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ABSTRACT 

Aaro Aho: Applying artificial intelligence in ERP systems to improve production planning and 

work scheduling in the machining industry 

Master of Science Thesis 

Tampere University 

Master’s Degree Programme in Industrial Engineering and Management  

May 2026 
 

This study examines how artificial intelligence (AI)-supported solutions can be implemented 
within an enterprise resource planning (ERP) environment to improve production planning and 
control in a manufacturing small and medium-sized enterprise (SME). The research was con-
ducted as a qualitative-dominant embedded case study at the case company, a make-to-order 
machine shop specialising in the maintenance and refurbishment of paper machine rolls. The 
empirical data consisted of semi-structured interviews, direct observations, and quantitative anal-
ysis of historical production data, enabling a triangulated understanding of the research problem. 

The findings show that the implementation of AI-supported production control in an SME con-
text consists of interdependent process stages, where ERP modernisation, data quality, and or-
ganisational readiness form critical prerequisites. AI does not create value as a standalone tech-
nology but as an extension of the ERP data infrastructure, utilising structured and time-stamped 
operational data to support human decision-making. 

The study identifies key limitations in the current production control system, including frag-
mented data management, delayed reporting, lack of real-time visibility, and strong dependence 
on tacit knowledge. These challenges constrain both operational efficiency and the systematic 
utilisation of historical data. The results further demonstrate that ERP selection and implementa-
tion choices directly influence the feasibility of AI utilisation by shaping data structures, integration 
capabilities, and overall system usability. 

A practical AI pilot was developed to evaluate feasible use cases in production planning. The 
pilot applied a similarity-based retrieval approach to estimate work durations based on historical 
production data. The results indicate that such approaches can provide transparent and actiona-
ble decision support without requiring complex machine learning models, making them particu-
larly suitable for SME environments with limited data maturity. 

The study contributes to the understanding of AI adoption in manufacturing SMEs by demon-
strating that data quality, system integration, and socio-technical factors are more critical to suc-
cess than algorithmic sophistication. The findings emphasise that ERP modernisation should be 
treated as a foundational step toward AI-enabled production control, and that incremental, data-
driven development offers a practical pathway for integrating AI into daily operations. 
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TIIVISTELMÄ 

Aaro Aho: Tekoälyn soveltaminen toiminnanohjausjärjestelmissä tuotannonsuunnittelun ja 

työn ajoituksen parantamiseksi konepajateollisuudessa 

Diplomityö 

Tampereen yliopisto 

Tuotantotalouden diplomi-insinöörin tutkinto-ohjelma 

Toukokuu 2026 
 

Tässä diplomityössä tarkastellaan, miten tekoälyä hyödyntäviä ratkaisuja voidaan toteuttaa 
toiminnanohjausjärjestelmän (ERP) yhteydessä tuotannonsuunnittelun ja -ohjauksen kehit-
tämiseksi valmistavan teollisuuden pk-yrityksessä. Tutkimus toteutettiin laadullispainotteisena ta-
paustutkimuksena kohdeyrityksessä, joka toimii tilausohjautuvana konepajana paperikoneiden 
telojen huolto- ja kunnostusliiketoiminnassa. Empiirinen aineisto koostui puolistrukturoiduista 
haastatteluista, havainnoinnista sekä historiallisesta tuotantodatasta, mikä mahdollisti tutki-
musilmiön monipuolisen tarkastelun. 

Tulokset osoittavat, että tekoälyn hyödyntäminen tuotannonohjauksessa pk-yrityksessä on 
vaiheittainen ja keskinäisriippuvainen prosessi, jossa ERP-järjestelmän modernisointi, datan 
laatu ja organisaation valmiudet muodostavat keskeiset edellytykset. Tekoäly ei tuota arvoa 
itsenäisenä ratkaisuna, vaan ERP-järjestelmän datainfrastruktuurin jatkeena, hyödyntäen ra-
kenteista ja ajantasaista tuotantodataa päätöksenteon tukena. 

Tutkimuksessa tunnistettiin nykyisen tuotannonohjauksen keskeisiksi haasteiksi hajautunut 
tiedonhallinta, viivästynyt raportointi, reaaliaikaisen näkyvyyden puute sekä vahva riippuvuus 
hiljaisesta tiedosta. Nämä tekijät heikentävät tuotannon läpinäkyvyyttä ja rajoittavat historiallisen 
datan systemaattista hyödyntämistä. Lisäksi havaittiin, että ERP-järjestelmän valinta ja käyt-
töönotto vaikuttavat suoraan tekoälyn hyödyntämismahdollisuuksiin määrittämällä datan ra-
kenteen, integraatiokyvykkyydet ja järjestelmän käytettävyyden. 

Tutkimuksessa toteutettu tekoälypilotti osoittaa, että samankaltaisuuteen perustuva 
lähestymistapa tuotannon työaika-arvioinnissa voi tarjota käytännöllistä ja läpinäkyvää 
päätöksentukea ilman monimutkaisia koneoppimismalleja. Tällainen ratkaisu soveltuu erityisesti 
pk-yrityksiin, joissa datan määrä ja laatu asettavat rajoitteita kehittyneempien mallien käytölle. 

Tutkimus tuo uutta tietoa tekoälyn hyödyntämisestä valmistavan teollisuuden pk-yrityksissä 
osoittamalla, että datan laatu, järjestelmäintegraatio ja sosio-tekniset tekijät ovat keskeisempiä 
onnistumisen kannalta kuin algoritmien monimutkaisuus. Tulokset korostavat ERP-järjestelmän 
roolia perustana tekoälyn hyödyntämiselle sekä asteittaisen, datalähtöisen kehittämisen mer-
kitystä käytännön toteutuksessa. 

 
 
Avainsanat: Toiminnanohjausjärjestelmä (ERP), Tekoäly, Tuotannonsuunnittelu, PK-

teollisuus, Dataperusteinen päätöksenteko, Tuotannonohjaus, Digitalisaatio 
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1. INTRODUCTION 

1.1 Background and motivation 

Manufacturing small and medium-sized enterprises (SMEs), particularly in the machine 

shop industry, have traditionally relied on manual processes, fragmented information 

systems, and experience-based decision-making (Moeuf et al., 2018). In many cases, 

the enterprise resource planning (ERP) systems in use were implemented decades ago 

and no longer support real-time data utilisation or integrated production control. As a 

result, production planning, scheduling, and shop floor management are often supported 

by spreadsheets and informal practices rather than by a unified digital system. This cre-

ates challenges in data consistency, transparency, and responsiveness, especially in 

environments characterised by high product variability, small batch sizes, and frequent 

changes (Chopra et al., 2022). In the case company examined in this study, the existing 

ERP system was introduced before the year 2000 and lacks the capabilities required for 

automation, seamless integrations, and advanced data analysis. These limitations lead 

to manual data transfers, delays in decision-making, and imbalanced resource utilisation, 

ultimately affecting operational efficiency, delivery reliability, and customer satisfaction 

(Gunasekaran, Subramanian and Papadopoulos, 2017). 

At the same time, artificial intelligence (AI), and particularly machine learning–based so-

lutions, have emerged as promising enablers for improving production control and deci-

sion-making in manufacturing. AI-based methods offer the potential to automate data 

collection, enhance workload forecasting, and support more accurate and adaptive pro-

duction planning (Usuga Cadavid et al., 2020). For manufacturing SMEs operating under 

increasing competitive pressure and limited resources, such capabilities are especially 

relevant (Moeuf et al., 2018). The ability to respond flexibly to changing customer re-

quirements, reduce errors, and utilise resources more efficiently is becoming a critical 

success factor. However, the effective use of AI in production control presupposes a 

reliable digital foundation, in which ERP systems play a central role as the primary source 

of operational data (DeLone and McLean, 2003). 
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1.2 Research problem and research questions 

Despite the growing interest in AI-enabled production control, many manufacturing 

SMEs struggle to translate these technological opportunities into practical benefits. Leg-

acy ERP systems, fragmented data flows, and inconsistent shop floor data collection 

hinder the adoption of data-driven and AI-supported approaches (Moeuf et al., 2018; 

Oldemeyer, Jede and Teuteberg, 2025). Furthermore, existing research has primarily 

focused on the technical potential of AI methods, while providing limited empirical insight 

into how these technologies can be practically implemented and integrated into existing 

ERP environments in SME contexts (Usuga Cadavid et al., 2020). Consequently, there 

is a clear gap between the theoretical potential of AI in production planning and the prac-

tical realities faced by small and medium-sized machine shops. This study addresses 

this gap by examining how AI can be integrated into an ERP environment to enhance 

production control in a manufacturing SME context. 

The main research question of this thesis is: 

How can AI-supported solutions be implemented within an ERP environment to improve 

production planning and control in a manufacturing SME? 

This main question is further specified by the following sub-questions: 

1. What are the key limitations of the current ERP-based production control in the 

case company? 

2. How do ERP system selection and implementation choices influence the prereq-

uisites for AI utilisation? 

3. What AI-supported use cases can be practically implemented to support produc-

tion planning and control in this context? 

By addressing these questions, the study aims to identify concrete application areas for 

AI and to develop practical approaches that support more reliable planning, reduced lead 

times, and improved resource utilisation. 

1.3 Scope and limitations of the study 

The scope of this research is limited to production control and production planning at the 

operational level within the machine shop environment of the case company, which op-

erates as a small and medium-sized enterprise (SME). In this study, production control 

is understood as the day-to-day coordination of production activities, including workload 

management, short-term scheduling, prioritisation of jobs, and the flow of production-
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related information between planning and the shop floor. The analysis focuses specifi-

cally on the production control of guide rolls, which represent a central and recurring 

product type in the case company’s operations. By narrowing the scope to a single prod-

uct group with similar process steps but varying technical requirements, the study can 

examine production control practices and system requirements in greater detail. 

In addition to analysing the current production control practices, the study includes the 

evaluation and selection of a new ERP system and examines how ERP implementation 

choices influence the prerequisites for AI utilisation. The research therefore covers both 

the ERP selection and implementation process and the identification of AI-supported use 

cases within the same operational context. The analysis focuses specifically on chal-

lenges related to workload visibility, scheduling flexibility, data quality, and shop floor 

information flow, as well as how these are addressed through ERP capabilities and sys-

tem design choices. Other ERP domains, such as sales management, purchasing, or 

customer relationship management, are considered only to the extent that they directly 

influence production control, for example through order information, material availability, 

or production priorities. 

Artificial intelligence is examined as a decision-supporting and enabling technology that 

complements human planning and supervision rather than as a fully autonomous control 

mechanism. The study does not aim to develop or deploy a fully operational AI system, 

but instead focuses on analysing prerequisites, evaluating feasible use cases, and de-

scribing a pilot-oriented approach for AI-supported functionalities within an ERP-based 

production control context. 

1.4 Structure of the thesis 

This thesis is structured into eight main chapters, progressing from theoretical founda-

tions to empirical analysis and conclusions. Chapter 1 introduces the background, moti-

vation, research problem, and scope of the study, and outlines the overall structure of 

the thesis. Chapter 2 presents the theoretical framework by reviewing literature on ERP 

systems, production planning and control in manufacturing SMEs, and the role of artificial 

intelligence in production environments. The chapter also addresses data management, 

system integration, operational implementation, and change management aspects rele-

vant to ERP and AI adoption. Chapter 3 describes the research design and methodology. 

It explains the case study approach, data collection methods, and data analysis proce-

dures used in the study. Chapter 4 introduces the case company and its production en-
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vironment, followed by an analysis of the current ERP system, production control prac-

tices, and key challenges. The chapter concludes with a summary of identified develop-

ment needs. 

Chapter 5 focuses on the ERP selection and implementation in the case company. It 

presents the evaluation criteria, compares alternative ERP solutions, and justifies the 

final system selection. The chapter further describes the implementation objectives, pro-

cess, data migration, system integrations, and associated risks, as well as the role of AI 

capabilities in modern ERP systems. Chapter 6 examines the prerequisites for AI utilisa-

tion in an ERP environment, including data quality, potential use cases in production 

planning and control, and the role of pilot projects in enabling incremental development. 

Chapter 7 discusses the findings in relation to the research questions and existing liter-

ature. Finally, Chapter 8 presents the conclusions of the study and outlines directions for 

future research. 
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2. ERP SYSTEMS AND PRODUCTION CONTROL 
IN MANUFACTURING 

2.1 Production planning and control in manufacturing SMEs 

This study is grounded in a socio-technical perspective, where production planning and 

control are understood as the result of interactions between information systems, data 

structures, organisational practices, and human decision-making. Within this perspec-

tive, ERP systems function as centralised platforms that integrate operational data and 

processes across the organisation, enabling coordination and information sharing 

(Mhaskey, 2024). However, traditional ERP systems often remain dependent on manual 

data entry and retrospective reporting, limiting their ability to support dynamic and data-

driven production control without additional analytical capabilities (Mhaskey, 2024). Arti-

ficial intelligence (AI) extends these capabilities by enabling predictive analytics, intelli-

gent automation, and enhanced decision support, thereby transforming ERP systems 

from passive data repositories into active enablers of operational decision-making. 

To further structure this perspective, the study draws on an integrated information sys-

tems lens combining the IS Success Model (DeLone and McLean, 2003) with comple-

mentary adoption-oriented perspectives. The IS Success Model emphasises the im-

portance of system quality, information quality, and system use in determining organisa-

tional outcomes, highlighting the critical role of data accuracy, timeliness, and usability 

in production control contexts. At the same time, prior research has shown that under-

standing AI-enabled ERP systems requires considering technological capabilities, or-

ganisational readiness, and user acceptance in an integrated manner, as no single the-

oretical model fully captures the complexity of adoption and use (Islam et al., 2025). This 

combined lens is particularly relevant in manufacturing SMEs, where limited resources, 

legacy systems, and reliance on tacit knowledge shape both ERP utilisation and the fea-

sibility of AI integration (Moeuf et al., 2018). 

This theoretical framing directly supports the research questions of the study by linking 

three key dimensions: (1) the limitations of current ERP-based production control, (2) the 

role of ERP system capabilities and implementation choices in enabling or constraining 

development, and (3) the feasibility of AI-supported decision-making in production plan-

ning and control. In the context of manufacturing SMEs, production planning is charac-

terised by high variability, small batch sizes, and frequent changes, which increase the 

need for timely and reliable information as well as flexible decision support mechanisms 
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(Stevenson, Hojati and Cao, 2014; Moeuf et al., 2018). Consequently, the integration of 

AI into ERP environments must be understood not as a purely technological upgrade, 

but as a socio-technical transformation dependent on data quality, system integration, 

and organisational practices (Jarrahi, 2018). 

2.2 Characteristics of production planning and control in man-
ufacturing SMEs 

In the context of increasing digitalisation and the emergence of AI-enabled ERP systems, 

understanding the specific characteristics of production planning and control in manu-

facturing SMEs becomes essential (Mhaskey, 2024). Production planning and control in 

small and medium-sized manufacturing enterprises differs fundamentally from the as-

sumptions commonly underlying large-scale industrial systems and classical production 

optimisation literature. Manufacturing SMEs typically operate in environments character-

ised by make-to-order production, small batch sizes, high product variety, and frequent 

changes in customer requirements. These conditions result in inherently dynamic pro-

duction systems, where plans must be continuously adjusted in response to new infor-

mation, disturbances, and shifting priorities (Stevenson, Hojati and Cao, 2014). Unlike 

large manufacturing organisations, SMEs often lack dedicated planning departments 

and advanced analytical resources, which places greater emphasis on practical deci-

sion-making and operational flexibility. 

A defining characteristic of production control in SMEs is the strong reliance on human 

experience and informal coordination mechanisms. Moeuf et al. (2018) highlight that pro-

duction planning and scheduling decisions in SMEs are frequently person-dependent, 

with critical operational knowledge residing in the heads of production managers and 

supervisors rather than in formalised systems. This tacit knowledge plays a central role 

in managing variability, handling exceptions, and balancing competing objectives such 

as delivery reliability, workload stability, and efficient resource utilisation. While this ex-

periential approach provides flexibility, it also increases vulnerability to information loss, 

inconsistencies, and scalability challenges as operational complexity grows. 

The literature consistently emphasises that digital production control systems in SMEs 

should support, rather than replace, human decision-making. This is also reflected in 

recent research on AI-enabled ERP systems, which highlights the importance of inte-

grating technological capabilities with organisational practices and user acceptance ra-

ther than relying on purely automated solutions (Islam et al., 2025). Stevenson, Hojati, 

and Cao (2014) argue that in high-variability environments, rigid planning models and 

deterministic scheduling approaches are often impractical, as they fail to accommodate 
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the continuous changes inherent in customised production. Instead, SMEs benefit most 

from systems that enhance visibility, coordination, and situational awareness, enabling 

planners and supervisors to make informed trade-offs based on real-time information. 

This perspective contrasts with optimisation-focused approaches that assume stable 

processes and complete datasets, conditions rarely met in SME machine shop environ-

ments. 

Resource constraints further shape production planning and control practices in SMEs. 

Limited financial and human resources restrict the ability to invest in complex planning 

systems or extensive customisation efforts. Margherita and Braccini (2023) note that 

successful digitalisation in flexible manufacturing environments depends on the adapta-

bility and usability of systems rather than on their analytical sophistication. Tools that are 

easy to configure, transparent in their logic, and closely aligned with existing work prac-

tices are more likely to be adopted and sustained over time. Consequently, incremental 

digitalisation strategies that build on current practices are often more effective than com-

prehensive system overhauls. 

Within this context, ERP systems assume a particularly important role in SME production 

control. Rather than acting as advanced optimisation engines, ERP systems function as 

integrative platforms that structure production-related information, support coordination 

across functions, and provide a shared operational view of orders, resources, and work-

in-progress. When effectively implemented, ERP systems can reduce reliance on frag-

mented tools and informal communication, while preserving the flexibility required in cus-

tomised production settings (Moeuf et al., 2018; Margherita and Braccini, 2023). In addi-

tion, recent studies emphasise that the value of ERP systems is increasingly linked to 

their ability to support data-driven and AI-enabled functionalities, which rely on inte-

grated, high-quality operational data and structured system environments (Mhaskey, 

2024; Islam et al., 2025). This SME-specific perspective provides a critical foundation for 

analysing the role of ERP systems, production planning practices, and AI-enabled deci-

sion support in the subsequent sections of this literature review. 

2.3 The role of ERP systems in production planning and control 

Enterprise Resource Planning (ERP) systems form the core information infrastructure 

for production planning, control, and coordination in manufacturing organisations. In the 

machine shop industry, where production is often characterised by make-to-order pro-

cesses, small batch sizes, and high variability, ERP systems play a critical role in inte-

grating operational data across functional boundaries (Hitt, Wu and Zhou, 2002). Rather 

than serving merely as transactional systems, modern ERP solutions act as a shared 
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data backbone that connects sales, procurement, production, inventory management, 

and delivery processes (Gunasekaran, Subramanian and Papadopoulos, 2017). This in-

tegration is essential for ensuring consistent information flow, enabling coordinated de-

cision-making, and supporting efficient resource utilisation across the production system, 

particularly in SME environments where planning and execution are closely intertwined 

and organisational buffers are limited. In addition, the increasing role of artificial intelli-

gence in manufacturing further extends the function of ERP systems from data integra-

tion platforms toward enablers of predictive and data-driven decision-making (Mhaskey, 

2024). 

The strategic importance of ERP investments has been well established in the literature. 

Hitt, Wu, and Zhou (2002) demonstrate that ERP adoption can lead to significant produc-

tivity improvements when systems are effectively integrated into organisational pro-

cesses. Their findings highlight that ERP investments should be viewed as strategic ini-

tiatives rather than isolated IT projects, as their value emerges through process stand-

ardisation, improved information visibility, and enhanced coordination across the organ-

isation. This perspective is particularly relevant for manufacturing SMEs, such as the 

case company examined in this study, where legacy systems and manual workarounds 

constrain the ability to respond to fluctuating workloads and customer-specific require-

ments. 

Assessing the success of ERP systems requires a multidimensional perspective that 

goes beyond technical implementation. DeLone and McLean (2003) propose a widely 

adopted framework for evaluating information systems success based on technical sys-

tem quality, information quality, and user satisfaction. In a production control context, 

system quality relates to usability, reliability, search functionality, and the availability of 

visual production views, while information quality concerns the accuracy, timeliness, and 

consistency of production and inventory data. User satisfaction reflects how well the sys-

tem supports daily work practices and reduces manual effort and error-prone activities 

(DeLone and McLean, 2003). This framework is particularly suitable for analysing pro-

duction control systems in SME machine shop environments, where planning accuracy 

and operational performance are directly affected by usability and the reliability of shop 

floor data, which also form the foundation for AI-supported applications. 

Beyond internal process integration, ERP systems also serve as key enablers of supply 

chain coordination and competitive advantage. Gunasekaran, Subramanian, and Papa-

dopoulos (2017) emphasise that the benefits of information systems in manufacturing 

materialise fully only when data flows seamlessly across organisational and supply chain 

boundaries. In the context of machine shops, this implies that ERP systems must support 
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the integration of sales forecasts, order management, procurement, production schedul-

ing, and delivery information. Such integration improves responsiveness to customer de-

mand, reduces lead times, and enhances overall supply chain performance. Comple-

menting this view, Chopra et al. (2022) provide empirical evidence from manufacturing 

environments showing that ERP usage contributes to productivity improvements by 

streamlining workflows, reducing information redundancy, and improving decision-mak-

ing quality, outcomes that are particularly critical for SMEs operating under tight delivery 

and resource constraints. 

Taken together, the literature underscores that the value of ERP systems in production 

control lies not only in their functional scope but also in their ability to deliver high-quality 

information through usable and integrated interfaces. System selection and implemen-

tation choices therefore directly influence technical system quality, data reliability, and 

user experience, which in turn affect productivity and competitiveness (Chopra et al., 

2022). This theoretical perspective provides a foundation for examining how ERP mod-

ernisation can address the specific production control challenges identified in the case 

company and enable more data-driven and AI-supported decision-making in subsequent 

stages of development. 

2.4 Production planning, scheduling, and capacity management 

Production planning and control in manufacturing SMEs differs fundamentally from the 

deterministic and highly standardised environments often assumed in classical optimi-

sation literature. Stevenson, Hojati and Cao (2014) argue that in machine shop contexts 

characterised by make-to-order production, small batch sizes, and frequent changes in 

customer requirements, production plans are inherently dynamic and subject to continu-

ous revision. They also claim that rather than aiming for mathematically optimal sched-

ules, SMEs typically prioritise flexibility, responsiveness, and practical decision support 

to manage workload variability and delivery commitments. As a result, production control 

practices rely heavily on experience-based judgment and simple prioritisation rules, such 

as due date–driven sequencing or grouping similar jobs to reduce setup times. 

The literature emphasises that in high-variability, make-to-order manufacturing environ-

ments typical of SME machine shops, the primary challenge is not the absence of so-

phisticated scheduling algorithms, but rather the lack of timely and reliable information 

to support day-to-day production planning and decision-making. Moeuf et al. (2018) high-

light that production planning in SMEs is often highly person-dependent, with critical 

knowledge residing in the heads of production managers and planners. Digital tools are 

therefore most valuable when they enhance visibility, coordination, and situational 
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awareness rather than attempting to replace human decision-making. This perspective 

is particularly relevant for customised machine shop production, where short-term prior-

ities frequently change and planning decisions must be continuously adjusted at the op-

erational level. This further highlights the importance of data availability and structured 

information as a foundation for more advanced decision-support approaches, including 

AI-enabled production planning. 

Capacity and workload management play a central role in production control under high 

variability. Gunasekaran, Subramanian, and Papadopoulos (2017) argue that rather than 

relying on static capacity plans, SMEs require tools that enable continuous monitoring of 

resource utilisation and quick adjustments in response to disturbances, such as machine 

breakdowns, material delays, or urgent customer orders. These requirements also align 

with the growing role of data-driven and AI-supported tools, which rely on real-time and 

accurate production data to enhance responsiveness and planning accuracy. The ability 

to react quickly to changes in workload and supply conditions is more critical for compet-

itive performance than the pursuit of optimal schedules (Gunasekaran, Subramanian and 

Papadopoulos, 2017). In machine shop environments, this implies that production con-

trol systems should provide clear and visual representations of capacity, bottlenecks, 

and work-in-progress, enabling production managers to make informed trade-offs be-

tween efficiency and delivery reliability. 

Recent research on flexible manufacturing systems further supports this view. Mar-

gherita and Braccini (2023) emphasise that in highly customised and flexible production 

settings, digital production control systems create value primarily by improving transpar-

ency and coordination rather than through advanced optimisation. Visual production 

planning tools, real-time status information, and easily adjustable schedules enable plan-

ners and supervisors to respond effectively to ongoing changes. Overly complex plan-

ning models, by contrast, often remain unused due to high data requirements and limited 

trust in their outputs, particularly in SME contexts with constrained analytical resources 

(Margherita and Braccini, 2023). This finding helps explain why classical optimisation 

approaches, while theoretically powerful, are rarely adopted as primary planning mech-

anisms in SME machine shops.  

Classical optimisation and heuristic-based scheduling approaches, such as those dis-

cussed by Fattahi, Saidi Mehrabad, and Jolai (2007), demonstrate the theoretical poten-

tial of algorithmic production planning. However, their practical applicability in SME ma-

chine shops is limited by the assumptions of stable processes, complete and accurate 

data, and clearly defined constraints. This reinforces the view that production control in 
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SMEs should prioritise adaptable and information-rich systems that support human-cen-

tered decision-making (Stevenson, Hojati and Cao, 2014). Within this context, ERP sys-

tems equipped with suitable production planning and capacity management functionali-

ties provide a practical foundation for improving coordination and responsiveness, while 

also enabling the gradual adoption of more advanced data-driven and AI-supported ca-

pabilities, particularly in areas such as workload estimation, capacity forecasting, and 

decision support. 

2.5 Artificial intelligence and machine learning in production 
control 

In the context of this study, artificial intelligence (AI) and machine learning (ML) are un-

derstood as data-driven methods that support production planning and control by en-

hancing information availability, identifying patterns in historical and real-time data, and 

providing decision support for human planners and supervisors. AI is not approached as 

an autonomous control mechanism or a standalone optimisation system, but as a com-

plementary technology that augments experience-based decision-making in complex 

and variable production environments typical of manufacturing SMEs (Brynjolfsson, 

2014; Jarrahi, 2018). 

Recent literature increasingly recognises artificial intelligence (AI) and machine learning 

(ML) as important enablers for improving production planning and control, particularly in 

environments characterised by complexity, uncertainty, and high variability. However, 

research also highlights a clear distinction between the theoretical potential of AI-driven 

optimisation and its practical application in manufacturing SMEs (Moeuf et al., 2018; 

Oldemeyer, Jede and Teuteberg, 2025). Rather than fully autonomous control systems, 

AI is predominantly positioned as a decision-support technology that enhances human 

judgment by processing large volumes of data, identifying patterns, and generating ac-

tionable insights (Brynjolfsson, 2014; Jarrahi, 2018). 

From an SME perspective, the adoption of AI in production control is strongly constrained 

by data availability, system maturity, and organisational capabilities. Moeuf et al. (2018) 

emphasise that many SMEs operate with fragmented information systems and incom-

plete production data, which limits the applicability of advanced AI models. Conse-

quently, successful AI implementations in SMEs tend to focus on incremental improve-

ments such as enhanced visibility, predictive insights, and improved coordination rather 

than full-scale optimisation. This view is echoed by Oldemeyer, Jede, and Teuteberg 

(2025), whose systematic review identifies data quality, lack of internal expertise, and 
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unclear business value as the most significant barriers to AI adoption in small and me-

dium-sized enterprises. This further supports the view that AI adoption must be under-

stood through an integrated perspective combining technological capabilities, organisa-

tional readiness, and user acceptance (Islam et al., 2025). 

The literature converges on a set of AI use cases that are considered both feasible and 

valuable in production planning and control. Usuga Cadavid et al. (2020) identify work-

load forecasting, estimation of operation durations, and detection of deviations from 

planned performance as particularly suitable applications for machine learning. These 

applications leverage historical production data to support planners in anticipating ca-

pacity constraints and potential disruptions. Importantly, the authors note that AI models 

are most effective when embedded within existing ERP or MES environments, where 

they can utilise standardised and continuously updated operational data rather than func-

tioning as standalone analytical tools. This is consistent with recent research emphasis-

ing that ERP systems act as the primary data infrastructure enabling AI-driven analytics 

and automation in organisational processes (Mhaskey, 2024). 

In contrast, fully automated scheduling and optimisation approaches remain rare in prac-

tice, especially in highly customised and make-to-order production settings. Classical 

optimisation models often assume stable processes, well-defined constraints, and com-

plete datasets, conditions that are seldom met in SME machine shops (Fattahi, Saidi 

Mehrabad and Jolai, 2007). Margherita and Braccini (2023) argue that in flexible manu-

facturing environments, overly complex planning models are frequently rejected by users 

due to their lack of transparency and limited adaptability. Instead, digital systems create 

value by supporting rapid reconfiguration of plans and providing clear situational aware-

ness rather than prescribing optimal schedules. 

A recurring theme in the literature is the complementary relationship between human 

decision-makers and AI-based systems. Brynjolfsson (2014) and Jarrahi (2018) empha-

sise that while AI excels at processing large datasets and identifying patterns, humans 

remain superior in handling ambiguity, exceptions, and context-dependent trade-offs. 

This hybrid decision-making paradigm is particularly relevant in production control, 

where unexpected events such as machine failures, material shortages, or urgent cus-

tomer requests require judgment beyond algorithmic logic. Accordingly, AI should be 

designed to augment planners’ and supervisors’ capabilities by providing recommenda-

tions, alerts, and explanations rather than replacing human control. 

In addition to predictive and analytical applications, research highlights the importance 

of automation-oriented AI solutions in SME contexts. Hofmann, Samp, and Urbach 
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(2020) describe robotic process automation (RPA) as a pragmatic entry point for AI adop-

tion, enabling the automation of repetitive administrative tasks such as data entry, report 

generation, and system-to-system information transfer. They also state that such appli-

cations deliver immediate efficiency gains and improve data consistency, thereby 

strengthening the data foundation required for more advanced AI-driven analytics. Prac-

tical examples of ERP-integrated AI, such as AI-assisted order processing and document 

handling, further demonstrate how AI can enhance operational efficiency without requir-

ing extensive changes to core production processes (Rudy, 2025). 

Overall, the literature suggests that the role of AI in production planning and control within 

SMEs is evolutionary rather than revolutionary. AI creates value by improving data utili-

sation, supporting human decision-making, and reducing manual effort, while ERP sys-

tems provide the structural foundation for integrating these capabilities into daily opera-

tions. The effectiveness of AI in this context depends less on algorithmic sophistication 

and more on data quality, system integration, and organisational readiness (Islam et al., 

2025; Oldemeyer, Jede and Teuteberg, 2025). This reinforces the socio-technical per-

spective adopted in this study, where AI effectiveness depends on the interaction be-

tween data quality, system integration, and human decision-making. 

2.6 Data collection, system integration, and automation 

The evaluation of production planning and control systems requires a structured per-

spective on how information systems create value within organisations. One widely 

adopted framework for this purpose is the Information Systems Success Model proposed 

by DeLone and McLean (2003). The model conceptualises information system success 

as a multidimensional construct consisting of system quality, information quality, and 

service quality, which together influence system use, user satisfaction, and ultimately 

organisational impact. Rather than focusing solely on technical implementation, the 

model emphasises how system characteristics and information outputs affect daily work 

practices and decision-making. 

Within an ERP-based production control context, the DeLone and McLean model pro-

vides a particularly relevant analytical lens. System quality relates to usability, reliability, 

integration capabilities, and the availability of timely feedback, while information quality 

refers to the accuracy, completeness, consistency, and timeliness of operational data. 

These dimensions are closely interconnected in production environments, where defi-

ciencies in data collection or system integration directly undermine planning accuracy, 

workload visibility, and operational responsiveness. By applying this model, the effec-



14 
 

tiveness of ERP-supported production control can be examined not only in terms of func-

tionality, but also through its ability to support reliable information flow and sustained 

system use in daily operations (DeLone and McLean, 2003). 

Building on the Information Systems Success Model, the effectiveness of production 

planning and control systems can be understood as fundamentally dependent on the 

quality, timeliness, and consistency of operational data. In ERP-supported production 

environments, deficiencies in information quality directly undermine system use and de-

cision-making, regardless of the sophistication of planning logic or analytical methods 

(Gunasekaran, Subramanian and Papadopoulos, 2017). In production control contexts, 

information quality encompasses accurate recording of work progress, up-to-date inven-

tory levels, and consistent handling of production events, all of which directly influence 

planning reliability, workload visibility, and operational performance (DeLone and 

McLean, 2003). 

The literature emphasises that data quality challenges in manufacturing SMEs often orig-

inate from fragmented data collection practices and insufficient system integration. Gun-

asekaran, Subramanian, and Papadopoulos (2017) argue that the benefits of information 

systems in production and supply chain management materialise only when data flows 

seamlessly across organisational functions. In machine shop environments, where pro-

duction planning is tightly coupled with procurement, inventory availability, and delivery 

commitments, isolated data silos lead to delayed reactions, local optimisation, and in-

creased operational risk (Gunasekaran, Subramanian and Papadopoulos, 2017). ERP 

systems therefore serve a critical role as integration platforms that consolidate data from 

multiple sources and enable coordinated decision-making across the production system. 

A recurring theme in recent research is the importance of capturing production data as 

close to execution as possible. Kletti (2007) highlights that shop floor–level data collec-

tion is essential for maintaining data accuracy and relevance, yet manual recording prac-

tices often result in delayed or incomplete information. This challenge is particularly pro-

nounced in SMEs, where data entry is frequently perceived as an additional administra-

tive burden rather than an integral part of production work. Yesodha et al. (2023) demon-

strate that automated and real-time data collection mechanisms, enabled for example 

through IoT technologies, can significantly reduce manual effort, improve data accuracy, 

and support earlier identification of bottlenecks. However, such technologies require 

careful alignment with existing processes and system architectures to deliver tangible 

benefits. (Kletti, 2007; Yesodha et al., 2023) 
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Integration between ERP systems and operational data sources further amplifies the 

value of real-time information. Wijesinghe et al. (2024) show that ERP–IoT integration 

enhances production visibility and responsiveness but also point out that SMEs face 

substantial challenges related to system complexity, heterogeneous data formats, and 

limited technical resources. These findings reinforce the notion that integration strategies 

must be pragmatic and incremental, prioritising critical data flows over comprehensive 

but difficult to maintain architectures. In this context, ERP systems act not only as repos-

itories of transactional data but also as hubs that structure and contextualise operational 

information for planning and control purposes. (Wijesinghe et al., 2024) 

Automation technologies offer additional opportunities to improve data quality and inte-

gration without extensive changes to production equipment. Hofmann, Samp, and Ur-

bach (2020) describe robotic process automation (RPA) as a particularly suitable ap-

proach for SMEs, enabling the automation of repetitive and error-prone administrative 

tasks such as data transfer between systems, report generation, and document handling. 

By reducing manual intervention, RPA indirectly enhances data consistency and availa-

bility, thereby strengthening the data foundation required for both operational planning 

and advanced analytics. Oldemeyer, Jede, and Teuteberg (2025) similarly conclude that 

many successful AI initiatives in SMEs are preceded by investments in automation and 

data integration rather than by complex analytical models. 

The connection between data collection, integration, and AI utilisation is further empha-

sised in studies focusing on machine learning applications in production planning. Usuga 

Cadavid et al. (2020) argue that the effectiveness of AI models depends primarily on the 

availability of structured, time-stamped, and process-consistent data. Without such data, 

even advanced algorithms fail to produce reliable insights. Practical examples of ERP-

integrated automation, such as AI-assisted document and order processing, illustrate 

how targeted automation can improve data availability and usability without requiring fully 

mature data infrastructures (Rudy, 2025). This reinforces the role of ERP systems as 

critical data infrastructures that enable the practical application of AI in production control 

environments. (Hofmann, Samp and Urbach, 2020) 

Overall, the literature suggests that data collection, integration, and automation form the 

foundational layer of effective production control and AI-enabled decision support. Ra-

ther than treating data as a by-product of production activities, SMEs must actively de-

sign processes and systems that facilitate accurate and timely data generation. ERP 

systems play a central role in this process by integrating operational data, supporting 

automation, and enabling gradual progression toward more advanced analytics and AI-

supported production control (Wijesinghe et al., 2024). This also aligns with the socio-
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technical perspective adopted in this study, where data quality, system integration, and 

organisational practices jointly determine the effectiveness of AI-supported production 

control. 

2.7 Operational implementation of ERP systems on the shop 
floor 

While ERP systems provide the structural backbone for production planning and control, 

their practical value is ultimately determined at the operational level where production 

activities are executed. Prior research emphasises that challenges related to ERP adop-

tion rarely stem from planning logic itself, but rather from how systems are implemented 

and used on the shop floor. Kletti (2007) argues that production control systems fail when 

data collection and feedback mechanisms are detached from daily production work, re-

sulting in delayed, incomplete, or unreliable information. Similarly, Margherita and Brac-

cini (2023) highlight that in flexible and highly customised manufacturing environments, 

digital systems create value only when they remain closely aligned with operational rou-

tines and support transparency rather than impose rigid structures. From this perspec-

tive, operational implementation is not merely a technical task but a socio-technical pro-

cess that must align system functionality with production practices, while also consider-

ing organisational readiness and user acceptance as key determinants of successful 

system use (Islam et al., 2025). 

A recurring theme in the literature is the importance of usability and seamless integration 

into daily work routines which is also emphasised in recent studies on AI-enabled ERP 

systems, where user acceptance and ease of use are critical for sustained system utili-

sation (Islam et al., 2025). DeLone and McLean (2003) highlight that system use and 

information quality are mutually reinforcing: poorly designed user interfaces and incon-

venient workflows reduce system usage, which in turn degrades data quality. In produc-

tion environments, this relationship is particularly critical, as inaccurate or delayed re-

porting directly affects production planning, workload balancing, and delivery reliability. 

Margherita and Braccini (2023) further emphasise that in flexible and highly customised 

manufacturing contexts, systems must remain adaptable and transparent to maintain 

user trust. Overly rigid or complex ERP configurations risk being bypassed through in-

formal workarounds, thereby undermining the intended benefits of integration. 

Visual management and real-time feedback mechanisms are frequently identified as ef-

fective means of bridging the gap between planning systems and shop floor operations. 

Drawing from lean production principles, Liker and Meier (2005) argue that visual control 
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supports situational awareness and reduces reliance on verbal communication and indi-

vidual memory. In ERP-supported production environments, visual production views and 

shop floor displays can serve a similar function by making work priorities, progress, and 

deviations immediately visible (Liker and Meier, 2005). Empirical studies on real-time 

data usage support this view, showing that timely feedback enables faster corrective 

actions and reduces the accumulation of errors in dynamic production settings (Yesodha 

et al., 2023). 

Another critical aspect of operational ERP implementation concerns the handling of tacit 

knowledge embedded in production processes. In many SMEs, detailed process know-

how, machine-specific settings, and exception handling practices reside with experi-

enced individuals rather than within formal systems. Kletti (2007) and Stevenson, Hojati, 

and Cao (2014) both acknowledge that production control relies heavily on experiential 

knowledge, particularly in environments characterised by frequent variation. Digital sys-

tems therefore face the challenge of capturing and supporting this knowledge without 

constraining necessary flexibility. Margherita and Braccini (2023) suggest that configu-

rable workflows and contextual information support offer a viable compromise, allowing 

systems to guide actions while preserving human discretion. 

The literature also highlights the role of operational implementation as a prerequisite for 

advanced analytics and AI-supported production control. Usuga Cadavid et al. (2020) 

stress that machine learning applications require consistent, time-stamped, and process-

level data, which can only be achieved if data collection is embedded into operational 

routines. Oldemeyer, Jede, and Teuteberg (2025) reinforce this view by identifying user 

acceptance and disciplined data entry as key success factors in SME digitalisation initi-

atives. Without a stable operational foundation, AI-enabled functionalities remain theo-

retical rather than actionable. This highlights the importance of ERP systems as opera-

tional data platforms that enable the practical deployment of AI-driven functionalities 

within daily workflows (Mhaskey, 2024). 

Taken together, the literature suggests that the success of ERP systems in production 

environments depends less on the sophistication of planning features and more on their 

operational realisation. Usability, visual support, integration into daily routines, and re-

spect for human expertise emerge as central design principles. By focusing on these 

aspects, ERP implementations can create a reliable operational data foundation while 

simultaneously supporting the flexibility required in SME manufacturing contexts 

(Oldemeyer, Jede and Teuteberg, 2025). This operational perspective provides an es-

sential basis for examining how ERP-enabled production control can be sustainably 

adopted and further developed in practice, and it also aligns with the socio-technical 
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perspective adopted in this study, where system effectiveness emerges from the inter-

action between technology, data, and human practices. 

2.8 Adoption of AI-enabled systems and change management in 
SMEs 

The successful adoption of ERP systems and AI-enabled functionalities in SMEs extends 

beyond technical implementation and is fundamentally shaped by human, organisa-

tional, and cultural factors, requiring an integrated perspective that combines technolog-

ical capabilities, organisational readiness, and user acceptance (Islam et al., 2025). The 

literature consistently frames digital systems as socio-technical constructs, where tech-

nological capabilities only translate into operational and strategic benefits if users accept, 

trust, and actively integrate them into their daily work practices (DeLone and McLean, 

2003; Venkatesh et al., 2003). This perspective is particularly relevant in SME manufac-

turing environments, where production control relies heavily on experience-based deci-

sion-making and close interaction between planning and execution. 

User acceptance has been widely studied as a critical determinant of information system 

success. Venkatesh et al. (2003) argue that perceived usefulness and ease of use 

strongly influence users’ willingness to adopt new systems, alongside social influence 

and the availability of organisational support. In the context of ERP and AI-enabled pro-

duction control, these factors manifest in the extent to which systems are perceived to 

genuinely support work tasks rather than impose additional administrative burden, par-

ticularly as AI-enabled ERP systems increasingly aim to automate administrative tasks 

and enhance decision-making within daily workflows (Mhaskey, 2024). DeLone and 

McLean (2003) further emphasise that system use and user satisfaction are prerequi-

sites for realising organisational benefits, reinforcing the notion that adoption cannot be 

achieved through technical deployment alone.  

AI-specific adoption challenges introduce additional layers of complexity. Iftikhar and 

Nordbjerg (2021) highlight that AI initiatives in SMEs often fail due to unclear problem 

definitions and insufficient user trust in algorithmic outputs. Unlike traditional ERP func-

tionalities, AI-based recommendations may be perceived as opaque or difficult to vali-

date, particularly when they influence planning decisions traditionally made by experi-

enced personnel (Iftikhar and Nordbjerg, 2021). Jarrahi (2018) addresses this challenge 

by advocating for hybrid decision-making models, where AI augments human judgment 

rather than replaces it. Transparency and explainability of AI-generated insights are 

therefore essential to build trust and sustained use. To synthesise the literature on AI 
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adoption in SMEs, Table 1 summarises the key enablers and challenges relevant to 

ERP-based production control.   

 Key enablers and challenges of AI adoption in ERP-based production control in SMEs. 

 

Organisational change management emerges as a central theme across the literature. 

Kotter (1997) emphasises that successful change initiatives require a clear vision, con-

tinuous communication, and the creation of early tangible benefits to maintain momen-

tum. In SME contexts, where resources for large-scale transformation are limited, 

Oldemeyer, Jede, and Teuteberg (2025) argue that phased implementation and incre-

mental learning are more effective than comprehensive, one-time deployments. This ap-

proach allows organisations to gradually adapt processes, develop internal capabilities, 

and refine system usage based on practical experience.  

Dimen-
sion 

Enablers Challenges Key references 

Problem 
definition 

Clearly defined, oper-
ationally grounded use 
cases (e.g. workload 
forecasting, deviation 
detection) 

Vague or overly am-
bitious AI goals without 
clear business rele-
vance 

Iftikhar and Nord-
bjerg (2021); 
Oldemeyer, Jede and 
Teuteberg (2025) 

Data 
availability 
and quality 

Structured historical 
production data inte-
grated into ERP systems 

Fragmented, incom-
plete, or inconsistent 
data limiting model reli-
ability 

Moeuf et al. (2018); 
Usuga Cadavid et al. 
(2020); DeLone and 
McLean (2003) 

User 
trust and 
acceptance 

Transparent AI out-
puts and understandable 
recommendations 

Perceived opacity of 
AI models and low trust 
in algorithmic decisions 

Iftikhar and Nord-
bjerg (2021); Jarrahi 
(2018); Venkatesh et al. 
(2003) 

Decision-
making 
model 

Hybrid decision-mak-
ing where AI supports 
human judgment 

Resistance to AI 
when perceived as re-
placing experienced 
personnel 

Jarrahi (2018); 
Brynjolfsson (2014) 

System 
integration 

AI embedded within 
existing ERP and pro-
duction control systems 

Standalone AI tools 
detached from daily 
work practices 

Usuga Cadavid et al. 
(2020); Gunasekaran, 
Subramanian and Papa-
dopoulos (2017) 

Organi-
sational 
readiness 

Incremental imple-
mentation and learning-
oriented adoption 

Lack of internal AI 
expertise and change 
management capabili-
ties 

Kotter (1997; 
Oldemeyer, Jede and 
Teuteberg (2025) 

Per-
ceived value 

Early, tangible bene-
fits such as reduced 
manual work or im-
proved visibility 

Unclear or delayed 
benefits reducing moti-
vation for continued use 

Brynjolfsson (2014); 
Musa, Abubakari and 
Abdulwahab (2025) 
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The importance of participation and co-creation is further emphasised through the lens 

of service-dominant logic. Lusch and Vargo (2006) and Vargo and Lusch (2008) concep-

tualise value as emerging through use and interaction rather than being embedded in 

technology itself. Applied to ERP and AI adoption, this implies that production planners, 

supervisors, and operators are not merely end users but active contributors to system 

value creation. Their involvement in system configuration, testing, and continuous im-

provement increases both system relevance and acceptance, aligning digital tools more 

closely with operational realities. (Lusch and Vargo, 2006; Vargo and Lusch, 2008) 

Finally, broader discussions on digital transformation and work highlight that AI-enabled 

systems reshape roles rather than eliminate them. Brynjolfsson (2014) argues that the 

primary impact of AI lies in changing how work is organised and decisions are made, 

shifting human effort toward interpretation, coordination, and exception handling. In pro-

duction control, this reinforces the need to support learning and adaptation, ensuring that 

employees are equipped to collaborate effectively with AI-based tools. Musa, Abubakari, 

and Abdulwahab (2025) conclude that competitive advantage from AI in SMEs is 

achieved only when technological initiatives are aligned with organisational strategy and 

supported by appropriate change management practices. 

In summary, the literature indicates that the adoption of ERP and AI-enabled systems in 

SMEs is a continuous and participatory process rather than a discrete technical project. 

User acceptance, trust, and organisational learning play a decisive role in determining 

whether digital systems enhance production control or remain underutilised (Musa, Abu-

bakari and Abdulwahab, 2025). This perspective provides a critical foundation for ana-

lysing the ERP implementation and AI pilot initiatives in the case company, where tech-

nological development and organisational change must evolve in parallel. This also re-

inforces the socio-technical perspective adopted in this study, where successful AI-ena-

bled ERP adoption emerges from the alignment of technology, data, and organisational 

practices. 



21 
 

3. RESEARCH DESIGN AND METHODOLOGY 

3.1 Research approach: case study 

This study adopts a qualitative-dominant case study approach complemented by quan-

titative operational data. The study follows an embedded single-case design, where the 

organisation represents the primary case and the production control system and its re-

lated processes form the unit of analysis (Yin, 2018). The empirical case of the study is 

the ERP implementation and related development of production planning and control 

practices in a single manufacturing SME case company. The unit of analysis is the com-

pany’s production control system and its transformation through ERP modernisation and 

the introduction of AI-enabled capabilities. The case study methodology is particularly 

suitable for investigating complex and context-dependent phenomena in which techno-

logical, organisational, and human factors are closely intertwined and cannot be mean-

ingfully separated from their real-life setting (Yin, 2018). ERP implementation and the 

integration of artificial intelligence into production planning and control represent such 

phenomena, as they are strongly shaped by legacy systems, organisational practices, 

data quality, and user behaviour. Case studies further enable an in-depth examination 

of contemporary processes and decision-making within their natural context, supporting 

analytical rather than statistical generalisation (Eisenhardt, 1989).  

The research design follows a multi-source data collection strategy, combining qualita-

tive interviews, direct observation, system documentation, and historical production data. 

The use of multiple data sources enhances the robustness of the findings through trian-

gulation and allows the researcher to compare formal process descriptions with actual 

operational practices (Yin, 2018). In addition, the combination of qualitative and quanti-

tative data supports a richer and more comprehensive understanding of the research 

problem, which is particularly relevant when exploring the prerequisites and feasibility of 

AI-supported production control rather than measuring algorithmic performance (Saun-

ders, 2019). The study is primarily exploratory in nature, aiming to identify prerequisites, 

challenges, and practical approaches for integrating AI into ERP-supported production 

control. This approach is particularly suitable for assessing the organisational and data-

related prerequisites of AI utilisation, where contextual understanding is more critical 

than purely technical evaluation. 
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3.2 Data collection 

Multiple data sources were used to ensure a comprehensive understanding of the re-

search problem and to support triangulation. Quantitative data were collected from the 

company’s historical production records, focusing on approximately 20,000 past orders, 

of which fewer than 100 were active during the ERP transition. The dataset included 

selected production-related variables such as order volumes, lead times, and workload 

distribution, as well as more detailed roll-specific data used in the AI pilot context, includ-

ing dimensions (length and diameter), coating characteristics, material information, per-

formed operations, and their recorded durations. The primary time horizon of the ana-

lysed data spans multiple years of historical production, enabling the identification of 

patterns and variability in production performance. This quantitative data supports the 

main research question by providing a basis for evaluating how historical data can be 

utilised to improve production planning accuracy and decision support through ERP and 

AI-enabled solutions. 

In addition, system-level data such as ERP logs and documents related to manual data 

transfers between systems were analysed to identify bottlenecks, data quality issues, 

and delays in information flow. Attention was paid to the coexistence of multiple data 

sources, including the legacy ERP system, Excel-based planning files, and manually 

maintained documents, as well as inconsistencies arising from earlier system implemen-

tations. This part of the data collection directly addresses the sub-question related to 

improving the reliability and accuracy of production control. 

Qualitative data form a central part of the study. Semi-structured interviews were con-

ducted with key stakeholders in production management, production planning, and sales 

to capture experiential knowledge, perceived challenges, and expectations related to 

ERP usage and production control. In total, 13 interviews were conducted, covering roles 

such as production managers, planners, and sales personnel. An overview of the inter-

viewees and their roles is presented in Table 2. These interviews provided insights into 

daily operational practices, reliance on tacit knowledge, and limitations of the legacy ERP 

system. Furthermore, interviews with ERP vendors were conducted during the system 

selection phase and the early stages of implementation. These discussions focused par-

ticularly on production control capabilities, system integration, and AI-related functional-

ities and development roadmaps, thereby contributing to the evaluation of feasible AI 

use cases in an SME context. The interview structure and key themes are presented in 

Appendix 1. 
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 Overview of conducted interviews. 
 

Interview type Date(s) Participants Purpose 
Open man-

agement inter-
views 

15 July 2025; 19 
September 2025; 9 
October 2025 

Company 
management 

Forming an overall un-
derstanding of the com-
pany’s operations, produc-
tion environment, and devel-
opment needs 

ERP vendor 
interviews 

15 October 2025; 
16 October 2025; 27 
October 2025; 28 Oc-
tober 2025 

Four ERP 
vendors 

Evaluating ERP system 
options and identifying suita-
ble solutions for the case 
company 

Follow-up 
vendor inter-
views 

25 November 
2025; 10 December 
2025 

Selected ERP 
vendor 

Deepening understand-
ing of the selected ERP sys-
tem and exploring AI-related 
development opportunities 

Semi-struc-
tured production 
management in-
terview 

3 December 2025 3 participants 
(production man-
agement and 
planning) 

Identifying current pro-
duction control practices, 
challenges, and require-
ments for ERP and AI 

ERP imple-
mentation inter-
views 

21 January 2026; 4 
February 2026 

Case com-
pany and ERP 
vendor 

Supporting ERP project 
initiation and defining imple-
mentation scope and project 
plan 

AI pilot and 
data planning in-
terview 

18 March 2026 Case com-
pany and ERP 
vendor 

Planning AI pilot imple-
mentation and defining data 
migration and utilisation ap-
proach 

 

In addition to interviews, direct observation of production and shop floor activities was 

carried out during 8 site visits between August/2025 – April/2026. The observations fo-

cused on key production stages, including order handling, work execution, and reporting 

practices, with particular attention to how information is generated, recorded, and utilised 

during daily operations. This observational data helped contextualise interview findings 

and revealed discrepancies between documented processes and actual practices, par-

ticularly in relation to manual reporting, prioritisation, and communication between func-

tions. As background material, relevant academic literature on ERP systems, production 

planning, artificial intelligence, and SME digitalisation was reviewed to frame the empir-

ical findings within established research. The different data sources were used to ad-

dress the research questions as follows: quantitative production data supported the anal-

ysis of data availability and planning accuracy, interviews provided insights into current 

practices and ERP-related challenges, and observations helped validate how production 

control is performed in practice and how ERP and AI-related changes are reflected in 

daily operations. 
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3.3 Data analysis 

The collected qualitative data were analysed using thematic analysis. Interview tran-

scripts and observation notes were coded iteratively to identify recurring themes related 

to production control challenges, ERP limitations, data management practices, and AI-

related expectations. The thematic analysis resulted in approximately 30 initial codes, 

which were iteratively grouped into higher-level categories and themes. As the analysis 

was conducted by a single researcher, an audit trail of coding decisions was maintained 

to support analytical transparency. The final thematic structure is summarised in Table 

3, which presents the main themes, their associated sub-themes, and illustrative exam-

ples of initial codes. These categories were further refined into a hierarchical structure 

consisting of main themes and sub-themes, allowing for a systematic analysis of recur-

ring patterns across the data. The themes were informed both by the research questions 

and by concepts derived from the literature, such as data quality, system integration, 

decision support, and change management. Attention was given to identifying how reli-

ance on tacit knowledge, manual data handling, and fragmented information systems 

affect production planning accuracy and decision-making in the case company. The cod-

ing process followed an iterative approach, where initial open coding was followed by 

categorisation and abstraction into higher-level themes. This enabled the identification 

of both expected patterns based on the research questions and emergent insights from 

the empirical data. 

 Summary of thematic analysis results. 
 

Main theme Sub-themes Example codes 
Production planning 

challenges 
Frequent rescheduling, 

reactive planning 
“Constant changes”, “daily 

adjustments” 
Data management is-

sues 
Fragmented systems, 

manual data entry 
“Excel + ERP overlap”, “dupli-

cate entries” 
ERP system limita-

tions 
Lack of real-time visibility, 

poor integration 
“No real-time data”, “system 

not connected” 
Tacit knowledge de-

pendency 
Person-dependent deci-

sion-making 
“Knowledge in people’s 

heads” 
AI expectations and 

opportunities 
Work duration estimation, 

planning support 
“Better estimates”, “automa-

tion potential” 

 

Quantitative production data were analysed descriptively using a dataset of historical 

orders, complemented by more detailed production-level data utilised in the AI pilot con-

text. The analysis focused on identifying patterns in lead times, workload variability, and 

the relationship between product characteristics (such as roll dimensions, coating prop-

erties, and performed operations) and realised work durations. Rather than developing 

predictive models, the analysis emphasised evaluating data availability, structure, and 
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consistency, as well as their suitability for AI-supported applications such as workload 

estimation and quotation support. This directly supports the research objective of as-

sessing how existing production data can be leveraged to improve planning accuracy 

and reliability within an ERP environment. 

In addition, the analysis examined data quality issues, including inconsistencies, missing 

values, and structural limitations originating from legacy systems and prior system im-

plementations. The need for data cleansing, restructuring of work phase definitions, and 

harmonisation of recording practices was identified as a critical prerequisite for both ERP 

functionality and AI utilisation. This aspect of the analysis is closely linked to the sub-

questions concerning the reliability of production control and the role of data in enabling 

improved decision support. 

Findings from different data sources were compared to identify consistencies and con-

tradictions, supporting analytical triangulation. For example, interview insights regarding 

workload uncertainty and manual planning were compared with observed data gaps and 

variability in production records. This combination of qualitative and quantitative analysis 

strengthens the validity of the conclusions and enables a more nuanced understanding 

of how ERP implementation choices and data practices influence the feasibility of AI 

utilisation in production control. 
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4. CASE COMPANY BACKGROUND AND ERP 
REQUIREMENTS 

4.1 Case company overview and production environment 

The case company operates in the machine shop industry as a small and medium-sized 

enterprise (SME) with a strong focus on customised and make-to-order production. Its 

core business consists primarily of the maintenance, refurbishment, and reconditioning 

of paper machine rolls for the paper industry, complemented by a smaller share of new 

roll manufacturing. Each roll is treated as an individual project, with customer-specific 

requirements, dimensions, and operating conditions defining the scope of work. As a 

result, production is characterised by small batch sizes, high product variety, and fre-

quent changes during execution, particularly following initial inspection and condition as-

sessment. 

The production process follows a structured but inherently flexible sequence that begins 

with sales and order handling, where each roll is quoted individually based on its tech-

nical characteristics and anticipated work content. Once an order is confirmed, produc-

tion planning defines the required work phases, materials, and estimated processing 

times using predefined templates that are adjusted according to roll size and known con-

ditions. However, upon arrival at the facility, rolls undergo detailed inspection and meas-

urement, which frequently leads to refinements of the original work plan and, in some 

cases, additional agreed-upon tasks with the customer. Consequently, the initial produc-

tion plan often represents a preliminary assumption rather than a fixed schedule, and 

production control must continuously adapt to new information emerging during execu-

tion. 

Core production activities include inspection, machining, coating, finishing, balancing, 

and final reporting prior to delivery. These stages are carried out across multiple special-

ised workstations, each with distinct resource constraints and setup requirements. Daily 

production control is coordinated by a small group of experienced individuals, and oper-

ational decisions rely heavily on tacit knowledge, informal communication, and real-time 

situational awareness rather than strictly predefined schedules. Worklists are typically 

prepared in advance of shifts, while actual labour times and production outcomes are 

recorded after execution and transferred to the ERP system with a delay. This limits real-

time visibility into work progress, workload distribution, and emerging bottlenecks. 
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The company’s current ERP environment is based on a legacy system that provides 

limited support for real-time data collection, integrated production visibility, and dynamic 

workload management. As a result, production planning and control depend significantly 

on manual coordination, experience-based judgment, and parallel documentation prac-

tices. In an organisation of this size, production control responsibilities are concentrated 

in a small number of key personnel, and critical process knowledge related to machine 

behaviour, work sequencing, and exception handling is largely undocumented. This in-

creases vulnerability to disruptions and constrains the systematic use of production data 

for planning and improvement purposes. Figure 1 illustrates the overall production pro-

cess of the case company, highlighting the main phases of roll maintenance and refur-

bishment from order handling to final reporting, as well as the points where production 

plans are refined during execution. 

 

 Process chart for a usual maintenance project (adapted from internal 
company documentation and author’s own elaboration). 

Taken together, these characteristics make the case company representative of manu-

facturing SMEs operating in highly variable, make-to-order machine shop environments. 

The combination of customised production, inspection-driven plan changes, limited real-

time data availability, and strong reliance on tacit knowledge creates a challenging con-

text for production control. At the same time, it provides a relevant and realistic setting 

for examining how ERP modernisation and AI-supported decision support can improve 

production planning, workload management, and information flow in SME manufacturing 

contexts. 
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4.2 Current ERP system and production control practices 

The case company’s current production control is supported by an ERP system (4D) that 

was implemented prior to the 2000s and has since become technically outdated. The 

system no longer supports modern requirements related to system integration, automa-

tion, real-time data processing, or advanced analytics. As a result, it functions primarily 

as a transactional backbone rather than as an active decision-support tool for production 

planning and control. This technological limitation is particularly challenging in a produc-

tion environment characterised by high variability, frequent plan changes, and make-to-

order workflows. 

Production-related information is fragmented across multiple systems and tools, as iden-

tified in both the conducted interviews and direct observations on the shop floor. In addi-

tion to the ERP system, data is maintained in Excel spreadsheets, manual paper-based 

documents, and separate reporting and presentation tools as repeatedly highlighted by 

interviewees and confirmed during observations of daily production activities. Key pro-

duction control activities, such as order creation, production planning, material tracking, 

and reporting, require repeated manual data entry across these parallel systems. This 

increases the risk of inconsistencies, data duplication, and errors, while also consuming 

a significant share of production management resources. The lack of a single, integrated 

source of truth limits transparency and complicates coordination between sales, produc-

tion planning, and shop floor execution. 

Time reporting practices, as described in interviews and observed in practice, further 

constrain data accuracy and timeliness. Labor time is typically recorded after the com-

pletion of shifts rather than in real time, and the recorded data is transferred to the ERP 

system with a delay. Consequently, production status information reflects past conditions 

rather than the current situation on the shop floor. This limits the ability of production 

planners and supervisors to react proactively to emerging bottlenecks, workload imbal-

ances, or deviations from planned execution. Instead, production control relies heavily 

on experience-based judgment and informal communication to compensate for the lack 

of timely system feedback. 

Inspection-driven changes constitute a critical challenge in the current system landscape 

as emphasised by production management during interviews and supported by observed 

discrepancies between planning documents and actual shop floor practices. As detailed 
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in the previous section, initial production plans are frequently revised following roll in-

spection and measurement. However, these changes must be manually updated across 

multiple system components and documents, increasing administrative effort and the 

likelihood of misalignment between plans, work instructions, and reporting data. The ab-

sence of integrated workflows for handling such changes reduces the traceability of de-

cisions and further weakens data consistency across the production process. 

Overall, the existing ERP system does not provide real-time visibility into production pro-

gress, resource utilisation, or bottlenecks, as evidenced by both interview findings and 

shop floor observations. Production control therefore depends on manual coordination, 

tacit knowledge, and continuous intervention by a small number of experienced individ-

uals. While this approach has enabled the company to operate effectively despite system 

limitations, it does not scale well and constrains the systematic use of production data 

for planning, performance analysis, and future AI-supported development. These limita-

tions provide a clear motivation for ERP modernisation and form the baseline against 

which potential improvements introduced by a new ERP system and AI-enabled decision 

support are evaluated in the subsequent sections. 

4.3 Challenges in production planning and shop floor manage-
ment 

Production planning and shop floor management in the case company operate in an 

environment characterised by continuous change and high uncertainty, as identified 

through interviews with production management and supported by observations con-

ducted on the shop floor. Production plans are frequently adjusted due to shifting cus-

tomer priorities, unexpected findings during inspection, and operational disturbances as 

consistently described by interviewees across production management and planning 

roles. Although delivery dates generally hold, the risk of delays has increased notably 

during the past year as the overall order backlog has grown. Higher workload levels 

reduce available flexibility and increase sensitivity to disturbances, making production 

control more demanding despite established experience-based practices. 

Prioritisation decisions are primarily handled by production management, as described 

in interviews, in close coordination with top management. The dominant prioritisation 

logic is based first on delivery dates and subsequently on customer importance, with 

flexibility toward customer needs considered a key competitive advantage. However, 

these prioritisation decisions are not systematically documented in the ERP system or 

other formal tools. As a result, prioritisation logic remains largely implicit and person-
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dependent, limiting transparency and making it difficult to assess priorities consistently 

across the organisation. 

From the shop floor perspective, as observed during site visits and supported by inter-

view data, work priorities are communicated mainly through daily worklists. Employees 

typically have limited visibility into broader production priorities or the relative urgency of 

different orders beyond the tasks assigned to them. Changes to plans and priorities are 

communicated primarily through paper-based documents and verbal instructions. While 

this approach enables rapid adjustment, it increases reliance on informal communication 

and creates a risk of misunderstandings, particularly during busy periods or when multi-

ple changes occur simultaneously. 

Workload and capacity are not monitored numerically or aggregated at a system level 

as confirmed in interviews with production management. Instead, production control re-

lies heavily on experience-based judgment and situational awareness to balance re-

sources and sequence work. Bottlenecks, especially in coating operations and material 

availability, are difficult to anticipate in advance and often become visible only after they 

have begun to affect production flow. Consequently, production control tends to be re-

active rather than proactive, with corrective actions initiated once disruptions have al-

ready occurred. 

Limited real-time feedback further constrains effective production monitoring as ob-

served in current reporting practices and described by interviewees. Production progress 

and labor time data are recorded after execution, which means that planners and super-

visors lack timely visibility into work-in-progress and emerging deviations. This delay re-

duces the ability to intervene early and increases dependency on direct communication 

and personal oversight. As production volume increases, this mode of operation places 

growing cognitive and coordination demands on a small number of key individuals. 

The handling of errors and deviations reflects a similar pattern based on interview find-

ings and discussions with production personnel. Significant errors that result in clear fi-

nancial impact are formally documented, while smaller issues are often corrected infor-

mally without systematic recording. Although this practice supports operational continu-

ity, it limits organisational learning and reduces the availability of structured historical 

data that could support improved planning accuracy or process improvement. While his-

torical data is utilised to some extent in quotation and workload estimation, it is not sys-

tematically leveraged in detailed production planning or capacity management. 
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Tacit knowledge represents both a strength and a vulnerability in the current production 

control approach, as emphasised in interviews with production management and ob-

served in daily operations. Critical knowledge related to machine settings, process vari-

ations, and exception handling resides largely with experienced individuals and is not 

comprehensively documented. At the same time, the existing information systems and 

extensive manual data entry requirements are perceived as a significant source of work-

load and frustration. Despite this, there is a clear desire to retain certain familiar features 

of the current system—particularly clarity, simplicity, and transparency—to ensure a 

smooth transition during system modernisation. 

Overall, the current production planning and shop floor management practices, as evi-

denced by interview data and shop floor observations, have enabled the company to 

maintain delivery performance and operational flexibility under challenging conditions. 

However, increasing order volumes, limited real-time visibility, undocumented decision 

logic, and heavy reliance on tacit knowledge constrain scalability and systematic im-

provement. These challenges define the practical context in which ERP modernisation 

and AI-supported decision support are explored in the subsequent sections of this study. 

4.4 Summary of development needs 

The analysis of the current production environment and control practices highlights a 

clear need for improved system support that enhances transparency, responsiveness, 

and data consistency across the organisation. A central development requirement con-

cerns real-time visibility into production status, workload distribution, and material avail-

ability. The current lack of timely and integrated information limits proactive decision-

making and increases reliance on informal coordination. A modern ERP system must 

therefore function not merely as a transactional database, but as an operational control 

tool that provides up-to-date and reliable insight into ongoing production activities. These 

development needs are derived from recurring themes identified in interviews, supported 

by direct observations and analysis of production data. 

Given the dynamic and inspection-driven nature of production, planning tools must sup-

port rapid re-prioritisation and flexible adjustment rather than rigid long-term scheduling 

logic. Production plans frequently evolve during execution, and the system should facili-

tate efficient updates without requiring extensive manual re-entry across multiple com-

ponents. Instead of enforcing fixed schedules, the ERP system should enable planners 

to quickly assess alternatives, re-sequence work, and evaluate the impact of changes 

on capacity and delivery commitments. 
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Visual production views are essential to support daily decision-making. Gantt charts, ca-

pacity graphs, workload summaries, and clear work queues can improve situational 

awareness and reduce dependency on tacit knowledge. Such visualisations should be 

intuitive and accessible to both production management and shop floor personnel, en-

suring that priorities and progress are transparent across organisational levels. Improved 

visibility would also support more structured communication between sales, production 

planning, and execution. Table 4 summarises the key development needs identified 

based on interview data, shop floor observations, and analysis of production and system-

related data in the case company.  

 Summary of identified development needs in production planning and control, derived from 
semi-structured interviews, shop floor observations, and analysis of production and system-

related data. 
 

 

Another key requirement is the reduction of manual data entry and redundant documen-

tation practices. The current reliance on parallel Excel files, paper-based documents, 

and repeated system entries increases administrative workload and the risk of inconsist-

encies. The new ERP system must streamline data flows, integrate reporting functions, 

and ensure that information entered once is consistently available throughout the sys-

tem. This also implies better integration between order management, production plan-

Development area Current limitation Required improvement 
Production visibility No real-time overview of 

production status, workload, 
or material availability 

Real-time visibility into work-
in-progress, capacity utilisation, 
and material situation 

Planning flexibility Frequent manual updates 
and reactive adjustments 

Tools enabling rapid re-pri-
oritisation and dynamic plan ad-
justments 

Capacity and bottle-
neck management 

No numerical workload 
monitoring; bottlenecks identi-
fied late 

Integrated workload tracking 
and early bottleneck detection 

Prioritisation trans-
parency 

Prioritisation logic undocu-
mented and person-depend-
ent 

Clear and system-supported 
prioritisation criteria 

Information flow be-
tween systems and pro-

duction functions 

Parallel Excel files, paper 
documents, and repeated 
manual entries 

Integrated data flows and 
elimination of redundant docu-
mentation 

Time reporting and 
data timeliness  

Post-shift recording lead-
ing to delayed data 

Timely and ideally real-time 
production data capture 

Utilisation of histori-
cal production data 

Limited use in detailed pro-
duction planning 

Easy access to structured 
historical data for planning and 
reporting 

Tacit knowledge de-
pendency 

Critical knowledge undoc-
umented and concentrated in 
few individuals 

Better documentation and 
system-supported knowledge 
retention 

Usability and adop-
tion 

Current system perceived 
as burdensome 

Clear, intuitive, and simple 
user interface supporting daily 
routines 



33 
 

ning, and reporting processes. Historical production data represents an underutilised re-

source that should be made more accessible and systematically usable. While past data 

is partly used in quotation and workload estimation, it is not fully leveraged for capacity 

planning, bottleneck identification, or performance analysis. Improved access to struc-

tured historical data would support more accurate planning, more transparent reporting, 

and the gradual introduction of data-driven and AI-supported decision mechanisms.  

Finally, usability and simplicity emerge as critical success factors. The new system must 

be clear, intuitive, and aligned with existing production practices to ensure adoption 

across both production and management roles. Given the strong reliance on experience-

based decision-making, the system should support rather than constrain daily work rou-

tines. A well-designed and user-friendly interface will be essential to reduce cognitive 

load, facilitate transition from the legacy system, and create a stable foundation for future 

digital development. Together, these development needs define the functional and or-

ganisational criteria for ERP modernisation in the case company. They also establish the 

practical requirements against which alternative ERP solutions and AI capabilities are 

evaluated in the following chapter. 
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5. ERP SELECTION AND IMPLEMENTATION IN 
THE CASE COMPANY 

5.1 Evaluation criteria for ERP systems 

The evaluation of ERP alternatives for the case company was systematically guided by 

the operational requirements identified in Chapter 4. Rather than approaching system 

selection as a purely technical comparison, the process was grounded in the practical 

challenges observed in production planning, shop floor management, and information 

flow. The objective was to identify an ERP solution capable of addressing the specific 

needs of a highly customised, make-to-order manufacturing environment while remain-

ing feasible within the resource constraints of a manufacturing SME. 

A primary evaluation dimension concerned the suitability of the system for make-to-order 

and project-like production. The company’s operations are characterised by small batch 

sizes, frequent inspection-driven changes, and customer-specific process variations. 

Therefore, the ERP system needed to support flexible routing structures, dynamic work 

phase adjustments, and the ability to modify production plans during execution without 

excessive manual reconfiguration. Systems designed primarily for repetitive, high-vol-

ume production were considered less suitable unless they demonstrated sufficient con-

figurability. 

Production planning and workload management capabilities constituted a second critical 

evaluation area. Based on the challenges identified in Chapter 4, particular attention was 

paid to real-time visibility into work-in-progress, capacity utilisation, and bottlenecks. The 

ability to support rapid re-prioritisation, visual production planning tools such as Gantt 

charts and capacity graphs, and transparent workload monitoring were considered es-

sential. Rather than seeking mathematically optimised scheduling algorithms, the focus 

was on practical decision-support features that enhance situational awareness and facil-

itate experience-based planning. This emphasis reflects the operational reality of the 

case company, where production plans change frequently and decisions must be made 

under uncertainty with incomplete information. Without timely visibility and flexible plan-

ning tools, production control becomes reactive, increasing the risk of delays, inefficient 

resource utilisation, and coordination challenges between functions. 

Usability and clarity of user interfaces emerged as central criteria due to the limited avail-

ability of specialised IT resources within the organisation. The new ERP system would 

be used daily by production planners, supervisors, and administrative personnel, many 



35 
 

of whom do not possess advanced technical expertise. Consequently, system intuitive-

ness, logical navigation structures, and clear visual representations were treated as de-

cisive factors. The evaluation process therefore emphasised hands-on demonstrations, 

user experience assessments, and the perceived cognitive load associated with daily 

system use. This is particularly important in the case company, where production control 

relies heavily on fast decision-making and informal coordination, and where overly com-

plex systems risk being bypassed in daily operations. Table 5 summarises the main ERP 

evaluation criteria derived directly from the operational development needs identified in 

Chapter 4. 

 ERP evaluation criteria derived from operational requirements identified in Chapter 4 
through semi-structured interviews, shop floor observations, and production data analysis. 

 
Evaluation criterion Operational rationale derived from Chapter 4 
Suitability for make-

to-order production 
Production is highly customised and inspection-driven, requir-

ing flexible routing and dynamic plan updates. 
Production planning 

and workload manage-
ment 

Limited real-time visibility and lack of numerical capacity mon-
itoring require improved workload transparency and re-prioritisa-
tion support. 

Usability and inter-
face clarity 

Daily use by production planners and supervisors with limited 
IT resources requires intuitive and simple system design. 

System flexibility and 
configurability 

Production processes evolve during execution; the system 
must adapt to operational logic rather than enforce rigid prede-
fined workflows. 

Integration capabili-
ties 

Current parallel documentation and fragmented data flows 
necessitate seamless integration between sales, production, and 
financial systems. 

Data management 
and reporting 

Historical production data must be accessible for quotation, 
planning, and performance analysis. 

Reduction of manual 
data entry 

Repeated manual entries and redundant documentation in-
crease workload and error risk. 

AI readiness and fu-
ture development poten-
tial 

Structured data storage and open interfaces are required to 
enable gradual implementation of AI-supported decision mecha-
nisms. 

Cost structure and to-
tal cost of ownership 

Financial feasibility is critical in an SME context, requiring bal-
anced licensing, implementation, and support costs. 

 

Integration possibilities with existing systems were examined as a critical requirement, 

based on the identified challenges related to fragmented data and parallel documenta-

tion. The company required compatibility with its accounting solution and the ability to 

integrate with external tools and potential future analytics solutions. Seamless data ex-

change between sales, production, and financial processes was considered necessary 

to eliminate parallel documentation and reduce manual data entry. Additionally, the abil-

ity to import historical production data and maintain structured access to legacy infor-

mation was viewed as an important transitional requirement. 

Data management and reporting capabilities formed another core evaluation dimension. 

The system needed to provide structured and easily accessible historical production data 
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to support quotation, workload estimation, and performance monitoring. Reporting func-

tions were assessed not only in terms of standard financial outputs but also in relation to 

operational transparency, such as tracking deviations, analysing work phase durations, 

and reviewing production efficiency. The goal was to ensure that production data could 

be systematically utilised rather than remaining fragmented across spreadsheets and 

manual records. This also supports the future use of data in AI-assisted applications, 

where consistent and structured datasets are a prerequisite for reliable analysis. 

AI readiness and future development potential were evaluated as strategic criteria rather 

than immediate functional requirements, reflecting the company’s intention to adopt AI 

incrementally rather than through large-scale initial implementation. While the initial im-

plementation focused on stabilising and integrating core processes, the selected ERP 

system needed to provide a technological foundation for future AI-supported decision 

mechanisms. This included open integration interfaces, structured data storage, and 

vendor commitment to developing AI-related functionalities. The assessment did not pri-

oritise fully autonomous control features but rather the ability to gradually introduce data-

driven decision support as organisational maturity increases. 

Across all evaluation dimensions, particular emphasis was placed on system flexibility 

and configurability instead of strict adherence to predefined best-practice templates. 

Given the variability and inspection-driven nature of production, the ERP solution had to 

adapt to existing operational logic rather than forcing extensive process redesign. At the 

same time, cost structure and total cost of ownership were carefully examined to ensure 

financial feasibility within an SME context. Licensing models, implementation effort, cus-

tomisation requirements, and long-term support costs were evaluated to balance func-

tional capabilities with sustainable investment levels. 

Together, these criteria formed a structured and empirically grounded evaluation frame-

work that aligned technological possibilities with operational realities. This framework 

served as the basis for comparing alternative ERP solutions and ultimately selecting the 

system best suited to the case company’s production environment. 

5.2 Comparison of ERP solutions for manufacturing SMEs 

The ERP vendor comparison was conducted through a combination of system demon-

strations, structured vendor interviews, and analysis of how each solution responded to 

the operational requirements identified in Chapter 4. The evaluation focused particularly 

on suitability for make-to-order roll maintenance operations, production planning and 

workload visibility, documentation and quality management, data migration feasibility, AI 
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capabilities, usability, and total cost of ownership within an SME context. The evaluation 

was conducted iteratively, combining vendor demonstrations with follow-up discussions 

and internal reflection against the defined criteria. 

Several alternatives were assessed by the project team, including representatives from 

the case company’s production management and the researcher, based on the evalua-

tion criteria defined in Section 5.1. While international ERP platforms were also consid-

ered at a general level, the detailed comparison emphasised domestic and SME-oriented 

solutions capable of supporting customised industrial production. 

Vendor A positioned itself as a technologically advanced and analytics-driven platform 

covering the entire production chain from product data management to B2B processes. 

Against the evaluation criteria, its strengths were identified as phase-history–based du-

ration analysis, fine-grained capacity planning, and Gantt-based scheduling with flexible 

adjustments. The system offered AI-related capabilities both in structured data analytics 

and natural language interaction. However, demonstrations revealed a relatively com-

plex and data-dense user interface requiring substantial learning effort. Production views 

appeared partially unfinished during the demo, and overall implementation costs were 

significantly higher than other options, with a base pricing structure clearly above the 

SME-friendly range. Vendor A represented a strategically ambitious and optimisation-

oriented solution, but its scale, cost level, and technical depth suggested a heavier im-

plementation burden. 

Vendor B emphasised flexibility and adaptability across project-based, maintenance-ori-

ented, and manufacturing environments. Its strengths included customisable shop floor 

dashboards, integrated document and quality management modules, visual Gantt 

scheduling, and clear workload monitoring. Vendor B allowed the transfer of historical 

phase times and supported structured documentation directly under each job. However, 

AI capabilities were limited to external integrations rather than built-in analytical tools. 

While the workload module was considered stronger than Vendor C’s in certain respects, 

job linking logic and some process configurations appeared unclear during demonstra-

tions. Vendor B represented a pragmatic and functionally strong alternative for documen-

tation-intensive environments, but with limited native AI readiness. 

Vendor C stood out for its extensive modularity and deeply embedded AI features. AI 

functionality was integrated directly across modules, including sales, CRM, accounting, 

document handling, and communication. AI agents could generate suggestions, perform 

automated tasks, interpret user-written queries, and support document classification and 

transcription. Document automation and AI-assisted order processing demonstrated 
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strong potential for reducing manual entry errors and improving scalability in document-

heavy processes. Vendor C’s flexibility, open APIs, and integration potential (e.g., CAD, 

Netvisor) were notable strengths. However, demonstrations indicated weaknesses in ca-

pacity visualisation and workload balancing, and implementation required significant 

configuration effort. Cost structures varied depending on Enterprise vs. Community ver-

sions, customisation hours, and add-on modules. While AI readiness was clearly the 

strongest among the alternatives, production planning robustness appeared less mature 

compared to Vendor D. Table 6 provides a structured comparison of the evaluated ERP 

solutions against the criteria defined in Section 5.1. 

 Comparison of ERP solutions against evaluation criteria. 
 
Evaluation criterion Vendor A Vendor B Vendor C Vendor D 
Make-to-order suitability High High Medium High 
Production planning & 

workload management 
High Medium–

High 
Medium High 

Usability Me-
dium 

High Medium High 

Flexibility & configurability High High Very 
high 

Medium–
High 

Integration capabilities High Medium High High 
Data management & re-

porting 
High High Medium High 

AI readiness High Low–Me-
dium 

Very 
high 

Medium 

SME cost suitability Low Medium Variable High 

 

Vendor D demonstrated the most balanced alignment with the case company’s opera-

tional requirements. The system showed strong production planning capabilities, includ-

ing forward and backward scheduling, multi-level capacity graphs, clear Gantt views, and 

intuitive workload management. The user interface was considered the clearest and 

most stable among the evaluated systems, with strong global search functionality and 

well-structured product configurations. Reporting and post-calculation views supported 

cost comparison between planned and actual performance. AI capabilities were still de-

veloping but evolving rapidly, including AI agents for task automation and planned AI-

supported order suggestions and analytics. Importantly, Vendor D expressed willingness 

to conduct a pilot project utilising historical production data for pricing and planning ana-

lytics, directly supporting the research objective. 

From a financial perspective, Vendor D cost structure was clearly more feasible within 

an SME context. Monthly license fees and implementation costs were significantly lower 

than Vendor A’s, and more predictable than Vendor C’s customisation-heavy pricing 

model. Implementation timelines of approximately 4–6 months were realistic and sup-

ported by a structured project model and local support organisation. 
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In summary, the comparison revealed distinct strategic orientations among the vendors. 

Vendor A represented an advanced analytics-driven and long-term optimisation platform, 

Vendor B a documentation-strong and adaptable manufacturing ERP, Vendor C a highly 

modular and AI-forward ecosystem requiring significant configuration, and Vendor D a 

manufacturing-focused, production-planning–strong solution combining usability, struc-

tured processes, and evolving AI readiness. Based on the weighted evaluation criteria 

derived from operational challenges and validated through interviews and observations, 

Vendor D offered the most balanced and practically implementable solution for the case 

company’s SME manufacturing environment. 

5.3 Selection of the ERP system for the case company 

The final ERP selection was grounded in a systematic assessment process carried out 

by the project team, combining vendor demonstrations, structured interviews, and inter-

nal evaluation against the predefined criteria. As described in Chapter 4, the company 

operates in a make-to-order machine shop context characterised by high variability, fre-

quent changes during execution, limited numerical capacity monitoring, and heavy reli-

ance on tacit knowledge. Consequently, the primary selection criterion was not the 

breadth of generic ERP functionality, but the system’s ability to support dynamic produc-

tion planning, clear workload visibility, and practical shop floor management within an 

SME setting. The selection was explicitly based on the evaluation criteria defined in Sec-

tion 5.1, with particular weight assigned to production planning robustness, usability, im-

plementation feasibility, and long-term development potential. A structured comparison 

of the evaluated solutions is presented in Table 6 in Section 5.2. 

Vendor D was ultimately selected because it demonstrated the strongest alignment with 

these operational priorities compared to the other evaluated alternatives. In the demon-

strations, its production planning and capacity management features were clearly struc-

tured and visually intuitive. The multi-level Gantt views, forward and backward schedul-

ing logic, and capacity graphs enabled transparent workload monitoring across ma-

chines and work phases. Unlike some alternatives, the system supported rapid re-prior-

itisation without requiring complex reconfiguration, which directly addressed the com-

pany’s need to respond to inspection findings, urgent customer requests, and fluctuating 

workload conditions. The clarity of production views and the logical structure of product 

configurations further supported day-to-day decision-making in a variable production en-

vironment. 

Usability and system stability emerged as decisive differentiators during vendor demon-

strations. Vendor D’s user interface was perceived as the clearest and most mature 
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among the compared systems, with consistent navigation logic, effective global search 

functionality, and stable performance during live process simulations. In contrast to more 

configuration-intensive or data-heavy alternatives, Vendor D provided sufficient flexibility 

without overwhelming users with excessive complexity. Given the limited availability of 

dedicated IT resources in the case company, ease of use and low maintenance burden 

were considered critical for sustainable adoption. This was particularly important given 

the reliance on rapid decision-making and informal coordination identified in the current 

production control practices. 

Local support availability and demonstrated experience with manufacturing SMEs further 

reduced implementation risk. Vendor D’s structured project model, clearly defined project 

roles, and established support organisation increased confidence in the feasibility of the 

rollout, particularly in terms of managing resource constraints and minimising operational 

disruption during the transition. Compared to technically more complex or heavily cus-

tomised alternatives, the selected solution presented lower uncertainty in terms of imple-

mentation scope, resource requirements, and timeline predictability. The pricing model 

was transparent and scalable in relation to the company’s size: license costs varied by 

user role, the total monthly cost remained within acceptable SME limits, and implemen-

tation costs were predictable and phased. This reduced financial risk and supported con-

trolled investment in digitalisation. 

From an AI perspective, the selection reflected a pragmatic and risk-aware strategic 

choice. Although some alternatives demonstrated more advanced embedded AI func-

tionalities, Vendor D offered a stable and operationally grounded platform for incremental 

AI development aligned with the company’s production control needs. The willingness to 

engage in a pilot initiative focused on historical data utilisation and analytics strength-

ened its suitability as a foundation for AI-supported production planning. Rather than 

pursuing the most technologically advanced AI features, the decision prioritised a realis-

tic pathway toward data-driven development built upon reliable operational processes. 

This approach aligns with the identified need to first improve data quality and system 

integration before introducing more advanced AI functionalities. 

Overall, the selected solution achieved a balanced and empirically grounded combina-

tion of functional coverage, implementation feasibility, financial sustainability, and future 

development potential. The decision therefore represented not only a technical system 

choice but a strategic step in the company’s gradual digital transformation, where oper-

ational stability and incremental development were considered more critical than radical 
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technological ambition. It should be noted that the selection reflects the specific opera-

tional context of the case company and may not be directly generalisable to other man-

ufacturing environments. 

5.4 Implementation objectives and scope 

The implementation of the selected ERP system aims to establish a unified and struc-

tured operational backbone for the case company, replacing the legacy 4D system and 

fragmented supporting tools. The key objectives are to improve real-time production vis-

ibility, enhance data consistency, reduce manual work, and enable more systematic pro-

duction planning and control. These objectives are directly derived from the operational 

challenges identified through interviews, observations, and data analysis in Chapter 4. 

The implementation supports approximately 26 users across different functional roles, 

reflecting the company’s SME structure and concentrated decision-making responsibili-

ties. 

From a functional perspective, the implementation scope includes quotations, order 

management, production control (with a specific focus on roll maintenance operations), 

logistics, purchasing, inventory management, invoicing, and financial administration. 

Particular emphasis is placed on production planning, workload monitoring, and shop 

floor reporting, as these areas were identified as critical development needs in Chapter 

4. The system is expected to support the full operational flow from quotation to delivery 

and invoicing, including the transfer of orders into production, monitoring of work pro-

gress, and post-calculation. 

The implementation also includes project-based functionalities such as project creation, 

resource allocation, time reporting, and project-level reporting. Time tracking for payroll 

purposes will remain in a separate clock-in system, while the allocation of working hours 

to production jobs will be transferred to the ERP system. This division reflects a prag-

matic approach that preserves existing, well-functioning elements while strengthening 

production-level data integration and reduces implementation risk by avoiding unneces-

sary disruption to established payroll processes. 

Regarding data migration, master data such as customer, supplier, item, and personnel 

registers will be transferred into the new system using structured import templates. Open 

orders will be manually recorded prior to go-live, and historical data will not be compre-

hensively migrated. Financial balances and required cumulative payroll information will 

be entered manually where necessary. The responsibility for data accuracy and valida-
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tion remains with the case company, reinforcing the importance of disciplined data gov-

ernance from the outset. This approach reduces migration complexity but also places 

increased importance on data cleansing and validation prior to system go-live. 

System integrations are limited in the initial scope to clearly defined interfaces, particu-

larly concerning financial data transfers. Broader integration initiatives, such as EDI con-

nections or extensive third-party system linkages, are not included in the baseline imple-

mentation and would require separate evaluation. This deliberate scoping reduces im-

plementation risk and aligns with the company’s incremental digitalisation strategy and 

allows the organisation to first stabilise core processes before extending integration ca-

pabilities. 

No custom software development is included in the initial project agreement. Any addi-

tional functional requirements identified during the definition phase will be assessed sep-

arately in terms of cost, timeline, and impact. This boundary ensures that the implemen-

tation focuses on adopting standardised functionalities and configurable features rather 

than pursuing extensive customisation, thereby supporting long-term maintainability and 

system stability. This approach also supports system standardisation and reduces long-

term dependency on vendor-specific custom solutions. 

Overall, the scope of the implementation reflects a balance between operational neces-

sity and organisational capacity. The objectives prioritise improved production visibility, 

structured data management, and workload transparency, while maintaining a controlled 

and feasible implementation scope appropriate for a manufacturing SME. This defined 

scope provides the foundation for analysing the implementation process and its implica-

tions for production control and AI utilisation in the following sections. 

5.5 ERP implementation process 

The ERP implementation at the case company follows a structured, phased approach 

that aligns with both the vendor’s project model and the company’s operational realities. 

The overall process is illustrated in Figure 2, which summarises the key stages from the 

initial assessment of the legacy environment to stabilisation and AI-enabled develop-

ment. The figure is based on project documentation, vendor implementation materials, 

and empirical observations from project meetings and interviews conducted during the 

implementation planning phase. 

The implementation was preceded by a systematic assessment of the current state, 

characterised by a legacy ERP system (4D), heavy reliance on Excel-based planning, 

fragmented reporting practices, and increasing requirements for real-time visibility and 
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data-driven decision-making. This analysis, described in Chapter 4 and based on inter-

views, observations, and production data, provided the rationale for ERP modernisation 

and defined the core development priorities: workload transparency, integration of pro-

duction and sales data, and reduction of manual data entry. 

Following the modernisation decision, the project was formally initiated and organised 

with clearly defined roles and governance structures. The project organisation consists 

of a steering group, project managers from both the case company and the vendor, key 

users representing different functional areas (sales, production, purchasing, finance), 

who participated actively in requirement definition, testing, and validation phases. Re-

sponsibilities, reporting practices, and meeting cadences were defined at the outset to 

ensure controlled progress and risk management. In parallel, the AI initiative was posi-

tioned as a complementary development stream, closely connected to ERP data struc-

tures but implemented incrementally to avoid overextending organisational resources. 

The next phase focused on defining the scope and target state. This included determin-

ing which processes would be migrated into the new ERP system (e.g., quotations, order 

processing, production control, inventory, purchasing, and invoicing) and which elements 

would remain temporarily unchanged. For example, payroll-related working time regis-

tration continues in a separate clock-in system, while time allocation to production jobs 

is transferred to the ERP. Financial integrations were scoped pragmatically to ensure 

feasibility within SME resource constraints. Importantly, the implementation strategy was 

deliberately incremental, allowing the legacy system to remain accessible during the 

transition period. 

 

  ERP implementation process. 

Process mapping and requirement definition constituted a critical intermediate step. Ex-

isting workflows, exceptions, and informal practices were documented in collaboration 

with key users. Attention was paid to production planning, inspection-related changes, 

coating bottlenecks, and reporting requirements. This phase ensured that system con-

figuration would reflect the actual operational logic of roll maintenance and refurbishment 
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processes rather than impose abstract best-practice templates. Reporting needs, includ-

ing workload visibility and management dashboards, were defined to directly address the 

challenges identified in Chapter 4. This phase was informed by interview data and direct 

observations of production processes, ensuring alignment between system configuration 

and actual operational practices. 

System configuration and building were conducted based on the defined requirements, 

with iterative validation using real operational data. Workshops and working sessions 

were organised for key users, who were trained not only to use the system but also to 

understand configuration logic and parameter settings. This key user model is central to 

long-term system sustainability in an SME context, where dedicated IT resources are 

limited and internal competence development is critical. 

Data preparation and migration were handled pragmatically. Master data such as cus-

tomers, suppliers, items, and personnel were transferred using structured import tem-

plates. Open order backlogs were manually recorded before go-live, and historical data 

were not comprehensively migrated but retained in the legacy system for reference. Re-

sponsibility for data accuracy and validation was explicitly assigned to the case company, 

reinforcing disciplined data governance as a prerequisite for reliable production control 

and future AI applications. 

Testing was performed at multiple levels. Functional testing ensured that individual mod-

ules operated as intended, while process testing verified end-to-end workflows from quo-

tation to production completion and invoicing. Exception scenarios, such as inspection-

based scope changes and urgent re-prioritisation, were specifically tested to reflect the 

high-variability environment of make-to-order roll maintenance. The testing activities 

were primarily conducted by the ERP vendor in collaboration with key users and produc-

tion representatives from the case company. The role of the researcher was observa-

tional, focusing on documenting the testing process and its outcomes rather than actively 

participating in system validation. Acceptance criteria were defined jointly by the project 

organisation prior to go-live. 

The go-live phase marked the transition to production use of the ERP system. The legacy 

system remained accessible as a temporary backup, reducing operational risk and sup-

porting user confidence during the stabilisation period. Post-go-live support included in-

tensified communication between project managers, structured monitoring of open is-

sues, and incremental refinements to reporting and configuration settings. Stabilisation 

and further development represent an ongoing phase rather than a discrete endpoint. 

Once transactional stability and data consistency are achieved, the focus shifts toward 



45 
 

leveraging historical production data for improved workload analysis, forecasting, and 

decision support. In this context, the AI initiative becomes increasingly integrated with 

the ERP environment. Rather than functioning as a standalone system, AI-based appli-

cations are designed to utilise structured ERP data to support tasks such as workload 

estimation, identification of bottlenecks, and enhanced decision support for planners. 

The AI development is therefore positioned as a data-driven extension of the ERP im-

plementation, building upon the stable data foundation created during the core system 

rollout, as identified as a prerequisite in earlier analysis. 

As illustrated in Figure 2, and supported by project documentation and interview data, 

the ERP implementation process can thus be understood not only as a technical system 

replacement but as a staged transformation of production control practices. The phased 

approach, combined with strong governance, pragmatic scoping, and incremental AI in-

tegration, reflects a strategy tailored to the realities of a manufacturing SME operating in 

a high-variability, make-to-order environment. 

5.6 Data migration and system integrations 

The data migration strategy was designed based on project planning materials, vendor 

documentation, and interviews with key users and project stakeholders. The legacy sys-

tem contained approximately 900 customer records, 600 suppliers, and a total order his-

tory of around 20,000 orders, of which fewer than 100 were active at the time of transi-

tion. Material master data comprised roughly 200 items, many of which required consol-

idation or removal prior to migration. Data cleansing was identified as a prerequisite for 

successful transfer, as the legacy database contained structural inconsistencies, obso-

lete entries, and residual data from an earlier SAP pilot implemented in a partially differ-

ent format. Responsibility for data validation and cleansing was assigned to the case 

company’s key user, while the vendor assumed a more central role in technical testing 

and migration verification. The migration logic and responsibilities were formally docu-

mented, and long-term data ownership was transferred fully to the case company after 

project completion. This highlights the importance of data governance as a critical suc-

cess factor for both ERP functionality and future AI utilisation. 

Rather than transferring the entire historical dataset into the new ERP system, a selective 

migration approach was adopted to reduce migration complexity, minimise the risk of 

transferring low-quality data, and ensure a controlled system transition. Only active enti-

ties, including open orders and ongoing work-in-progress, were transferred, while com-

pleted historical transactions were excluded from the operational system. Inventory bal-



46 
 

ances were migrated directly to ensure continuity at go-live. Importantly, product struc-

tures and routing data were rebuilt in the new system, as the legacy ERP did not contain 

sufficiently detailed or standardised work phase definitions to support modern production 

planning. This reconstruction phase also enabled harmonisation of recording practices 

and improved structural consistency for future reporting and analytics. This reconstruc-

tion was not only a technical necessity but also a deliberate improvement step to stand-

ardise production data structures and enable more reliable planning and reporting. 

Historical production data was separated into an external data repository instead of being 

fully embedded in the new ERP environment. This decision was driven both by data 

quality considerations and by the requirements of the parallel AI pilot initiative. Only se-

lected datasets relevant to the AI use case were extracted and structured for analytical 

purposes, including roll dimension data (length, diameter, coating type and thickness), 

customer information, roll-specific identifiers, performed operations, and their recorded 

durations. The availability of time-stamped operational data supports retrospective anal-

ysis and model development for workload estimation and forecasting. New production 

data generated in the ERP system is automatically transferred to this repository, ensuring 

continuity and gradual improvement of analytical quality. This separation also reduces 

the risk of overloading the ERP system with analytical data processing tasks. 

Although legacy data contained errors and inconsistencies, the migration workload was 

mitigated through prioritisation and structured categorisation, limiting the need for exten-

sive manual corrections, although targeted manual validation and adjustments were still 

required. The overarching integration strategy emphasised simplicity and robustness 

over architectural complexity, reflecting SME resource constraints and the need for a 

smooth transition, as identified in the operational challenges described in Chapter 4. 

System integrations were deliberately scoped to essential data flows, and financial pro-

cesses were initially maintained in the existing accounting environment, reducing imple-

mentation risk. This pragmatic and staged integration approach supports operational sta-

bility while simultaneously establishing a structured and analysable data foundation for 

future AI-enabled production control development. This aligns with the study’s objective 

of enabling incremental, data-driven development rather than large-scale system trans-

formation. 

5.7 Implementation risks and mitigation measures 

The ERP implementation project involves several technical, organisational, and strategic 

risks that are typical in manufacturing SMEs undergoing system modernisation. Based 

on interview data, project planning materials, vendor discussions, and observations of 
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current production practices, the most significant risks relate to change management, 

user acceptance, data quality, and resource constraints. 

A primary organisational risk concerns user resistance and reduced motivation during 

the transition from a long-standing legacy system to a new ERP environment. The exist-

ing system, despite its limitations, has been in use since the late 1990s and has shaped 

established routines and informal practices. Production control relies heavily on tacit 

knowledge and experience-based decision-making, which may create uncertainty to-

ward structured digital workflows and more disciplined data entry requirements. To miti-

gate this risk, the implementation has emphasised early involvement of key users, trans-

parent communication of objectives, and a step-by-step transition model. The legacy 

system remains accessible during the initial phases, reducing perceived risk and building 

confidence. Furthermore, usability and clarity of the new system were prioritised during 

vendor selection to minimise cognitive load and lower the adoption barrier. Training ses-

sions follow a key user model, enabling internal champions to support colleagues and 

reinforce motivation through peer learning. This is particularly critical in the case com-

pany, where production control is highly dependent on tacit knowledge and informal co-

ordination, and where resistance to structured system use could directly undermine data 

quality and planning reliability. 

A second major risk relates to data quality and migration. The legacy database contains 

inconsistencies, obsolete entries, and structurally incomplete production data, including 

remnants from earlier system experiments. Poorly migrated or inaccurate master data 

could compromise production planning accuracy and user trust in the new system. Miti-

gation measures include structured data cleansing prior to migration, clear ownership of 

data validation by the case company’s designated key user, and iterative migration test-

ing with vendor support. Only essential and active data are transferred into the opera-

tional ERP environment, while historical data are stored separately to avoid contaminat-

ing the new system structure. Documentation of migration rules and responsibilities en-

sures traceability and reduces ambiguity during and after the transition. This is essential, 

as poor data quality would directly limit both ERP functionality and the feasibility of AI-

supported applications. 

Resource constraints represent a further implementation risk. As a small and medium-

sized enterprise, the company operates with limited specialised IT personnel and relies 

heavily on operational staff who simultaneously manage daily production responsibilities. 

High workload periods, particularly under an elevated order backlog, increase the risk of 

project delays or reduced engagement. The mitigation strategy therefore includes 

phased implementation, clearly defined responsibilities, realistic scheduling aligned with 
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production capacity, and close collaboration with the vendor’s project team. Maintaining 

financial processes initially in the existing accounting system further reduces the scope 

and complexity of the early implementation phases. 

Another strategic risk concerns the parallel AI pilot initiative. Introducing AI-related de-

velopment before stabilising core ERP processes could create unrealistic expectations 

or additional organisational strain. To manage this risk, the AI initiative is positioned as 

a complementary and incremental stream, dependent on the quality and stability of ERP-

generated data. AI development focuses initially on clearly defined and limited use 

cases, such as historical workload analysis and forecasting support, rather than autono-

mous decision-making. This staged approach prevents overextension and aligns tech-

nological ambition with organisational readiness. This approach aligns with the study’s 

emphasis on incremental, data-driven development rather than large-scale technological 

transformation. 

Finally, integration risks must be considered. Overly complex system integrations or ex-

cessive customisation could increase maintenance burden and long-term dependency 

on external expertise, which could otherwise reduce system usability and increase long-

term operational costs. The project therefore deliberately prioritises simple, essential in-

tegrations and avoids unnecessary architectural complexity. By balancing functional cov-

erage with configurability and long-term maintainability, the implementation strategy 

seeks to ensure both operational continuity and sustainable digital development. 

Overall, risk mitigation in this project is grounded in pragmatic scoping, structured gov-

ernance, active user involvement, and incremental capability development. Rather than 

viewing implementation as a purely technical exercise, the project is approached as an 

organisational transformation process in which motivation, communication, and disci-

plined resource management are as critical as system configuration itself. This perspec-

tive reflects the socio-technical nature of ERP implementation identified in the literature 

and empirical findings of this study. 

5.8 AI capabilities in modern ERP systems 

The analysis of AI capabilities in modern ERP systems, based on vendor demonstra-

tions, interviews, and discussions, reveals three key findings related to (1) the current 

role of AI in ERP systems, (2) differences between vendor approaches, and (3) the prac-

tical applicability of AI in an SME production environment.  

First, the analysis shows that AI in current ERP systems is primarily oriented toward 

decision support, automation of administrative tasks, and data-driven analysis rather 
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than fully autonomous production control. In the evaluated systems, AI functionalities are 

typically embedded as assistants or supporting tools within existing workflows, rather 

than as standalone optimisation engines. For example, Vendor D already includes a 

chatbot interface capable of assisting users in routine tasks such as expense claim cre-

ation, where the system can generate entries based on user-provided inputs. While ad-

ditional capabilities, such as document handling or contract processing, remain under 

development or unclear in scope, the existing functionality demonstrates a clear orienta-

tion toward reducing manual administrative work. 

Second, differences between ERP vendors are less related to the maturity of AI features 

themselves and more to how AI is integrated into the overall system architecture and 

development strategy. In comparison to other evaluated ERP solutions, no single vendor 

clearly differentiated itself solely through AI maturity. Instead, differences emerged in 

how AI development was positioned and integrated into the broader system offering. 

Vendor C, for example, demonstrated flexibility and extensibility but required more con-

figuration effort to realise AI-related use cases, while other systems provided more stand-

ardised but less adaptable features. Vendor D’s relative advantage did not lie in having 

the most advanced AI features at present, but rather in its willingness to engage in a 

concrete AI pilot project tailored to the case company’s needs. This included a strong 

focus on leveraging historical production data, which was identified as a key develop-

ment opportunity for the case company. 

Third, from the case company’s perspective, the most valuable AI applications are those 

directly supporting core production control tasks using historical data and reducing reli-

ance on manual Excel-based processes. Based on the analysis, the most relevant AI 

use cases in the case company context relate to: 

1. Estimation of work durations based on historical production data, 

2. Support for quotation and cost estimation, 

3. Identification of production trends and bottlenecks, and 

4. Improved workload planning and forecasting. 

The planned AI pilot focuses on predicting task durations based on roll-specific parame-

ters such as dimensions, coating characteristics, and material requirements, using his-

torical production data as a training basis. In addition, the identification of patterns and 

trends in production data is expected to support more informed decision-making and 

gradual improvement of planning accuracy. 
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At the same time, the adoption of AI is approached cautiously. Concerns were raised 

regarding the appropriate scope and pace of implementation, particularly to avoid exces-

sive complexity or resource strain in the early stages. This reflects a broader SME-spe-

cific constraint, where the success of AI depends not only on technical capability but also 

on organisational readiness and the ability to integrate new tools into existing workflows. 

Consequently, the case company’s AI strategy emphasises incremental development, 

starting from clearly defined and high-impact use cases rather than attempting compre-

hensive automation. 

The integration of AI with the ERP system is further supported by the possibility of inte-

grating external platforms such as ChatGPT, which is already in daily operational use 

within the organisation. This lowers the adoption barrier and enables a more familiar 

interaction model for users, while also extending the analytical capabilities beyond the 

native ERP environment. Rather than treating AI as a separate system, it is positioned 

as an extension of the ERP data infrastructure, utilising structured and time-stamped 

production data generated during daily operations. However, the effectiveness of these 

AI applications remains dependent on data quality, consistency, and the maturity of ERP-

supported processes. 

Overall, the findings indicate that AI capabilities should not be treated as a primary se-

lection criterion in the ERP decision-making process, but rather as an enabling factor for 

future development. The findings suggest that in the context of a manufacturing SME, 

the value of AI is realised through targeted, data-driven support for existing processes, 

particularly in areas where manual work and uncertainty are currently highest. This aligns 

with the broader implementation strategy, where ERP modernisation provides the nec-

essary data foundation, and AI is introduced progressively as a tool for enhancing, rather 

than replacing, human decision-making in production control. 
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6. PREREQUISITES AND APPLICATION OF AI IN 
THE CASE COMPANY 

6.1 Data as a prerequisite for AI utilisation 

The empirical findings of this study highlight that the feasibility of AI utilisation in produc-

tion planning and control is fundamentally determined by the availability and usability of 

historical production data. Based on interviews with production management and plan-

ning personnel as well as observations of current data practices, it became evident that 

data-related challenges are not limited to technical system constraints but are deeply 

embedded in daily operational routines. In particular, the reliance on multiple parallel 

data sources, including the legacy ERP system, Excel-based tools, and manual docu-

mentation, has resulted in fragmented and partially inconsistent datasets. 

These observations are directly consistent with the theoretical framework adopted in this 

study. DeLone and McLean (2003) identify information quality encompassing accuracy, 

completeness, consistency, and timeliness; as a fundamental determinant of information 

system success. In an ERP-supported production control context, deficiencies in data 

quality translate directly into reduced system use and compromised decision-making, 

regardless of the sophistication of analytical methods applied. This perspective rein-

forces the finding that AI utilisation in the case company is constrained not by algorithmic 

limitations but by the quality and structure of the underlying operational data. Islam et al. 

(2025) further emphasise that in AI-enabled ERP environments, the integrity of the data 

infrastructure is a necessary precondition for realising the potential of advanced analyti-

cal capabilities. Accordingly, the case company's data-related challenges should be un-

derstood not as isolated technical deficiencies but as manifestations of broader IS quality 

gaps that must be addressed through ERP modernisation before meaningful AI integra-

tion becomes feasible. 

From the perspective of AI utilisation, the most critical requirement identified in the em-

pirical data — primarily through semi-structured interviews with production management 

and planning personnel and supported by direct analysis of the historical production da-

taset — is the availability of sufficiently comparable historical production cases. As dis-

cussed in the AI pilot implementation, the estimation of work durations is based on iden-

tifying similar past production tasks using key parameters such as roll dimensions and 

coating characteristics. This approach relies directly on the existence of a sufficiently 

large and consistent dataset rather than on complex model training. Consequently, the 
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practical applicability of AI in this context is constrained not by algorithmic sophistication 

but by the extent to which historical production data is available, structured, and compa-

rable across cases. 

The interview data further emphasises that current data collection practices limit the im-

mediate usability of production data for analytical purposes. Production supervisors high-

lighted that critical information is often recorded manually, with delays and inconsisten-

cies between different systems. In some cases, work phases are not systematically rec-

orded or are described using varying terminology, which complicates aggregation and 

comparison across historical jobs. These findings are consistent with the observation 

that data preparation, such as filtering, normalisation of work phase names, and removal 

of inconsistent entries, was required before the dataset could be used in the AI pilot. 

Recent research on AI-enabled information systems supports these observations by em-

phasising that data quality and structure are primary determinants of successful AI utili-

sation, particularly in SME environments where data infrastructures are often less mature 

(Oldemeyer, Jede and Teuteberg, 2025). However, the findings of this study further sug-

gest that, in practice, even imperfect data can be utilised effectively when the analytical 

approach is aligned with the characteristics of the dataset. In the implemented pilot, the 

use of similarity-based retrieval allows the system to operate with relatively simple input 

variables while still producing practically useful estimates. This aligns with recent re-

search on semantic retrieval approaches, where AI systems generate value by identify-

ing relevant historical cases based on similarity rather than constructing complex predic-

tive models (Guo et al., 2022). 

Another key finding relates to the trade-off between data richness and data availability. 

The decision to base the AI pilot primarily on a limited set of input variables, specifically 

geometric dimensions, was driven by the need to maximise the number of usable histor-

ical cases. As noted in the development discussions, expanding the number of required 

input variables would have reduced the available dataset significantly, thereby weaken-

ing the reliability of similarity-based estimation. This highlights an important practical in-

sight: in SME contexts, simpler data models may outperform more complex approaches 

when data availability is constrained, a finding supported by prior research emphasising 

data limitations and resource constraints in SME AI adoption (Moeuf et al., 2018; 

Oldemeyer, Jede and Teuteberg, 2025). 

At the same time, the interview findings and observations from the ERP implementation 

process indicate that improvements in data collection practices and system integration 

directly enhance the potential of AI applications. The ongoing ERP implementation plays 
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a central role in this development by standardising data structures, harmonising work 

phase definitions, and enabling more consistent and timely recording of production 

events. As new data is generated within a unified system environment, the quality and 

comparability of historical datasets are expected to improve, thereby increasing the reli-

ability of AI-supported estimates over time. This cumulative effect reflects a broader pat-

tern identified in the literature, where the value of AI in ERP environments emerges grad-

ually as data quality and integration improve (Islam et al., 2025). 

Overall, the findings demonstrate that data should not be viewed merely as an input for 

AI models but as a continuously evolving resource shaped by system design, user prac-

tices, and organisational processes. In the case company, the transition from fragmented 

and partially inconsistent data toward a more structured and integrated ERP environment 

represents a critical enabler for future AI utilisation. The results suggest that, particularly 

in SME contexts, the success of AI initiatives depends less on advanced algorithms and 

more on the ability to leverage available historical data in a practical and context-sensi-

tive manner. 

6.2 AI pilot implementation and technical approach 

The empirical findings of this study include the implementation of an AI pilot designed to 

support production planning through the utilisation of historical production data. The pilot 

was developed by an external developer in collaboration with the thesis author, who de-

fined the requirements, designed the analytical approach, and guided the technical im-

plementation based on insights gathered during ERP vendor discussions, internal devel-

opment meetings, and interviews with production management. The thesis author's con-

tribution focused on problem framing, selection of input variables, and interpretation of 

outputs, while the technical coding and system integration were carried out by the exter-

nal developer. The objective of the pilot was to evaluate how existing production data 

could be used to generate practical and reliable estimates for work duration and produc-

tion planning without relying on complex or resource-intensive machine learning models. 

The data-related challenges identified in Section 6.1 directly influenced the design of the 

AI pilot. In particular, the need to utilise partially inconsistent but extensive historical data, 

combined with limited data standardisation, guided the selection of a retrieval-based ap-

proach that could operate effectively without requiring fully structured or high-quality da-

tasets. 

The implemented solution follows a retrieval-based approach, where production esti-

mates are generated by identifying similar historical cases rather than by training predic-
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tive models. In practice, the system uses a limited set of input variables: primarily geo-

metric characteristics such as roll diameter, length, and coating thickness, to query a 

dataset of historical production records. Based on this query, the system retrieves the 

most comparable past cases and produces estimates derived from their realised work 

durations. The outputs include both total duration estimates and a breakdown of work 

time across different production phases, as well as a list of the most relevant historical 

reference cases. 

From an analytical perspective, the selection of a retrieval-based approach reflects a 

trade-off between model complexity and practical feasibility in SME environments. While 

more advanced machine learning models could potentially capture complex relationships 

within the data, their implementation would require significantly higher data quality, larger 

datasets, and specialised expertise. In contrast, the retrieval-based approach leverages 

existing historical data directly, provides transparent outputs, and can be implemented 

with relatively low technical overhead. This makes it particularly suitable for SME con-

texts, where data availability, system maturity, and organisational resources are often 

limited (Moeuf et al., 2018; Oldemeyer, Jede and Teuteberg, 2025). 

From a technical perspective, the approach is based on similarity-based retrieval using 

nearest neighbor logic, where historical cases are compared based on their proximity in 

a defined feature space. This corresponds to semantic retrieval approaches, where data 

is represented in a comparable format and relevant instances are identified based on 

similarity rather than explicit prediction models (Guo et al., 2022). Such approaches en-

able the utilisation of historical data without requiring model training, making them par-

ticularly suitable for environments where data is heterogeneous or limited in structure. 

The choice of this approach was driven by practical considerations identified during de-

velopment discussions. As noted in the empirical material, the solution was intentionally 

designed to be simple, transparent, and easy to implement within the constraints of an 

SME environment. Unlike more complex machine learning models, the retrieval-based 

approach does not require extensive data preprocessing, model training, or parameter 

tuning. Instead, its performance improves directly as more historical data becomes avail-

able, making it well suited for incremental development aligned with ERP implementa-

tion. 

The interview data further indicates that the interpretability of the system was a critical 

factor supporting its acceptance. Production personnel emphasised that the ability to 

view the underlying historical cases used in the estimation increases trust in the system 
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outputs and facilitates validation in daily operations. This aligns with prior research high-

lighting that AI systems in operational environments must support human decision-mak-

ing through transparency and explainability rather than function as opaque “black box” 

solutions (Jarrahi, 2018). 

Another key finding relates to the role of data preprocessing in enabling the pilot. The 

historical dataset required normalisation of work phase definitions and filtering of incon-

sistent entries before it could be used effectively. In addition, different work phase de-

scriptions were mapped into a standardised set of categories to enable meaningful com-

parison across cases. These steps highlight that the effectiveness of retrieval-based AI 

approaches depends not only on the retrieval logic itself but also on the consistency and 

structure of the underlying data, reinforcing the importance of data preparation identified 

in previous sections. 

The pilot also demonstrates that AI capabilities can be introduced in a pragmatic and 

incremental manner within ERP development. Rather than attempting to automate deci-

sion-making, the system provides decision support by offering data-driven estimates that 

complement human judgment. This reflects a broader pattern identified in the literature, 

where AI systems create value by augmenting human capabilities, particularly in com-

plex and variable environments such as SME manufacturing (Brynjolfsson, 2014; Jar-

rahi, 2018). The structure of the implemented AI pilot is summarised in Table 7. 

 Structure of the AI pilot input, processing logic, and outputs. 
 
Component Description 
Input data Roll diameter, roll length, coating thickness, coat-

ing type 
Processing logic Similarity-based retrieval of historical cases using 

nearest neighbour approach 
Data filtering Selection of comparable cases based on coating 

type and dimensional similarity 
Output: total duration Estimated total processing time based on median 

of similar cases 
Output: phase breakdown Estimated duration per work phase derived from 

historical data 
Output: reference cases List of most similar historical jobs used as the basis 

for estimation 
Confidence indicator Reliability based on number and similarity of 

matching historical cases 

 

Overall, the results of the AI pilot indicate that similarity-based retrieval provides a feasi-

ble and effective approach for introducing AI into ERP-supported production planning in 

SMEs. The approach leverages existing historical data, requires relatively low implemen-

tation complexity, and supports transparent and interpretable decision-making. At the 
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same time, its effectiveness is directly dependent on the availability and quality of histor-

ical data, linking the technical implementation closely to the data prerequisites discussed 

in Section 6.1. 

6.3 Practical AI use cases and limitations in production control 

Based on semi-structured interviews with production management and planning person-

nel, combined with direct observations of daily production activities, the most relevant AI 

use cases in the case company context are directly linked to supporting core production 

planning and control tasks rather than replacing existing decision-making processes. 

Based on interviews with production management and observations of daily operations, 

the primary challenges relate to estimating work durations, managing workload variabil-

ity, and supporting quotation processes under uncertainty. The implemented AI pilot ad-

dresses these challenges by utilising historical production data to provide data-driven 

estimates that complement experience-based decision-making. 

A central use case identified in the study is the estimation of work durations for new 

production orders. In the current state, such estimates rely heavily on individual experi-

ence and manual comparison of past jobs, which is both time-consuming and prone to 

variability. The AI pilot supports this task by automatically identifying similar historical 

cases and generating estimates based on their realised processing times. This reduces 

the need for manual data retrieval and enables more consistent estimation practices. 

From a decision-making perspective, the system does not replace human judgment but 

provides a structured reference point that can be used to validate or adjust initial as-

sumptions. 

A second key use case relates to supporting quotation and cost estimation processes. 

As highlighted in the interviews, inaccuracies in time estimation directly affect pricing 

decisions and profitability, particularly in customised production environments. By provid-

ing statistically derived estimates based on historical data, the AI pilot improves the trans-

parency and consistency of quotation processes. This supports more informed decision-

making while reducing reliance on implicit knowledge and individual judgment. Such ap-

plications align with prior research emphasising the role of AI in enhancing data-driven 

decision-making and operational efficiency in ERP-supported environments (Jarrahi, 

2018; Islam et al., 2025). 

The pilot also supports improved visibility into production structure through phase-level 

analysis. By providing a breakdown of estimated work durations across different produc-
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tion phases, the system enables production planners to better understand how total pro-

cessing time is distributed and where potential bottlenecks may occur. This type of in-

sight is particularly valuable in high-variability SME environments, where production pro-

cesses are frequently adjusted and detailed planning information is often limited. The 

ability to link estimates to specific work phases further supports communication between 

planning and shop floor personnel by making assumptions more explicit and transparent. 

The practical application of the AI pilot is illustrated in Table 8, which presents an exam-

ple of how input parameters are translated into total duration estimates, phase-level out-

puts, and a confidence indicator. The table demonstrates how a limited set of input vari-

ables can be used to generate actionable production planning information based on his-

torical data. 

 Example of AI-supported work duration estimation based on historical data. 
 

Category Description Value 
Input parameters Roll diameter 600 mm  

Roll length 6000 mm  
Coating thickness 5 mm  
Coating type filter Not applied 

Overall estimate Estimated total duration (median) 35 h  
Variability (P25–P75) 32.5–42.9 h  
Number of similar cases 15  
Confidence level High 

Phase-level estimates Turning (Sorvaus) 9.5 h  
Sandblasting (Hiekkapuhallus) 5.4 h  
Gluing (Liimaus) 2 h  
Grinding (Käärintä) 7 h  
Balancing (Tasapainotus) 3 h  
Coating (Kumitus) 4 h  
Turning & belt grinding 27.2 h  
Stripping (Kuorinta) 11.4 h  
Turning & finishing 10.1 h  
Auxiliary work (Aputyöt) 8 h 

 

It should be noted that the estimates presented in Table 8 represent illustrative outputs 

of the pilot and were not formally validated against realised production outcomes within 

the scope of this study. The accuracy of phase-level estimates relative to actual work 

durations therefore remains an open empirical question. Systematic validation against 

post-go-live production data is identified as a critical next step and is discussed further 

in Section 8.2 as a priority for future research. 

The confidence indicator is based on the number of retrieved historical cases that fall 

within the predefined dimensional similarity threshold. In the implemented pilot, cases 

are classified as “reliable” when their calculated surface area differs by no more than 

±25% from the queried roll. The confidence level is then determined heuristically based 
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on the number of reliable neighbouring cases returned by the retrieval process. During 

the pilot phase, results with 15 or more reliable neighbouring cases were interpreted as 

high confidence, while smaller numbers of comparable cases reduced the reliability of 

the estimate. 

The example highlights several important characteristics of the implemented approach. 

First, the system provides not only a single estimate but also a variability range, which 

reflects the inherent uncertainty in production processes. This supports more realistic 

planning by acknowledging variation rather than presenting overly precise predictions. 

Second, the inclusion of a confidence indicator based on the number of comparable his-

torical cases provides users with additional context for interpreting the results. As noted 

in the interviews, this type of transparency is essential for building trust in AI-supported 

systems. 

Despite its practical benefits, the use of AI in this context is subject to important limita-

tions. The reliability of the estimates depends directly on the availability and comparabil-

ity of historical data. In cases where similar past jobs are not available, the system’s 

outputs become less reliable, which requires users to rely more heavily on their own 

experience. Furthermore, the current approach focuses primarily on geometric input var-

iables, which simplifies implementation but does not capture all factors influencing pro-

duction time, such as machine condition, operator differences, or material-specific char-

acteristics. 

The findings suggest that the most effective role of AI in SME production planning is to 

support, rather than replace, human decision-making by providing structured access to 

historical data and reducing manual effort. The implemented pilot demonstrates that 

even relatively simple AI approaches can deliver significant practical value when aligned 

with operational needs and data availability. This reinforces the broader conclusion of 

the study: in SME environments, the success of AI applications depends less on algo-

rithmic complexity and more on their ability to integrate with existing processes and sup-

port real-world decision-making practices. 

Overall, the findings of the AI pilot directly address the main research question of this 

study by demonstrating how historical production data can be utilised to support more 

reliable and transparent production planning within an ERP environment. The results 

show that similarity-based estimation provides a practical means of improving decision 

support without requiring complex predictive models, thereby aligning with the opera-

tional realities of SME manufacturing. In particular, the pilot illustrates how ERP-gener-

ated data can be transformed into actionable insights that enhance workload estimation, 
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support quotation processes, and reduce reliance on purely experience-based decision-

making. At the same time, the findings highlight that the effectiveness of such AI appli-

cations is fundamentally dependent on data quality, consistency, and integration, rein-

forcing the central role of ERP systems as enablers of data-driven development. 
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7. DISCUSSION 

7.1 Key limitations of ERP-based production control 

The first sub-question asked: what are the key limitations of the current ERP-based pro-

duction control in the case company? The empirical analysis reveals that the legacy ERP 

system (4D), implemented before the year 2000, has created a production control envi-

ronment that is both technically outdated and operationally fragmented. Consistent with 

the observations of Moeuf et al. (2018), the case company relies heavily on manual data 

entry, parallel Excel-based documentation, and experience-based decision-making ra-

ther than integrated and data-driven production control. The inability of the legacy system 

to support real-time data collection, dynamic workload visibility, or automated information 

flow has resulted in a production environment where planning accuracy and responsive-

ness are constrained by information delays and inconsistencies. 

These findings align closely with the DeLone and McLean (2003) Information Systems 

Success Model, which emphasises that system quality and information quality are foun-

dational determinants of effective system use. In the case company, deficiencies in both 

dimensions are clearly observable: the system lacks usable interfaces for production 

monitoring, time reporting is conducted after shift completion rather than in real time, and 

critical production knowledge resides with a small number of experienced individuals ra-

ther than in formal documentation. As Kletti (2007) argues, production control systems 

fail when data collection mechanisms are detached from daily production work, and this 

is precisely the situation observed at the case company. 

The reliance on tacit knowledge, while providing operational flexibility, simultaneously 

represents a significant vulnerability. Stevenson, Hojati and Cao (2014) note that in high-

variability, make-to-order environments, the absence of timely and reliable information 

represents a more critical challenge than the lack of sophisticated scheduling algorithms. 

This observation is strongly supported by the case company findings: the primary limita-

tion is not the absence of advanced planning logic, but rather the absence of a reliable, 

integrated, and timely information foundation. These limitations formed the baseline mo-

tivation for ERP modernisation and the exploration of AI-supported decision support 

throughout the study. 
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7.2 ERP system selection and its role as a prerequisite for AI 

The second sub-question asked: how do ERP system selection and implementation 

choices influence the prerequisites for AI utilisation? The findings demonstrate that ERP 

selection is not a purely technical exercise but a strategic decision with direct implications 

for the feasibility of future AI development. The evaluation process described in Chapter 

5 was grounded in the operational challenges identified in Chapter 4, emphasising pro-

duction planning robustness, workload visibility, usability, and integration capabilities as 

primary criteria. This approach is consistent with Hitt, Wu and Zhou (2002), who argue 

that ERP investments should be understood as strategic initiatives whose value emerges 

through process standardisation and improved information visibility. 

The selection of Vendor D reflects a pragmatic and risk-aware strategic choice. Rather 

than prioritising the most technically advanced AI features available, as offered by Ven-

dor C, the decision favoured a balanced combination of operational stability, production 

planning maturity, implementation feasibility, and incremental AI development potential. 

This reflects the broader finding of Oldemeyer, Jede and Teuteberg (2025), whose sys-

tematic review identifies data quality and unclear business value as the most significant 

barriers to AI adoption in SMEs. By selecting a system that first addresses the founda-

tional data quality and integration challenges, the case company establishes the prereq-

uisite conditions for meaningful AI utilisation. 

The implementation process further illustrates the importance of ERP choices as AI pre-

requisites. The reconstruction of product structures and routing data in the new system, 

which was necessitated by the structural inconsistencies of the legacy environment, sim-

ultaneously enabled the harmonisation of work phase definitions and the creation of a 

standardised data structure. This is consistent with the view of Usuga Cadavid et al. 

(2020), who argue that AI models are most effective when embedded within existing ERP 

environments where standardised and continuously updated operational data are avail-

able. Without this structural improvement, the historical production dataset would have 

remained too fragmented and inconsistent to support reliable AI-assisted analysis. 

The deliberate decision to adopt an incremental implementation strategy, maintaining 

the legacy system as a backup during the transition and scoping integrations to essential 

data flows, reflects the change management principles identified by Kotter (1997) and 

Oldemeyer, Jede and Teuteberg (2025), who argue that phased implementation and in-

cremental learning are more effective than comprehensive, one-time deployments in 

SME contexts. This approach reduces risk while allowing organisational readiness to 

develop in parallel with technical capability. 
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7.3 Practical AI use cases and their feasibility 

The third sub-question asked: what AI-supported use cases can be practically imple-

mented to support production planning and control in this context? The implemented AI 

pilot demonstrates that similarity-based retrieval using nearest neighbour logic provides 

a feasible and practically valuable approach for introducing AI into ERP-supported pro-

duction planning without requiring complex model training or extensive data prepro-

cessing. The pilot generates estimates of work durations and production phase break-

downs based on historical roll-specific parameters, enabling more consistent quotation 

support and informed capacity planning. 

This finding is consistent with the literature in several important respects. Usuga Cadavid 

et al. (2020) identify workload forecasting and estimation of operation durations as par-

ticularly suitable AI applications in production planning, noting that these applications 

leverage historical data to support planners in anticipating capacity constraints. The case 

company pilot directly realises this potential, albeit through a relatively simple retrieval-

based approach rather than a classical machine learning model. The choice of a re-

trieval-based approach is justified by the practical constraints of the SME context: as 

noted by Moeuf et al. (2018) and Oldemeyer, Jede and Teuteberg (2025), SMEs often 

operate with heterogeneous and incomplete production data, which limits the applicabil-

ity of advanced predictive models. 

The findings also highlight a key practical insight regarding the trade-off between data 

richness and data availability. Expanding the number of required input variables would 

have reduced the usable historical dataset significantly, thereby weakening the reliability 

of similarity-based estimates. This reinforces the broader literature argument that in SME 

contexts, simpler data models may outperform more complex approaches when data 

availability is constrained (Moeuf et al., 2018). The prioritisation of a limited set of geo-

metric input variables: roll diameter, length, and coating thickness, was therefore not a 

compromise but a deliberate design decision aligned with data availability. 

The importance of transparency and explainability in AI-supported decision-making is 

also clearly supported by the empirical findings. Production personnel emphasised that 

the ability to inspect the underlying historical reference cases increases trust in the sys-

tem outputs and facilitates validation in daily operations. This aligns directly with the hy-

brid decision-making paradigm advocated by Brynjolfsson (2014) and Jarrahi (2018), 

who argue that AI systems in operational environments must augment human judgment 

through transparency rather than replace it through opaque algorithmic logic. The imple-

mented pilot positions AI as a decision-support tool rather than an autonomous planner, 
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which is both theoretically appropriate and empirically validated by the user responses 

observed in this study. 

7.4 Broader implications: the socio-technical nature of AI-ERP 
development 

The findings of this study consistently reinforce the socio-technical perspective adopted 

in the theoretical framework. The effectiveness of AI-enabled production control does not 

emerge solely from algorithmic capabilities or system functionality, but from the interac-

tion between technology, data quality, and organisational practices (DeLone and 

McLean, 2003; Islam et al., 2025). In the case company, the primary barriers to AI utili-

sation were not technical in origin, they were rooted in fragmented data collection prac-

tices, manual reporting routines, and the undocumented nature of operational 

knowledge. 

This observation extends the existing literature by demonstrating empirically that the path 

to AI-enabled production control in SMEs is not a shortcut through advanced technology, 

but a structured progression through improved data infrastructure, integrated ERP sys-

tems, and organisational readiness. As Margherita and Braccini (2023) argue in the con-

text of flexible manufacturing, digital systems create value primarily by improving trans-

parency and coordination rather than through advanced optimisation. The case compa-

ny's experience strongly confirms this finding: the immediate and tangible benefits of 

ERP modernisation: improved workload visibility, structured data flows, and reduced 

manual effort, are at least as significant as the longer-term potential of AI-assisted deci-

sion support. 

The adoption and change management dimension of the study also reveals important 

considerations. Consistent with Venkatesh et al. (2003), perceived usefulness and ease 

of use are critical determinants of user acceptance. The deliberate prioritisation of usa-

bility and interface clarity during vendor selection reflects an awareness that technical 

sophistication is of limited value if systems are not actively used in daily operations. Fur-

thermore, the involvement of key users in the implementation process, including require-

ment definition, testing, and validation, reflects the service-dominant logic perspective of 

Lusch and Vargo (2006) and Vargo and Lusch (2008), where value emerges through 

active participation rather than passive technology deployment. 

Reflecting on the enablers and challenges summarised in Table 1, the case company's 

experience illustrates how these dimensions manifested in practice. Problem definition 

was operationally grounded from the outset, with the AI pilot focused specifically on work 

duration estimation. Data availability and quality emerged as the most binding constraint, 
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consistent with the framework's prediction. User trust was supported through the trans-

parency of the retrieval-based approach, which allowed planners to inspect reference 

cases directly. Organisational readiness developed incrementally alongside ERP imple-

mentation, rather than preceding it. System integration was partially achieved through 

the ERP modernisation, though deeper integration remains a future development target. 

Overall, the case confirms that perceived value is best maintained through early, con-

crete benefits, which the pilot delivered through improved quotation support, rather than 

through ambitious long-term promises. 

Finally, the study highlights an important boundary condition for AI adoption in SMEs: AI 

creates value by improving data utilisation and supporting human decision-making, while 

ERP systems provide the structural foundation for integrating these capabilities into daily 

operations. The effectiveness of AI in this context depends less on algorithmic sophisti-

cation and more on data quality, system integration, and organisational readiness (Islam 

et al., 2025; Oldemeyer, Jede and Teuteberg, 2025). This conclusion has significant im-

plications for how manufacturing SMEs should approach digital transformation more 

broadly, suggesting that investments in foundational data infrastructure consistently pre-

cede and enable meaningful AI utilisation. 
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8. CONCLUSIONS AND FUTURE RESEARCH 

8.1 Conclusions 

This study examined how AI-supported solutions can be implemented within an ERP 

environment to improve production planning and control in a manufacturing SME. The 

research was conducted as a qualitative-dominant embedded case study at the case 

company, a make-to-order machine shop specialising in the maintenance and refurbish-

ment of paper machine rolls. The empirical work combined semi-structured interviews, 

direct observations, and quantitative analysis of historical production data, providing a 

comprehensive and triangulated understanding of the research problem. 

In response to the main research question, the study demonstrates that the practical 

implementation of AI-supported production control in a manufacturing SME is a staged 

and interdependent process that requires a reliable digital foundation, structured data 

practices, and organisational readiness before meaningful AI capabilities can be real-

ised. AI does not create value as a standalone technology but as an extension of the 

ERP data infrastructure, utilising structured and time-stamped production data generated 

during daily operations to support human decision-making in planning and quotation pro-

cesses. 

The answer to the first sub-question, concerning the key limitations of the current ERP-

based production control, points to a cluster of interrelated deficiencies: an outdated leg-

acy system incapable of supporting real-time data collection or automated information 

flows, fragmented parallel documentation across Excel files and paper-based tools, de-

layed time reporting, and heavy reliance on undocumented tacit knowledge concentrated 

in a small number of individuals. These limitations collectively constrain the transpar-

ency, responsiveness, and scalability of production control, creating conditions that in-

hibit both effective planning and the systematic utilisation of historical production data. 

The answer to the second sub-question, concerning how ERP selection and implemen-

tation choices influence the prerequisites for AI utilisation, demonstrates that ERP mod-

ernisation should be understood as the foundational prerequisite for AI-enabled produc-

tion control. The selection of a system that prioritises production planning robustness, 

workload visibility, data consistency, and incremental AI development potential directly 

shapes the quality and structure of the operational data upon which AI applications de-

pend. The reconstruction of work phase definitions and product structures during imple-
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mentation, while primarily a technical activity, simultaneously established the standard-

ised data environment required for reliable historical analysis and similarity-based re-

trieval. 

The answer to the third sub-question, concerning the AI-supported use cases that can 

be practically implemented, is provided by the pilot described in Chapter 6. The imple-

mented retrieval-based approach demonstrates that similarity-based work duration esti-

mation using roll-specific geometric parameters provides actionable and transparent de-

cision support for production planning and quotation without requiring complex model 

training or extensive data preprocessing. The system's ability to provide not only a cen-

tral estimate but also a variability range and a confidence indicator based on the number 

of comparable historical cases makes its outputs practically useful and trustworthy in 

daily production management. 

Three broader conclusions emerge from the synthesis of these findings. First, in SME 

manufacturing contexts, data quality and system integration are more critical determi-

nants of AI effectiveness than algorithmic sophistication. The practical value of the im-

plemented AI pilot derives not from the complexity of its underlying logic but from its 

alignment with the characteristics of the available historical dataset and the operational 

realities of the production environment. Second, ERP modernisation and AI adoption 

should be treated as complementary and sequentially dependent development streams 

rather than parallel or independent initiatives. The data foundation created by ERP im-

plementation is a necessary condition for reliable AI utilisation. Third, the socio-technical 

perspective adopted in this study consistently outperforms purely technical framings: the 

most significant barriers to AI-enabled production control are not algorithmic or compu-

tational but organisational; rooted in data collection practices, change management, and 

user acceptance. 

8.2 Future research and limitations 

Several directions for future research emerge from the findings and limitations of this 

study. The empirical scope of the research was limited to a single case company oper-

ating in a specific product and process context, which restricts the generalisability of the 

findings. Future studies should examine AI-enabled ERP development across multiple 

manufacturing SMEs and different industry sectors to test the transferability of the con-

clusions reached here. Comparative case study designs would be particularly valuable 

in identifying contextual factors that moderate the relationship between ERP implemen-

tation quality and AI utilisation potential. 
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A second direction concerns the longitudinal evaluation of AI pilot performance. The im-

plemented retrieval-based pilot was developed and assessed within the timeframe of this 

study, which did not permit a formal validation of estimation accuracy against realised 

production outcomes, nor a sustained evaluation of its operational impact after go-live. 

As a direct next step, the similarity-based estimates produced by the pilot should be 

systematically compared against actual work durations recorded in the new ERP system 

following stabilisation. This validation should cover both total duration estimates and 

phase-level breakdowns, using metrics such as median absolute error and the proportion 

of realised durations falling within the reported P25–P75 variability range. Such an eval-

uation would clarify whether the current confidence indicator thresholds, based on the 

number and similarity of matching historical cases, correspond to meaningful differences 

in estimation accuracy in practice. Beyond point accuracy, future research should also 

examine how the reliability of similarity-based estimates evolves as the volume and con-

sistency of ERP-generated data increases over time, and under what conditions re-

trieval-based approaches provide sufficient planning support versus when more ad-

vanced predictive models become warranted. 

Third, the potential of more advanced AI methodologies deserves investigation in the 

SME context. The current pilot deliberately prioritised simplicity and data availability over 

analytical sophistication. As the ERP system generates increasingly structured and con-

sistent data, more complex approaches, such as regression-based models, ensemble 

methods, or neural network architectures, may become viable and could be compared 

against the retrieval-based baseline established in this study. Usuga Cadavid et al. 

(2020) identify a wide range of machine learning applications relevant to production plan-

ning and control, many of which remain untested in SME machine shop environments. 

Fourth, the integration of IoT-enabled data collection with ERP and AI systems repre-

sents a promising avenue for future development. As Yesodha et al. (2023) and Wi-

jesinghe et al. (2024) demonstrate, real-time shop floor data collection through IoT tech-

nologies can substantially improve data accuracy and timeliness, thereby strengthening 

the foundation for AI-supported production control. The feasibility, cost-benefit profile, 

and implementation challenges of such integrations in SME machine shop environments 

warrant dedicated empirical investigation. 

Finally, the human and organisational dimensions of AI adoption in SME manufacturing 

remain relatively underexplored in the empirical literature. The findings of this study high-

light that user trust, acceptance, and change management are at least as important as 

technical capability in determining whether AI-enabled systems deliver operational value. 
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Future research should examine how different change management approaches, train-

ing models, and user involvement strategies influence the sustained adoption and effec-

tive use of AI-supported ERP systems in manufacturing SMEs, building on the theoretical 

insights of Venkatesh et al. (2003), Kotter (1997), and Islam et al. (2025). 
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APPENDIX 1 

Semi-structured interview guide for production management and production plan-

ning (ERP and AI) 

Date: 3 December 2025 

Type: Semi-structured interview 

Target group: Production management and production planning personnel (3 persons) 

Duration: Approximately 45–60 minutes 

Purpose of the interview 

The purpose of the interview is to identify: 

- requirements for the new ERP system, 

- potential use cases for artificial intelligence, and 

- key development areas in production control from the perspective of production 

management. 

1. Current state and process challenges 

How are responsibilities and roles currently divided in production management? 

At which stages do information typically get delayed or lost (e.g., orders, inventory, re-

porting)? 

What are the main challenges of the current ERP system (4D) from a production per-

spective? 

Which tasks consume the most time and could potentially be automated or digitally sup-

ported? 

2. Production planning and workload management 

How are work lists and schedules currently created? 

How are workload and resource utilisation monitored? What kind of real-time information 

would be useful? 

How often are production schedules changed and why? 

If the system could automatically suggest job sequencing, what factors should it consider 

(e.g., job type, duration, machine, product characteristics)? 
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3. Tacit knowledge and process guidance 

What types of machine- or process-specific knowledge are currently not documented in 

the system? 

How should this knowledge be captured and utilised in the future? 

Could the system provide recommendations or reminders related to process settings? 

How are automated suggestions perceived: as helpful support or as a limitation? 

4. Errors, deviations, and quality management 

What types of errors or deviations occur repeatedly during production? 

How are these detected and reported? 

How should the new system support error prevention and anticipation? 

Would it be useful if the system could detect and warn about inconsistencies or devia-

tions? 

5. Real-time information and visibility 

What type of information is most important to access in real time (e.g., production pro-

gress, inventory status, workload)? 

Who else would benefit from increased transparency (e.g., sales, maintenance, custom-

ers)? 

What type of visualisation or reporting would best support decision-making (e.g., visual 

dashboards, tables, color coding)? 

6. Artificial intelligence and automation 

In which areas could AI provide the most value (e.g., planning, error detection, report-

ing)? 

Should AI provide recommendations only, or also make automated decisions in certain 

situations? 

What types of AI functionalities would be practically useful in daily work (e.g., scheduling, 

material allocation, anomaly detection)? 

How should AI-generated information be presented to ensure trust and usability? 

7. Implementation and future development 

What are the most important factors in implementing the new ERP system? 
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How should production management and personnel be involved in system testing and 

development? 

If the system could automate one routine task, what would it be? 

How do you envision “intelligent production management” in the next two years? 

Closing questions 

Are there any concerns related to the new ERP system or the use of AI? 

Would you be willing to participate in future system testing or evaluation? 


