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Chart, QC Action, and CTQ (Critical to Quality). The Data 

Understanding stage creates a Control P Chart, calculates 

DPMO and the sigma level obtained by the unscramble 
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1. INTRODUCTION 

The Company can survive in a competitive environment by conducting Quality Control of its products 

[1]. Quality Control is used to control, select, and assess Quality to produce quality products and reduce 

defective production [2]. In implementing Quality Control, the ISO (International Organization for 

Standardization) is needed; this standard is used to achieve quality objectives in implementing quality 
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standards. High-value products can meet customer needs by having good Quality, which increases customer 

satisfaction and company profits [3]. 

Quality Control is the activity of maintaining, supervising, and ensuring product quality standards. 

Defective products occur due to inefficient material handling activities. Material handling involves moving 

materials from one point to another. An essential aspect of producing a product is the Quality of raw 

materials, which can affect the final product. Product and service quality is the ability of performance 

characteristics, features, reliability, serviceability, conformance to standards, durability, perceived Quality, 

and aesthetics to meet customer demand. 

The PT. P is a lubricant industry company that produces lubricants in bottles (lithos), drums, pails, and 

other industrial needs. The PT. P has two warehouses: the supporting packaging material warehouse and the 

finished product warehouse. The supporting packaging material warehouse contains supporting packaging 

materials such as bottles, cartons, label stickers, IBC, and drums received from suppliers, while the finished 

product warehouse is where the final product is packaged in unit loads with pallets. The PT P's business 

process consists of receiving, stockpiling, and filling into packaging. Based on the results of interviews with 

The PT. P, two types of reject material were found: incoming and in-process. The type of reject material is 

supporting packaging material (bottle, carton, label sticker, capper). Material rejected incoming is material 

that comes from suppliers, not by specifications, so the material is rejected. In contrast, the material reject 

process is material that is damaged due to unloading in the material warehouse until the lubricant 

production process in the production line area, which results in cost losses. Due to the large number of in-

process reject materials that occur in the production process, it is necessary to research the PT P to discover 

the causes of in-process reject materials. 

Research was conducted using a Pareto diagram to determine the highest value, which is the problem to 

be solved first, and using Fault Tree Analysis to find out the cause of the problem [4]. Furthermore, research 

uses data mining methods with decision tree classification to obtain if-then rule results [5]. 

There was much research about quality and data mining. An essential component of groundwater 

resource management is the use of data mining algorithms (DMAs) to model groundwater quality in coastal 

areas [6]. The decision tree mining technique was applied to construct the water conservation 

informatization data sharing system since the conventional sharing system's low-quality mining dataset 

hinders real-time sharing and system scalability [7]. Through a systematic review and subsequent 

categorization of each of the CRISP-DM steps, this research presented a didactic and utilitarian model based 

on the most recent developments in the literature, through the lens of production engineering, and 

suggested guidelines from the fields of quality management and risk management [8]. Understanding the 

intricate interdependencies in battery cell manufacture and identifying areas for improvement are essential 

for ensuring optimal cell quality and enabling quality control and established data mining techniques in the 

context of intricate operations and data structures [9]. The findings of the study offer a fast and precise way 

to classify quality reports, which aids in the development of the engineering quality knowledge system [10]. 

The study on the best kernel function forecasting model was conducted by predicting ground rod sales using 

the Support Vector Regression (SVR) method, which was displayed in an ideal data visualization [11]. The 

study used the Support Vector Regression (SVR) method to model the sales experience, analyze the accuracy 

of predictions, and create a dashboard of prediction results using Power Business Intelligence (Power BI) 

software [12]. The SERVQUAL method at Soekarno-Hatta International Airport was the subject of a study 

that failed to achieve passenger satisfaction standards and the findings of the Binary Logistic Regression 

analysis show that passenger satisfaction is influenced by parking price and ambiance [13], The results of 

this study, which used the DMAIC (Define–Measure–Analyze–Improve–Control) Six Sigma approach, 

demonstrated that the jacket product's quality was higher than the industry average in Indonesia and was 

categorized as the industry average in the USA [14], It is essential to perform quality control on raw material 

inventory loss using the control chart, a fishbone diagram and Root Cause Analysis (RCA) to enhance 

quality control in the raw material unloading process [15]. The findings of the study on six sigma DMAIC 

are the sigma level for the variable data and the attribute data. The tin ingot test failure type has the highest 

RPN score [16]. It is essential to perform quality control on raw material inventory loss using the control 

chart as well as to analyze with a fishbone diagram and Root Cause Analysis (RCA) [17]. 

This research uses the CRISP-DM approach, decision tree data mining, Statistical Quality Control and 

Power Business Intelligence. CRISP-DM (Cross Industry Standard Process For Data Mining) is a method that 
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supports data processing in modeling cases with diverse structures [18], The Cross Industry Standard 

Process for Data Mining (CRISP-DM) has grown to be one of the most popular in the industry [8]. CRISP-

DM consists of six stages: Business Understanding, Data Understanding, Data Preparation, Modelling, 

Evaluation, Testing, and Deployment [19], [20]. Statistical Process Control is a statistical technique for 

monitoring measurement standards and taking action for product improvement. Statistical Process Control 

has seven tools: Check Sheet, Scatter diagram, parts diagram, fishbone diagram, flow chart, histogram, and 

Control Chart. In addition, this research uses Power Business Intelligence for data visualization. Power 

Business intelligence is a tool for analyzing data visual [21]. In data mining for modeling, the Decision tree 

classification method is used. Decision tree is a prediction model used for classification and prediction tasks. 

A decision tree is a diagram with a tree structure [22].  

 

2. MATERIALS AND METHODS 

The method in this research is to collect data from research problems. The data collected are primary 

data and secondary data. After all the data is collected, the next step is to process the data from the problem 

using the CRISP-DM approach. Figure 1 shows the stages of data processing with the CRISP-DM approach.  

The research methodology uses the Data Mining framework with CRISP-DM, which consists of 

Business Understanding, Data Understanding, Data Preparation, Modelling, Evaluation, and Deployment. 

The approach aims to find out the cause of the problem and provide suggestions for packaging quality. At 

the Business Understanding stage,  research problems were identified using SIPOC diagrams, operation 

process charts, QC Action in each production process, and Critical Quality to find problems with Pareto 

diagrams. The data Understanding stage was used to see the stability of the production process with a 

control p chart, calculate the sigma level value, and find the cause of packaging defects using fault tree 

analysis. The Data Preparation stage prepares data before the modeling stage with data integration, 

transformation, reduction, and cleaning. The modeling stage was used to create a decision tree with the C4.5 

algorithm with R studio and the Cart algorithm with Minitab, which produces an if-then rule for the number 

of defects, low, high, and medium. The evaluation stage was used to see the Accuracy of the results in 

forming the decision tree model. Deployment stage to provide improvement proposals by creating a 

Dashboard, Standard Operating Procedure, and Check Sheet. 

 

3. RESULTS AND DISCUSSION 

3.1. Business Understanding 

Business Understanding is the stage used to determine the objectives to be achieved in this research 

[23]. The business aims to analyze the causes of defects in packaging materials supporting lithos M products 

and provide suggestions for improving the Quality of packaging materials supporting lithos M products. 

Data Mining aims to explore the low, high, or medium defects pattern and find the if-then rule. 

This stage is to describe the resources and limitations that exist at PT P .The following are the resources and 

limitations that PT P has: 

Resources from Research: 

• The data collected is Lithos M products' in-process reject material data in June, July, August, September, 

and October 2023. 

• Data resources are stored in a database owned at PT P. 

Limitation of Research: 

• The result of the decision tree is knowing the if-then rule of the number of low, high, or medium 

defects. 

• If there is incomplete data, the data will be processed through data preparation. 

• Limitations in the deployment stage are only limited to suggestions because the decision is in the 

Company determined by PT P. 
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Figure 1. The Flowchart data processing 

 

3.1.1. SIPOC Diagram 

The SIPOC diagram is a diagram that describes the production process activities in detail [24]. The 

SIPOC diagram is made from the prepared raw materials to the finished product, ready to be sent to the 

customer. The SIPOC diagram of M lithos product. In Figure 2, the PT P Supplier consists of suppliers of 

bottles, cappers, cartons, and sticker labels. After that, there are Bottle, Capper, Carton, Sticker Label inputs 

to enter the production process with the stages of unscramble machine, orienter, labelling, filler, capper 

machine and induction seal, laser batch, robotic, carton erector, weigher, carton sealer, marking boxes, 

palletizer with the output in the form of product lithos m and cutomer in the form of distributors. 

Figure 2 shows a spot diagram consisting of the supplier, input, process, output, and customer. Supplier 

The PT P consists of bottle suppliers with “PT Abadi Plastik”, “PT Bumi Mulia Indah Lestari (BIL)”, “PT 

Lyhock Batavia Plastik”, “PT Karlina MP”, “PT Usaha Bersama Sukses”. Capper supplier with "PT Dinito 
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Jaya Sakti”. Carton supplier with “PT Multi Box Indah”, “PT Intan Ustrix”, “PT Cakra Walam Mega Indah 

(CMI)”. Sticker label suppliers with “PT Surya Baru”, “PT Primasindo MK”, “PT Satia Mitra LP”, “PT 

Subuer Berkah”, “PT Anugerah Prima Printing”, “PT Master Lebel”, “PT Aneka Rupa Tera”. The inputs are 

bottle, capper, carton, and sticker label. Next, there is a process consisting of an unscramble machine, 

orienter, labeling, filler, capper machine and induction sealer, laser batch, divider, robotic, carton erector, 

weigher, carton sealer, marking box (batch carton), palletizer. Furthermore, the output is product lithos M, 

and the customer is the distributor. 

 

 
 

Figure 2. The SIPOC diagram 

 
In Figure 3 is a chart of the operation process consisting of the first operation, namely the unscramble 

machine which performs the process of supplying and arranging lithos bottles, the second operation is the 

orienter machine to direct the same bottle position, the third operation is the labelling machine to attach the 

sticker to the bottle, the fourth operation is the filler machine to put the lubricant into the bottle, the fifth 

operation is the capper & induction seal machine to attach the capper to the bottle, the sixth operation is the 

laser batch machine to attach the batch code to the bottle cap, The seventh operation is a divider machine to 

divide the bottle position, the eighth operation is a robotic machine to put the bottle into the carton, the ninth 

operation is a carton erector machine to form the carton, the tenth operation is a weigher machine to weigh 

the weight of the bottle and carton, the eleventh operation is a carton sealer machine to seal the carton, the 

twelfth operation is a carton batch or box marking machine to attach the batch code to the carton, the 

thirteenth operation is a palletizer machine to arrange the finished products [25]. 
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Figure 3. The operation process chart 

 
Figure 4 shows the QC actions of unscrambling, labelling, filling, and capping. In unscramble and 

labelling there are actions, namely unscramble does not make the bottle defective, the direction of the bottle 

forward, the condition of the inside and outside of the bottle is clean and dry, the suitability of the product 

with the sticker used on both sides of the bottle, not tilted and not torn. In filling & cappering, the existing 

actions are writing the weight of the lubricant in the bottle, the surface of the lubricant tried to be above the 

tera line, writing the temperature of the lubricant at the time of filling a maximum of 40 degrees Celsius, the 

appearance/color of the lubricant product by the specifications carried out per 30 minutes, the suitability of 

the sticker, the suitability of the capper with the bottle. 

Figure 5 shows The QC actions for the induction sealer and laser maker carton erector. In the induction 

sealer and laser maker, some actions show the outer condition of the bottle is clean and dry; the airfoil is 

tight, the Batch number is precise, aligned, and not tilted, and the oriented and divider machines are 

working correctly. In the carton erector, the actions include the condition of the carton in a clean and dry 

state, the suitability of the type and size of the carton with the product being produced, the temperature of 

the glue machine according to 180 degrees centigrade, and the number and arrangement of bottles in doos 

according to the service tag. 

In Figure 6, there are The QC actions for carton sealer & printing doos, weighing & palletizing. In carton 

sealer & printing doos, there are QC actions, namely the temperature of the glue machine is 180 degrees 

Celsius, the configuration and spelling of the printing of the product name and batch number are 

appropriate, the printing results are legible and not skewed, the suitability of printing doos on the carton. In 

weighing and palletizing, there are The QC actions, namely writing the weight per box according to the 

range and no product exceeds the pallet surface, the arrangement of doos on the pallet is by the provisions, 

and the topmost arrangement is tied. 
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Figure 4. The QC action unscramble, labelling, filling & capping 

 

 
 

Figure 5. The QC action induction seal & laser maker, carton erector 
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Figure 6. The QC action carton sealer & printing doos, weighing & palletizing 

 

3.1.2. Critical To Quality 

Critical to Quality is a quality characteristic that results in product conformance to specifications to 

improve customer satisfaction. The CTQ identification process determines the desired product quality 

characteristics categorized as defects. Quality characteristics of lithos M lubricant packaging products. A 

Pareto diagram determines the category level of an event that is most important and impactful [26]. From 

Figure 7, the three defects with the highest percentage of reject material are the bottle dent unscramble 

machine, Sticker 2nd Defect Internal, and Cap 2nd Defect Internal. 

 

 
 

Figure 7. The Percent reject material lithos M 

 

3.2. Data Understanding 

Data Understanding is the stage of understanding data. Data recognition is essential for the research 

process. At this stage, the production data set is used to see if the production process is within the control 
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limits using the control P chart. The Control P Chart diagram was created using in-process reject material 

data for June, July, August, September, and October 2023. 
 

3.2.1. Control P Chart 

A Control chart is a Statistical Process Control tool used in the quality control process [27]–[29]. In this 

study, due to attribute data, Figure 8-10 used the P chart. PT P has a data record of material reject products 

with attribute defect categories. The control chart is based on the proportion of product defects from June to 

October 2023.  

 

  
(a) Before (b) After 

 

Figure 8. The P chart for the bottle dent unscramble machine 

 

  
(a) Before (b) After 

 

Figure 9. The P chart for the 2nd sticker defect internal 

 

  
(a) Before (b) After 

 

Figure 10. The P chart for the 2nd cap defect internal 
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• Bottle Dent Unscramble Machine 

DPO = 
number of defects

 production quantity x number of defect opportunities
 (1) 

 

         =  
1360

594680 x 3
=  

1360

1784040
= 0.00076231 

 

DPMO = DPO x 1.000.000 
                           = 0.00076231 x 1000000 = 762.31 
 

Sigma Level =NORMSINV 
(1.000.000−DPMO)

1.000.000
+  1.5 = NORMSINV 

(1.000.000−762.31)

1.000.000
+ 1.5= 4.66  

 

• Sticker 2nd Defect Internal 

 

𝐷𝑃𝑂 =  
1052

1870473 x 3
=  

1052

5611419
= 0.00018747 

 

DPMO = DPO x 1.000.000 
             = 0.00018747 x 1000000 = 187.47 
 

Sigma Level =NORMSINV 
(1.000.000−DPMO)

1.000.000
+  1.5 = NORMSINV 

(1.000.000−187.47)

1.000.000
+ 1.5 =  5.06   

                            

• Cap 2nd Defect Internal 

 

𝐷𝑃𝑂 =  
274

1359494 x 3
=  

274

4078482
= 0.00006718 

 

DPMO = DPO x 1.000.000 

             = 0.00006718 x 1000000 = 67.18 
 

Sigma Level=NORMSINV 
(1.000.000−DPMO)

1.000.000
+  1.5 = NORMSINV 

(1.000.000−67.18)

1.000.000
+ 1.5 =  5.32   

 

3.2.2. Fault Tree Analysis 

Fault tree analysis (FTA) aims to identify and know the causes of material defects. Figure 11 and Figure 

12 identify potential failures with a top-down approach, top failures (top events), and essential events 

(essential events) [30], [31]. 

 
 

Figure 11. The fault tree analysis of bottle bottle-dent unscramble machine 
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Figure 12. The fault tree analysis of sticker and cap 2nd defect internal 

 

3.3. Data Preparation 

Table 1 is the in-process reject material data carried out through data integration by combining in-

process reject material data from June to October 2023. The data consists of date, month, year, number of 

rejects, and net usage. The number of rejects is the amount of packaging material supporting rejected lithos 

M products. In contrast, net usage is the amount of packaging material supporting accepted lithos M 

products. 

 
Table 1. The first data 

 

Number In Process Date Type Of Reject 
Number Of 

Reject 

Total Net 

Usage 

1 8-Jun Bottle Dent Unscramble Machine 120 32440 

2 8-Jun Bottle Dent Unscramble Machine 15 100000 

3 8-Jun Cap 2nd Defect Internal 10 232440 

4 8-Jun Sticker 2nd Defect Internal 10 232440 

5 5-Jun Bottle Dent Unscramble Machine 10 20000 

6 5-Jun Sticker 2nd Defect Internal 22 45480 

7 5-Jun Sticker 2nd Defect Internal 32 27580 

8 6-Jun Sticker 2nd Defect Internal 114 31420 

9 6-Jun Sticker 2nd Defect Internal 45 33280 

10 7-Jun Bottle Dent Unscramble Machine 10 20000 

331 5-Oct Cap 2nd Defect Internal 20 2155 

332 5-Oct Sticker 2nd Defect Internal 27 2155 

333 11-Oct Cap 2nd Defect Internal 16 2118 

334 11-Oct Sticker 2nd Defect Internal 20 2118 

335 11-Oct Sticker 2nd Defect Internal 9 842 

336 16-Oct Cap 2nd Defect Internal 3 2401 

337 16-Oct Sticker 2nd Defect Internal 21 2401 

338 17-Oct Cap 2nd Defect Internal 32 1512 

339 17-Oct Sticker 2nd Defect Internal 42 1512 

340 18-Oct Bottle Dent Unscramble Machine 16 515 
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Table 2 is the in-process reject material data, which is calculated to find the value of the production 

amount by adding the number of rejects to the amount of net usage. Table 3 is the in-process reject material 

data, which is calculated to find the Percent reject value by dividing the number of rejects by the amount of 

production, then multiplying by one hundred Percent. 

 

Table 2. The second data 

 

Number 
In Process 

Date 
Type Of Reject 

Number Of 

Reject 

Total Net 

Usage 

Production 

Quantity 

1 8-Jun Bottle Dent Unscramble Machine 120 32440 32560 

2 8-Jun Bottle Dent Unscramble Machine 15 100000 100015 

3 8-Jun Cap 2nd Defect Internal 10 232440 232450 

4 8-Jun Sticker 2nd Defect Internal 10 232440 232450 

5 5-Jun Bottle Dent Unscramble Machine 10 20000 20010 

6 5-Jun Sticker 2nd Defect Internal 22 45480 45502 

7 5-Jun Sticker 2nd Defect Internal 32 27580 27612 

8 6-Jun Sticker 2nd Defect Internal 114 31420 31534 

9 6-Jun Sticker 2nd Defect Internal 45 33280 33325 

10 7-Jun Bottle Dent Unscramble Machine 10 20000 20010 

331 5-Oct Cap 2nd Defect Internal 20 2155 2175 

332 5-Oct Sticker 2nd Defect Internal 27 2155 2182 

333 11-Oct Cap 2nd Defect Internal 16 2118 2134 

334 11-Oct Sticker 2nd Defect Internal 20 2118 2138 

335 11-Oct Sticker 2nd Defect Internal 9 842 851 

336 16-Oct Cap 2nd Defect Internal 3 2401 2404 

337 16-Oct Sticker 2nd Defect Internal 21 2401 2422 

338 17-Oct Cap 2nd Defect Internal 32 1512 1544 

339 17-Oct Sticker 2nd Defect Internal 42 1512 1554 

340 18-Oct Bottle Dent Unscramble Machine 16 515 531 

 

Table 3. The third data 

 

Number 
In Process 

Date 
Type Of Reject 

Number Of 

Reject 

Total Net 

Usage 

Production 

Quantity 

Percent 

Reject 

1 8-Jun Bottle Dent Unscramble Machine 120 32440 32560 0.37% 

2 8-Jun Bottle Dent Unscramble Machine 15 100000 100015 0.01% 

3 8-Jun Cap 2nd Defect Internal 10 232440 232450 0.00% 

4 8-Jun Sticker 2nd Defect Internal 10 232440 232450 0.00% 

5 5-Jun Bottle Dent Unscramble Machine 10 20000 20010 0.05% 

6 5-Jun Sticker 2nd Defect Internal 22 45480 45502 0.05% 

7 5-Jun Sticker 2nd Defect Internal 32 27580 27612 0.12% 

8 6-Jun Sticker 2nd Defect Internal 114 31420 31534 0.36% 

9 6-Jun Sticker 2nd Defect Internal 45 33280 33325 0.14% 

10 7-Jun Bottle Dent Unscramble Machine 10 20000 20010 0.05% 

331 5-Oct Cap 2nd Defect Internal 20 2155 2175 0.92% 

332 5-Oct Sticker 2nd Defect Internal 27 2155 2182 1.24% 

333 11-Oct Cap 2nd Defect Internal 16 2118 2134 0.75% 

334 11-Oct Sticker 2nd Defect Internal 20 2118 2138 0.94% 

335 11-Oct Sticker 2nd Defect Internal 9 842 851 1.06% 

336 16-Oct Cap 2nd Defect Internal 3 2401 2404 0.12% 

337 16-Oct Sticker 2nd Defect Internal 21 2401 2422 0.87% 

338 17-Oct Cap 2nd Defect Internal 32 1512 1544 2.07% 

339 17-Oct Sticker 2nd Defect Internal 42 1512 1554 2.70% 

340 18-Oct Bottle Dent Unscramble Machine 16 515 531 3.01% 
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Table 4 and Table 5 are data transformations, which convert data into a form according to the data 

mining format. Table 4 categorizes minor defects of 50 as low, 50 to 100 as medium, and significant defects of 

100 as high. Table 5 classifies Percent reject 0 to 0.5 percent as low, Percent reject 0.5 to 1 percent as medium, 

and Percent reject greater than 1 percent as high.  

  

Table 4. The number of reject 

 

Range Number Of Reject Number Of Reject 

<50 Low 

50-100 Medium 

>100 High 

 

Table 5. The percentage of reject 

 

Range Percent Reject Reject 

0-0.5% Low 

0.5%-1% Medium 

>1% High 

 

Table 6 shows the input, process, and output. Input based on the variables being grouped, namely the 

number of defects, the percent reject and type of defect. Process is a variable grouping is carried out, and the 

output is the result of grouping. 

 

Table 6. The input, activity, output 

 

Number Input Activity Output 

1 Number Of Reject Classifying data on the 

number of defects into 

low, medium, and high 

Data on the number 

of defects in low, 

medium, and high 

2 Percent Reject Classifying Percent 

Reject into low, 

medium, and high 

Reject data into Low, 

Medium, and High 

3 Types of defects Classifying the defect 

types into Bottle Dent 

Unscramble Machine, 

Sticker 2nd Defect 

Internal, and Cap 2nd 

Defect Internal 

Defect Type Data into 

Bottle Dent 

Unscramble machine, 

Sticker 2nd Defect 

Internal and Cap 2nd 

Defect Internal 

 
3.4. Modelling 

Modeling is the stage of developing a prediction model that predicts variables in the data set. Modeling 

is used to have similarities with the objectives of the C4.5 decision tree classification model [32]. In Figure 17, 

the target variable is a low/medium/high number of defects, and the influencing variables are the reject and 

the cause of rejects [33], [34].  

Table 7 is a data reduction by discarding unnecessary variables such as net usage and production 

amounts.  Table 8 shows data cleaning by removing several variables not needed, such as the amount of net 

usage and the amount of production. It showed that all the data is not empty, so modeling can be done with 

the data. 

 



Opsi 2025, Vol. 18, No. 1  Page| 83 

Table 7. The fourth data 

 

Number Type Of Reject Number Of Reject Reject 

1 Bottle Dent Unscramble Machine >100 High 

2 Bottle Dent Unscramble Machine <50 Low 

3 Cap 2nd Defect Internal <50 Low 

4 Sticker 2nd Defect Internal <50 Low 

5 Bottle Dent Unscramble Machine <50 Low 

6 Sticker 2nd Defect Internal <50 Low 

7 Sticker 2nd Defect Internal <50 Low 

8 Sticker 2nd Defect Internal >100 High 

9 Sticker 2nd Defect Internal <50 Low 

10 Bottle Dent Unscramble Machine <50 Low 

331 Cap 2nd Defect Internal <50 Low 

332 Sticker 2nd Defect Internal <50 Low 

333 Cap 2nd Defect Internal <50 Low 

334 Sticker 2nd Defect Internal <50 Low 

335 Sticker 2nd Defect Internal <50 Low 

336 Cap 2nd Defect Internal <50 Low 

337 Sticker 2nd Defect Internal <50 Low 

338 Cap 2nd Defect Internal <50 Low 

339 Sticker 2nd Defect Internal <50 Low 

340 Bottle Dent Unscramble Machine <50 Low 

 

Table 8. The data cleaning 

 

Type Number Reject 

[1]      FALSE FALSE FALSE 

[2]      FALSE FALSE FALSE 

[3]      FALSE FALSE FALSE 

[4]      FALSE FALSE FALSE 

[5]      FALSE FALSE FALSE 

[6]      FALSE FALSE FALSE 

[7]      FALSE FALSE FALSE 

[8]      FALSE FALSE FALSE 

[9]      FALSE FALSE FALSE 

[327]     FALSE FALSE FALSE 

[328]     FALSE FALSE FALSE 

[329]     FALSE FALSE FALSE 

[330]     FALSE FALSE FALSE 

[331]     FALSE FALSE FALSE 

[332]     FALSE FALSE FALSE 

[333]     FALSE FALSE FALSE 

 

Figure 13 is the result of a decision tree image; the explanation related to the decision tree image is as 

follows: 

• If Cap Type Internal Defect, Sticker Internal Defect (No), then Number of Defects Low (25%). 

• If Cap Type Internal Defect, Sticker Internal Defect (No) → Botol Machine Dents Unscramble, Reject 

Low Then Defect Quantity Low (19%). 
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• If Cap Type Internal Defect, Sticker Internal Defect (No) → Bottle Dents Machine Unscramble, Reject 

Low, Then Number of Defects Medium (6%). 

• If Cap Type 2nd Defect Internal, Sticker 2nd Defect Internal (Yes) → Cap 2nd Defect Internal, Sticker 

2nd Defect Internal, Then the Number of Defects Low (75%). 

 
 

Figure 13. The decision tree from R Studio 

 

Figure 14  is the result of a decision tree image; the explanation related to the decision tree image is as 

follows: 

• If Cap Type 2nd Defect Internal, 2nd Defect Sticker Internal, Then Defect Count High. 

• If Internal 2nd Defect Cap Type, Internal 2nd Defect Sticker, Reject Medium, Then Defect Count is High. 

• If Internal 2nd Defect Cap Type, Internal 2nd Defect Sticker, Reject High, Low, Then Defect Count is 

Low. 

• If Bottle Type Dented Unscramble Machine, Then Defect Count Medium. 

 

 
 

Figure 14. The decision tree from minitab 
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3.5. Evaluation 

The evaluation stage is the stage used to check the level of Accuracy and precision of a model. The 

evaluation stage in this study uses a Confusion Matrix to measure the performance of the classification 

method [35], [36]. Based on Figure 15, the Accuracy is 0.89, the Sensitivity of defects is low at 0.9869, the 

number of defects is high at 0.0, and the number of defects is medium at 0.0769. 

 

 
 

Figure 15. The confusion matrix (R studio) 

 

Based on Table 9, there are two processes, namely the training and testing processes. The training 

process is a process that uses training set data or sample data that already knows the attributes of the sample 

data to build a model. The testing process is a process used to determine the accuracy of the model created in 

the training process to classify its attributes. Accuracy describes how accurate the model is in classifying 

correctly, as seen through the results of Minitab in the training class, which obtained high class with 33.3 

percent, low with 72 percent, and medium with 53.8 percent. The high value is obtained in class testing at 0 

percent, low at 81.7 percent, and medium at 76.9 percent. 

 

Table 9. The confusion matrix (minitab) 

 

Predicted Class (Training) 

Actual Class  Count <50 >100 50-100 % Correct 

<50  164 118 6 40 72.0 

>100  3 2 1 0 33.3 

50-100  13 6 0 7 53.8 

All  180 126 7 47 70.0 

Predicted Class (Test) 

Actual Class Count <50 >100 50-100 % Correct 

<50 142 116 2 24 81.7 

>100 5 1 0 4 0.0 

50-100 13 3 0 10 76.9 

All 160 120 2 38 78.8 
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From Table 10, judging from the results of the two confusion matrices, it can be seen that the Accuracy 

of using R studio to create a decision tree is higher than that of Minitab, which is 0.89. 

 

Table 10. The accurate R studio and minitab 

 

  R Studio Minitab 

Accurate 0.8941 0.788 

 
3.6. Deployment 

The results of this research are in the form of a dashboard display as a visualization of information, 

SOPs, and a check sheet as proposed improvements to product reject materials [37]. Figure 16, Figure 17, and 

Figure 18 shows that the dashboard display consists of three views, namely define problem, capability 

process, and decision tree. Define problem is a display that is used to see the problems experienced by the 

company. Capability process is a display to see the stability of the production process and Decision Tree is a 

display using data to form a decision tree C4.5 algorithm with R Studio and Cart algorithm with Minitab. 

 

 
 

Figure 16. The dashboard define problem 

 

 
 

Figure 17. The dashboard capability process 
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Figure 18. The dashboard decision tree 

 

Table 11 and Table 12 show the standard operating procedure and check sheet as proposed 

improvements for PT P to improve the Quality of supporting materials for packaging lubricant products. 

 

Table 11. The standard operating procedure 

 

Standard Operating Procedure 
 

Procedure  

Prepare personal protective equipment (PPE) consisting of a helmet and gloves.  

Cleaning the Machine  

Operation  

Starting the Machine  

Prepare Materials  

Operate the Machine  

Machine Maintenance  

Cleaning machine parts  

Cleaning the nozzle of each machine from dirt  

Cleaning the machine from dust  

Turn off the machine.  

Press the Stop Button  

Clean up the work site.  
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Table 12. The check sheet 

 

Preparation Check 
Day/Date: 

Operator : 

Machine 
Compatibility 

Action 
Yes No 

Cleaning the Machine       

Checking Machine Cable Condition       

Checking the Sensor       

Checking Machine Parts       

Flushing Every Machine       

Precise and appropriate machine settings       

 
4. CONCLUSION 

Problems are caused by the three highest product defects, namely dented bottles, unscrambled 

machine, sticker second internal defect, and cap second internal Defect. The control chart to determine the 

production process on the bottle-dented unscramble machine with a sigma level value of 4.66, sticker second 

internal Defect with a value of 5.06, and cap second internal defect with a value of 5.32, which means that the 

production process is quite good and at this stage there is a fault tree analysis to find out the causes of 

defects in packaging materials supporting lithos M products, on the bottle dented unscramble machine with 

a probability of 0.0022 from the machine aspect, there is a sensor error due to a bottle that is stuck and there 

are machine parts that do not work. A decision tree is formed with the C4.5 and CART algorithms with an if-

then rule. The confusion matrix is given the result of the C4.5 decision tree algorithm with R Studio is 89 

percent, while the CART algorithm with Minitab is 78 percent. The dashboard displays the overall 

information using the powerful business intelligence application from the results of data modelling. 
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