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The increasing complexity and high utilization rates of industrial production equipment
increase maintenance requirements. Reducing production downtime and predicting failures
requires up-to-date and reliable information about the condition of the equipment. The aim
of this master's thesis is to evaluate the suitability of artificial intelligence-based methods for
developing maintenance in the machine tool environment.

The work consists of a literature review and a case study. The literature review compiles key
maintenance strategies and applications of digital and intelligent maintenance and creates a
basis for the methodological choices of the case study. The case study evaluates the
suitability of a large language model for structuring free-form failure records of machine
tools to support maintenance development.

The case study analyzed the failure histories of 18 machine tools. A total of 1768 failure
records were classified into 14 predefined failure categories in the Python software
environment using OpenAl's ChatGPT API interface and the GPT-4.1 model. The reliability
of the classification was assessed by comparing a random sample of 200 failure descriptions
with the classification made by an expert, measuring the agreement between the classifiers
using Cohen's kappa.

The results show that by utilizing a language model, failure descriptions can be structured
into categories, which enables the identification of recurring failures and machine-specific
failure profiles. The method used is suitable for maintenance development, but it does not
replace expert judgment in individual cases.
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Teollisuuden tuotantolaitteiden kasvava monimutkaisuus ja korkeat kdyttoasteet lisddvét
kunnossapidon vaatimuksia. Tuotannon seisokkien védhentdminen ja vikaantumisten
ennakointi edellyttdvit ajantasaista ja luotettavaa tietoa laitteiden kunnosta. Tdmin
diplomity6n tavoitteena on arvioida tekodlypohjaisten menetelmien soveltuvuutta
kunnossapidon kehittdmiseen tydstokoneymparistossa.

Ty6 koostuu kirjallisuuskatsauksesta ja tapaustutkimuksesta. Kirjallisuuskatsaus kokoaa
keskeiset kunnossapitostrategiat sekd digitaalisen ja dlykkddn kunnossapidon sovellukset ja
luo perustan tapaustutkimuksen menetelmdvalinnoille. Tapaustutkimuksessa arvioidaan
laajan  kielimallin  soveltuvuutta tydstokoneiden vapaamuotoisten vikakirjausten
jasentdmiseen kunnossapidon kehittimisen tueksi.

Tapaustutkimuksessa analysoitiin 18 tyOstokoneen vikahistoriaa. Yhteensd 1768
vikakirjausta  luokiteltiin 14  ennalta  maédriteltyyn  vikaluokkaan  Python-
ohjelmistoympéristdssd hyddyntden OpenAl:n ChatGPT API -rajapintaa ja GPT-4.1-mallia.
Luokittelun  luotettavuutta  arvioitiin ~ vertaamalla ~ 200  kirjauksen  otosta
asiantuntijaluokitteluun ja mittaamalla luokittelijoiden vélistd yhtenevyyttd Cohenin kappan
avulla.

Tulokset osoittavat, ettd laajaa kielimallia hyodyntdmalla vikakirjaukset voidaan jdsentda
luokkiin, mikd tukee toistuvien vikojen ja konekohtaisten vikaprofiilien tunnistamista.
Menetelmd soveltuu rakenteettoman kunnossapitodatan jésentdmiseen ja kunnossapidon
kehittdmisen tueksi, mutta se ei korvaa asiantuntija-arviota yksittiistapauksissa.
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SYMBOLS AND ABBREVIATIONS

Symbols

De Expected agreement

Do Observed agreement

K (kappa) Cohen’s kappa (inter-rater agreement coefficient)
Abbreviations

Al Artificial Intelligence

API Application Programming Interface

CBM Condition-Based Maintenance

CMMS Computerized Maintenance Management System
CNC Computer Numerical Control

DL Deep Learning

GPT Generative Pre-trained Transformers

IoT Internet of Things

KBS Knowledge-Based Systems

LLM Large Language Model

LSTM Long Short-Term Memory

ML Machine Learning

MTBF Mean Time Between Failures

NHPP Non-Homogeneous Poisson Process

OEE Overall Equipment Efficiency

PdM Predictive Maintenance



PM Preventive Maintenance
RM Reactive Maintenance

RUL Remaining Useful Life
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1. Introduction

Manufacturing is one of the key pillars of the Finnish economy. Its importance extends to
employment, exports and technological development. It covers a wide range of sectors from
the metal industry to machine shops and the forest industry. The competitiveness of Finnish
manufacturing is based on quality, cost-efficiency and continuous development of
production. Maintenance has an important role in achieving these factors, as it ensures the
operational reliability of production equipment, reduces downtime and extends the service

life of equipment.

Maintenance encompasses all activities that prevent and correct failures and maintain the
performance of production equipment throughout its life cycle. Preventive maintenance is
based on pre-planned maintenance activities, while predictive maintenance utilizes real-time
data and analytics to predict failures. (Ran, et al., 2019) High-value equipment, such as
machine tools, requires ongoing maintenance to maintain its performance (Roy, et al., 2016).
Figure 1 illustrates the target environment of this study: the maintenance focus is on high-

value machine tools.
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Figure 1. 5-axis machine tool. Image is generated with Artificial Intelligence. (OpenAl,
2025)

This work focuses on the machine tool environment, where the systematic utilization of
available information is key to the development of maintenance. Most often, the failure
history of machine tools is accumulated in text-based records, which are fragmented and
difficult to compare without appropriate structuring. When the data consists of separate
records, the development of maintenance is easily based on general assumptions instead of
the instructions being based on consistently realized failure history. This work examines how
the analysis of text-based data in the machine tool environment can support maintenance

planning and the development of the content of the instructions.

1.1. Digitalization and challenges in maintenance

Reliable operation of industrial production equipment requires an understanding of how the

failure behavior of machines changes during their life cycle. Machine tool failures typically



12

follow a so-called tub-shaped failure curve, in which the failure rate varies during the life
cycle of the device: early failures occur in the early stage, random failures in the middle
stage, and failures due to wear and tear in the late stage. (Lad, et al., 2016) Traditional
preventive maintenance is based on manufacturer-defined maintenance intervals, which are
based on data collected during the warranty period, among other things, but these generalized

models do not always represent real-world operating conditions (Li, et al., 2021).

At the same time, the strategic importance of maintenance has increased as machines have
become more complex, automation has increased, and production speeds have increased. In
today's competitive environment, minimizing production downtime is critical, as even short
production interruptions can cause serious financial losses. This has accelerated the shift in
maintenance towards data-driven and predictive models, where real-time information about

the condition of machines serves as the basis for decision-making. (Roy, et al., 2016)

Digitalization and Industry 4.0 have enabled data-driven maintenance as machines
continuously generate data on the condition and status of the machine. The data generated
by the machine can be used to predict failures in advance. Artificial intelligence (Al) and
machine learning (ML) in turn, offer new possibilities for identifying complex failure

patterns and scheduling maintenance based on wear. (Roy, et al., 2016; Lee, et al., 2015)

Predictive Maintenance (PdM) is based on continuous monitoring and analysis of the
condition of machines. The goal is to identify and schedule maintenance activities in an
optimal manner, thereby avoiding unplanned downtime and unnecessary maintenance
activities. Although digitalization has progressed rapidly, data quality, fragmentation, and
system incompatibility remain key challenges that limit the use of analytics and artificial

intelligence in maintenance. (Psarommatis, et al., 2023; Ran, et al., 2019)

1.2. Objectives of the Thesis

Machine tool maintenance failure histories have traditionally been stored in text format and
have not been systematically utilized before. This work examines how artificial intelligence
can be utilized in the analysis of text-based data, such as failure histories, so that the content
of machine tool maintenance would better reflect the actual condition of the machines. The

aim of the work is to determine whether artificial intelligence can be utilized in the
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development of the content of machine tool maintenance instructions and thus improve the

effectiveness and reliability of maintenance.

The work compiles a literature review of the key requirements and challenges of digital and
intelligent maintenance in the machine tool environment. The work presents examples of
how the content of maintenance instructions can be better targeted based on real failure

history using Al-based analysis.
The work is divided into two main parts:

1. A literature review that analyzes the requirements for digital and intelligent

maintenance in the manufacturing industry.

2. An artificial intelligence-based analysis that investigates how Al methods can be

applied in the interpretation of failure history.

This work is an experimental case study that evaluates the applicability of text analysis based
on the Large Language Model (LLM) to support maintenance development. The focus of
the work is on the application of artificial intelligence solutions and the interpretation of

maintenance data, not on software development.
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2. Machine tool maintenance and intelligent systems

Over past decades, maintenance in the manufacturing industry has undergone a major
transformation. Proactive and data-driven approaches have begun to replace traditional
reactive and time-based maintenance practices. (Bokrantz, et al., 2017) This literature review
examines early studies, theories and models related to maintenance, with particular focus on
machine tool maintenance, reliability modeling, and the use of artificial intelligence as part
of Industry 4.0 development. The objectives of the literature review are to collect and analyze
existing research, identify the opportunities and challenges of digital and intelligent
maintenance and establish a foundation for the Al-based analysis presented later in this

thesis.

In this thesis, smart maintenance serves as an umbrella term for data-driven maintenance
practices that are connected to the Industry 4.0 environment. The term digital maintenance
is used more narrowly to refer to the digitalization of maintenance processes and information
management and data infrastructure, such as maintenance system records, documentation,
and system integrations. The term smart maintenance refers to Al-based solutions that utilize
machine learning or large language models to support decision-making and failure

prediction.

The structure of the literature review is as follows: the first subsection (2.1) presents the
basics of machine tool maintenance and reliability, including traditional maintenance
strategies, common failure mechanisms, and key methods used in reliability modelling. The
second subsection (2.2) examines how industrial digitalization has impacted maintenance

through key Industry 4.0 technologies.

The third subsection (2.3) focuses on the role of artificial intelligence and machine learning
in improving maintenance. It describes current Al applications, their maturity level, and
remaining limitations. Subsection 2.4 compiles practical applications and industrial case
studies that illustrate the impacts of smart maintenance and highlight future development

directions. The final subsection (2.5) presents the key findings of the literature review.

The data used consists of peer-reviewed journal articles, conference proceedings, and recent

industry reports published between 2015 and 2025. The sources have been collected from
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the following databases: ScienceDirect, Knovel, IEEE, and Google Scholar. The search
terms used are: predictive maintenance, machine tool reliability, Industry 4.0, artificial

intelligence in maintenance, and data-driven maintenance.

2.1. Machine tool maintenance

This chapter examines the basics of machine tool maintenance and reliability, which form
the starting points for utilizing artificial intelligence-based analysis as part of maintenance
development. The chapter defines the key objectives and approaches and compiles the most
typical failure mechanisms. In addition, the chapter presents the principles of machine tool

reliability modeling, which can be utilized in planning maintenance strategies.

Machine tools are key production equipment in the manufacturing industry, and their
performance requirements emphasize precision and dynamic behavior. The machine must
be able to produce the required quality and maintain process stability. These requirements
are related to machine properties, such as structural rigidity and dynamic stability, as well as
accuracy. In addition, maintainability and maintenance feasibility are factors that affect the
practical performance of the machine and the operation of the system throughout its life

cycle. (Grzesik, 2008)

The main objective of maintenance is to maintain the operational condition of systems and
restore them to service as quickly as possible after failures. Machine tool failures cause
significant indirect costs in the form of production downtime, production disruptions and
quality degradation, such as increasing the number of rejected parts. This has increased the
importance of maintenance from the perspective of maintenance performance, as production
requirements have increased and systems have become more complex. Well-planned
maintenance practices extend the service life of equipment and enable problems to be
identified before significant damage occurs. In practice, users evaluate maintenance
performance using various indicators such as machine availability, Overall Equipment
Effectiveness (OEE) and life cycle cost. Machine tool maintenance has a direct impact on
production efficiency and quality, as machine performance inevitably deteriorates as a result

of component wear. (Lad, 2016)



16

The objectives of maintenance planning can be illustrated by dividing them into 5 areas
(Table 1): reliability, availability, maintainability, cost-effectiveness, and safety and
compliance. The success of maintenance depends on how well the different objectives can
be reconciled. In practice, this means that maintenance cannot focus on just one objective,

but must find a balance between several objectives

Table 1. Summary of maintenance objectives and their impact.

Maintenance Description Primary Impact Performance
Objective Indicators
Reliability Ensuring the machine operates Reduces unexpected Mean time Between

without failure during a breakdowns and Failure (MTBF),
defined time under specified production interruptions. Failure rate (A)
conditions.
Availability Maximizing the proportion Improves production Uptime ratio, Overall
of operational time relative to continuity and delivery Equipment Efficiency
total scheduled time. reliability. (OEE)
Maintainability Designing systems to allow Reduces repair time and Mean Time to Repair
quick, safe, and cost-effective maintenance costs. (MTTR), Restoration
maintenance and repairs. Factor (RF)
Cost Efficiency Minimizing total Improves profitability and Total Cost of
maintenance-related costs resource allocation. Ownership (TCO),
over the equipment life cycle. Maintenance Cost
Ratio
Safety and Maintaining operational safety Prevents accidents, Number of incidents,

Compliance and compliance with protects workers, ensures audit results

standards and regulations. legal compliance.

As shown in Table 1, maintenance is not only a technical support function but also a critical
part of business performance. For example, high availability can be achieved only when
maintenance planning is based on up-to-date and reliable data. On the other hand,
excessively frequent maintenance intervals increase costs and lead to inefficient use of
resources. Reliability modelling provides a systematic way to optimize maintenance

intervals and allocate maintenance resources more effectively. (Li, et al., 2021)
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The following subsections (2.1.1-2.1.3) provide a more detailed overview of maintenance
approaches for machine tools, typical failure mechanisms, and the basic principles of

reliability modelling.

2.1.1. Maintenance strategies and approaches

Traditionally, maintenance approaches are divided into reactive/ corrective and proactive
strategies (Figure 2). In reactive maintenance (RM), actions are taken only after a failure has
occurred. Preventive maintenance (PM), in contrast, relies on predefined time-based or
usage-based service intervals. Condition-based maintenance (CBM) uses information from
condition monitoring systems to assess the actual state of the equipment, while predictive
maintenance (PdM) aims to forecast failures in advance by using data analytics and

modelling techniques. (Ran, et al., 2019)

In addition, the way maintenance is carried out, and the emphasis placed on different
maintenance strategies varies depending on the organization’s technological maturity,

available expertise, and operational culture. (Bokrantz, et al., 2017)

Maintenance
Strategies
| |
Corrective Maintenance Preventive Maintenance
Strategies Strategies
_ |
Condition Based Predetermined Maintenance

Maintenance Strategies

Strategies

Predictive Maintenance
Strategies

Figure 2. Overview of maintenance strategies. Adapted from (Birinci & Altuntas, 2025).
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Corrective maintenance is the simplest approach. In this approach, maintenance activities
are only initiated when the equipment breaks down or production stops. The advantage of
the method is the low need for planning, while the disadvantages are typically unplanned
production interruptions, longer downtimes and higher repair costs. For this reason, reactive

maintenance is best suited for non-critical equipment. (Ran, et al., 2019)

Preventive maintenance, in turn, is based on regular maintenance intervals, which are
scheduled according to a rhythm based on the machine's operating hours or based on a
calendar. PM can reduce unexpected failures, but at the same time it can lead to additional
maintenance activities if the actual condition of the equipment is not taken into account in

maintenance planning. (Ran, et al., 2019)

Condition-based maintenance uses measurement and monitoring data, such as vibration and
temperature, to assess the need for maintenance. In turn, predictive maintenance uses
analytics and models to predict the probability of failure and schedule maintenance
interventions appropriately before a failure occurs. The benefits of condition-based and
predictive approaches are particularly related to reducing unplanned downtime and
extending the equipment lifetime. However, the implementation and utilization of the
methods require reliable measurement data, a functioning data infrastructure and analytics

expertise. (Bokrantz, et al., 2017; Ran, et al., 2019)

Table 2 illustrates how the focus of maintenance has shifted in many environments towards
data-driven and system-level operating models. In digitalized manufacturing, fact-based
decisions and decision-making support, which utilize predictive and prescriptive analytics,
are increasingly becoming the basis for maintenance planning. In practice, the optimal
overall solution is achieved by a combination of strategies, where time-based maintenance
provides a level of assurance for critical items and a condition-based/predictive approach
refines the timing based on actual condition and risk. (Ran, et al., 2019; Bokrantz, et al.,

2017)
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Table 2. Comparison of different maintenance strategies and their applicability. (Lad, et

al., 2016; Ran, et al., 2019; Bokrantz, et al., 2017)

Strategy Principle Advantages Limitations Typical Generation
Application
Reactive Maintenance Simple to Long Non-critical Maintenance
Maintenance actions are implement, downtimes, equipment, low- 1.0
(RM) performed only minimal high repair cost components.
after a failure planning costs,
has occurred. required. unplanned
production
interruptions.
Preventive Maintenance is Improves May lead to Critical machines | Maintenance
Maintenance carried out at reliability and unnecessary with predictable 2.0
(PM) regular, time- | safety, reduces maintenance life cycles.
based or unexpected and inefficient
usage-based failures. resource use.
intervals.
Condition Equipment Extends Requires sensor | Machine tools, Maintenance
Based condition is component network, data rotating 3.0
Maintenance monitored in lifetime, infrastructure, equipment,
(CBM) real time using reduces and skilled bearings and
sensor data. unplanned analysis. motors.
stoppages.
Predictive Uses data Enables optimal | High analytical | Highly automated | Maintenance
Maintenance analytics and maintenance complexity, production 4.0
(PdM) models to timing, data quality is systems.
predict the improves critical.
likelihood of availability.
failure before
it occurs.
Smart Combines Al Self-learning High Modern Industry | Maintenance
Maintenance automation, and optimized investment 4.0 environments. 5.0
and human system, cost,
expertise for supports cybersecurity
decision- human—AlI and integration
making. collaboration. challenges.
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Figure 3 illustrates the relationship between maintenance frequency and total costs. The
horizontal axis represents maintenance frequency, and the vertical axis represents total costs.

The total cost consists of preventive maintenance costs and corrective repair costs.

RM
Allow equipment
to run to failure

PM

Prevent problems
before they occur

Predict problems to
mncrease asset reliability

Cost

v

Frequency of Maintenance Work

Total Cost ———  Prevention Cost ——— Repair Cost

Figure 3. Comparison of maintenance strategies on the cost and frequency of maintenance.

Adapted from Ran, et al. (2019, p. 5).

In reactive maintenance, preventive maintenance costs are low, but corrective repair costs
are high, while in proactive maintenance approaches, the share of preventive maintenance
activities increases and the share of corrective repair costs decreases. One of the most
important goals of maintenance is to find a balance where maintenance is carried out only
when necessary without increasing unplanned downtime or unnecessarily increasing
preventive maintenance costs. Development has thus shifted the focus from RM/PM
approaches towards CBM and PdM strategies and further to smart maintenance concepts.

As digitalization, [oT and artificial intelligence mature, these have become viable and widely
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used options also in heterogeneous machine shop environments. (Bokrantz, et al., 2017; Ran,

etal., 2019)

2.1.2. Machine tool failure mechanisms

Machine tool components are exposed to complex loads, mechanical wear, vibration,
temperature fluctuations, contaminants and process-related forces during operation. These
stresses accumulate over time and can ultimately lead to a decrease in accuracy, performance
and operational capability. To develop maintenance and reliability strategies, it is necessary

to understand the failure mechanisms of machine tools. (Grzesik, 2008)

The failure behavior of equipment during its operating life is often described by a three-stage
model (Figure 4). Early life failures occur at the beginning of the machine's operation,
followed by a stable operating phase in which the failure rate remains almost constant.
Finally, the wear-out phase, in which the number of failures increases as materials fatigue

and components deteriorate. (Ran, et al., 2019)
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Figure 4. Statistical bathtub curve. Adapted from Ran, et al. (2019, p. 5).

The first phase of the curve describes early-life failures, which are often explained by
problems related to, for example, installation, commissioning and manufacturing and
assembly processes. During the stable operating phase, failures are more random and can be
related to the environment, usage or external disturbances. During the wear-out phase, the
background of failures is emphasized by phenomena such as wear, fatigue and other long-
term degradation processes. In particular, the role of predictive maintenance and planned
component replacement increases in the wear-out phase to avoid downtime. (Ran, et al.,

2019)

Machine tool failures can be divided into four main categories (Table 3): mechanical,
electrical, process-related and human-induced failures. Mechanical failures are related to,
for example, bearing wear, spindle misalignment, degradation of feed drive performance and
lubrication problems. Mechanical failures have a direct impact on machining accuracy and
surface quality. (Grzesik, 2008) Electrical failures can be caused by sensor malfunctions,
motor failures or control system faults, which cause sudden stops or unstable operation (Lad,

2016). Process-related failures are caused by incorrect cutting parameters, tool wear or
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inefficient chip removal, which increases cutting forces and vibration (Ran, et al., 2019).

Human-induced failures, in turn, are caused by operator errors, inadequate maintenance

practices or insufficient process monitoring (Bokrantz, et al., 2017).

Table 3. Classification of common machine tool failure types, typical causes, and impact

on machining process. (Grzesik, 2008; Lad, 2016; Ran, et al., 2019; Bokrantz, et al., 2017)

Failure Category

Typical causes

Impact on machining process

failures, control system faults

Mechanical Bearing wear, misalignment, Directly affect machining accuracy and
degradation of feed axes, surface quality by increasing vibration,

lubrication issues backlash, and geometric errors
Electrical Sensor malfunctions, motor Cause sudden stops, unstable machine

behavior, or loss of positioning accuracy

Process-related

Incorrect cutting parameters,
tool wear, inefficient chip

evacuation

Increase cutting forces and vibrations, leading
to reduced tool life and deteriorated surface

quality

Human-related

Operator errors, insufficient
maintenance practices,

inadequate process monitoring

Result in improper machine operation,
delayed fault detection, and increased

likelihood of recurring failures

Figure 5 shows an example of a mechanical failure. The figure shows the slideways of a
machine tool damaged due to insufficient lubrication. Wear on the slideways weakens the
controllability of the motion, increasing alignment errors and reducing dimensional

accuracy.
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Figure 5. Worn machine tool slideways.

Failure mechanisms commonly do not occur in isolation, but for example, the mechanical
deterioration of a component can be reflected in process loads and thus in failure behavior.
Or, correspondingly, maintenance and repair activities affect how failures occur over time.

Therefore, machine tool failures are often considered dynamic. (Li, et al., 2021)

Traditional reliability models, such as Weibull analysis and the Non-Homogeneous Poisson
Process (NHPP), are still widely used in modelling machine tool failures. The Weibull model
is particularly suitable for situations where failure behavior is related to wear and ageing
effects. NHPP models, in turn, are useful for repairable systems where the occurrence rate
of failures can change over time. However, the limitations of these methods are often related
on their reliance on historical data and their sensitivity to changes in operating conditions,
which emphasizes the importance of high-quality and representative datasets. (Li, et al.,

2021)



25

2.1.3.  Reliability modelling

Reliability modelling is a key method for assessing the performance and service life of
machine tools. It provides a mathematical basis for predicting failures, evaluating system
availability, and determining the optimal timing of maintenance actions. As outlined in the
previous subsections, machine tool failures are influenced by various load conditions and
disturbance factors. These effects can be examined quantitatively through reliability models,

which support data-driven maintenance planning and decision-making. (Lad, et al., 2016)

Reliability models provide the analytical foundation for maintenance planning by combining
estimates of failure probability with the strategic goals of maintenance, such as cost
efficiency and system availability. Maintenance scheduling can be analyzed from a
cost-optimization perspective, where the objective is to determine an interval that balances
the cost of preventive actions against the cost of failures. Through this cost-based reliability
optimization, organizations can identify an appropriate trade-off between maintenance
frequency and reliability: overly frequent maintenance increases expenses and downtime,

while excessively long intervals raise the risk of failures. (Lad, et al., 2016)

The development of smart manufacturing has shifted maintenance optimization toward data-
based decision-making and fact-based maintenance planning. In this approach, predictive
and prescriptive analytics play a central role in supporting maintenance decisions and

improving the timing and effectiveness of maintenance actions. (Bokrantz, et al., 2017)

Machine learning and artificial intelligence methods can use sensor data to classify machine
states and predict failures. Supervised learning techniques, such as Support Vector Machines
and Random Forest, are well suited for classifying operating conditions and detecting
anomalies. Deep learning approaches, including Long Short-Term Memory (LSTM)
networks, are effective for modelling time-dependent behavior and wear processes, for
example when estimating the remaining useful life of machine components. (Ran, et al.,

2019)

Bayesian updating methods can be used to refine model parameters as new data becomes
available, allowing reliability estimates to be adjusted dynamically based on the latest

observations from the system. (Li, et al., 2021)
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Integrating these Al-based methods with traditional reliability models can create a hybrid
framework that combines the transparency of statistical modelling with the adaptability of
data-driven analytics. This type of approach strengthens the role of maintenance as a
decision-support function and agrees well with the ongoing digital transformation of

industrial maintenance. (Bokrantz, et al., 2017)

Reliability modelling provides the mathematical and probabilistic foundation for optimizing
maintenance in machine tools. Classic approaches, such as Weibull and NHPP analyses,
remain essential for quantifying reliability. Modern Al-based methods enable more dynamic
and predictive decision-making. By combining reliability modelling, cost optimization, and
data-driven decision support, intelligent maintenance systems can be developed that link

theoretical analysis with practical industrial applications.

2.2. Digital transformation in maintenance

The fourth industrial revolution is a structural change in manufacturing, where physical
systems are connected to the digital world. In this change, cyber-physical systems, loT
technologies, artificial intelligence, and advanced data analytics are integrated into
production environments. These technologies enable real-time connectivity between
industrial machines and digital systems. This enables more autonomous and data-driven

production processes. (Nachiappan et al., 2025)

Digital transformation has enabled a shift in the focus of maintenance from time- and
experience-based approaches to condition-based and predictive maintenance. These
approaches leverage real-time sensor data, machine learning, and cloud-based platforms.
Digital approaches can improve equipment reliability and availability by predicting and

preventing downtime. (Li, et al., 2021)

Digital maintenance is an approach that aims to transform maintenance from a reactive
support function into a proactive maintenance approach. It utilizes interconnected digital
technologies, real-time data, and intelligent decision-support systems to plan, execute, and
optimize maintenance activities throughout the entire equipment life cycle. (Psarommatis, et

al., 2023)
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The following subsections examine the practical requirements of digital maintenance and
the systemic changes that its implementation requires, especially in machine tool
environments. Subsection 2.2.1 describes the key requirements for digital maintenance
technologies and data infrastructure, while subsection2.2.2 summarizes its main

opportunities and challenges.

2.2.1.  Technological requirements and data infrastructure

The implementation of digital and predictive maintenance requires a strong technological
foundation and data infrastructure to collect, transfer, store and analyze data. A well-
designed infrastructure promotes continuous condition monitoring, early fault detection and
enhances decision-making. As machine tools generate data from sensors and control
systems, reliable hardware, such as sensor networks and communication devices, is needed
to utilize the raw data. These enable real-time analytics and connectivity to enterprise-level
systems. (Lee, et al., 2015) Figure 6 illustrates the digital maintenance data pipeline from

data acquisition and pre-processing through analytics to maintenance decision-making.

Sensors/ NC/PLC Data acquisition Preprocessing/ Storage (edge/ fog/
logs + CMMS work | —> cleaning — cloud)
orders
Feedback loop (new Maintenance Analytics
data) < decision (work < (diagnosis/
order/ planning) prognosis)

Figure 6. Digital maintenance data pipeline from data sources to maintenance decisions.

Machine tools are equipped with a wide range of sensors that measure the condition of the
machine, including vibration, temperature, electrical current and torque (Grzesik, 2008).
This enables the available data to be utilized in the development of maintenance and

production performance.
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Lee etal. (2015) emphasize that accurate and continuous data collection is a fundamental
requirement for digital maintenance, as sensor data enables the development of cyber-
physical systems and digital twins. These allow machine operation to be simulated and
optimized in a virtual environment without interruptions in production. In addition, the
increasing use of wireless sensor networks and Internet of Things (IoT) solutions has enabled
scalable condition-monitoring systems even in large and complex production environments

(Ran, et al., 2019).

Digital maintenance requires a seamless data flow between different technological layers,
from production equipment to enterprise-level management systems. The information
system architecture is typically built from three interconnected layers. The first is the edge
layer, where data is collected and pre-processed close to the machine to reduce latency and
communication load. Local algorithms perform filtering, feature extraction, and short-term
diagnostics. In the second layer, the fog layer, gateways aggregate data at the machine or
production cell level. The third layer is the cloud layer, where a centralized platform
performs data storage and analysis, such as long-term trend analysis and Al-based analytics.

(Lee et al., 2015)

The importance of cybersecurity and data protection is emphasized when maintenance
systems are connected to IoT platforms and cloud services. For example, unauthorized
access to data or data manipulation can lead to significant operational disruptions or data
leaks. Protecting physical devices and digital data requires authentication, encryption, and

access control mechanisms. (Bokrantz et al., 2017)

Outdated control systems and only partially networked devices limit the efficient collection
and integration of data. This slows down the adoption of digital maintenance in many
industrial plants. (Lad et al., 2016) In addition to system modernization, the adoption of
digital maintenance requires the development of data analytics skills among personnel

(Bokrantz et al., 2017).

A reliable data infrastructure requires an integrated sensor network, standardized data
communication solutions, and effective data governance practices. This forms the backbone
of digital maintenance and ensures data quality, availability, and security. Cyber-physical

systems and cloud-based analytics support the shift towards predictive maintenance models,
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although implementation challenges remain. However, technological advances and better

data utilization are driving the widespread adoption of data-driven maintenance in industry.

2.2.2.  Opportunities and challenges in digital maintenance

Digital maintenance is one of the emerging areas of modern industry, and its importance is
constantly growing from the perspectives of production efficiency, equipment reliability,
and sustainability. While digital solutions offer opportunities for cost control and improved
operational reliability, their implementation also involves technical, organizational, and
cultural challenges. Understanding these factors is essential for realizing the benefits of
digitalization in practical industrial environments. The key opportunities and challenges

discussed in this section are summarized in Table 4. (Bokrantz, et al., 2017)

Table 4. Key opportunities and challenges in digital maintenance.

Opportunities Challenges
Predictive maintenance and improved reliability Technological complexity and data management
Production efficiency and quality management Cybersecurity and data privacy
Sustainability and resource efficiency Organizational and cultural changes

Opportunities in the development of digital maintenance
1. Predictive maintenance and improved reliability

Digital systems enable predictive maintenance, where failures can be predicted based on
real-time machines and process data. Analytics based on artificial intelligence and machine
learning help identify early signs of wear and anomalies before failure occurs. This reduces

unplanned downtime and extends equipment lifetime. (Li, et al., 2021)

Predictive models enable maintenance resources to be more efficiently allocated to
components with the highest failure risk. This reduces unnecessary maintenance activities

and lowers life-cycle costs. (Lad, et al., 2016)

2. Production efficiency and quality management
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Digital maintenance also supports production optimization. When the condition of machines
is monitored in real time, process parameters can be automatically adjusted to maintain
optimal performance. This improves equipment availability, product quality, and overall

production efficiency. (Ran, et al., 2019)

Sensor data can also be used to identify process deviations that affect product quality. This
directly links maintenance to quality management and makes it a strategic element of

organizational competitiveness. (Bokrantz, et al., 2017)
3. Sustainability and resource efficiency

Digital maintenance supports industrial sustainability goals by reducing resource
consumption and environmental impact. Optimized maintenance planning reduces the
consumption of spare parts, lubricants, and energy, while longer maintenance intervals and

extended equipment life cycles reduce material waste. (Ran, et al., 2019)

Key challenges and barriers to implementation:
1. Technological complexity and data management

The implementation of digital maintenance is often a multi-stage and technically demanding
process. Equipment and software systems from different manufacturers often rely on
incompatible protocols and data formats, which makes data integration and analysis difficult.

(Li, et al., 2021)

In addition, data-quality issues such as missing values, measurement errors, and inconsistent
sampling rates reduce the reliability of predictive models (Ran, et al., 2019). The
continuously increasing volume of data requires a scalable infrastructure that supports real-
time processing and secure data transmission. This, in turn, requires significant investments
in sensor technologies, network architecture, and cloud-based analytics solutions. (Lee, et

al., 2015)
2. Cybersecurity and data privacy

With digitalization, maintenance systems are increasingly connected to external networks,

which increases the likelihood of cybersecurity risks. Unauthorized data access,
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denial-of-service attacks, or system manipulation can cause production disruptions and

safety risks. (Bokrantz, et al., 2017)

Ensuring cybersecurity requires strong access-control procedures, data encryption, and
continuous monitoring to detect anomalies. At the same time, organizations must ensure data
privacy and that data sharing with partners and suppliers is carried out in a controlled and

secure manner. (Ran, et al., 2019)
3. Organizational and cultural changes

Digital maintenance is not only a technological change but also requires organizational and
cultural adaptation. New systems require expertise in data processing, automation, and
system integration, which is why personnel training and competence development are crucial

for successful implementation. (Bokrantz, et al., 2017)

Traditionally, maintenance has been seen as a production support function, but with
digitalization, it has become an increasingly strategic element of business development. This
change requires cross-functional collaboration between maintenance, IT, and management,
as well as a data-driven mindset. (Lad, et al., 2016) However, resistance to change, unclear
responsibilities, and a weak data culture can slow down the progress of digital

transformation.

However, successful implementation requires technological maturity, strong cybersecurity,
and the organization’s commitment to digital transformation. In the long term, the
development of digital maintenance toward Maintenance 5.0 will enable the utilization of
intelligent, sustainable, and human-centric maintenance models as part of the broader digital

transformation of industry. (Ran, et al., 2019)

2.3. Artificial intelligence in maintenance optimization

Traditional statistical methods cannot detect complex and nonlinear failure patterns.
However, pattern recognition is possible using various branches of artificial intelligence,
such as machine learning and deep learning. Learning models can be used to predict the
remaining service life of components, identify anomalies, and optimize maintenance

resources. (Khan, 2024)
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These methods combine Al-based approaches with cyber-physical systems and digital twins.
They can simulate the effects of maintenance interventions and support maintenance
decision-making without interrupting production. Al not only identifies failure patterns, but
can also be used to improve maintenance planning and execution. In addition, Al can be

used to automate root cause analysis and develop self-learning systems. (Okpala et al., 2025)

Bokrantz et al. (2017) and Lad et al. (2016) emphasize that the application of Al to
maintenance is a significant change for organizations, as it requires significant investments
in the skills of maintenance personnel, especially in analytics, automation and information

systems management.

This chapter examines the use of Al in maintenance optimization and the technologies and
methods needed for its application. It also discusses the benefits and challenges of Al in

industrial maintenance.

2.3.1.  Principles of artificial intelligence

In general, artificial intelligence refers to the ability of information systems to utilize
learning, reasoning, and decision-making in tasks that would traditionally require human
cognitive abilities. In maintenance, artificial intelligence refers to solutions that can analyze
data generated by equipment and identify deviations and faults at an early stage. (Khan,
2024) In smart maintenance, artificial intelligence acts as a key enabling factor. Artificial
intelligence combines data collection, analytics, and decision support (Ran et al., 2019; Lee
etal., 2015). With these capabilities, maintenance can be developed from passive monitoring

to systems that can detect and predict faults.

Artificial intelligence consists of various methods. The most important areas of artificial
intelligence in maintenance are machine learning, deep learning, and knowledge-based

systems (KBS) (Figure 7).
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Figure 7. Overview of Al method families, authors synthesis based on (Ran, et al., 2019;

Khan, 2024; Okpala, et al., 2025).

Machine learning is a branch of artificial intelligence where algorithms learn to make
decisions based on data without separate programming. ML models identify patterns and
dependencies in data, which can be used for, for example, predicting failures, optimizing

maintenance intervals, and assessing operating conditions. (Ran, et al., 2019; Khan, 2024)

Machine learning is used in maintenance applications, especially for classification,
regression analysis, and clustering. Classification can be used to distinguish between normal

and abnormal operating states, for example, to identify support failure or imbalance.
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Regression analysis is used to predict component wear or remaining service life. Clustering,
on the other hand, groups large sensor data and identifies trends without predefined

categories. (Ran, et al., 2019)

Deep learning is a further development of machine learning, based on multilayer artificial
neural networks. These can be used to model complex and nonlinear phenomena that are
typical of industrial processes. Deep learning is particularly suitable for analyzing large and

diverse data sets, such as vibration, temperature, acoustic and image data. (Khan, 2024)

Ran et al., (2019) emphasize the advantage of deep learning as its ability to learn features
automatically without separate specification of features. This makes it an effective tool in
maintenance, where measurement data is often nonlinear and contains a lot of noise. Typical
applications include convolutional neural networks, which can be used to identify, for
example, bearing and motor faults based on signal or image data. In addition, LSTM and
Gated Recurrent Unit networks can be used to predict trends and deviations in time series
data, such as temperature and vibration. Deep learning allows maintenance systems to learn
autonomously to identify failure mechanisms and adapt to new situations without manual
model updating. This makes DL models particularly useful in complex, real-time production

environments.

Before the widespread adoption of data-driven methods, expert systems based on rules and
expert experience were widely used in maintenance. Although these systems are not capable
of learning independently, they still provide a strong foundation for repetitive situations and

produce easily interpretable decisions. (Ran, et al., 2019)

Today, knowledge-based systems are combined with artificial intelligence models to form
hybrid solutions, where predictions generated by machine learning complement expert
knowledge. This achieves a better balance between automated decision-making and human

expertise, especially in critical industrial applications. (Okpala, et al., 2025)

Lee et al. (2015) describe the operating principle of Al in the context of maintenance as a
three-stage process. In the first stage, data is acquired and processed: sensors collect real-
time information about the machine’s state, which is pre-processed, for example, by filtering,
feature extraction and normalization. In the second stage, modeling and learning are
performed, in which Al models analyze the collected data and learn how different parameters

are related to machine performance and failure. In the third stage, decision-making and
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optimization are performed, where the system automatically suggests or implements

maintenance actions based on the predictions produced by the models.

This cyclical process can be considered a self-learning feedback loop, in which Al
continuously improves its accuracy and decision-making reliability based on new data (Ran,

etal., 2019).

The principles of Al from a maintenance perspective are based on learning from data,
automating decision-making, and continuously developing models. Machine learning and
deep learning provide tools for detecting and predicting complex failure mechanisms, while
data-driven methods bring interpretability to models and combine human expertise with

automated analytics. (Lee, et al., 2015; Li, et al., 2021; Ran, et al., 2019)

2.3.2. Al and machine learning in predictive maintenance

Artificial intelligence and machine learning are key technologies in predictive maintenance,
which represents one of the most significant applications of industrial digitalization. Unlike
traditional reactive or time-based maintenance, predictive maintenance utilizes real-time
data, sensor technologies, and intelligent algorithms to assess the condition of equipment

and predict failures before they occur. (Rihan, et al., 2025)

Al- and ML-based methods analyze large volumes of heterogeneous data, such as vibration,
temperature, electrical current, and acoustic signals, and identify anomalies that may indicate
early-stage degradation. These models can be used to optimally schedule maintenance
actions, minimize unplanned downtime, and extend the equipment service life. At the core
of predictive maintenance is the integration of cyber-physical systems and industrial 10T,
which enables real-time data transfer and analytics directly in the production environment.

(Lee, et al., 2015; Li, et al., 2021)

The strength of machine learning lies in its ability to continuously learn from machine
behavior and adapt to changing operating conditions. Algorithms such as Random Forest,
Support Vector Machines, and neural networks can identify complex and non-linear

dependencies that traditional statistical methods cannot detect. (Rihan, et al., 2025)
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Machine learning methods can be divided into three main categories: supervised learning,
unsupervised learning, and reinforcement learning. In supervised learning, models are
trained using labelled data, such as examples of normal and faulty operating states, and this
approach is particularly useful for fault classification and predicting the remaining useful
life of components. Unsupervised learning, on the other hand, identifies hidden patterns and
anomalies in data without predefined classes, and is often used for clustering large sensor
datasets and anomaly detection, especially when labelled training data is limited. (Khan,

2024) Table 5 summarizes the key learning paradigms and their typical role in predictive

maintenance.
Table 5. ML learning paradigms in predictive maintenance.
Learning type Data requirement Typical Key advantage Key limitation
maintenance
tasks
Supervised Labelled data Classification, High accuracy Labels costly/

learning RUL biased
Unsupervised Unlabeled data Anomaly Works without More false alarms

learning detection, labels

clustering

Reinforcement Reward/ cost + Scheduling, Optimizes actions | Needs simulation/

learning environment prioritization safe learning

Reinforcement learning is based on a feedback loop, where the system learns through
trial-and-error interactions and feedback to optimize maintenance strategies in real time, and
this approach can be used, for example, to optimize the scheduling and prioritization of
maintenance resources. (Khan, 2024) By combining these methods, organizations can move
toward self-learning maintenance systems that adapt to changes in the operating environment

and optimize actions based on continuous data streams.

Al- and ML-based maintenance offers significant benefits in terms of production efficiency,
cost-effectiveness, and equipment reliability. Unplanned downtime can be reduced,
component lifetime extended, and life-cycle costs reduced, while availability and delivery
reliability are improved. In addition, resource and energy utilization can be optimized, which

supports sustainability objectives. (Rihan, et al., 2025; Lee, et al., 2015)
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However, alongside these benefits, the implementation of Al-assisted maintenance raises
several challenges. First, data quality and standardization are critical, as incomplete, noisy,
or heterogeneous data reduces the accuracy and generalizability of models. In addition,
model overfitting and misclassification may pose challenges, especially in deep learning
models, where model interpretability is limited and the risk of incorrect decision-making
increases. Cybersecurity is also a significant challenge, as IoT- and cloud-based maintenance
systems are vulnerable to data breaches and attacks, which is why artificial intelligence is
increasingly used for anomaly detection and real-time threat mitigation. In addition, the
effective use of Al requires organizations to develop expertise in data science, programming
interfaces, and system integration to ensure that systems can be effectively deployed and

fully utilized. (L1, et al., 2021; Rihan, et al., 2025; Bokrantz, et al., 2017)

The application of artificial intelligence and machine learning in predictive maintenance
represents a shift toward self-learning and autonomous systems, where decision-making is
driven by real-time analytics and continuous learning. Such systems do not merely react to
failures, they can also anticipate, optimize, and in some cases autonomously execute

maintenance actions.

2.3.3. Language models in maintenance documentation

Previous studies and literature show that the use of intelligent solutions in industrial
maintenance has been mainly limited to the analysis of sensor-based data, such as vibration,
temperature and electrical power signals. For example, machine learning methods and neural
network-based models are used to analyze sensor-based data for fault detection and
predictive analysis (Khan, 2024). Roy et al. (2016) also emphasize the increase in the amount
of available data and the need for advanced analysis methods, but their review focuses on

operational data and not on the use of text-based information.

Sensor-based data is a widely used and researched approach that has established itself as the
basis for maintenance analytics and predictive modeling. In contrast, the use of text-based
documentation has received less attention, although it contains significant information about
the condition and operating conditions of machines or equipment. The previously reviewed

studies did not address the use of natural language in industrial maintenance. For example,
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Iunusova et al. (2023) compared different approaches, but limited their analysis to process-
based data and excluded text data altogether. Okpala et al. (2025) considered artificial
intelligence and smart manufacturing but did not consider automated processing of

maintenance documentation.

2.4. Smart maintenance practices and industrial applications

Digitalization, the development of sensor technologies, and Al together enable real-time
monitoring and decision-making in maintenance. Thanks to this development, industrial
maintenance is undergoing a transformation, moving from traditional systems towards
self-learning and intelligent systems. In these systems, the information produced by
machines, systems, and people forms an interconnected whole. Smart maintenance is
therefore not just a single technology, but a combination of several solutions. It combines
predictive maintenance, Al-based analytics, digital twins, and [oT technologies into a unified
solution. The goal of smart maintenance is to optimize equipment availability, safety, and

reduce life-cycle costs. (Lee et al., 2015)

Al and ML models can be utilized when analyzing data produced by sensors and machine
control systems to predict failures and schedule maintenance actions. The essence of smart
maintenance is that decision-making is data-driven. (Okpala et al., 2025) Therefore,
maintenance is not only a technical support function for production, but a strategic part of

value creation.

Bokrantz et al. (2017) emphasize that the goal of smart maintenance is to improve
decision-making integration and organizational flexibility between different functions. This
has blurred the boundary between maintenance and production, as information flow and
decision-making occur in real time across the entire production system. In this context, Al
and language models can be used in the production environment for information

management and to support the decision-making of maintenance specialists.

The particular strength of Al and LLMs is based on their ability to analyze text-based data,
such as maintenance reports and other documentation. With the help of Al, sensor-based
data can be combined with text-based information. This allows for a more comprehensive

understanding of the machine condition and at the same time provides a better basis for
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maintenance planning. Ultimately, however, the maintenance specialist is responsible for the

final decision-making, while Al can act as decision support. (Kumar et al., 2024)

The applications of smart maintenance vary by industry. The focus and objectives differ by
sector; for example, in manufacturing the focus is on process reliability, overall efficiency,
and equipment availability. In the energy sector, such as power plants, the emphasis is on
safety, risk management, and ensuring service continuity. In the transportation and aviation
sectors, the emphasis is on component traceability and life-cycle costs. However, these
sectors are united by the fact that smart maintenance can adapt to industry-specific

requirements. (Okpala et al., 2025)

Smart maintenance plays a significant role in improving production continuity and
cost-efficiency. Therefore, it represents the next step in industrial development, where
technologically generated information is combined with expert knowledge. However,
Okpala et al. (2025) emphasize that smart maintenance does not replace maintenance

expertise, but enhances its development potential.

The following subsections (2.4.1-2.4.2) examine how the principles of smart maintenance

are applied in practice in different industries and evaluate the technologies currently in use.

2.4.1. Case studies from manufacturing industries

In recent years, smart maintenance has already become part of practical applications. Smart
maintenance is no longer just a research concept, but its applications have rapidly become
widespread in industrial environments. Key technologies in smart maintenance, such as
machine learning, artificial intelligence and 10T, enable fault prediction, maintenance
optimization and more efficient management of production downtime. These smart solutions
form a comprehensive system, rather than individual solutions, that utilizes up-to-date
information about the state of machines. This forms the basis for fault prediction and rapid

response. (Meddaoui et al., 2023; Birinci & Altuntas, 2025; Iunusova et al., 2023)

The case study presented by Meddaoui et al. (2023) compares the applicability of the
Random Forest machine learning method and artificial neural networks in predictive

maintenance tasks in an industrial production process. The case study analyzed data
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generated by sensors on temperature, rotation speed, and tool wear. The machine learning
method and neural networks were required to identify early signs of failure from the
collected data. Based on the results, both methods proved to be effective solutions for early
failure detection. However, there were differences between the methods in prediction
accuracy, where Random Forest achieved higher accuracy. The study emphasizes that the
success of a PAM system depends on high-quality and intact sensor data, as the reliability of
the model directly depends on the quality of the data and the ability to process information

with minimal delay.

In addition to machine learning methods and neural networks, the combination of IoT
technologies and Al-based analytics has shown potential in heavy industry. Birinci &
Altuntas (2025) investigated how smart maintenance is applicable to motor-related failure
detection in conveyor systems in the automotive industry. The study used the exponentially
weighted moving average statistical method and the Isolation Forest anomaly-detection
algorithm to detect faults and anomalies. The method identified anomalies in sensor data,
allowing maintenance interventions to be scheduled just before failure. The results of the
study show that Al-assisted maintenance improved the accuracy of maintenance planning.
In addition, unnecessary maintenance interventions were reduced, production line

availability and maintenance cost-effectiveness improved.

In academic research, research into machine condition monitoring and intelligent
maintenance has also made significant progress. Researchers at the Royal Swedish Institute
of Technology, such as Szipka and Iunusova, have published several peer-reviewed studies
focusing on the combination of sensor-based measurement, automated diagnostics and
machine learning applications. Iunusova et al. (2023) compared expert-based and data-
driven methods for early diagnosis of bearing faults. The results of the study showed that
data-driven methods are able to detect complex and nonlinear behaviors from measurement

data, even though the machine operation cannot be accurately described by physical models.

Szipka et al. (2019) developed a sensor-based method that can be used to detect machine
geometry errors. This enabled better machine measurement accuracy and more efficient
maintenance planning. Together, both studies reinforce the view that smart maintenance is
based on the integration of sensor technology, automated measurement, and artificial
intelligence models into a whole. Practical experiments in industry and academic research

show that maintenance is evolving towards a predictive and data-driven operating model.
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The transition from practical experiments in industry and academic research to industrial
practice has occurred rapidly. Commercial intelligent monitoring systems are available for
industry, such as the solution developed by Ipercept, which has been implemented by several
large European industrial companies, including Scania, Volvo, Bosch and Konecranes. The
system is based on artificial intelligence, which analyzes data during machine operation,
predicts developing deviations and generates recommendations for maintenance measures.
The solution offered by Ipercept represents a modern maintenance operating model, where
artificial intelligence is utilized for decision support. This is one of the solutions that enables
the transition from reactive maintenance to predictive and proactive maintenance models.

(Konecranes, 2025)

2.4.2.  Summary and implications for future maintenance strategies

The previously reviewed smart maintenance applications show that smart maintenance is no
longer in the experimental or pilot phase. Smart maintenance solutions are already being
utilized in various production environments, where systems based on machine learning,
sensor technology and loT-based platforms detect faults in advance. (Meddaoui et al., 2023;
Ran et al., 2019) The results of previous studies also support the notion that maintenance is

changing from a reactive and schedule-based process to a data-driven approach.

The greatest benefits can be achieved by combining real-time condition monitoring with
automated decision-support systems. ML models, such as neural networks and
anomaly-detection algorithms, have proven to be effective in complex and variable operating
conditions (Birinci & Altuntas, 2025; lunusova, et al., 2023). In addition, several intelligent
maintenance systems used in the manufacturing industry have shown that Al is effective in,
for example, monitoring geometric accuracy, predicting component wear, and early

detection of process anomalies (Konecranes, 2025).

The case studies reviewed in the literature highlight three key themes that are of strategic
importance for the development of smart maintenance. First, data quality and standardization
are crucial for the reliability of Al-based models: outliers, missing data, and incompatible
interfaces weaken the accuracy of analytics and limit the applicability of models (L1 et al.,

2021; Ran et al., 2019). Second, the success of smart maintenance requires system-level
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integration, where sensor-level data can be combined with an organization’s control and
information systems so that predictive analytics can be fully utilized in operational decision-
making (Lee et al., 2015). Third, despite the increase in automation, the human role remains
central: maintenance experts are still responsible for model interpretation, deviation
assessment, and maintenance strategy development (Bokrantz, et al., 2017; Okpala, et al.,

2025).

Based on these findings, future maintenance strategies can be expected to rely more strongly
on the individual behavior and failure profiles of machine equipment, enabling the
optimization of maintenance intervals based on actual wear conditions (Li, et al., 2021; Lad,
et al., 2016). The use of digital twins and LLMs suggests that maintenance documentation

will become context-aware and automatically updated in the future (Kumar, 2024).

The development of maintenance emphasizes the need for a system-level maintenance
strategy that combines predictive analytics, automated condition monitoring, and expert-
based decision-making. Organizations that invest in data platforms, sensor networks, and
Al-based decision support systems are best positioned to move toward Maintenance 5.0,
where sustainability, autonomy, and human-centeredness are key elements (Psarommatis et

al., 2023; Roy et al., 2016).

2.5. Summary of the literature review

Traditional reactive maintenance and preventive maintenance based on fixed maintenance
intervals no longer meet modern requirements. The complexity of equipment, increasing
production speeds and utilization rates have shifted the focus of maintenance development
in the manufacturing industry towards data-driven and predictive operating models. (Ran, et

al., 2019).

Several studies emphasize that maintenance is no longer just a production support function.
Maintenance has become a strategic competitive factor that directly affects production
efficiency and costs. (Bokrantz, et al., 2017; Roy, et al., 2016) The literature also highlights
that although the digitalization of maintenance has progressed rapidly and data is more
available, the problem is the effective utilization of data. Most often, the available data

cannot be utilized in analysis and the implementation of artificial intelligence solutions, as
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the data is often fragmented, variable or not compatible with the systems. (Li, et al., 2021;

Psarommatis, et al., 2023)

However, information about the actual operating conditions, load and failure mechanisms of
machines is available in addition to numerical data. For example, information is available
from the failure and maintenance history of machines. (Lad, et al., 2016; Lee, et al., 2015)
Textual data, such as maintenance comments or failure descriptions, contain a lot of valuable
information from a practical point of view. However, the nature of the data often makes it

difficult to automate the analysis process.

In addition, the literature shows that there is a difference between the maintenance
instructions of the machine tool manufacturer and the actual failures of the machine. Most
often, the recommended values, operating limits and measures given by the manufacturer
are derived from tests based on ideal conditions. For example, traditional preventive
maintenance intervals are based on theoretical or statistical assumptions about equipment
failure behavior. They do not necessarily reflect the actual use or load of the equipment,

which may lead to premature or delayed maintenance. (Lad, et al., 2016; Li, et al., 2021)

Artificial intelligence and machine learning are seen as offering new opportunities for
solving maintenance problems. Their strengths are considered to be the ability to process
large and diverse amounts of data and to identify complex phenomena that traditional
statistical methods cannot detect (Khan, 2024; Ran, et al., 2019). Recent studies highlight
the potential of large language models in the analysis of natural language texts. LLMs are
trained to process unstructured, terminologically variable and strongly context-dependent
language without a predefined structure, which enables the interpretation of complex text

materials and the detection of phenomena contained in them. (Kumar, 2024)

However, the literature emphasizes that Al is not yet mature enough to replace maintenance
experts, but primarily functions as a decision-making support (Okpala, et al., 2025). The
reliability of models, data quality and interpretability are key factors that limit their practical

applicability in industrial environments (Psarommatis, et al., 2023).
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3. Al-based analysis

The literature review covered the theoretical backgrounds of maintenance strategies,
reliability modeling, and artificial intelligence. The review prepared the groundwork for the
practical part of this chapter. The artificial intelligence-based analysis consists of a case
study, the aim of which is to evaluate the applicability of large language models and Python-
based data analysis in the development of maintenance. The analysis examines whether
LLMs can be utilized in the analysis of failure history so that recurring failures can be

identified and structured to support preventive maintenance.

The analyses were carried out in the Python programming environment using the OpenAl
ChatGPT API (Application Programming Interface). Python was wused for data
preprocessing, result processing, and integration with the ChatGPT API. Large language
models were used for semantic interpretation and comparison of text-based data. This
chapter describes the design of the analyses, the methods used, data preprocessing, and the

utilization of the ChatGPT API as part of the analysis process.

3.1. Data sources and preprocessing

The case studies of the work were carried out on a machine tool base, which consisted of a
total of 18 machine tools and their failure history. The machines are from different
manufacturers, such as DMG Mori, Plantool, and Mazak, and their manufacturing years vary
from the late 1980s to the 2020s. The research data covers different technological
development phases, which is significant, as the control systems of the machines, sensor

technology and, above all, maintenance needs vary between device generations.

According to maintenance practices, all machine tool failures are recorded in the
maintenance system in text format as work requests. Typically, the records indicated when
the failure had started and when the work had ended, as well as a description of the failure,
and a possible comment from the maintenance company on the cause of the failure and the

corrective measures.
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The analysis utilizing large language models was carried out using the Python software
environment and the large language model accessible via OpenAl's ChatGPT API
programming interface. OpenAl is a company at the forefront of artificial intelligence
development, which has particularly invested in artificial intelligence research. An API, in
turn, is an application programming interface, i.e. a set of tools and rules, which enables
different software to communicate with each other. It allows one program to request services
from another program. The API tells how the request should be made and in what form the

response will be received. (Alto, 2025)

The choice of tools was based on the nature of the research data. Traditional statistical or
machine learning methods would have required large pre-classified training sets and pre-
processing. Therefore, instead of the above, large language models were chosen, as they are
suitable for situations where the data is in text format, is variably written, or contains unclear
terminology. Python was chosen as the analysis tool, as it offers ready-made libraries and is
easy to use in data processing. The ChatGPT API, in turn, was chosen because it enabled
text analysis directly without training your own model. The API interface allowed for
classifying failure descriptions. ChatGPT understands natural language, which makes it a
suitable tool for applications that process different and heterogeneous data. Together, Python

and ChatGPT form a solution that is easy to use and applicable to the data being analyzed.

3.2. Al Analysis: Failure and maintenance history

The aim of the analysis was to determine whether large language models can be used to
classify machine tool failure descriptions into uniform failure categories so that the most
common and recurring failures can be identified on a machine-specific basis. The data used
for the analysis were failure descriptions that contain information about operating
conditions, load and wear. The starting assumption for the analysis was that the LLM-based
classification of descriptions can identify recurring failures, critical components and
phenomena that are significant for maintenance. Figure 8 shows the key steps in the Al-

based analysis workflow.
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Figure 8. Workflow of the Al-based failure history analysis.

The analysis was conducted by gathering the predefined failure histories of the selected

machine tools into a single Excel file, with each machine placed on its own sheet. All

columns irrelevant to the analysis were removed, and only the information shown in Table

6 was kept: Failure start time, Work order type, and Failure description. The Failure

description column contains free-text descriptions of work orders and failure events recorded

for each machine. Since the original descriptions were written in Finnish, they were

translated into English for Table 6. The example in Table 6 illustrates the variation typically

found in free-text work order descriptions.



47

Table 6. Example preprocessed data for failure and maintenance analysis.

Failure start time Work order type Failure description
DD/MM/YYYY hh:mm work request The door will not close
DD/MM/YYYY hh:mm work request A fault occurred during disc replacement, and the

machine now needs to be moved away from the
magazine to attempt the disc change again. The disc

in the magazine also needs to be realigned in its

seat.
DD/MM/YYYY hh:mm work request Tool change does not work
DD/MM/YYYY hh:mm work request Tool change jammed when picking up the tool,

error code (XXx)

DD/MM/YYYY hh:mm work request Cutting fluid replacement and tank cleaning

After compiling the dataset, the failure history was prepared for Python-based analysis. The
Excel file served directly as the input for the Python script, and each sheet was processed as
its own dataset. The script read the file machine by machine and selected only the rows
where the Failure description column contained a textual failure description. Entries without

any description were automatically excluded from the analysis.

Before the actual classification, the failure descriptions were processed programmatically.
The length of the text was limited when necessary to ensure that each description remained
within the technical input limits of the language model. The content of the descriptions was
not modified only the length was adjusted. This ensured that all descriptions could be

processed consistently by the language model.

For the Al-based classification, a set of failure categories was defined in advance, based on
the key subsystems of machine tools and general maintenance practices. The use of too many
categories was avoided so that the classification would not become unnecessarily granular
and so that the class boundaries would remain clear in short and varied failure descriptions.
Similarly, the use of too few categories was avoided so that clearly separate subsystems

would not be combined into entities that were too broad from a maintenance perspective.

In addition, the Other category was included, as some of the failure descriptions were open
to interpretation or contained several simultaneous problems. The failure categories used are
presented in Table 7. After this, each failure description was classified by instructing the

language model to select exactly one failure category that best corresponded to the described
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situation. This ensured that all failure entries were classified uniformly and in a way that was

clear from a maintenance perspective.

Table 7. Failure categories used in Al analysis.

Failure categories

Safety devices and doors

Tool changer

Feed axes and servos

CNC control and electronics

Hydraulics

Cooling system

Grinding and cutting fluid system

Conveyor

Pumps

Mechanical failures

Compressed air system

Software / NC program

Lighting / work lights
Other

The OpenAl GPT-4.1 language model was used for semantic classification and
interpretation of the text data. All requests sent to the language model were executed with
deterministic settings and the temperature parameter was set to 0 so that the same failure
description would produce the same classification result. Table 8 summarizes the key

settings and methodological choices that affect the classification result.
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Table 8. Settings used in LLM classification.

Parameter Value used in this Effect on reproducibility
study
LLM model gpt-4.1 Different models may interpret the same failure
descriptions differently: category distributions can
change.
Temperature 0 Reduces randomness and improves run-to-run
consistency.
Max output tokens 15 Constrains response length; reduces risk of multi-
word explanations instead of a single label.
Failure category list Table 7 If the taxonomy changes (names/scope/number of
classes), results are not comparable.
Input length limit 900 characters Truncation may remove essential information from
long descriptions: classification may change.
Handling of errors / category: Other Technical failures can increase the “Other” share
invalid outputs and affect distributions.
Input language Finnish

A classification request was generated for each failure description, which included the
original failure text and a list of allowed failure categories. This request was sent to the
language model, and the failure category returned by the model was stored in a new column
in connection with the corresponding failure description, where one failure category was
assigned to the description. If the language model returned a response that did not match any
of the allowed failure categories, or if the request failed due to a technical error, it was

classified in the Other category.

After processing, the script formed a table structure from the classified data, where each row
represented a single failure event. A row contained the original metadata and the failure

category generated by the artificial intelligence. The final data was saved in Excel format.

The results of Analysis 1 were evaluated on two levels. First, the reliability of the
classification was assessed by comparing the LLM-generated categories with expert
classifications and measuring inter-rater agreement using Cohen’s kappa, which accounts

for agreement occurring by chance. Second, the practical usefulness of the classification for
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maintenance development was evaluated by analyzing the distribution of failure categories

and identifying the most common category confusions using a confusion matrix.

— (Po—De)
AT 1

The reliability of the classification was evaluated using Cohen’s kappa coefficient k, which
measures the agreement between two raters in a categorical assessment while accounting for
agreement occurring by chance. Kappa is based on the observed agreement p, and the

expected chance agreement p, and is defined as follows: (Viera & Garrett, 2005)

Kappa was calculated for 200 randomly selected failure descriptions, which were
independently classified by both the LLM and a human expert using the same predefined set

of failure categories. Each description was assigned to exactly one category.

A random sample was generated from the full analyzed dataset using Microsoft Excel 365.
A total of 200 entries were extracted from the LLM-classified dataset by sorting the rows
according to a random number generated using the RANDARRAY function. The selected
sample was saved as a separate copy for evaluation. A human expert then manually classified

these failure descriptions into the failure categories listed in Table 7.

The kappa coefficient was calculated in Excel by creating a cross-tabulation based on the

classification data. The observed and expected agreement were defined as follows:

YiNii
o =t 2)

pe = Xi(F 3)
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where:

n;; is the diagonal element of the table for category i,

n; is the row total (expert’s count for category i),

m; is the total column (LLM’s count for category i),

N is the total number of evaluated cases. (Viera & Garrett, 2005)

The analysis process described above was automated and repeatable if the same source
material is used, the language model, failure categories and model parameters are kept

unchanged.
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4. Results and Analysis

The analysis was carried out on a total of 18 machine tool failure histories, where each failure
description described a disturbance or maintenance action that occurred in the production
environment. In total, the analysis processed 1768 failure descriptions from the years 2018-

2025. The extent of the failure history varied between 80-200 failure descriptions per

machine.

The goal of the Al-based classification was to convert free-form text descriptions into a
consistent and analyzable format by classifying each description into its own failure category
(Table 9). The category list used in the classification covered typical failure types affecting
subsystems in the machine tool environment, such as failures related to the tool changer or
feed axes. If the failure description did not contain enough information, contained several
different failures, or did not fit into any of the predefined categories, it was classified into

the Other category.

Table 9. Failure category frequencies across all machines.

Failure categories Frequency Percentage (%)
Mechanical failures 321 18
Other 273 15
CNC control and electronics 211 12
Safety devices and doors 154 9
Grinding and cutting fluid system 147 8
Tool changer 134 8
Feed axes and servos 95 5
Pumps 94 5
Lighting / work lights 91 5
Cooling system 80 5
Conveyor 63 4
Hydraulics 53 3
Compressed air system 38 2
Software / NC program 14 1
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Al-assisted classification makes it easier to structure data with varying content. The failure
descriptions used in the analysis are free form, which means that some of the descriptions
are detailed, some are short and vague, and the terminology used is not uniform. The
descriptions often only describe the observed failure situation without more detailed
information about the actual cause. The data makes manual review of extensive failure
histories slow and laborious. However, the data can be reviewed systematically and
compared between different machines, as each failure description can be classified into its

own failure category.

Based on Table 9, the failures are not evenly distributed, but are clearly concentrated in
certain categories. The 5 most common failure categories already cover 62% of all failure
descriptions. This suggests that the majority of the load caused by failures is directed at a

limited number of subsystems.

The share of the Other category in the data is 15%, which is to be expected considering the
nature of the data. Some of the failure descriptions are short or unclear in content, and some
describe several different failures or combined maintenance measures. However, using a
category reduces situations where a failure would have to be placed in an inappropriate
category. This helps to maintain a more reliable distribution of other failure categories.
Overall, the distribution of failure categories provides a clear starting point for examining
the entire machine fleet and for creating machine-specific failure profiles. The distribution
can be used to identify abnormal machines and items that require a more detailed

maintenance plan and resources.

4.1. Reliability of the Al classification (Cohen’s kappa)

The reliability of Al-based failure classification was assessed using a randomly selected
sample. The Al classifications were compared with the classifications made by an expert.
For the evaluation, a random sample of 200 failure descriptions was formed, where the
classifications were compiled into an agreement matrix between the two evaluators (rows =
AI/LLM categories, columns = expert categories). The diagonal elements of the matrix
represent cases where both evaluators determined the same failure category, while the off-

diagonal elements describe the differences between the classifications (Appendix 1). Table
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10 presents the distribution of failure categories in the validation sample for both AI/LLM

classification and expert classification.

Table 10. Failure category counts in the validation sample (GPT vs. Expert).

Failure categories GPT Expert
Mechanical failures 40 37
Other 30 19
CNC control and electronics 18 32
Safety devices and doors 19 14
Grinding and cutting fluid system 20 27
Tool changer 13 16
Feed axes and servos 9 0
Pumps 10 5
Lighting / work lights 5 5
Cooling system 9 5
Conveyor 7 6
Hydraulics 12 21
Compressed air system 5 9
Software / NC program 3 4

The agreement between the Al-based classification and the expert classification was
measured using Cohen’s kappa, which accounts for agreement occurring by chance. Based
on the results, Cohen’s kappa value between the Al and the expert was k = 0.46, which
according to Table 11 corresponds to moderate agreement. In addition, the observed

agreement was p, = 51 %, meaning that half of the sampled cases received the same

failure category from both the Al and the expert.
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Table 11. Interpretation of Kappa. Adapted from (Viera & Garrett, 2005)

Kappa value Strength of Agreement
<0.20 Poor
0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Good
>0.80 Very Good

The matrix in Appendix 1 shows that the agreement between the Al and the expert was not
evenly distributed across all failure categories. Some categories were more clearly
distinguishable and produced higher agreement, while others showed more overlap and

confusion between categories.

4.2. Failure profiles and recurring failures

After the Al-based classification, the results can be examined on a machine-specific level.
The inspection shows that failures are not evenly distributed across the entire machine fleet;
instead, the machines differ both in the total number of failures and in how these failures are
distributed across categories. Based on the classification, individual failure profiles can be

created for each machine, rather than analyzing the failure history only as a whole.

Failure profiles describe which subsystems failures are concentrated in within the machines
and how the failure weights vary between machines. Table 12 illustrates how the failure load

is distributed across the subsystems of an example machine.
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Failure categories 1. 2. 3. 4. 5.
DMG MORI MORI MORI OKUMA MAZAK
DMC 80 SEIKI SL- SEIKI MULTUS | INTEGREX
603B/1000 712500 B750 400 IV X
1000
Mechanical failures 28 12 16 22 16
Other 22 8 3 36 10
CNC control and 13 8 5 8 9
electronics
Safety devices and 12 5 6 11 3
doors
Grinding and cutting 8 19 7 11 2
fluid system
Tool changer 7 2 4 4 5
Feed axes and 6 2 0 12 3
Servos
Pumps 6 2 9 7 2
Lighting / work 5 6 4 9 3
lights
Cooling system 4 5 8 7 5
Conveyor 1 4 1 1 1
Hydraulics 1 0 1 7 0
Compressed air 0 1 0 3 2
system
Software / NC 0 1 1 0 0
program
TOTAL 113 75 65 138 61

The distribution of failures varies significantly within the machine base. There are

differences between machines in the number of failures and their nature, which is evident

when looking at Table 12. Mechanical failures are one of the largest categories of failures

on many machines. On some machines, failures are concentrated in the grinding and cutting

fluid systems, while on others, failures related to the CNC control and electronics or feed

axes and servos account for a significantly larger proportion of failures. In addition, some

machines show an unusually large proportion of the Other category. This indicates that many
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of their entries are general in nature, contain multiple simultaneous issues, or do not clearly
fit into the predefined categories. In such cases, the failure profile reflects not only technical

issues but also machine specific variation in how failures are recorded.

Table 12 shows that the overall distribution of failures observed at the level of the entire data
does not necessarily describe the main sources of failure of individual machines. For
example, machine 1. has a rather “balanced” failure profile: mechanical failures and the
Other category form the largest shares, but CNC control and electronics as well as safety
devices and doors also become significant. In contrast, machine 2. has a clearly different
focus, as failures related to the cutting fluid system form the largest category and exceed the
share of both mechanical failures and CNC control. This suggests that even though the
machines operate in a similar production environment, the main drivers of failures may be
emphasized differently: on some machines, problems are more related to mechanical and
control systems, while on others a significant share of failures is directed at auxiliary process

systems, such as lubrication and cooling.

Machine 4. also serves as an illustrative exception: the proportion of the Other category is
exceptionally high, and in addition, the feed axes and servos are emphasized compared to
several other machines. A high proportion of Other can mean that the failure descriptions
are often short, ambiguous or contain several unrelated observations in the same entry,
making it impossible to unambiguously classify them into a more specific failure category.
This is still a useful observation from the perspective of maintenance development: it can
indicate either shortcomings in the logging practice or logging quality that weaken the
accuracy of the analysis, or that the machine has failures described in a diverse and

inconsistent manner.

The examination of machine-specific failure profiles shows that the focus of maintenance
should shift from fleet-wide planning to machine-specific and condition-based planning. The
focus of failures varies between different machines, which requires different preventive
measures from maintenance. Thus, failure profiles provide a practical tool to identify those
machines and systems where targeted analysis will reduce recurring failures and improve
availability. Failure profiles can thus be used to identify which machines and subsystems are
most likely to benefit from targeted root cause analysis to reduce recurring failures. For

example, recurring cooling and lubrication system failures justify closer inspections of
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pumps, filters, fluid conditions, and leaks, while recurring safety circuit and door failures

justify ensuring the condition of switches, sensors, mechanisms, and wiring.

Recurrence can be viewed at two complementary levels. First, recurrence can be assessed at
the category level by identifying the failure categories that repeatedly dominate the profile
of a given machine. Secondly, recurrence can be examined within a category by identifying
similar recurring themes from the failure descriptions. The latter level is highly valuable for
maintenance development because it allows for the direct translation of recurring
observations into concrete measures. The category-specific failure profiles in Table 12 form
a structure that allows this closer examination to be focused on those machines and

subsystems where recurrence is of greatest importance in practice.

Recurring failures within categories

In addition to the category-level recurrence, clear recurring themes within the categories can
be identified in the data, which can be linked to individual functions, components and
maintenance procedures. For machine 1. 6 cases were identified in the CNC control category
descriptions that were related to pallet change. This suggests that a significant portion of the
failures classified as control are specifically related to automation and pallet change

functionality, rather than general CNC control instability.

For machine 2. 12 cases were identified in the cutting fluid category that were related to
high-pressure system problems. In addition, 7 cases were identified within the mechanical
failures category that were related to turret positioning/indexing problems, indicating a
recurring failure in the turret mechanism. In addition, there were 6 instances of burnt work
lights in the Lighting / work lights. While these are often low-severity maintenance items as
individual incidents, they can add up to a significant overall load of “minor incidents” if only

handled reactively.

On machine 3, the breakdown allowed us to identify 6 cases in the CNC control failure
category related to battery replacement. Four cases were identified in the lighting/work lights
category, where a work light failure had caused a production interruption. Recurring cases
are examples of technically minor failures, but which can be prevented by proactive
measures, such as including battery replacement and work light condition checks as part of

regular maintenance.
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On machine 4, identified 9 incidents were in the lighting/work lights category related to the
machine’s work lights. This shows that seemingly minor subsystem failures can account for
a significant portion of the machine’s maintenance load and failure reports. Minor failure
management can reduce and manage recurring outages, thereby improving machine

availability.

A high frequency of a failure category does not necessarily indicate a technically stable
problem. It may be a type of failure that is recorded in the system frequently or easily. Most
often, these records are related to short-term disturbances or maintenance activities.
However, their importance is emphasized in maintenance through the combined effect, as
frequently recurring small failures can accumulate and cause an additional load on

maintenance or cause repeated production downtime.

The analysis identified critical components and systems based on the fact that certain failure
categories directly affect the machine's usability, safety and automation. Failures related to
Safety devices and doors can prevent the machine from being used for safety reasons.
Failures related to feed axes and servos, as well as CNC control and electronics, in turn,
directly affect the axis control and error conditions that stop the machine. Tool changer-
related failures are particularly critical in automated production, as they immediately
interrupt the work cycle, requiring immediate corrective action. Although the number of

these failure categories is not large, their impact on production continuity is significant.

The analysis shows that Al-based classification can produce structured data that enables the
identification of the most important failure categories across the entire dataset. In addition,
the dataset can be used to detect machine-specific deviations, examine the distribution of
maintenance workload, and identify categories that are critical for maintenance and usability.
The classification forms the basis for the next phase of the analysis, where recurrence can
be examined at a more detailed level within failure categories. This enables the observations

to be linked to concrete preventive maintenance measures.

4.3. Discussion

The Al-based analysis of the work shows that the free-form failure history of machine tools

can be converted into a structured format using a method that would not be possible to
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implement on this scale with manual reading alone. The classification method organized
1768 failure descriptions into 14 failure categories, which enabled the examination of the
entire machine base and machine-specific failure profiles. The results of the analysis support
the notion that text-based maintenance data also contains important information to support

maintenance development.

The overall distribution of failures shows that the maintenance workload is concentrated in
a few key failure categories. Mechanical failures, CNC control and electronics failures,
together with safety and door failures, constitute a significant proportion of all entries. In
addition, the large proportion of the Other category highlights both the limitations of the
classification method and the interpretability of the failure descriptions. From a maintenance
perspective, the observation is twofold: on the one hand, it helps to identify the subsystems
on which the maintenance load is concentrated, and on the other hand, it highlights the direct
impact of the quality of documentation on the reliability of the analysis. In practice, the size
of the Other category also serves as an indicator of the proportion of entries that cannot be

unambiguously assigned to any single failure category.

Machine-specific failure profiles complement the overall picture by showing that failure
categories are not evenly distributed across the entire machine base. Failure profiles differ
from each other in terms of both the number of failures and the subsystems in which failures
occur most frequently. This supports the shift in maintenance towards machine-specific
maintenance strategies. In practice, this means that the same maintenance content and
maintenance interval may not be justified for all machines if the failure load is concentrated
in different subsystems. The results show that failure profiles can be utilized as a practical
prioritization tool to identify those machines and systems where targeted root cause analysis

or updating of maintenance plans is likely to yield the greatest benefit.

Cohen's kappa value (k = 0.46) and observed agreement (p, = 51 %) show that the Al-
based classification achieves moderate agreement with the classification made by an expert.
The reliability analysis suggests that the results are particularly suitable for identifying the
distribution of failures and maintenance workload, such as assessing which failure categories
are emphasized on a given machine. However, for individual failure cases, the results require

final interpretation by an expert.
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The kappa value reflects two factors clearly observed in the data: the varying level of detail
of the failure descriptions and the partially overlapping boundaries of the failure categories,
whereby the same failure case can be interpreted as either a mechanical failure or a control
system-related disturbance based on the available context. The added value of the
classification therefore does not lie in complete automation, but in its ability to form a

systematic starting point for further analysis.

The main benefit from the perspective of maintenance development arises from the fact that
recurring failures can be identified. In this work, recurrence is examined at two levels: at the
failure category level and as recurring themes within failure categories. At the failure
category level, recurrence can manifest itself, for example, as tool changer-related failures,
while more specific recurring phenomena can be observed within a single failure category,

such as interruptions caused by memory batteries.

The latter level of analysis is particularly relevant for preventive maintenance, as it can be
directly translated into concrete maintenance measures. If a certain failure type occurs
repeatedly, it is justified to include the related inspections or maintenance measures in
scheduled maintenance or regular inspection routines. Such minor but frequently recurring
failures do not individually cause significant downtime, but their cumulative effect can be

significant both in terms of daily maintenance workload and production interruptions.

However, the analysis must take into account the limitations of the material, as the failure
history used consists of free-form text entries, where the terminology, level of detail and
recording style vary. Some of the entries in the failure history contain several simultaneous
actions or observations, so the assumption that one entry corresponds to one failure does not
always apply. In addition, the analysis does not take into account the duration, severity or
production impact of the failures. Therefore, it is not possible to directly conclude from the
results of the analysis which failures are the most critical in terms of their impact. In this
work, criticality is primarily expressed in terms of the frequency of occurrence of failures

and the nature of the failure categories, not directly through production downtime.

The results show that Al-based analysis is suitable for structuring unstructured maintenance
data and can be used to identify recurring failures in a production environment. Reliability
metrics and the size of the Other category highlight that the method works best as a support

for expert work. It enables a prioritized view of the distribution of failures and enables
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maintenance activities to be targeted to those machines and subsystems where the recurrence

and workload are highest.
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5. Summary and Conclusions

This master’s thesis aimed to investigate how Al can be utilized to develop maintenance in
a machine tool environment to reduce production interruptions. The work was motivated by
a practical observation: machine tools are maintained regularly, but despite this, the
machines fail, causing repeated production interruptions. In addition, there was no unified
overall picture of what kind of failures occur in machine tools or which subsystems the

failures are concentrated in.

The literature review of the work showed that the digitalization of maintenance and the
development of Industry 4.0 have increased interest in data-driven maintenance strategies.
The transition towards predictive and data-based solutions is slowed down by key practical
challenges related to data quality, fragmentation and usability. Based on the literature,
artificial intelligence and machine learning applications in maintenance still focus strongly
on sensor data analytics. The systematic utilization of text-based maintenance
documentation accumulated during operation has received less attention, even though this

material is where a large part of practical maintenance information is collected.

The practical part of the work was carried out on a large machine-tool fleet, where the failure
history of 18 machine tools (1768 text-based failure descriptions) was analyzed. The method
used was Python based processing and the utilization of large language models to classify
failure descriptions into predefined failure categories. The goal of the classification was to
convert the free-form failure history into a structured entity that can be examined at the level
of the entire machine base and machine-specifically as failure profiles and frequencies. The
reliability of the results of the Python-based classification was assessed by measuring
consistency using Cohen’s kappa coefficient. The classification was assessed by comparing

a random sample taken from this with the classification of an expert.

5.1.Key findings

The main finding of the work is that artificial intelligence-based methods are suitable for

structuring unstructured maintenance data even when the source material is variably written
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and uneven in content. LLM classification enabled the condensing of a large failure history
into a set of 14 failure categories, which allowed the formation of both the failure distribution
of the entire material and machine-specific failure profiles. This finding supports the view
presented in the literature that the key challenge of digitalizing maintenance is often not the

lack of data but the structuring and utilization of data to support decision-making.

The results highlighted that the maintenance load is concentrated on a few failure categories
and specific machines. At the level of the entire material, the largest categories were
mechanical failures and disturbances related to CNC control and electronics, but the
significant share of the Other category also highlighted the interpretability of the
documentation and the heterogeneity of the material. Machine-specific failure profiles, in
turn, showed that the same overall distribution does not describe the actual failure load of
individual machines: different subsystems were emphasized on different machines, and on
some machines certain categories were repeated exceptionally often. This observation
supports the shift towards machine-specific maintenance strategies, in which maintenance
content and prioritization are based on the actual failure history and not only on general

maintenance intervals.

The evaluation of the reliability of the classification showed that the method produces
moderate agreement with expert classification (Cohen's kappa k = 0.46, observed
agreement approximately 51 %). The result means that the method is particularly suitable
for identifying phenomena and loads, but the classification of individual cases should not be
considered as certain as such without expert interpretation. In practice, the greatest value of
the classification arises from the fact that it produces a systematic, repeatable starting point

for further maintenance analysis and prioritization.

From a maintenance perspective, the most important observation is related to the frequency
of failures, because the data contains many frequently recurring, short-term, and easily
preventable failures. Corrective measures for a single failure may be implemented quickly,
but when repeated, they burden maintenance and cause repeated production outages. Such
recurring failures offer the most concrete development target, as they can often be directly
converted into maintenance measures or process-oriented improvements. The results of this
work enable a practical approach for developing predictive maintenance when

comprehensive sensor data is not available.
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5.2. Limitations and future work

The main limitations of this work are related to the nature of the data used and the limits of
the analysis. First, the failure history used in the analysis was based on free-form text entries,
where the terminology, level of detail and recording method varied. Some of the recordings
contained several simultaneous phenomena or actions, which weakens the assumption “one
recording = one failure” and increases the scope for interpretation in the classification. This
is also reflected in the size of the Other category and the moderate kappa level of the
classification. Second, the data did not contain structural information on the duration,
severity or production impact of the failures (e.g. downtime, operating hours, process
parameters), which is why criticality could not be assessed quantitatively based on the
impact, but criticality was primarily identified through the nature of the failure category and
recurrence. Another methodological limitation is that the classification is based on a
predefined list of categories. The boundaries of the categories may partially overlap (e.g.
mechanical failure vs. control/electronic failure), and the result of the classification depends

on the category taxonomy and the information density of the failure descriptions.

The most important development direction in further research is the active utilization of text-
based maintenance data as part of maintenance planning and management. Free-form
maintenance data contains information that is not systematically utilized in maintenance
systems. By integrating such data into maintenance systems and converting it into a
structured form, clear indicators can be defined for monitoring maintenance. These
indicators make it possible to evaluate maintenance implementation, identify possible repair
debt development for individual machines, and detect broader phenomena from recurring
failure at the level of the entire machine fleet. In parallel, a significant further development
direction is the development of maintenance recording practices to better support analytics.
Standardizations, such as uniform failure description structures and terminology, can
improve the reliability of classification. In addition, it is justified to deepen the analysis on
a machine-specific basis within individual failure categories, as concrete maintenance

measures can only be created when the recurrences within a category can be identified.

Another direction for further development is the systematic monitoring of wear on machine
tools. The free-form failure descriptions used in this work can be used well to identify

failures that have a high incidence and that burden maintenance. However, analysis based



66

solely on failure descriptions is not reliably suitable for identifying the gradual wear of

machine subsystems, because wear often appears indirectly and over a long period of time.

Wear can be seen, for example, as a deterioration in the performance of the machine and the
quality of the product, which is why its monitoring requires separate meters and repeatable
measurement practices. Further research should investigate whether wear monitoring can be
implemented with standardized test pieces: the same test piece would be machined
periodically with uniform process parameters, after which the piece would be measured with
a coordinate measuring machine. By comparing measurement data accumulated over a long
period of time, changes in geometric accuracy could be assessed and thus the development
of machine wear could be inferred. Such an approach could complement text-based

maintenance data and support predictive maintenance decision-making.

Al-assisted text analysis provides a realistic and practically applicable basis for utilizing
maintenance data in a machine tool environment. Although the method does not replace
maintenance expertise, it improves information transparency, speeds up the formation of the
overall picture and supports the prioritization of measures. These can be used to promote the
systematic development of maintenance and create the conditions for reducing production

downtime and improving maintenance efficiency.
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Appendix 1. Cohen’s kappa: interobserver variation matrix.
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