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ABSTRACT 
Efficiency is the key in the manufacturing industry. In this industry, manufacturers are competing 
to be the most efficient company and the one that spends the least. PT. XYZ is a company that 
operates in the audio industry, manufacturing speakers and audio peripherals. In the audio industry, 
the quality of speaker housing is exceptional. It will prove the quality of the product over a long 
period. The housing is usually made from MDF coated with PVC. This study tries to collect the 
historical data of adhesive strength produced in the manufacturing company and make a systematic 
predictive method that can approximate the relative strength of the product made. The result from 
the study shows that the method has an error rate of about 0.21 from real adhesive strength, 
suggesting an accurate prediction method for the company. The result can also be analyzed using 
SHAP analysis, which is also included as the output of the method. 
 
Keywords: Manufacturing Industry, Prediction, Random Forest, SHAP Analysis.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background 
Manufacturing industries have been evolving significantly since the start of the 21st century. Over 

the past decade, the shift of manufacturers from conventional to digitization has been a trend in the 

area. There have been many vital improvements in the heart of manufacturing, such as promoting 

the paperless movement, using robots as more stable equipment, and using cloud-based servers as 

an integrated database. The urgency of companies to deliver and offer the best products in the 

market has intensified due to globalization and rapid technological improvements, and customers 

can compare quickly. To protect and ensure the deliveries of value of the product, quality control 

of a company is vital to a company. 

According to Crosby (1979), in his book, Quality is free if you understand it; quality is the 

conformance to requirements. In Project Management Book of Knowledge (PMBOK) states that 

quality is the degree to which a product, service, or requirement. Quality control, as one of the most 

important instruments in the manufacturing industries, has been vital to companies. With the 

involvement of the digital era, the benefits of digitization of quality control have been studied by 

many. Research conducted by Baumers et al. (2016) shows that the technological improvements in 

the manufacturing system can increase machine productivity and reduce the cost of production. 

According to Shivajee et al. (2019), conversion of a manufacturer to quality control-based and real-

time digitization can save the stated company from spending about 2.2 million USD, produce a 

cleaner production system, and contribute to the sustainability of the company. The significance of 

digital transformation is also stated in Shang & Zhang (2022), where the decreasing cost of 

manufacture can be obtained at 17.6% and 22.6% of revenue increases. To ensure the quality of 

products produced, a company must conduct continuous improvement in its quality control system. 

In line with previous studies, Mulugeta (2020) also stated that the effort in fixing wastes such as 



 2 

lead time, high work-in-progress, poor line balancing, and material waste can lead the system to 

have better productivity, which increased by about 16.66%. In brief, companies have to put efforts 

to eliminate all wastes that contribute high to production costs. In a manufacturing industry, every 

machine is expected to be efficient and accurate. However, the result of a machine is not always 

satisfying the performance desire. 

PT. XYZ is a company runs in sound and audio industry producing all kinds of speaker and 

loudspeaker to be distributed around the world. There are a lot of machines in PT. XYZ and one 

that still offers a big area to improve is the soft laminating machine. Soft laminating machine is a 

machine to process two materials to be laminated engaging the combination of heat, pressure, glue 

type, and material type. Study conducted by Büyüksari (2013) indicated that the heat, pressure, and 

different type of lamination could influence the result of hardness of the MDF layered. In PT. XYZ, 

soft laminating machine is used to laminate the medium-density fiberboard (MDF) with polyvinyl 

chloride (PVC) as the result of this process will be the main component of various body speakers. 

The soft laminating machine utilizes the combination of dry zone temperature, roll temperature, 

roll pressure, roll speed, and the glue weight to get the best result of laminated MDF. Moreover, 

the performance of the soft laminating machine will be evaluated through pull test.  

Pull test is a measure to evaluate the machine setting and the test will be taken after seasoning 

the materials. The purpose of this test is to ensure the durability and the quality of how well the 

PVC attached to the MDF. This method can be a measurement to identify and determine how well 

the result and whether the product can be passed the quality control check or it needs to be rework 

again. Pull test also record the soft laminating machine setting in every product batch before the 

process began. While relying on the combination of machine setting to get the best pull test result, 

the work instruction (WI) of the machine still in the categorical form. There is no knowledge in 

PT. XYZ about what exactly a set of variable combination that can led the product to get the best 

result. Taking pull test after waiting for seasoning for several hours while the result of the pull test 

cannot be estimated is not good for the system. The product batch can be cancelled due to 

unsuccessful pull test. 
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Figure 1.1 Percentage and number of NG 

Source: Database PT. XYZ 
 

 
Figure 1.2 Pull test result in quartals of 2024 

Figure 1.1 shows the number of the defects (NG) at soft laminating machine. It was a very high 

number but given rules are not strictly applied as if there is a product that was just slightly below 

1, then the product will be accepted. But the needs of real and validated product with given 

threshold should be proposed. Therefore, the need of having knowledge can be very beneficial to 

the company. Based on the rough calculations, each data of NG session will cost the company 

about Rp10.691.250,00. The number was calculated considering the time wasted, manufacturing 

cost, and the product that cannot be repaired anymore. According to Figure 1.2, in 2024, the 

company has already loss about Rp1.421.936.250,00. 

26%

74%

Pull test 2024

NG

OK

25 20
35

5362 59

142

107

0

50

100

150

Qtr1 Qtr2 Qtr3 Qtr4

Pull test in 2024

NG

OK



 4 

Random forest is a great algorithm to form a model that can predict outcome. Wu et al. (2017) 

conduct a comparative study in the performance of machine learning algorithms, the random forest 

is the most standout among artificial neural network (ANN) and support vector regression (SVR) 

where it generates a more accurate prediction. The performance of machine learning algorithms 

can also be increased using hyperparameter tuning. There are many research shows the impact of 

hyperparameter tuning to the machine learning algorithms. Hyperparameter tuning is a robust 

optimization technique to identify the best feasible value of hyperparameters for a machine learning 

model to get the best outcome of the model (Isabona et al., 2022). In conclusion, a hyperparameter 

tuned random forest is a robust, increased accuracy model to predict outcome based on the trained 

data to the model. 

Random forest can be a suitable method to predict any outcomes, and it is not limited to linear 

problems; it can also handle non-linear relationships. Unlike a linear problem where variables’ 

contributions can be analyzed for the global model, a non-linear problem cannot explain this issue. 

This is in line with the pull test problem, where each variable could affect the outcome in a different 

direction depending on how the other variables acted. In some cases, when the pull test result 

predicted by the model does not satisfy the desired result, the operator of the machine needs to see 

which variables influence the outcome. To address this issue, the Shapley additive explanations 

(SHAP) analysis method can be the solution. SHAP analysis supports various interpretations based 

on the influence of each input variable on the non-linear model (Kim & Kim, 2022). 

Based on the explanation before, this research is proposed to develop a machine learning model 

using a random forest algorithm with hyperparameter-tuned features, and then the model will be 

analyzed using the SHAP analysis method. Hopefully, this research will be able to predict the 

outcome of certain variable inputs of the soft laminating machine, and the company could reduce 

the waste occurring in the pull test. 
 

1.1 Problem Formulation 
Based on the background of the research that has been explained, we can formulate some 

research questions: 

1. How to have a prediction tool to predict the outcome of a pull test? 

2. How is the performance and accuracy of the trained random forest model? 
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3. How is the influence of input variables on the pull test result? 

 

1.2 Research Objectives 
The research objectives answer research questions. The following are the research objectives: 

1. To build a machine learning model that can predict the outcome of a pull test. 

2. To know the performance and accuracy of the trained model. 

3. To know the influence of input variables on the pull test result. 

 

1.3 Benefits of Research 
Benefits of this research are: 

1. This research is very beneficial to the company because of the implemented method can 

transform the traditional method to an advanced one. The result can also motivate other 

area that have the same issue to implement this method. 

2. The benefit for the student is that this research can train the student to be more agile in 

choosing the best method to apply in the field. 

 

1.4 Research Limitations 
The following are the limitations of the research: 

1. The data used in this thesis research is secondary data obtained from the database of PT. 

XYZ. There are two kinds of data retrieved, the first one is the machine setting data, second 

is the pull test result data. Data retrieved from August 2023 to November 2024. 

2. The statistical methods used in this research are random forest, hyperparameter tuning, and 

the SHAP method. 

3. The software to support the research is Python with the environment of Google 

Colaboratory and Microsoft Excel. 

4. The object of the research is the soft laminating machine in wood working area, production 

department, PT. XYZ. 

 

1.5 Systematic Research 
The research is structured into several chapters, and each chapter will be described as follows: 

 CHAPTER 1  INTRODUCTION 
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This section describes the discussion in Chapter I consist of 

background, problem formulation, research objectives, benefits of 

research, and research limitations. 

 CHAPTER II  LITERATURE REVIEW 

    This section contains the inductive and deductive literature. 

 CHAPTER III RESEARCH METHODOLOGY 

This section elaborates on the methodology, object, subject, and 

research flow. 

CHAPTER IV DATA PROCESSING AND RESEARCH RESULTS 

   This section shows the result of the research. 

CHAPTER V  DISCUSSION 

This section describes the challenges, obstacles, benefits, and 

performance of the research. 

 CHAPTER VI CONCLUSIONS AND RECOMMENDATIONS 

This section contains the conclusion and recommendations of the 

research based on the obtained results. 

 BIBLIOGRPHY 

 ATTACHMENT 

APPENDIX 
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CHAPTER II 

LITERATURE REVIEW 

2.1 Literature Review 
Literature review is a section to explain and to correlate previous and recent research related to this 

research. The purpose is to find the gap between studies that have been conducted, and obtain 

recent knowledge to conduct similar research. 

Random forest with the combination of SHAP analysis has been used for a very wide area. 

Study conducted by Wang et al. (2021) emphasizes the use of random forest in spatial heterogeneity 

modeling of water quality in China. The low number of physical monitoring stations has slowed 

the examination of spatial water quality distribution, and the identification of factors that affect 

water quality has been the motivation of the research. By developing the random forest regression 

(RFR) model to model the distribution of water quality in Taihu Lake basin, Zhejiang, China, Wang 

et al. hope that they can interpret the result along with the SHAP method analysis as well. The 

study uses 3 parameters, which are the permanganate index (COD!"), total phosphorus (TP), and 

total nitrogen (TN), from 16 watershed features. The result of the research shows that the COD!" 

results were consistent among the datasets, where TN and TP have slight differences based on the 

spatial distribution. Based on SHAP analysis, the TN feature was generally affected by the 

agricultural non-point sources, while COD!" TP was influenced by the domestic resource and 

agricultural sources. In conclusion, the research obtained knowledge through the modelling of RFR 

with SHAP interpretation. The SHAP analysis helps explaining on the influence of features on the 

parameter. 

Another research by Antosz et al. (2022) provided results  in implementing random forest, in 

the manufacturing field. Sustainability was the main purpose, which was implemented through 

eliminating waste and reducing the use of materials. The objective of the research is to identify 

parameters that influencing the state of the cutting blade. The model using random forest that was 

developed and evaluated using the quality of classification. The obtained results enlighten the 

quality of the model, as the proposed model can be used as a decision-support system in 

determining the cutting tool’s life. This has implications for reducinga material. Similar object of 



 8 

research by Qureshi et al. (2020), the study targets sustainable manufacturing. Findings of this 

research indicate that practices on the environmental assessment were the most work in the earlier 

era rather than providing a holistic solution for industrial engineering. 

Alhakeem et al. (2022) have conducted research on making a model that can predict eco-

friendly concrete compressive strength. This prediction model uses a gradient boosting regression 

tree with GridSearchCV hyperparameter as the model method. To build the desired model, 164 

experimental data points on the object research were obtained. The dataset included water per 

binder ratio (W/B), curing time (age), the recycled aggregate percentage from the total aggregate 

in the mixture (RA%), ground granulated blast-furnace slag (GGBFS) material percentage 

(GGBFS%), and the superplasticizer (kg). The result of the GBRT model can be boosted using the 

GridSearchCV in this research. With the root mean squared error (RMSE) and R2 used as the 

evaluation parameters of the model, values of 2.3212 and 0.9612 are obtained, respectively. As the 

final approach, the research uses the SHAP approach to explain the influence on the compressive 

strength. 

The use of parameter tuning is also used in another field of machine learning, like time-series 

forecasting. Research conducted by Bacanin et al. (2023) shows the significance of parameter 

tuning in the time-series forecasting challenge. In this research, the number of prediction models 

is consistently rising. The model developed in this study used the long short-term memory (LSTM) 

deep learning model, tuned for multivariate time-series forecasting. The result shows the 

significance of parameter tuning using the metaheuristics rather than the grid search, where it 

obtained the values of R2 of 0.9515 and 0.9136, respectively. This study shows another applicable 

parameter tuning method using the metaheuristic one, which results in higher R2 values compared 

to the grid search. 

A comprehensive comparative analysis of the implementation of hyperparameter tuning on 

machine learning was conducted by Elgeldawi et al. (2021). The research comprises the 

performance of each hyperparameter tuning technique and the kinds of machine learning models 

in solving the Arabic sentiment classification problem. Sentiment analysis is a method to see 

whether a text contains positive, negative, or neutral sentiment. However, it is explained that it is 

not an easy task to conduct such an analysis. Despite that, all classifiers' performance is evaluated 

using our created dataset both before and after the hyperparameter tweaking process. The result of 
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the study shows that the highest score was obtained by the support vector machine (SVC) 

hyperparameter tuned with the Bayesian optimization, with a score of 95.6208. 

The significance of using the SHAP analysis method was noted by Antonini et al. (2024), 

where it was implemented in a random forest classification model. El Fierro intrusive body is part 

of the La Jovita-Las Aguilas mafic-ultramafic belt, which is found in Argentina's Sierra Grande de 

San Luis. This belt's units contain base metal sulphide (BMS) mineralization as well as platinum 

group minerals. The macroscopic description of mafic and ultramafic rocks, as often performed by 

mining exploration corporations, results in an imperfect modal categorization of the rocks. The 

object of the research is to predict the mafic and ultramafic rocks intercepted by drill cores by the 

geochemical parameters.  Random forest, which was used as the classifier algorithm model, 

obtained about 86% to 94% of accuracy and an F1_score of 96%. As the model becomes really 

difficult, the need to use an advanced interpretation method is urgent. 

In research by Li (2022), they stated that machine learning and artificial intelligence, 

previously considered as "black box" techniques, are becoming more interpretable as the benefits 

of recent advances in interpreting results. One important breakthrough is the creation of local 

interpretation methods such as the Shapley Additive Explanation (SHAP), which gives a reliable 

framework for modelling, interpreting, and visualizing non-linear problems. For example, SHAP 

has been used to evaluate machine learning models such as extreme gradient boosting (XGBoost), 

allowing researchers to gain a better understanding of these models. Comparative simulation 

studies have shown that SHAP-explained XGBoost may generate geographic impact estimates 

comparable to classic spatial statistical models like the geographic Lag Model (SLM) and Multi-

scale Geographically Weighted Regression (MGWR). Furthermore, in an actual case study of ride-

hailing services in Chicago, SHAP successfully showed complicated spatial and non-spatial 

effects, such as nonlinearities and interactions. These findings demonstrate the strength of locally 

interpretable machine learning models as alternatives to spatial statistical approaches, particularly 

when dealing with complex and previously unknown spatial interactions. 

In the effort continuous customer satisfaction for the business stability, Kiangala & Wang 

(2021) in their research, try to construct an effective adaptive customisation platform that translates 

the customization data history of a small manufacturing plant from a static database into a dynamic 

machine learning model to accurately generate individualized items for their clients. The research 
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has a purpose to improve the purpose of improving customer satisfaction by reducing the 

complexity of the customization system, which involves several parameters to obtain the desired 

personalized products in a single entry. Powerful machine learning algorithms were used in this 

research, such as extreme gradient boosting (XGBoost) and random forest (RF) ensemble learning, 

to match one customer’s input to the desired customized category of product. The result of the 

study shows the domination of XGBoost over RF as the best machine learning method for the 

regression problem with non-linear data. 

An application of machine learning in the medical field was noted by Lundberg et al. (2020). 

In this research, Lundberg et al. highlight the use of game theory to compute optimal explanations 

based on a polynomial-time algorithm. They also mention that these tools can directly measure the 

influence of a feature in a nonlinear problem. Lastly, they also stated that this tool could help in 

understanding the global structure (not only locals) by gathering information from local 

explanations. The problem that will be further analysed in this research is the mortality risk factors 

in the US. By combining the use of machine learning and SHAP analysis in this research, it is 

obtained that these tools can identify high-probability but low-frequency non-linear risk factors of 

mortality in the US. Furthermore, these tools can help in highlighting the distinct subgroups of the 

population with shared risk characteristics. Another benefit is that the interaction effects between 

non-linear risk factors for chronic kidney disease. Lastly, tools can help monitor the machine 

learning model running in the hospital by analyzing the features that degrade the performance of 

the model over time. 

Another case of the use of machine learning with tuning and advanced non-linear influence 

interpretation was held by Isabona et al. (2022). The object of the research was to provide an 

extrapolative analysis of user communication distances to the gNodeB transmitter in 5G new radio 

networks by modelling the adaptive learning based on machine learning regression models. The 

next objective of this research is to experiment with the combined random forest (RF), least-squares 

(LS), and the Bayesian hyperparameter tuning to get the best possible modelled algorithms. 

Therefore, the name of the model was named RF-LS-BPT method. It is hoped from the research 

that LS and BPT can boost the performance of the RF model through their own algorithms. The 

result shows the high accuracy of prediction obtained from the model compared to the traditional 

RF model. It was obtained that the coefficients of determination (Rsq) and mean absolute error 
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(MAE) for the throughput prediction user at different locations vary from 0.9800 to 0.9999 and 

0.42 to 4.24, respectively. As a comparison of the method, a traditional RF model’s performance 

is 0.9644 to 0.9944 of Rsq and 5.47 to 12.56 of MAE values. This shows the significant 

performance by applying the LS and BPT methods. 

Now getting to another topic area, Kim & Kim (2022) bring a climate change discussion. 

The background tells that the heat increase has worsened around the world. As the main victims of 

this the humans and all living creatures have led to heat-related mortality. To tackle this issue, the 

research is proposing a method that can predict heatwaves in different areas with different 

geographical characteristics. A random forest (RF) model was developed to estimate the 

occurrence the heat-related mortality in a spatial unit in a city. By hyperparameter optimization, 

the model obtained accuracy, F1-score, and AUC values of 90.3%, 94.75%, and 86%, respectively. 

The model was then interpreted from local (within a city) to global perspectives using the Shapley 

additive explanations (SHAP). As a result of the interpretation, it was found that demographic, 

socioeconomic, and climatic sectors were the most influential on the estimation results. 

Similar to the research conducted by Alhakeem et al. (2022), Ekanayake et al.’s (2022) 

research was about the compressive strengths. It is obtained from the study that the best machine 

learning method applied in this research is the Laplacian kernel ridge regression (LKRR) and the 

extreme gradient boosting (XGBoost) as the best performing methods, with the score of R of 0.98. 

There are other machine learning methods tested in this study, such as the decision tree, extra tree, 

adaptive boost (AdaBoost), and light gradient boosting method (LGBM). According to the SHAP 

interpretation, the model can capture complex relationships. An interesting fact is that the SHAP 

method results are in line with what is mainly observed in the behavior of the compressive concrete. 

Machine learning for SMEs was conducted by Amaliah et al. (2022) for predicting the variant 

of coffee in a coffee shop. This research has the objective of predicting the most wanted coffee 

variant by the customers. From the analysis of the research, it was found that the least error that 

the model can get was by setting the features mtry 2 and ntree 500. The performance of the research 

was based on the confusion matrix, and the accuracy obtained was 94.12%. 

A comparative analysis conducted by Çinar et al. (2020) found that the trend of machine 

learning applications to shifting the manufacturing industry to the digital era. The objects of the 

research are how manufacturing adopts machine learning, artificial intelligence, and predictive 
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maintenance. From the research, it can be concluded that the use of machine learning in the 

industrial field has increased significantly over the years, with the most common commercial 

platforms for machine learning varying. Platforms like TensorFlow, IBM Watson Studio, 

RapidMiner, etc. Another finding is that the wide use of linear regression, logistic regression, 

random forest, decision tree, and other machine learning methods is being applied widely. This is 

a positive trend for the manufacturing area’s digital transformation. 

Machine learning application in manufacturing has a lot of impact. The method can be 

applied for scheduling, monitoring, quality, and failure prediction. Dogan & Birant (2021) shows 

the use of machine learning application can be in almost area. The research was conducted in order 

to achieve a better understanding of the main approaches and algorithms used to improve the 

manufacturing field in the past two decades. Using accuracy and mean absolute error, the research 

tries to see which the most machine learning algorithms perform the best. Different types of 

machine learning in supervised (decision tree, etc), unsupervised (association rules, etc), ensemble 

learning, and deep learning were used to get a better performance in the manufacturing industry. 

Table 2.1 Research Gap 

Author 
Machine 

result 
prediction 

Manufacturing 
sustainability SHAP Hyperparameter 

tuning 

Random 
Forest 

Regression 
Wang et al. (2021)   v  v 
Antosz et al. (2022) v v   v 
Alhakeem et al. (2022)   v v v 
Bacanin et al. (2023) v   v  
Elgeldawi et al. (2021)    v  
Antonini et al. (2024)   v  v 
Li (2022)   v   
Kiangala & Wang (2021) v v   v 
Lundberg et al. (2020)   v  v 
Isabona et al. (2022)    v v 
Kim & Kim (2022)  v v  v 
Ekanayake et al. (2022) v   v v 
Amaliah et al. (2022)  v  v v 
Çinar et al. (2020)  v   v 
Dogan & Birant (2021) v v    
Proposed v v v v v 
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2.2 Theoretical Basis 
2.1.1  Knowledge Discovery in Database (KDD) 
Knowledge Discovery in Database (KDD) is a series of non-trivial process of extracting implicit, 

previously undiscovered, and possibly valuable information from data (Frawley et al., 1992). It 

refers to a term used to explain the process of obtaining information in a dataset. KDD familiarly 

known as data mining which combines statistical methodology in any field like big data, machine 

learning, and visualization (Zanin et al., 2016). The ultimate purpose of the KDD is to find and 

seek information which coming from the pattern identification where each method has different 

algorithms. 

 
 

Figure 2.1 Framework of the KDD 
Source: (Frawley et al., 1992) 

 
2.1.2  Machine Learning 
According to Dietterich (1990), the definition of learning in machine learning is increase in 

knowledge. Furthermore, there are two conditions where learning can occur. First, the agent was 

told a new fact that it didn’t know. Second, the agent conducts an ‘inductive leap’ and chooses to 

believe the facts. Machine learning is a concept where it can learn by its own without being directly 

programmed (Samuel, 1959). There are a lot of application of the machine learning concept, 

packaged in form of algorithms like clustering, classification, and association rules. 
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 Figure 2.2 Types of machine learning 

Source: Mahesh (2020) 

 

 

In machine learning, each way of learning has its own branches. The development throughout 

years makes it a giant structure because of the updated knowledge over the years. From supervised 

learning, there are decision tree which very famous, naïve bayes, and support vector machine. For 

the unsupervised learning there are principal component analysis and k-means. For the ensemble 

learning there are boosting and bagging methods. And one of the most applied one, neural network. 

1. Supervised Learning 

Supervised learning is a method to let a dataset to have data training and data testing 

(Cunningham et al., 2008). In the same research, Cunningham et al. (2008), implies that 

supervised learning learns by finding pattern between a set of input variables x and output 

variable y and apply this pattern to predict the outputs. The example of supervised learning 

is the nearest neighbor classification. 

2. Unsupervised Learning 

According to Hastie et al. (2009), unsupervised learning learns without teacher. Without the 

assistance of a teacher or supervisor who can provide accurate responses or the degree of 

inaccuracy for each observation, the objective is to directly infer the characteristics of this 

probability density. The example of unsupervised learning method is the association rules, 

where the use is widely use for the market basket analysis. 
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2.1.3  Classification and Regression Tree 
A decision tree is a recursive categorization technique that divides a data set into smaller subsets 

based on stated tests at each node (Friedl & Brodleyf, 1997). The purpose of the classification 

process is to predict accurately the category in a dataset which have not yet been known. Regression 

trees are used for dependent variables with continuous or discrete values, whereby the prediction 

error is commonly calculated as the squared difference between observed and forecasted values 

(Loh, 2011). 

 

 

Figure 2.3 Decision tree classifier 
Source: (Loh, 2011)  

 

There are several ways to construct the classification and regression tree, it engages the use of 

gini index and other parameters. The construction steps are as follows: 

1. Start by the root node. 

2. For ordered variable 𝑋, make a conversion of unordered 𝑋# by making a subset by its 

values in the node into a small number of intervals. If 𝑋 unordered, then 𝑋# = 𝑋 

3. Perform chi square test of independence for each 𝑋# variable to 𝑌 for the data in the node 

and compute its significance probability. 

4. Let 𝑋∗ associated with 𝑋# that contains the smallest significance probability. 

5. Identify split set {𝑋∗ ∈ 𝑆∗} that minimizes the sum of Gini indexes and make it to split the 

node to two child nodes. 
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6. If a stopping criterion occurs, exit. Else, repeat 2 to 5 steps for each child nodes. 

7. Prune the tree by the CART method. 

In classification decision tree, the performance of each node is quantified through several 

numbers. Information Gain measures how successfully an attribute of attributes categorizes 

training data (Guleria et al., 2014). Continuing their explanation, entropy is the parameter that best 

categorizes data (H). A useful indicator of the information contained by a collection of events is 

entropy. From set S, there are two states: positive and negative instances. H(S) represents the 

entropy of set S. 

If S is the sample of n training events and Pi is the event's probability of occurring, then 

entropy may be found using: 

  

𝐻(𝑆) =. −𝑃%𝑙𝑜𝑔&𝑃%
'

%()
 (2.1) 

Such that: ∑ 𝑃% = 1'
%()   

Where:  S = Dataset 

   C = Number of classes 

   𝑃% = Probability of 𝑛*+ class frequency in the dataset 

At the end, attribute with the highest information gain will be the root of the decision tree of 

tree. The calculation of information gain will be as follows: 

𝐺𝑎𝑖𝑛(𝑆, 𝐴%) = 𝐻(𝑆) −.
|𝑆%|
|𝑆|

,

%()
𝑥	𝐻(𝑆) (2.2) 

 Where:  S = Dataset 

   A = Attribute 

   |𝑆%| = Number of samples in i 

   |𝑆| = Number of all samples 

 

2.1.4  Random Forest 
Random forests are a set of tree predictors, in which each tree is determined by the values of a 

random vector selected separately and uniformly across the forest (Breiman, 2001). As the number 

of trees in a forest increases, the generalization error approaches a limit. The generalization error 

of a forest of tree classifiers is determined by the strength of each tree in the forest and their 
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correlation. Random forest is one of the most famous ensemble methods that is developed by 

Breiman (2001). It is suitable for classification which contained with categorical output, and 

regression which used numbers as the output. 

 

Figure 2.4 Random Forest Tree 
Source: https://levelup.gitconnected.com/ 

There are several steps that are needed to be conducted: 

1. Initially, the random subset with k data points from training dataset will be pickup with 

replacement. This step familiarly called bootstrapping. 

2. Then the decision tree from the data subset will be build based on the k data points. 

3. Choose the number N of trees that will be built then repeat steps 1 and 2 

4. For a new data point, have each of your N-tree trees estimate the value of y for the data 

point in question, and then assign the new data point to the average of all of the anticipated 

values. 

Random forest use Gini index to choose features in every internal node from the decision tree 
(Amaliah et al., 2022). Gini index will be calculated as follows: 

𝐺𝑖𝑛𝑖(𝑆%) = 1 −. 𝑃%&
-.)

%(/
 (2.3) 

where 𝑃% is the relative frequency of 𝐶% in the dataset. 

The quality of split in k features in 𝑆% is the number of 𝐶% samples and will be calculated as 

the sum of the probability of Gini index. It can be calculated as follows: 
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𝐺𝑖𝑛𝑖012%* =. @
𝑛%
𝑛 A

,.)

%(/
𝐺𝑖𝑛𝑖(𝑆%) (2.4) 

where 𝑛% is the numer of samples in 𝑆% after the split, and 𝑛 is the total sample. 

The theory of the random forest is explained in Breiman (2001). Let a function {ℎ(𝑥, Θ,), 𝑘 =

1,… } where Θ, is a random vector which independent identically distributed and let each trees 

choose the class from the majority vote. For random forest, two factors that gauge the strength of 

individual classifiers and their interdependencies can be used to create an upper bound on 

generalization error. 

𝑚𝑟(𝑋, 𝑌) = 𝑃3(ℎ(𝑋, Θ) = Y) − max
456

𝑃3 (ℎ(𝑋, Θ) = 𝑗) (2.5) 
and the strength of the set {ℎ(𝑥, Θ,)} classifiers is 

𝑠 = 𝐸7,6𝑚𝑟(𝑋, 𝑌) (2.6) 
With the assumption of 𝑠 ≥ 0, Chebychev’s inequality and the derivation of 𝑚𝑟 from the 

margin function random forest 

𝑃𝐸 ≤
𝜌̅(1 − 𝑠&)

𝑠&  (2.7) 

where 𝜌̅ is the correlation average of 

𝜌̅ =
𝐸3,3!T𝜌(Θ, Θ#)𝑠𝑑(Θ)𝑠𝑑(Θ#)V

𝐸3,3!T𝑠𝑑(Θ)𝑠𝑑(Θ#)V
 (2.8) 

 
 
2.1.5  Hyperparameter Tuning (Boosting) 
Hyperparameter tuning is a process of selecting the best feature values for a machine learning 

model hyperparameter. It allows user to tweak the model performance by finding the best feature 

values for optimal results. In the early years of development, hyperparameter tuning has 

traditionally been a manual task because of the limited number of iterations, and often carried out 

by hand (Bardenet et al., 2013). Brendel & Schoenauer (2011) proposed a neural network that is 

used to train an evolutionary method that maps problems to hyperparameters. This option may be 

useful if the issue descriptions can reliably determine the best hyperparameter. Hyperparameter 

tuning used two kinds of searching namely randomizing the number of finding optimal values in 

interval defined, and grid searching which finding all possible combination of features within the 

limitation values set. 
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2.1.6  Quality Control 
Quality is the conformance to requirements (Crosby, 1979). Quality control is a wide term that 

encompasses a lot of controlling the quality of products. One of the most traditional ways to do 

quality control is by taking the product sample of a product batch, testing it, and seeing whether 

there are any defects. There are many rules set by different parties for the acceptance number of 

product sampling in a product batch to be tested. Party like the International Standard Operating 

Procedures also plays a role in determining the standard rules of product sampling in a company. 

The number of acceptance criteria is crucial. It can be the critical factors that determine the success 

of a product lot. The following are the acceptance numbers of defects in product sampling based 

on some parties: 

Table 2.2 Standards of product sampling based on some parties 

Standards Lot Size Sample Size Acceptance Number 
ISO 2859 1201 - 3200 125 2 or fewer defects 
ANSI/ASQ Z1.4 10001 - 35000 315 5 or fewer defects 
MIL-STD-105E 1201 - 3200 125 7 or fewer defects 

 

One of the most developing quality control methods in the industry is the ability to predict the 

quality of products. Predicting product quality would enable a producer to choose system 

characteristics more wisely throughout the early stages of design, increasing competitiveness by 

reaching higher quality levels (Nada et al., 2006). Furthermore, Nada et al. explain that the research 

conducted has concluded that the efforts should be directed to the prevention of errors in the 

process, so that the quality can be maximized. Despite taking samples to test the quality of a product 

lot becoming a very decent thing in the quality control process, controlling the quality with data 

analytics is popular lately. According to Sokovic et al. (2009), seven tools of quality were first 

proposed by Ishikawa (in the 1960s), which one of the quality management gurus. These tools are: 

1. Flow chart 

2. Pareto diagram 

3. Check sheet 

4. Control chart 

5. Histogram 

6. Scatter plot 
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7. Cause and effect diagram 

 

Figure 2.5 7 Tools 

Source: Sokovic et al. (2009) 
In order to tackle the problem captured from the analysis, 7 tools are frequently aligned with 

the Plan Do Check Action (PDCA) method. The use of PDCA-cycle is an effort for continuous 

improvement. The method engages improvement by starting with a careful planning, effective 

action, and repeat to obtain the maximum benefits. 
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Figure 2.6 The PDCA method  
Source: https://sixsigma.com.my/ 
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CHAPTER III 

RESEARCH METHOD 

3.1 Research Subject 
Research was conducted in a speaker manufacturing industry, namely PT. XYZ. In PT. XYZ, the 

subject of research, is at the soft laminating machine, wood working (WW) department, under the 

division of production. 

 
3.2 Research Object 
The research object is the pull test result conducted after producing a product batch and the machine 

setting, which is taken almost every day due to the needs of quality control for the product result. 

A pull test is an action taken to ensure the quality of the product in the soft laminating machine by 

pulling the PVC glued to MDF. 

 
3.3 Data Analysis Method 
In this research, there are some data analysis methods are used. For the model, the Random Forest 

Regression (RFR) model and boosted with hyperparameter tuning using with 

RandomizedSearchCV method were employed. And the result of the prediction will be interpreted 

using the Shapley Additive exPlanation (SHAP) analysis method. 

 

3.4 Data Collection 
The data needed for this research are the soft laminating machine settings and the pull test results. 

Both datasets are obtained from the database of PT. XYZ. Thus, secondary data was gathered for 

this research. However, in testing and implementing the model, primary data was gathered to check 

the reliability of the model. Secondary data gathered for was gathered from August 2023 to 

November 2024, while primary data was gathered for two weeks from December 9th to December 

20th of 2024. 

3.5 Research Flow 
The flow of the research are as follows: 
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Figure 3.1 Flowchart of the research along with the random forest flowchart 
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The description of each flow in the flowchart: 

1. Start 

This point where the research was started. 

2. Problem identification 

At this point, there is some issue with the waste occurred from the soft laminating machine. 

After doing some discussion with the foreman and manager of the wood working 

department, it was obtained that improvement needed in the area. Report from the operator 

was also obtained that they need to know the output result of the machine when inputting 

certain values of variables. 

3. Problem formulation, feasible solution 

After identifying the problem, researcher was trying to find any idea about how might to 

address the issue. Several solutions with no support and background were on researcher 

minds. One idea that is set is to conduct a machine learning modelling and apply it so that 

it can predict the outcome of the result. 

4. Literature review 

At this point, researcher needs an enlightment to address similar issues. Some research 

conducted and published have similar issues but one research was different at the object, 

while other research was different at the way to address the issue. At the end, the random 

forest method was set as the method of predicting the pull test result. 

5. Gathering data 

After finding and ensuring the way to resolve the method, the data needed to conduct 

research and run the method were asked to employee of PT. XYZ. The data was obtained 

through the database of PT. XYZ. 

6. Data mining method applied using random forest 

The data then processed through a data mining method, and from here a model that can 

predict the outcome was obtained. Several processes in this method were applied: 

a. Input data 

The data was inputted to the python environment. Data that were inputted were two, 

which are the soft laminating machine setting and the pull test result. 

b. Data preprocessing 
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Data first need to be preprocessed through several actions like cleaning noise data, 

uncomplete data, and to transform some of the data so the data can be in one format. 

c. Bootstrapping data 

After the data was ready to be applied with the random forest algorithm, the data then 

will be divided into several subset. This process named bootstrapping data. 

d. Random feature selection 

After getting several subset of data, then random feature from the dataset were selected 

as variables. 

e. Calculate the entropy, gini index, and infomartion gain 

After building trees, the attributes of the tree need to be calculated. 

f. Do split on the subset of data 

Then do splitting based on the attributes of each tree. 

g. Build trees until k trees 

Decide whether the number of tree are already satisfied or not. 

h. Average result from each tree 

At last, prediction result from each tree then averaged. 

7. Obtain the best parameter by hyperparameter tuning 

After building a random forest model, then try to run the hyperparameter tuning method. 

This method will try to search the best scenario of number tree, random state, and number 

of jobs. Then the best model with tuned parameter obtained. 

8. Interpret the result using SHAP 

The result of the model will be interpret then using the SHAP. In here, the model can be 

analyzed and see the influencing variables, contributed to the result of the pull test. 
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CHAPTER IV 

DATA COLLECTING AND PROCESSING 

4.1 Data collection 
The data collected for this research were gathered from the database of PT. XYZ. There are two 

types of data obtained. First is the data for the soft laminating machine setting, which was uploaded 

to the database by the operator. The second one is the data for the pull test of the product. Every 

data type has specific variables as shown in Table 4.1. 

Table 4.1 Variables used from the data 

Data Variables 

Soft laminating machine setting 
data 

1. MDF 
2. Roll Pressure 
3. Roll speed 
4. Roll temperature 
5. Glue weight 
6. Dry zone temperature 

Pull test data 

1. Power 1 
2. Power 2 
3. Power 3 
4. Power a 
5. Power b 
6. Power c 

 

The variables used for the soft laminating machine setting were chosen by the judgment of the 

operator and foreman of the related department. For the pull test data, the value of each power is 

then averaged, and it will be judged whether this represents the power desired for the product, or it 

will be classified as NG. Below are the highlights of each data point: 



a. Soft laminating machine setting data 
Table 4.2 Soft laminating machine setting data 

Date Clock Model Pressure Roll 
Temperature 

Dry Zone 
Temperature 

Glue 
Weight Speed MDF 

02/08/23 10.55.00 AM NS-B210 7.66667 57 38 2.72 414 9 
02/08/23 7.11.00 PM GA-15 II 13.6667 60 40 2.95 350 15 
03/08/23 12.28.00 AM L100 16.6667 60 40 2.85 300 18 
03/08/23 12.52.00 PM NS-BP101 7.66667 59 34 2.62 367 33 

… … … … ... … … … … 
… … … … ... … … … … 

 
 

b. Pull test data 

Table 4.3 Pull test data 

Date Clock Model MDF Power1 Power2 Power3 Powera Powerb Powerc Power Average Judgement 
04/08/23 8.01.15 PM GA-15 II 25 1.13 0.82 1.1 1.18 1.63 1.5 1.23 OK 

08/08/23 12.45.48 
PM 

NS-555 
PN 3 1.38 1.11 1.19 1.02 1.09 1.2 1.17 OK 

10/08/23 2.51.15 PM NS-B51 15 1.45 1.36 1.47 1.26 1.13 1.47 1.36 OK 

11/08/23 3.59.42 PM NS-777 
PN 15 1.24 1.1 1.37 1.29 1.29 1.34 1.27 OK 

… … … … … … … … … … … … 
… … … … … … … … … … … … 



4.2 Pre-processing 
In this research, the data that will be used was prepared so that it can be processed using the 

desired method. The pre-processing phase consists of several steps: 

1. Cleaning data noise 

Several data from the database include noise that comes from human error, and for this 

reason, cleaning the data for the dataset is required. 

2. Transforming data 

Some of the values in the data weren’t written in a uniform format. Some data on the roll 

temperature and dry zone temperature were recorded differently from the rest of the data in 

the variables. To address this, the data which are not follow the majority format will be 

uniformed. Transforming the pull test result data was also conducted by averaging the 

values from power a, power b, power c, power 1, power 2, and power 3 into the pull test 

result variable. 

3. Merge data 

Because the data was separated into two different datasets, the need to merge the setting 

machine and pull test result data is required. Data mergers were conducted following these 

rules: 

a. The data for the pull test will be classified using the variable of the model. This value 

of data will then be matched with data from the soft laminating machine setting from 

the model variable as well. 

b. Dates of the pull test data will also be considered, which needs to be at least seven days 

after production of the particular model. 

c. Any data that does not satisfy the rules will be considered as data noise and deleted. 

As a result, the soft laminating machine setting data that were previously contained in 1885 data 

points, were reduced to 1161 amount of data points because some of the production batches did 

not pass the pull test phase. 

Table 4.4 Final data of Combined Data 

date model Pressure Roll 
Temperature 

Dry Zone 
Temperature 

Glue 
Weight Speed MDF Pull test 

result 
02/01/24 NS-B210 7.66667 57 38 2.72 414 9 0.78 
02/01/24 GA-15 II 13.6667 60 40 2.95 350 15 1.04 
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date model Pressure Roll 
Temperature 

Dry Zone 
Temperature 

Glue 
Weight Speed MDF Pull test 

result 
03/01/24 L100 16.6667 60 40 2.85 300 18 1.25 
03/01/24 NS-BP101 7.66667 59 34 2.62 367 33 1.42 

… … … … … … … … … 
… … … … … … … … … 

 

4.3 Descriptive Analysis 
Kaur et al. (2018) imply that by outlining the connection between variables in a sample or 

population, descriptive statistics help to organize and summarize data. When doing research, 

calculating descriptive statistics is an essential initial step that should always be completed before 

performing inferential statistical comparisons. This section shows the descriptive analysis of the 

dataset obtained. Furthermore, any result will be analyzed. 

 
Figure 4.1 Descriptive analysis by building histogram visualization of variables towards the pull 
test result variable. 
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From Figure 4.1, we can observe a positive trend in the independent variables, such as the roll 

temperature. It indicates that the pull test result is positive, above the increase in the roll 

temperature values. The results of the MDF factors and roll speed indicated a downward trend. 

Negative trends indicate that the pull test result will be bearish as the values of these factors 

increase. The roll pressure variables revealed a novel finding: the pull test result indicates a 

negative trend in the bins for values between 7 and 32. The graph did, however, rise with the bins 

for 40 to 50 roll pressure values, and the mean of the pull test result was around 1.1. When glue 

weight and pull test results are compared, the results indicate a balanced trend, with the pull test 

result variable showing a little upward trend. This indicates that the pull test yields a slightly better 

result as the weight of the adhesive increases. Based on the aforementioned result, we can conclude 

that each variable's contribution to the pull test result varies and is dependent on its value. Another 

conclusion is that, in general, the independent factors do not show any significant trend results in 

the pull test, with the exception of the MDF variable, where it is evident that most low MDF values 

yield more positive outcomes than the remaining MDF data. 

 
Figure 4.2 Descriptive analysis by building boxplot visualization of variables towards the pull 
test result variable 



 31 

In Figure 4.2 it can inferred that the proportion of OK and NG products are visually the same, 

but differs in terms of the outliers. The existence of outliers can be spotted through each boxplot. 

From the boxplots, it can be incurred that some boxplots were rich of outliers. The boxplot uses a 

rule which if the pull test result <1 then it will be classified as NG, with pull test result ≥1 will be 

considered as OK. 

 

 

Figure 4.3 OK and NG products distribution along the period from August 
2023 to early December 2024 

According to Figure 1.1 the percentage of NG products were about 29% across all pull test 

conducted along the period. This is such a big number related to the number of NG products. Across 

all periods, the highest number of NG were obtained in October 2023. From the Figure 4.3 we can 

see that the trend of NG was bearish. At last, the very high performing month is November 2024 

where in that month there is no NG products occurred. The graph incurred that there was a negative 

trend in number of NG over the time while the number of most pull test conducted was in Auguest 

2024 with very low number of NG compared to other months.  
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Figure 4. 4 Histogram of each variable towards the pull test result 

The histogram of each variable for the pull test result can be seen in Figure 4.4. From the roll 

temperature variable, the majority of the pull test results lie in the bin of the interval of 52.667 to 

62. For the dry zone temperature, it is noted that most of the data lies in the bin of interval of 22.1 

to 41.05, with some data lying in a higher interval of bin of 41.05 to 60. Another information from 

the speed variable is that the highest bin contribution to NG products was the 184.635 to 306.667, 

followed by the second most NG, which is the bin that covers the interval of 306.667 to 428.333. 

The variable of pressure, on the other hand, lies mostly in the first bin, which covers the 6.975 to 

15.333 interval of the pressure variable. This bin was followed by the second highest contributor, 

which was a bin with the interval from 15.333 to 23.667 of the pressure variable. And lastly, for 

the MDF variable, the bin that covers 13 to 23 of the MDF variables was filled with the most data. 

But on the other hand, the number of NG was surprisingly the same as another bin that filled with 

data from interval 2.97 to 13 of the MDF variable. 

 
4.4 Data Training and Data Testing 
Before the classification algorithm is conducted, the data needs to be divided into two portions of 

data, which are the data training and the data testing. Data training is a subset of the dataset which 

used to train and build the model, while data testing is useful to measure the performance of the 
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trained model. Further performance measurement will be conducted. The proportion used to divide 

the dataset into data training and data testing is 80% and 20%, respectively. 

Table 4. 5 Data training and data testing division 

 Data Training Data Testing Total 
Percentage 80% 20% 100% 

Amount 929 232 1161 
 

Based on Table 4.5, the amount of data training and data testing used from the dataset is 929 

and 232 data points, respectively. The data was chosen randomly to avoid overfitting, and the data 

will be processed using the Python programming language. 

 

4.5 Hyperparameter Tuning 
Following the separation of the dataset into training and testing data, we must use the 

hyperparameter tuning technique from scikit-learn, RandomizedSearchCV, to adjust the 

parameters before moving on with the real random forest implementation. The 

RandomizedSearchCV will look for the optimal parameter combination within the specified scale. 

Utilizing this strategy will save time because the prediction algorithms will be used repeatedly, 

updating each time due to new entries. 

Table 4.6 Parameters used for the random search value 

Parameter Random search value 
n_estimators 50 to 1000 
max_depth 10 to 1000 
min_samples_leaf 1 to 50 

 

The table shown in Table 4.6 is the list of parameters that will be randomly searched through 

the given possible values. RandomizedSearchCV will need a number for iterations since it uses a 

number of iterations for searching the best value. In this study, the number of iterations is 30, which 

means it will search 30 random combination values from the given parameters, and it will result in 

the best combinations based on the mean squared error. For a better comprehension of the case 

study, the performance will then be evaluated by the root mean squared error (RMSE) method. 

This research will use 5-fold cross-validation to evaluate each iteration combination, and each 

value of the combination will be tested through 5-fold cross-validation to ensure the best scenario 
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among all searched possibilities. Since it uses the randomized search, repeated processes were 

conducted to see the stability and the best result of the given method. 

Table 4.7 Iterations and the result 

Iteration n_estimators max_depth min_samples_leaf RMSE 
1 664 710 21 0.2107031 
2 789 254 13 0.2102450 
3 992 437 8 0.2110042 
4 389 574 11 0.2108029 
5 393 671 16 0.2105144 

 

Results given by the Table 4.7, from 5 iterations, the value of RMSEs are vary but not 

significantly different from one another. This could be the legitimation to use 

RandomizedSearchCV to save time. The best iteration was the 2nd one with the lowest value of 

RMSE. Therefore, the value of the given parameters for n_estimators, max_depth, and 

min_samples_leaf give 789, 254, and 13 respectively, will be used to build the model. 

  
4.6 Random Forest Implementation 
Given the optimum result using the hyperparameter tuning, the random forest regressor will be 

build based on value of these parameters. In the application of random forest, n_estimators used to 

determine the number of the trees that will be used which in this case, 789 number of trees with 

254 of depth which shown by the value of max_depth and 13 min_samples_leaf. These set of 

parameters combination will make a very large training field area, and it will be hard to identify 

each one. The Figure 4.4 shows an example of a random tree built by the random forest 

implementation. From the top of the tree, the pressure variable was on top because of the variable 

importance which influence the whole dataset. Following the root node, the glue weight variable 

was in the second split node if the first rule was true. After that the speed variable was following 

the weight glue variable if the rule is true, and lastly if all rules were satisfied, then the value of 

this rule would be 1.11. 
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Figure 4.4 Random tree sample visualization 

Referring the random tree example as shown in Figure 4.4, there are several rules were formed 

in this tree, and several of those are: 

1. If pressure less than 16.5, and dry zone temperature less than 33.5, and glue weight less 

than 2.875, then the value of pull test will be 1.026. If the glue weight rule is not satisfied, 

then the value of pull test will be 1.16. 

2. If pressure less than 16.5, and glue weight less than 2.965, and speed less than 345.5, then 

the value of pull test will be 1.11. 

3. Because of the highly set of max_depth parameters, the other rule still continues until they 

reach the leaf node. 

 

Figure 4. 5  Feature importance by the random forest model 
The random forest model obtained also produces for the feature importance of each variable 

used. In this study, the figure shown by Figure 4.6 has the list of the most important variable from 

the model. The graph implies that the pressure variable was the most important variable, followed 
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by MDF, glue weight, speed, dry zone temperature, and roll temperature. The top position obtained 

by pressure variable was in line with the random tree example shown in Figure 4.4. This feature 

importance was displayed and measured as the sum of the total is 1. 

Table 4.8 Variable importance 

Variable Importance value 
Pressure 0.340986 

MDF 0.247678 
Glue Weight 0.156135 

Speed 0.116936 
Dry Zone Temperature 0.083408 

Roll Temperature 0.054857 
 
4.7 Prediction and Evaluation using SHAP Analysis 
The random forest regression model that has been built to predict the outcome of the pull test will 

be evaluated using the SHAP analysis. Figure shown in Figure 4.7 gives insights of the impact of 

various machine parameters on the model’s predictions toward the pull test outcomes of the soft 

laminating process.  

 
Figure 4.6 The SHAP analysis on the feature value based on the built 
random forest regression model 

The x-axis displays SHAP values, which indicate how much each attribute effects the model's 

output. Positive SHAP numbers imply an increase in the expected outcome, whilst negative ones 

indicate a drop. From the figure, "tekanan" (pressure) appears to have a substantial influence, with 

a wide range of SHAP values. High pressure (indicated in red) often declines the prediction, but 

low pressure (blue) has the opposite effect. "MDF" also plays an important role, with a broad SHAP 
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distribution, implying that differences in MDF qualities have a significant impact on the pull test 

findings. "Berat_glue" (glue weight) has a modest impact, with increasing glue weight tending to 

increase adhesion strength. "Speed" has a lower impact, with a concentrated SHAP value 

distribution at zero, implying that its influence is less noticeable than other characteristics. 

"Suhu_dry_zone" (dry zone temperature) and "suhu_roll" (roll temperature) both have significant 

impacts, demonstrating that maintaining ideal temperatures is critical for good pull test result. As 

we also know that the order of importance value by the SHAP analysis is in line with the one 

obtained from the random forest regression as shown in Figure 4.6 and Figure 4.7. This indicates 

an accurate order of importance among the variables used as two different methods result in the 

same.  

For a better understanding, an analysis of each prediction result will be analyzed using the SHAP 

analysis method as well. 

Table 4.9 Prediction example 

Variable Value 

Pressure 16.6667 

MDF 18 

Glue Weight 2.98 

Speed 314 

Dry Zone Temperature 42 

Roll Temperature 55 

Prediction result 1.22 

 

 
Figure 4.7 SHAP Waterfall diagram on an example prediction 

This SHAP waterfall diagram shows how different machine settings affect the final prediction 

for a single data point in the pull test result model. The base value provides the predicted model 

forecast prior to feature contributions. Each characteristic either raises (red) or lowers (blue) the 
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anticipated value, with the final predicted value displayed at the top (1.22). In this scenario, "speed" 

(314.0), "suhu_roll" (55.0), "berat_glue" (2.98), and "suhu_dry_zone" (42.0) all help to improve 

the anticipated outcome, as represented by the red color. This implies that greater values for these 

factors drive the forecast upward. On the other hand, "tekanan" (16.67) and "MDF" (18.0) have a 

negative influence on the prediction, as seen in blue, lowering the final number. 

 
4.8 Model Evaluation 
An evaluation was conducted to assess the performance of the random forest algorithm model. This 

to ensure the reliability of the model to the real-world application. Table 4.10 and Figure 4.8 were 

shown below as the result of the model evaluation. 

Table 4.10 Prediction simulation on data testing 

Actual Predicted Absolute 
Error 

1.44 1.38 0.05 
1.02 1.12 0.10 
1.15 1.18 0.03 
1.25 1.13 0.12 
1.06 1.14 0.07 
1.44 1.24 0.20 
1.29 1.34 0.05 
1.54 1.30 0.24 
0.89 1.09 0.21 
1.32 1.30 0.02 

RMSE 0.2105 
 

 

Figure 4.8 The actual pull test value VS predicted pull test value 
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Table 4.10 displays the actual pull test results, the predicted values, and their respective absolute 

errors. Furthermore, Figure 4.5 presents a visual comparison of real and predicted values. The 

absolute errors presented in Table 4.10 vary from 0.02 to 0.24, suggesting that the model's 

predictions are predominantly around the actual values. The most significant discrepancy (0.24) 

arises at an actual value of 1.54, when the model overestimates the pull test result as 1.30. In 

contrast, the minimal variation (0.02) is noted in the last test scenario, indicating a significant 

degree of accuracy in certain circumstances. The Root Mean Squared Error (RMSE) of 0.2105 

indicates that, on average, the model's predictions diverge by around 0.21 units from the actual 

values. The low RMSE value implies good prediction performance, indicating that the model 

effectively captures underlying patterns in the dataset with little mistakes. 

 

4.9 System Recommendations 
To ease the operator effort, this research also provides recommendations the operator can use to 

get the best result. Below is the result of simulated variable values recommendations so the operator 

can use. 

 

Table 4.11 Simulated system recommendations 
Roll 

Temp. 
Dry Zone 

Temp. 
Glue 

Weight Speed Pressure MDF Predicted 
Pull Test 

40 49 1.33 533 1.67 3 1.21 
41 58 1.18 205 1.67 3 1.23 
52 52 2.86 515 1.67 3 1.26 
54 33 4.23 544 1.67 3 1.29 
55 50 4.31 442 1.67 3 1.24 
39 31 5.81 376 7.67 9 1.30 
34 41 3.22 498 7.67 9 1.24 
45 54 3.22 233 7.67 9 1.30 
43 57 2.34 372 7.67 9 1.23 
48 59 2.43 235 7.67 9 1.23 
53 54 5.07 315 10.67 12 1.30 
40 50 0.68 513 10.67 12 1.20 
37 54 3.43 500 10.67 12 1.23 
59 38 0.86 530 10.67 12 1.21 
53 57 0.51 448 10.67 12 1.20 
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Roll 
Temp. 

Dry Zone 
Temp. 

Glue 
Weight Speed Pressure MDF Predicted 

Pull Test 
47 46 3.98 234 13.67 15 1.31 
35 59 3.34 238 13.67 15 1.29 
55 58 4.98 375 13.67 15 1.32 
45 31 5.27 386 13.67 15 1.32 
47 45 0.80 455 13.67 15 1.22 
56 57 2.12 374 16.67 18 1.18 
49 42 3.30 522 16.67 18 1.22 
57 55 1.87 401 16.67 18 1.20 
61 42 1.95 225 16.67 18 1.18 
46 30 5.78 529 16.67 18 1.21 
48 55 2.75 226 23.67 25 1.11 
52 36 2.05 425 23.67 25 1.15 
37 59 2.59 415 23.67 25 1.13 
44 58 5.53 220 23.67 25 1.08 
40 56 1.21 427 23.67 25 1.13 
57 30 0.35 320 31.67 33 1.12 
44 48 4.25 265 31.67 33 1.08 
36 30 5.44 445 31.67 33 1.12 
59 38 5.09 212 31.67 33 1.09 
41 41 0.67 217 31.67 33 1.10 
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CHAPTER V 

DISCUSSION 

5.1 Random forest regression model 
The purpose of the research is to build a machine learning model that can predict the outcome of 

the adhesive strength of products in the soft laminating machine. By doing so, the possibility of a 

product batch failure caused by unmet specifications of the product can be prevented, and thus, the 

risk of loss can be minimized. Random forest, specifically random forest regression, was used to 

predict the value of the pull test result because the prediction is in the form of integer values. 

There are 1161 amount of data that being used in this research to train and test the model built 

with the portion of 929 data training and tested with data testing as much as 232. The data was 

obtained from 2 different databases of the company. The pull test dataset was manually input into 

the website by the operator, so the risk of the operator inputting noisy data is high. Cleaning data 

was done on the machine, setting data before it took the synchronization process to the other 

dataset. There were some modifications done before the data could be synchronized, like renaming 

the model and the glue, since these two were manually inputted by the operator. Another dataset 

was obtained from a database that contains the machine setting variables such as the roll 

temperature, roll pressure, glue weight, temperature of the dry zone, speed of the roll, and the MDF 

size. The system initially recorded the machine setting data and uploaded it to the database. After 

some effort was made to the datasets, these two are combined based on the model and the date of 

production. Therefore, each machine setting of data will have the results of the pull test. In this 

process, some data that wasn’t matched based on the model and the date of production were then 

erased, assuming that there was no pull test conducted for the product batch. 

Random forest is a machine learning technique that utilizes the quantity of trees built and some 

other features as the foundation of the model, like the number of sample leaves, the depth of the 

tree, and methods to choose the best leaf. In this research, Python 3.11.11 was used as the 

programming language to execute the code with Google Colaboratory as the medium for it. Using 

the scikit-learn library, RandomizedSearchCV is used to optimize the value of the model’s 

attributes. The use of this method is to ensure that this technique will be applicable in the real 

world, where efficiency is a must. The operator can use this method to get a quick model 
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development as the data was being updated over time. Therefore, a reliable method where the 

training data will be kept updated can be achieved. 

Table 4.10 displays the outcome of the model's real-world application. In the trial session of the 

model, the operator of the soft laminating machine tested the reliability of the prediction 

application. Over a week, the operator conducted 10 pull tests. Furthermore, the researcher helps 

the operator in applying the method to ensure the smoothness and to prevent any unwanted errors 

that might occur. Figure 4.5 graphically depicts the model's performance throughout the test 

samples. The actual values (blue line) and anticipated values (orange line) exhibit a comparable 

pattern, with only minor differences observed. The model seems to mitigate modest changes in the 

real values, resulting in slight underestimations or overestimations. The overall consistency 

between the two lines indicates that the model accurately predicts the pull test values to a 

satisfactory extent. The results from both numerical and graphical studies demonstrate that the 

Random Forest Regression model well predicts pull test values, exhibiting a low RMSE and very 

little absolute error. Although slight inconsistencies exist, they do not substantially affect the 

model's overall predictive accuracy. 

Table 4.11 shows the recommendations by system that the operator can use if they have no idea 

how to achieve a good pull test result. The table provides combinations based on the MDF since it 

is an uncontrollable variable. From the table operator can choose 5 options for each MDF value 

that exists in the database. By this idea, the operator can have a satisfactory pull test result by using 

the combination in the table. 

 
5.2 Hyperparameter tuning using the RandomizedSearchCV 
The model built in this research was expected to have the best performance without having to do a 

lot of research in building it. The hyperparameter tuning method used in this research was the 

RandomizedSearchCV. The technique was chosen for its rapid performance in determining the 

best model’s attributes like the n estimators, max depth, and min samples leaf. These three 

attributes were chosen as the variable attributes, meaning that it will search in the interval of values 

that have been set. The interval of search values for n estimators, max depth, and min samples leaf 

is 50 to 1000, 10 to 1000, and 1 to 50, respectively. To make it more efficient, the number of 
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iterations is limited to 30 iterations, and the performance of each iteration will be evaluated using 

the RMSE. 

The results of hyperparameter tweaking for the Random Forest Regression model, using 

RandomizedSearchCV with 30 iterations and 5-fold cross-validation, illustrate how different 

hyperparameter configurations affect model performance. The table shows five iterations with 

different settings for n_estimators, max_depth, and min_samples_leaf, along with the related Root 

Mean Squared Error (RMSE). Among the evaluated setups, Iteration 2 had the lowest RMSE 

(0.2102450), with n_estimators = 789, max_depth = 254, and min_samples_leaf = 13. This implies 

that a somewhat high number of estimators, paired with a deep tree structure and slightly higher 

leaf size, yields the best performance for this dataset. Meanwhile, Iteration 3, which employed 992 

estimators, max_depth of 437, and min_samples_leaf of 8, had the highest RMSE (0.2110042), 

demonstrating that raising these parameters did not necessarily increase the model's predictive 

capacity and may have resulted in overfitting. Iterations 4 and 5 also gave somewhat comparable 

RMSE values (0.2108029 and 0.2105144, respectively), although they had different parameter 

choices. This shows that Random Forest is resistant to minor alterations in the hyperparameters, 

and that various configurations can attain near-optimal performance. Notably, Iteration 1, which 

had the fewest trees (n_estimators = 664) and the highest max_depth (710), fared worse than 

Iteration 2, highlighting the necessity of tweaking hyperparameters rather than merely increasing 

model complexity. 

 
5.3 SHAP Analysis method 
Random forest regression is a complex and non-linear machine learning model that can be 

challenging to interpret. The SHAP analysis is a technique that is useful for breaking down the 

outcome of the random forest regression model. It clarifies how features influence the predictions, 

even in non-linear problems. Based on Figure 4.6, the variable pressure (tekanan) had a widespread 

SHAP value among other features. It shows how high pressure (noted in red dots) on the machine 

could lead to a declining pull test result. The pressure variable measures the roll's ability to exert 

force on the product at a specific value. This finding means that a higher pressure of the roll towards 

the product can result in a lower adhesive strength, where a lower pressure (noted in blue dots) 
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leads to a higher pull test result. This is an intriguing discovery, as one could intuitively assume 

the opposite outcome. 

Apart from the pressure feature, the MDF has an effortless interpretation where a lower MDF 

could push the prediction result to a lower result of the pull test, too. For glue weight (berat_glue), 

a lower glue weight might result in a lower adhesive strength of the product. The interesting 

discovery regarding this feature is that a decreasing prediction result for a lower value does not 

necessarily imply a positive impact on a higher value. This means that increasing the glue on the 

machine, hoping that it will have a better adhesive strength, is wrong. In the middle of the x-axis 

of the glue weight feature, average and high feature values were gathered, showing that the 

feature’s performance in this interval value cannot be determined. For the speed feature, the low 

and average feature magnitudes lie at the middle point of the axis, with some of the average values 

showing a negative influence on the prediction result. In the same variable, red dots were seen to 

be on the right-hand side of the SHAP value, showing its positive impact on the adhesive's strength. 

The dry zone temperature (suhu_dry_zone) and roll temperature (suhu_roll) features mainly lie 

at the middle of the SHAP value, whether low, average, or high values of the variable. This shows 

a low impact of these features on the prediction results or the inability of the method to decide how 

these variables behave in the model. This study indicates that increasing speed, roll temperature, 

glue weight, and drying zone temperature may enhance adhesion in the pull test. Nonetheless, 

excessive pressure and MDF characteristics may adversely affect adhesion strength. PT. XYZ may 

utilize this data to optimize machine settings for superior quality in the soft laminating process.  
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CHAPTER VI 

CLOSING 

6.1 Conclusions 
Based on the research that has been conducted, it is obtained some conclusions have been obtained, 

as follows: 

1. The machine learning model that has been developed in this research is a model using 

random forest regression. Based on a previous comparative study, it was obtained that 

random forest regression is the best-performing machine learning model when compared 

to artificial neural network (ANN) and support vector regression (SVR), where it generates 

more accurate predictions (Wu et al., 2017). The model built was supported by the 

RandomizedSearchCV from scikit-learn (a Python library) to ensure the best performance 

and quick result, as it will be implemented in the industry. Random forest regression was 

chosen to cover the non-linear problem as well as the integer value of the pull test, which 

cannot be handled by random forest classification. 

2. From the model that has been developed and tested, it is obtained that using the random 

forest regression and tuned by the hyperparameter tuning RandomizedSearchCV repeated 

for 5 times, the best machine learning model in predicting the pull test result at soft 

laminating machine is the one that has n estimators of 789, max depth of 254, and min 

samples leaf of 13, with the RMSE value of 0.2102450. The model was applied and tested 

to face the real-world case and got an RMSE of 0.2105, with the highest error of 0.24, and 

the most accurate prediction recorded an error of only 0.02 from 10 times of model trial 

sessions. 

3. It is obtained from the model that the most influential features are pressure, MDF, glue 

weight, speed, dry zone temperature, and roll temperature sequentially. For the pressure 

feature, it will influence the pull test prediction outcomes based on its value, where it will 

positively push the prediction if it is set to a low value. For the MDF feature, it will 

negatively affect the prediction outcomes if it is set to a low value. For the glue weight 

feature, it will affect negatively if it is set to a low value, and it will generally have no big 

impact on the prediction if it is set to an average or high value. For the speed feature, it will 
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positively affect the prediction outcomes if it is set to a high value. For the temperature 

features, they generally have little impact on the prediction results. 

 
6.2 Suggestions 
According to the research, there is knowledge learned along the way of this study. Lessons learned 

by this study can be reflected and implemented in the upcoming study, which are: 

1. Future studies should use and perform deeper research on the best methods that are needed 

to tackle the problem. It will be better if the method used to build the machine learning 

model can address the problem of the case study that needs to be solved. 

2. In building a machine learning model, it is needed to pay attention to all variables that are 

involved in the case study environment. Lack of variables that may be crucial to the 

prediction may result in an inaccurate prediction result. 

3. The company can reflect on the use of the prediction technique as it will provide the insight 

that may be needed to make decisions in the area of company. 
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