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Abstract. Due to the increase in digitalization Machine Learning (ML)-
algorithms bare high potentials for process optimization in the production qual-
ity-domain. Nowadays, ML-algorithms are hardly implemented in the production 
environment. In this paper, we present a tangible use case in which ML-
algorithms are applied for predicting the quality of products in a process chain 
and present the lessons learned we extracted from the application. In the de-
scribed project, the process of choosing ML-algorithms was a bottleneck. There-
fore we describe a promising approach how a decision making tool can help se-
lecting ML-algorithms problem-specifically. 

1 Data-Driven Modeling in the Production Quality 

Digitalization has led to a steady increase in data in recent years. Through higher 
computing power, it is possible to process the large amount of data [1]. Analyzing the 
acquired data can enhance both the understanding and the process efficiency - or to 
describe it in the words of Peter Sondergaard: “Information is the oil of the 21st century, 
and analytics is the combustion engine” [2]. Especially sectors like the financing-do-
main or the marketing-domain are leading when it comes to generate value from data 
[3]. In particular, the use of Machine Learning (ML)-algorithms increased over the last 
decade. The main reasons for this trend, apart from the higher computing power and 
data input mentioned above, are the increasing reliability of the algorithms, the simpler 
implementation of the algorithms as well as the easier data acquisition. [1] 

Even though the application of ML-algorithms is well established in other domains, 
it is not common in the context of production quality. For process optimization in the 
production quality-domain, physically based modeling (PBM) is commonly used. 
While PBM offers the advantage of describing the current and future state of a system 
by physical dependencies, data-driven models use the information from observed data 
to identify current system characteristics and to predict the future state without requir-
ing a deeper understanding of the physical interdependencies of the process. [4] The 
development of data-driven models thus shows a high potential for even further opti-
mization of production processes. In the presented case we chose to transform the data 
into a data-driven model by applying ML-algorithms.  
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2 Application of Machine Learning in the Production Quality 

2.1 Prediction of Product Quality in a Process Chain 

In the following, we want to show in a tangible use case at a German manufacturing 
company that the application of ML-algorithms is worthwhile and to encourage com-
panies to use ML-algorithms for process optimization. To introduce data-driven mod-
eling for process optimization, the Cross-industry standard process for data mining 
(CRISP-DM) procedure can generally be used [5]. The first step is to understand the 
corresponding business in more detail. After an initial data acquisition, the characteris-
tics of the data are determined in order to understand the data. The data is subsequently 
prepared for the application of a suitable ML-algorithm. Based on the data preparation, 
the implementation of the selected ML-algorithm is described. Finally, the results of 
the model are evaluated, whereby various criteria are taken into account. Tangible les-
sons learned will be presented extensively. 

The first step of the CRISP-DM is the Business Understanding. The company in this 
specific use case aims to enhance the efficiency of a process chain, which consists of 
six different processes. Each product runs through every process sequentially with 
some processes taking several hours or even days. In order to get a better understanding 
of the process chain and the corresponding data, we conducted several workshops and 
web conferences with the company’s process engineers. The process chain is depicted 
in Fig. 1.  

Fig. 1. Illustration of the process chain 

Whether a product is an in-spec product can be determined after the completion of 
each process. Since the cycle time of the entire process chain takes several days, it 
would be useful to predict whether a product will run out of specification in a process 
already in earlier stages. If it can accurately predicted that a product will run out of 
specification, the machines could be equipped with other products. This leads to higher 
efficiency as well as flexibility of the entire process chain. 

Data Understanding as the second step of the CRISP-DM process shows a strong 
relation to the Business Understanding to the effect that both steps require multiple 
loops and iterations. The acquired data is stored in separate product-related databases 
for each of the six processes as semi-structured CSV-files. Due to acquiring a large 
number of measuring values, there are more than 500 values per process for each prod-
uct. Different data types like integer, float or string parameters characterize this high 

47



amount of dimensions. Besides a multitude of missing values, the data set is also im-
balanced. In this context, an imbalanced dataset means that more products are in-spec 
than off-spec. 

To predict the product quality it is necessary to trace the product data throughout the 
entire process chain. For that reason, the six different CSV-files need to be linked. This 
link is created using a product identification number. Since the CSV-files are not uni-
formly structured, the files need to be transformed multiple times. After the product-
related link, the data is cleaned by deleting empty values, apparent correlations as well 
as by reducing dimensions. Overall, the process of data understanding and preparation 
took about 80 % of the time regarding the entire CRISP-DM procedure. 

In the beginning of the modeling step, a suitable approach how to create a model 
needs to be selected. Due to the time it takes to learn a data-driven model with an ML-
algorithm, only a small number of algorithms can be applied. The process of selecting 
ML-algorithms depends highly on the use case, the appearance of the data set and the 
personal experience of the involved data scientists. In this specific case, we interpret 
the prediction whether a product will be in-spec or off-spec as a classification problem. 
One class includes all products that run through the process chain being in-spec. Since 
the quality of the product is measured after each process, the product can become off-
spec after each process resulting in six additional classes. Because we are able to label 
the data set, this multiclass classification problem can be solved using supervised learn-
ing algorithms. Fig. 2 shows a visualization of the processes and the even classes. 

Fig. 2. Visualization of the processes as well as the seven classes 

The characteristics of the data set result in the requirements for the algorithm that 
has to deal with an imbalanced data set, few samples as well as many dimensions. Best 
practices in other sectors with similar problems are taken from the literature. Besides 
the results of the literature research, own experiences show beneficial results when de-
cision tree algorithms are applied. Considering the mentioned explanations, the deci-
sion tree algorithm Classification and Regression Tree (CART) is selected for this use 
case [6]. CART can handle high dimensional data sets and has the further advantage 
that process owners can understand the results of the analysis very quickly and intui-
tively. The localization, in which the prediction states that the product will run out of 
tolerance, can be easily detected. Furthermore, the implementation and validation of 
the decision tree algorithm is simple. 

There exist many different platforms for Data Mining as well as ML-algorithm im-
plementation [7]. These platforms can be divided in “Data Science and Machine Learn-
ing platforms” like Matlab or RapidMiner and “open source platforms” like Python and 
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R. Data Science and Machine Learning platforms are characterized by easy handling
and fast model development [8]. Nevertheless, operating the platform can result in high
licensing costs [9]. Open source platforms like Python and R play an increasingly im-
portant role in the data science market because they are free of charge and are the most
common programming languages for ML-implementation [8]. We decided to use the
“open source platform” Python because the libraries that can be called, such as Tensor-
Flow and scikit-learn, are undergoing strong development. The algorithm is imple-
mented in Python by calling the decision tree algorithm via the scikit-learn library.
Scikit-learn uses an optimized version of the CART algorithm [10].

To achieve betters performances of the ML-algorithm, hyperparameter must be set. 
Hyperparameters are the configuration that is external to the model and whose values 
cannot be estimated from the data set [11]. They are initially set when the algorithm is 
called by scikit-learn and need to be optimized. Hyperparameters of the decision tree 
algorithm are e.g. the maximum depth and the minimum size of the tree. There are 
different approaches to optimize hyperparameters. For this use case, the basic approach, 
called random search, is applied on the decision tree algorithm. Random search ran-
domly selects any combination of the hyperparameters to be set within an interval of 
possible hyperparameters. If this combination of hyperparameters lead to better results, 
the parameters are updated. Basic approaches to set and tune hyperparameters are grid-
search and random-search. Over the last years, other tuning approaches like Bayesian 
Optimization and Gradient Descent became popular [12]. In addition to these advanced 
approaches, research institutes try to apply heuristics to the hyperparameter tuning-
problem. These academic approaches include metaheuristics like Particle Swarm Opti-
mization, Ant Colony Optimization and Harmony Search [13]. 

After running, the performance of the model can be evaluated by a multitude of met-
rics. The basis of measuring the performance of a classification model is the confusion 
matrix. The rows of the 2x2 confusion matrix represent the instances in a predicted 
class while the columns represent the instances in an actual class [14]. If the classifica-
tion model correctly classifies the input as positive (in-spec) or negative (off-spec), they 
are considered as true positives (TP) or true negatives (TN). Classifying products 
falsely as positive or negative counts as false positive (FP) or false negative (FN). Based 
on the confusion matrix, we can derive different metrics.  

Metrics that can be easily derived from the confusion matrix are accuracy and error 
rate. Other single-value metrics like the F1-Score and Mathew Correlation Coefficient 
(MCC) are more complex to set up but can still be derived from the confusion matrix.
In order to evaluate the performance of the CART algorithm in this specific use case,
the MCC is selected. MCC considers imbalanced data sets more efficiently than accu-
racy and error rate [14]. The mathematical relationship can be taken from equation (1).

(1) 

The MCC considers both mutual accuracies and error rates on both classes. Further-
more, the MCC is a coefficient between the observed and predicted classifications and 
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returns a value between “−1” and “+1”. A coefficient of “+1” represents a perfect pre-
diction, “0” no better than random prediction and “−1” indicates total disagreement 
between prediction and observation. [14]  

In order to predict the product quality after each process, different CART-algorithms 
need to be trained because at each process, different amount of data is available to train 
the CART-algorithm. This leads to four different CART-algorithms, whose perfor-
mances are depicted in Fig. 3. The results include the decision trees that were created 
after the hyperparameter tuning. By applying random search, the results could be im-
proved by 30% which can be observed in other cases as well [15]. Since no new data is 
generated in the fourth process, no new decision tree was learned for the change from 
the fourth to the fifth process. 

Fig. 3. Performance of the decision tree algorithm 

The metric MCC shows the performance of the algorithm in predicting the actual 
classes of the process. For the first process step the metric is MCC = 0.21. This means 
that there is a match between predicted and actual class, which is relatively low, but 
better than random prediction. The MCC increases the more processes are accom-
plished and the fewer processes have to be carried out. The quality of the model im-
proves when more data points are used for the learning task. In addition, less processes 
and results need to be predicted for the future. After the completion of the fifth process, 
the metric value is MCC = 0.70, which means that the decision tree is a suitable algo-
rithm to predict the product quality sufficiently [16]. 

2.2 Lessons Learned 

In the following, tangible lessons learned are presented, starting with the manage-
ment level. Then, there will be a focus on the lessons learned for project managers as 
well as for computer scientists and developers. Two central research needs result from 
the presented method.  

Lessons learned from the managers’ perspective: 
In principle, only available data can be analyzed. Big data only leads to
beneficial results if the quality of acquired data is acceptable.
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Managers need to have a precise idea, which results are to be achieved by
the analysis of data. Expectations for initial projects must be appropriate.
Data science projects should start at small scales. As mentioned, simple
algorithms like the decision tree can already lead to beneficial results. If the
first projects proceed favorable, the projects can be scaled up.

Lessons learned from the project managers’ perspective: 
Understanding the business goals and formulating precise objectives is es-
sential when ML-algorithms are implemented.
A very close collaboration between process engineers and data scientists is
unalterable.
It is natural that many iterations are necessary to get to know technical in-
terdependencies and the characteristics of the data set. The processes of
data understanding and data preparation takes a long time compared to the
implementation of the ML-algorithm in the end.
A project manager should be aware of whether it is a quick-win project,
low complexity project or long-term commitment.

Lessons learned from the computer scientists and developers’ perspective: 
Python notebooks like Jupyter are able to segment the entire code in sensi-
ble parts [17]. With Python notebooks, the code can be sequentially up-
dated, which makes coding easier and faster. Introduced variables should
still be readable and understandable at the very end of the project.
Since the selection of a suitable ML-algorithm depends highly on the use
case, the appearance of the data set and the personal experience of the in-
volved data scientists, the choice for the ML-algorithm is difficult and so-
phisticated.
The hyperparameter tuning is unalterable to solve the classification prob-
lem optimally. An optimization based on random search was successful,
but advanced optimizations can lead to better solutions.

Overall, we recommend that companies should start with the first data science pro-
jects and make their own experiences. Based on first it can be obtained what specific 
challenges will happen. To describe it in other words - practice makes it perfect! 
In addition to the lessons learned, we can derive two central research needs from the 
presented procedure and the lessons learned. First, it should be evaluated whether more 
complex hyperparameter optimization methods are capable of outperforming basic ap-
proaches like random search and grid search. Second, the procedure of selecting the 
suitable ML-algorithm was built up on the experiences we had and by comparing the 
learning task with the literature. A tool supporting us in selecting an appropriate ML-
algorithm would have made the process more transparent and reproducible. In the fol-
lowing, we propose a concept how such a tool can function. 

3 Selection of Machine Learning-Algorithms 

The use of methodologies to solve a specific task creates comprehensible and repro-
ducible results. Therefore, methodologies were developed especially for data mining 
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and knowledge discovery [18]. Due to the mentioned benefits, they are used in the ma-
jority of corresponding projects [3].   

CRISP-DM, SEMMA (Sample, Explore, Modify, Model, and Assess) and KDD 
(Knowledge Discovery in Databases) as the top three methodologies all include a phase 
specifically designated to create the model for the problem [19]. Due to the generic 
nature of the three methodologies, the activities in the phase of “Modeling” can be on 
a different level of complexity ranging from the application of linear regression up to 
deep learning. Therefore, a data scientist has to decide how to conduct the phase of 
“Modeling” e.g. by applying an ML-algorithm. Normally the following three aspects 
are included in this decision: Personal experience, appearance of the data set and liter-
ature review. [20]   

The problems and corresponding data sets that need to be tackled are domain-spe-
cific. Tools that support the data scientist in selecting an ML-algorithm are mostly so 
called “cheat sheets” [21]. Team members solely bring domain-specific knowledge into 
the solution. The process of choosing the ML-algorithm is therefore highly dependent 
on the expertise of the data scientist. Since neither methodologies nor tools include this 
domain-specific knowledge, the process of selecting the ML-algorithm is not reproduc-
ible. Not all domain-specific knowledge can be integrated into a tool. The process of 
selecting the ML-algorithm stands out by the required creativity of the data scientist. 
Therefore a decision making tool cannot dismiss the data scientist from his responsi-
bility, but can serve as a support in fulfilling that task. In the following, we present a 
concept how to set up such a domain-specific decision making tool. 

4 Decision Making Tool for Production Quality 

The decision making tool (DMT) works as a domain-specific support for the data 
scientist in selecting an appropriate ML-algorithm to create a model that fulfils prob-
lem-specific requirements. This is done by including three main aspects as depicted in 
Fig. 4: Appearance of the data input, requirements of the model to be created and do-
main-specific knowledge regarding the considered use case. All three factors are in-
cluded when providing the user a recommendation.  

Fig. 4. Factors to be considered when selecting an ML-algorithm 
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The data scientist interacts with the DMT over a user interface (UI), which he utilizes 
to describe the specific case he wants to model applying ML-algorithms. The DMT 
compares the input with historical assessments and problems, including their evalua-
tion. Afterwards the DMT provides the data scientist a list of ML-algorithms probably 
suitable for the specific use case and additional information about the corresponding 
selection process. The concept of the DMT is depicted in Fig. 5 and described in detail 
in the following.  

Fig. 5. General Concept of the Decision Making Tool 

Using the UI, the data scientist loads the characteristics of the data set, the require-
ments of the model to be created and a description of the use case into the DMT. Char-
acteristics of the data set are for example the dimensionality of the data, number of 
features, number of data points, data quality, data distribution or data noise. Require-
ments of the model to be created are for instance the learning time, performance of the 
model or transparency of the model. The description of the use case includes infor-
mation about the type of the use case, e.g. predictive maintenance or product quality 
prediction. Characteristics like the dimensionality or the maximum running time are 
quantitative and can directly be loaded into the DMT. Others like the transparency of 
the model need to be transformed from their qualitative state into a measurable form 
using for example goal question metrics [22]. This influences the degree of automation 
to which the characteristics can be loaded into the DMT.  

Two main databases function as the backbone of the DMT: A database that includes 
the domain-specific characteristics of ML-algorithms and a database that stores prob-
lem-specific characteristics of ML-algorithms.  
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The domain-specific characteristics include the attributes of ML-algorithms that are 
important in the context of the production quality-domain. This includes characteristics 
and an assessment to which degree the algorithms resp. the learned models meet these 
characteristics such as interpretability, decomposability, speed, accuracy or learning 
time.  The database is set up and maintained by data scientists working in the production 
quality-domain.  

The problem-specific characteristics are structured by the different types of prob-
lems occurring in the production quality-domain such as machine downtime prediction 
or product failure prediction. For each type of problem, the corresponding description 
and attributes are available, so that the use case provided by the user can be matched to 
the most-fitting problem-type in the database. For each problem type from the produc-
tion quality-domain, different ML-algorithms have been implemented in the past. The 
information, which algorithms are suitable for the problem-type and the evaluation of 
their performance is stored accordingly. This is realized by using algorithm maps also 
known as optimization maps . Each time new types of problems or new evaluations are 
created, responsible data scientists update the database consequently. This ensures that 
the specific demands of the production quality-domain and the problem-specific eval-
uations are considered in the selection process. 

The DMT creates a list of algorithms that are promising for the use case by compar-
ing the characteristics of the data set, the requirements of the model to be created and 
the description of the use case with the historical information stored in the two data 
bases.  

5 Conclusion 

In this paper, we presented how ML-algorithms can be applied in a tangible use case 
from the production quality-domain. In a process chain consisting of six processes, it 
should be predicted after completion of each individual process whether the product 
would be off-spec in the following processes. In order to achieve beneficial results, the 
methodology CRISP-DM was followed. After focusing on the process understanding, 
data was initially acquired. Afterwards, formats as well as characteristics of the data set 
has been explored. The preparation of the data comprised the cleaning, transforming 
and dimensionality reduction in order to apply the ML-algorithm sufficiently. Since we 
have a multiclass classification problem, the decision tree algorithm CART was se-
lected. The evaluation of the CART algorithm showed that both the methodology and 
the application of ML-algorithms could lead to beneficial results. On the basis of the 
mentioned use case, tangible lessons learned could be derived and were divided into 
lessons learned on the management, project and technology level.   

Based on the variety of ML-algorithms, it is difficult to determine, which ML-
algorithm is the most suitable for predicting the product quality. In this use case, we 
compared the performance of different algorithms. These algorithms were selected by 
the character of the problem, by analyzing the data, by reviewing literature and by the 
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authors own experience. This process of choosing the ML-algorithm is highly depend-
ent on the expertise of the involved team members. Therefore, a tool that supports the 
user selecting the ML-algorithm could help in making the process more reliable.   

We explained why methodologies are widely used in data mining-projects but why 
they are just a footnote when choosing ML-algorithm for a specific problem. A concept 
how a DMT can support data scientists in selecting ML-algorithms for a specific prob-
lem was presented. The DMT takes domain-specific demands into account and charac-
terizes ML-algorithms accordingly. Problem type-specific evaluations of ML-
algorithms are included in the recommendations. Nevertheless, domain-specific 
knowledge, expertise regarding selection and implementation of ML-algorithms and 
the creativity of data scientists will not become obsolete. 
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