
  Journal of Applied Engineering and Technological Science 
                                         Vol 7(1) 2025:274-295  

 

274 

 

PERFORMANCE IMPROVEMENT OF QUALITY MONITORING 

SYSTEMS IN IMBALANCED DATA CONDITIONS FOR FAT-FILLED 

POWDER QUALITY IN THE DAIRY INDUSTRY 

 

Muhammad Asrol1, Oki Pratama2 
Industrial Engineering Department-BINUS Graduate Program, Bina Nusantara University 

Jakarta, 11480, Indonesia12 

muhammad.asrol@binus.edu1, oki.pratama@binus.ac.id2 

 

Received: 14 January 2025, Revised: 28 May 2025, Accepted: 07 October 2025 

*Corresponding Author 

 
ABSTRACT  

Fat-filled powder has the potential to substitute milk in meeting the nutritional needs of the community, but 

its product quality remains unstable during continuous production processes. A key challenge in fat-filled 

powder (FFP) production is the difficulty in quality monitoring, which is influenced by various uncertainty 

factors that affect product quality. Machine learning can be implemented for quality monitoring system, 

but the imbalanced data conditions require the development of algorithms with optimal performance. This 

study aims to design a quality monitoring system for FFP using a machine learning model under 

imbalanced dataset conditions and the influence of other uncertainty factors. A Random Forest (RF) 

machine learning model was developed for monitoring FFP quality. In the context of imbalanced datasets, 

the model was optimized through various scenarios, including data splitting for training and testing, as 

well as the Synthetic Minority Oversampling Technique (SMOTE) and Distribution Optimally Balanced – 

Stratified Cross Validation (DOB-SCV) schemes. The results showed that the SMOTE model achieved the 

best performance in terms of accuracy, precision, and recall with scores of 99.67%, 99.79%, and 99.24%, 

respectively, on the testing data. Statistically, the RF model with the SMOTE data manipulation scenario 

also showed significant differences compared to the DOB-SCV model and the traditional data splitting 

approach. The quality monitoring model for FFP developed in this study can be implemented in the dairy 

industry, offering more stable, accurate quality monitoring predictions that align with real conditions, 

helping to avoid quality uncertainties during the production process. The implementation of this model in 

the industry has the potential to facilitate a broader, more transparent, and optimized product quality 

evaluation process, which can also be conducted in real time under continuous production conditions. 

Keywords: Quality Monitoring, Dairy Industry, Imbalanced Data, Machine Learning, Synthetic Data 

Manipulation.  

 

1. Introduction  

Fat-filled powder is a dairy industry formulated product with the potential to substitute 

milk. In developing countries with low income, fat-filled powder plays a crucial role in meeting 

daily protein needs, as these populations still face challenges in accessing nutritious food (Kene 

Ejeahalaka & On, 2020). The high potential of FFP as a substitute raw material for consumers 

and industries offers opportunities for developing a stable and efficient production process. 

Currently, the production process of FFP faces various challenges, particularly as it remains 

empirical in nature and has yet to achieve process stability to consistently deliver the highest 

quality FFP (Vignolles et al., 2010). 

The production and formulation of fat-filled powder involve mixing skim milk as the base 

ingredient, substituted with a specific amount of vegetable fat. This mixing process faces 

challenges in ensuring proper homogenization and emulsification, which must be carried out 

effectively to facilitate further processing through a spray dryer (Finnegan et al., 2021). The 

mixing of various ingredients in FFP production carries the potential risk of product quality 

degradation, particularly due to the interaction between protein and fat (Purwantiningsih et al., 

2022). This challenge becomes even more complex when large-scale production is required while 

maintaining cost-effectiveness. On the other hand, ensuring continuous production processes, 

robust quality monitoring, and stringent food safety measures is crucial to delivering products 

that meet consumer expectations at a competitive price. 
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The development of digital technology, supported by Industry 4.0, presents significant 

opportunities and impacts for controlling production processes in continuous and large-scale 

schemes like FFP. Key aspects of Industry 4.0, such as artificial intelligence, data analytics, and 

machine learning, hold great potential and play a crucial role in monitoring product quality during 

production. The challenge lies in monitoring FFP quality across various parameters and ensuring 

optimal data availability through a quality control system to guarantee a safe and controlled 

production process. Artificial intelligence and machine learning approaches have been widely 

utilized in product quality control, including: using convolutional neural networks (CNNs) to 

monitor fruit freshness without damaging the product  (Han et al., 2022); employing sensors and 

k-nearest neighbour algorithms to monitor meat quality (Pounds et al., 2022); minimizing 

contamination in pasteurized dairy products through multi-method machine learning, such as 

random forest and logistic regression (Murphy et al., 2021); and improving agricultural product 

quality post-harvest using CNN-based U-Net (Singh et al., 2022). 

Quality inspection of dairy products is a critical aspect, as these products are highly 

perishable. Rapid, efficient, and intelligent quality checks need to be implemented promptly. The 

use of machine learning and artificial intelligence technologies has been widely applied in the 

dairy industry, particularly for product quality inspection during or after production processes. 

Research by Ref. (Y. Zhang et al., 2022) utilized various machine learning preprocessing models 

and methodologies such as PCA, regression analysis, and classification to design a milk quality 

monitoring system. Ref. (Cockburn, 2020) applied multiple machine learning models not only for 

milk quality inspection but also for efficient dairy industry management. Ref. (R. Zhang et al., 

2018)  leveraged extreme learning machines and neural networks for food safety prediction, 

specifically for dairy industry products. Ref. (Feng et al., 2024) employed Raman spectroscopy 

and various classification machine learning models to analyse the nutritional components of dairy 

products. Additionally, Ref. (Mu et al., 2020) utilized an electronic nose alongside various 

regression and classification models to detect the origin of milk. 

Various previous studies have shown that machine learning has been utilized in various 

business activities and downstream products within the dairy industry. However, FFP, as one of 

the dairy industry products resulting from the formulation and blending of various components, 

still faces limitations in further exploration, particularly in terms of quality and maintaining 

process stability. Yet, as mentioned earlier, this product holds significant economic potential as a 

substitute material in the industry or as a protein alternative for consumers. Thus far, prior 

research has mainly focused on the development of FFP formulations through blending 

engineering and the addition of supplementary ingredients via empirical experiments (Kene 

Ejeahalaka & On, 2020), (Vignolles et al., 2010). 

The application of machine learning for monitoring the quality of FFP is an important 

consideration, given its high potential. Various machine learning models and approaches that have 

been applied to many other dairy industry products can be adopted and further developed for FFP 

quality monitoring. The main challenge in assessing FFP quality is no longer about selecting the 

appropriate algorithm but rather ensuring effective dataset handling to produce accurate machine 

learning models. This aligns with previous research findings, which highlight that in most product 

quality assessments, a common obstacle is the presence of imbalanced data, particularly in terms 

of quality classes for manufacturing products (Liu & Dai, 2022; Qin et al., 2022; Zhou et al., 

2021)  and perishable products (Kumar & Agrawal, 2024; Swain & Jenamani, 2023). Addressing 

imbalanced data to produce accurate quality prediction models must be a primary focus in model 

development. In this regard, training data must be well-organized to enable the model to learn all 

data conditions in line with real-world scenarios. Although various methods have been widely 

applied in managing and predicting product quality, there remains a critical problem in accurately 

predicting the quality of fat-filled powder (FFP) when faced with imbalanced data conditions. To 

address this gap, this study specifically addresses this problem by applying machine learning 

techniques combined with accurate data preprocessing to improve the reliability of FFP quality 

prediction models. A statistical analysis is also added to enrich the validation statement of FFP 

prediction model accuracy.  

The objective of the research is to develop a quality prediction model for FFP products with 

various quality parameters during the production process under imbalanced data conditions, 
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leveraging machine learning approaches and models. To complete the modeling, a data imbalance 

handling is developed under various scenarios to maximize model performance, ensuring that 

FFP quality monitoring performs effectively across diverse production process and product 

quality conditions. An inferential statistical analysis also completed the model to validate the 

model accuracy. This research seeks to contribute to the development of accurate monitoring and 

prediction of FFP quality under imbalanced dataset conditions, using machine learning 

approaches enriched with inferential statistical analysis. Accurate prediction of FFP quality is 

essential for ensuring high-quality products that meet consumer expectations.  

 

2. Related Work 

Food product quality is a crucial and primary aspect that consumers focus on, prompting 

extensive research aimed at improving quality control of products. Food items, such as dairy 

products, are highly prone to quality degradation, which can have significant impacts on human 

health. To prevent such issues, approaches for predicting and classifying product quality have 

been developed in various studies to effectively monitor and ensure product quality during 

production and delivery to consumer. In the following subsections, we provide a thematic related 

works to produce the research gap and contributions.  

 

2.1. Challenges in predicting FFP quality  

In this study, a machine learning approach is proposed to predict and monitor the quality 

of dairy products, specifically Fat Filled Powder (FFP). The quality classification of FFP is 

divided into two categories: good quality and bad quality. The primary challenge in such a dataset 

is the potential for imbalance, where one quality class dominates the other. This imbalance can 

cause the model to learn only the majority class while failing to adequately understand and 

classify the minority class, leading to misclassification and improper handling during the 

production process, ultimately resulting in customer dissatisfaction. 

In an imbalanced dataset, the impact on the prediction model performance can be 

significant. Machine learning models tend to perform well on the dominant class but fail to 

classify the non-dominant class effectively. To improve the accuracy of prediction models, 

various strategies can be applied. However, the most common approach used by previous 

researchers is comparing different machine learning prediction methods to identify the one with 

the best accuracy. According to (Kaitlin et al., 2020; Mendez et al., 2019), the main challenge in 

imbalanced data is not the choice of algorithm but focusing on two key aspects: conditioning the 

data to improve accuracy and analysing metrics to evaluate the model's performance accurately. 

On the other hand, two approaches can be implemented to address imbalanced data 

conditions: data reconstruction and the use of appropriate classification algorithms (Haixiang et 

al., 2017). Determining the right classification algorithm through a trial-and-error model scheme 

is not a prudent choice, as it still carries the risk of low and inaccurate performance. Previous 

researchers recommend developing models through data reconstruction, either by undersampling 

or oversampling, as these methods have a direct and significant impact on model performance 

(Zhou et al., 2021). In relation to data engineering and conditioning, adjustments are needed for 

imbalanced data to enable algorithms to learn in a balanced manner and fully comprehend the 

data conditions. Various methods for conditioning imbalanced data have been proposed, 

including data splitting, k-fold validation, Synthetic Minority Oversampling Technique 

(SMOTE), and Distribution Optimally Balanced – Stratified Cross Validation (DOB-SCV). 

 

2.2. Model performance in imbalanced data conditions and the role of random forest model  

In the development of prediction model, various approaches can be utilized for predicting 

product quality under imbalanced conditions. Ref. (Mahmudah et al., 2021) employed algorithms 

such as Support Vector Machine (SVM), decision tree, and random forest (RF) to classify public 

data across various sectors under imbalanced conditions. Ref. (Ganganwar, 2012) used 

oversampling or undersampling approaches combined with SVM modifications to handle 

classification models under imbalanced conditions. Ref. (Kokkinos et al., 2017) studied various 

algorithms for addressing imbalanced data conditions and found that data handling methods using 

SMOTE combined with SVM modeling demonstrated satisfactory performance for classification 
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models. Previous research found that classification model based machine learning enable design 

a prediction model in imbalanced data conditions. They also highlighted the importance step in 

designing prediction model is not only on the modelling but also in data transformation steps. 

Moreover, in previous research were applied in many sectors and the model evaluation only focus 

on error adjustment.  

The main point to consider in classification and prediction models for imbalanced data with 

binary target classes is that, according to Ref. (Mendez et al., 2019), the choice of algorithm is 

not the most critical factor in improving model performance. Instead, the focus should be on the 

dataset conditions and selecting the most appropriate metrics for evaluating model performance. 

A binary targeted dataset has high possibility to achieved imbalanced dataset condition since in 

the real-world industries were not possible to control and majority on one of class. Therefore, the 

data transformation and preprocessing steps are important to prepare the modelling stages. This 

has also been confirmed by Ref. (Thabtah et al., 2020), which emphasizes that to enhancing 

classification model performance lies in ensuring the training process is conducted effectively 

allowing the algorithm to learn data patterns accurately. 

Additionally, Ref. (Kaitlin et al., 2020) states that comparing algorithms performance in 

prediction is not significant instead focus on how data management can be performed under 

imbalanced data conditions. Therefore, data preprocessing and transformation are provide in this 

study which applied in an optimum prediction model.  Ref. (Kaitlin et al., 2020) also found that 

random forest performs well for binary datasets. In another study, Ref. (Bahel et al., 2020) also 

found that random forest outperformed logistic regression (LR), Naïve Bayes classifier, K-

Nearest Neighbor, and decision tree classifier in binary classification tasks for breast cancer and 

Titanic datasets. Furthermore, Ref. (Naik & Purohit, 2017) stated that random forest performs 

well on massive datasets with binary classes compared to gradient boosting and decision trees. 

Therefore, since random forest found an optimum performance result, this research propose the 

random forest quality prediction in imbalanced data condition. A comprehensive data 

transformation to enhance the prediction model and statistical analysis to verify the model 

performance is also designed to prediction model development.  

In another study, Ref. (Speiser et al., 2019) analyzed 311 datasets with various conditions, 

including binary datasets, high-dimensional features, and imbalanced datasets, and the results 

showed that random forest demonstrated excellent performance. For complex data such as binary 

X-ray datasets, random forest also outperformed other classification models (Kaitlin et al., 2020). 

Ref. (Mahmudah et al., 2021) proposed the SMOTE model for dataset handling in imbalanced 

conditions, combined with the random forest algorithm, which showed the best performance. 

Lastly, Ref. (Thabtah et al., 2020) applied 10-fold validation to address imbalanced data, 

emphasizing that imbalanced class classification negatively impacts model performance, making 

the pre-training phase the most critical step in managing excellent model performance. In this 

case, the dataset transformation to enhance the model performance with SMOTE and 10-fold 

validation are proposed.  

 

2.3. Research gap and positioning of the proposed study  

The issue of imbalanced data has been extensively studied in previous research. Imbalanced 

datasets are also possible to be identified in quality inspections of perishable food products. 

Misclassification of quality because of poor learning process by imbalanced dataset can lead to 

management losses and customer dissatisfaction.  Previous studies have extensively predicted the 

quality of dairy products and their derivatives using various techniques. However, the quality of 

fat-filled powder (FFP), a derivative dairy product, has not been widely explored and presents a 

significant opportunity for further investigation. Moreover, the issue of imbalanced data in FFP 

quality monitoring is critical and remains underexplored, especially in real-world industrial 

settings. Therefore, to address this gap, the present study aims to predict FFP quality using 

machine learning under imbalanced data conditions. To solve these issues, this study contributes 

to the development of a classification model for perishable food products under imbalanced 

conditions using the random forest algorithm. Random forest was chosen for its simplicity, ability 

to identify data patterns, and its proven excellent performance on imbalanced datasets in various 

prior studies.  
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Furthermore, as highlighted by earlier research, the selection of an algorithm is not the 

primary challenge in addressing imbalanced data conditions. Therefore, this study focuses on 

handling imbalanced datasets through various approaches, including oversampling, 

undersampling, cross-validation, and splitting training and testing under normal conditions. A 

statistical approach is proposed to demonstrate that each method for handling imbalanced data 

has a significant impact on improving model performance. This ensures that the model developed 

under the constraints of imbalanced data can accurately classify product quality in real-world 

conditions. 

 

3. Research Methods 

3.1 Research Stages  

The research stage is depicted in Figure 1. This research consists of several stages, namely 

data preprocessing and descriptions, random forest parameter tuning, model development, and 

model improvement. The data consists of seven features and one target variable that need to be 

described to examine the data condition and determine the appropriate handling during 

preprocessing. In the next stage, a quality classification model is determined along with its 

parameters. The parameters are set using a parameter tuning model with a grid partition method. 

In the next step, four models are developed to assess the performance of each model on an 

imbalanced dataset condition. Finally, the model with the best performance is selected through 

statistical tests to classify the quality of FFP. Each stage of the research is explained in detail in 

the following subsections. 

 

Fig. 1. Research Stage 

 

3.2 Data description and preprocessing  

Data description is needed to understand the statistical conditions of the data. Data 

description also ensures that the data is clean and ready to proceed to the next process. The data 

description identified from each data attribute includes central tendency and data distribution, 

which cover parameters such as mean, median, mode, skewness, and kurtosis. The data collected 

from the industry requires initial handling to proceed to the modelling stage. The product quality 

data collected from the industry has various forms and conditions. The preprocessing stages 
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applied to the raw quality data are data cleaning and data integration. Data cleaning ensures that 

the data attributes entered into the next stages are relevant to the modeling goals. Data integration 

is necessary to combine data from various sources into an integrated and competed dataset, 

allowing the modeling process to continue. 

 

3.3 FFP quality classification model  

The challenge in developing machine learning models for product quality with binary 

classes is the low accuracy of the model. Previous research has conducted experiments on various 

algorithms that perform well, such as random forest (Mendez et al., 2019), ANN (Mendez et al., 

2019), SVM (Deniz et al., 2017; Mendez et al., 2019; W. Zeng et al., 2011), logistic regression 

(Deniz et al., 2017). In this study, a quality prediction model will be developed using random 

forest due to its simplicity and model performance. 

The random forest classification model is developed from the decision tree machine 

learning model. Random forest is an optimization model of decision trees, also known as 

ensemble learning, which utilizes multiple decision trees to generate a single prediction. The 

random forest model, first proposed by (Breiman, 2001), is adopted in this study. This study 

adopts the Random Forest algorithm due to its ability to handle complex data and correlations and 

provide accurate predictions. Given the nature of the target variable in this research—quality 

labels—previous studies have demonstrated that Random Forest outperforms other machine 

learning models in similar contexts (Bahel et al., 2020; Kaitlin et al., 2020; Naik & Purohit, 2017; 

Speiser et al., 2019). As an ensemble model, Random Forest is optimized for high predictive 

accuracy, capable of handling uncertainty, and effective in avoiding overfitting. Moreover, 

Random Forest has shown strong performance in dealing with imbalanced data, especially when 

combined with appropriate data transformation techniques (Mahmudah et al., 2021).  

Suppose X = {x1, x2, …, xn} represents the original dataset for training, and , Xi is a subset 

of X bootstrapped for training the i-th tree. Then, if the original dataset X consists of p attributes, 

m attributes will be randomly selected for evaluation at each node in the random forest tree, where 

m < p. 

Each tree in the random forest will generate its classification prediction value, hi(x), based 

on the i-th tree and the input attributes x. The predictions from all trees in the random forest are 

then combined through majority voting among the trees. The voting result is represented by I, 

which equals 1 if all conditions are met and 0 otherwise. If there are T trees in the random forest, 

the prediction value for the input data x to produce class k can be described using Equation 1. 

𝐻(𝑥) = arg𝑚𝑎𝑥𝑘∑𝐼(ℎ𝑖(𝑥) = 𝑘)

𝑇

𝑖=1

 

(1) 

 

3.4 Random forest parameters tuning for classification model  

The performance of a classification model, such as Random Forest, is influenced by the 

model's parameter settings refer to the data's characteristics. Proper determination of model 

parameters enhance the model's accuracy in learning knowledge from the data and predicting 

classes accurately. Although Random Forest generally performs well with its default parameters, 

parameter tuning can further improve the model's performance in class predictions. Accurate class 

assignment is particularly critical in monitoring product quality in the dairy industry, as it directly 

impacts customer satisfaction. 

The parameters that need to be set in a Random Forest model include the number of 

decision trees, the number of features at each node, the depth of each tree, the minimum number 

of samples required to split a node, the minimum samples at each leaf, or the bootstrap sampling 

settings. There are several methods for parameter tuning to determine the optimal parameters for 

Random Forest; in this study, the grid search method is adopted. Previous research has 

demonstrated that grid search is an effective method for optimally determining parameters with 

the best performance within an efficient search time  (Anggoro & Mukti, 2021; Shekar & Dagnew, 

2019).  
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The parameter search method using grid search is categorized as an exhaustive method, as 

it explores all possible combinations of parameters to find the best combination that recommends 

the optimal model performance. If Random Forest has c parameters in its classification modeling, 

the first step is to define the range of values for each parameter, both inbound and outbound. Grid 

search experiments with every combination of parameters to identify the combination with the 

best model performance. The mechanism for parameter search using grid search, as referenced in  

(Zhu et al., 2022), is illustrated in Figure 2. Meanwhile, the parameters and their respective value 

ranges defined for grid search in Random Forest can be seen in Table 1. 

 

Fig. 2. Grid search mechanism 

 
Table 1- RF parameters tuning for grid search 

No Parameters  Range  

1 Number of tree  [50, 100, 200] 

2 Maximum tree depth [10, 20, 30] 

3 Minimum sample split [2, 5, 10] 

4 Minimum sample leaf [1, 2, 4] 

 

3.5 Handling Imbalanced Dataset Scenario  

Determining product quality in Fat Filled Powder (FFP) presents complex challenges, as it 

involves numerous features and two quality classes: good and bad. A common issue often 

encountered in binary attribute classification is the potential for an imbalanced dataset. Referring 

to (Mendez et al., 2019) (Kaitlin et al., 2020), the most critical aspect of addressing an imbalanced 

dataset lies not in selecting the right algorithm but in properly managing the dataset. Implementing 

the Random Forest algorithm with parameter tuning is sufficient to enhance model performance. 

Therefore, at this stage, several scenarios for configuring the training and testing datasets will be 

established to optimize the model in handling imbalanced datasets. 

In this study, four scenarios are established for dataset configuration to enhance the 

performance of the Random Forest model with parameter tuning: data splitting, k-fold validation, 

Synthetic Minority Oversampling Technique (SMOTE), and Distribution Optimally Balanced – 

Stratified Cross Validation (DOB-SCV). Each scenario will be compared in terms of performance 

when applied to the training data to improve the model's performance on testing data. The details 

of each scenario are presented in Table 2. 
Table 2 - Models for managing imbalanced dataset 

No Scenario  Detail  

1 Model 1 Data splitting, training dan testing, 80:20 

2 Model 2 Data splittting, training, validation dan testing, 60:20:20 

3 SMOTE model  Oversampling in minority class for balance dataset (Chawla et al., 2002) 

4 DOB SCV Split data into subsamples while ensuring that there is no dominance of 

majority or minority classes within the subsamples. 

 

3.6 K-fold validation  

K-fold validation is one of the most reliable methods for improving model performance in 

classification tasks. It provides sufficient training data, allowing the model to learn knowledge 

from the dataset comprehensively, thereby maximizing model performance. Referring to [37], the 

k-fold validation scheme is illustrated in Figure 3. 
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In this study, a 10-fold validation is applied, with the data evenly divided across each fold. 

The performance of the model for each fold will be statistically compared with other models to 

assess the significance of performance improvements. Additionally, the data splitting approaches 

implemented in models 1 and 2 are combined with the k-fold validation method to achieve more 

stable and optimal results. 

 

Fig. 3. K-Fold Validation Scenario 

 

3.7 Synthetic Minority Oversampling Technique (SMOTE) 

The SMOTE (Synthetic Minority Oversampling Technique) method was first proposed by 

Ref. (Chawla et al., 2002) to address issues in classification models with imbalanced class 

distributions. The main idea involves undersampling the majority class and oversampling the 

minority class to improve model performance and ROC value. According to (Chawla et al., 2002; 

Elreedy et al., 2024) (Burnaev et al., 2015), the SMOTE technique for generating a sample (s) 

can be described by Equation 2. The samples generated by SMOTE are linear combinations of 

two samples from the original data (xo and  x), where xo is a randomly selected sample from five 

nearest neighbours of the original data, and 0 ≤ 𝑢 ≤ 1. 

𝑠 = 𝑥 + 𝑢 ∙ (𝑥
𝑟
− 𝑥)

 (2) 

 

The use of SMOTE for addressing imbalanced data conditions has been widely applied and 

proven to perform well in previous studies. Although SMOTE generates minority data 

synthetically, it achieves optimal classification performance when implemented with Random 

Forest (Bhagat & Patil, 2015). The synthetic data generated is also validly developed using the k-

nearest neighbour (k-NN) approach, ensuring that it avoids outliers and maintains a distribution 

consistent with the original data. 

 

3.8 Distribution Optimally Balanced – Stratified Cross Validation (DOB-SCV) 

DOB-SCV (Distribution Optimally Balanced - Stratified Cross Validation) is an 

enhancement of cross-validation designed to improve classification model accuracy, as proposed 

by Ref. (X. Zeng & Martinez, 2000). This method is particularly suitable for imbalanced data 

since it divides the data into subsamples while ensuring that neither majority nor minority classes 

dominate within any subsample. Initially, Stratified Cross Validation was introduced as an 

improvement over k-fold validation to ensure that training data in each step was not dominated 

by the majority class. Subsequently, the SCV approach was optimized with Distribution 

Optimally Balanced (DOB) to ensure that the distribution of subsamples closely resembles the 

original data (Moreno-Torres et al., 2012). 

To maintain the distribution of subsample data for training identical to the original data 

distribution, the DOB-SCV method ensures that neighboring samples within the same class are 

placed in different folds for training (X. Zeng & Martinez, 2000). According to (Moreno-Torres 

et al., 2012), the algorithm for DOB-SCV is detailed in Table 3. 
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Table 3- DOB SCV Algorithms adopted from (Szeghalmy & Fazekas, 2023a) 

 

3.9 Model evaluation  

The model developed in this study is a classification model designed for imbalanced 

datasets. For classification models, evaluation can be conducted using several key parameters 

based on a bi-class confusion matrix. These parameters include accuracy, precision, specificity, 

and Receiver Operating Characteristic (ROC). The confusion matrix shows a comparison between 

the output of the classification model and the actual data. It calculates the number of outputs 

compared to the actual data based on true positives (TP), false positives (FP), true negatives (TN), 

and false negatives (FN). The structure of the bi-class confusion matrix used in this study is 

presented in Table 4. 
Table 4 - Confussion Matrix 

  Predicted  

 Class label  Yes  No 

Actual  
Yes  TP FP 

No  FN TN  

Accuracy represents the proportion of correctly classified results compared to the total 

classification data. Accurate classifications that match the actual class are indicated by True 

Positives (TP) and True Negatives (TN), compared against the classification results for all data. 

The calculation for accuracy is shown in Equation 3. Precision measures the model's performance 

with a focus on classifying positive classes. A high precision value indicates that the model can 

effectively classify data in the positive class. Precision is calculated as the total true positives 

divided by the sum of true positives and false positives, as shown in Equation 4. 

Unlike precision, specificity focuses on evaluating the model's performance specifically for 

the negative class. Higher specificity indicates the model can effectively classify the negative 

class. Specificity is calculated using Equation 5. The Receiver Operating Characteristic (ROC) 

curve evaluates the performance of a classification model on binary target data, specifically 

showing the relationship between the True Positive Rate (TPR) and the False Positive Rate (FPR). 

The ROC provides a comprehensive view of the model's performance, even under imbalanced 

dataset conditions. The ROC's effectiveness is often summarized by the Area Under Curve 

(AUC), where higher values indicate better binary class classification performance. AUC is 

calculated using Equation 6. All evaluation parameters are measured for both positive and 

negative classes to assess the model's performance across both and ensure it functions well under 

imbalanced dataset conditions. 

 

3.10 Performance improvement of the model across the four treatments is also tested 

statistically.  

This testing ensures that there is a significant impact on the model's performance compared 

to previous models. The statistical test applied in this evaluation is the Mann-Whitney U test, 
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which does not assume normal data distribution and compares the significance of performance 

differences between two models. The Mann-Whitney U test in this research is applied to analyse 

the performance of two models in predicting the FFP quality which were not normally distributed. 

To test the model with the mentioned statistical test, 10 folds model testing was proposed. This 

test is implemented due to the limited sample results available for performance testing and also 

to gain the validated result in providing a model recommendation for FFP quality evaluation for 

imbalanced dataset condition A confidence interval test is also applied to compare the results and 

ensure the significance effect of the model improvement.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

  

(3) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

 (4) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃

 (5) 

 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0

 
(6) 

 

4. Results and Discussions  

4.1 Data description  

The data was obtained from a dairy milk industry that processes fat-filled powder (FFP). 

The statistical description of the data can be seen in Table 5, Figure 3, and Figure 4. The raw data 

collected from the field is clean and complete. The dataset contains seven features that determine 

the quality of the FFP product.  

The main issue with the data for classification modeling lies in the condition of the target 

data and quality labels. It is evident that there is an imbalance in the sample sizes for the two 

classes: good (labeled as 1) and bad (labeled as 0). As shown in Figure 3, only 17.16% of the data 

has a value of 0 (poor quality), while the remaining 82.84% has a value of 1 (good quality). This 

kind of condition will pose new challenges in developing a prediction model that will only be 

accurate for the majority class, while errors will occur for the minority class. 

 
Table 5 - Data descriptions 

Features count mean std Min 25% 50% 75% max 

Fat 1525 32.67829 0.575109 27.03 32.19 32.82 33.13 34.64 

Protein 1525 19.14013 1.126821 0.128576 18.9655 19.21042 19.42594 20.71904 

Lactose 1525 39.14352 0.338847 37.7 38.94 39.08 39.33 42.68 

Ash 1525 5.206193 0.304357 4.1 4.9 5.31 5.45 6.27 

Moisture 1525 2.281738 0.136777 1.4 2.2 2.28 2.36 2.72 

Acidity 1525 10.45084 0.466086 8.8227 10.1 10.32 10.82 12.09 

Bulk 

Density 1525 0.547451 0.506464 0.454545 0.510204 0.520833 0.526316 9.85222 

Label 1525 0.82623 0.379036 0 1 1 1 1 
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Fig. 4. Imbalanced data set description with FFP good quality (label 1) versus bad quality (label 0) 

 

 

Fig. 5. Data distribution with normalized features 

Figure 5 interprets that the majority of the data represents good quality compared to bad 

quality. Both quality types are clearly distinguished and clustered into separate groups. The 

minority class (bad quality) appears denser compared to the majority class (good quality). 

Additionally, there is an observed overlap where some minority class data points fall within the 

majority class cluster. This poses new challenges and indicates the potential presence of outliers 

or noise. Furthermore, a more detailed analysis is needed using other features to avoid greater 

model errors. Therefore, data transformation and preprocessing must be effectively applied to 

support the accuracy of the classification-based prediction model. 

 

4.2 FFP quality prediction with random forest  

Machine learning has strong capabilities in identifying data patterns, provided the data is 

complete, free of noise and accurate. However, in practice, various challenges are often 

encountered that affect the accuracy of quality predictions. The issue of imbalanced data samples, 

as found in this case, can impact the accuracy of quality predictions, which in turn affects 

customer satisfaction in achieving the product quality as standard. If the imbalance in the data is 

left unaddressed, the machine learning classification model will learn partially and perform well 

only for one of the label conditions, leading to suboptimal performance in quality classification 

tasks. 

Improving the accuracy of the model for predicting quality across various product quality 

conditions needs to be addressed effectively. This study proposes the development of a baseline 

Random Forest model to evaluate the capability of machine learning in accurately predicting 
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product quality. The Random Forest model is proposed to learn data patterns for predicting the 

quality of FFP under conditions of imbalanced class labels. Random forest is also proposed since 

it achieve an excellence performance to classify imbalanced dataset condition as mentioned in 

previous research.  

The parameter tuning method using the grid partition technique is proposed to identify the 

best parameters for developing a Random Forest model to predict FFP (Fat-Filled Powder) quality 

under imbalanced conditions. After performing parameter tuning with the grid partition method, 

the parameters set for the quality classification model are presented in Table 6. 

 
Table 6 - Parameter tuning for random forest using grid partition 

No  Parameter  Value  

1 Algorithm Random forest classifier  

2 Max depth  None  

3 Minimum sample split  10 

4 Minimum sample leaf 4 

5 Number of estimators  100 

6 Random state  42 

 

The Random Forest model with parameter tuning was tested under two data splitting 

conditions: 80% training data (Model 1) and 60% training data (Model 2), as described in Table 

2. This testing is necessary to evaluate the model's sensitivity and accuracy with respect to the 

amount of training data and its impact on testing data, ensuring practical implementation in the 

field. The results of the model testing are presented in Table 7. 

 
Table 7- Model performance in two data splitting scenarios 

Parameter  Training Testing 

Model 1 Model 2 Model 1 Model 2 

Jumlah data  80% 60% 20% 20% 

Akurasi  0.9959 0.9967 0.9902 0.9902 

ROC 1.0000 0.9999 0.9996 0.9992 

Precision - class 0 1.0000 1.0000 1.0000 1.0000 

Precision - class 1 0.9951 0.9961 0.9876 0.9876 

Recall - class 0 0.9749 0.9800 0.9545 0.9545 

Recall - class 1 1.0000 1.0000 1.0000 1.0000 

F1-Score – class 0 0.9873 0.9899 0.9767 0.9767 

F1-Score – class 1 0.9976 0.9980 0.9938 0.9938 

Support – class 0 199 150 66 66 

Support – class 1 1021 765 239 239 

 

In general, the model's accuracy under both data conditions shows excellent score. 

However, this result can be biased since it affected by imbalanced data scenarios that accuracy is 

not the only evaluation metric that should be considered. For imbalanced datasets, it is essential 

to also consider precision, recall, and support to gain a comprehensive view of the model's 

performance (Thabtah et al., 2020). 

Table 7 indicates that the model achieves good accuracy for both 80% and 60% training 

data splits. However, upon closer examination, the classification performance for recall in class 

0—both in training and testing— shows no improvement. Special attention is needed for the 

classification of class 0 as minority class label.  

The model has confirmed that under conditions of limited and imbalanced data, machine learning 

struggles to fully capture data patterns effectively. On the other hand, the test results also indicate 

that increasing the training data by 20% does not lead to any improvement in the model's recall 

performance during training or testing. The data distribution for Model 1 and Model 2 is 

illustrated more clearly in Figure 6. 
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(a) (b) 
Fig. 6. Data training distribution for (a) Model 1 and (b) model 2 

To analyze the model's performance and the differences between Model 1 and Model 2, an 

appropriate statistical analysis is required to recommend an accurate conclusion. To support this 

statistical analysis, the fold validation approach is utilized as a mechanism to gather model 

performance data across each fold. The models are developed using 10-fold validation to test the 

impact of increasing training data on model accuracy. The analysis is focused on recall 

performance since it able to capture model performance in imbalanced dataset condition. In the 

Random Forest model developed with 10-fold validation, the recall performance for Model 1 

(80% training data) and Model 2 (60% training data) can be observed in Table 8. 

The statistical test results for recall performance on class 1 (good quality) for Model 1 and 

Model 2 indicate that the performance is stable. The models effectively classify class 1 due to the 

sufficient amount of data available. Random Forest is able to capture data patterns effectively, 

resulting in satisfactory recall performance for the majority class. However, the recall 

performance for class 0 (poor quality) as minority class shows unsatisfactory and unstable results, 

with variance still remaining high. Both Model 1 and Model 2 exhibit unstable performance and 

have statistically insignificant recall performance differences. These results indicate that adjusting 

the amount of training data does not significantly impact the model's performance, particularly 

for the minority class. This highlights the need for specialized handling of the minority class to 

improve its classification performance. 

 
Tabel 8 - Recall performance of training dataset for model 1 and model 2 

Parameter  Class 0 Class 1 

Model 1 Model 2 Model 1 Model 2 

Recall fold 1 0.9791 0.9650 1.0000 1.0000 

Recall fold 2 0.9738 0.9650 1.0000 1.0000 

Recall fold 3 0.9843 0.9790 1.0000 1.0000 

Recall fold 4 0.9791 0.9720 1.0000 1.0000 

Recall fold 5 0.9634 0.9650 1.0000 1.0000 

Recall fold 6 0.9686 0.9792 1.0000 1.0000 

Recall fold 7 0.9634 0.9510 1.0000 1.0000 

Recall fold 8 0.9634 0.9580 1.0000 1.0000 

Recall fold 9 0.9737 0.9441 1.0000 1.0000 

Recall fold 10 0.9842 0.9580 1.0000 1.0000 

t-statistic 73.0 Insignificant 

p-value 0.0877 Insignificant 

Result Insignificant Insignificant 

 

4.3 Improving recall model performance in imbalanced data condition for minority class  

Imbalanced data conditions are often encountered in datasets with binary target data or only 

two classes in classification. If imbalanced data is not handled properly, it can lead to inaccurate 

classifications, which may harm consumers when related to quality classification. In such cases, 
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the algorithm tends to learn patterns primarily from the majority class, while the minority class is 

prone to misclassification (López et al., 2014). 

Various models have been proposed to address issues with imbalanced datasets, including 

k-fold validation (López et al., 2014; Szeghalmy & Fazekas, 2023b), stratified cross validation 

(X. Zeng & Martinez, 2000) and SMOTE (Thabtah et al., 2020). The k-fold validation which is 

evaluated in this study showed no significant impact from increasing the amount of training data. 

Therefore, other approaches need to be formulated to optimize model performance in classifying 

imbalanced datasets. In this case, stratified cross-validation with distribution optimally balanced 

(SCV-DOB) and oversampling techniques through SMOTE are utilized. 

The SCV-DOB method, which has been widely applied in previous studies, demonstrates 

strong potential for improving models through optimal data partitioning. The SCV-DOB 

technique effectively manipulates data samples, enabling the model to fully learn from all class 

labels, including both majority and minority classes. Given that the model's performance with 

traditional cross-validation still shows low recall metrics, the SCV-DOB model was tested using 

10-fold validation to evaluate its impact on improving model performance. The results of the 

model evaluation are presented in Table 9. 

It can be observed that the model using the SCV-DOB method still does not meet 

performance expectations and does not significantly improve evaluation performance, especially 

for the minority class. Pre-training stages, including data splitting through k-fold validation and 

stratified validation, have been attempted but have not yielded significant impacts. The data 

splitting approach with SCV-DOB also indicates no notable improvement in model performance 

compared to Model 1 (with 80% training data) evaluated using 10-fold validation. 

The result also found that the SCV-DOB method does not yet demonstrate a significant 

improvement in model performance. The SCV-DOB model, in the preprocessing stage, does not 

fully perform data manipulation or transformation to support enhanced model performance. SCV-

DOB is merely a data sampling approach conducted optimally to ensure that both minority and 

majority classes have equal opportunities to serve as the basis for model development in each 

testing fold. Under such conditions, since the "bad quality" class has a minority share of data, not 

all real-world data conditions can be adequately captured. As a result, the model's recall 

performance does not significantly differ from that of the basic model. 

 
Table 9 - DOB-SCV model performance 

Parameter  Class 0 Class 1 

Model 1 DOB-SCV Model 1 DOB-SCV 

Recall fold 1 1.0000 0.9791 1.0000 1.0000 

Recall fold 2 1.0000 0.9738 1.0000 1.0000 

Recall fold 3 1.0000 0.9843 1.0000 1.0000 

Recall fold 4 0.8519 0.9791 1.0000 1.0000 

Recall fold 5 0.9259 0.9634 1.0000 1.0000 

Recall fold 6 0.9615 0.9686 1.0000 1.0000 

Recall fold 7 1.0000 0.9634 1.0000 1.0000 

Recall fold 8 0.9615 0.9634 1.0000 1.0000 

Recall fold 9 0.9231 0.9737 1.0000 1.0000 

Recall fold 10 1.0000 0.9842 1.0000 1.0000 

t-statistik  50.0 Insignificant 

p-value 1.0 Insignificant 

Result Insignificant Insignificant 

 

The data splitting approach using SCV-DOB has shown insignificant results. Oversampling 

approaches need to be considered as an option to improve model performance. Undersampling 

methods are not considered in this study because they risk removing some information from the 

data (Mujahid et al., 2024).  This condition poses a risk of the model failing to accurately predict 

quality in alignment with real-world conditions. 

In the subsequent modeling, the SMOTE method is considered as an oversampling 

approach to improve model performance. SMOTE performs oversampling on minority class 

samples by generating synthetic data close to the original data. This ensures that the number of 
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samples in the minority class becomes comparable to the majority class. Under this condition, the 

model is expected to learn data patterns effectively, thereby optimizing its performance across 

both classes. The model's performance using the SMOTE method can be observed in Table 10. 

 
Table 10 - SMOTE model performance 

Parameter  Class 0 Class 1 

Model 1 SMOTE Model 1 SMOTE 

Recall fold 1 0.9791 0.9946 1.0000 1.0000 

Recall fold 2 0.9738 0.9946 1.0000 1.0000 

Recall fold 3 0.9843 0.9967 1.0000 1.0000 

Recall fold 4 0.9791 0.9946 1.0000 1.0000 

Recall fold 5 0.9634 0.9946 1.0000 1.0000 

Recall fold 6 0.9686 0.9946 1.0000 1.0000 

Recall fold 7 0.9634 0.9946 1.0000 1.0000 

Recall fold 8 0.9634 0.9946 1.0000 1.0000 

Recall fold 9 0.9737 0.9946 1.0000 1.0000 

Recall fold 10 0.9842 0.9946 1.0000 1.0000 

t-statistic  0.0 Insignificant 

p-value 8.45 Insignificant 

Result Significant Insignificant 

 

To ensure that the test results are valid, a statistical confidence interval test was also 

conducted to demonstrate that the SMOTE model produces consistent and reliable results. A 95% 

confidence interval (CI) test was performed to verify that the recall performance of the model 

differs significantly from the baseline model. The CI test results for FFP quality classes are 

presented in Table 11. 

 
Table 11 - Model confidence interval test  

Parameter  Class 0 Class 1 

Model 1 SMOTE Model 1 SMOTE 

Mean recall  0.9732 0.9945 1.00 1.00 

CI lower 0.9673 0.9945 1 1 

CI upper  0.9792 0.9946 1 1 

 

The CI test results show that the recall score range for Class 0 (bad quality) in Model 1 still 

varies between 0.9673 and 0.9792, whereas the SMOTE model demonstrates highly consistent 

recall scores with minimal variation across tests. This finding also confirms that the confidence 

intervals of both models do not overlap, indicating that the SMOTE model has statistically 

significantly different recall performance compared to the baseline model (Model 1).   

For Class 1, since the baseline model already performs well, the application of SMOTE 

does not yield a significant improvement but still maintains optimal performance. Therefore, the 

statistical analysis using both the Mann-Whitney U test and the confidence interval confirms that 

the SMOTE model, combined with the Random Forest algorithm, is effective in enhancing 

prediction performance for the minority class. 

The test results for the model using SMOTE show that the model performs well for the majority 

class. Additionally, the model has demonstrated stable recall performance across all folds, 

particularly for class 0 (the minority class). To confirm the improvement in model performance, 

statistical tests have validated that there is a significant difference in recall performance between 

the baseline model and the model using the SMOTE oversampling technique. A comparison of 

recall performance across various models is illustrated in Figure 6, which highlights that the 

SMOTE model achieves the best performance. 
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Fig. 7. Recall model performance on minority class by various model 

 

The characteristics and performance of the SMOTE-based quality prediction model can be 

observed in Table 11. The SMOTE model performs oversampling on minority class data, resulting 

in an increased number of samples during model development. It is evident that the model 

achieves a balanced dataset for both classes, with 1,021 samples each. This balance is achieved 

through SMOTE oversampling the minority class, enabling the model to learn from a larger 

amount of data. 

The model demonstrates strong performance in precision, recall, and F1-score for both 

majority and minority classes. Additionally, it exhibits excellent and balanced accuracy and ROC 

metrics between training and testing phases, effectively avoiding issues of overfitting or 

underfitting. This indicates that the SMOTE-enhanced model is well-suited for handling 

imbalanced datasets while maintaining robust and reliable predictions. 

 
Table 11 - SMOTE model performance for FFP quality - imbalanced dataset 

Parameter  Training Testing 

Accuracy  0.9976 0.9967 

ROC 1.0000 0.9990 

Precision - class 0 1.0000 1.0000 

Precision - class 1 0.9951 0.9958 

Recall - class 0 0.9951 0.9848 

Recall - class 1 1.0000 1.0000 

F1-Score – class 0 0.9975 0.9924 

F1-Score – class 1 0.9976 0.9979 

Support – class 0 1021 66 

Support – class 1 1021 239 

 

As a confirmation and comparison of model performance across all evaluation metrics, 

refer to Figures 8 and 9. It can be observed that the quality prediction model using Random Forest 

with SMOTE outperforms other models in both training and testing phases. This further 

strengthens confidence that this model can be effectively implemented for predicting the quality 

of FFP under imbalanced dataset conditions, a scenario commonly encountered in the industry. 

The SMOTE model demonstrates the best performance among other preprocessing and 

data transformation models due to the distinct treatment applied to the data. SMOTE manipulates 

the minority class data using the k-NN technique so that the minority data points have similar 

characteristics. This helps the random forest prediction model to better learn the minority class, 

as the number of samples becomes more comparable to that of the majority class. In contrast, 

other models—such as those using 80% or 60% test data splits or even SCV-DOB—do not 

manipulate the data but merely select which data will be included in the prediction model. 
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Statistically, this approach has been proven not to improve the performance of the prediction 

model. 

 

 

Fig. 8. Model performance on training dataset 

 

 

Fig. 9. Model performance on Testing dataset 

 

4.4 Research limitations and real-world feasibility 

This study has successfully developed a predictive model for FFP product quality under 

imbalanced data conditions. The research focused on imbalanced data transformation and the 

development of a prediction model. Four data transformation schemes were developed for model 

development: splitting the data into training and testing sets using 80% and 60% for training, the 

Synthetic Minority Oversampling Technique (SMOTE), and the Distribution Optimally Balanced 

– Stratified Cross Validation (DOB-SCV) scheme. The study shows that the SMOTE model can 

improve the performance of the predictive model using random forest. 

Although this study has successfully enhanced the performance of the predictive model, 

attention must be paid to the model’s generalizability in predicting product quality in real-world 

settings. As SMOTE generates synthetic minority data using the k-NN technique, there is a 

possibility that the synthetic data may not truly resemble the actual data. This could introduce 

bias, but it may still be helpful in developing predictive models for product quality under 

uncertainty. Ideally, minority class data should continue to be collected in real-world operations 

to gradually replace the synthetic data generated by SMOTE and it need to apply re-train model. 
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On the other hand, the predictive model developed in this study is based on the random 

forest algorithm. Random forest was chosen due to its advantages in predicting binary-class 

product quality under imbalanced data conditions. Therefore, all model performance results in 

this study refer to the predictions produced by the random forest model. Although the model’s 

performance has been successfully improved, this does not guarantee that similar improvements 

will apply to other classification models. Further development and testing of alternative models 

are necessary to explore other potential predictive approaches. 

As a practical step toward implementing this model, several aspects need to be considered. 

The model has been successfully developed to predict the quality of FFP products produced in 

the dairy industry and its derivatives. This model can be installed in an FFP quality monitoring 

system within the industry to monitor product quality in real time. To support this, sensor-based 

IoT systems should be considered for real-time data collection, enabling accurate and real-time 

product quality predictions. 

 

5. Conclusion and recommendations  

The quality of perishable products like fat-filled powder (FFP) is a crucial and essential 

aspect. Quality is vital for both producers and consumers to ensure that the product meets 

specifications and consumer expectations. As a manufactured product influenced by a series of 

processes, the quality of FFP is challenging to control. The continuous nature of production 

processes requires accurate, rapid, and high-precision quality classification. In reality, most 

products in the industry currently have good quality compared to those with poor quality. This is 

due to the industry's tendency to achieve production stability, resulting in fewer low-quality 

products. However, this does not mean that product quality should be neglected, as there is still a 

significant risk of producing defective products during the manufacturing process. 

The primary challenge lies in the digital transformation within the industry. Process control 

requires a digitalization and optimization approach. Data analytics and machine learning 

techniques are essential for classifying product quality based on production patterns and historical 

quality data of FFP. However, the challenge arises from the limitations of historical data used as 

samples, where the amount of poor-quality data is significantly smaller than that of good-quality 

products. This imbalance makes it difficult for the model to learn data patterns effectively and 

increases the risk of failure in classifying product quality accurately based on real-world 

conditions. 

This study proposed a machine learning model using Random Forest to classify the quality 

of FFP products. The issue of data imbalance was addressed using various approaches, including 

hyperparameter tuning, data splitting for training and testing, k-fold validation, oversampling, and 

stratified sampling. The use of a grid partition model for hyperparameter tuning successfully 

defined the optimal parameters for product quality classification. However, the model initially 

exhibited low performance in classifying the minority quality class, necessitating improvements 

in its performance. Various models were proposed to enhance performance, including increasing 

the training data proportion compared to testing, oversampling (SMOTE), and stratified sampling 

(DOB-SCV). The modeling results revealed that the oversampling model using the SMOTE 

technique achieved the best performance for both majority and minority classes compared to other 

models. The Random Forest model with hyperparameter tuning combined with the SMOTE 

oversampling method achieved a testing accuracy of 0.997 and a testing ROC of 0.999, indicating 

optimal performance. This model also demonstrated stable precision and recall for both majority 

and minority classes. 

The utilization of SMOTE in model development aims to enable the model to 

comprehensively learn data patterns for both majority and minority classes. This predictive model 

has successfully classified product quality accurately, making it suitable for implementation in 

the FFP production industry. In practice, this model allows the industry to quickly determine 

product quality during continuous production processes, enabling rapid response in case of 

production errors. Quality failures can also be mitigated promptly, minimizing the number of 

poor-quality products and ensuring that consumer expectations are met. 

This study successfully developed a classification model for the quality of perishable FFP 

products. However, the data collected was still manually retrieved from a database. Future 
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research should focus on implementing a more practical model for industrial applications, 

enabling the model to quickly detect quality parameter values and accurately determine product 

quality in real-time. The utilization of Internet of Things (IoT) technology is necessary for 

detecting quality parameter values during production. Data collected via IoT-based sensors can 

be stored in the cloud for further processing. Implementing a model supported by IoT-based 

sensors will significantly accelerate the process of detecting product quality effectively. In 

addition, the same research approach can be extended to other dairy-derived products or other 

perishable goods. In the industry, imbalanced data conditions are commonly encountered, 

requiring special treatment in developing product prediction models to support quality and 

customer satisfaction. The framework developed in this study, which utilizes data transformation 

with SMOTE and predictive modeling with Random Forest, can be applied to develop predictive 

models for other dairy derivatives or perishable products in the industry. 
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