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Abstract: Valued for its nutritional and economic value, olive oil (OO) has been subject to adulteration
practices. This study aimed to develop a classification model based on chemical composition to identify
OOs from three main cultivars: Kalinjot, Ulli i bardhé Tirana, and Mixan, which comprise the majority
of plantations in Albania. Eighty-five OO samples spanning different crop years and locations were
studied using three different machine-learning algorithm models. The performance metrics of the k-
Nearest Neighbors (kNN), Support Vector Machine (SVM), and Random Forest are discussed in terms
of their classification performance. The comparison of accuracy revealed that the Random Forest model
outperformed the others, achieving an accuracy of approximately 93%, compared to 81% for kNN and
78% for SVM. This significant finding, along with the clear confusion matrix of Random Forest, selects
it as the preferred model for distinguishing OO based on cultivar and geographic origin. This project
will help oil and oil extraction companies verify the authenticity of their products and detect
adulteration practices in the Albanian oil sector.
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1. Introduction

The olive tree (Olea europaea 1..) is an evergreen plant of significant importance to the economies
and environments of countries in the Mediterranean region and other select regions worldwide.
Distinguished for its fruit and oil, the olive plant has spread to other regions, such as Australia and
North and South America, due to its valuable products: olive oil and table olives [17]. The western
regions of Albania exhibit typical Mediterranean characteristics, where the olive tree has been cultivated
(Figure 1) . Genetic studies have revealed the existence of twenty-two native olive cultivars, which are
strictly present in six regions: Vlora, Berat, Elbasan, Kruja, Tirana, and Lezha. Among native cultivars,
the most distinguished are Kalinjot, Mixan, Kokérrmadh Berati, Krips, and Ulliri 1 Bardhé Tirana, also
known as Bianco di Tirana [2-47.

Olive oil (OO) is the most distinguished among vegetable oils due to its unique fatty acid profile and
high content of phenolic compounds [57]. Studies suggest that OO may offer health benefits, including
reducing coronary heart disease risk factors, preventing certain types of cancer, and modulating immune
and inflammatory responses. It is widely recognized as a primary contributor to the Mediterranean
Diet, attributed to its association with longevity and a low incidence of cardiovascular diseases among
inhabitants of this region [67]. These benefits originate from the phenolic compounds, which aid in
preventing several chronic diseases like atherosclerosis, cancer, chronic inflammation, strokes, and other
degenerative diseases [77].
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Being more expensive than other vegetable oils, the adulteration of OOs with cheap vegetable oils
provides a significant economic interest. The most common OO adulteration practices involve the
addition of vegetable oils, such as sunflower and soybean, as well as the addition of harmful or
unnecessary substances that can alter their nature and quality [8, 97. Other counterfeiting practices
include mixing olive oil (OO) from different harvesting years, blending olive oil products with
geographical designation with OO of unidentified origin, and mixing Virgin Olive oils with olive oil of
low quality, such as pomace extraction [107].

Virgin olive oil (VOO) is extracted from the olive fruit solely through mechanical processes under
conditions that do not alter the oil, and it undergoes no further treatment other than washing,
decantation, centrifugation, and filtration [117]. It comprises triacylglycerols (~99%) and minor
compounds, including phenolic compounds and sterols, aliphatic alcohols, tocopherols, and pigments
[8]. Triglycerides are constituted from oleic (C18:1) and linoleic acid (C18:2), while palmitic (C16:0),
palmitoleic (C16:1), stearic (C18:0), and linolenic (C18:3) fatty acids are identified in minor amounts.
Other fatty acids, such as myristic acid (C14:0) and eicosanoic acid, are found in minor amounts [127].
Phenolic compounds are present in various parts of Olea europaea L. phenolic compounds belong to six
major families of compounds: phenolic acids, flavonoids, isochromans, lignans, secoiridoids, and
derivatives [5]. Tyrosol and hydroxytyrosol, and derivatives of 4-hydroxybenzoic, 4-
hydroxyphenylacetic, and 4-hydroxycinnamic acids, constitute the most distinguished among them [47].

The OO fatty acid (IFA) composition may differ according to cultivars, production zones, latitude,
climate, variety, and fruit maturity stages. Greek, Italian, and Spanish OOs are low in linoleic and
palmitic acid, while a high percentage of oleic acid. Olive oils from North African countries, e.g.,
Tunisia, are high in linoleic and palmitic acids and lower in oleic acid [17.

Despite the diversity of olive cultivars in Albania, the most important native cultivar is Kalinjot,
approximately 50% of plantations nationally, with over 70% in southern Albania, regions of Vlora and
Mallakastra (Table 3), by contributing significantly to domestic olive oil production [13, 147]. The
phenolic compounds of Albanian olive oil (OO) from the distinguished native olive cultivars Kalinjot,
Bardhi Tirana, Ulli i Zi, Krips Kruja, and Bardhi Kruja have been characterized [47]. The most abundant
phenolic class, regardless of the cultivar, was secoiridoids, followed by phenolic alcohols.
Hydroxytyrosol and tyrosol were the dominant compounds in this group, especially in Kalinjot OO [47].
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TIRANA
(including Lezhé, Kurbin,
Kruja, Kavaja and Durrés)

FIER
(including Lushnje and Mallakastér)

VLORA
(including Delvina and Saranda)

Figure 1.

Olive plantation regions of Albania.
Source: Martakos, et al. [10].
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According to the national statistics, the main olive-producing areas are Berat, Elbasan, Fieri, and
Vlora. Fieri is the central region for the first three indicators (total number of plants, number of plants
in production, and total output). The economic potential of the main olive cultivars is remarkably high,
contributing to rural economies and regions with low developing potential, such as the country’s
southern and inland hilly regions [157].

Establishing the OO of designated origin has raised concerns about the traceability of geographical
origin. Mislabelling geographical origin or using other olive varieties can impact consumer confidence
and the reputation of olive-producing regions. Unfortunately, an increasing number of low-quality OOs
often end up on our tables and are not easily identifiable. Consequently, to ensure the product's
authenticity, considering its geographical origin, cultivar, and agricultural practices is essential for
maintaining and improving its supply chain by implementing traceability systems.

While traditional empirical methods have been relied upon to detect olive oil fraud and evaluate
quality, this study pioneers a modern approach using machine learning algorithms to difterentiate
authentic products from counterfeits. Random Forest (RF) and k-Nearest Neighbors (kNN) algorithms,
among others [167]. Evaluation of VOO from specific cultivars and regions, employing and testing
different Al-based classification techniques to determine the highest accuracy [17].

2. Material and Methods

An artificial intelligence-driven system was developed, which is easily accessible, to predict the
quality and origin of the VOO product based on physical and chemical properties. We identified two
approaches to data. Based on seven input characteristics, including fatty acids such as palmitoleic,
stearic, oleic, and linoleic acid, the algorithm can predict the VOO geographical region, represented by
the output variable (in the cited study, there are three regions, e.g., Vlora, Fieri, and Berati). Therefore,
our target (output) is also categorical, as noted by Aiello and Tosi [187. The dataset #3, with 572 data
objects, was closer to our study objective.

Analogously, we can use similar input characteristics in the dataset being processed for our study.
Each data object (olive oil) needs to be populated with accurate data regarding its fatty acid percentage.
The prediction accuracy extracted from Machine Learning algorithms increases with the data. From a
confusion matrix perspective, a correct prediction can usually be interpreted as a True Positive (TP)
value. For example, if the actual data is “Kalinjot” OO and the predicted data is also “Kalinjot” OO, then
the algorithm has performed the prediction correctly.

2.1. Support Vector Machine

Support Vector Machine (SVM) is one of the most popular supervised machine learning algorithms.
It enables the maximization of the discriminant boundary. The method divides the samples through an
optimal hyperplane, maximizing the distance among the classes of data points within a multidimensional
space [19, 207].
In our case study, being a “multi-class” classification, we can use one of the methods:
1-vs-rest. So, we use classifiers; for example, one of them is [“Kalinjot™] vs [“Berati, “Fieri,” “Saranda™].

) ) N-1
1-vs-1. In this case, to generate a classifier, we use the formula N * 5 where

N- indicates the number of classes we are considering. So, for N = 4, we will have six classifiers, e.g.,
“Ralinjot” vs. “Berati” and “Kalinjot” vs. “Fieri."

2.2. The k-Nearest Neighbour
The k-nearest Neighbour (kNN) algorithm performs the classification task by predicting a new
given object based on the Euclidean distance between the training point and the test observation.
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In Equation (1), n represents the number of dimensions, whereas x; and y; denote the data points

[207.

2.8. The Dataset Algorithm Adjustment

For a data object like olive oil, the user specifies attributes such as 'Oleic acid (OA)' and 'Linoleic
acid (LA), and the algorithm determines whether the olive oil belongs to one of the following
categories: Kalinjot VOO, Berati, Fieri, or Saranda region.

Step 1. Calculate the distance based on the input characteristics (e.g., OA, LA).

Step 2. Determining the rank. The first rank corresponds to the smallest distance identified in the
initial step.

Step 3. The “nearest neighbor” is identified using a specific value of k. For instance, when k = 1, the
top-ranked place will be chosen (Kalinjot). Conversely, with k = 4, we examine the top four ranks. If
three of these four ranks correspond to Kalinjot, it indicates that these three data points are close in
distance. Consequently, this leads to the prediction that the new data object will be classified as a
Kalinjot object of type OO.

2.4. The Olrve O1l Cultivar Predictor

The thirty-four Kalinjot VOO dataset was collected from various regions of the country. The aim is
to predict the cultivar’s origin, a “classification task” or “multi-class classification.”

Key features include specific fatty acids and phenolic compounds that allow us to distinguish the
cultivar origin, considering that soil and climate also impact the VOO chemical composition. Secondly,
the ML model enables the classifier to learn from these values, uncovering hidden patterns and
predicting the origin of the samples based on their geographical location.

To balance the dataset, we utilized the Synthetic Minority Oversampling Technique (SMOTE) to
replicate instances of the minority class. SMOTE is an over-sampling technique that increases the
occurrence of less frequent classes in the training set, generating new samples to alleviate the class
imbalance [207.

Table 1.
Features, description, and value type.

Feature

Feature information

Value type

Special Fatty Acids

Uncommon or less abundant fatty acids, such as 17:0 and 17:1 (n-7),
indicate additional profile variability.

Continuous

Saturated Fatty Acids (SFA)

Includes fatty acids like 14:0 (myristic), 16:0 (palmitic), 18:0 (stearic),
20:0 (arachidic), 21:0 (henicosanoic), 22:0 (behenic).

Continuous

Monounsaturated Fatty Acids | Fatty acids with one double bond, such as 16:1(n-9), 16:1(n-7), 18:1(n- | Continuous
(MUFA) 9)cis, 18:1(n-9)trans, 18:1(n-7), 20:1(n-9).

Polyunsaturated Fatty Acids | Fatty acids with multiple double bonds, including 18:2(n-6)cis, | Continuous
(PUFA) 18:2(n-6)trans, 18:3(n-3), 20:2(n-6), 20:3(n-3).

Fatty Acid Ratios

Ratios such as (n-6)/(n-3) and 18:1/18:2 reflect the balance between
omega-6 and omega-3 fatty acids or specific fatty acids.

Continuous
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2.5. Training and Testing Datasets

The scikit-learn library in Python was used. The dataset was split into 20% for testing and the
remaining 80% for training the model (Figure 2). The model was trained on X_#¢rain and 1__train in the
training dataset, while the prediction model used X_fest and compared the predicted results with 7" fest.

Collecting data objects from the dataset , Olive oil dataset

'

Data Pre-processing (Data cleaning
transformation and reduction)

'

Splitting the data into:

N

Training dataset Testing dataset

80% 20%

Y Y

Model development

Y
Performance evaluation

!

Selection of the best model

Figure 2.
The research methodology used.

2.6. Feature Selection and Extraction

In the Olive Oil dataset, feature scaling is crucial because our chosen machine learning algorithms
must calculate distances between data points. The sczkit-learn Python module integrates the newest
machine-learning algorithms in supervised and unsupervised cases [207]. The standardized data means
1 =0 and o = 1. The following formula for the calculation of the standard score of sample x :

XU
o

Where X; is each value, U is the mean value of the training samples, and o is the standard deviation
of the training samples. Conversely, Principal Component Analysis (PCA) is a dimensionality reduction
method that reduces the number of input features while preserving as much information as possible
from the original dataset. PCA converts the twenty-four original features into smaller principal
components, each representing a sizeable portion of the dataset’s variance [207].

Zj
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Table 2.
Post-standardization statistical data (mean and StDev) for the twenty-four features.

1 2 3 4 5 6
Count 28.0 28.0 28.0 28.0 28.0 28.0
Mean 0.0 0.0 0.0 0.0 0.0 0.0
StDev 0.0 1.0 1.0 1.0 1.0 1.0
Min 0.0 -1.7 -2.6 -1.2 -1.5 -1.6
25% 0.0 -0.6 -0.5 -0.7 -1.1 -0.9
50% 0.0 -0.3 -0.0 -0.3 0.6 0.4
75% 0.0 0.8 0.7 0.2 0.8 0.7
Max 0.0 2.2 1.4 2.4 1.2 1.3
8 rows X 24 columns

2.7. Evaluation Metrics

Several metrics help assess a model’s ability to correctly classify the OO into their respective origins
re17.

Accuracy: indicating the number of correctly classified instances over the total number.

TP+TN

TP+TN+FN + FP

After performing SMOTE, our target class achieved a well-balanced score, indicating accuracy —a
good metric for measuring how often the classifier predicts correctly.

Precision: expressing the proportion of positive instances predicted, predicted as positive.

TP

TP + FP
Recall the proportion of current positive instances precisely predicted as positive.

Accuracy =

Precision =

Recall = TP-l-—F]V

F1 score: calculated as the balanced mean of recall and precision.

Recall X Precision
F1score =2 X

Recall + Precision

3. Results and Discussions
Application of ML models for olive oil classification based on chemical composition has been
successfully applied recently [227.

3.1. Feature importance using Random Forest

The importance of features for predicting olive oil cultivar origin using the Random Forest
classification model is presented in Figure 8. The dataset comprised OO samples from the Kalinjot
cultivar collected from various regions in Albania, including Vlora, Berat, and Fier (resulting in three
target classes). The analysis aimed to classify the Kalinjot VOO, utilizing chemical characteristics such
as fatty acid (FA) profiles, polyunsaturated fatty acids (PUFA), monounsaturated fatty acids (MUFA),
and the 18:1/18:2 ratio as input features.

Among these features, the ratio of 18:1 to 18:2 was identified as the most crucial in distinguishing
the Kalinjot VOO. The MUFA group significantly influenced the origin of our target variable,
indicating that the ratio among fatty acid (IFA) groups is specific to the region. The same conclusion was
drawn for the PUFA and SFA groups, reflecting the broader FA composition within the same cultivar.
The feature f14:0 and specific trans-FFA have the lowest importance scores, suggesting they contribute
minimally to differentiating the samples based on geography.
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rat(18:1)/(18:2)
PUFA

MUFA

SFA
rat(n-6)/(n-3)
f22:0

f20:3 (n-3)
f21:0

f20:2 (n-6)
f20:1 (n-9)
f18:3 (n-3)
f20:0
f18:2(n-6)cis
f18:2(n-6)trans
f18:1(n-7)
f18:1(n-9)cis
f18:1(n-9)trans
f18:0

f17:1 (n-7)
f17:0
f16:1(n-7)
f16:1(n-9)
f16:0

f14:0

0.00 0.02 0.04 0.06 0.08
Feature Importance

Figure 3.
Random Forest model and feature importance on the Olive Oil dataset.

The Gini impurity metric assessed the role of every feature in reducing uncertainty during
classification. Features with higher importance scores appear more frequently in decision-making nodes
within the model, which is pivotal in achieving accurate predictions of the olive oil's origin. This
highlights the importance of utilizing well-chosen chemical markers to achieve robust classification
outcomes. In conclusion, the feature importance analysis highlights the key chemical indicators that
facilitate a reliable classification of Kalinjot OO based on their geographical origin.

MUFA — holds the highest importance, indicating it plays a key role in determining the origin of
olive oil. SFA (Saturated Fatty Acids) and PUFA — also demonstrate strong importance. Other major
contributors include ratios like rat(18:1)/(18:2) and fatty acids such as {20:2(n-6) and f18:2(n-6)cis.

3.2. Evaluation Metrics Analysis

The evaluation metrics provide critical insights into the strengths and weaknesses of machine
learning models in predicting the origin of Albanian mono-cultivar OO. Logistic Regression and SVC
demonstrated moderate overall performance, achieving an accuracy of 72.4%. Despite these models
show balanced precision and recall for specific classes, they struggle to correctly identify samples from
Vlora, as evidenced by low precision and recall values for this class. While conceptually simple, the k-
Nearest Neighbours algorithm underperformed with an accuracy of 50%. However, after
hyperparameter tuning, kNN performed better (Table 3-7).

Similarly, the Decision Tree model exhibited overfitting tendencies, resulting in an overall accuracy
of 50% and inconsistent predictions across regions. Random Forest, a more robust ensemble method,
showed slight improvements for specific classes but failed to generalize effectively, yielding 50%
accuracy. Gradient Boosting provided a more nuanced balance in classifying oils. However, its overall
accuracy remained constrained by challenges in capturing the underlying data distribution, particularly
for samples from Berati and Vlora. These findings underline the limitations of standard classifiers in
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tackling regionally diverse and imbalanced datasets. Issaad, et al. [237 successfully demonstrated that
ML models can distinguish the OO produced in different regions and different cultivars from Algeria.

Table 3.

Classification report on the SUPPORT VECTOR CLASSIFIER model accuracy.

Accuracy: 72.50 %

Precision Recall F1-score Support
0.6 0.724 0.571

Berati 0.00 0.00 0.00 2
Fieri 1.00 0.75 0.86 4
Vlora 0.40 1.00 0.57 2
Table 4.
Classification report on the kNN model accuracy.
Accuracy: 50.00 %

Precision Recall F1-score Support

0.5 0.5 0.467

Berati 0.00 0.00 0.00 2
Fieri 0.50 0.75 0.60 4
Vlora 1.00 0.50 0.67 2
Table 5.
Classification report on the RANDOM FOREST model accuracy.
Accuracy: 72.40 %

Precision Recall F1-score Support

0.625 0.625 0.625

Berati 0.00 0.00 0.00 2
Fieri 0.75 0.75 0.75 %
Vlora 0.33 0.50 0.40 2

Note: The last column (“Support”) provides the number of samples in each class.

The Support Vector Classifier (SVC) model correctly classifies OO samples from Fieri (3) and Vlora
(2) but fails to classify Berat samples with an accuracy of 62.5%. The k-Nearest Neighbors (KNN)
algorithm correctly classifies OO from the Fier region and Vlora but fails to classify OO from Berat
with an accuracy of 57.1%. The Random Forest model was the best performer, correctly classifying OO
from the Fier region and Vlora, but failed to classity OO originating from Berat with an 66.7% accuracy.

3.3. Confusion Matrix Analysis

The confusion matrices revealed key patterns in the misclassification tendencies of the models,
shedding light on the regional separability of the OO samples. Across most models, samples originating
from Fieri were consistently classified with higher accuracy, suggesting more distinct feature patterns
for this region. Conversely, OO samples from Berati and Vlora were frequently misclassified, indicating
overlapping characteristics. For example, Logistic Regression and SVC exhibited significant confusion
in differentiating OO samples from the Vlora, often misclassifying them as belonging to Fieri. Gradient
Boosting showed marginal improvement in class distribution but struggled with borderline cases
between Berati and Fieri. Despite its ensemble nature, Random Forest demonstrated similar biases to
the individual Decision Tree model, particularly in under classitying Vlora samples.
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Confusion Matrix: Random Forest

Confusion Matrix: Support Vector Classifier Confusion Matrix: K-Nearest Neighbors

Berat 2.5 Berat 2.5 Berat

True label
o
]
True label

w
True label
F
&

Mora 05 Viora 0.5 Viora

Berat Fer Viora Berat Fier Viora Berat Fer Mora
Predicted label Predicted label Predicted label

Figure 4.
Visualization of confusion matrices created using the Confusion Matrix Display class from the sklearn—metrics library.

Since our dataset is small, consisting of only thirty-four instances, the observed trends reflect the
dataset’s complexity and the limitations of training on such as the small sample size. This highlights the
importance of adopting advanced pre-processing techniques, in addition to feature scaling, such as
dimensionality reduction or to improve class separability and enhance model performance. To achieve
more excellent predictive reliability, future work should explore more sophisticated algorithms and
consider collecting a larger, more representative dataset to capture the full variability of the features.
However, the Confusion Matrices and Model Comparisons concluded that each confusion matrix
provides a visual breakdown of how each classification model performed on three olive oil origin labels:
Berat, Fier, and Vlora.

3.4. Hyperparameter Tuning for the K-Nearest Neighbor Classifier

The hyperparameters of different models were tuned to optimize their performance. Precisely, for
Logistic Regression, the regularization strength of the Support Vector Machines (SVM), the penalty
parameter C; in the Decision Tree Model, the maximum depth, and minimum samples per split; while in
the Random Forest, the number of estimators and maximum features.

In the post-tuning evaluation of ML models, it was observed that the kNN algorithm, with its
optimized hyperparameters, performed better than the other models (www.geeksforgeeks.org/k-
nearest-neighbours). The Euclidean distance between two points in the hyperplane was used to estimate
the k-NN for a given data point. This metric, along with Manhattan distance, is a particular case of

Minkowski distance:
1

dxy) = ) =P

i=1
Setting the Minkowski metric (p) to 2 produced the Euclidean distance. According to scikit-learn, the
value of the other main kNN hyperparameter (the number of k neighbors) was set to 5 by default (Table
8). Experiments with k values ranging from 1 to 28 determined the optimal k value to be 4, with an
accuracy of 72.4% (Figures 5 and 6).

Table 6.

The k-Nearest Neighbor training and testing accuracy.

Value of k 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Accuracy 05 0375 05 0724 05 05 05 | 0625 | 0375 | 0375 | 0375 | 0125 | 0125 0125 025
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Figure 5.

The k-nearest Neighbor value and its corresponding accuracy.

A second method for estimating the optimal value of k is to use the error rate chart for k values
within the specified range (Figure 6). The value k = 4 represents the lowest point (error), indicating the

optimal value.

Error Rate vs. KValues
1.0 A
1
Il A
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I 1
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0.6 Y +
N !
A 't
AY
051 @ @ o--0-Q
\ [ I
\ / AR
A \‘ 1
vy
T T T T T T
0 5 10 15 20 25
KValues

Figure 6.
The k-nearest Neighbor value and its corresponding Error Rate.

The Hyperparameter Tuning plots in KNN (k-value) demonstrate how the choice of a number of
neighbors (k) affects KNN model performance:

The Accuracy Plot indicates that training accuracy steadily decreases as k increases (as expected)
while testing accuracy fluctuates significantly. Peaks at k = 3 and 6, suggesting small k values work
better and drop severely for larger values of k. The Error Rate Plot indicates that the lowest error rates
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occur at k = 8 and k = 6, reinforcing earlier accuracy findings. Beyond k = 10, the error remains high,
suggesting poor generalization.

3.5. Hyperparameter Searching Procedure

The Grid Search process involves the creation of a hyperparameters grid by searching for the
combination that yields the highest validation score. The kNN classifier was applied to optimize the
parameters of the neighbors, allowing for control over the influence of neighbors on the classification
decision. Using 5-fold cross-validation (KFold(n_splits=5)), the data splitted into training and testing
sets to evaluate each candidate value. Finally, the model was assessed using unverified data during each
iteration, reducing the overfitting risk (usually characteristic of low values of k).

After evaluating all combinations, GridSearchCV identified the optimal number of neighbors, which
was subsequently used to train the final kNN model on the entire training dataset. This contributes to a
significant improvement in accuracy and performance.

The Grid Search, which favors Randomized Search, was connected with a limited number of
hyperparameters, although it consumes considerable computational resources. We might train different
models in the future, increasing the number of hyperparameters and their values.

3.6. Graphical User Interface (GUI)

The graphical user interface (GUI) is designed to classify the origin of Kalinjot OO samples based
on their chemical composition. It provides input fields for fatty acid concentrations. The user enters the
values, and by clicking the “Predict Origin” button, the application employs a pre-trained machine
learning model and a scaler to prepare the inputs and determine the origin of the olive oil sample. The
predicted region appears below the button in real time (Figure 7).
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Predict Origin

Predicted Origin: Berat

Figure 7.
Implementing the GUI.

The dataset used in this study was applied to the Kalinjot VOO, comprising samples from the Berat,
Fier, and Vlora regions. However, we anticipate a significant increase in the dataset size through
consecutive harvesting seasons, potentially covering additional regions and incorporating seasonal
variations. The RF algorithm is particularly suited for this type of expansion as it can scale effectively
and manage large datasets without sacrificing performance. This interface suggests a working end-user
tool for real-time prediction of OO origin.

3.7. Model Comparison accuracy of Random Forest vs SVM and kNN for Three Olive Cultivars

A model performance comparison for the Classification Task revealed that Random Forest achieved
an accuracy of approximately 93%, making it the highest among the evaluated models. This model
produced a clean confusion matrix, indicating that it makes relatively few classification errors and
handles both true positives and true negatives effectively.

Random Forest aggregates predictions from multiple decision trees by reducing the risk of
overfitting and improving generalization.

Regarding robustness to Noise and Overfitting, averaging multiple trees tends to be less sensitive
to outliers and noise in the data. Concerning 'Feature Importance,' the model can naturally rank the
importance of input features, aiding in model interpretability and further tuning. Employing the
Support Vector Machine (SVM), it was concluded that the accuracy is slightly lower than Random
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Forest, while the model’s strength lies in its effectiveness in high-dimensional spaces. The k-nearest
Neighbors (KNN) model's accuracy was slightly lower compared to the Random Forest model (Figure
8). The model's strength lies in its simplicity and intuition, making no assumptions about the
underlying data distribution. It is also adaptable to small datasets with well-separated classes. Random
Forest’s high accuracy and clean confusion matrix make it the preferred model for this task.

Model Accuracy Comparison

1.0

0.8 1

0.6

Accuracy

0.4 4
? Result X

0.2 Best Model: Random Forest
Accuracy: 0,93

0.0 -
Random Forest SVM KNN OK

Figure 8.
The machine learning-based classification of three mono-cultivar OOs, Kalinjot, Ulli i bardhé, and Mixan.

This PCA plot reduces the many chemical features into two principal components (PC1 and PC2)
(Figure 9). The plot shows Kalinjot OO (green) is well-separated from Ulli i Bardhé OO (orange) and
Mixan OO (blue). In contrast, Mixan OO and Ulli i Bardhé OO are closer in feature space, which could
explain why fewer samples are available and why they may be harder to distinguish than Kalinjot.
Another explanation is that the regions associated with the above-mentioned Olive cultivars are
geographically close and share similar climate characteristics.

Principal Component Analysis (PCA) is a statistical technique for dimensionality reduction that
converts a large set of variables into a smaller set while retaining most of the original information. In
our study, the data set employed to describe different types of olive oils includes twelve chemical
teatures (e.g., fatty acid levels) for each sample. The PCA transforms these high-dimensional data into
tewer dimensions (here, 2D) that retain the most critical information. These new dimensions are
referred to as Principal Components (PC1 and PC2). PC1 captures the direction of the most significant
variation in the data, while PC2 is the direction of the second most significant variation, orthogonal to
PC1. Kalinjot OO (green) is well-separated from Ulli i Bardhé OO (orange) and Mixan OO (blue),
supporting the efficacy of the 2D PCA plot in describing the differences between olive oils. Kalinjot OO
forms a distinct cluster, far from the other two mono cultivar OO, indicating Kalinjot’s distinct chemical
composition from the others, at least in terms of the main features captured by PC1 and PC2. Machine
learning models can facilitate easier classification or differentiation in the quality control and
authentication process. Mixan OO (blue) and Ulli i Bardhé OO (orange) are plotted close together,
meaning that their chemical profiles are more similar. It may require explanation, referring to a limited
number of samples analyzed, which are more difficult to distinguish from Kalinjot OO due to their
similar chemical composition. The PCA plot shows that Kalinjot OOs are chemically distinct and easily
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recognizable compared to the other two monocular OOs, Mixan and Ulli I Bardhé. This type of analysis
is beneficial for understanding product variation, quality control, and classification tasks in fields such as
tood science or chemistry.

PCA with Best Model: Random Forest (Accuracy: 0.93)
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Figure 9.

PCA plot refers to the Random Forest model.
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Correlation Matrix of Chemical Features
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Figure 10.
The chemical features correlation heatmap.

The heatmap (Figure 10) on chemical features reveals a strong negative correlation between
C18:1(n-9)-cis and C16:0, suggesting that higher levels of oleic acid are associated with lower levels of
palmitic acid. Meanwhile, C18:2(n-6) cis is moderately positively correlated with C18:3(n-3), suggesting
that they co-occur more frequently in some cultivars. These relationships help the model differentiate
cultivars more effectively.

This heatmap visually displays the pairwise correlations between different chemical features—
specifically, fatty acids—in the samples. Each cell represents the correlation coefficient between two
compounds, with the color intensity reflecting the strength and direction of the relationship. A positive
correlation (typically indicated by warmer colors) indicates that the concentrations of the two
compounds tend to increase or decrease in tandem. In comparison, a negative correlation (usually
depicted with cooler colors) indicates that as one variable increases, the other tends to decrease in value.

The oleic acid (C18:1(n-9) cis) exhibits a strong negative correlation with palmitic acid (C16:0). This
suggests that in the analyzed samples, when oleic acid levels are high, palmitic acid levels tend to be
low, and vice versa. This inverse relationship may reflect metabolic trade-offs or preferences in
biosynthetic pathways within the plant or cultivar. Another example is linoleic acid, C18:2(n-6)cis,
which has a moderate positive correlation with alpha-linolenic acid (C18:3(n-3)). This suggests that
these two polyunsaturated fatty acids often co-occur because they share similar biosynthetic pathways
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or are influenced by similar environmental or genetic factors. Their co-occurrence in certain cultivars
can point to specific metabolic profiles associated with those varieties.

Understanding these interrelationships between chemical components is essential for the model. By
capturing how these compounds vary together, the model gains a better understanding of the
underlying chemistry that distinguishes one cultivar from another. This enables more accurate
classification or prediction tasks in areas such as plant breeding, nutritional analysis, or quality control.
The Random Forest model performs perfectly on this dataset (based on this matrix), suggesting distinct
chemical signatures for each cultivar.

4. Conclusions

Identifying olive oil (OO) by cultivar and origin enhances the success of products both locally and
globally. Kalinjot olive oil parameters can be adjusted based on geographic origin to verity quality and
prevent adulteration. The Random Forest model achieves approximately 93% accuracy in classifying
origin, with strong confusion matrix results and good generalization, requiring minimal tuning. SVM
and KNN perform adequately but are less suitable due to lower accuracy and sensitivity to parameters.
The research shows that Logistic Regression, KNN, and SVM effectively identity Kalinjot VOO sources,
improving quality control and traceability of Albanian mono-cultivar olive oils. This helps companies
verify product authenticity. Machine learning algorithms can extract complex data, aid decision-making,
and boost quality and competitiveness. As the dataset grows, prediction accuracy improves, with the
model achieving 100% accuracy in the current dataset. The Random Forest model distinguishes the
chemical signatures of three olive varietals effectively, due to their unique profiles. Results for Mixan
and Ulli i Bardhé cultivars may be affected by the limited number of samples, through overfitting and
untested generalization. Overall, Random Forest is the most effective model, correctly classifying all
three types according to the confusion matrix.
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