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Abstract
In this article, we present findings from an interventional study conducted within a small enterprise in northern Italy, focused 
on automating quality control in press-in operation for the production of reduction gearboxes. Guided by Organizational 
Information Processing Theory, we developed an expert system to automate quality control and facilitate early fault detec-
tion. This novel approach enhances quality control within this production stage and could potentially impact other levels of 
the supply chain. We contribute to the theory by providing a revised version of the Organizational Information Processing 
Theory framework which integrates technological advancements and variability of the task over time as critical factors affect-
ing information processing, and shows the iterative nature of the digitalization process in SMEs. Operationally, the solution 
increases defect identification from 6% at end-of-line to 15% through step-by-step checks. It provides a cost-effective, practi-
cal example of AI-driven quality control, advocating for data-driven decision-making demonstrating a scalable pathway for 
SMEs to adopt AI with limited resources.

Keywords  Automation · Artificial intelligence · Quality control · Expert system · Digital supply chain · Industry 4.0

JEL Classification  O300

Introduction

The supply chain digitalization literature highlights the key 
role played by digital technologies in reshaping supply chain 
business process and in turn improving performance (Perano 
et al., 2023). Recently, the combination of technologies such 
as AI and IoT has demonstrated to be able to impact supply 
chains in different ways (Culot et al., 2024). For example, 
Goodarzian et al. (2023) propose a vaccine supply chain 
model that integrates IoT and AI to optimize the distribution, 

allocation, and location of vaccination and treatment centers. 
Moreover, in the context of predictive maintenance, Ayvaz 
and Alpay (2021) describe the integration of IoT sensors 
in manufacturing equipment to enable real-time monitoring 
of critical parameters. AI is then used to analyze this data 
to identify patterns and anomalies that indicate potential 
failures preventing disruption of the supply chain related to 
delays in suppliers production (Brintrup et al., 2020). In the 
context of automotive quality control, Cardellicchio et al. 
(2024) show how lightweight machine learning (ML) mod-
els can be used to detect anomalies and damage on the weld 
surface, allowing human operators to intervene promptly, 
reducing costs and delays in the production line, and ensur-
ing that only high-quality products are shipped.

The automation of quality control represents an impor-
tant area of investigation in the supply chain digitalization 
literature, with an increasing attention paid to the integration 
of AI-based solutions (Cardellicchio et al., 2024; Escobar 
& Morales-Menendez, 2018; Peres et al., 2019). Recently, 
Culot et al. (2024) reviewed the literature on AI adoption in 
supply chain management, discussing the benefits provided 
by AI and integrated technologies such as IoT for quality 
control and automation in production processes. Moreover, 
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Perano et al. (2023) underlined the contribution offered by 
AI in improving product/service quality and in turn increase 
revenues for operations planning.

Indeed, quality control is pivotal in realizing Industry 
4.0’s (I4.0) potential, driving advancements in manufac-
turing, and impacting the entire supply chain (Escobar & 
Morales-Menendez, 2018). In fact, traditional statistical 
techniques commonly adopted in quality control provide 
limited system-level insights, especially with stage inter-
dependencies (Arinez et al., 2020). By contrast, automated 
quality control using AI and IoT has the potential to enable 
real-time issue identification, reducing errors across sup-
ply chain stages and optimizing operations from suppliers 
to buyers (Cruz Guerrero et al., 2019; Hamm et al., 2023).

However, implementing advanced I4.0 technologies 
requires expertise and substantial financial investments 
(Rüßmann et al., 2015), resources often lacking in small 
and medium-sized enterprises (SMEs) (Hansen & Bøgh, 
2021). This limitation often restricts their implementation 
to a subset of technologies such as Cloud Computing and IoT 
(Moeuf et al., 2018). Moreover, the lack of a comprehensive 
data management strategy often results in the collection of 
data that are not immediately applicable for advanced solu-
tions, thus limiting the extraction of value and in turn requir-
ing further data analysis. Fitting the information process-
ing needs with corresponding capacities has demonstrated 
to be challenging for SMEs, which are still in the process 
of understanding how to effectively implement AI in their 
processes. While pathways for digitalization of SMEs are 
discussed in the literature (Battistoni et al., 2023), there is 
a lack of tailored guidelines for AI implementation, which 
presents several specificities (Dubey et al., 2020; Fosso 

Wamba, 2022). This leads us to draw the following research 
questions:

RQ1: To what extent is it possible to develop an auto-
mated quality control solution in a real manufacturing 
setting?
RQ2: What are the implications both at the organiza-
tional and theoretical level of such implementation?

To address these questions, we conducted an interven-
tional study (Coughlan & Coghlan, 2002) in a SME based 
in northern Italy which acts as system integrator. Guided 
by Organizational Information processing Theory (OIPT) 
we developed an expert system (ES) for automated qual-
ity control and early fault detection based on historical 
data produced by the assembly of reduction gearboxes. The 
research project was conducted over one year, from Septem-
ber 2021 to September 2022, involving iterative cycles of 
data gathering, development, implementation, and valida-
tion (see Fig. 1). Data were collected through unstructured 
interviews, internal documents, and historical database 
analysis, revealing insights that identified critical issues in 
the company’s processes. The study was organized into two 
loops, each comprising two iterations, facilitating close col-
laboration with the company team and real-world validation 
of solutions.

Our work contributes to the theory by proposing a 
revised OIPT framework, based on empirical evidence, that 
illustrates how digitalization in context of quality control 
automation allows to handle uncertainty derived by high 
production variability. In turn, this enhances information 
processing capacities, while also influencing information 
processing requirements in a cyclical way. At the supply 

Fig. 1   3D representation of the plant for the assembly of planetary reduction gears (company source)
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chain level, our ES facilitates the early identification of raw 
material quality deviations enhancing overall efficiency 
and reliability, ensuring higher product quality and more 
streamlined operations from suppliers to manufacturers and 
ultimately to buyers.

From an industrial perspective, we present a cost-effective 
and explainable solution designed to automate quality con-
trol within the context of an SME, characterized by limited 
financial investments and low AI expertise (Hansen & Bøgh, 
2021). The notable outcomes achieved by the company 
include the capacity to identify issues throughout the assem-
bly process, rather than solely at its conclusion. The system 
also enables pinpointing the specific component responsi-
ble for the fault, integrates automated data flow as part of a 
broader digitalization initiative, and facilitates the exchange 
of AI knowledge between researchers and the company. In 
addition, we outline a practical implementation pathway for 
SMEs, drawing on the work of Battistoni et al. (2023), to 
facilitate the adoption of advanced quality control systems 
while addressing common challenges in digitalization.

The reminder of the paper is structured as follows: first, 
we provide a theoretical background and framing of the 
work. Next, we describe the research design and the con-
text of the intervention. Then, we describe the develop-
ment processes and the results, followed by a discussion 
of their implications. Finally, we present our conclusions 
about the implementations, including limitations and future 
developments.

Theoretical background and framing

According to OIPT, an organization as a social system which 
has to manage work-related uncertainty (Galbraith, 1974; 
Tushman & Nadler, 1978). For this reason, the organization 
needs to facilitate collection, gathering and processing of 
information related to its environment, its performance and 
quality of outputs (Tushman & Nadler, 1978). OIPT has been 
used to explain how organizations can effectively manage 
and utilize data to improve decision-making and operational 
performance across various contexts. Benzidia et al. (2021) 
apply OIPT to investigate how AI impacts environmental 
performance in hospitals. Their study highlights the role 
of information technology in facilitating efficient data pro-
cessing, enabling organizations to achieve specific strategic 
objectives. Expanding the application of OIPT, Dubey et al. 
(2019) examine how Big Data Analytics Capability (BDAC) 
fosters trust and collaborative performance between civil 
and military organizations during disaster relief operations. 
Their findings emphasize that BDAC enhances information 
processing capacity, reduces uncertainty, and promotes swift 
trust and effective collaboration, particularly in complex and 
uncertain environments. In another study, Srinivasan and 

Swink (2018) explore the relationship between supply chain 
visibility, analytics capability, and organizational flexibility. 
Using OIPT as a theoretical foundation, they demonstrate 
that enhanced information visibility and lateral organiza-
tional relationships significantly improve information pro-
cessing capacity, ultimately leading to better operational 
performance. Their research highlights the interconnected-
ness of information processing, organizational structure, and 
performance outcomes.

In this study, we adopt OIPT as an appropriate lens to 
investigate the use of AI and IoT in the automated qual-
ity control process. To build on this foundation, we now 
introduce three core concepts that form the pillars of OIPT: 
information processing requirements, information process-
ing capacities, and the fit between the two (Tushman & 
Nadler, 1978).

Information processing requirements in modern 
quality control

Zhu et al. (2018) defined information processing require-
ments as the amount of information required for decision 
making in the context of uncertainty. Uncertainty has been 
defined by Tushman and Nadler as the difference between 
information requirements and information possessed, and 
can be internal or external to the organization.

With the introduction of Industry 4.0 technologies, manu-
facturing has seen significant advancements in quality, push-
ing current benchmarks to very high levels (Escobar et al., 
2021). In the context of our intervention, i.e., the production 
of robot precision gearboxes, the error tolerance is very low 
due to the high precision required for their operations (Li 
et al., 2024). In this production process, automated assem-
bly lines helps minimize errors but perfect replicability over 
time is not granted (Li & Li, 2023; Wang et al., 2015), intro-
ducing a form of internal uncertainty.

This pushed information processing requirements to an 
higher level. Traditional end-of-line (EOL) quality control 
methods, which focus on inspecting finished products, do 
not provide enough information to endure the proper iden-
tification of defects, often missing opportunities for early 
detection and prevention of defects. Indeed, Arinez et al. 
(2020) and Turetskyy et al. (2020) emphasize the impor-
tance of early-stage quality evaluations, which can identify 
deviations early in the production process by leveraging a 
greater amount of data collected along the whole production 
process. This early detection, as highlighted by Arinez et al. 
(2020) and Meiners et al. (2021), not only prevents further 
processing of defective parts, but also reduces rework costs.

Regarding external uncertainty, it is mainly related to the 
supply chain level. As already described by Zhu et al. (2018), 
supplier products’ quality is unpredictable since it is related 
to capacities not under the control of the organization. This 
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means that, within supply chain, there is an increasing need 
for information to handle such uncertainty.

Building on these insights, this study aim to demonstrate 
how sequential quality evaluation better aligns with current 
information processing requirements, leading to significant 
improvements in both product quality and cost-efficiency 
along the whole supply chain.

Information processing capacities: impact of AI 
and IoT

Information processing capacities refer instead to the tools 
and methods employed in decision-making processes. 
According to Tushman and Nadler (1978), these capacities 
are influenced by the structure of the organizational unit, 
which can be either organismic or mechanistic. An organis-
mic structure is particularly suited to managing high levels 
of uncertainty, as in quality control, due to its informal com-
munication, flexibility, and adaptability to changing condi-
tions (Srinivasan & Swink, 2018). However, such flexibility 
often leads to higher communication costs and slower deci-
sion-making because of the lack of standardized procedures.

To address these challenges, balancing flexibility with 
formalization through well-defined rules and procedures is 
essential. Galbraith (1974) proposed coordination and con-
trol mechanisms tailored to varying levels of task complexity 
and uncertainty. For high-complexity tasks like quality con-
trol, formal information systems are particularly effective. 
These systems enable structured data collection, analysis, 
and dissemination, ensuring consistency in insights and 
streamlined communication across organizational units; 
Battistoni et al. (2023) underline the need for formalization 
also in the context of manufacturing SMEs in the digitaliza-
tion journey.

As discussed earlier, digitalization has increased both 
quality and quantity of information required, making tra-
ditional statistical methods for quality control inefficient. 
AI-based algorithms leveraging time-series data have been 
proposed (Carbery et al., 2018; Peres et al., 2019) to increase 
processing capacity. For instance, Wang et al. (2019) imple-
mented quality control of work-in-progress products, while 
Iglesias et al. (2018) used computer vision with 3D cameras 
to detect imperfections in slate slabs. Despite the advantages 
of ML, challenges such as the low interpretability of results 
(Hamm et al., 2023; Wanner et al., 2022) and the need for 
high-quality data still persist.

To improve interpretability, two approaches has been 
proposed. On the one side, intervene on the algorithm to 
increase its interpretability (Guidotti et al., 2019). For exam-
ple, Senoner et al. (2022) applied explainable AI in qual-
ity control in a semiconductor company. On the other side, 
integrating expert knowledge into AI models can improve 
both their interpretability and practical relevance. While 

data-driven approaches have proven effective, the expertise 
of human remains essential to contextualize AI outputs, 
although presenting several challenges (Arinez et al., 2020; 
Bousdekis et al., 2023). For this reason, we aim to explore 
methods for synthesizing expert insights with data-driven 
approaches, to enhance model performance and facilitate a 
more intuitive interpretation of results.

Regarding data sources, obtaining real-world datasets is 
challenging, costly and time-consuming (Cardellicchio et al., 
2024; Tao et al., 2018). Consequently, several studies relied 
on simulated data and laboratory-based experiments, which 
lack the complexity and unpredictability of real production 
environment. This limits the scalability and generalizability 
of AI models. Therefore, we focus on implementing AI-
based quality control solutions directly in real production 
settings.

Fit between information processing requirements 
and capacities

The third pillar of OIPT is the fit between an organization’s 
information processing capacities and requirements posed 
by its operational environment. This principle stresses the 
need to design processes and structures to avoid inefficien-
cies that result from either underperformance, due to inad-
equate data handling, or overperformance, which leads to 
wasted resources. In our intervention, we initially observed 
a misalignment between the organization’s information pro-
cessing capacities and the requirements driven by its opera-
tional complexity.

As previously discussed, various sources of uncertainty 
exist within the production process, significantly increasing 
the need for advanced information processing to capture, 
analyze, and act promptly. However, the current reliance 
on EOL testing and statistical quality control methods is 
insufficient. While these tools are useful for post-production 
assessments, they lack the real-time data integration and pro-
active monitoring needed to manage uncertainty effectively 
across the entire production cycle. This results in a reactive, 
rather than proactive, approach to quality control, leaving the 
organization prone to inefficiencies and errors.

To address this, our intervention aimed to enhance infor-
mation processing by incorporating dynamic and real-time 
data management solutions, aligning capacities with the 
complex requirements of the production environment. By 
improving this fit, the organization will improve manage-
ment of uncertainty and optimize overall performance.

A key aspect of this process is the collaboration between 
academia and industry, which is often overlooked. Integrat-
ing academic research with industry needs is essential to 
address real-world challenges effectively. Studies by Hamm 
et al. (2023), Inoue et al. (2023), and Sharma et al. (2022) 
demonstrated the value of collaborative approaches such 
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as action research. We aim to leverage these collaborative 
research frameworks to ensure that the AI-driven quality 
control systems developed are aligned with industry needs 
and directly applicable in operational settings.

Table 1 compares previous contributions in the literature, 
identifies key gaps in AI-driven automated quality control 
research in manufacturing, and positions the present study 
by demonstrating how it can address these gaps.

Research methodology and design

To address the aforementioned gaps, we conducted an inter-
vention study (Coughlan & Coghlan, 2002) in collabora-
tion with a system integrator company. The intervention 
was derived from an action research process, which aimed 
to solve a real organizational problem while also contrib-
uting to scientific knowledge (Shani & Coghlan, 2021). 
This methodology was chosen for the empirical aspect of 
our research project since it enables us to address research 
objectives within their natural setting (Schmidberger et al., 
2009) by gathering firsthand information and creating a new 
system. Adopting it also meant that our findings could be 
directly implemented by the company, providing practical 
results more quickly. Additionally, action research has been 
successfully used in the context of other studies focusing on 
AI (Liu et al., 2022) and business (Athanasopoulou & De 
Reuver, 2020; Inoue et al., 2023).

Process and data description

The process under analysis involves the assembly of preci-
sion planetary reduction gears for robotics. These reduc-
ers are produced through a highly coordinated sequence of 
sub-assemblies, where pairs of semi-processed components 
are pressed together. The production plant, depicted in 
Fig. 1, has a semi-automatic design, combining automatic 
and manual stations connected via a conveyor belt. Span-
ning over 40 m the production line includes six automatic 
cells and four manual cells. Each automatic cell comprises 
a robotic arm and an automatic press. During the assembly, 
the arm picks up pieces from the conveyor, places them into 
the press, and performs the necessary tooling; the press then 
merges the components together.

In this plant, each gearbox is characterized by five key 
parameters, resulting in around 250 unique configurations 
identified by a Configuration IDentifier (CID). These con-
figurations involve around 2500 different components, mak-
ing it possible for the manufacturer to be required to produce 
a gearbox with a configuration never seen before and for 
which historical data exist.

The automatic cells rely on pressing machines equipped 
with an encoder and a load cell. The encoder captures the Ta
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displacement position of the press head, while the load cell 
measures the force applied at each recorded displacement. 
These measurements generate a series of displacement-force 
tuples, initially collected by the human machine interface. 
The data is stored as CSV files in the local storage of the 
machine and can be accessed remotely through a secure 
connection.

Figure 2 presents a 2D Cartesian representation of the 
joining operation, with displacement (in millimeters) along 
the x-axis and force values (in kilonewtons) along the y-axis. 
The represented operation can be segmented into three main 
segments:

•	 Approach phase (70–125 mm, light grey): the press head 
advanced without applying force as it moves toward the 
components.

•	 Joining phase (125–160 mm, black): the press head 
engages the components, applying increasing force until 
reaching the peak, marking the end of the press stroke.

•	 Return phase (160–15 mm, dark grey): the press head 
retracts, with the force rapidly decreasing as the press 
head returns to its initial position.

A critical issue lies in the poor quality of the collected 
data. Unpredictable errors often leads to duplicated records 
or the splitting of data into multiple files. As data record-
ing is managed directly through the robot’s proprietary 
software, acting as a black box for the system integrator, 
there is no way to improve the data collection process. This 
misalignment between information processing requirements 
and capacities represents a key challenge to be addressed 
to successfully implement the proposed quality control 
mechanism.

Research process

The research project spanned one year, from September 
2021 to September 2022. Weekly meetings with the com-
pany facilitated information gathering and validation with 
the chief technical officer (CTO) and the project manager 
(PM) responsible for the implementation of the AI solution. 
As depicted in Fig. 3, the research followed iterative cycles 
of data collection, development, implementation, and valida-
tion of the solution. During this period, the research team 
contributed with their expertise in process engineering and 
AI, while the company provided in-depth technical knowl-
edge of the plant and product.

The study was structured in two main loops, each com-
prising two iterative cycles, as depicted in Fig. 3. The first 
loop focused on the development of the ES, driven by the 
emergence of new information processing requirements. 
This phase involved two iterative cycles to refine and 
address these requirements. The second loop, derived by 
the information processing requirement emerged through the 
introduction of AI, centered on the development of an IoT 
device for data collection. Similarly, this phase included two 
cycles aimed at aligning information processing capacities 
with evolving information processing requirements. This 
approach allowed us to gain comprehensive insights by 
closely collaborating with the company team and validating 
our solutions in a real-world scenario.

To inform the development of the solution, multiple data 
sources were analyzed. The process began with the review of 
internal documents and 3D models of the plant (see Fig. 1) 
to understand the production process and identify data col-
lection constraints. Additionally, an unstructured interview 
with the project manager provided further insights into the 
plant’s highly optimized assembly process, highlighting lim-
ited potential for efficiency gains and redirecting the focus 
toward enhancing quality control.

System reports and discussions revealed that quality con-
trol was only conducted at the end of the production line, 
with no root cause data available for failures. Based on this 
findings, the project prioritized improving the quality con-
trol stage. As the project progressed, expert knowledge on 
process performance from the company was integrated into 
the system. Collaboratively, the research team and the CTO 
documented assembly failure causes and identified problem-
atic production steps. The joint effort not only enabled the 
company to explore advanced technologies in quality control 
and AI but also enhanced the research team’s understand-
ing of common quality control challenges in manufacturing.

One year after the project concluded, additional unstruc-
tured interviews with the project manager and the CTO were 
conducted to evaluated the solution’s impact. This inter-
view approach allowed for flexibility in capturing emerging 
themes and insights, consistent with the iterative nature of 

Fig. 2   Sample plot generated by raw data related to one joining oper-
ation
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action research. Through open and focused coding, six the-
matic codes were developed and reviewed collaboratively, 
with results validated through participant feedback.

As per Reason and Bradbury’s (2001) emphasis on evalu-
ation action research based on “quality” rather than “valid-
ity,” the intervention was designed to meet the four criteria 
proposed by Levin (2003). First, our research produced a 
workable solution, now implemented by the company. Sec-
ond, our project addressed a real-life problem by improving 
quality control. Third, the collaborative approach fostered a 
shared understanding through joint interpretation of infor-
mation, resulting in the construction of a joint meaning. 
Finally, the research team active participation in all stages 
of development reflected the close interaction between aca-
demia and industry throughout the project.

Development and implementation 
of the solutions

First loop: ES development and implementation

The analysis of the press-in process is central to this 
intervention. In traditional methods, quality evaluation 
relies on force–displacement curves and techniques such 
as threshold, window, or envelope methods to detect 
production failures by comparing assembly values with 
predefined boundaries (Meiners et al., 2021). However, 
these approaches are not suitable for our objective, as 
they lack the adaptability required for processes with high 

variability, as outlined by Tushman and Nadler (1978). 
In our case, the production process is highly personal-
ized, and product variability is significant, necessitating 
an adaptive and learning-driven approach. This led us to 
identify AI as the most suitable technology to address 
these challenges.

With the decreasing costs of hardware and the increas-
ing accessibility of data-driven techniques, AI has gained 
substantial attention in industrial applications. Given AI’s 
ability to learn from data, it aligns well with the needs of 
our study. However, despite the growing interest in ML for 
monitoring press-in curves, there are still limited applica-
tions of these methods in this area (Meiners et al., 2021). For 
example, Cruz Guerrero et al. (2019) applied ML techniques 
such as k-nearest neighbors, naïve Bayes, and decision trees 
to assess press-in quality based on setup parameters like 
temperature, materials, and surface roughness. Similarly, 
Fang et al. (2018) utilized a 1D-convolutional neural net-
work to automatically detect key points in press-in curves. 
These methods, however, rely on manually labeled data-
sets, which are not always readily available. Meiners et al. 
(2021) also explored ML models like random forests and 
naïve Bayes to predict quality from process curves, using 
data from multiple press-in machines. While these studies 
showed promise, they share common limitations related to 
the dependence on labeled data and feature engineering, 
which may not always be feasible in real-world industrial 
settings. Furthermore, ML techniques often sacrifice inter-
pretability, which is crucial for diagnosing problems in com-
plex industrial processes.

DEVELOPMENTDIAGNOSIS

DESIGN

EVALUATION

DEVELOPMENTDIAGNOSIS

DESIGN

EVALUATION

DEVELOPMENTDIAGNOSIS

DESIGN

EVALUATION
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EVALUATION
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IS
 

FIRST ITERATION
Development of an Expert System based on  

unrelational database

SECOND ITERATION
Redesign of the Expert System to deal with 

relational database

FIRST ITERATION
Development of IoT device for data collection 

based on ESP32

SECOND ITERATION
Update to edge architecture to improve 

adaptability

FIRST LOOP
AI solution for early failure 

detection

SECOND LOOP
IoT device for data gathering from  

different plants

EXPERT SYSTEM & IoT 
INFRASTRUCTURE

Fig. 3   The action research cyclical process adopted in the study
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In contrast, ES offer a valuable alternative in such con-
texts, particularly where interpretability and rule-based diag-
nostics are essential. ES rely on explicit rules to capture 
human expertise (Bohez & Thieravarut, 1997; Hansen & 
Rieger, 2019), making them well-suited for quality control 
and fault detection, especially when labeled data or large 
datasets are unavailable. The interpretability of ES allows 
for a deeper understanding of the underlying process logic, 
which is critical in applications like fault detection. Given 
these advantages, we chose to implement an ES in our 
intervention.

Throughout the development process, we adopted an 
iterative approach, holding weekly group discussions and 
brainstorming sessions with the research team to refine and 
update the algorithm. These sessions allowed for valuable 
contributions from all team members and ensured that eve-
ryone had a full understanding of the project. In parallel, we 
maintained a collaborative relationship with the company 
through weekly roundtable meetings involving managers and 
technicians. During these meetings, the research team pre-
sented progress and asked clarifications on technical aspects. 
Results were shared with the company for validation, which 
led to important feedback that helped refine the system. The 
process was structured in two main iterations, and at the end 
of the second iteration, we delivered a fully functional ver-
sion of the system to the company, along with preliminary 
results for further validation.

Model selection

To develop the ES, it was necessary to identify an appropri-
ate model to represent the process data and facilitate effec-
tive evaluation. Given the broad range of products involved 
and the infeasibility of manual labeling or access to sub-
stantial support data, we adopted a methodology based on 
Lotter’s (2006) approach. Lotter utilized a combination 
of thresholds and windows to assess the quality of press-
in operations through analysis of 2D force–displacement 
curves, a methodology that remains prevalent in classical 
evaluation systems (Meiners et al., 2021).

The process windows technique involves segmenting the 
force–displacement curve into three distinct windows cor-
responding to specific phases of the joining process. These 
include the threading window, which detects when the join-
ing partners begin to tilt and is marked by a force peak, as 
illustrated by the first dotted rectangle in Fig. 4; the transi-
tion window, which captures the core joining operation and 
is highlighted by the dark grey rectangle in Fig. 4; and the 
block window, which evaluates block dimensions and force, 
represented by the second dotted rectangle in Fig. 4.

In contrast, the envelope technique defines a tolerance 
band around the curve, derived from successful assemblies, 
to “envelop” the acceptable range. This band is represented 

by the two dashed lines in Fig. 4. By comparing real-time 
process data to these predefined thresholds, windows, and 
tolerance envelopes, the ES can accurately assess the quality 
of press-in operations.

Development

Our solution works in three stages: pre-processing, train-
ing and evaluation. During pre-processing a sequence of 
operations are executed to reduce required computational 
resources and improve standardization. Observing Fig. 5a, 
we can notice that the force values recorded after the peak 
are always close to zero and so can be discarded. Figure 5 
shows the difference between the original curve (a) and the 
one used in the following analysis (b) where the return phase 
has been dropped. We can note that the amount of data to 
handle is drastically reduced while the informative content 
required for the analysis is maintained.

At this point, envelope technique (Lotter, 2006) is implied 
to identify anomalous curves. From now on computations 
are executed by combining curves with the same CID. Given 
that the Maximum Displacement (MD) among curves with 
the same CID must be the same, we can compute it as in (1) 
where MDCID is the target MD for the CID, n is the num-
ber of curves with the same CID and Di

[

max
(

Fi

)]

 is the 
displacement corresponding to the maximum force of the 
i-th curve.

(1)MDCID =

∑n

i=1
Di

�

max
�

Fi

��

n

Fig. 4   A press-in process curve from our target process. In the region 
in which the joining takes place, we can see highlighted its main win-
dows and the tolerance envelope (Lotter, 2006)
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The projection of the windows on the x-axis is then com-
puted as in (2) where WCID it the interval of the projection 
of the window on the x-axis, �MDCID

 is the standard deviation 
of MDCID and � is a coefficient to set the sensitivity of the 
windows. For further detail about the pre-processing, refer 
to Appendix A.

Although this technique may generate a flat curve after 
the force peak, this does not affect the final result of the qual-
ity of the output since most of the curve will have the same 
behavior, leading the mean value to approach 0.

Once curves belonging to the same CID are comparable, 
mean and standard deviation are computed for each point of 
the SV to be able to use envelope technique (Lotter, 2006). 
Through these value it is possible to generate both the target 
curve, which is the curve generated by the mean points, and 
upper and lower bound of the tolerance envelope, computed 
as in (4) where Fb(d) is the boundary value at displacement 
d , �F(d)CID

 is the mean of the force of the curves with the 
same CID at point d and �F(d)CID is the corresponding stand-
ard deviation (see Fig. 6). See Appendix A for a detailed 
description of the process.

Once training is completed, the system can evaluate new 
force–displacement curves. To ensure comparability with 
the target curve, each new curve must first be resampled 
in the same manner as during the training phase. For each 

(2)WCID = MDCID ± � × �MDCID

(4)

Fb(d) =

{

�F(d)CID
± �F(d)CID

, if CPCID ≤ d ≤ MDCID + � × �MDCID

undefined, otherwise

point on the curve, the system determines whether it lies 
within the predefined tolerance envelope. If a point falls out-
side the envelope, an out-of-bounds counter is incremented 
automatically.

The evaluation results in one of three flags being assigned 
to the curve: good, warning, or fault. These flags are deter-
mined based on the value of the out-of-bounds counter. Two 
manually adjustable thresholds are set to control the sensitiv-
ity of the evaluation process. These thresholds represent the 
maximum number of out-of-bounds points that can be toler-
ated for each classification. The first threshold distinguishes 
between good and warning, while the second differentiates 
warning from fault. Additionally, the system provides a 

Fig. 5   A sample curve before (a) and after (b) pre-processing

Fig. 6   Plot of a sample target curve with the parameters generated 
during the pre-processing and training steps
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visual representation of the evaluated curve alongside the 
tolerance boundaries, enabling users to perform a visual 
validation of the results. A detailed explanation of the evalu-
ation process is available in Appendix A.

By iteratively performing training and evaluation steps, 
the algorithm progressively refines the boundary values. 
Curves flagged as warning or fault are excluded from sub-
sequent training cycles, effectively narrowing the tolerance 
envelope and reducing oscillations in the target curve.

Deployment and results

In the initial phase, it took five weeks to deploy the first 
functional prototype of the algorithm. This version utilized 
a non-relational database, which facilitated the management 
of the unstructured data provided. However, this approach 
proved inefficient in terms of computational resource usage. 
Consequently, in collaboration with the company, we 
decided to transition to a relational database, necessitating 
a partial redesign of the code to accommodate the new data 
structure.

The adoption of a relational database introduced the need 
for a standardized data storage structure, representing a new 
information processing requirement. This transition marked 
the beginning of the second iteration of the intervention. 
During the redesign process, which spanned an additional 
five weeks, we not only adapted the system to the new data-
base structure but also gained deeper insights into the manu-
facturing process. This enhanced understanding allowed us 
to improve the data pre-processing step, thereby increasing 
the efficiency and reliability of the algorithm.

After completing the development phase, we tested 
the ES on the provided historical data, which comprised 

approximately 175,000 joining operations conducted over 
2 years, from September 2019 to September 2021. Unfor-
tunately, precise fault identification records were unavail-
able; only aggregated statistics were provided. As a result, 
we could not fully validate the algorithm’s fault-detection 
capacities.

Table 2 highlights our primary achievement, which is 
the ability to evaluate production quality at every stage 
of the process, rather than exclusively at the end of the 
production line. This milestone was achieved by imple-
menting a modified version of the adaptive improvement 
principle proposed by Turetskyy et al. (2020), as illus-
trated in Fig. 7.

According to this principle, tolerances are initially 
defined based on experience or empirical data, and the sys-
tem is configured accordingly. Each assembly step is then 
assessed in real-time. If a problem is detected, the func-
tionality of the entire reducer is evaluated, and the results 
are presented to a decision-maker. This approach enables 
informed decisions on whether to halt production to pre-
vent material waste or rework, or to proceed if the issue is 
deemed manageable.

We also conducted an ablation study to identify the most 
relevant features for evaluating the curves, with detailed 
experimental results provided in Appendix B. The algorithm 
proved particularly effective at detecting faults related to 
component non-conformity and improper alignment during 
the joining phase, which can have significant downstream 
implications. On one hand, these faults may result in an 
unbalanced final product, reducing operational precision. 
On the other hand, they may damage assembly elements, 
leading to machine stoppages and financial losses for the 
customer company.

Table 2   Summary of results 
achieved, based on the historical 
information

Problem Initial conditions After implementation

Defect identification time Only at end of line At each assembly step
Defect identification rate  ~ 6% of final products  ~ 15% of steps identified
Defect identification efficiency  ~ 6% of final products  ~ 8% of final products
Hidden defect before shipping Not identified  ~ 1% of final products

Next assembly step
New Gearbox

Define 
configurations and 

tolerances

Insert configurations and 
tolerances into the model

Assembly
OK?

Reducer
OK?

D
ecision m

aking

Stop production

OK

NOT 
OK

NOT
OK

OK

Fig. 7   Modified version of adaptive improvement principle by Turetskyy et al. (2020)
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Our system enables halting production immediately 
upon detecting a defect, thereby avoiding costly reworking 
processes. This approach allows workers to focus on value-
added activities and conserves materials, particularly since 
many components cannot be reused after assembly. Further-
more, the system can identify faults that would otherwise go 
unnoticed during manual quality inspections. For example, 
an unbalanced assembly might not cause immediate failure 
but could lead to operational issues over time.

To validate the operational impact of our solution, we 
conducted unstructured interviews with the project man-
ager and the CEO one year after implementation. Table 3 
summarizes the findings from these validation interviews. 
It includes the key codes identified during the analysis, rep-
resentative quotes from both managers, and concise descrip-
tions of the concepts, offering deeper insights into the practi-
cal benefits of the system.

Second loop: IoT device

As outlined earlier, the development of the AI solution 
necessitated the establishment of a structured approach for 
input data. While this significantly enhanced computational 
efficiency and minimized data redundancy, it also intro-
duced limitations to the generalizability of the solution, as 
the data must be collected and stored in a specific format. 
To address this issue and expand the applicability of our 
solution, we initiated a new development phase aimed at cre-
ating a plug-and-play device. This device is designed to be 
easily installed across a variety of plants and preconfigured 
to collect and store data in alignment with the requirements 
of our ES.

This phase consisted of two key iterations. In the first 
iteration, we selected an ESP32 microcontroller equipped 
with an Ethernet module to collect and store the necessary 
data. This choice offered a compact and cost-effective solu-
tion while maintaining data integrity. In the second iteration, 
we enhanced the system by incorporating a programmable 
router to serve as a bridge between the plant’s hardware and 
the network. Additionally, we utilized a virtual machine to 
act as a centralized server for data collection and storage.

To collect and transmit data to a remote storage, we 
developed an IoT device based on an ESP32 board, draw-
ing inspiration from Aghenta et al. (2020). This device sup-
ports both MQTT and HTTP protocols, enabling it to utilize 
classical internet communication alongside specialized IoT 
protocols (Arnold et al., 2022). The ESP32 board is easily 
programmable and debuggable through its USB interface 
and the Arduino IDE, offering flexibility and ease of use. 
The flow of information among the devices in the infrastruc-
ture is depicted in Fig. 8a.

The ESP32 board interfaces with the plant using the 
HTTP protocol to request data from the sensors. After col-
lecting the data, the board parses it and transmits it to the 
database via a proprietary API call (see Fig. 8a). While this 
architecture provided a practical starting point, it has two 
significant drawbacks. First, it introduces a single point of 
failure, as any disruption to the board results in the loss of 
all collected data. Second, it lacks universal compatibility 
with all machine brands due to the potential unavailability 
of drivers required for this architecture.

Edge infrastructure implementation

At this stage of the project, our primary goal was to enhance 
the adaptability of our solution, aligning with the cross-plat-
form compatibility principles proposed by Spaeth and Nie-
derhöfer (2022). After discussing with company technicians, 
we decided to modify the system architecture, as depicted 
in Fig. 8b. This updated design, inspired by the approach 
outlined by Kao et al. (2018), integrates an edge device as 
a bridge between the plant and the network, complemented 
by a server for data collection and storage.

While this architecture increases network traffic, as shown 
in Fig. 8b, it offers several critical advantages. Firstly, con-
necting the plant to the company network is simplified, 
requiring only a physical or wireless access point, which 
facilitates straightforward installation across various plant 
configurations. Secondly, the server-based data collection 
approach allows for the deployment of a wide array of driv-
ers, enabling compatibility with different environments and 
machine brands. This enhanced adaptability significantly 
broadens the potential applications of the system, making it 
more versatile for diverse industrial contexts.

Deployment and results

We successfully developed a functional prototype of a data 
collection system capable of adapting to any type of machin-
ery by simply modifying the collection script. This flexibility 
enables seamless integration into the ecosystem of various 
companies, ensuring compatibility with diverse industrial 
environments. The collected data can be directly utilized 
within the company’s ecosystem and is readily leveraged 
by the ES. Furthermore, when integrated with other cloud 
services, as illustrated in Fig. 9, the IoT device becomes a 
robust tool for supporting business intelligence and AI sys-
tems, fully aligning with Industry 4.0 principles.

The prototype was initially tested in a controlled laboratory 
environment designed to replicate the structure of the plant 
where the first iteration was implemented. The IoT device was 
connected to an IO-Link Master equipped with a photo cell to 
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generate data at irregular intervals. Through this new setup, 
it became possible to remotely access process information in 
near real-time. Once data were generated, they were imme-
diately transmitted to the cloud database, ensuring they were 
accessible to the AI algorithm. This architecture also enabled 
other applications, such as a plant dashboard or BI tools, to 
directly access the data, providing real-time insights to work-
ers and managers.

Following the initial development, a modified version 
of the solution was deployed in a real-world scenario to 
address a company’s requirement for a system capable of 
collecting data from their CNC lathe. This implementation 
was essential for maintaining an operational history and 
monitoring the lathe’s real-time state. By making a few 
adjustments to accommodate the plant’s specific hardware, 
the IoT device was successfully installed and tested in the 
production environment.

Discussion of finding

Organizational and theoretical implications

For what concern our research question “What are the 
implications both at the organizational and theoretical 
level of such implementation?”, based on our observations 
we propose a revised version of OIPT framework (Tush-
man & Nadler, 1978) in the context of automated quality 
control, as in Fig. 10.

Tushman and Nadler (1978, p. 616) proposed that “as 
work related uncertainty increase, so does the need for 
increased amounts of information, and thus the need for 
increased information processing capacity”. This proposi-
tion described a unidirectional influence, where information 
processing requirements, driven by uncertainty, affect infor-
mation processing capacities. While confirming this effect, 

Fig. 8   a IoT architecture with 
programmable board and b IoT 
architecture with edge infra-
structure

Fig. 9   Architectural design of the IoT device integrated with AI and other cloud services provided by the system integrator company
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our findings reveal a bidirectional relationship between these 
constructs. As illustrated in Fig. 10, we propose a feedback 
loop in which information processing requirements and 
capacities continuously influence each other. During our 
AR, the introduction of the ES to address the original need 
for greater information processing capacities, generated new 
information requirements, particularly the demand for struc-
tured and detailed data. This, in turn, led to the develop-
ment of enhanced information processing capacities through 
the implementation of IoT to expand data collection. The 
iterative nature of this dynamic aligns with literature, which 
describes the AI implementation process as inherently itera-
tive (Neumann et al., 2024), requiring adaptation to emerging 
business goals and technical needs (Uren & Edwards, 2023). 
Based on these insights, we propose the following statement:

S1 Information processing capacities and informa-
tion processing requirements influence each other in 
a feedback loop

Our statement also integrates another proposition by 
Tushman and Nadler (1978, p. 619): “organizations will 
be more effective when there is a match between infor-
mation processing requirements facing the organization 
and information processing capacity of the organization’s 
structure.” While focusing on the importance of achieving 
this fit, we emphasize the need for a reciprocal interac-
tion between the two constructs. AI has been shown to be 
an augmenting technology rather than purely an automat-
ing one (Colombo et al., 2023; Revilla et al., 2023). This 
means that AI collaborates with humans rather than replac-
ing them, fostering a dynamic partnership where human 
input refines the outputs of the technology, which, in turn, 
informs human decisions. Such collaboration is achievable 
only through successive iterations, where both human and 

technological components adapt and evolve together. We 
observed a similar interaction during the development of 
the proposed ES. Technicians provided key inputs for the 
system’s design, which then offered new insights into the 
production process. Additionally, the newly developed sys-
tem architecture created a need for IoT infrastructure. This 
infrastructure, while supporting the ES, also empowered 
technicians with an enhanced means of data collection, 
opening opportunities for diverse applications beyond the 
immediate scope of the system.

This mutual influence between technology and the 
organization highlights the need for flexibility on both 
sides. As noted, AI implementation processes must adapt 
to emerging business goals (Uren & Edwards, 2023), while 
organizations must address new technical requirements 
that may reshape their processes, as observed in our action 
research. Organizational flexibility has proven essential 
for managing uncertainty (Srinivasan & Swink, 2018). In 
our intervention, this flexibility was evident in the shift 
from EOL quality control to a fundamentally different 
paradigm, accommodating new information processing 
requirements and fully leveraging the capacities provided 
by the ES.

Recalling Tushman and Nadler (1978, p. 621) prop-
osition that “if organization (or subunits) face different 
conditions over time, more effective units will adapt 
their structure to meet the changed information process-
ing requirements,” we observe that variability over time 
introduces an intrinsic source of uncertainty in the quality 
control task. This variability has to be accounted for defin-
ing information processing requirements, underscoring the 
critical need for flexibility in both technology and organi-
zational structures to adapt to evolving conditions. Based 
on this analysis we can draw the following statement:

Information processing 
capacities

Coordination and 
control mechanism

Design of subunits

Technological
advancememnts

Task characteristics

Task environment

Inter-unit task 
interdependence

Complexity

Interdependece

Variability over time Uncertainty
Information processing 

requirements FIT

Effectiveness

Automated quality control

Fig. 10   Revised version of OIPT framework by Tushman and 
Nadler (1978), incorporating technological advancements and task 
variability over time as factors influencing information processing. 
The framework highlights the iterative and interactive relationship 

between information processing requirements and capacities, where 
increasing requirements drive the adoption of new technologies, 
which in turn generate additional information demands for their effec-
tive operation
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S2 In the context of high information requirements, 
flexibility is crucial to handle various sources of 
uncertainty

Additionally, Srinivasan and Swink (2018), in alignment 
with OIPT principles, emphasize that implementing a verti-
cal information system enhances efficient data processing, 
facilitates rapid decision-making, and reduces communi-
cation channel overload (Galbraith, 1974). These systems 
ensure that critical information flows effectively to decision-
makers while minimizing unnecessary complexity in com-
munication processes.

In line with these principles, we observed that the imple-
mentation of the IoT architecture significantly improved 
communication by providing detailed, real-time information 
about the production process at each stage. This capacity 
offered a comprehensive view of the production line and 
allowed management to monitor operations with unprece-
dented granularity. However, the increased flow of informa-
tion introduced a potential risk of overwhelming operators 
and decision-makers with excessive data, which could lead 
to redundancy, inefficiencies, and slower response times. To 
address this challenge, the ES was designed with an intel-
ligent filtering mechanism. By prioritizing critical infor-
mation and issuing alerts only when operator intervention 
was necessary, the ES ensured that operators could focus 
on resolving key issues without being distracted by irrel-
evant data. The case highlights the delicate balance required 
when integrating advanced technologies like IoT and AI into 
production environments. While these technologies have 
the potential to drastically enhance information process-
ing capacities, their successful implementation depends on 
the coordination between process control mechanisms and 
communication strategies. Without such coordination, the 
influx of data can overwhelm human operators and reduce 
the overall effectiveness of the system. We can then derive 
a third statement:

S3 Technological advancements impact information 
processing capacities, but has to be coordinated with 
the process control mechanisms and communication 
strategies

Guidelines for AI implementation in SMEs

Our intervention provided valuable insights into the imple-
mentation of AI in SMEs, contributing empirical evidence 
regarding the specific challenges and characteristics of 
such setting. Battistoni et al. (2023) proposed a hierarchical 
framework for the implementation of digital technologies in 
SMEs, emphasizing the particular constraints these compa-
nies face, such as limited financial availability and human 
resources. While addressing our research question “To what 

extent is it possible to develop an automated quality control 
solution in a real manufacturing setting?,” we integrate this 
framework with the findings of our action research. By doing 
so, we examine the critical pitfalls encountered during the 
implementation process, discuss the strategies employed to 
address these challenges, and offer practical guidelines for 
SMEs seeking to integrate AI into their operations.

Battistoni et al. (2023) provided a valuable framework to 
guide digital transformation in manufacturing SMEs. This 
framework builds on a hierarchical four-layered model (i.e., 
sensor, integration, intelligent, and response) clustering digi-
tal technologies and discussing adoption pathways for SMEs. 
We believe it is an appropriate tool to review our results.

Sensor layer: Data collection and quality

As a first step, it was crucial to align the quality control 
paradigm with the inherent uncertainty of the manufacturing 
process. Highly uncertain production environments require 
a shift from traditional EOL quality control to step-by-step 
evaluation. Such a paradigm shift, as observed in our study, 
enables the real-time assessment of process quality rather 
than focusing exclusively on the final product. This approach 
allows for immediate identification of defects during assem-
bly, reducing the need for rework and minimizing resource 
waste (Arinez et al., 2020; Turetskyy et al., 2020). Addition-
ally, this method generates valuable data about the quality 
of individual components, enabling manufacturers to detect 
supplier-related trends and collaboratively address quality 
issues, thereby improving overall supply chain performance 
(Zhu et al., 2018).

The introduction of step-by-step quality control, while 
addressing the initial need for early defect detection and pre-
vention, increased the volume and complexity of data to be 
managed. This necessitated investment in sensor technolo-
gies and robust data management systems, as discussed in 
the “sensor” layer by Battistoni et al. (2023). Our findings 
underline the importance of ensuring high-quality data col-
lection, as the accuracy and relevance of the data directly 
affect the performance of AI systems. In our intervention, 
we observed that the limited availability of data posed chal-
lenges for the ES in reliably identifying assembly failures. 
To mitigate this issue, expert knowledge was integrated 
into the system, enhancing its interpretability and support-
ing decision-making processes. Nevertheless, this approach 
proved insufficient to fully align information processing 
capacities with requirements, leading to the implementa-
tion of IoT devices to enhance data collection.

The integration of IoT technologies facilitated real-time, 
cost-effective data acquisition, showcasing their potential 
for SMEs with limited resources (Matt et al., 2020). The 
implementation costs of this technology were notably low, 
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and it integrated seamlessly with existing workflows. By uti-
lizing boards such as the ESP32, the company was able to 
deploy IoT infrastructure that could easily connect to a wide 
range of manufacturing systems. This flexible solution not 
only proved effective in enhancing data collection for the AI 
system but also provided the company with a straightforward 
approach to improve its overall data strategy.

Integration layer: System interoperability

The subsequent challenge was to ensure effective system 
integration, as highlighted in the “integration” layer of Bat-
tistoni et al.’s framework. AI implementation requires seam-
less interoperability between existing systems and the AI 
infrastructure, alongside a focus on human-AI collaboration 
(Colombo et al., 2023; Revilla et al., 2023). In tasks such as 
quality control, it is essential to design systems that augment 
human expertise by providing interpretable and actionable 
insights. In our study, the visual and comprehensible output 
of the ES allowed operators to make informed decisions, 
illustrating the importance of combining AI with domain 
expertise in contexts where interpretability is critical.

The integration of IoT and ES within a single system 
architecture has proven beneficial for quality control in 
SMEs. These technologies required minimal financial invest-
ment, offering a valuable solution for resource-constrained 
companies. While the relative simplicity of the ES, compared 
to more complex ML or deep learning models, provided 
actionable insights with minimal disruption to existing pro-
cesses, the incorporation of IoT significantly expanded data 
processing capacities. This integration allowed the ES to be 
seamlessly incorporated into the existing plant infrastructure, 
enhancing overall system efficiency and effectiveness.

Intelligent layer: Iterative AI development

The iterative nature of AI development became apparent dur-
ing our intervention. As noted in the “intelligent” layer, AI 
systems must be continuously refined based on real-world 
performance and evolving requirements (Neumann et al., 
2024). In the first iteration, the implementation of the ES 
enhanced the organization’s ability to process information but 
revealed data limitations that hindered its effectiveness. The 
subsequent iteration addressed these limitations by integrat-
ing IoT devices, which improved data collection capacities 
and aligned information processing capacities with require-
ments. This iterative approach underscores the importance 
of adopting a long-term perspective, where technological 
advancements are introduced incrementally and aligned with 
organizational needs over time (Uren & Edwards, 2023).

Response layer: Collaboration and scalability

Finally, our findings emphasize the value of collaboration, as 
captured in the “response” layer. SMEs often lack the inter-
nal resources and expertise required for AI implementation, 
making partnerships with external organizations essential. 
In our case, collaboration with the research team enabled 
the transfer of knowledge and access to cutting-edge tech-
nologies, while also allowing the manufacturing company 
to adopt AI solutions at a low cost.

The AI and IoT-based quality control system developed 
in our study offers promising potential for adaptation in 
sectors like the food industry. In food production, quality 
control is heavily reliant on monitoring critical parameters 
such as temperature, humidity, pH, and product integrity. 
By integrating IoT sensors that track these variables in real-
time, the system could be adapted to provide continuous, 
step-by-step assessments throughout the production 
process, ensuring that any deviations from optimal 
conditions are detected early. Similar to its application in 
manufacturing, the system’s ability to process and analyze 
data at each stage can prevent defects or contamination 
before they reach the final product, thus improving food 
safety and reducing waste. The use of low-cost, flexible 
IoT devices, like those implemented in our study, can 
be easily integrated into existing food production lines, 
making this solution highly accessible. Furthermore, 
incorporating expert knowledge to contextualize the data 
and refine decision-making would enhance the system’s 
effectiveness in the in the case of processes with high 
variability or dependent on environmental conditions. 
This process highlights the potential for SMEs to leverage 
external expertise to overcome barriers to AI adoption 
and demonstrates that AI implementation is not solely the 
domain of large enterprises.

In summary, we highlight the following managerial 
implications of our study. The framework derived from 
our study integrates these observations into a cohesive 
pathway for SMEs seeking to implement AI. By address-
ing process uncertainty through step-by-step quality con-
trol, investing in robust data collection and management, 
ensuring system interoperability, adopting iterative devel-
opment processes, and fostering external collaborations, 
SMEs can overcome barriers to AI implementation and 
enhance their competitiveness. Importantly, our find-
ings highlight that the implementation of AI should be 
approached as a dynamic and evolving process, where 
each stage builds on prior advancements to achieve sus-
tainable improvements in quality control and operational 
efficiency.
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Conclusions

Our study contributes to the burgeoning literature on sup-
ply chain digitalization (Perano et al., 2023) by focus-
ing on the joint adoption of AI and IoT in the context of 
automated quality control, a key supply chain process for 
manufacturing companies. Beyond the established impacts 
discussed in the literature (Culot et al., 2024), to the best 
of our knowledge, this article represents one of the first 
applications of AR in developing a tool that combines AI 
and IoT in the context of SMEs. This approach allowed us 
to generate context-specific knowledge while addressing 
the constraints typical of smaller companies, which pro-
vided opportunities to explore solutions that yield high-
quality results without necessitating substantial financial 
investments. Unlike projects conducted in larger compa-
nies, the limited availability and quality of data in our 
study posed a significant challenge. To overcome this, we 
devise an innovative approach effectively combines AI and 
expert knowledge. This integration allowed us to enhance 
the information embedded in the data by filtering out irrel-
evant data points and excluding data associated with col-
lection failures, identifiable by improper curve behavior or 
incomplete representation. The quality improvement at the 
manufacturing level may provide further positive impacts 
at the overall supply chain level, such as customer satis-
faction, cost-efficiency, and prompt problem-solving with 
suppliers. Overall, the tailored approach we implemented 
in the SME context has yielded significant advantages and 
novel insights, laying the foundation for future applica-
tions in similar scenarios. In doing so, we provide guide-
lines for SMEs aiming to implement AI in their processes, 
drawing on empirical insights from our study, while also 
identifying potential challenges and offering practical 
strategies to address them.

The design and implementation of our solution address 
gaps in the existing literature that motivated our research 
questions. By extending the OIPT framework through 
observations made during the action research, we incorporate 
technological advancements and the variability over time. This 
integration highlights the specificities of AI implementation 
and emphasizes the iterative nature of the process.

This study, while offering valuable insights, has limi-
tations related to its specific application context, the 
assembly of reduction gearboxes in a small enterprise. 
One notable limitation is the presence of low-quality data, 
which affects the robustness of the ES and can impair the 
accuracy of early fault detection, reducing the system’s 
reliability in identifying defects. Addressing data quality 
constraints is critical for improving the system’s preci-
sion and expanding its applicability to broader industrial 
contexts. Moreover, the system’s reliance on specific 

physical measures relevant to gearbox assembly limits 
the system’s direct adaptability to other industries. Future 
research should the scalability of the system in more con-
texts, such as multi-national or multi-plant companies, 
where intricate supply chains may challenge the solution’s 
applicability.

Further validation could also involve testing the system’s 
architecture with time-series data or other standardized 
behaviors to extend its utility in automated quality control 
processes. Future developments should prioritize case stud-
ies across diverse industrial settings to confirm the system’s 
flexibility and scalability. Addressing these areas could 
enhance the ES’s applicability, making it a more versatile 
solution for automated quality control across varied produc-
tion environments.
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