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Abstract  

 

Machine learning is an effective tool for identifying and classifying various conditions, such as predicting shoe 

sales, classifying raisin types, classifying fruit productivity, and so on. This technique is widely used in various 

sectors. One example is pistachio sorting. In some places, pistachio sorting is still done traditionally by humans. 

This is disadvantageous because the costs tend to be high, and the sorting process becomes inconsistent and less 

effective. The use of machine learning algorithms can be a breakthrough in overcoming this problem. Naive Bayes 

and Classification and Regression Tree (CART) are machine learning algorithms commonly used in the 

classification process. To improve classification accuracy, these two basic models are integrated with the Discrete 

Adaptive Boosting (Discrete AdaBoost) algorithm. This study aims to assess the effectiveness of machine learning 

algorithms in identifying the characteristics of pistachios. Algorithm testing was carried out using the k-fold cross-

validation technique. The estimated average performance results of all classification models do not show significant 

differences. The Discrete AdaBoost CART model has the best accuracy, specificity, and f1-score, at 86.49%, 

85.78%, and 88.32%, respectively. Therefore, the Discrete AdaBoost CART model is a suitable model for 

classifying pistachio types. This shows that ensemble approaches such as Discrete AdaBoost CART can make a 

significant contribution to improving the performance of classification systems, especially in the context of data 

with many relevant features. This study was limited to identifying binary classes of pistachios. In further research, 

it is recommended to explore machine learning algorithms for multiclass of pistachio nuts. 
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I. INTRODUCTION 

Machine learning has emerged as a powerful and versatile tool for identifying, analyzing, and classifying 

a wide range of conditions and patterns across diverse domains, including but not limited to shoe sales forecasting, 

raisin type classification, fruit productivity assessment, and numerous other predictive tasks. Its adaptability and 

efficiency make it particularly valuable in sectors as varied as agriculture, retail, food technology, healthcare, and 

energy development, where the ability to process and interpret large-scale, high-dimensional datasets is critical 

for informed decision-making. At its core, machine learning involves the use of sophisticated computer algorithms 

and mathematical models to detect hidden structures, correlations, and trends within complex datasets, often 

comprising numerous interdependent variables. These algorithms enable systems to learn from data, adapt over 

time, and improve predictive accuracy without being explicitly programmed for each specific task. Among the 

many machine learning methods available, commonly used algorithms include Naive Bayes, which operates on 

probabilistic principles to make predictions based on prior knowledge, and Decision Tree models, which 

recursively partition data into subsets to enhance interpretability and classification performance. As machine 

learning continues to evolve, its integration into data-driven environments is becoming increasingly indispensable 

for optimizing processes, enhancing productivity, and generating actionable insights across both scientific and 

industrial applications [1]. 

The Naive Bayes algorithm was developed by British scientist, Thomas Bayes. This algorithm is carried 

out through a basic understanding of probability to estimate future events based on previous events [2]. 

Classification and Regression Tree (CART) is a decision tree-based algorithm that also utilizes probability 

calculations in building a classification model. Like a tree, the CART model consists of three parts, namely the 

root node, trunk/internal nodes, and leaf nodes [3]. The AdaBoost algorithm is an algorithm that supports the basic 

algorithm. AdaBoost is used to improve feature selection and training to address overfitting, poor classification 

accuracy, and high false positive rates [4]. AdaBoost can achieve the highest classification accuracy by increasing 

the weights which more effectively improves the classification performance than a single classifier [5].  
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In some locations, sorting of pistachio nuts is still carried out traditionally by humans. This is not 

profitable because the costs tend to be large, and the sorting process becomes inconsistent and less effective. As 

a solution to this problem, the application of machine learning algorithms offers an innovative solution. This 

technology enables machines to learn the visual characteristics of pistachios based on training data, and it enables 

automatic, fast, and accurate sorting. By replacing human labor in the sorting process, the use of machine learning 

can significantly reduce operational costs and increase efficiency and productivity [6]. Furthermore, sorting results 

become more consistent and reliable over the long term.  

Several studies have discussed the use of machine learning in classifying pistachio nuts. Research 

conducted by Ozcan et al. [7] classifies pistachio nuts with the K-Nearest Neighbor (KNN) algorithm. Whilst 

experimental results show a high success rate reaching 94.18%. Then, research by Omid et al. [8] identified 

pistachio nuts into five categories using the Artificial Neural Network and Support Vector Machine (SVM) 

algorithm. The research results obtained accuracy for Artificial Neural Networks and SVM of 99.4% and 99.8% 

respectively. Another study by Singh et al. [9] identified two types of pistachio nuts through conventional neural 

networks such as AlexNet, VGG16, and VGG19. The success rates obtained from the AlexNet, VGG16, and 

VGG19 models were 94.42%, respectively; 98.84%; and 98.14. This research showed that the results of the 

VGG16 model could be used successfully in determining the type of pistachio nuts. 

This study aims to evaluate the effectiveness of various machine learning algorithms in accurately and 

efficiently identifying the distinguishing characteristics of pistachios, thereby contributing to advancements in 

precision agriculture and intelligent food processing systems. Specifically, the research employs three prominent 

classification algorithms, Naive Bayes, Classification and Regression Tree (CART), and Discrete Adaptive 

Boosting (Discrete AdaBoost), each recognized for its distinct advantages in managing complex classification 

tasks. By conducting a comparative performance analysis of these algorithms, the study seeks to determine their 

relative accuracy, computational efficiency, and robustness in classifying pistachio varieties based on key 

morphological and physical attributes. The outcomes of this analysis are anticipated to provide empirical evidence 

that supports the integration of artificial intelligence in the development of automated pistachio sorting systems. 

Such systems are expected to enhance the consistency, speed, and precision of the sorting process, ultimately 

leading to increased productivity and reduced labor dependency. Furthermore, the findings hold broader 

implications for the innovation of smart agricultural technologies, offering a scalable model for the automation of 

quality control processes in other crop types. In doing so, the study contributes to the sustainable modernization 

of the food industry and agricultural sector by fostering data-driven solutions that address challenges in crop 

handling, quality assurance, and value chain optimization. 

 

II.  METHOD 

A. Data Type and Variables 

The data utilized in this study is secondary data obtained from the research conducted by Ozcan et al. 

[7], which originally consisted of image-based representations of pistachio nuts. In the referenced study, the image 

data were preprocessed and transformed into structured numerical data through image analysis techniques, 

allowing for quantitative evaluation. As a result of this transformation, a total of 2,148 observations were 

generated, each capturing detailed morphological attributes of individual pistachio samples. The dataset comprises 

one dependent variable and sixteen independent variables. The dependent variable represents the classification of 

pistachio types, divided into two distinct categories: Scarlet Pistachio and Siit Pistachio. The independent 

variables reflect a comprehensive set of 16 morphological characteristics that describe the physical structure and 

geometry of the pistachio nuts. These variables include: Area, Perimeter, Major Axis, Minor Axis, Eccentricity, 

Eqdiasq (Equivalent Diameter Squared), Solidity, Convex Area, Extent, Aspect Ratio, Roundness, Compactness, 

Shape Factor 1, Shape Factor 2, Shape Factor 3, and Shape Factor 4. Each of these features contributes valuable 

information regarding the size, shape, and structural integrity of the nuts, making them highly relevant for accurate 

classification using machine learning algorithms. This well-structured dataset serves as a reliable foundation for 

evaluating and comparing the performance of various classification models in identifying pistachio types based 

on their physical characteristics. 

 

B. Classification and Regression Tree (CART) 

CART is a non-parametric classification algorithm that produces a model in the form of a decision tree 

[3]. The tree structure consists of root nodes, internal nodes, and leaf nodes. The root node consists of several 

internal nodes. Each internal node consists of several samples separated into several categories. The allocation of 

samples to specific nodes depends on the threshold value adjusted for the variables selected by the algorithm. 

Separation continues until all nodes reach purity (all samples within the node belong to the same class) [10]. In 

the process of forming the model, the concept of probability is applied. The Gini index is a criterion based on 

impurity in measuring the differences between the probability distributions of the dependent variable [11]. If the 
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dependent variable consists of two classes, the probability that the sample falls into class k, with 𝑘 = 1,2 is 

expressed as 𝑝𝑘. The Gini index can be defined as follows [12]. 

  

 𝐺𝐼(𝑝) = ∑ 𝑝𝑘𝑘∈{1,2} (1 − 𝑝𝑘)  

= 1 − ∑ 𝑝𝑘
2

𝑘∈{1,2}                        (1) 

where 𝑝𝑘 =
𝐶𝑘

𝑆⁄ , 𝐶𝑘 is the number of samples in the k-th class from the sample set S. 

 

C. Naive Bayes  

Naive Bayes is a parametric classification algorithm derived from a certain distribution. The model 

produced by this algorithm is a set of probabilities that can be used for classification. In solving classification 

problems, the Naive Bayes algorithm applies the Bayes approach. Bayesian decision theory targets to minimize 

inappropriate decisions or desired risks [13]. Bayes' theorem is defined as follows: 

𝑃(𝑌 = 𝐶𝑘|𝑋 = 𝑥) =
𝑃(𝑌=𝐶𝑘)𝑃(𝑋=𝑥|𝑌=𝐶𝑘)

𝑃(𝑋=𝑥)
                     (2) 

Because the independent variables (𝑋𝑖) for 𝑖 = 1,2, ⋯ , 𝑛 are assumed to be conditionally independent, equation 

(2) can be derived as follows: 

𝑃(𝑌 = 𝐶𝑘|𝑋 = 𝑥) =
𝑃(𝑌=𝐶𝑘) ∏ 𝑃(𝑋𝑖=𝑥𝑖|𝑌=𝐶𝑘)𝑛

𝑖=1

𝑃(𝑋1=𝑥1,𝑋2=𝑥2,⋯,𝑋𝑛=𝑥𝑛)
                    (3) 

One type of popular Naive Bayes algorithm is Gaussian Naive Bayes [14]. This algorithm is executed following 

a Gaussian distribution. If the independent variable (𝑋𝑖) is continuous, the decision function is derived from the 

Gaussian distribution is defined as follows: 

 

𝑃(𝑋𝑖 = 𝑣|𝑌 = 𝐶𝑘) =
1

√2𝜋𝜎𝑖𝑘
2

exp (−
(𝑣−𝜇𝑖𝑘)2

2𝜎𝑖𝑘
2 )                      (4) 

where 𝜇𝑖𝑘 and 𝜎𝑖𝑘 are estimates of the mean and standard deviation. 

 

D. Discrete Adaptive Boosting (Discrete AdaBoost/ DAB) 

Discrete Adaptive Boosting (Discrete AdaBoost or DAB) is a sophisticated ensemble learning technique 

introduced by Freund and Schapire [15], designed to enhance the performance of weak classifiers by iteratively 

combining them into a single, highly accurate predictive model. Unlike traditional classification methods that rely 

on a single algorithm, Discrete AdaBoost employs multiple base classifiers—typically simple or “weak” learners 

such as decision stumps—which are trained sequentially, with each subsequent model focusing more on the 

instances misclassified by its predecessors [16]. The core mechanism of this approach lies in adaptively adjusting 

the weights of training samples after each iteration based on the accuracy of the previous classifier. Misclassified 

instances are assigned higher weights, thereby forcing the next classifier to pay more attention to these harder-to-

classify examples. This weight adjustment process continues iteratively, allowing the ensemble to progressively 

correct its errors and improve classification performance over time. As a result, the final model is a weighted 

combination of all the base classifiers, which often outperforms any individual classifier due to the synergy among 

them. This boosting strategy enhances both the robustness and generalization capability of the model, making it 

particularly effective for complex classification tasks in domains with high-dimensional or noisy data [17]. The 

algorithm follows a structured sequence of steps that systematically build and refine the ensemble model, 

ultimately producing a strong learner capable of delivering high predictive accuracy: 

1. Set initial weights on the training data 𝑤𝑖 =
1

𝑁
, 𝑖 = 1, 2, ⋯ , 𝑁. 

2. Repeat for 𝑚 = 1, 2, 3, ⋯ , 𝑀. 
a) Create a classification model 𝑘𝑚 with weights 𝑤𝑖  on the training data. 

b) Identify 𝐼(𝑘𝑚(𝑥), 𝑦) = {
0 𝑗𝑖𝑘𝑎 𝑘𝑚(𝑥) = 𝑦

1 𝑗𝑖𝑘𝑎 𝑘𝑚(𝑥) ≠ 𝑦
 

c) Calculate 𝜀𝑚 =
 ∑ 𝑤𝑖𝐼(𝑘𝑚(𝑥),𝑦)𝑁

𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

 

d) Calculate 𝑎𝑚 = ln
1−𝜀𝑚

𝜀𝑚
 

e) Update weights 𝑤𝑖 ← 𝑤𝑖 exp 𝑎𝑚 𝐼(𝑘𝑚(𝑥), 𝑦) 

3. Test the classification model with testing data. 

4. Calculate model performance. 
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E. Majority Vote 

Majority voting is a widely adopted decision-making technique in ensemble learning methods, which 

aims to improve classification accuracy by combining the predictions of multiple individual classifiers [18]. This 

method operates by selecting the class label that receives the highest number of votes from the ensemble of 

classifiers, essentially identifying the most frequently predicted class across all models. The effectiveness of 

majority voting relies on the assumption that each classifier contributes independently to the final decision, 

meaning that the classifiers should ideally be trained on different subsets of the training data or constructed using 

different learning algorithms to ensure diversity. This independence reduces the likelihood of correlated errors 

and enhances the ensemble's ability to generalize to unseen data. By leveraging the collective knowledge of 

multiple models, majority voting helps mitigate the weaknesses of individual classifiers, leading to more robust 

and reliable predictions. It is particularly effective when the individual classifiers have complementary strengths, 

allowing the ensemble to outperform any single model in terms of accuracy and consistency. Assume F is a set of 

classifiers that has members 𝑘1(𝑥), 𝑘2(𝑥), ⋯ , 𝑘𝑀(𝑥). The majority vote formula can be stated as follows [19]: 

 

𝐾(𝑥𝑖) = 𝑚𝑜𝑑𝑢𝑠(𝑘1(𝑥𝑖), 𝑘2(𝑥𝑖), ⋯ , 𝑘𝑀(𝑥𝑖))                    (5)  

 

F. K-Fold Cross Validation 

K-fold cross validation is a tool used to measure classification models. This technique applies training to 

several classification models from various subsets of training data. This allows the resulting accuracy values to 

vary, depending on the number of folds used to divide the data in the process [20]. The aim of using this technique 

is to identify overfitting problems in the model, namely the model has difficulty understanding patterns in new, 

unseen data [21]. Basically k-fold cross validation can be done by following these steps [22][23]: 

1. Divide the dataset based on a specified size k, so that it has k data subsets. 

2. In the first round, train k-1 subset of data for training data, and another subset for validation. Calculate 

the performance of the model. 

3. Perform additional rounds up to k times by repeating step 2, but then change the data subset for training 

the model and the data subset for validation.  

4. Compute the average model performance over each k rounds. 

 

G. Model Performance Evaluation 

Each classification model has different advantages in processing data. Whether a model is good or bad 

at analyzing data depends on the dataset used. Several measures that can be applied to assess the quality of a 

classification model are accuracy, precision, recall, specificity, and f1-score [24]. These measurements can be 

expressed in a formula as in Table 1[25]: 

 

Table 1. Model Performance Formula 
 

Measurement Formula 

Accuracy 
𝑇𝑃 + 𝑇𝑁

𝑃 + 𝑁
 

Precision 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall 
𝑇𝑃

𝑃
 

Spesificity 
𝑇𝑁

𝑁
 

F1-Score 
2 × 𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

 

where P=TP+TN and N=FP+FN. True Positive (TP) represents the total positive observations labelled correctly, 

True Negative (TN) represents the total negative observations labelled incorrectly, False Positive (FP) represents 

the total positive observations labelled incorrectly, and False Negative (FN) represents the total negative 

observations labelled incorrectly, P represents the number of observations labelled correctly, and N represents the 

number of observations labelled incorrectly. 
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III. RESULTS AND DISCUSSION 

The initial step that must be taken before the process of extracting data information is to change the data 

structure of each numerical variable so that it becomes uniform. The goal is that there are no variables that stand 

out from other variables so that they do not interfere with the results of data analysis. This process involves the 

Z-Score Normalization transformation.  

𝑍 =
𝑥𝑖𝑗 − 𝑥̅𝑗

𝜎𝑗

 

where 𝑥𝑖𝑗  is the ith observation on the j-th variable, 𝑥̅𝑗 is the average on the j-th variable, and 𝜎𝑗 is the standard 

deviation on the j-th variable. A summary of data transformation is shown in Table 2. The visualization of each 

independent variable is expressed in a boxplot as in Figure 1. 

 

Table 2 Data Transformation Results 

 

Table 2 presents the results of the data transformation process applied to the pistachio dataset, in which 

several numerical features have been standardized or normalized to ensure consistency in scale and distribution. 

Each row represents an individual observation of a pistachio sample, with transformed values for attributes such 

as Area, Perimeter, Major Axis, Minor Axis, and others not fully shown in the excerpt. These transformed values 

appear to be the result of standardization, as indicated by the presence of both negative and positive values 

centered around zero, which helps improve the performance and convergence of machine learning algorithms. 

The final column, labeled Class, indicates the corresponding pistachio type classification, with all samples in the 

provided excerpt belonging to the Kirmizi Pistachio class. This transformation step is crucial for ensuring that no 

single variable dominates the learning process due to scale differences, thereby enhancing the fairness and 

effectiveness of the subsequent classification analysis. 

The boxplot visualization, as seen in Figure 1, displays the distribution of several standardized features 

related to pistachio characteristics, including Area, Major Axis, Eccentricity, Solidity, Extent, Roundness, 

Shapefactor_1, and Shapefactor_4. Each feature has been normalized, as indicated by the median values centered 

around zero. The boxplots show the interquartile range (IQR), with the middle 50% of the data lying between the 

first and third quartiles, while the whiskers extend to the minimum and maximum values within 1.5 times the IQR. 

Numerous outliers are evident across almost all features, particularly in Shapefactor_1, Roundness, and Major 

Axis, as shown by the many individual points outside the whiskers. Despite the presence of outliers, the symmetry 

and similar spread of most boxes suggest relatively consistent scaling across features. This visualization confirms 

the success of the standardization process and provides an overview of feature distributions, which is important 

for informing subsequent modeling steps in the machine learning pipeline. 
 

 
 

Figure 1 Boxplot of Independent Variables 

No Area Perimeter Major Axis Minor Axis ⋯ Class 

1 -1,262 0,37925 -1,72319 -0,05166 ⋯ Kirmizi Pistachio 

2 -0,88347 1,374501 -1,09075 -0,11743 ⋯ Kirmizi Pistachio 

3 -0,48482 -0,47777 0,188441 -0,58584 ⋯ Kirmizi Pistachio 

4 -0,67405 0,051361 -0,51532 -0,73358 ⋯ Kirmizi Pistachio 

5 0,010391 -0,46449 0,712872 -0,57331 ⋯ Kirmizi Pistachio 

6 -2,10968 -0,72377 -1,92303 -1,34638 ⋯ Kirmizi Pistachio 
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After the data is transformed, the next process estimates how important each independent variable is in 

influencing the classification of pistachio nuts. Measuring the significance of each variable involves the CART 

and Naive Bayes algorithms. The test results are shown in Figure 2. 

 

 
 

Figure 2 Variable Importance of a Single Classification Models 

 

The CART and Naive Bayes analyses show that the shapefactor_1 and minor axis variables both have a 

significant influence on model formation. Both provide the largest contribution to the pistachio classification 

process. The shapefactor_3 variable in the Naive Bayes model and eqdiasq in the CART model both occupy the 

third position as variables that have an important contribution to the classification of pistachios. The shapefactor_4 

variable from both models produces a lower influence than the previous variable, so it tends to form a relatively 

small model. Meanwhile, in CART, the shapefactor_2 and roundness variables are in the lowest position; neither 

has a strong influence on the classification of pistachios. Meanwhile, in Naive Bayes, the area and major axis 

variables do not play an important role in the prediction process and are considered irrelevant in model formation. 

The classification algorithms applied in this research are CART, Naive Bayes, Discrete Adaptive Boosting CART 

(DAB-CART), and Discrete Adaptive Boosting Naive Bayes (DAB-NB). In the analysis process, the k-fold cross-

validation technique is used to see how well the classification model performs. The dataset of 2148 observations 

were partitioned into 10 equal parts. Nine sections were used to train the model, while one section was used to 

test the model. The process of training and testing the model was repeated 10 times, each time the researchers 

used different training and testing datasets. Then the accuracy, recall, precision, specificity, and f1-score for each 

iteration were calculated. Then, the results of measuring model performance are shown in Figure 3. 

 

 
 

Figure 3. k-Fold Cross-Validation Plot of Classification Model 
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The first plot displays the accuracy of the classification models on each fold. The highest accuracy in the 

Naive Bayes model is 0.906 (90.6%), which means the Naive Bayes model succeeds in classifying the two classes 

correctly 90.6% and the remaining 9.4% is misclassification. The highest accuracy of the CART, DAB-Naive 

Bayes, and DAB-CART models is 0.916 (91.6%) each; 0.903 (90.3%); and 0.911 (91.1%). The second plot shows 

a measure of precision. The highest precision in the Naive Bayes model is 0.904 (90.4%), which means that of all 

the Scarlet Pistachio class predictions made by the model, 90.4% of them are truly the Scarlet Pistachio class, 

while the remaining 9.6% are misclassified. The highest precision of the CART, DAB-Naive Bayes, and DAB-

CART models are 0.939 (93.3%) respectively; 0.904 (90.4%); and 0.939 (93.9%). The third plot depicts the recall 

measure. The highest recall in the Naive Bayes model is 0.959 (95.9%), which shows that the model succeeds in 

classifying the Scarlet Pistachio class correctly 95.9%, the remaining 4.1% is a misclassification. The highest 

recall of the CART, DAB-Naive Bayes, and DAB-CART models respectively is 0.925 (92.5%); 0.958 (95.8%); 

and 0.931 (93.1%). The fourth plot shows the specificity measure. The highest specificity of the Naive Bayes 

model is 0.877 (87.7%) which shows that the model succeeds in correctly classifying the Siit Pistachio class 87.7% 

of the time, the remaining 12.3% was misclassification. The highest specificity of the CART, DAB-Naive Bayes, 

and DAB-CART models is 0.901 (90.1%) each; 0.848 (84.8%); and 0.896 (89.6%). The fifth plot shows the f1-

score measure. The highest F1-score of the Naive Bayes model is 0.921 (92.1%), which means the model has an 

ability of 92.1% in detecting the Scarlet Pistachio class and ensuring that the predictions for the Scarlet Pistachio 

class made by the model are indeed correct in the Scarlet Pistachio class. The highest F1-score of the CART, 

DAB-Naive Bayes, and DAB-CART models is 0.932 (93.2%) each; 0.916 (91.6%); and 0.927 (92.7%).  

To provide a more accurate and stable estimate of model performance, it is necessary to take the average 

value of the k-fold cross validation results for each model performance measure. This can help in selecting the 

best model. The averages of each model’s performance measure are presented in Table 3. 

 

Table 3 Average Model Performance 
 

Measurement Models 
Mean 

CART DAB-CART NB DAB-NB 

Accuracy 0,8528 0,8649 0,8649 0,8640 

Precision 0,8991 0,8977 0,8663 0,8655 

Recall 0,8512 0,8698 0,8943 0,8935 

Specificity 0,8552 0,8578 0,8281 0,8271 

F1-Score 0,8742 0,8832 0,8797 0,8789 

 

Table 3 presents the average performance measures for each model do not have a significant difference. Each 

model has good prediction quality, indicated by a model percentage above 0.85 (85%). The greatest average 

accuracy was produced by the DAB-CART and Naive Bayes models at 0.8649 (86.49%). The largest average 

precision comes from the CART model, namely 0.8991 (89.11%). The highest average recall comes from the 

Naive Bayes model. The highest average specificity produced by the DAB-CART model was 0.8578 (85.78%). 

Finally, the highest average f1-score came from the DAB-CART model at 0.8832 (88.32%).  The DAB-CART 

model has the advantage of the best accuracy, specificity and F1-score performance compared to other models. 

Meanwhile, the CART and Naive Bayes models are superior in terms of precision and recall, respectively. Thus, 

the DAB-CART model is a suitable model to use in classifying types of pistachio nuts. 

The results of similar research were carried out by Aprihartha et al. [11], which compares the CART, 

DAB-CART, and Naive Bayes methods in predicting tire product sales. The DAB-CART model outperformed 

the single CART and Naive Bayes models with accuracy, sensitivity, and specificity of 79.17%, 89.47%, and 

69.84%. Research by Liu et al. [17] predicted rock masses using the Adaboost CART and CART algorithms. The 

test results show that the accuracy and f1-score size of AdaBoost-CART are 86.5% and 77% respectively, better 

than the standard CART results of 75.3% and 62.9%. Another research from Chen et al. [26] compared the CART-

Adaboost algorithm with Naive Bayes Adaboost. The research results show that the accuracy, precision, recall, 

and f1-score of the CART-AdaBoost model are 83.06%, 84.31%, 77.48%, and 80.75% higher compared to Naive 

Bayes AdaBoost, which was 65.29% respectively 63.48%, 56.76%, and 60%. Meanwhile, research from Nugroho 

[27], shows that the best combination for hypertension diagnosis classification is the CART decision tree model 

optimized with AdaBoost, with an increase in accuracy from the original 95.91% to 96.78%. Thus, the use of 

Discrete AdaBoost in the feature selection process proves more effective than a single model, as it can improve 

classification accuracy and reduce model complexity. This indicates that ensemble approaches such as Discrete 

AdaBoost can make a significant contribution to improving the performance of classification systems, especially 

in the context of data with many relevant features. 
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IV. CONCLUSION  

Based on the results and discussion, several conclusions can be drawn. This study applies classification 

analysis using four types of algorithms, namely CART, Naive Bayes, Discrete AdaBoost CART, and Discrete 

AdaBoost Naive Bayes. CART and Naive Bayes analysis show that the shapefactor_1 and minor axis variables 

both have a significant influence on the process of forming a pistachio nut classification model. The estimated 

results of the average performance of the classification model do not have a significant difference. The DAB-

CART model has the advantage of the best accuracy, specificity, and F1-score performance compared to other 

models. Meanwhile, the CART and Naive Bayes models are superior in terms of precision and recall, respectively. 

Therefore, the DAB-CART model is a suitable model to use in classifying types of pistachio nuts.  In optimizing 

this research, further research can be explored with variations of other machine learning algorithms, such as K-

Nearest Neighbor (KNN), Support Vector Machine (SVM), Random Forest, etc. 
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