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New methods of prognostic analytics for industries are invented constantly, and research of 

predictive maintenance has become widely popular in recent years, so it becomes a 

requirement for the company to implement data-driven decisions into the working process. 

There are many works considering predictive maintenance implementation. Nevertheless, 

input data highly influences the process of models implementation, and business cases 

devoted to this phenomenon are limited. This Master’s Thesis provides an analysis of 

predictive maintenance models implementation in the biotechnological industry.  

In the literature review, the main directions of predictive maintenance research and 

remaining useful life estimation topic were discussed. In the empirical part of the thesis 

methods of Machine Learning and Deep learning were applied and compared. Decision Tree 

Classifier and Random Forest Classifier outperformed other models in terms of four different 

metrics - accuracy, precision, recall, and f-score values – and training time. Since the 

company is interested in the interpretation of models predictions, the two models were 

chosen as the best algorithms for predictive maintenance with four metrics equal to 1 on both 

validation and test data. Based on the findings, managerial implications and theoretical 

contribution of the work are given.    
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1. Introduction 

In this chapter the background of the research and general information considering the problem 

statement and research objectives are given. 

1.1. Background 

With the rapid development of modern technology, new methods to improve industry processes 

are being constantly developed. One of the widely used terms is Industry 4.0, which is also 

sometimes called Smart Industry. This concept can be divided into the following parts: smart 

manufacturing, Internet of Things (IoT), smart factory, and lights-out manufacturing (Sniderman 

et al., 2016). The idea behind the Industry 4.0 is the utilization of automation and modern data 

analysis models in the decision-making process in production facilities of large organizations. 

While industry 4.0 is about the implementation of data-driven automation and operations, 

predictive maintenance algorithms as an extension of condition-based monitoring make it possible 

to improve the maintenance process and productivity.  

Current predictive maintenance (PdM) solutions can be divided into three major groups (Montero 

Jimenez et al., 2020): 

1. Knowledge-based 

2. Physics-based 

3. Data-driven 

Knowledge-based solutions are built on the assumption that experts and researchers that use the 

equipment can predict the need for maintenance. Even though an approach based on experts` 

knowledge is easy to use and implement, it often results in errors and delays in production. 

Physics-based solutions consider laws of physics to assess the degradation of the model and its 

components. The last solution is a data-driven one. It considers data getting from the devices 

continuously (Zhang et al., 2019). 

With the development of machine learning (ML) algorithms and data analysis techniques data-

driven solutions have increased in number (Tao et al., 2018). It is an obvious trend, predictive 

maintenance can help companies to anticipate problems before they happen, so that business 
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processes remain stable and profitable. Moreover, such decisions raise the profit margin and 

productivity of the company. For example, the PwC report discussed the influence of predictive 

maintenance implementation in factories: it reduces cost by 12 percent, improves uptime by 9 

percent, reduces safety, health, environment, and quality risks by 14 percent, and extends the 

lifetime of an aging asset by 20 percent (PwC, 2018).  

 

1.1. Research questions 

The data for the thesis was provided by the biotechnology company BIOCAD. BIOCAD uses 

chromatographs to conduct analyses, each chromatograph has a lamp whose operating time 

influences the accuracy of the analysis result. The main task is to predict the need for the lamp 

replacement. Currently, the company`s maintenance management is based on a run-to-failure 

approach, when replacement takes place due to actual failure of the equipment which results in 

delays, financial losses, waste of resources due to loss of analyses results because of unnecessary 

replacements. It is not convenient to have spare lamps since a different number of lamps must be 

replaced each period, so an improvement of this approach can be the implementation of predictive 

maintenance algorithms to reduce maintenance costs and avoid unexpected failures.   

Since delivery of the lamps takes about 2-4 weeks, lamps within the period of 4 or 2 weeks before 

the average usage period (3000 hours) are considered as close to failure. Therefore, predictions 

based on 4- and 2-weeks intervals were done. These two thresholds can also be used for the 

comparison of the models' accuracy. Four-weeks based prediction is a positive situation when the 

data is provided fully and the operating time of the lamps can be calculated accurately and 

precisely, while a two-week based prediction can be used as a pessimistic scenario when there is 

a data loss problem, these periods provide a confidence interval which can be used for model 

assessment.  

The thesis is focused on the following research questions: 

1. How well can machine learning and deep learning models classify the data in terms of 

accuracy, precision, and recall? 

2. Are predictions of machine learning and deep learning models equally accurate or not?   

3. Can machine learning and deep learning models attain the same level of prediction accuracy 

based on four-week and two-week interval before the expiration time of the lamp?  
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Machine learning (ML) algorithms can assimilate, aggregate, and synthesize production data to 

extract patterns from the data, over time models can be trained to respond to the new information, 

that is why the usage of ML models can strengthen PdM. 

Machine learning algorithms provide effective tools for predictive maintenance implementation. 

A big advantage of the ML models is the ability to extract insights and patterns from the massive 

volume of data. The usage of Machine Learning algorithms will allow us to find answers to the 

proposed research questions. The data provided by BIOCAD includes time values and information 

from the equipment in textual format. Thus, an Ordinal Encoder is required to transform the text 

into numerical form to prepare the data for supervised ML models. Textual data includes important 

information considering the work of the equipment. Therefore, data transformation and extraction 

will be needed.  

Formulation of the task in the form of the binary classification problem applies to the data and the 

company`s motives because binary classification predictions allow having easy to implement 

visual indications of the expected failure. Several ML and DL models can be used for predictive 

maintenance, some of them (SVM, KNN) are well-discussed (Nikfar et al., 2022; Zhao, 2017), 

others (Decision Trees, CNN) are topical (Yurek, 2019; Zhao, 2017), but all of them can produce 

meaningful results. Therefore, classification models, such as logistic regression, decision tree 

classifier, random forest classifier, k-nearest neighbor (KNN) algorithm, naïve Bayes, 

convolutional neural network (CNN), Long-Short Term Memory (LSTM) model will be used in 

the thesis. Mentioned models can help to find interrelations between the need for lamp replacement 

and other variables presented in the data. 

 

1.2. Structure of the thesis 

The first part of the thesis describes the implementation of a predictive maintenance algorithm. A 

literature review of major articles considering predictive maintenance and different approaches to 

the remaining useful life estimation is the second part of the thesis. Then the focus of the thesis is 

on the mechanism of predictive maintenance and specifics of predictive maintenance in 

biotechnology companies. The fifth chapter will explain the usage of ML and DL models in the 

thesis, the principle of computation, and distinctions in results interpretation. The thesis will 

further present supervised learning classification models results, and comparison analysis. Models 
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creation and execution are done via Python programming language. Then the overview of the 

dataset provided by Biocad, and the results of the application of the mentioned models will be 

given. Finally, the general conclusion on models applicability and model comparison results will 

be given.  
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2. Literature review 

The literature used in the thesis can be divided into two main groups: main directions of predictive 

maintenance research and approaches to remaining useful life estimation. 

 

2.1. Main directions of predictive maintenance research 

Machinery maintenance can be divided into two groups: planned and unplanned maintenance. The 

former can be further divided into three other groups: predictive maintenance, preventive 

maintenance, and corrective maintenance. The latter is presented in two cases: emergencies, and 

breakdowns. Preventive Maintenance is usually carried out at predetermined intervals or according 

to prescribed criteria. Corrective Maintenance is carried out following the detection of an anomaly 

and is aimed at restoring normal operating conditions. Predictive maintenance uses predictions on 

when exactly the maintenance would be needed (Project Services Co., 2017).  

Predictive maintenance includes several aspects and approaches. The theme is well-discussed, and 

many prognostic methods have been presented in academic papers that will be discussed below. 

According to the research ‘Prognostic Methods for Predictive Maintenance: A generalized 

Topology’, there is a rapid increase in the number of publications considering predictive 

maintenance that indicates a significant interest in the problem (Leohold, 2021). The trend looks 

as following (Figure 1). 
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Figure 1. The exponential growth of the number of publications considering predictive 

maintenance. Image is taken from (Leohold, 2021). 

 

Articles consider different stages of the predictive maintenance process, from production and 

manufacturing to models’ application.  For example, predictive maintenance approaches have been 

discussed in the research of Efthymiou et al. (2012), popularity of the PdM algorithms is obvious: 

implementation of PdM can save up to 60-75% of total costs of manufacturing activity.  

There are many works considering the general idea of predictive maintenance. For example, there 

is a work by Wieger Tiddens which concerns the general theory of predictive maintenance, main 

models, frameworks and applications, and industry. The author concludes that there is a 

complexity of the application of PdM and a lack of theoretical guidance in selecting suitable 

techniques, identifying suitable candidates, and evaluating the added value of predictive 

maintenance application. (Tiddens, 2018). General data-driven approaches were also discussed in 

the article written by Zhang. It separated the implementation process into operational assessment, 

data acquisition, feature engineering, and modelling (Zhang et al., 2019).  

Machine learning and deep learning models strengthen predictive maintenance implementation. 

ML is the process of model learning through the experience without being explicitly programmed. 

Deep learning is usually considered a subset of ML. The first difference between these two terms 

is the volume of data needed for training. ML performs well on small datasets, while DL models 

need large datasets to be trained properly. Consequently, DL requires significant computational 

resources for training. Besides, features must be identified manually in ML, while DL can learn 

features automatically (Wehle, 2017).  



14 
 

Successful application of ML and DL models for predictive maintenance is well described in the 

literature. Zhai et al. have used an unsupervised learning approach to cope with unlabelled data 

and received promising results (Zhai, 2021). Nikfar et al. have used a support vector machine, 

backpropagation neural network, and random forest to detect abnormal motor behaviour. All 

models resulted in high confidence in the prediction (Nikfar et al., 2022). LSTM-classifier was 

used and validated in a real application case study (Nguen et al., 2021). A comparison of machine 

learning and deep learning models in predictive maintenance was also discussed in several works. 

Comparative analysis of ML algorithms showed that Random Forest outperformed other machine 

learning models (Ayvaz, 2021). Tiago Zonta et al. (2022) compared the usage of RNN and DNN 

in maintenance prediction. Some articles include relevant code examples in R or Python 

(Chekkala, 2020; Mishra, 2018).  

To sum up, the problem of predictive maintenance based on ML and DL approaches has significant 

interest and is well-studied. Several methods are analysed and compared in the literature. However, 

there are still several issues. One of these is that most models are not designed for and are not 

validated with industrial data (Zhai, 2021).  

 

2.2. Approaches to RUL estimation 

The key term included in the predictive maintenance discussion is remaining useful life (RUL) 

estimation, which involves the prediction of the period that a component or a device will be able 

to operate before warranting replacement. RUL problem discussion can be divided into several 

topics: knowledge-based models, physical models, data-driven models, and deep learning (Borst, 

2020). Similar classification can be found in many academic articles (Kang et al., 2021). The first 

one considers decisions based on previous failures, while physical models try to model the process.  

Deep learning models implementation for remaining useful life estimation is well-discussed in the 

literature. RUL estimation based on the recurrent neural network was proved to be accurate in the 

work of Wang et al (2020). There are works considering the use of LSTM-algorithms and their 

effectiveness in RUL estimation (Wu et al., 2020). A deep feature disentanglement transfer 

learning network has been effectively validated and proved to be effective for RUL prediction (Hu, 

2022). An approach of using the multilayer perceptron neural network for remaining useful life 

estimation substantially enhanced predictive maintenance results (Kang, 2021).  
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However, the usage of ML models for the case of RUL prediction is not widely presented in the 

literature. Such ML models as Linear Regression, Bayesian Linear Regression, Poisson 

Regression, Neural Network Regression, Boosted Decision Tree Regression, and Decision Forest 

Regression were used to predict the remaining useful life (Yurek, 2019). Comparison of ML and 

DL models based on the industry data was not the focus of many works. A comparative method 

that was not actively applied to this matter may result in a discovery of hidden data patterns that 

will lead to further managerial conclusions which would be beneficial for companies. 

  



16 
 

3. The mechanism of predictive maintenance and RUL estimation  

Predictive maintenance algorithms monitor and collect data, compare it with conditional baselines 

and detect any abnormalities or specific parameters. If there is a trigger, PdM models show that 

there is a required repair.  

This prediction model is useful for manufacturers because companies can anticipate when 

maintenance is needed, so they will not need to fix unexpected damages. There are several benefits 

of predictive maintenance implementation: it can reduce or even eliminate unscheduled equipment 

downtime, increase production capacity, reduce maintenance costs, and increase equipment 

lifespan (Carvalho, 2019). For these reasons, predictive maintenance is now widely used in many 

spheres, and companies are actively investing in the development of these prognostic models.   

There are several types of predictive maintenance implementation in the industry: 

a. Maintenance Planning and Scheduling. The goal of these algorithms is to predict 

maintenance considering company specificity and policy. 

b. Reliability- and Degradation- based Decision Making. This model differs in the 

implementation of degradation rates to minimize long-term costs.  

c. Joint Optimization. This area also considers production and supply objectives.  

d. Multi-State and Multi-Component Systems Optimization. This approach influences 

intermediate decision-making through the identification of intermediate stages.  

e. Maintenance Cost and Risk Estimation and Optimization. The focus of these models is the 

facilitation of the decision-making process by considering risk and costs (Alexandros Bousdekis 

et al., 2019).  

Implementation of predictive maintenance requires the following steps:  

1. Data collection 

2. Fault detection 

3. Machine fault diagnostics 

4. Machine prognostics 

5. Deciding on scheduling or resource optimization (K.S. Jardine et al., 2006) 
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The remaining useful life estimation, which is a way to strengthen predictive maintenance 

predictions, can be calculated using different approaches. The method of calculation is usually 

chosen based on the data available, three approaches can be mentioned:  

1. Usage of the lifetime data that can show the period before the failure of similar machines 

2. Run-to-failure history of similar machines. (Run-to-failure is a maintenance strategy that 

assumes that replacement is taken place only when the equipment has failed (Keyur, 2020)) 

3. A known threshold that can be used as an indicator to detect the need for replacement 

(Mathworks, 2018) 

In the thesis, the third approach was applied, as it is stated by the necessity to order and replace 

lamps within four-week and two-week intervals.  

  



18 
 
 

4. Context of the research  

In this chapter, the context of the research, new challenges for pharmaceutical companies, and the 

effect of digitalized technology are discussed. 

 

4.1. Pharmaceutical companies’ specifics of predictive maintenance implementation 

In recent years the pharmaceutical industry has experienced major changes in terms of the 

decision-making process, management decisions, data analysis, and customer demand. For sure, 

this industry is one of the most growing global sectors with sales of more than 1228.45 billion 

dollars in 2020 (Mikulic, 2021). The annual rate of the pharmaceutical market is about 6% since 

2017 (Dossier, 2018).  

Unexpected failures lead to loss of analysis results, and delays in their delivery, moreover, they 

can cost a company a huge share of the revenue, so pharmaceutical firms look for any approaches 

to optimize operating costs and increase profitability. Consequently, there is a strong uptrend in 

the number of predictive maintenance solutions. For example, the North America PdM healthcare 

market has increased almost three times from 2017 to 2022 (from 51.9 to 151.5 million dollars) 

(Otto, 2019). During the COVID-19 pandemic pharmaceutical companies faced new challenges, 

so digitalized technology is getting more and more important because it improves performance 

and creates more accurate planning and forecasting. 

 

4.2. Company overview 

BIOCAD is an international biotechnological company. The firm has been developing, 

researching, and manufacturing medicines for over 20 years. The company operates worldwide 

and has representative offices in the United Arab Emirates, China, Brazil, and Vietnam. It is 

famous for effective, safe, and affordable drug supply solutions. Biocad`s mission is to improve 

and extend people's lives through the provision of effective, safe, and affordable integrated drug 
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supply solutions. The company carries out a full cycle of development of new drugs in its research 

centers and laboratories (BIOCAD, 2022) 

BIOCAD implements structure-based drug design technology, they use modern computer 

modeling methods. The company has three R&D centers that are engaged in the creation of both 

original and generic drugs. The company launches research programs: MabNext(Creation of 

innovative drugs based on monoclonal antibodies for the treatment of oncological and autoimmune 

diseases), ChemNext(Obtaining of low-molecular compounds for the creation of revolutionary 

drugs of a chemical nature), and GeneNext (An advanced project for the creation of in vivo and 

ex vivo gene therapy aimed at developing a fundamentally new class of drugs). In 2019 BIOCAD 

invested 2.038 billion roubles in the development of original drugs (BIOCAD, 2019-2020).  

In pharmaceutical biotechnologies, the main work is carried out with proteins: these substances 

affect any biological process in the body. Depending on the structure of the molecule, a protein 

can treat a particular disease. There are many natural proteins, but the main goal is to find the right 

molecule for the treatment of the disease, it might be a tedious task. To save time scientists in 

BIOCAD create and use algorithms that help find the right molecule according to the given 

parameters. It is essential to conduct virtual experiments because they are important for the early 

stage of drug development. They allow researchers to save time and resources when looking for 

optimal solutions. Therefore, BIOCAD tries to automate various processes that are usually carried 

out manually, for example, filling out documentation and passports for drugs, and accounting for 

laboratory objects (RBK Group, 2021). 

In production, BIOCAD staff uses different devices to conduct analyses and experiments. One of 

the devices is a chromatograph. There are more than 100 chromatographs in use, they have various 

components and different frequencies of work. Chromatographs use two types of lamps and there 

is a need for their regular maintenance. All lamps have an RFID tag with operating time. 

Replacement takes place now according to the actual failure of the lamp (the lamp simply does not 

ignite). The lamp may also be replaced if the failure is detected by the researcher. The cost of each 

lamp is 1200 EUR, lamp limit of usage is about 3000 hours. It is not possible for the company to 

have spare lamps for all occasions, because a different number of lamps must be replaced each 

month, it is not convenient and profitable to order them in advance. The process of maintenance 

is not automatic, which leads to termination of work, because the time to order and deliver the 

lamp takes from 2 to 4 weeks, therefore there might be replacement delay, which results in 

suspension of studies. More precisely, if the lamp is replaced during the analysis it takes about 4 
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hours to replace it and the results of the research are not significant so the whole process should 

be repeated, if replacement is conducted when the analysis is finished, it takes only 30 minutes, 

and no results are lost.  

According to the information provided by the company, on average, the contribution of the 

predicted maintenance of 20 processes of lamps replacements per year will save 65 hours of 

employers' working time and 20 preserved research results. Moreover, since the average number 

of lamps used per year is 20 and the price of the lamp is 1200 euros, lamps delivery costs 24 000 

euros per year. Therefore on-time maintenance and lack of necessity to deliver unneeded lamps 

will save the company money.  

All in all, BIOCAD is an established pharmaceutical industry player that has extensive knowledge 

and data related to biotechnology. 
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5. Methodology  

In this chapter applicability of machine learning and deep learning models for predictive 

maintenance is discussed. Classification metrics used for models assessment are explained. 

5.1. Machine Learning  

Machine learning applications can be used in different spheres – retail (market basket analysis, 

time patterns analysis), banking (card fraud detection, customer segmentation), 

telecommunications (customer loyalty analysis), insurance (insurance fraud detection, risk 

analysis), molecular biology and genetics (drug design). Machine learning algorithms can be 

separated into two groups: supervised and unsupervised learning. They are different in a basic 

principle of work -while supervised algorithms use already known labels to train and test models, 

unsupervised – train models without any labels in the training dataset (Alloghani et al., 2020).  

Supervised ML algorithms use the predetermined label in addition to the use of input variables 

(Kotsiantis, 2007). These models try to classify (classification task) or predict (regression task) the 

output attribute while considering different performance measures (Mathworks, 2016). Examples 

of supervised algorithms are logistic regression, Lasso and ridge regression, decision trees 

classifier, random forest classifier, and SVM (Support Vector Machine) classifier (Dangeti, 2017).  

To prevent the occurrence of such problems as data leakage or overfitting, it is preferable to split 

the data into three parts – train, validation, and test data. The former is used to construct contingent 

functions for the classification or prediction of the output variable.   

To be sure, that the models can be used in production, their predictions based on the unseen data 

should be assessed. To evaluate the model, cross-validation techniques are often used. One of the 

most popular validation techniques is k-fold cross-validation. It splits the data into k folds, the 

model trains on the first k-1 folds, while the remaining k folds are used as the test set. The process 

is repeated using all folds, and then the result is calculated as the mean of all models. Usually, k is 

equal to 10, as it was shown to produce accurate predictions on different datasets and models. 

However, mentioned validation technique can be misleading if the data is imbalanced. A 

modification of k-fold cross-validation, which is called stratified k-fold cross-validation, can be 

used to preserve class distribution in each fold (He, 2013).  
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5.2. Classification models 

Classifications models for the thesis were chosen based on their applicability to predictive 

maintenance tasks. There are classical and topical methods for predictive maintenance 

implementation. Such models as RNN, CNN, SVM, Decision Tree, and Random Forest proved to 

provide accurate results within predictive maintenance and remaining useful life estimation areas 

(Naik, 2017; Wu, 2017; Zhao, 2017). Topical methods such as usage of Logistic Regression and 

KNN-classifier were not analysed based on the industry data. Their prediction accuracy varies 

based on the data quality and problem specification. Therefore, a comparison of classical and 

topical models was conducted. To get a deep understanding of methods, information considering 

the principle of calculations and work of the following models was analysed.  

5.2.1. Logistic regression 

Logistic regression is an algorithm that models binary dependent variables. The model compares 

two probability values from output and input variables and classifies the data based on the 

threshold. The logistic regression model can be problematic to use in terms of an imbalanced 

dataset, in these cases changes in threshold might be needed.  

Mathematically, logistic regression models a binary outcome which can have two possible values 

(1 or 0). It uses a sigmoid function to return the probability value. The model is widely used for 

the binary classification task. A general formula for logistic regression is of the following form: 

𝑝(𝑥) =
1

1 + 𝑒−(𝑥−𝜇)/𝑠
 (1) 

 where µ represents the midpoint of the sigmoid function – location parameter, 𝑠 is a scale 

parameter (Tolles et al., 2016). 

Logistic regression is a simple model to tune because it does not have many parameters. The 

threshold and regularization type can be chosen to tune the model. Since it can be prone to 

misleading results in imbalanced classification tasks, hyperparameter tuning can be used. 

The logistic regression model proved that it can be used for predictive maintenance, though the 

discussion is limited (Faraj, 2021). Although the model is simple and straightforward, it can be 

used as a baseline or to understand a general picture of the data (Staples, 2018).  
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5.2.2. Decision Tree Classifier 

Decision Tree Classifier is a widely used algorithm for classification, it is famous for easily 

interpretable results. Decision Tree Classifier has internal nodes which represent features of the 

data, and the branches represent the decision rules, they are developed by partitioning the dataset 

into subsets based on the most important features. Final calculations – classification – are 

conducted at the so-called leaves of the model.  

Decision Tree algorithms can be prone to overfitting, therefore thorough selection of the 

parameters, cross-validation techniques, or pruning are needed. There are two measures of 

impurity in the node: entropy and Gini; entropy provides the amount of impurity or uncertainty of 

the attributes. It is calculated using the following formula:  

𝐼 =  − ∑ p𝑖 ∗ log2(p𝑖) 

𝑁

𝑖=1

 (2) 

where pi is the proportion of class that belongs to the class N of the node. 

Gini calculates the probability of a feature being classified incorrectly when selected randomly, it 

is calculated using the following formula: 

Gini = 1 − ∑ 𝑝𝑗
2

𝑗   (3) 

 where pj is the proportion of class that belongs to the class N of the node (Capozzoli et al., 2016).  

The selection of one of the measures can influence the model results, therefore the influence of 

hyperparameters should be assessed. 

5.2.3. Random Forest Classifier 

The principle of Random Forest classifier is built on the combination of decision trees. It is a 

widely used ensemble method that aggregates results from several predictors.  

While training, the algorithm uses such approaches as bootstrapping to include randomness into 

the calculations by splitting each tree node into subsamples. Therefore, with the addition of other 

trees, the model does not overfit, which is a huge advantage of the method. At the end of 
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calculations, the algorithm aggregates the predictions from all decision trees. This algorithm is 

better for generalization, but less interpretable due to a bigger number of parameters in comparison 

with Decision Tree algorithms (Naik, 2017).  

The Random Forest model was used for predictive maintenance in the comparative study of 

machine learning algorithms, the results have shown that the RFs made predictions more accurate 

than Neural Network and Support Vector Regression models (Wu, 2017).  

5.2.4. Naïve Bayes Classifier 

Model is built on principles of Bayes Theorem, which considers the probability that an event will 

happen given that another event has happened: 

P(A/B) = 
𝑃(𝐵/𝐴)∗𝑃(𝐴)

𝑃(𝐵)
   (4) 

 where P(A/B) is a probability of A occurring given the evidence that B has occurred, P(B/A) is a 

probability of B occurring given the evidence that A has occurred, P(A) is a probability of A 

occurring, P(B) is a probability of B occurring. 

Naïve Bayes Classifier is a semi-supervised algorithm because it can be used in both clustering 

(unsupervised problem) and classification (supervised) tasks (Mossotto et al., 2017). Naïve Bayes 

Classifier creates a Bayesian network, which is generated by outcome conditional probability 

which is based on probability given by input variables (Qiu et al., 2016).  

The big advantage of the Naïve Bayes classifier is that it does not need much data to be trained 

properly. While the Naïve Bayes classifier is usually used for text classification tasks or problems 

with multiple classes, it can be used as a good baseline model for comparison with other 

algorithms. Usage of Naïve Bayes Classifier for RUL estimation was discussed in the work by Ng 

et al., where its accuracy was compared with that of Support Vector Machine. Naïve Bayes 

Classifier generated competitive prediction performance over the SVM (Ng, 2014).  

5.2.5. SVM classifier 

Support-Vector Machine classifier uses margins to classify the data. The model considers the 

position of the object base on the position in relation to the border. Each data item is represented 

as a point in n-dimensional space, while margins are defined as the distance between two 
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supporting vectors separated by a hyperplane. The model tries to minimize possible classification 

errors and maximize the distance between each class. Hyperplane categorizes points into classes. 

A big disadvantage of Support Vector Machine classifiers is that they are susceptible to overfitting, 

therefore results should be considered thoroughly (Rafiei et al., 2017).  

There are several advantages of using an SVM classifier. First, it has good generalization 

capability which helps to prevent the model from the overfitting problem. Support Vector Machine 

can efficiently handle non-linear data. SVM classifier is comparatively stable because minor 

changes in data do not affect the hyperplane greatly. The model showed great results in handling 

sequential data, for example, one research showed that SVM even outperformed Artificial Neural 

Network for time-series forecasting (Samsudin, 2010). It also presented promising results in RUL 

prediction of the rolling bearing and the general applicability of the model for any prognostic task 

was concluded (Roulias, 2013).  

5.2.6. KNN – classifier 

KNN classifier is a widely used algorithm for a classification task. It has the following advantages: 

researcher can choose distance measure metric which gives additional flexibility, results of the 

classification are getting better with adding more data to the training data. However, it should be 

mentioned that KNN is very sensitive to outliers, model implementation can take relatively more 

time as data grows (Altman et al., 1992).  

One of the most important parameters is K – it refers to the number of nearest neighbors to the 

data point. This is a crucial variable that influences the whole decision-making process and 

division into classes. Several distance metrics can be used in KNN. The most widely used is 

Euclidean Distance, which is also called L2 Norm (Cohen, 2004).  

Euclidean Distance =√(𝑥2 − 𝑥1)2 − (𝑦2 − 𝑦1)2 (5) 

Manhattan distance is the distance between two points measured along axes at right angles. In a 

plane with p1 at (x1, y1) and p2 at (x2, y2), the formula is the following (Black, 2019):  

Manhattan distance = |x1- x2| + |y1- y2| (6) 

 Another one is Hamming distance is the number of bits that differ between two binary strings. 

More formally, the distance between two strings A and B. Distance metric is important for KNN 
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classifier, it helps to train data more efficiently. There is a possibility to get better results by using 

different instance metrics (Sharma, 2019).  

5.2.7. Deep Learning models 

Deep learning is usually considered as a subset of machine learning because it generally uses the 

same principles, but it differs in the architecture of the algorithms: there are input, hidden, output 

layers that construct the network scheme. Each hidden layer uses one of the various mathematical 

functions to calculate the output and transfer it forward. The data is analysed consecutively which 

is useful for many machine learning models.  

Deep learning models iterate many times till a certain metric is achieved. Moreover, there is a 

tunable parameter – epoch – which helps to improve the model result by deciding how many times 

the entire dataset will be passed forward and backward through the network. There are two stages 

in deep learning models training: forward feature abstraction and backward error feedback 

(Goodfellow, 2016).  

CNN and RNN models’ usage was proved to be applicable to predictive maintenance and 

remaining useful life estimation tasks (Zhao, 2017).  

Convolutional neural networks use linear operation between matrixes named convolution. CNN 

uses non-linearity within hidden layers. Another important thing – convolutional neural networks 

use a backpropagation algorithm to reduce the error while training the model. While using CNN 

as a classifier, SoftMax or sigmoid function should be used at the last layer – it classifies the data 

at the last stage (Konda et al., 2019).  

Softmax is a generalization of the already mentioned logistic function which normalizes the 

network`s output to the probability distribution (Goodfellow et al., 2016). The Softmax function 

is presented by the following formula: 

𝑠(𝑧𝑖) =  
𝑒𝑧𝑖

∑𝑛 𝑒𝑥𝑗
   (7) 

where  𝑧𝑖  is an input vector,  𝑒𝑧𝑖 is a standard exponential function for input vector, n is a number 

of classes in the multi-class classifier,𝑒𝑥𝑗   is a standard exponential function for the output vector. 



27 
 

An example of the general structure of the Convolutional Neural Network model looks as 

following (Figure 2). 

 

Figure 2. Convolutional Neural Network. Image is adapted from (Beucher et al., 2022). 

Although Convolutional Neural Networks are highly popular for image classification, they can be 

used for other types of tasks. 

Another type of neural network is a Recurrent Neural Network (RNN). It follows the same logic 

and structure but differs in one aspect – it considers a sequence of data values. It is highly used in 

the time-series analysis where dependencies matter. RNN allows the usage of previous outputs as 

new inputs (Sherstinsky, 2020). An example of the general structure of the Recurrent Neural 

Network model looks as following (Figure 3). 

 

Figure 3. Recurrent Neural Network. Image is adapted from (Ogunmolu et al., 2016). 

LSTM-model is a variant of the RNN model, which uses iterative algorithms to learn long-term 

dependencies. LSTM-model can extract information from the previous cell and transfer it forward. 
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It is highly used to overcome the vanishing gradient problem. LSTM scheme is presented by 

connected memory blocks (Hochreiter, 1997). LSTM-model applies to the data provided by 

BIOCAD because it can model complex multivariate data sequences 

Since both ML and DL models can be used for BIOCAD`s data, they were compared in terms of 

the models’ ability to conduct binary classification task. Two major differences are the following: 

1. Convolutional Neural Networks are computationally cheaper than Recurrent Neural 

Networks because Recurrent Neural Networks can not use parallelization while 

classifying the data.  

2. Convolutional Neural Networks can see the data from a broader perspective 

because Recurrent Neural Network learns the data only from the timestamp it needs 

to predict. (Hassan Ismail Fawaz et al., 2019) 

 

5.3. Classification metrics 

Results of classification are presented as a list of predicted labels – 0 and 1. To evaluate each 

model one should consider classification metrics which help to understand whether the model 

achieved a certain level of prognostic accuracy.  

For the binary classification task, evaluation of the best solution can be done based on the 

confusion matrix, where a row of the table represents predicted by the model class, while the 

column represents an actual class. With the help of these instances, several terms are invented – 

true positive (number of positive instances that are correctly classified), true negative (number of 

negative instances that are correctly classified), false positive (number of misclassified positive 

instances), false negative (number of misclassified negative instances) (Hosin et al., 2015). The 

table looks as follows (Table 1). 

 

Table 1. Confusion matrix 

 Actual positive class Actual negative class 

Predicted positive class True positive False positive 

Predicted negative class False negative True negative  
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False positive and false negative predictions can be equally bad or not depending on the data and 

the situation that is analysed. In the case of a predictive maintenance problem, both types of 

mistakes can worsen the working process of the company: while false positive result leads to waste 

of resources and extra costs, false negative result contributes to not only loss of money, but also 

to the interruptions in analysis and corrupted analysis results, which is a worse situation. Therefore, 

minimization of the false negative rate as a priority should be achieved. 

To assess prediction accuracy and compare selected ML and DL models, the following metrics 

were chosen. One of the most used classification metrics is accuracy, it is based on the percentage 

of correct predictions over total class.  

Accuracy = 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠
 = 

𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (8) 

This metric is easy to compute and implement, though, despite its popularity among researchers, 

accuracy can be a highly biased metric in case of imbalanced classification, it is less favored 

towards minority class instances (Hosin et al., 2015).  

Precision shows how many of the selected positive instances are positive. This metric is relevant 

to use in the cases where identification of true positive results is a priority (Herrera et al., 2016).  

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃 
 (9) 

A recall is used to measure the fraction of relevant observations selected (Hosin et al., 2015).  

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (10) 

In terms of classification metrics, precision and recall are often in tension, therefore it is seen as a 

trade-off between two metrics. Due to the presence of the imbalance in the data provided by 

BIOCAD and since both false negative and false positive results are bad for the company, F-

measure is a good metric to assess prediction accuracy. F-Measure (F-mean) represents the 

harmonic mean between precision and recall values (Hosin et al., 2015).  

F = 
2∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
 (11) 
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5.1.  Python Programming language 

Mentioned Machine Learning tasks will be implemented in Python programming language with 

the usage of Jupyter Notebook. Python is considered as one of the best options for programming 

purposes due to the simplicity and consistency of the language (Thanaki, 2017). It allows to 

conduct data preprocessing, data analysis, train and predict machine learning models, build 

convolutional neural networks, and recurrent neural networks, and visualize the results. The 

benefits of Python include an extensive selection of frameworks and libraries for machine learning 

and deep learning models. Many libraries are easy to implement and have certain advantages, for 

example, NumPy and SciPy packages can be used for profound data analysis, the scikit-learn 

library is widely used for ML model implementation, Keras library uses a graphics processing unit 

(GPU) in addition to a central processing unit (CPU), also called a central processor, which allows 

performing calculations more rapid (Patel, 2018). 

Machine Learning models use numerical data to train and make predictions, therefore non-

numerical features should be transformed, it will be done with the help of LabelEncoder from 

sklearn.preprocessing package. To transform such features as time and to preserve their cyclical 

significance CyclicalTransformer from the feature_engine.creation package will be used. 

Other machine learning models described will be implemented with the help of the following 

Python libraries (Table 2). 

 

Table 2. Python libraries used for ML and DL models implementation. 

Machine Learning model Python package 

Logistic regression sklearn.linear_model.LogisticRegression 

Decision tree classifier sklearn.tree.DecisionTreeClassifier 

Random Forest Classifier sklearn.ensemble.RandomForestClassifier 

Naïve Bayes Classifier sklearn.naive_bayes.GaussianNB 

K-Neighbors classifier  sklearn.neighbors.KNeighborsClassifier 

Support Vector Machine Classifier sklearn.svm.SVC 

Convolutional Neural Network keras.models.Model 

Recurrent Neural Network  keras.models.Sequential 
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These Python libraries are open source and are commonly used to speed up the programming and 

automation process of ML and DL. 
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6. Model application to Biocad`s data 

Since most of the data is collected directly from the equipment, there is a problem of loss of the 

data due to equipment specification, therefore models of predictive maintenance can face the 

situation of missing data, so that replacement need prediction can become a more difficult task 

than expected. To resolve the issue, models were trained and compared based on two periods – 

four-week and two-week before the expiration time.  

 

6.1. Biocad`s dataset  

The data for the thesis is provided by BIOCAD. 10 datasets from 10 different chromatographs of 

the same type have been used, this data set concatenated consists of 157 885 rows total. 

Dataset consists of three columns with information about chromatograph activity (Table 3). 

 

Table 3. Example of the data provided by BIOCAD 

date event_class text_message 

2016-02-08 08:38:23.000 log.from.chromatograph 1 G1316A:DEACN41306 - Thermostat off 

2016-02-08 08:39:28.000 log.from.chromatograph 1 G1311C:DEAB818811 - Pump initializing 

2016-02-08 08:39:29.000 log.from.chromatograph 1 G1329B:DEAAC38976 - Get System Ready 

trigger> 

 

It is sequential data that present the activity of each chromatograph one after another. In sum, the 

data frame consists of the information from 10 chromatographs.  

The ‘Date’ column represents consecutive DateTime values of equipment logs. The range of the 

DateTime values is from the 2nd of March of 2015 13:08:18 to the 29th of December of 2021 

12:01:22. 
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‘event_class’ column provides characteristic of ‘text_message’. There are 11 unique values of 

‘text_message’ column. They have the following meaning: 

1. unit.process.info = Regular Action Notice 

2. log.from.chromatograph = Info from chromatographs 

3. unit.process.step = Process step notification 

4. data.status.invalid  = Data not accepted 

5. book.service.end = Equipment is free 

6. user.event.service =Message from user  

7. book.service.start = The user occupied the equipment 

8. unit.process.alarm = Emergency message 

9. book.fault.end = Equipment is free 

10. book.work.end = Equipment is free 

11. unit.process.warning = Warning 

Term ‘unit.process.info’ is equal to almost 68 % of the dataset, ‘log.from.chromatograph’ – to 

31%.  

The third column – ‘text_message’ – consists of 2861 unique values. However, it is important to 

mention that the ‘text_message’ column is presented in two parts – detector and textual 

information, so data extraction is needed to evaluate an actual number of unique values. 

‘Text_message’ column includes important information for the task – among processes description 

there are also facts of lamps replacement and lamps activity. The column has such text messages 

as ‘Lamp on’, ‘Lamp off’, so that the operating time of lamps can be calculated and measured, and 

also the column has information about the maintenance – such text messages as ‘UV-lamp 

replacement’ can be used to calculate a number of lamps, to create target variable, etc.  

There is the data from 10 chromatographs. As can be seen from the graph, the 6th and the 7th 

chromatographs contribute a lot to the number of observations. It can lead to misleading results by 

adding extra weight to the data presented from these two chromatographs, therefore data 

normalization is needed. Then the number of observations from chromatographs was plotted in 

Python (Figure 4).  
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Figure 4. A number of observations from 10 chromatographs. 

As can be seen from the graph, the 6th and the 7th chromatographs` logs present the largest number 

of observations. It can be explained by the active use of these two chromatographs in the analysis. 

Though their activity logs should be analysed more thoroughly, so that it does not influence 

models` results due to the presence of outliers.  

6.2. Data preprocessing 

The ‘Text_message’ column consists of information in two languages: Russian language and 

English language. Text written in Russian contains important information considering lamp 

replacement, therefore the text was translated using the ‘translate’ function. General function for 

further usage within the company was also implemented using the Python language.  

The most important information considering lamp replacement is in the ‘text_message’ column. If 

the data is checked using the ‘str.contains('replacement of UV')’ command, it has the following 

result (Table 4). 

 

Table 4. Lamps replacement information 

Index Date event_class text_message Chromatograph 

5178 2020-07-23 06:27:04.479 user.event.service Completed work: 

replacement of UV lamp 

1 

5179 2020-07-23 06:27:13.000 book.service.end Refusal: For an unforeseen 

reason; Completed work: 

replacement of UV lamp 

1 
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9672 2021-03-29 09:13:59.873 user.event.service Completed work: 

replacement of UV lamp 

1 

9673 2021-03-29 09:14:12.000 book.service.end Completed work: 

replacement of UV lamp 

1 

23237 2021-06-15 14:20:34.963 user.event.service Completed work: 

replacement of UV lamp 

2 

23238 2021-06-15 14:20:37.000 book.service.end Refusal: For an unforeseen 

reason; Completed work: 

replacement of UV lamp 

2 

It is obvious, that rows are duplicated because of additional information from the second 

event_class. As BIOCAD staff explained, string ‘Refusal: For an unforeseen reason. Completed 

work: replacement of UV lamp’ basically means the same as ‘Completed work: replacement of 

UV lamp’. Therefore, information considering lamps replacement from book.service.end will be 

removed, because user.event.service consists of the information from the user of the equipment 

which is more relevant in this case. After the removal of duplicated rows, we have less than 1% of 

lamps replacement cases in the dataset. This is highly imbalanced data.  

Through the initial data analysis, the first challenges were discovered. Firstly, information about 

lamps replacement is available only for 2020-2021, while a range of date values is from 2016 till 

2021. Secondly, for each chromatograph operating hours value is available only at one point of 

the time. Therefore, there is a difficulty to calculate accurately lamp working hours. 

For several chromatographs, calculations had to be done manually to have accurate results. 

Moreover, chromatographs have non-uniform activity: high activity periods are succeeded by the 

standstill periods. Company representatives assured us that this is a usual practice because 

chromatographs can operate at night or at the weekends. As already mentioned, the data represents 

an imbalanced classification problem. Initial data has less than 0,02 % of values labeled as 1 

(Positive Class (Failure)).  

‘text_message’ column was used to conduct feature creation. First, the column was split into two 

other columns – one with the detector name and the other with text information.  Since machine 

learning models use numerical data to train and predict classes, textual information must be 

transformed into a machine-readable format. There are several methods for data preprocessing, the 

two most widely used are One Hot encoder, Label Encoder, and Ordinal Encoder. One hot encoder 

creates a new column from each separate feature, while the Label encoder presents the data in a 

categorical way – for example, by naming the data as 3,2,1. The disadvantage of Label Encoder is 
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that features can be not ordinal, so for the model, it can be a misleading way of presentation, though 

it uses less memory, so it is more convenient and faster. As for One Hot encoder, its disadvantage 

is high cardinality, and the researcher would need to tackle the problem of curse dimensionality. 

Ordinal Encoder assigns an integer value for each unique category, so that common relations 

between variables are preserved. The data consists of sequential data that has relations between 

variables, so an Ordinal Encoder was used to transform textual information into a machine-

readable format. Then DateTime values were extracted from the date column – the data now has 

new columns such as ‘Date’, ‘Day of week’, ‘Year’, ‘Month’, ‘Day’, ‘Hour’, ‘Minute’.   

Column ‘lamp_number’ was added as values between indexes which contained information 

considering lamps replacement information and till the end of the next chromatograph, due to lack 

of data it is impossible to calculate accurately operating time of lamps before the period 2020-

2021, so it was considered that new chromatograph starts operating with the new lamp. In sum, 

we have information considering 34 lamps. The data was grouped by these lamps and calculated 

the operating time of lamps as a cumulative sum between rows presenting the time value of the 

start and the end of the work of lamps.  

Company representatives stated that the estimated operation time of the lamp before the 

replacements is about 3000 hours, however, it is a general recommendation to use the lamp not 

more than 3000 hours. Quite often lamps are operating for a wider period, however, the analysis 

cannot be conducted successfully in such circumstances and the whole research process will be 

spoiled. A histogram of the operating time of lamps looks as following (Figure 5). 
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Figure 5. Operating time of lamps. 

 

As can be seen from the graph, the majority of the lamps operate till the benchmark of 3000 hours, 

though there is a substantial part of lamps that continues operating till 4500 hours, and a small 

number that is not replaced till the 6000 hours of operating time. As was already mentioned, work 

of lamps continued after the expiration threshold can worsen analysis results and lead to loss of 

money and resources, therefore predictive maintenance approach is needed.  

Since the data can include meaningful information, feature creation was conducted.  There might 

be some hidden patterns such as hours of the day, days of the week, months, and seasons in the 

date column. To preserve the cyclical significance of time, CyclicalTransformer was used. It 

converts original DateTime values to cosine and sine values so that every moment within a period 

can be assigned with unique values. The disadvantage of this method is that each feature is now 

represented by two new columns – which will mathematically assign more weight to it from the 

algorithm perspective and several algorithms cannot process two features simultaneously (Pierre-

Louis Bescond, 2020).  

https://pl-bescond.medium.com/?source=post_page-----ce23581845ca-----------------------------------
https://pl-bescond.medium.com/?source=post_page-----ce23581845ca-----------------------------------
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The next step of data preprocessing was to get information about detectors and to get cleaned 

textual data. Initially, these columns represented the following information (Table 5). 

Table 5. Information about detectors in the initial data provided by BIOCAD 

date event_column text_message 

2016-02-08 08:39:28 log.from.chromatograph 1 G1311C:DEAB818811 - Pump initializing 

2016-02-08 08:39:29 log.from.chromatograph 1 G1329B:DEAAC38976 - Get System Ready 

trigger> 

The text was split by the ‘ - ’ symbol with the help of the split() function and the second element 

(text) was added to the new column ‘text_message_new’. Several values in the ‘text_message’ 

column also had a ‘>’ symbol which disturbed the function; therefore, it was removed using 

replace () function. The result looks as following (Table 6). 

 

Table 6. Text extraction result 

text_message text_message_new 

1 G1311B:DEAE415578 - Changed Actual Solvent A> Changed Actual Solvent A 

G1315D:DEAAX10019 - Lamp on Lamp on 

1 G7129A:DEAEQ21405 - Switch valve to Bypass. Switch valve to Bypass 

 

The detector label was added using the split() function by ‘:’ and ‘ – ’ symbols. Detector number 

can also identify lamp replacement – when a certain type of detector changes, the lamps were 

replaced, therefore this information can be relevant for models training. The result looks as 

following (Table 7). 

 

Table 7. Detector label extraction result 

Text_message detector 

G7121B:DEAEJ00900 – Run DEAEJ00900 

G7116A:DEAEM02262 – Valve present DEAEM02262 
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Functions that can be used further within the company for data preprocessing were also 

implemented using Python.  

Since there is no information about measurements or other continuous values, text messages 

considering any errors, failures, or pressure conditions were extracted and transformed into 

numeric values using an Ordinal Encoder. 

Then a correlation analysis was conducted using the heatmap function from the seaborn package. 

The correlation matrix looks as following (Figure 6). 

 

Figure 6. Correlation matrix. 

 

Target variable ‘new_lamp_replacement’ does not have any meaningful correlations with features, 

while there are strong correlations between explanatory variables, so features were selected using 

the feature extraction method. 

Then two data sets were created, and 0 in the target variable (‘new_lamp_replacement’) was 

replaced with 1 (lamp replacement) defining the window length by the condition of the operating 

time of lamps – whether it is within four weeks or two weeks before expiration time (3000 hours). 
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More precisely, while, in the first case, if the lamp`s operating time is within 2328-3000 hours 

period (4-week interval), it is considered that the replacement is needed, in the second, if the lamp`s 

operating time is within 2664-3000 hours period (2-week interval), it is considered that the 

replacement is needed. The first modification raised the percentage of lamps replacements 

identifications up to 9% from 0.02%, the second one – to 5% from 0.02%. All lamps with operating 

time greater than 3000 hours are considered as not needing the replacement, since they can 

represent outliers, or the calculations can be not accurate due to not systematic data obtained from 

the chromatographs.  

Several machine learning models are highly affected by features weights, so the features were 

scaled before applying them. I used StandardScaler() function to standardize features onto a unit 

scale with the mean equal to 0 and variance equal to 1, the approach helps to avoid the problem of 

losing the outliers.  

Then feature extraction was conducted using the Extra Trees Classifier. This model is also known 

as Extremely Randomized Trees. The result looks as following (Figure 7). 

 

Figure 7. Feature importance by Extra Trees Classifier (4-week interval). 
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As can be seen from the graph, several features contribute the most to the explanation of the 

variance of the target variable – lamp replacement. Among them are the number of the 

chromatograph, year, month, week, lamp number, the day represented by two columns, and 

operating times of lamps. In sum, they explain about 81% of the lamp replacement value`s 

variance.  

Different data preprocessing methods were used, so an analysis using DecisionTreeClassifier was 

conducted. The Decision Tree Classifier approach is based on building the decision tree, while the 

Extra Trees Classifier selects a random value for the split for each feature in the data just like the 

Random Forest model. Usually, Extra Trees Classifier reduces the risk of overfitting while 

Decision Tree Classifier, on the contrary, shows a high variance of the predictions (Naman 

Bhandari. 2018). The results of the feature importance analysis look as following (Figure 8). 

 

Figure 8. Feature importance by Decision Tree Classifier (4-week interval). 
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As can be seen from the graph, results differ, having a 100% of variance of the target variable 

explained by two features – the operating time of lamps and a week. From figure 8 it is obvious 

that these features are significant too.  

Since Extra Trees Classifier has a lower variance in comparison to Decision Tree classifier, 

because the former reduces the risk of overfitting by introducing randomness using random subsets 

of features, features were selected based on the ExtraTreesClassifier result.  

After feature selection is done with the help of ExtraTreesClassifier so that 81% of target variable 

variance is described by selected features. The data looks as following (Table 8). 

 

Table 8. Data preprocessing result 

Chromatograph year month week lamp_number cumsum 

0 0.166667 0.090909 0.096154 0 0.605291 

0 0.166667 0.090909 0.096154 0 0.605291 

0 0.166667 0.090909 0.096154 0 0.605291 

 

The data set contains 6 columns and 83461 rows. All features are normalized, so that they can be 

used for ML and DL models training. 

6.3. Results of data classification using ML models  

Since there are two boundaries for the period when the lamp is considered as needed the 

replacement, models were trained on two different data sets – based on a four-week interval and a 

two-week interval – to compare which models present significant results within this confidence 

interval.  

The data was split into three parts – train, validation, and test data. A validation set is used for 

tuning the parameters of the model, a test set is used to evaluate the performance of the model with 

selected parameters. In this sense, validation data occurs as part of model training. 
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6.3.1. Prediction based on four-week interval  

Several machine learning models were used to classify the data and have conducted 

hyperparameter selection, which resulted in higher values of recall and precision. For example, the 

change of distance metric from Minkowski to Hamming in the KNN-classifier raised the precision 

score from 0.89 to 0.99 and raised the recall score from 0.93 to 0.99. Logistic regression was tuned 

by changing the threshold to 0.2, which raised the precision score from 0 to 0.42, and the recall 

score from 0 to 0.38, so that F-score increased from 0.02 to 0.4. The model was validated through 

the stratified 10-fold cross-validation. The mean results of four metrics for each model look as 

following (Table 9).  

 

Table 9. Cross-validation results based on the four-week interval (ML) 

ML model Mean accuracy Mean precision Mean recall Mean F-score 

Logistic Regression 0.95 0.41 0.38 0.4 

Support Vector Machines 0.95 0.01 1 0.01 

Decision Trees 1 1 1 1 

Random Forest 1 1 1 1 

Naive Bayes 1 0.77 0.78 0.77 

K-Nearest Neighbor 1 0.99 0.99 0.99 

 

As can be seen from the table, the Decision Tree classifier, Random Forest classifier, and K-

Nearest Neighbor classifier provided the best results in terms of four metrics.  

The models’ ability to predict lamp replacement necessity on the test data was checked. The results 

look as following (Table 10). 

 

Table 10. Classification results based on the four-week interval (ML) 

ML model Accuracy Precision Recall F-score 

Logistic Regression 0.93 0.01 0.78 0.01 

Support Vector Machines 0.95 0.01 1 0.01 
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Decision Trees 1 1 1 1 

Random Forest 1 1 1 1 

Naive Bayes 0.98 0.77 0.82 0.79 

K-Nearest Neighbor 0.98 0.97 0.98 0.97 

 

As expected, the test data results are worse than predictions obtained through cross-validation 

(Table 9), however, the models’ prediction ability did not decrease significantly, some of the 

algorithms repeatedly showed the ability to make accurate predictions, among them are Decision 

Tree Classifier, Random Forest Classifier, and KNN algorithm. Results were also visualized using 

the matplotlib library (Figure 9). 

 

Figure 9. Classification results (visualization) based on the four-week interval (ML). 

 

Since three models made the predictions accurately, the reasoning behind the calculations of the 

algorithm can be discussed. Decision Tree showed high scores for all selected metrics, and 

decision rules that helped to achieve such a promising result were extracted (Figure 10).  
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Figure 10. Decision rules based on four-week interval. 

As can be seen from the figure, the tree is not deep, and the rules are quite understandable. Such 

features as a week, operating time of the lamps (‘cumsum’), and the serial number of the 

chromatograph provided an easy approach for effective calculations. Gini criterion was selected 

to make predictions.  

The rules can also be presented as a textual list: 

if week <= 0.9903846085071564: 

    if cumsum <= 0.19475824385881424: 

      if cumsum <= 0.17295384407043457: 

        return [[43583. 0.]] 

      else:  # if cumsum > 0.17295384407043457 

        return [[0. 5204.]] 

    else:  # if cumsum > 0.19475824385881424 

      return [[65766. 0.]] 

  else:  # if week > 0.9903846085071564 

    if cumsum <= 0.21698933839797974: 

      if Chromatograph <= 0.5000000149011612: 

        return [[62.  0.]] 

      else:  # if Chromatograph > 0.5000000149011612 

        return [[0. 1024.]] 

    else:  # if cumsum > 0.21698933839797974 

      return [[84.  0.]] 

 

 

The return statement shows how many samples were classified as the first or the second class. For 

example, in the last row, the model returns 84 samples of lamps that do not need replacement and 

0 objects of the lamps that need replacement. All features were normalized before the models’ 

training, so they are presented in the [0,1] range. The first rule of the Decision Tree Classifier is 

based on the week number. Only fifty-third week satisfies the following condition: ‘week > 0.99’, 

since 1 in normalized data represents 53 in not normalized data. 53 is also the largest number of 
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the week among the observations. It means that there is a dependence of lamp replacement needs 

on the sequence number of the week, which also signifies the influence of the time-related data. 

Within this if-statement (week > 0.99), the ‘Chromatograph’ number is also crucial, 

‘Chromatograph > 0.5’ leads to the accurate prediction of 1024 samples of replacement need, it 

can be explained by the presence of a large number of observations from the 6th and the 7th 

chromatographs in the data, since their chromatograph numbers are presented in normalized data 

as 0.55 and 0.66 respectively. In the if-statement ‘week <= 0.99’ operating time of the lamps was 

the key feature that influenced the decision-making process. The operating time of not normalized 

data corresponding to the condition ‘cumsum > 0.17’ in normalized data reflects the selected four-

week interval for lamp replacement consideration. The presence of outliers can result in 

uncertainty of the results, which is reflected by the if-statement ‘cumsum > 0.19’, which results in 

the prediction of 65766 samples of lamps that do not need the replacement.  

Another model that showed good results is the Random Forest. Since it is a combination of 

Decision Trees, it is not convenient to visualize it. However, decision rules and general information 

about the classifier can be extracted. Random Forest Classifier consists of 100 estimators. Almost 

all individual trees in the Random Forest classifier are deep (30 splits or more), they are much 

more complicated than the Decision Tree classifier, for example, the first estimator bases its 

predictions on 61 rules.  

KNN-classifier can be visualized if the features are presented in two-dimensional space, however, 

in terms of multi-dimensional problems it's visualization and analysis of the calculations are quite 

limited. As was already mentioned, Hamming distance increased the precision and recall results, 

number of K can also be extracted from the model, it is equal to 5.  

6.3.2. Prediction based on a two-week interval 

To get predictions for the narrower period (based on a two-week interval), the data was pre-

processed using the same steps. Extra Tree Decision classifier showed a similar trend with slight 

changes in values (Figure 11). 
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Figure 11. Feature importance by Extra Trees Classifier (2-week interval). 

 

As can be seen from the graph, several features contribute the most to the explanation of the 

variance of the target variable. Among them are a number of the chromatograph, day of week, 

month, week, lamp number, the day represented by two columns, and operating times of lamps. In 

sum, they explain about 78% of the lamp replacement value`s variance.  

Selected models were also assessed with the help of stratified 10-fold cross-validation. Change of 

hyperparameters in classifiers helped to increase the result, Hamming distance was again the best 

in terms of increasing precision and recall values for KNN-classifier. Change of the threshold of 

logistic regression also increased several metrics – precision, recall, and f-score. The result looks 

as following (Table 11). 
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Table 11. Cross-validation results based on a two-week interval (ML) 

ML model Mean accuracy Mean precision Mean recall Mean F-score 

Logistic Regression 0.98 0.02 0.9 0.05 

Support Vector Machines 0.98 0.02 0.9 0.04 

Decision Trees 1 1 1 1 

Random Forest 1 1 1 1 

Naive Bayes 0.96 0.27 0.99 0.43 

K-Nearest Neighbor 1 1 1 1 

 

The model’s ability with selected parameters to predict lamp replacement on the test data was 

checked. The result looks as following (Table 12). 

 

Table 12. Classification results based on the two-week interval (ML) 

ML model Accuracy Precision Recall F-score 

Logistic Regression 0.99 0.03 1 0.05 

Support Vector 

Machines 

0.98 0.02 1 0.04 

  Trees 1 1 1 1 

Random Forest 1 1 1 1 

Naive Bayes 0.96 0.97 0.26 0.41 

K-Nearest Neighbor 1 0.99 1 0.99 

 

Results based on a two-week interval are almost the same, there is a general trend of good 

prediction ability among such models as Decision Tree, Random Forest, K-Nearest Neighbor 

classifiers, and not a precise prediction of such models as logistic regression and Support Vector 

Machine. All models except one showed almost identical results in terms of four metrics, while 

Naïve Bayes Classifier recall results decreased significantly. The metrics were also visualized 

using the matplotlib library (Figure 12).  
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Figure 12. Classification results (visualization) based on the two-week interval (ML). 

As can be seen from the figure 12, three models show the best results in terms of four metrics.  

Identically  Decision Tree Rules were extracted (Figure 13).  

 

Figure 13. Decision rules based on a two-week interval. 

The rules can also be presented in the textual format. The Decision Tree Classifier used the 

following rules: 

if week <= 0.9903846085071564: 

    if cumsum <= 0.19475824385881424: 

      if cumsum <= 0.18697745352983475: 

        return [[48052. 0.]] 

      else:  # if cumsum > 0.18697745352983475 

        return [[0. 906.]] 

    else:  # if cumsum > 0.19475824385881424 

      return [[65630.     0.]] 

  else:  # if week > 0.9903846085071564 

    if cumsum <= 0.1869799792766571: 

      return [[105.   0.]] 

    else:  # if cumsum > 0.1869799792766571 

      if cumsum <= 0.2169889733195305: 

        return [[0. 947.]] 
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      else:  # if cumsum > 0.2169889733195305 

        return [[83.  0.]] 

 

The algorithms are quite similar, usage of the two features – operating time of lamps(‘cumsum’) 

and week – were the most important in terms of making predictions by Decision Tree Classifier. 

However, while the ‘Chromatograph’ feature is not presented here, it was significant for 

predictions based on a 4-week interval. All features were normalized before the models’ training, 

so they are presented in the [0,1] range. The decision rules are based on the fact whether the week 

number is more than 0.99 or not, this situation is discussed in the ‘Prediction based on four-week 

interval’ chapter (6.3.1.). Other decision rules are based on the operating time calculations, the 

condition ‘cumsum > 0.18’ in normalized data reflects the selected two-week interval for lamp 

replacement consideration. The presence of outliers influences the decision-making process, which 

is reflected by the if-statement ‘cumsum > 0.19’, which results in the prediction of 65630 samples 

of lamps that do not need the replacement. 

As for Random Forest Classifier, the algorithm based on the two-week interval is more complex, 

the mean value of rules among estimators is 80, and in general, trees are deeper. KNN-classifier 

hyperparameters remained the same.  

 

6.4. Results of data classification using DL models  

For further analysis, Neural Network and Long-Short Term memory models were also used.  

6.4.1. Prediction based on four-week interval 

A function to build a CNN model based on provided data was implemented. It has 3 layers and the 

SoftMax function is used as the last activation function. This algorithm uses batch normalization, 

average pooling, and the ReLu function for calculations. Batch Normalization is usually used to 

make the NN model prognosis more stable by re-centering and re-scaling layers` inputs. Average 

pooling takes a tensor and computes the average value among all the values (Ciresan et al., 2011).  
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Rectified Linear units (ReLu) function is a widely used method to account for non-linearities. The 

function returns 0 for any negative input, and it returns a value for any positive input (Liang, 2021). 

The formula looks like the following one: 

𝑓(𝑥) = max (0, 𝑋) (12) 

ReLU function is represented by the following graph (Figure 14): 

 

 

Figure 14. ReLU function. Image is adapted from (Szandała, 2018). 

 

The batch size of the model is equal to 8, and the number of epochs is equal to 50, which is based 

on the hyperparameter selection conducted. For the model`s results estimation accuracy, precision 

and recall were used.  

The model was validated with the help of stratified 10-fold validation. Since Keras library does 

not have an in-built function for f-score estimation, it was added manually to the function. The 

model predictions showed the following mean of metrics (Table 13). 
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Table 13. Cross-validation results based on the four-week interval (NN) 

Mean accuracy Mean precision Mean recall Mean F-score 

0.99 0.01 0.01 0.01 

 

The results of the model are not significant, meaning that the algorithm can not make predictions 

accurately. This can be related to the presence of an overfitting problem or misspecification of the 

model. 

Then the model was used to make predictions based on the test data. The results look as following 

(Figure 15): 

 

Figure 15. СNN model prediction accuracy based on a four-week interval. 

As can be seen from the figure, the accuracy of the model is quite high for both train and test 

values. However, as was already discussed, high accuracy score in imbalanced data can be a 

misleading metric, so other metrics should also be observed. The precision score results look as 

following (Figure 16): 
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Figure 16. Precision values based on the four-week interval (СNN). 

The recall score results look as following (Figure 17): 

 

Figure 17. Recall values based on the four-week interval (СNN). 
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Results for precision and recall values are almost 0. Precision and recall curves followed the same 

trend but with a different score of the metric.  

For LSTM-model another function was implemented in Python, the Sequential () function was 

used. As the last activation function SoftMax was chosen. To evaluate the loss of the model, the 

same metrics were used. Model`s epochs are equal to 100 and batch size is equal to 72, which is 

based on hyperparameter selection conducted. 

LSTM-model was also validated with stratified 10-fold cross-validation. The result looks as 

following (Table 14). 

 

Table 14. Cross-validation results based on the four-week interval (LSTM) 

Mean accuracy Mean precision Mean recall Mean F-score 

0.99 0.97 0.9 0.93 

Cross-validation scores are high, meaning that the model can predict the need for the lamp 

replacement accurately.  

Then the model was used to make predictions based on the test data. The accuracy score results 

look as following (Figure 18).  
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Figure 18. LSTM-model prediction accuracy based on a four-week interval. 

As can be seen from the figure 18, the accuracy score is increasing while model training, moreover, 

test set predictions are getting more stable while epochs increase.  

The results of precision and recall values for the Long-Short Term Memory model were observed. 

Precision score results look as following (Figure 19). 

  

Figure 19. Precision values based on the four-week interval (LSTM). 
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Recall score results look as following (Figure 20). 

 

Figure 20. Recall values based on the four-week interval (LSTM). 

Results are almost 1 for both recall and precision while epochs increase. Therefore, 

predictions based on a four-week interval by the LSTM model are much better than by the 

Convolutional Neural Network model.  

6.4.2. Prediction based on a two-week interval 

The same models were run based on the narrower period. Those rows that are within two weeks 

before expiration time (3000 hours) were marked as ‘1’ (an indicator of lamp replacement). Lamps 

with an operating time of more than 3000 hours are considered as not needed the replacement, 

because they can represent the outliers, or calculations can be not accurate due to not systematic 

data obtained from the chromatographs. The results of cross-validation look as following (Table 

15).  

 

Table 15. Cross-validation results based on the two-week interval (СNN) 

Mean accuracy Mean precision Mean recall Mean F-score 

0.99 0.01 0.01 0.01 
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The table shows results identical to the cross-validation results based on a four-week interval by 

CNN. Then the model was used to make predictions based on the test data. The accuracy score 

results look as following (Figure 21):  

 

Figure 21 CNN-model prediction accuracy based on a two-week interval. 

 

Results for the accuracy are quite high, though it is a misleading result. Then d the results of the 

Neural Network model`s precision and recall values based on a two-week interval were observed. 

Precision score results look as following (Figure 22). 
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Figure 22. Precision values based on the two-week interval (CNN). 

 

Recall score results look as following (Figure 23). 

 

Figure 23. Recall values based on the two-week interval (CNN). 



59 
 

Results based on the narrower period are even less satisfactory, both recall and precision are equal 

to 0 while the model makes predictions.  

LSTM-model was also validated with stratified 10-fold cross-validation and parameters were 

chosen based on the model performance on 10 folds. The result looks as following (Table 16). 

 

Table 16. Cross-validation results based on the two-week interval (LSTM) 

Mean accuracy Mean precision Mean recall Mean F-score 

0.99 0.97 0.7 0.82 

 

As can be seen from the table, the recall score slightly dropped, moreover, the model has a different 

result of recall metric in folds, having a 0.8 recall score in some epochs, while also having 0.3 in 

others – therefore it can be concluded that the model prediction ability is not sufficient.  

Then the model was used to make predictions based on the test data. The accuracy score results 

look as following (Figure 24). 

 

Figure 24. LSTM-model prediction accuracy based on a two-week interval. 
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On the test data, LSTM-model showed good results in terms of accuracy, it is seen that from the 

very beginning of the training accuracy is already high. Recall and precision scores were calculated 

for LSTM-model. The recall score results look as following (Figure 25). 

 

Figure 25. Recall values based on the two-week interval (LSTM). 

The precision score results look as following (Figure 26). 

 

Figure 26. Precision values based on the two-week interval (LSTM). 
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In terms of precision and recall values, the Long-Short Term memory model shows good results 

even within the narrower period. Precision and recall values are equal to 1 after the 40th epoch 

approximately. 

As can be seen from the models, the LSTM model is more accurate and precise than CNN even 

based on a narrower period. 

 

6.5.  Models comparison 

6 machine learning models and 2 deep learning models were trained based on two periods 

considered as boundaries of the confidence interval of the decision-making process, models were 

validated using stratified 10-fold cross-validation. The model was tuned with selected 

hyperparameters to get better results within the making predictions stage, however, the change of 

hyperparameters did not significantly influence the results in those models that did not show before 

the ability to make predictions accurately.  

Such machine learning models as Random Forest Classifier, Decision Tree Classifier, and KNN-

classifier had four metrics (accuracy, precision, recall, f-score) equal to 1 on both validation and 

test data, meaning that they predict all samples correctly. Logistic Regression and SVM classifier 

presented high scores of accuracies and recall (almost equal to 1) on both validation and test data, 

though low results of precision, and, consequently, f-score, meaning that models are not able to 

predict true labels accurately. Naïve Bayes Classifier showed intermediate results, having recall 

and precision values equal to 0.77 and 0.82 respectively on the test data based on the four-week 

interval, and recall and precision scores equal to 0.26 and 0.97 on the test data based on the two-

week interval, which means decreasing ability to identify correctly True Positives.  

CNN-model did not present significant results based on both selected intervals, having high values 

of accuracy, its precision and recall metrics are next to 0. LSTM-model, on the contrary, presented 

good results in terms of four metrics on both validation and test data with a decrease in recall 

values within the cross-validation process. 

Implementation of predictive maintenance should also consider the training time of the models; 

therefore, classifiers’ training time was considered. The result looks as following (Table 17). 
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Table 17. The training time of the models 

Model Training time (min) 

Logistic regression 0.8 

Support Vector Machine 1 

Decision Trees 1.1 

Random Forest 1.2 

Naïve Bayes  1 

KNN 17 

CNN 60 

LSTM 70 

As can be seen from the table, Logistic Regression took the smallest amount of time to train (48 

seconds), CNN and LSTM models took the greatest amount of time to train (60 and 70 minutes 

respectively). KNN-classifier took moderate 17 minutes to train. However, the best results are 

presented by the Decision Tree Classifier and Random Forest Classifier with 1 minute 

approximately need to train, still being able to make predictions accurately.  

Since the company is interested in the interpretable result, the Decision Tree Classifier and 

Random Forest classifier were chosen. Even though KNN-classifier and LSTM-model also 

showed promising results in terms of four selected metrics, they lack interpretability and extraction 

of decision rules which can be helpful for further improvement of the model or for implementation 

on other equipment in the company, moreover, training and testing KNN-classifier or LSTM-

model took more time more than training and testing both selected models.   
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7. Managerial application of the research 

Implementation and comparison of different models revealed differences between model 

prediction ability for imbalanced classification problems. While several algorithms can be used 

for solving such tasks as presented in the thesis, other models were deeply influenced by the 

presence of a big number of not-labelled instances. The research showed that the implementation 

of machine learning and deep learning algorithms can be used for predictive maintenance based 

on the data provided by the biotechnological company. Thus, for the industry, this means that 

additional research and initiatives should be conducted and involved. 

Misbalanced data input influences many widely used models even while using cross-validation 

methods. Moreover, a comparison of models results within different time before maintenance need 

was conducted and revealed high accuracy of such models as Random Forest and Decision Tree.  

The thesis can be used by the companies to estimate the remaining useful life of chromatographs` 

components and to implement predictive maintenance. Selected algorithms are highly influenced 

by the input data; therefore, these models can be useful for those situations when data consists of 

textual information and time-related features.  

For many other problems, different specifications of models and formulations of problems are 

needed. For example, many devices also have data related to pressure, noise, vibration, etc. – data 

related to physical values. Therefore, further analysis can be done considering the addition of other 

physics-related data. 

In terms of BIOCAD`s initiatives of implementation of predictive maintenance, several steps can 

be implemented. First, a function for data preprocessing in Python can be implemented. The 

function can take input data, follow the steps discussed in the thesis, transform it into the numerical 

form and apply machine learning or deep learning model. Moreover, an interactive dashboard can 

be invented for lamps and chromatographs operating time visualization. The dashboard example 

looks as following (Figure 27): 
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Figure 27. (a) Chromatographs in work chart; (b) Number of operating lamps chart; (c) 

Operating time of lamps chart; (d) Need for maintenance chart. 

 

Recommendations for BIOCAD are the following: 

1. To implement predictive maintenance algorithms in production. This will allow to reduce 

maintenance costs, avoid unexpected failures, and maximize equipment lifespan.  

2. To choose either Decision Tree Classifier or Random Forest classifier as the main model 

for predictive maintenance. Both classifiers showed similar results both on validation and 

test data based on two intervals used for lamp replacement prediction. Accuracy, precision, 

recall, and F scores are equal to 1, which means that all cases were predicted accurately. 

Training time was the same for both models. However, the Random Forest classifier is a 

deeper and more difficult algorithm, though, it is less prone to overfitting than the Decision 

Tree Classifier.  

3. Add information considering lamps` features which can enhance the input data, so that 

other models can be assessed  
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Conclusion 

The thesis presented an example of predictive maintenance implementation for the biotechnology 

company BIOCAD. It contributes to the shrinkage of the existing literature gap, particularly by 

describing the details of different models implementation for misbalanced and limited input data. 

Moreover, it implemented a real-life case study for an international biotechnology company, 

analysed the current company approach towards predictive maintenance implementation, and 

provided recommendations for further research and analysis.  

Due to the increased interest of the global community in research in the field of medicine and 

biotechnology because of the pandemic, new processes, challenges, and opportunities will be faced 

by biotechnology and pharmaceutical companies. Their stakeholders expect the company to 

conduct research without any delays, loss of results, or any consecutive problems.  

The industry is highly competitive and such methods as predictive maintenance algorithms provide 

a way to stand out. Nowadays the whole biotechnology industry is influenced by digitalization. 

Therefore, machine learning and deep learning models usage are becoming more and more 

important.  

Despite the growing popularity of predictive maintenance algorithms, their usage is highly limited 

by the data quality and specificity of the situation. Usage of algorithms based on industrial data is 

discussed now to a limited degree.  

From the scientific point of view the further research questions can be as follows: 

1. How does the addition of input data influence the models' results? 

2. Are these models applicable for predictive maintenance of other components or devices in 

the company? 

3. How data preprocessing and calculations can be implemented into the daily operation 

process? 

Models were divided into two parts: machine learning and deep learning algorithms. Each group 

was also divided into subgroups by the period of the prediction: within four-week or two-week 

intervals for assessing the need for lamp replacement. It provided the confidence interval that is 
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important for the company to be able to order and deliver lamps without any delays and 

requirements of extra costs and storage. 

To achieve the goals presented in the introduction, in this research classification algorithms that 

allowed to make predictions and compare their results in terms of four metrics: accuracy, precision, 

recall, and f-score on the given imbalanced data were introduced.  

The managerial conclusions were mostly dedicated to the importance of predictive maintenance 

implementation to the industry. Poor predictive maintenance algorithms can highly influence the 

company's operating process and damage the company`s brand.  

The thesis results answer the stated research questions: 

1. Existing machine learning and deep learning models can be used for the analysis of 

sequential data. Decision Tree Classifier, Random Forest Classifier, and KNN-classifier 

showed the best results in terms of precision and recall values among ML models, LSTM-

model outperformed CNN model. Decision Tree Classifier and Random Forest Classifier 

are the most interpretable models, and their training does not take a great amount of time 

which is crucial for industry implementation.  

2. Different models provide unequal results. They are highly influenced by the data quality 

and general structure of the data. Therefore, a comprehensive analysis of each situation 

must be performed.  

3. Since the data has outliers, several models showed unstable results within a narrower 

period of prediction. Several models such as the Decision Tree Classifier, Random Forest 

Classifier, and KNN-classifier showed the same level of accuracy, precision, and recall 

even within a narrower period. The results can be improved by using a larger dataset for 

model training. 

In the end, despite the thesis being one of the few dedicated to the complex topic of predictive 

maintenance in the biotechnological industry, the stated research goals were achieved. The 

research included an in-depth analysis and comparison of models that can be applied to the data 

provided by BIOCAD. Decision rules used by Decision Tree Classifier were discussed and 

interpreted, they revealed the uncertainty created by the presence of the outliers in the data. 

Moreover, high-performance measures can be influenced by the increase in the replacement rate. 

Therefore, future investigations of outliers' effect on the data and analysis of the number of target 

values are necessary to validate the conclusions that can be drawn from this study. The identified 
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challenges are the lack of interpretability of such models as the KNN-classifier and LSTM-model. 

Though they showed promising results for predictive maintenance implementation, the lack of 

explanations of their predictions based on the industrial data keeps a branch of opportunities for 

future research in the topic.  
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