree is fully grown, it is used to predict
outcomes for the out-of-bag (OOB) data, which refers to the subset of training data not
included in the bootstrapped set for a particular tree. The final prediction is obtained by
aggregating the output of all trees, often through a majority vote in classification problems
or averaging in regression tasks. RF offers benefits such as reduced risk of overfitting,
flexibility, and low sensitivity to outliers (Ali et al., 2012), which is why it was adopted in

the current study to classify samples and quantify their chlorpyrifos levels.

2.5.2 Support Vector Machine and Support Vector Regression Model

A support vector machine is an algorithm primarily used for classification problems but
can be employed in regression tasks through its variant, support vector regression (SVR).
SVM generates the optimal hyperplanes or decision boundaries that best segregate n-

dimensional space (feature space) into classes, making it easy to put the new data points in
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the correct category (Lussier et al., 2020). In p-dimensional space, a separating hyperplane

can be expressed as:

Bo + Bixix + Baxip + -+ Bpxip > 0, if y; = 1,

and (2.10)
Bo + Bixix + BaXiz + - + Bpxip < 0ify; = —1

Therefore, the hyperplane has the following property:

yi(Bo + Brxis + Boxiz +  + Bpxip) >0, foralli = 1,...,n. (2.11)

This hyperplane (which results in a linear decision boundary) will separate a set of samples
into two classes, where an input will be assigned to a class based on the side of the
hyperplane on which it falls. The model identifies the extreme vectors or points, known as
support vectors, to create the hyperplane. The hyperplane is typically constructed to
maximize the margin, the distance between the hyperplane and support vectors (Yang et
al., 2022), as shown in Figure 2.4, while solving the optimization problem 2.12 for linear

class boundaries.
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Figure 2.4: A two-dimensional space hyperplane (Source: Ma and Guo, 2014)

Solving the optimization problem allows for the classification of inputs depending on the

side of the hyperplane on which they lie.

maximize M
Bo.B1)Pp€1,€n,M

subject to Y7_; B7 = 1,
Yi(Bo + Bixis + Baxiz + -+ + Bpxip) = M(1 =€),
€ =0, XL, €<C,

where M is the margin’s width; f,,f;,...0p are

(2.12)

maximal margin coefficients; and

25';1 ,sz =1 is the constraint. x; and y; are the inputs and their associated labels,

respectively. Additionally, C is a regularization parameter, and €4, ...,

€, are variables that

permit observations to fall on the wrong side of the margin or hyperplane. A large C results
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in a wide margin, low variance, and high bias, while a small C narrows the margin,
lowering bias and increasing variance (James et al., 2013). Therefore, C is a positive tuning

parameter that controls the trade-off between bias and variance.

For non-linear class boundaries, SVM uses kernels to enlarge the feature space. This
applies to spectral data, which normally contains hundreds or thousands of columns.
Adding a kernel function transforms the data into a higher-dimensional space, achieving
basic segregation. The radial kernel is a commonly used kernel function for nonlinearly

separable classes and takes the form shown in equation 2.13.

K(x;,x;1) = exp(—y Z?:l(xij - xi’j)z) (2.13)
where v, another crucial tuning parameter, is a positive constant.

SVR is based on the same working principles as SVM, with the primary difference being
in the model inputs. The former uses continuous variables as inputs to predict continuous
outputs. In contrast, categorical inputs are used in SVM to predict classes. SVM and SVR
are known for their effectiveness in high-dimensional spaces, versatility, and capacity to
model non-linear decision boundaries (Yang et al., 2022). Consequently, the present study

adopts these ML models to solve multiclassification and regression problems.

2.5.3 Machine Learning Application in Spectroscopy

Traditionally, spectroscopic data interpretation entailed establishing one-to-one
relationships between spectrum and structure and matching spectra to existing libraries.
This process is effective when involving data with well-defined peaks but can be tedious,

especially when dealing with the Raman spectra of complex samples, such as milk and
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vegetables. Due to the heterogeneous nature of such complex samples, their Raman spectra
are characterized by overlapping peaks that make their conventional interpretation difficult.
ML has the capacity to handle complex spectral data, overcoming the limitations of

univariate data analysis (Sarker, 2021).

A study by Du et al. (2020) used RF to analyze chlorpyrifos residues in pears using Raman
spectra. The researchers observed that combining Raman spectroscopy with ML
techniques, such as RF helps expedite the accurate detection of pesticide residues. On the
other hand, Zhu et al. (2021) employed SVM in the multivariate analysis of SERS spectra,
enabling the rapid detection of chlorpyrifos residues in tea. The detection took
approximately 15 minutes and a t-test demonstrated no difference existed between the
observed and predicted values. The results confirmed the method’s rapidity and accuracy
in pesticide detection. Lee et al. (2020) employed SERS combined with k-nearest neighbor
(KNN), linear discriminant analysis (LDA), and partial least squares discriminant analysis
(PLSDA) to classify animal feed samples and quantify the levels of chlorpyrifos and
aldicarb. The study demonstrated the effectiveness of ML in classifying spectroscopic data
and the possibility of the method as an effective and efficient analytical technique for

analyzing pesticides in complex matrices.

Furthermore, Liu et al. (2016) used partial least squares (PLS) regression to model SERS
data for the detection and quantification of pesticides (chlorpyrifos and phosmet) in fruit
samples, with the optimal prediction model having a correlation coefficient (r) of 0.843

and a root mean square error of prediction (RMSEP) of 2.992 mg/L. The researchers
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recommend further development of the quantitative method to increase accuracy based on
the relatively poor results. The current study addresses this challenge by identifying the

pesticide’s Raman fingerprint and adopting more sophisticated ML models.

A study by Weng et al. (2019) used various models, including KNN, PLSDA, and SVM,
to detect pesticide residues in paddy water. A 100% classification accuracy of Raman data
was achieved using KNN, while the SVM provided optimal quantitative analysis results,
with an RMSEP of 0.207 and a coefficient of determination (72) of 0.99952. The study
concluded that using SERS with ML techniques can provide a simple and convenient
approach to pesticide residue analysis. Similarly, Zhu et al. (2018) employed classification
models, including KNN and the genetic algorithm-partial least squares (GA-PLS), to model
Raman data, enabling the quantitative and qualitative detection of chlorpyrifos in tea. The
models exhibited high prediction performances as reflected by r? values of between 0.96
and 0.98 as well as RMSEP values of 0.29 and 0.31. Consequently, the study highlights the

power of ML models as effective analytical tools for chlorpyrifos residue analysis.

Moreover, Yazgan et al. (2019) utilized PLSDA in analyzing Raman data to discriminate
milk samples based on their authenticity. The researchers were able to also discriminate the
milk samples based on their species (ewe, goat, cow, and mixture) with a success rate of
over 91.5%. Based on the results, the study emphasizes the utility of Raman spectroscopy
coupled with models like PLSDA in the analysis of milk to determine its origin. The present
study builds on this line of thought, employing ML models for pesticide detection and

quantification in milk. The study further uses ML to process the Raman data from
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chlorpyrifos-free (control) and chlorpyrifos-contaminated (treated) kale samples and

predict the categories and contamination levels using unseen data.

2.5.4 Literature Gaps Addressed by the Current Study

Previous studies have demonstrated the effectiveness of conventional pesticide residue
analysis techniques, such as GC-MS and HPLC. However, these methods require extensive
sample preparation, hazardous solvents, and prolonged analysis times, making them
impractical for rapid screening and large-scale monitoring (Bedi et al., 2018; Ling et al.
2011; Stocka et al., 2016). Other studies have explored spectroscopic methods like SERS
for pesticide residue detection, highlighting its sensitivity and rapidity (Mikac et al., 2021,
Tao et al., 2022). Despite these advantages, issues such as matrix interference and the high
cost of conventional SERS substrates like gold and silver nanoparticles remain key
limitations (Chen et al., 2023; Wang et al., 2024). Additionally, while machine learning
models have been utilized in spectroscopy-based pesticide analysis, their application has
largely involved using the entire spectral range, which often reduces efficiency and
increases computational time and resource demands (Du et al., 2020; Zhu et al., 2021;

Weng et al., 2019).

The current study directly addresses these gaps by employing Raman spectroscopy as a
solvent-free and non-destructive technique for rapid pesticide detection in both milk and
vegetables. Unlike conventional analytical methods, this approach eliminates the need for
hazardous solvents and extensive sample preparation, making it more practical for routine
monitoring. To further enhance sensitivity and reduce background noise, aluminum foil is

introduced as a cost-effective and efficient SERS substrate, overcoming the high-cost
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barrier associated with traditional metal nanostructures. Moreover, PCA is applied to
identify a concise Raman fingerprint, which is then used for machine learning instead of
the entire spectral range, thereby optimizing data interpretation and improving
computational efficiency. The study also advances ML applications in pesticide detection
by integrating RF and SVM/SVR models to classify and quantify chlorpyrifos

contamination in both liquid (milk) and solid (kale) samples.

In summary, this work fills key information gaps in the literature by: (i) demonstrating a
rapid, non-destructive, and solvent-free Raman-based approach for monitoring
chlorpyrifos in two relevant food matrices (milk and kale); (ii) proposing a low-cost
aluminum foil SERS strategy as an alternative to expensive noble metal substrates; (iii)
introducing a fingerprint-based machine learning workflow that uses PCA-selected bands
rather than the full spectrum; and (iv) systematically evaluating RF and SVM/SVR models
for both classification and quantification of chlorpyrifos levels. These contributions extend
current knowledge on spectroscopy and machine learning approaches for pesticide residue
analysis and provide a framework that can be adapted to other pesticide-matrix

combinations.
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CHAPTER THREE

MATERIALS AND METHODS

3.1 Pesticide and Sample Collection

Chemical-free milk and uncontaminated kale leaves were sourced from Back to Nature
Organic Farm (see Appendix II) and transported to the laboratory. The milk was collected
in clean, sterilized bottles and sealed before being placed in a refrigerator to avoid
contamination. Similarly, kale samples were packed in sealed plastic bags and stored in the

crisper to maintain an optimal humidity level and freshness before analysis.

The pesticides used in this study were Duodip and Ranger (see appendix III). Duodip was
chosen for spiking milk because it is a commonly used acaricide by Kenyan dairy farmers
to control ticks in cattle due to its availability. It is applied by spraying or dipping in areas
prescribed by the directorate of veterinary services. Duodip contains 50% chlorpyrifos and
5% cypermethrin. On the other hand, Ranger has its active ingredient as chlorpyrifos (48%)
and was chosen for spiking kale samples because it is used to control a wide range of pests,
including aphids, termites, whiteflies, berry borer, and thrips. Notably, kale leaves are
affected by aphids and whiteflies, prompting farmers to use Ranger on this class of
vegetables despite the manufacturer's target crops being coffee and roses. The two
pesticides were obtained from a retail outlet and transported to the laboratory to prepare
different concentrations. Using commercially available pesticides enabled us to simulate

the actual process carried out by farmers.
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3.2 Sample Preparation for Chlorpyrifos Treatment in Milk and Kale Samples

The milk and kale samples were divided into two groups: the first group was treated with
varying concentrations of chlorpyrifos, while the second was used as the control group.
The range of chlorpyrifos concentrations was based on the established MRL (0.01 ppm)
and random concentrations above and below the value were generated. The concentrations
were also restricted to previously detected chlorpyrifos levels in milk and vegetables, with
the highest value of S5ppm and the lowest of 0.003ppm (Esturk ef al., 2014; Vemuri, 2016).

The dilution process used to prepare the concentrations was guided by equation 3.1.
C.Vy = C,V, (3.1)

where C; and C> are the initial and final concentrations, respectively, and V; and V>

represent the initial and final volumes, respectively.

In the case of milk, sample preparation included filtering to remove physical impurities
and large molecules that could interfere with the Raman signal. The milk was then divided
into two groups, the first for treated samples and the second for the control group. Duodip
was added to a portion of the first milk sample to prepare a stock solution (1000 ppm)
according to the instructions of the pesticide manufacturer. From the stock solution,
equation 3.1 was applied to prepare 21 concentrations labeled using A, B, C, ... up to U, as
listed in Table 3.1. The prepared solutions were vigorously shaken for maximum
homogenization based on the manufacturers' recommendations. The second group of milk
was left untreated for control purposes. Figure 3.1 shows the prepared milk samples for

analysis.
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Figure 3.1: Milk samples treated with varying levels of chlorpyrifos

Similarly, kale samples were grouped into two: one group was treated with chlorpyrifos
concentrations, and the remaining kale leaves were used as control samples. Following the
steps used for milk, Ranger was used to prepare 21 concentrations using distilled water for
application on kale leaves. Each solution was labeled using A, B, C ... up to U. Vigorous
shaking was also done to ensure maximum homogenization. For convenience, kale samples
were cut into small pieces using a scalpel and mounted on a flat surface, as shown in Figure
3.2. Using a piece of clean cotton wool, each of the 21 pesticide concentrations was
carefully applied to one of the kale leaf cuttings, which was pinned to a fixed position.
After application, the treated leaves were left to stand for about 5 minutes to allow the
applied chlorpyrifos solution to dry on the leaf surface at room temperature before spectral
measurements were taken. High-concentration spiking solutions (1000 ppm) for milk and

kale samples were also prepared.
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Figure 3.2: Kale samples containing different concentrations of chlorpyrifos. Spacing
between the samples was carefully chosen to prevent the different chlorpyrifos
concentrations applied from interfering with one another.

Notably, all precautions for using pesticides were observed during the experiments,
including wearing protective clothing such as a face mask and rubber gloves, handwashing,
and proper waste disposal. Moreover, the experiments were conducted in a well-ventilated

area to minimize the risk of inhalation.
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Table 3. 1 Concentrations of chlorpyrifos prepared for milk and kale samples

Sample label Concentration (ppm) of Above/Below MRL
solution for kale/milk
A 5 Above
B 4.1 Above
C 3 Above
D 2.5 Above
E 1 Above
F 0.8 Above
G 0.7 Above
H 0.5 Above
I 0.3 Above
J 0.1 Above
K 0.06 Above
L 0.03 Above
M 0.02 Above
N 0.015 Above
O 0.01 MRL
P 0.009 Below
Q 0.008 Below
R 0.007 Below
S 0.006 Below
T 0.0045 Below
U 0.003 Below

3.3 Raman Spectra Acquisition
The Raman spectra were acquired at room temperature and in a dark room (to avoid
ambient lighting) using a portable Raman spectrometer (EZRaman- NP-785, Enwave

Optronics, USA) with a laser excitation wavelength of 785 nm. To optimize the method for
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reliable Raman measurements, several adjustments were made. First, the laser power was
varied to identify the optimal level that provided sufficient spectral intensity while avoiding
sample degradation. Excessive laser power can destroy sensitive samples (Yazdanpanah et
al., 2024), hence the need to optimize laser power. The laser was set to 300 mW as better-
quality Raman spectra were generated using this laser power than when using lower laser
powers. Additionally, the laser power did not cause any damage, such as burning, to the

samples.

The distance between the instrument’s fiber-optic probe end and the sample surface was
varied during preliminary experimental trials, with the optimal working distance being
established at approximately 7 mm. This working distance was adopted and utilized
throughout the study. Optimal focusing ensured effective interaction between the laser and
the samples, enhancing signal quality. Since the Raman measurements were taken over
multiple days, calibrating the spectrometer was crucial to ensure spectral accuracy. A
polystyrene reference standard with a known characteristic peak at 1000 cm™ was used for
calibration before collecting any measurements. This procedure minimized the risk of axis
drift, which could otherwise lead to misaligned spectral peaks, affecting the reproducibility
of the results (Rusu and Baia, 2023). A 200 — 2000 cm™! spectral coverage was chosen since
it is considered sufficient for the Raman identification of biological samples (Bumbrah and
Sharma, 2016; He et al., 2020; Yang, 2022). Finally, laser safety goggles were worn

throughout the experiments to protect against accidental exposure to stray laser beams.
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Raman spectroscopy measurements were collected in two phases. The first phase included
milk as the sample, while the second used kale leaves. For milk spectral data collection,
the experiment used a clean aluminum foil to amplify the signal (Ondieki et al., 2023;
Sultangaziyev et al., 2020). The aluminum foil spectrum was collected and saved for
background subtraction. Drops of about 50uL of the control and spiked milk samples were
carefully smeared on an aluminum-wrapped glass slide (as shown in Figure 3.3 (a)), and
100 spectra were acquired from 20 random spots on five portions of each sample. The
integration time (time duration of each measurement) was set to 10 seconds, and an average
of 10 consecutive scans was collected and smoothed with a boxcar (a smoothing window
used to reduce noise) of 1 scan. It took approximately 1 minute and 43 seconds to obtain a

single spectrum.

For kale samples, the dried leaf cuttings were placed directly on the Raman instrument’s
solid sample holder for spectra acquisition (Figure 3.3 (b)). The Raman spectra of the kale
samples were also acquired over the wavelength range of 200 — 2000 cm-1 using a 785nm
laser. The integration time was set to 5 seconds, and each sample spectrum was averaged
over five consecutive scans and smoothed with a boxcar of 5 scans. It took approximately
30 seconds to obtain a single spectrum for each kale sample (representing a particular
chlorpyrifos concentration). 20 random spots on five leaf cuttings of each sample were

acquired, totaling 100 spectra for each concentration.
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Figure 3.3: Photograph of how milk (a) and d kale (b) samples were mounted on the
Raman spectrometer’s sample holder

3.4 Spectra Data Preprocessing

Raw Raman spectra from biological samples, such as those utilized in this study, are prone
to fluorescence background contributions, which are often extracted through data
preprocessing (Bocklitz et al., 2011). The current study's raw spectral data underwent
baseline correction to eliminate baseline drift. The Raman spectrometer had built-in
parameters that allowed it to fit a least squares line to each of the spectrum’s regions,
subtract the spectrum, and move the baseline close to the zero line. These operations
enabled the instrument to perform baseline correction, automatically eliminating the broad

fluorescence baseline.

Smoothing of the spectral data followed, which was realized using a third-order Savitzky-
Golay algorithm in spectragryph software (Menges, 2017). Smoothing removed noisy
artefacts in the Raman spectra. Finally, normalization was done using Origin software

(OriginPro, 2024). Normalization between 0 and 1 corrected intensity level disparities in
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the data, ensuring that the Raman bands of a particular sample (concentration) were as

similar as possible.

3.5 ANOVA of Spectra from Milk and Kale

Using the Data Analysis ToolPak in MS Excel, one-way ANOVA (Ostertagova and
Ostertag, 2013) was performed on the average preprocessed spectra of the control and
treated (1000 ppm) milk and kale samples to identify the spectral regions with the highest
variation. The spectra of the control and treated samples were transferred to an Excel sheet,
and the mean intensity at each wavenumber was calculated for each group. One-way
ANOVA was then applied at each wavenumber to test for statistically significant
differences in the mean intensities of the control and treated samples. Wavenumbers with
p-values below 0.05 were considered statistically significant and indicative of sensitivity
to the presence of chlorpyrifos (Thuku et al., 2025b). The resulting variance profile was
plotted as a function of wavenumber to visualize the regions showing the largest
differences, which were used to identify the spectral regions most informative for the

subsequent exploratory analysis.

3.6 Exploratory Analysis of Raman Spectra using PCA

As explained in section 2.4, PCA uses an orthogonal transformation to convert a set of
linearly correlated variables into a set of nonlinearly correlated variables, expressed as
percentage variances (PC scores). The method retains the most essential features directly
related to the outcome of interest while eliminating noise, redundancy, and irrelevant
features. The results are represented on a set of orthogonal axes known as principal
components, with PC1 describing the greatest variance, PC2 the second-highest, and so on.

Guided by the regions with high variance, as revealed by ANOVA, an exploratory analysis
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was done using PCA in open-source R (R Core Team, 2024) and the Chemospec package
(Hanson, 2024). In this study, PCA helped select the most influential band (fingerprint)
with the highest explained variance due to the pesticide and the best separation between
control and treated sample groups. Additionally, PCA was used to reduce the
dimensionality of the pre-processed Raman data, detect outliers, visualize the data, and
extract PCs, which served as inputs to the ML models. Using PCs instead of wavelengths
reduced the training time and accuracy of the developed models. A detailed description of

the commands and algorithms used for the PCA can be found in Appendix I.

3.7 Application and Evaluation of Machine Learning Algorithms

The current study used two ML models, RF and SVM/SVR, to classify samples into three
categories (Below MRL, MRL, and Above MRL) and quantify chlorpyrifos levels. Ideally,
a fit for all ML model does not exist, and for this reason, this study employed two models
for classification and regression tasks and compared their performance across each sample
type. The PC data from the identified fingerprint were split into a training set (70%) for
model calibration and a test set (30%) for evaluating the classification and regression
models. After training the models with different hyperparameter values, the
hyperparameter settings that yielded the best predictive performance were selected and

reported.

3.7.1 Application of Random Forest in Spectra Classification and Chlorpyrifos
Quantification

Random forest employs decision trees to model both linear and non-linear data. This study

used random forests to develop classification and regression models for milk and kale

samples with varying concentrations of chlorpyrifos, using PC data from their Raman
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spectra. The PCs served as the predictors, while the associated categories and real values
represented the target labels in classification and regression problems, respectively. For
classification tasks, chlorpyrifos concentrations were categorized as below MRL, MRL, or
above MRL, yielding three classification categories. On the other hand, regression
problems considered samples with concentrations between 0.003 and 5 ppm, as listed in

Table 3.1.

The PC data was split into a training set and a test set. Bootstrapping (sampling with
replacement) was used to select samples randomly and use them to construct classification
and regression trees (Hayes et al., 2015). The splitting criteria (as discussed in section
2.5.1) were repeatedly applied to build the trees until each selected sample was classified
in each tree, assigning each sample to its corresponding output. K independent trees were
constructed by repeating the tree-building steps, forming the RF model. For classification,
the model output for each sample was the class selected by most trees, i.e., the most
frequent categorical variable. In contrast, the average across all independent trees was the
regression model's output. The models were run several times with different numbers of
PCs to determine the number that yields optimal classification and quantification

performance.

To avoid overfitting of the RF model, different cross-validation parameters were used. One
of these parameters was the number of variables selected at each split (mtry). When
building trees in an RF, m predictors are typically randomly selected as split candidates

from the entire set of p predictors (James ef al., 2013). The number of predictors is chosen



50

so that m = \p, which helps decorrelate the trees and makes the final average less variable
and more reliable (James et al., 2013). Additionally, the number of trees to grow (ntree) is
another important parameter used in this study to optimize the RF model's performance.
Finally, a confusion matrix was used to determine the model’s performance in the case of
classification tasks, while regression performance was determined using R? and RMSEP.

Appendix I provides a detailed description of the commands and algorithms used for the

RF.

3.7.2 Application of SVM and SVR in Spectra Classification and Chlorpyrifos
Quantification

This study also used a support vector machine and a support vector regression model to
predict the class/category to which each test sample belongs, as well as the concentration
of each sample. The PC data of the samples’ spectra were extracted and split into a training
and a test set before feeding the data into the SVM and SVR models (Yang et al., 2022).
Model tuning was done by considering a range of cost (C) and gamma (y) values (Adugna
et al., 2022; Lorena and de Carvalho, 2008). The best combination of the two
hyperparameters, which yielded the optimal hyperplanes, was adopted. Similarly, different
SVM kernels (linear, polynomial, and radial basis function (RBF)) were used, and the best
performing was adopted. The ability of the developed model to correctly classify samples
according to their chlorpyrifos levels (with respect to the MRL) was crucial, as it indicated
the practicability of the developed methods in the rapid identification of milk and kale
samples with chlorpyrifos above the established MRL. A detailed description of the

commands and algorithms used for SVM and SVR is provided in Appendix I.
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3.7.3 Model Performance Evaluation Metrics

Several evaluation metrics, including accuracy, precision, recall, and Cohen’s Kappa
(Vujovi¢, 2021), were used to assess the performance of the classification models
developed in the current study. Each metric provided a different insight into the model’s
performance, ensuring a more comprehensive evaluation. These metrics were derived from
the confusion matrix, a table that defines and summarizes a classification model’s
performance (Vujovié, 2021). The present study handles a multi-class classification
problem, with the confusion matrix including three classes: below MRL, MRL, and above
MRL. All three classes provided values for True Positives (TP), False Positives (FP), and
False Negatives (FN), as shown in Table 3.2. While TP refers to the number of correctly

classified samples, FP is the number of misclassifications.

Table 3. 2 Confusion matrix for this study’s multi-class classification

Actual
Group Below MRL MRL Above MRL
= Below MRL TP FNi2 FN13
% MRL FP2 TP, FN»;3
E Above MRL FP3; FP3, TP;

TPy, TP, and TP3 represent the true positives for each group. FP21, FP31, and FP3; represent
false positives (instances from another class misclassified into a particular class), while
FNi2, FN13, and FN»3 represent false negatives (instances from one class misclassified into
another). A false positive instance is known as a Type 1 Error, while a false negative refers

to a Type 2 Error (Vujovi¢, 2021).



52

In a classification problem, accuracy represents the proportion of correct predictions
among the model's total predictions. Thus, accuracy in the current study was the total
number of correct predictions across the three classes divided by the total number of

predictions (Vujovié, 2021), calculated as:

TPy+ TP2+TP;
TPy +TP,+TP3+FP;+FPy+FP3+FN;+FN,+FN;

Accuracy = 3.2)

Notably, using accuracy alone to assess a model's performance can be misleading,
especially in cases where the datasets are imbalanced. Precision was calculated for each
group of chlorpyrifos concentration, and it expressed the proportion of samples predicted
correctly for a given group divided by all the predictions belonging to that group, as shown

in the expressions 3.3, 3.4, and 3.5.

Precision for Below MRL = — (3.3)
TP, +FP,+FP;
. . TP,
Precision for MRL = ———— 34
TP,+FPy+FP3
Precision for Above MRL = S L B (3.5)
TP3+FPy+FP,

Achieving a high precision value indicated that the model did not repeatedly classify other
groups into the target group. Similarly, recall, also called sensitivity, was calculated for
each group. This metric measured the proportion of samples predicted correctly for a
particular group in relation to all the actual samples of that group. Recall for the three

groups were defined as expressed in 3.6, 3.7, and 3.8.

TP,

Recall for Below MRL =
TP;+FN;

(3.6)

TP,
TP,+FN,

Recall for MRL = (3.7)
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TP;
TP3+FNs

Recall for Above MRL = (3.8)

A high recall value indicated that the model correctly predicted most of the samples for a
specific group. Finally, Cohen’s Kappa was used to measure the agreement between the

actual and predicted groups (Vujovié, 2021). It is defined as:

K = e (3.9)

1-P,

where P, is the observed accuracy and P, represents the model’s random accuracy. A Kappa
value of zero indicates no agreement between the actual and predicted groups, while a 1

indicates complete agreement (McHugh, 2012; Warrens, 2011).

In the case of the regression models built in the current study the predictive performance
was evaluated using the Root Mean Square Error of Prediction (RMSEP) and the
coefficient of determination (R?). The RMSEP identified the optimum model and was

determined using the expression:

Y vi—9)?
n

RMSEP = (3.10)

where y; is the model’s predicted concentration, J; is the actual concentration and n
represents the number of milk and kale test samples. On the other hand, R? was used to
determine the proportion of total variance explained by the model, with the remaining

variance accounting for the errors. R? was calculated as:

Y (vi—9)?
R? =1 2=t 7L 3.11
I i—)? ( )
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where y; and y; hold the same meaning as provided in equation (3.10). ¥y is the actual

mean concentration. Figure 3.4 shows a schematic overview of this study's research design

and methodology.
Milk and kale sample Preprocessing (< 1 min)
preparation (< 5 mins) Baseline correction (polynomial fit)
Control Smoothing (Savitzy-Golay)
Chlorpyrifos-contaminated Normalization (Between 0 and 1)
1 | v
Data acquisition (< 2 mins) ANOVA (< 2 mins)
Raman spectrometer High variance region
Laser (785 nm) identification
PCA (<1 min)
Detect outliers
Fingerprint identification
Extract Dimensionality reduction
fingerprint PCs
eXplalrt}H}llg 98% Supervised machine
of the learning (< 3 mins)
cumglatlve Data splitting Use RF & SVM
variance » 70% training set Hyperparameter tuning
30% test set | Classify into Quantify
| below MRL | chlorpyrifos
MRL levels
above MRL (ppm)
Adopt the 7y
model for
predicting |«
chlorpyrifos
R \ 4
residues
No Model Evaluation
Accuracy RMSEP
Yes . Precision  R?
Are the evaluation Recall
metrics acceptable? Kappa

Figure 3.4: A flowchart of the main data collection and analysis steps used in this
study
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3.7.4 Determination of Limits of Detection and Limits of Quantification

The limit of detection (LOD) and limit of quantification (LOQ) were determined as the
lowest chlorpyrifos concentrations the ML models could detect and quantify, respectively.
By definition, the LOD is the minimum concentration of an analyte that can be reliably
detected with a certain degree of confidence (Boqué and Heyden, 2009). In contrast, the
LOQ is the lowest analyte concentration that can be reliably quantified with established
precision, accuracy, and uncertainty (Bayona and Pawliszyn, 2012). For univariate
calibration, the LOD and LOQ can easily be extracted from the univariate calibration line
(Allegrini and Olivieri, 2014). However, the current study utilizes Raman spectra, which
are multivariate and characterized by redundant and overlapped bands. As such, univariate
approaches to determining the two metrics cannot be used as they do not sufficiently

account for the multiple spectral responses, including noise.

Consequently, this work adopted a multivariate approach to evaluating the LOD and LOQ.
To achieve this, the calibration curves of the built models were used, which included a plot
of the predicted chlorpyrifos concentrations against the samples’ actual concentrations, as
recorded in Table 3.1. This is in agreement with the pseudo-univariate LOD concept.
According to this approach, a pseudo-univariate calibration graph can be created by
plotting the estimated analyte concentrations against their measured or nominal
concentrations (Allegrini and Olivieri, 2014). In the pseudo-univariate approach, the LOD
and LOQ are calculated using equations 3.12 and 3.13, respectively (Ahuja, 2005; Oleneva

etal.,2019)

LOD = 3?" (3.12)



56

100

LOQ = — (3.13)

where o is the standard deviation of the y-intercepts of the regression lines and S is the

calibration curve’s slope.
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CHAPTER FOUR

RESULTS AND DISCUSSION

4.1 Raman Spectra of Control Samples

Since the samples used in this study have complex chemical compositions, it is important
to know the chemical components of milk and kale detected by Raman spectroscopy. This
information is crucial in interpreting the Raman bands that distinguish treated from control
samples. Using Raman spectroscopy, the chemical characterization of milk and kale leaves
was possible, revealing the present biochemical compounds such as amino acids, mono

and oligosaccharides, carotenoids, fatty acids, and flavonoids.

4.1.1 Characteristic Raman Spectra of Milk

As a complex food matrix, milk contains a wide variety of biological molecules, including
primary metabolites like lipids, proteins, and carbohydrates. Figure. 4.1 shows the average
Raman spectrum of the chlorpyrifos-free milk sample. The Raman bands in the milk
spectrum appeared at 354, 444, 516, 644, 724, 872, 1080, 1120, 1264, 1300, 1362, 1440,

1652, and 1742 cm™.

The peaks at 354 and 444 cm™! were related to the C-C stretching of lactose, while the peak
at 516 cm’! was attributed to glucose (Khan ef al., 2023; Li et al., 2024). The peak at 644
cm’! was associated with tyrosine, while protein’s v(C-S) gave rise to the peak at 724 cm™!
(Kuhar et al., 2018; Li et al., 2024). Phospholipids in milk led to the observed peak at 872
cm™ while v(C-C) in lactose and fat was responsible for the Raman peaks at 1080 and 1120

cm’'(Amjad et al., 2018; Khan et al., 2023; Silva et al., 2021). Further, the peaks at 1264,
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1300, and 1362 cm™ were attributed to protein’s amide III, §(CH>) twisting of fat, and
tryptophan, respectively (Amjad et al., 2018; Khan et al., 2023; Yazgan et al., 2020).
Finally, milk fat was responsible for the peaks at 1440, 1652, and 1742 cm-1 due to 6(CH>)

scissoring, v(C=C) and v(C=0), respectively (Khan et al., 2023; Silva et al., 2021).
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Figure 4.1: Raman spectrum of chlorpyrifos-free milk

Therefore, natural bovine milk consists of multiple compounds that are primarily made up
of hydrogen, nitrogen, phosphorus, sulfur, and oxygen. Precisely, sulfur is contained in
milk’s sulfur-containing amino acids, such as methionine and cysteine, while phosphorous

occurs in phospholipids (Landi ef al., 2021; Silva et al., 2021). Additionally, Oxygen and
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nitrogen are present in fatty acid esters and amides, respectively (Amores and Virto, 2019;
Grewal et al., 2018).

4.1.2 Characteristic Raman Spectra of Kale

Akin to milk, kale leaves are biological samples containing numerous primary and

secondary metabolites. The Raman spectrum of chlorpyrifos-free kale is shown in Figure

4.2.
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Figure 4.2: Raman spectrum of chlorpyrifos-free kale leaves

The peaks at 520 and 747 cm™! were due to v(C—O—C) glycosidic and y(C—O—H) of COOH
vibrational models of cellulose and pectin, respectively (Edwards et al., 1997; Synytsya et
al., 2003). N-C-C and C-C-C deformations of chlorophyll gave rise to the peak at 916 cm-

1, while phenol compounds were responsible for the peak at 988 cm™ (Andreev et al., 2001;
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Chen et al., 2004). As a result of v3 (C—CHs stretching) phenylalanine ring stretching
mode, a peak was observed at 1004 cm™. The peaks at 1046, 1076, 1112, and 1156 cm™
were assigned to NOs stretching, C-S stretching vibrations, carotenoids, and C-C
stretching; v(C—-O-C), respectively (Baranska et al., 2005; Gupta et al., 2020; Sun et al.,
2021). Additionally, the peaks at 1186, 1222, 1267, 1286, and 1326 cm™ were attributed
to B-carotene, C-H deformation, C-O stretching (aromatic) of Phenylpropanoids, CH> or
CHjs vibrations of aliphatic groups, and 3CH2 bending vibration of Cellulose, respectively
(Cao et al., 2006; Dhanani et al., 2022; Edwards et al., 1997; Fraszczak et al., 2023; Jacob
et al., 2022). Furthermore, the peaks at 1354, 1386, and 1438 cm™ were due to
carbohydrates, chlorophyll, and aliphatic 3(CH2) + 6(CHa), respectively while 1488, 1525,
and 1606 cm™ were correlated with aliphatic SCH, bending vibration, C=C stretching
vibration (v1) of carotenoids, and v(C—C) aromatic ring of lignin (Barron et al., 2006;
Devitt et al., 2018; Gierlinger ef al., 2012; Gierlinger and Schwanninger, 2006; Sanchez et

al.,2019; Schulz and Baranska, 2007; Yu et al., 2007).

Notably, kale leaves also contain nitrogen, sulfur, and oxygen, in addition to hydrogen and
carbon. They also contain phosphorus, one of the minerals supplied by green leafy

vegetables (Opazo-Navarrete et al., 2021).

4.2 ANOVA of Raman Spectra and Chlorpyrifos Peak Assignment

Analysis of Variance was used to assess the differences between the spectra of control milk
and kale samples and those of the samples spiked with chlorpyrifos. However, the mean
Raman spectra of chlorpyrifos-free milk and that of spiked milk were similar at low

concentrations. The average spectrum of control milk samples was plotted along with the
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average of samples spiked with chlorpyrifos concentrations: below MRL (0.003 ppm),
MRL (0.01 ppm), and above MRL (5 ppm), the highest concentration prepared, as shown

in Figure 4.3.
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Figure 4.3: Plot showing the common peaks in the averaged Raman spectra of milk
samples at low concentrations.

Further, a comparative analysis was done to differentiate the control kale samples from
those containing low-level chlorpyrifos (0.003, 0.01, and 5 ppm). Similar results were
obtained for kale samples, as shown in Figure 4.4. Notably, all the mean spectra contained
common peaks. This implies that the chlorpyrifos molecules at low concentrations
produced weak signals obscured by the samples’ natural components, such as lipids,

carbohydrates, and proteins. Therefore, the Raman spectra of milk and kale control samples
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looked very similar to those from low chlorpyrifos-level treated samples and thus could

not provide sufficient information about the existing spectral differences.
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Figure 4.4: Plot showing the common peaks in the averaged Raman spectra of kale
samples at low concentrations.

It follows that visually discriminating milk and kale samples' Raman spectra was
implausible at low chlorpyrifos concentrations. Theoretically, the intensity of the Raman
signal increases with an increase in the analyte’s concentration. Consequently, spectra from
samples spiked with the stock solution (1000 ppm) were helpful for ANOVA. At high
concentrations, chlorpyrifos’s Raman signal was significantly increased, making the peaks
easily noticeable, and the corresponding regions with significant differences between the

mean spectra of control and treated samples were evident. The high chlorpyrifos
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concentration amplified the molecule’s vibrational modes, allowing apparent spectral
differences between the control and treated samples. The standard error of the difference
was determined and used to evaluate the samples' variability (Ikedi et al., 2023). The mean
spectra of control and treated samples, along with the variance from ANOVA, were plotted
to identify the bands exhibiting significant variance. It turns out that the bands with
significant variance could be correlated with a corresponding chlorpyrifos characteristic

peak, which was responsible for the difference.

4.2.1 Statistically Significant Bands in Milk Samples
As depicted in Figure 4.5, the regions of Raman milk spectra with significant variance were
identified using ANOVA. These regions served as potential bands that can be used to detect

chlorpyrifos residues in milk.
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Figure 4.5: Average Raman spectra of chlorpyrifos-free milk, average Raman spectra
of chlorpyrifos-contaminated milk; ANOVA plot showing the variance of the two
groups.

The Raman bands exhibiting substantial variance in milk include those centered at 342,
574, 634, 674, 736, 998, 1240, 1272, 1378, 1448, 1568, and 1612 cm™'. Notably, the 342

and 634 cm’! peaks are intense, indicating higher variance than others.

4.2.2 Statistically Significant Bands in Kale Samples

Similar results were obtained after plotting the mean spectra of control and treated kale
samples, together with their variance. As Figure 4.6 shows, the bands exhibiting significant
differences between the spectra of chlorpyrifos-free and chlorpyrifos-contaminated kale
samples are those centered at 342, 574, 632, 672, 736, 1100, 1146, 1170, 1244, 1278, 1322,

1376, 1450, 1516, and 1568 cm’".
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Figure 4.6: Average Raman spectra of chlorpyrifos-free kale, average Raman spectra
of chlorpyrifos-contaminated kale; ANOVA plot showing the variance of the two
groups

The plot of variance for kale closely matches that of milk but exhibits more regions of high
variance. This suggests that the variance in both cases arises from the same compound,
present in the treated sample but absent in the control groups. Consequently, the ANOVA-
informed bands with significant variance can be linked to chlorpyrifos peaks, enabling the

detection of residues in milk and kale leaves.

4.2.3 Correlation of Raman Bands with Chlorpyrifos Characteristic Peaks
As mentioned, the variant bands identified through ANOVA can be correlated with the

respective chlorpyrifos peak responsible for the difference. Table 4.1 summarizes the
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identified peak regions in milk and kale samples, as well as the associated chlorpyrifos

Raman characteristic peak and attribution.

Table 4.1: Correlation of peak regions with characteristic peaks of chlorpyrifos

Raman shift (cm™')  Chlorpyrifos Peak assignment Reference
characteristic
Milk Kale peak
342 342 342 C-Cl stretch Zhang et al., 2011
574 574 568 v(P=S) Zhuetal., 2021
634 632 630 P=S stretch Duetal., 2020
674 672 676 P=S stretch Ma et al., 2020
736 736 736 P-O-C stretch Tao et al., 2022
1098 1100 1100 P-O-C stretch Chen et al., 2023
- 1146 1150 w (C-H) Zhuetal., 2018
- 1170 1168 d3(C-H) Chen et al., 2023
1240 1244 1236 o(C-H) Maet al., 2020
1272 1278 1276 0(C—H), vas(C=C) Ma et al., 2020
- 1322 1326 v(C=C) Zhuetal., 2018
1378 1376 1378 CHs bending mode  Hongsibsong et al., 2020
1448 1450 1452 C-H deformation Xuetal., 2017
1568 1568 1568 C-H wagging Zhuet al., 2021

From Table 4.1, it is evident that some variance bands resulting from chlorpyrifos peak
contribution (1150, 1168, and 1326 cm™!) were present in kale leaves but absent in milk.
This phenomenon can be attributed to peak overlap, which is common in Raman
spectroscopy, especially when dealing with complex samples (Schulze et al., 2022). One
possible reason for peak overlap is that the molecular vibrations of milk in these regions
are significantly close to those of chlorpyrifos moieties. As a result, spectral overlap
obscures individual peaks from chlorpyrifos and complicates the differentiation between

control and spiked milk samples. This implies that the bands around these regions are
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unreliable in detecting chlorpyrifos residues across diverse sample types. The broad peaks
in the Raman spectrum of milk, centered around 1120 and 1300 cm™ (see Figure 4.1), can
also explain the overlap of the chlorpyrifos peaks at 1150, 1168, and 1326 cm™'. Further,
the overlap can result from weak chlorpyrifos Raman peaks in these regions, diminishing

their prominence.

A comparative analysis of the characteristic Raman peaks of chlorpyrifos and those
obtained from ANOVA shows slight deviations in some cases. This can be ascribed to the
interaction between the sample matrix and chlorpyrifos molecules, which causes the shifts.
More specifically, the chlorpyrifos characteristic peaks reported in existing literature are
obtained from the pure form of the pesticide (Ma et al., 2020; Tao et al., 2022; Xu et al.,
2017; Zhang et al., 2011). Therefore, the peaks reported mirror the molecule’s vibrational
modes in the unperturbed state without matrix interactions. However, in the current study,
chlorpyrifos Raman measurements were made in the presence of solvents and matrices,
including water and milk, which altered the chemical environment of chlorpyrifos, causing

the shift.

Despite the slight shift in ANOVA-identified bands, the regions with high variance for milk
and kale samples were selected as potential bands for chlorpyrifos detection. These bands
were further explored using PCA for chlorpyrifos fingerprint determination. Additionally,
PCA helped overcome the challenge of overlapping peaks while revealing the relevant

hidden information in the spectra data.
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4.3 PCA of Raman Spectra using ANOVA-identified Bands for Fingerprint
Identification

Principal component analysis was performed on each band to ascertain the effectiveness

(the ability of a band to visually separate the sample groups in PCA space) of the bands

identified through ANOVA as potential Raman fingerprints of chlorpyrifos. The bands

investigated included 314-354, 558-588, 614-686, 720-750, 1086-1192, 1218-1348, 1366-

1396, 1424-1530, and 1542-1630 cm™'. Table 4.2 summarizes the PCA results of the bands.

Table 4. 2: PCA results for the ANOVA-identified bands

Milk Kale
Band Explained No. of misclassified Explained No. of misclassified
(cm) i\l/la;"icalllc; spectra i\lflall;iélllc; spectra
PC2 (%) Control  Treated PC2 (%) Control Treated
314-354 94 0 0 93.6 2 0
558-588 85 0 0 78 7 11
614-686 81.9 1 0 65 3 0
720-750 933 0 1 90 4 8
1086-1192 92 0 0 92.8 2 4
1218-1348 91.5 0 2 93.1 2 4
1366-1396 93 0 0 89 2 2
1424-1530 85 3 0 93 3 5
1542-1630 93 0 0 92.8 5 8

From these PCA results, the band at 314-354 cm-1, centered at 342 cm-1, was the most
effective discriminator between chlorpyrifos-contaminated milk and kale samples and
those without contamination. The band explained the highest cumulative variance for the
first two PCs compared to other bands, as depicted in Table 4.2. The first two PCs were

extracted from the PCA results for this band, explaining cumulative variances of 94% in
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the Raman spectral data of milk and 93.6% in the spectra of kale leaves. This implies that
the selected band contains spectral features that effectively distinguish the chlorpyrifos-
free samples from those containing the pesticide. The band centered at 342 cm! is
associated with the vibrational modes of C-Cl bonds present in chlorpyrifos but naturally
absent in milk and kale samples. Thus, the treated samples exhibited a peak in this region,
resulting in higher variance in their spectra compared to the control group. This allowed
for the definitive differentiation of chlorpyrifos-containing milk and kale leaves from
chlorpyrifos-free samples. As discussed in section 2.1, the pyridine ring Cl is attached to
in the chlorpyrifos molecule remains unchanged during degradation. This implies that the
identified band can also detect the presence of TCP, the primary metabolite of chlorpyrifos

(Thuku et al., 2025a).

While other bands were promising for milk, with most showing high explained variance in
PC1 and PC2 and accurately distinguishing between control and treated samples, they
performed poorly on kale. Most bands could not discriminate between treated and untreated
kale samples, as evidenced by their high misclassification rates. In practical terms, the
higher number of misclassified spectra for kale indicates that, across many bands, the
projected scores of control and treated kale overlap substantially in PCA space. This means
that those bands do not carry sufficiently distinct information to separate the two groups in
this matrix. By contrast, the near-zero misclassifications for milk across most bands suggest
that the same spectral regions provide much clearer separation between contaminated and
uncontaminated milk samples. This phenomenon can be explained by attributing these

bands to groups such as phosphorus, oxygen, carbon, and sulfur, which are present in both
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chlorpyrifos and kale leaves. Because structurally similar groups are present in both control
and treated samples, their Raman contributions overlap in these spectral regions, reducing
contrast between the two classes and limiting separation in PCA space, particularly in the

kale matrix.

In contrast, using the first two PCs, the band 314-354 cm™ captures high variability in the
milk and kale Raman spectra, which is necessary to effectively discriminate sample groups
based on chlorpyrifos residues. Additionally, this band exhibited a low rate of spectral
misclassification, with only two spectra from untreated kale leaves misclassified. Based on
these features, the band 314-354 cm! stands out among the ANOVA-selected bands,
qualifying it as the chlorpyrifos fingerprint. Figure 4.7 (a) shows the PCA results for the
control and highly concentrated (1000 ppm chlorpyrifos) milk samples, and (b) the kale

samples using the identified fingerprint.
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Figure 4.7: PCA scores plots showing the fingerprint’s ability to distinguish
chlorpyrifos-contaminated (1000 ppm) from chlorpyrifos-free (a) milk and (b) kale
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In the case of milk, Figure. 4.7 (a) shows that PC1 separates the spectra of milk samples
into two clusters: the control/chlorpyrifos-free group and the treated/chlorpyrifos-
contaminated group. The control milk samples group along the negative PC1, while those
containing chlorpyrifos cluster on the positive PC1. On the other hand, PC1 also groups
the Raman spectra from kale leaves into control and treated samples, with the treated kale
samples clustering on the negative PC1 and the control samples clustering on the positive
PC1. Notably, unlike the milk samples, which were all correctly classified, two kale
samples were misgrouped by PCA. The PCA results also show that the Raman fingerprint
effectively discriminated milk and kale samples with high chlorpyrifos levels (1000 ppm)
from those without. However, it is imperative to appreciate that the food safety problem of
pesticide contamination is interested in low residue levels around the MRL. Additionally,
the fingerprint band at 342 cm™ is not always prominent in individual raw spectra, and the
differences between control and contaminated samples are subtle when visually inspected.
However, PCA applied to this restricted spectral region can still exploit minor but
systematic intensity variations across spectra, thereby allowing the fingerprint region to
contribute to sample discrimination. As such, the fingerprint was tested at low chlorpyrifos
concentrations above and below the 0.01 ppm MRL. For illustration purposes, 0.003 ppm
was chosen to represent the below MRL group, while 0.3 ppm represented samples with
concentrations above the MRL. The PCA results obtained when focusing on the fingerprint

were compared with those of the entire spectrum and depicted in Figure 4.8.
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Figure 4.8: PCA scores plots showing (a, c) significant overlap among Below MRL,
MRL, and above MRL milk and kale samples using the entire spectrum (200-2000
cm!) versus (b, d) distinct separation of the three groups using the fingerprint (314-

354 cm™).

The PCA results presented in Figures 4.8 (a) and (c) reveal the challenge of using the entire

spectrum for analysis, as it results in significant overlap between the low-concentration

groups. Thus, PCA based on the full spectral range cannot clearly distinguish the three

sample groups: below MRL, MRL, and above MRL. On the other hand, Figures 4.8(b) and

(d) demonstrate the effectiveness of using the identified Raman fingerprint to discriminate
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milk and kale samples based on their chlorpyrifos concentrations relative to the MRL. A
clearer separation is observed using the fingerprint, particularly for the milk samples. PCA
performed using the fingerprint groups the spectra of the samples according to chlorpyrifos
concentration along PCI. For milk, Figure 4.8 (b) shows the samples containing
chlorpyrifos levels below the MRL cluster on the negative PC1, while those whose
concentration exceeds the MRL cluster on the positive PCl. Milk samples with

chlorpyrifos levels at MRL cluster between the below MRL and the above MRL.

Similarly, Figure 4.8 (d) shows kale samples separated according to chlorpyrifos
concentration along PC1, with samples containing levels above the MRL group on the
negative PC1, while those below the MRL cluster on the positive PC1. Just as in milk
samples, the groups whose chlorpyrifos concentration is at the MRL cluster between the
below-MRL and above-MRL groups. In both instances, a positive trend is evident, with
chlorpyrifos concentration increasing from left to right and from right to left for milk and
kale samples, respectively. While using the fingerprint improves the classification of kale
samples compared to the entire spectral range, the separation is characterized by several
misclassifications. These PCA limitations necessitated the adoption of ML models that
significantly enhanced our method's classification capacity. Such sophisticated methods
could better handle complex patterns and non-linear relationships in the spectral data of
milk and kale samples, thereby improving classification performance.

4.4 Evaluating Models for Sample Classification and Chlorpyrifos Quantification
One of the current work’s objectives was to assess the performance of ML algorithms in

classifying samples based on their chlorpyrifos concentration (relative to the established
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MRL) and quantifying the levels using the identified fingerprint. The models were first
developed using preprocessed data across the entire spectral range, resulting in poor
predictive performance. This was likely because using the full spectrum could have led to
overfitting, in which the models learned both important and irrelevant patterns/noise, thus
performing poorly on the test set (unseen data). Notably, the Raman spectral data obtained
in the current study contained a wide range of wavelengths. Thus, training a model using
the entire set of features limited its ability to focus and learn the most informative aspects
of the data. Consequently, modeling was done using the variables with the essential
information. This was realized using PCA, which transformed the original features in the
Raman datasets into PCs, reducing dimensionality while removing noise and redundant

information.

The PCA results from the Raman fingerprint (314-354 cm™") were used as inputs for the
ML models. Scree plots were used to determine the appropriate number of PCs for
modeling. To demonstrate the utility of ML models in resolving the misclassifications
observed in the PCA section, RF and SVM models were built using data from section 4.3
to classify samples into treated and control groups, representing chlorpyrifos-contaminated

and chlorpyrifos-free samples, respectively.

Further, RF, SVM, and SVR models were used to quantify chlorpyrifos levels and classify
the preprocessed Raman spectra from the 21 concentrations into three groups: below MRL,
MRL, and above MRL. PCA of the 21 concentrations, along with the control samples, was

performed using the identified Raman fingerprint of chlorpyrifos. Based on the scree plot



75

results (Figure 4.9), the first six and ten PCs were extracted for milk and kale samples,
respectively. These PCs explained 98% of the cumulative variance in the samples' spectral

data. The PCs were used as inputs in developing the classification and regression models.
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Figure 4.9: Scree Plots for Principal Component Selection in (a) Milk and (b) Kale
Samples

4.4.1 Evaluation of RF in Classifying Milk and Kale Samples

Using the data from section 4.3 and the first two PCs as inputs to the RF model, all milk
and kale samples were correctly classified into their respective classes, including the kale
samples grouped wrongly by PCA. No misclassifications occurred, implying that the

model had an accuracy of 100% on the test set.

An RF model was then developed to predict the classes to which test samples, which the
model had not yet seen, belong. As described in section 3.7.1, the two crucial parameters
that were varied during the training process included mtry values ranging from 1 to 6 for
milk and 1 to 10 for kale samples as well as ntrees. The best models had 500 trees and an

mtry value of 1. It was noted that choosing a low mtry value reduced overfitting and
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increased the model’s generalization. The optimal model was adopted to predict the three
classes of kale and milk samples. Table 4.3 presents the confusion matrices for the RF

model on the test data from milk and kale. An overall classification accuracy of 95.23%

and 90.15% was achieved for milk and kale samples, respectively.

Table 4. 3: Confusion matrix of milk and kale test data for RF

RF performance Milk Kale
Accuracy (%) 95.23 90.15
Kappa 0.93 0.85
Actual Group Actual Group

Below MRL  Above | Below MRL  Above
Predicted Below | 397 0 28 347 0 43
Group MRL 3 415 5 0 415 4

Above | 19 5 387 72 2 373

Precision (%) 93.41 98.11 94.16 88.97 99.05  82.89
Recall (%) 94.75 98.81 92.14 82.82 98.81  88.81

Table 4.3 shows that RF performed better on milk, with an overall accuracy of 95.23%
compared to 90.15% on kale samples. The higher Kappa of 0.93 associated with RF’s
performance on milk versus a Kappa of 0.85 for kale samples indicates better classification
agreement between milk’s actual group and the predicted group. RF’s precision and recall
were generally higher for milk samples, particularly the “Below” class. In contrast, the
model did not perform well at classifying kale samples, as reflected in lower precision and

recall of 82.82% and 88.97%, respectively.

However, despite the model’s performance varying between the two sample types, RF
demonstrated a high ability to classify milk and kale samples according to their
chlorpyrifos levels: below MRL, at MRL, and above MRL. It achieved a high accuracy
above 90% in both instances, indicating that the model performed reasonably well (Chu e?

al.,2012; Foody, 2009; Olusanya et al., 2022). Furthermore, the Kappa values of RF were
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above 0.80, which indicates a strong model performance (Hallgren, 2012; Marchevsky et
al., 2020). Thus, there was generally significant agreement between the actual and the RF-
predicted classes. Despite performing better in classifying milk, RF still classified kale
samples relatively well, especially in the “MRL” and “Above” groups, with high precision
and recall values above 80% in most cases. RF’s structure explains these results. The model
combines multiple decision trees, trains them independently, and aggregates their results,
reducing overfitting. Also, the model used 500 trees, and splitting was based on a single
feature, as indicated by the ntree and mtry values of 500 and 1, respectively. This parameter
combination enabled the RF model to reduce variance, thereby enhancing its overall
robustness. Therefore, the results of this study demonstrate that RF is a supervised ML

model that remains stable even in scenarios involving complex classifications.

4.4.2 Quantitative Analysis of Chlorpyrifos in Samples Using RF

As in the classification tasks, using the identified fingerprint, RF achieved remarkable
performance in predicting chlorpyrifos levels in test kale and milk samples. Figure 4.10
illustrates the calibration performance of the RF models in predicting chlorpyrifos
concentrations in milk and kale samples. The RF calibration plots show strong alignment
between predicted and actual concentrations, indicating high model reliability. The error
bars, representing standard deviations, highlight the variability of actual chlorpyrifos
concentrations around the regression line, further emphasizing the model's precision. The
models exhibited exceptional predictive accuracy, reflected in R? values of 0.9997 for milk
and 0.9998 for kale samples. These values, close to unity, indicate that the RF models
effectively captured the relationship between the input data and chlorpyrifos

concentrations. Additionally, the Root Mean Square Error of Prediction (RMSEP) values
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were remarkably low at 0.0231 ppm for milk and 0.0182 ppm for kale, indicating minimal

average prediction errors.
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Figure 4.10: RF calibration plots for test data sets. The error bars use standard
deviation to show the variability in the actual chlorpyrifos concentration around the
regression line.

In addition to calibration, the RF models' sensitivity was assessed by determining the
Limits of Detection (LOD) and Limits of Quantification (LOQ) using the pseudo-
univariate approach discussed in Section 3.7.4. A linear fit function was applied to derive
the standard deviation and slope, which were then used to calculate LOD (3c) and LOQ
(100). The results, summarized in Table 4.4, demonstrate significantly low LOD and LOQ
values for both milk and kale samples, underscoring the models' capability to detect and
quantify trace levels of chlorpyrifos.

Table 4.4: RF models performance based on LOD and LOQ
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RF LOD (ppm) LOQ (ppm)
Milk 0.00290 0.00966
Kale 0.00212 0.00708

The predictive performance of the RF models was further evaluated by comparing
predicted chlorpyrifos concentrations with actual values in the test samples. Table 4.5
presents these predictions for both milk and kale samples. The predicted values closely
match the actual concentrations, demonstrating the models' high accuracy. For example,
the lowest measured concentration of 0.003 ppm was predicted as 0.003005 ppm in milk

and 0.003011 ppm in kale, with minimal errors of 0.000719 ppm and 0.000522 ppm,

respectively.

Table 4.5: Chlorpyrifos concentration predictions in milk and kale using RF

RF-predicted chlorpyrifos concentrations (ppm)

Actual Milk (Predicted + SD) Kale (Predicted + SD)
0.003 0.003005 £ 0.000719 0.003011 % 0.000522
0.01 0.010001 £ 0.000242 0.010009 £ 0.000225
0.03 0.030015 £ 0.005550 0.030028 + 0.003400

0.06 0.05997 £+ 0.002010 0.060080 + 0.003100
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0.1 0.099888 + 0.001930 0.100399 £ 0.045100
0.3 0.3006 £ 0.0024100 0.301206 + 0.031600
0.5 0.500027 £ 0.008030 0.5006 + 0.013400
0.8 0.7998 + 0.004470 0.80016 £ 0.037600
1.0 0.996583 + 0.025400 1.00186 + 0.147000
2.5 2.483576 £+ 0.451000 2.497843 £ 0.221000

To statistically validate the agreement between the predicted and actual concentrations,
paired t-tests were conducted. For milk samples, the t-test indicated no significant
difference (t(9) = 0.064, p = 0.950), confirming that the RF model predictions closely
matched the actual values. Similarly, for kale samples, the t-test also showed no significant
difference (t(9) = 0.062, p = 0.952), further supporting the high predictive accuracy of the
RF models. These results reinforce the conclusion that the RF models provide reliable
predictions across both sample types. The RF models' high predictive accuracy and
sensitivity underscore their strong generalizability and reliability in quantifying
chlorpyrifos in complex matrices such as milk and kale. The high number of decision trees
utilized in the RF models reduced overfitting, thereby enhancing model stability and

performance on previously unseen Raman spectroscopy data.

4.4.3 Evaluation of SVM in Classifying Milk and Kale Samples
The first two PCs extracted in section 4.3 were also used to build an SVM model, which
gave an accuracy of 100%. The model correctly classified all the sample spectra, including

the kale samples that were incorrectly clustered by PCA.

The ability of SVM to distinguish milk and kale samples across the three groups (Below

MRL, MRL, and above MRL) was also assessed. The critical parameters considered in
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training SVM classification models included kernel type, gamma, and cost. For each
sample (milk and kale), optimization involved a grid search using predefined values
between 102 and 107 for the cost, while gamma values were chosen from the set (0.001,
0.01, 0.1, 1, 5, 10). The radial basis kernel provided the best model due to its high
hyperplane flexibility. The optimal model had a cost of 10 and a gamma of 0.1 for milk,
while a cost of 100 and a gamma of 1 provided the best performance for kale spectra. The
confusion matrices for the SVM models on the test data from milk and kale are shown in
Table 4.6. An overall classification accuracy of 95.79% was achieved for milk samples,
while the optimal SVM model achieved 92.61% accuracy for kale samples.

Table 4. 6: Confusion matrix of milk and kale test data for SVM

SVM performance Milk Kale
Accuracy (%) 95.79 92.61
Kappa 0.94 0.89
Actual Group Actual Group

Below MRL Above | Below MRL  Above
Predicted Below 402 0 21 354 1 22
Group MRL 3 417 12 0 415 1

Above 14 3 387 65 4 397

Precision (%) 95.01 96.53  95.79 93.90 99.76  85.19
Recall (%) 95.94 99.29  92.14 84.49 98.81  94.52

Like RF, SVM also performed better on milk samples than on kale samples, with accuracies
of 95.79% and 92.61%, respectively. This performance was also supported by the
association of milk classification, with a Kappa of 0.94, compared with 0.89 for kale
samples. Generally, SVM achieved high precision and recall values across milk and kale

samples, outperforming RF in most cases.

4.4.4 Quantitative Analysis of Chlorpyrifos in Samples Using SVR
Figure 4.11 illustrates the calibration performance of the Support Vector Regression (SVR)

models in predicting chlorpyrifos concentrations in milk and kale samples. The SVR
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calibration plots exhibit a strong correlation between predicted and actual chlorpyrifos
concentrations, demonstrating the model's high reliability. The error bars, which represent
standard deviations, illustrate the dispersion of actual concentration values around the

regression line, providing further evidence of the model's precision.

Like the RF regression models, SVR exhibited high R? values (0.9961 and 0.9981) and low
RMSEP values (0.0897 and 0.0658), implying that a high degree of chlorpyrifos
quantification accuracy was ultimately achieved on both sample types. The high R? and
low RMSEP values can be attributed to the models’ architecture, specifically the radial
kernel, which enhances their generalization capacity and regression performance across

different samples.
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Figure 4.11: SVR calibration plots for test data sets. The error bars use standard
deviation to show the variability of the actual concentration of chlorpyrifos around
the regression line.

Furthermore, pseudo-univariate graphs were plotted, and the (30) and (10c) approach was
used to determine the Limits of Detection (LOD) and Limits of Quantification (LOQ) using

the standard deviation of the y-intercept and the calibration curve’s slope. The LOD and

LOQ calculated for the SVR models are summarized in Table 4.7.

Table 4.7: SVR models performance based on LOD and LOQ

SVR LOD (ppm) LOQ (ppm)
Milk 0.00307 0.01530
Kale 0.00847 0.02820

The low LOD and LOQ values provide further insight into the SVR models’ sensitivity
when detecting chlorpyrifos levels across diverse samples. The slightly higher LOQ of the
SVR models explains the lower prediction accuracy at lower concentrations (see Table

4.8), which improves at higher chlorpyrifos concentration levels.

The predictive performance of the SVR models was further evaluated by comparing
predicted chlorpyrifos concentrations with actual values in the test samples. Table 4.8
presents these predictions for both milk and kale samples. The predicted values closely
match the actual concentrations, although slight deviations were observed at lower
concentrations. For example, the lowest measured concentration of 0.003 ppm was
predicted as 0.005943 ppm in milk and 0.003061 ppm in kale, with errors of 0.022500 ppm
and 0.021700 ppm, respectively.

Table 4.8: Chlorpyrifos concentration predictions in milk and kale using SVR
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SVR-predicted chlorpyrifos concentrations (ppm)
Actual Milk (Predicted £+ SD) Kale (Predicted £+ SD)

0.003 0.005943 + 0.022500 0.003061 + 0.021700
0.01 0.026408 + 0.024800 0.021153 + 0.022900
0.03 0.04829 + 0.028400 0.034332 £ 0.043300
0.06 0.053565 £ 0.020700 0.065359 + 0.017300
0.1 0.191264 £ 0.015000 0.106248 + 0.029000
0.3 0.38359 + 0.012900 0.296675 + 0.023400
0.5 0.577849 £ 0.011500 0.490417 £ 0.019800
0.8 0.846956 + 0.012400 0.803687 £ 0.020200
1.0 1.03078 %+ 0.014400 0.988029 + 0.036100
2.5 2.503069 + 0.008220 2.525368 + 0.024800

Notably, SVR-predicted chlorpyrifos levels at lower concentrations showed slight
deviations from the measured concentrations. For example, the lowest measured
concentration, 0.003 ppm, was predicted as 0.005943 ppm in milk. However, the models'
prediction accuracy improved at higher concentrations, with 2.5 ppm of the pesticide
predicted as 2.503069 ppm and an error of 0.008220 ppm. The lower prediction accuracy

of SVR compared to RF gave rise to the slightly lower R? values for milk and kale samples.

To further assess the agreement between the predicted and actual chlorpyrifos
concentrations, paired t-tests were performed. For milk samples, the results showed no
statistically significant difference between actual and predicted values (t(9) = 1.389, p =
0.198), indicating good predictive accuracy. Similarly, for kale samples, no significant
difference was observed (t(9) = 0.998, p = 0.344). Although the mean predictions are
closely aligned with the actual concentrations, the considerably larger standard deviations,

particularly at lower concentration levels, reveal reduced precision of the SVR model
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compared to the RF model. This increased variability explains the wider spread observed

in the SVR predictions despite comparable mean accuracy.

4.45 Comparison of Model Performance in Classifying Samples

Comparing the performance of RF and SVM in classifying milk and kale samples based
on their chlorpyrifos concentration using the identified spectral fingerprint was essential to
understanding the models’ strengths and limitations. Consequently, a comparative analysis
of the models helped identify the model better suited for classifying milk and kale samples
based on chlorpyrifos residues. Starting with the accuracy and Kappa achieved on milk,
SVM outperformed REF, as indicated by accuracy and Kappa of 95.79% and 0.94 against
RF’s 95.23% and 0.93. Generally, SVM had higher precision and recall than RF, suggesting
that SVM performed slightly better at classifying new Raman data from milk and kale
samples. SVM also outperformed RF in categorizing kale samples according to the three
groups: Below MRL, MRL, and above MRL. In this case, SVM achieved an accuracy of
92.61%, while RF achieved a lower accuracy of 90.15% on the kale test data. The Kappa
associated with SVM (0.89) was higher than RF’s 0.85. SVM outperformed RF in terms
of precision, particularly for the “Below” (93.90%) and “Above” (85.19%) groups
compared to RF’s 88.97% and 82.89%. Additionally, the recall was significantly higher
with SVM, especially for the “Above” group at 94.52%, compared with RF’s 88.81%.

Thus, these results indicate that SVM outperformed RF in all aspects.

Several features distinguish the two classification models, resulting in SVM's slightly
higher performance. Starting with the model structure, SVM maximizes the separation of

the three classes (below MRL, MRL, and above MRL) by finding a hyperplane. After
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model optimization, this study selected a radial basis function kernel, which is known for
its excellent performance in pattern classification of non-linear data (Aftab et al., 2014;
Ding et al., 2021), like the one used in the current study. The RBF kernel enabled the SVM
model to construct complex, non-linear decision boundaries, thereby enhancing its
effectiveness in classifying non-linearly separable Raman datasets. More precisely, SVM
mapped the input data to a higher-dimensional space, enabling better separation. On the
other hand, RF relied on aggregating predictions from multiple decision trees, using a
single feature at each split. This could have limited RF’s ability to effectively capture the
complex non-linear relationship among the three sample groups, slightly lowering its
classification ability relative to SVM.

Furthermore, SVM's superior performance originates from its tuning parameters, such as
cost and gamma. As mentioned, the best SVM model for classifying milk had a cost of 10
and a gamma of 0.1, whereas the values for kale samples were 100 and 1, respectively. The
higher cost associated with the kale class prediction allowed for stronger regularization, as
misclassifications were penalized more heavily, prompting the model to create a more
complex boundary that could capture more complex patterns in the spectral data. For this
reason, SVM demonstrated a better classification ability than RF on both milk and kale
samples. Therefore, using the RBF kernel and a suitable combination of cost and gamma
enabled SVM to capture more complex patterns than RF's tree-based splitting, illustrating

the superiority of the SVM approach.

The results of this study further show that the accuracy of the two models was generally

lower for kale samples than for milk samples. For instance, RF’s recall for the “Below”
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group (94.75%) in milk dropped to 82.82% in kale. Similarly, using SVM, recall was lower
for the “Below” group (84.49%) in kale than for milk (95.94%). A possible explanation for
these results is the complex patterns and a higher degree of overlap among the kale sample
groups, as illustrated by the PCA results in section 4.3. The complexity and class overlap
among the three classification groups could have made it difficult to identify class
boundaries in SVM and to make accurate splits in RF. Moreover, using aluminium as a
substrate for Raman measurements of milk resulted in signal amplification, thereby

enhancing classification accuracy.

Using different performance metrics such as accuracy, Kappa, precision, and recall, this
study shows that RF and SVM can effectively classify milk and kale samples into groups
of below MRL, MRL, and above MRL using the Raman fingerprint of chlorpyrifos (314-
354 cm™). Both models achieved high classification accuracy across different sample
types, which is essential for the rapid, on-site detection of chlorpyrifos in vegetables and
milk. However, SVM consistently outperformed RF across both spectral data sets,
indicating that it is a better classifier in this context.

4.4.6 Comparison of Model Performance in Quantifying Chlorpyrifos Residues

In the case of quantitative analysis of chlorpyrifos in milk and kale samples, comparing the
RF and SVR models offers insights into their quantitative capabilities. For both samples,
RF consistently exhibits lower RMSEP values of 0.0231 and 0.0182 ppm compared to
SVR’s 0.0897 and 0.0658 ppm. Although the two ML models achieve high R? values, RF
slightly outperforms the SVR in both milk and kale samples, with the values approaching

unity. The RF’s lower error values on unseen data, as well as higher R? values, suggest that
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the model has higher predictive accuracy in relation to individual chlorpyrifos

concentrations.

Similar observations were made when considering the two models’ LOD and LOQ. For
milk samples, RF achieved lower LOD and LOQ values, 0.00290 ppm and 0.00966 ppm,
respectively. In contrast, the minimum chlorpyrifos concentrations reliably detected and
quantified using SVR in milk were 0.00307 and 0.0153 ppm. Akin to these were the values
achieved on the kale samples. While RF had LOD and LOQ of 0.00212 and 0.00708 ppm,
respectively, SVR had LOD and LOQ of 0.00847 and 0.0282 ppm, respectively. These
results indicate that RF performed better than SVR at detecting lower chlorpyrifos
concentrations. Thus, while SVM proved superior to RF in classification tasks, RF is
particularly more effective in regression problems where high sensitivity in detecting

substantially low chlorpyrifos levels is necessary.

Furthermore, comparing the LOD and LOQ for the two models provides insight into the
methods’ applicability. RF achieved values slightly lower than the chlorpyrifos MRL (0.01
ppm), suggesting it can be used to detect and quantify this pesticide in samples such as
milk and kale leaves. On the other hand, while SVR’s LOD values are below the MRL for
both samples, the models’ LOQ values are slightly above the MRL. Therefore, SVR can
detect chlorpyrifos levels below the MRL but might not reliably quantify the pesticide

residues.
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The classification and quantification performance obtained in this study is broadly
comparable to that reported for chromatographic methods such as GC-MS when used for
pesticide residue analysis. The RF and SVM classifiers achieved high overall accuracies
of 95% for milk and 90% for kale, with Kappa values above 0.85, indicating strong
agreement between predicted and actual contamination classes. In addition, the RF and
SVR regression models yielded significantly low limits of detection and quantification for
chlorpyrifos: LODs of approximately 0.002-0.003 ppm for milk and 0.002-0.008 ppm for
kale, with corresponding LOQs of about 0.03 ppm. These sensitivity levels are comparable
to those reported in some GC-MS-based pesticide residue studies. For example, a
Bangladesh vegetable study reported GC-MS LOD and LOQ values of 0.011 and 0.034
mg/kg, respectively, for chlorpyrifos in cauliflower, cabbage, and eggplant (Momtaz and
Khan, 2024). In milk-powder analysis by GC-MS, chlorpyrifos was quantified with an
LOD of approximately 0.284 ng/kg and an LOQ of 0.862 pg/kg (Ali and Hassan, 2023).
Furthermore, multi-residue GC-MS surveys across various crops reported LOQ values
around 0.01 mg/kg for some pesticides (Yun et al., 2024). While GC-MS remains the
reference technique, the Raman-ML approach developed in the present study delivers
comparable detection capability and classification performance with the additional benefits

of being non-destructive, solvent-free, and more suitable for rapid screening.

The current study envisioned the development of a rapid pesticide analysis method.
Consequently, the method’s rapidness was evaluated to determine the time required to
assess the presence and levels of chlorpyrifos in milk and kale samples. Table 4.9

summarizes the turnaround time for the developed method.
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Table 4.9: Turnaround time for the machine learning-aided Raman spectroscopy
method

Phase Activity Time (minutes)
Sample preparation | Filtration (milk), Slicing (kale) <5
Data acquisition Raman measurement collection (Milk: 1 minute <2

43 seconds, Kale: 30 seconds)

Data analysis Preprocessing, classification, and quantification <8

Overall time per sample <15

In contrast to traditional laboratory methods, such as LC-MS and GC-MS, which require
time-consuming sample pretreatment and a long analysis time of more than 60 minutes
(Amirav et al., 2014), the developed method allows samples to be processed and results
generated within 15 minutes. This feature validates the method’s suitability for rapid

analysis of chlorpyrifos in food samples.
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CHAPTER FIVE

CONCLUSIONS AND RECOMMENDATIONS

5.1 Summary and Conclusions

This study aimed to evaluate the feasibility of using Raman spectroscopy in combination
with machine learning for the detection and quantification of chlorpyrifos residues in kale
and milk. By first examining the spectra of control and spiked samples using one-way
ANOVA, it was possible to identify Raman bands that showed statistically significant
differences between uncontaminated and contaminated samples. These bands represent
spectral regions that are particularly sensitive to chlorpyrifos-induced changes in the
matrices and serve as a basis for identifying a meaningful Raman fingerprint of the

pesticide in kale and milk.

Using the ANOVA-informed regions, PCA revealed clear separation between contaminated
and control samples within the 314-354 cm™ band centered at 342 cm™ for both matrices.
This demonstrated that the selected Raman fingerprint captures sufficient information to
qualitatively distinguish contamination classes, including samples at different levels
relative to the maximum residue limit. The PCA results, therefore, confirmed that
combining ANOVA-based band selection with PCA provides an effective way to
summarize the complex Raman spectra of kale and milk into a lower-dimensional

representation that preserves the contamination-related structure in the data.

Building on this fingerprint, supervised machine learning models were developed to

perform both classification and quantification. In both kale and milk, classification models
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based on RF and SVM achieved high overall accuracy in discriminating between control
and chlorpyrifos-contaminated samples across the concentration levels investigated.
Regression models constructed using RF and SVR provided reasonably accurate
predictions of chlorpyrifos concentration within the studied ranges, with R? and prediction
errors indicating that the models are suitable for quantitative estimation. The corresponding
LOD and LOQ fell within regulatory-acceptable ranges for chlorpyrifos residues and were
broadly comparable to values reported for chromatographic methods, while providing non-

destructive, solvent-free measurements.

Overall, the findings support the conclusion that Raman spectroscopy, when combined with
ANOVA-guided band selection, PCA, and machine learning, offers a viable and promising
approach for rapid screening of chlorpyrifos residues in kale and milk. Although
chromatographic techniques such as GC-MS remain essential as reference methods and for
comprehensive multi-residue analysis, the results obtained here indicate that Raman-ML
methods can provide screening performance that is compatible with practical monitoring
needs, while offering advantages in speed, sample preservation, and reduced solvent use.
At the same time, the study had two significant limitations in that it focused on a single
active compound and used laboratory-spiked rather than field-collected samples.
Nevertheless, the work demonstrates a clear pathway for integrating Raman spectroscopy
and machine learning into more sustainable analytical approaches for pesticide-residue

monitoring.
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5.2 Recommendations and Future Prospects

Based on the findings of this study, it is recommended that Raman spectroscopy combined
with machine learning be further developed and evaluated as a complementary screening
tool for chlorpyrifos residue monitoring. Within practical monitoring systems, the approach
is best positioned as a rapid, non-destructive frontline method for screening large numbers
of samples, with only those flagged as potentially non-compliant referred to
chromatographic techniques such as GC-MS or LC-MS for confirmatory analysis. Future
work should focus on validating the Raman-ML approach using field-collected samples
from farms and markets to assess robustness under realistic matrix variability and naturally
occurring residue profiles. In addition, extending the method to other food matrices and
additional pesticides or key degradation products would help establish its broader
applicability. As portable Raman instruments become increasingly accessible, efforts
should also be directed towards implementing and evaluating the developed models on
handheld or field-deployable tools, to enable in situ screening and support more efficient

and sustainable pesticide residue monitoring.
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LIST OF APPENDICES

Appendix I: Codes Used for Data Analysis

PCA Code in R for Exploratory Analysis

# Load Required Libraries

library(ChemoSpecUltils)

library(ChemoSpec)

library(chemometrics)

library(knitr)

library(R.utils)

library(utils)

library(kableExtra)

library(ggplot2)

library(dplyr)

# Importing and Preparing the Spectral Data

rawspec <- matrix2SpectraObject(gr.crit = c¢("C.", "T."),
gr.cols = c("green", "red"),
freq.unit = "Raman shift (cm-1)",
int.unit = "Intensity",
descrip = "Milk Score plots for PA",
in.file = "Kale PA 1000c.csv",
out.file ="Kale PCA data PB",

chk = TRUE,
sep = u’u’
dec=".")

# Summarizing the Spectral Data
sumSpectra(rawspec)

# Select Regions of Interest (ROI)
newspecl <- rawspec

# Normalization of Spectra

specl <- normSpectra(newspecl)
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# Principal Component Analysis (PCA)

pcal <- c_pcaSpectra(specl, choice = "noscale", cent = TRUE)

# Plotting PCA Score Plots

p <- plotScores(specl, pcal, pcs = c(1, 2), ellipse = "none", tol = 0)

p <- p + geom_vline(xintercept = 0) + geom_hline(yintercept = 0)

p

# Plot PCA Loadings for the full spectrum

plotLoadings(specl, pcal, loads = ¢(1, 2), ref = 1)

# Outlier Detection in PCA

p <- diagnostics <- pcaDiag(specl, pcal, quantile = 0.90, pcs = 2, plot = "OD")
p <- diagnostics <- pcaDiag(specl, pcal, quantile = 0.90, pcs = 2, plot = "SD")
# Scree Plot

plotScree(pca2, style = "alt", main = "Scree Plot: 314-354 cm-1 Spectra")

RF Code in R Used for Classification
# Load Libraries

library(randomForest)
library(caret)
library(dplyr)
library(doSNOW)
# Load Data
df <- read.csv("pcs_data_all PA Milk fingerprint.csv", stringsAsFactors = FALSE)
df <- df %>%
mutate(Group = factor(Group, levels = c("Below", "MRL", "Above")))
dff, pasteO("PC", 1:4)] <- lapply(df], pasteO("PC", 1:4)], as.numeric)
# Split Data
set.seed(1234)
data_split <- createDataPartition(df$Group, times = 1, p = 0.7, list = FALSE)
train_set <- df[data_split, ]
test_set <- df[-data_split, ]
# Train Random Forest Model
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train.control <- trainControl(method = "repeatedcv", number = 10, repeats = 3)
tune.grid <- expand.grid(.mtry = c(1:4))
cl <- makeCluster(2, type = "SOCK")
registerDoSNOW(cl)
RFmodel <- train(Group ~ .,
data = train_set[, c("Group", pasteO("PC", 14))],
method = "rf",
tuneGrid = tune.grid,
trControl = train.control,
ntree = 500)
stopCluster(cl)
# Performance on Training Data
preds_train <- predict(RFmodel, train_set[, pasteO("PC", 1:4)])
cm_train <- confusionMatrix(preds_train, train_set$Group, positive = "Above")
print(cm_train)
# Performance on Test Data
preds_test <- predict(RFmodel, test_set[, pasteO("PC", 1:4)])
cm_test <- confusionMatrix(preds_test, test set$Group, positive = "Above")

print(cm_test)

RF Code in R Used for Regression
library(randomForest)
library(mlbench)

library(caret)

library(dplyr)

library(e1071)

library(parallel)

library(doSNOW)

# Load data (replace with your dataset)

df <- read.csv("2pcs_data milk PA quant finger.csv", stringsAsFactors = FALSE)
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# Ensure PC1, PC2, and Target (assuming "Target' is the regression variable) are numeric
df <- df %>%
mutate(
Target = as.numeric(Level),
PC1 = as.numeric(PC1),
PC2 = as.numeric(PC2)
)
# Handle missing values by removing them
df <- na.omit(df) # Remove rows with any missing values
# Split Data
set.seed(1234)
data_split <- createDataPartition(df$Target, times = 1, p = 0.7, list = FALSE)
train_set <- df[data_split, ]
test_set <- df[-data_split, |
# Set up caret to perform 10-fold cross-validation repeated 3 times for regression

_n

train.control <- trainControl(method = "repeatedcv",
number = 10,
repeats = 3,

—_n

search = "grid",

verboselter = TRUE)
# Define the grid of hyperparameters for Random Forest
tune.grid <- expand.grid(.mtry = ¢(1:2))
# Use the doSNOW package to enable caret to train in parallel
cl <- makeCluster(detectCores() - 1, type = "SOCK")
registerDoSNOW(cl)
# Train the Random Forest model using caret for regression

RFmodel <- train(Target ~ .,

data = train_set,
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method = "rf",
tuneGrid = tune.grid,
trControl = train.control,
metric = "RMSE")
# Stop the cluster
stopCluster(cl)
# Make predictions on the test set
test_preds <- predict(RFmodel, test_set)
# Calculate standard deviation of predictions for each instance in test set for error bars
rf _model <- RFmodel$finalModel
test pred all <- predict(rf model, test set, predict.all = TRUE)S$individual
test_errors <- apply(test pred all, 1, sd)
# Compute RMSEP and R? for the test set
test_rmsep <- sqrt(mean((test_preds - test_set$Target)"2))
test r2 <- cor(test_preds, test_set$Target)"2
# Select a subset of points for displaying error bars
set.seed(123) # For reproducibility
error_indices <- sample(1:nrow(test_set), 10)
# Filter for points with non-zero error bars
non_zero_error_indices <- error_indices[test errors[error indices] != 0]
# Plot Actual vs. Predicted for the Test set with full-length error bars
plot(test_set$Target, test preds, col = 'black’, pch = 16,
main = "RF on Milk Test Set",
xlab = "Actual Concentration", ylab = "Predicted Concentration")
abline(a=0,b=1, col = "red", lwd =2) # Add 45-degree reference line
# Add error bars only for points with non-zero error lengths
arrows(

x0 = test_set$Target[non_zero_error indices],
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y0 = test_preds[non_zero error indices] - test_errors[non_zero error indices],
x1 =test_set$Target[non_zero_ error indices],

yl =test_preds[non_zero error_indices] + test_errors[non_zero_error indices],
code = 3, angle = 90, length = 0.1, col = "black"

)
# Add text for RMSEP and R-squared on the plot

text(x = min(test_set$Target), y = max(test preds),

labels = paste("RMSEP =", format(test rmsep, digits = 5), "ppm\nR? =",
format(test_r2, digits = 5)),

pos =4, col = "black", cex = 0.8)

SVM Code in R Used for Classification

# Load Libraries
library(caret)
library(dplyr)
library(doSNOW)
library(parallel)
# Load Data
df <-read.csv("pcs_data_all PA Milk fingerprint.csv", stringsAsFactors = FALSE)
df <- df %>%

mutate(Group = factor(Group, levels = c("Below", "MRL", "Above")),

across(starts_ with("PC"), as.numeric))

# Split Data
set.seed(1234)
data_split <- createDataPartition(df$Group, times = 1, p = 0.7, list = FALSE)
train_set <- df[data_split, ]
test_set <- df[-data_split, ]
# Train SVM Model
train.control <- trainControl(method ="

radial grid <- expand.grid(C = 107(-2:3), sigma = c¢(0.001, 0.01, 0.1, 1, 5, 10))

repeatedcv", number = 10, repeats = 3)



117

cl <- makeCluster(detectCores() - 1, type = "SOCK")
registerDoSNOW(cl)
SVMmodel <- train(Group ~ .,
data = train_set[, c(pasteO("PC", 1:4), "Group")],
method = "svmRadial",
tuneGrid = radial grid,
trControl = train.control)
stopCluster(cl)
# Performance on Training Data
preds_train <- predict(SVMmodel, train_set[, paste0("PC", 1:4)])
confusionMatrix(preds_train, train_set$Group)
# Performance on Test Data
preds_test <- predict(SVMmodel, test_set[, pasteO("PC", 1:4)])

confusionMatrix(preds_test, test set$Group)

SVR Code in R Used for Regression

library(caret)
library(dplyr)
library(el1071)
library(doSNOW)
library(parallel)
# Load data
df <- read.csv("2pcs_data milk PA quant finger.csv", stringsAsFactors = FALSE)
# Ensure PC1, PC2, and Target are numeric
df <- df %>%
mutate(
Target = as.numeric(Level),
PC1 = as.numeric(PC1),
PC2 = as.numeric(PC2)
)

# Handle missing values by removing them
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df <- na.omit(df)
# Split Data
set.seed(1234)
data_split <- createDataPartition(df$Target, times = 1, p = 0.7, list = FALSE)
train_set <- df[data_split, ]
test set <- df[-data_split, ]
# Set up caret to perform 10-fold cross-validation repeated 3 times
train.control <- trainControl(method = "repeatedcv",
number = 10,
repeats = 3,
search = "grid")
# Define the grid of hyperparameters for SVM Radial
radial grid <- expand.grid(C = 107(-2:2), sigma = ¢(0.01, 0.1, 1))
# Use the doSNOW package to enable caret to train in parallel
cl <- makeCluster(detectCores() - 1, type = "SOCK") # Use all but one core
registerDoSNOW(cl)
# Train the SVM Radial model using caret for regression
SVMmodel <- train(Target ~ .,
data = train_set,
method = "svmRadial",
tuneGrid = radial_grid,
trControl = train.control)
# Stop the cluster
stopCluster(cl)
# Make predictions on the test set
test_preds <- predict(SVMmodel, test _set)
# Calculate residuals as error bars (difference between actual and predicted)
residuals <- test_set$Target - test_preds
# Compute RMSEP and R? for the test set
test_rmsep <- sqrt(mean(residuals”2))

test_r2 <- cor(test preds, test set$Target)"2
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# Select indices for points to display error bars
set.seed(123)
test_error_indices <- sample(1:nrow(test set), 10)
# Plot Actual vs. Predicted for the Test set with error bars
plot(test_set$Target, test preds, col = 'black’, pch = 16,
main = "SVR on Milk Test Set",
xlab = "Actual Concentration", ylab = "Predicted Concentration")
# Add error bars for selected points
arrows(test_set$Target[test error_indices],
test_preds[test_error indices] - residuals[test error indices],
test_set$Target[test error indices],
test_preds[test error indices] + residuals[test error indices],
angle =90, code = 3, length = 0.1, col = "black")
# Add 45-degree reference line
abline(a=0,b =1, col = "red", lwd = 2)
# Display RMSEP and R? on the plot
text(x = min(test_set$Target), y = max(test preds),
labels = paste("RMSEP =", format(test rmsep, digits = 5), "\nR? =", format(test 12,
digits = 5)),
pos =4, col = "black", cex = 0.8)
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Appendix II: Additional Photos Taken During the Research

Back to Nature Organic Farm




121

Appendix III: Pesticide Information

MY BN

TR

iy

Pesticide DuoDip Ranger
Target (Animal/Crop) Animals Crops
Target (Pests/Disease) Ticks, fleas, mange, tsetse Aphids, Berry Borer,

flies, lice

Termites, Thrips, Whiteflies

Active ingredients

e 50% Chlorpyrifos
e 5% Cypermethrin

e 48% Chlorpyrifos

Application

e Hand Spraying
e Dipping

e Spraying




