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ABSTRACT

The potential of the mass customisation (MC) strategy is continuously expanding through the implementation of
Industry 4.0/5.0 technologies. In this study, a novel approach to enhancing the potential of Artificial Intelligence-
based techniques for MC level prediction was presented. Firstly, the empirical research was conducted among
more than 150 European manufacturing companies in the automotive sector concerning factors influencing the
increase in the level of MC, as well as the Industry 4.0 or 5.0 technologies applied. Next, the collected survey
data was pre-processed to eliminate infrequent responses and subsequently analysed using the k-means clustering
method for labelling purposes. The resulting dataset was then used to fine-tune parameters and train a classifier
based on a multilayer perceptron (MLP), aimed at identifying the MC level in automotive enterprises. The devel-
oped classifier achieved average accuracies of 0.94 and 0.93 for training and testing, respectively. The proposed
approach was validated through real-life case studies from the automotive industry, demonstrating the adaptability
of our concept and its potential for diverse industrial applications.

Keywords: production strategy, mass customisation strategy, automotive industry, clustering, artificial neural

networks.

INTRODUCTION

The concept of Industry 5.0 (I5.0) expands
the assumptions of the Industry 4.0 (I4.0) con-
cept and enables automation and digitisation of
manufacturing by integration of 4.0 technolo-
gies: Cyber-physical systems (CPS), internet of
things (IoT), artificial intelligence (Al), and big
data analytics to support decision-making [1]. In
the concept of 15.0 production is moving towards
adapting to variations in product [2]. The mass
customisation (MC) is a production strategy
designed to meet individual customer require-
ments while benefiting from large-scale manu-
facturing. It is treated as a strategic approach that
seeks to combine the advantages of custom man-
ufacturing — particularly the ability to offer indi-
vidualised products — with the best characteristics

of mass production, including cost efficiency,
timely delivery, and high quality performance [3].

The application of the 14.0/15.0 technologies
as Al for monitoring and forecasting customer
needs in alignment with the MC strategy remained
a highly relevant and widely discussed topic in
the literature. Al-based solutions enable process-
ing data to improve prediction performance [4].
The approach presented in [5] applied k-means
clustering, self-organising maps, fuzzy k-means
clustering, and decision trees, to evaluate as well
as extract both conscious and subconscious cus-
tomer needs. It proposed a model for predicting
customer preferences and utilised k-means clus-
tering with nine variables: functionality, purpose,
frequency of use, usage location, style, ease of
use, form factor, price range and type of use.
The concept of using a cloud-enabled customer
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profile to predict preferred product functionalities

and appearances by leveraging Microsoft Al as a

service was developed in [6]. Moreover, sever-

al approaches have been proposed for assessing
the maturity level of MC. For instance, three MC
maturity levels — low, medium and high — based
on factors such as: product platform development,
product modularisation, [T-based product config-
uration, part standardisation, group technology,
form postponement, process modularity, and con-
current product-process-supply chain engineering

were presented in [7].

The shift to MC poses significant challenges
for automotive production companies and here
are still new perspectives for works in statistical
experimental analysis [8]. For predictive models
to be effective and practically useful in industry
applications, it is essential to ensure the appro-
priate quality of data. Therefore, as a first step
in the presented research, empirical studies were
conducted to create a database regarding the MC
level in the automotive production companies.
Thus, firstly, the MC level in European manufac-
turing enterprises was analysed, using companies
from the Polish automotive sector as a case study.
Data was collected from European manufactur-
ing companies in Poland’s automotive sector.
Next, cluster techniques were pre-processed and
applied to analyse the acquired survey data and to
find optimal clustering results. The results enable
the design of the data-driven approach for opti-
mising Al modelling to support the enhancement
of the MC level.

Therefore, the main objective of this paper was
to develop a novel approach that combines clus-
tering and Al-based classification to identify, val-
idate, and predict MC strategy levels. The follow-
ing research questions (RQ) are thus formulated:

e RQI: How do manufacturing companies in the
automotive industry approach the MC level,
and what characteristics determine it?

e RQ2: What types of data-driven techniques
can be applied to optimise the potential of an
Al-based model for enhancing the MC level?

e RQ3: How can the use of clustering algo-
rithms in real -world applications contribute
to enhancing the MC level in the automotive
industry?

The main contributions of this work are as
follows:
e [t utilises survey data collected from over 150
European manufacturing companies.
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e [t clusters the MC characteristics and identi-
fies the optimal number of groups of MC.

e [t identifies the optimal hyperparameter con-
figuration for the proposed Al-based model
design.

e [t validates the novel approach through real-
life case studies.

e [t highlights future research directions in Al-
based modelling for MC strategy.

The remainder of this paper is structured as
follows. Section 2 presents an in-depth review of
both Al-based solutions applied to MC and clus-
tering techniques and illustrates the research meth-
odology. Next, section 3 proposes the concept of
clustering algorithms for the MC characteristics
and develops the optimal number of groups of
MC. Section 4 presents the classifier based on a
MLP, for determining the MC levels. Section 5
discusses the research results and illustrates the
real-life case studies where recently developed
clustering techniques are applied. Finally, this
study presents possible future research directions
within its scope.

BACKGROUND

In the manufacturing sector, MC is achieved
through the use of 14.0/15.0 technologies, mainly
flexible processes and production, automation,
robotics, and Al, the development of e-com-
merce, 3D printing, the use of robots, cyber-
physical systems, and simulation [9] for flexible
production and ensuring business efficiency. For
its implementation, particularly in the automo-
tive and electronics sectors in the area of cus-
tomised products, attention is drawn to the need
to use a high level of modular design [10], prod-
uct configurators [11], and the digital twin’s util-
isation in the product design phase [12]. Next,
in [13] it was stated that MC is linked to techno-
logical development.

For Al-based models it is necessary to prop-
erly prepare the input and output data. The effec-
tiveness of forecasting models depends on the
availability and quality of data. Therefore, the
critical focus of the conducted research in the
context of improving Al-based modelling for
MC strategy is clustering the acquired data of
the automotive industry to optimise Al model-
ling. The clustering techniques are treated as the
as appropriate tools for pre-processing acquired
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data [14]. A prominent example is the k-means
algorithm, which defines clusters based on their
centres of gravity and is widely used in pattern
recognition. While also examining alternative
algorithms that assign data objects to the near-
est cluster based on their distance from the
cluster centroid, k-medoids/partitioning around
medoids (PAM) was considered, as it is more
robust to noise and outliers. Unlike k-means,
which uses the mean value as the cluster centre,
PAM designates the most centrally located data
point in each cluster — known as the medoid —
as the cluster representative. Next, clustering for
large applications (CLARA) is an extension of
PAM and is particularly suitable for large data-
sets. Instead of searching for medoids across
the entire dataset, CLARA draws multiple small
samples and applies PAM to each of them to
identify candidate medoids. After several itera-
tions, the clustering solution with the best per-
formance across all samples is selected as the
final result. Clustering large applications based
on RANdomized search (CLARANS) replaces
the sample-based approach with a randomised
search strategy. It allows flexible selection of
the number of neighbouring solutions examined
at each search step, which can result in faster
convergence. Fuzzy c-means (FCM) clustering
allows data points to belong to multiple clusters
with varying degrees of membership. Widely
used density-based clustering methods are the
density-based clustering method (DBSCAN),
which defines clusters as contiguous regions of
high density. Graph-based clustering approach
utilises graph theory concepts and properties to
find clusters in the data.

However, a research gap remains in the area
of pre-processing the data of the automotive
industry to optimise Al modelling solutions for
forecasting the level of MC in enterprises. Table
1 summarises findings from the literature on Al-
based tools that support the enhancement of MC
in manufacturing enterprises. Specifically, Table
1 presents recent articles covering (1) the industry
branch and/or region analysed, (2) aspects related
to enhancing the MC level, (3) data, (4) Al-based
tools employed, (4) the effectiveness of the pro-
posed solutions, and (5) challenges identified.

Aliterature review (Table 1) reveals a research
gap in developing the novelty approach to enhanc-
ing the level of MC in the automotive industry
through the application of clustering techniques
and Al-based methods to empirically collected

survey data. Thus, no datasets concerning the
factors influencing the MC level and the applied
14.0/15.0 technologies enabling production under
such a strategy were found in the available open
databases. Moreover, as shown in Table 1, none
of the reviewed studies evaluated the effective-
ness of different clustering techniques applied to
empirically collected data from the automotive
industry for optimising Al modelling. The main
challenge lies in acquiring real-world company
data for MC enhancement, next processing high-
dimensional survey data and identifying the opti-
mal number of groups for MC level classification
by developing a systematic and repeatable data
labelling model.

A DECISION SUPPORT MODEL
FOR THE MC STRATEGY

Input data

Firstly, to bridge the research gap and to
address RQ1, a questionnaire was developed. The
empirical research on the MC level in the auto-
motive industry was conducted between January
10" 2023 and August 31 2023. Data were col-
lected from 153 European manufacturing compa-
nies in Poland’s automotive sector through e-mail
surveys and direct interviews. The research was
conducted during pre-arranged meetings to mini-
mise disruptions and allow respondents to reflect
on their responses. The respondents were board
members or senior managers. These employees
were decision-makers or have theoretical and
practical knowledge of previously made strategic
decisions, the implementation of new technolo-
gies, and the effects of these implementations
affecting the entire enterprise and its individual
areas, such as sales, information management, or
production planning.

The research sample can be considered repre-
sentative as the number of respondents exceeded
the minimum required sample size of 145 com-
panies — calculated with a 95% confidence level,
a proportion of 0.5, and an assumed maximum
margin of error of 8%, based on the data from the
Central Statistical Office indicating 3.954 compa-
nies operating in the automotive industry in 2022.

For MC level classification, data from 100
companies that reported producing products tai-
lored to individual customer requirements were
used. These respondents answered a series of
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Table 1. Comparative overview of this study on Al-based Tools Supporting MC

Applied
Industry realising MC Problem Data Al-based tools supporting Challenges or limitations Ref.
MC enhancement
Customised ) Machlne Iegrnlng, deep Effective information
. Dynamic learning, reinforcement . N )
packaging- candy . h B h interaction; dynamic
h reconfiguration of the | Data from one company learning, multiagent ; [15]
wrapping, no country . . reconstruction of
manufacturing system systems, convolutional )
data manufacturing resources
neural network
Clothing production, Identification of conclusions from the . . Postponing the decision to
I . Machine learning address the [16]
no country data customer preferences | scientist's experiences ;
market uncertainty
images of 2798
fixture parts from_53 Availability of cost-effective
categories, covering . . .
) " ) information systems providing
Fixture and jig . various bolts, plates, . ;
. Data-driven K Convolutional Neural relevant data; systems
manufacturing ) ) and bars; event log ) A, -
. production planning, ) Networks, k-means integration, limited scalability [17]
industry, SMEs, no - consists of 375 events - -
process exploration . ) clustering of deep learning-based
country data with an average of five ;
feature extraction and
events per case and .
) clustering
a mean duration per
event of 47 min
Automated Manufacturing
. systems need to be
manufacturing, : ) data prepared for . .
) readily reconfigured . Gated graph neural Testing required on
reconfigurable ; modelling purposes for : : [18]
) to keep up with the networks production lines
manufacturing, no - two examples
mass customisation
country data
trend
Dynamicall a large data set for
Y y . ) training and validation Atrtificial neural networks, S
interconnected Online scheduling . . . Generalisability of the learned
(10944 scenarios) was supervised machine ’ [19]
assembly systems, no problems . . strategies
generated using DOE learning
country data
approach
I Responding to public P
ltaly, Francg, Belgium: market changes by cloud computing Artificial neural networks S.h'ftmg in modern [20]
smart factories f maintenance systems
reconfiguring platform
data from the Korea
Institute of Science and
Implant manufacturing, . Technology Information, Convolutional Neural Eliminates the need for
Product design ] . - [21]
no country data subjects obtained Networks manual templating
from the Osteoarthritis
Initiative
data from 129 reviewed
. . papers (most of the
Fluctuations in ’ .
Manufacturing, no demand and high magazines Int. Journal | Graph Convolutional Neural
! " . | of Production Research, | Networks, Feed-Forward Scalability and reproducibility [22]
country data competitive pressure; .
. . Procedia CIRP and Neural Networks
scheduling complexity .
Journal of Intelligent
Manufacturing)
Traditional . Prod.uctlde3|gn, m“"" Generative Adversarial Necessity to collect large
manufacturing sectors, objective machine - [23]
) networks volumes of data
SMEs, no country data scheduling
. Control of a flexible Data modelled and h h Flow management of
Car body production ) . Reinforcement Learning, )
matrix-structured simulated for one case products and optimal [24]
(no country data) h Graph Neural Networks S )
production system study utilisation of production cells

questions, based on which the companies’ MC
levels were assessed (Appendix 1).

Next, in line with the goal of producing an
objective description and dataset suitable for an
Al-based model, the authors proposed the follow-
ing methodology (Figure 1).

Figure 1 illustrates the process of develop-
ing of classifier hyperparameters using ANNs
for pre-processing the acquired surveyed data,
with the goal of producing an objective descrip-
tion and dataset suitable for an Al-based model.
The process begins with a preliminary analysis
(Step 1.1) aimed at eliminating survey questions

that do not contribute meaningfully to the deter-
mination of the MC level. In the next step (1.2),
the respondents’ answers are uniformly encoded
so that each possible response is represented as
a distinct variable. Subsequently, variable selec-
tion is performed (Step 1.3) to eliminate the vari-
ables associated with the responses that occur
infrequently to serve as reliable indicators of the
MC level. To create a labelled dataset for train-
ing an Al-based model, the data described by
the selected variables were than group into clus-
ters representing distinct MC levels (Step 1.4).
To ensure an objective division based solely on
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step 1.1 step 1.2 step 1.3 step 1.4 step 1.5 e %
initial codin variables data data =
selection Og |:> selefzution |:> clustging f:> labelling E> g 3
i i | Se 82
Q 1 Q’ 1 Q 1 Tan
original | h : : labelled
survey data selected variables selected data dataset
questions variables clusters

Figure 1. The methodology for elaborating dataset

features describing individual enterprises, the
k-means method was proposed. In the final step
(1.5), the resulting clusters were subjected to
expert evaluation to assign the appropriate MC
level. This process produces a labelled dataset in
the next stage to train and test a classifier that
identifies the MC level in any enterprise.

During the initial selection (Step 1.1, Figure
1), Questions 5 (Appendix 1) and 11 (Appendix
1) were excluded as irrelevant for determining the
level of the MC strategy. Consequently, further
analysis was based on data obtained from Ques-
tions 1-4 and 6-10. The questionnaire included
both single-choice (Questions 1, 2, 3, 4, 9) and
multiple-choice questions (Questions 6, 7, 8, 10),
which required appropriate processing for sub-
sequent analysis. Single-choice responses were
encoded using the One-Hot method, while mul-
tiple-choice responses were coded as binary vari-
ables with values of 0 or 1. Additionally, the cases
where respondents did not provide an answer
(“undefined”) selected “other” - which intro-
duced new, inconsistent categories potentially

Question No. 1
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Question No. 4

40

30

80
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20

b c

Question No. 8
80

Question No. 2

Question No. 6

Question No. 9

distorting the results - were removed (Step 1.2,
Figure 1). As a result, each surveyed enterprise
was described using 59 variables representing all
possible responses. The distribution of responses
to the questions selected for further analyses is
shown in Figure 2.

As shown in Figure 2, the distribution of
responses is not uniform; for some questions,
certain options were selected sporadically. Given
the relatively limited size of the dataset, including
such infrequent data could negatively impact the
accuracy of classifying a company’s MC strategy
level. To address this issue (Step 1.3, Figure 1), a
response frequency-based criterion was adopted.
Specifically, the mean number of responses was
calculated for each question, according to the fol-
lowing formula:

Zj=1 ij

i

m; N
= ()

m;

where: N; is a mean count of responses of
i — th question, m _denotes the number of
Questic_m No. 3
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Figure 2. Distribution of responses to questions selected for analysis (numbering and labelling of responses
as specified in Appendix 1)
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possible responses for i — th question, and
N, means the count of j — th responses for
i — th question.

Responses that did not meet the criterion:
m; = OSNL (2)

were considered rare and excluded from
further analyses. The results of this verification
process are presented graphically in Figure 2.
The blue dotted line indicates the average num-
ber of responses for each question, while the red
dashed line represents the threshold defined by
criterion (2). As can be seen, this method led to
the rejection of 15 variables corresponding to
infrequently chosen responses. Consequently,
the classification of the MC strategy level pre-
sented in this section was based on 44 variables
(Appendix 2). This approach appears effective in
eliminating random results caused by insufficient
data frequency. In future studies, conducted on
a larger dataset, it will be possible to repeat the
analysis and re-evaluate the significance of the
survey responses.

Data clustering process

A key step in the proposed method is select-
ing an appropriate technique for identifying com-
panies representing individual MC levels, as the
resulting clusters will be used for supervised
training of an ANN-based classifier (Step 1.4,
Figure 1). For this purpose, the performance of
hierarchical clustering, DBSCAN, and k-means
is analysed [25].

The hierarchical clustering algorithm treats
each element as a separate cluster and then itera-
tively combines the most similar pairs until a den-
drogram encompassing all the data is obtained.
The key to this method is the choice of distance
metric and merging criterion, which significantly
influence the final result. The undoubted advan-
tage of this approach is the lack of the need to
pre-define the number of clusters and the repeat-
ability of the obtained results for the adopted dis-
tance metric and the merging criterion. Next, the
DBSCAN method employs a different approach
to identify similar elements using the concept
of density. The algorithm groups elements that
have many neighbours within a certain distance
(creating a high-density region), while elements
located in low-density regions are treated as
noise and rejected. Initial conceptual analysis
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indicated that, given the sample size and lack
of clear density-based structures, the DBSCAN
method would either combine distinct MC pro-
files or classify a significant number of compa-
nies as noise, which is undesirable for assessing
MC levels. The k-means method is one of the
most commonly used segmentation methods for
identifying clusters in a set of objects, including
survey data, and was ultimately selected as the
primary method. The approach based on repeated
clustering and analysis of multiple solution vari-
ants with different numbers of clusters allowed
reducing these drawbacks and obtaining stable
results. The detailed analysis presented in the
next section confirms the validity of the selected
clustering strategy.

According to the adopted research methodol-
ogy, the acquired data were clustered (Step 1.4,
Figure 1). To this end, the k-means method was
applied, enabling estimation of the optimal num-
ber of clusters corresponding to the MC level of
the examined companies.

For this purpose, a series of tests was con-
ducted to assess the possibility of dividing the
dataset into k= 2, 3, 4, 5, 6, 7, 8, or 9 clusters.
Based on the results of the experiments presented
in the authors’ earlier work [26], the Gap Value
measure was used as the evaluation criterion:

Gapa (k) = =251 log(Wy,) — log (W) (3)

where: W, is the pooled within-cluster dispersion
measurement, defined as follows:

k
1
sz D 4
k an r ()
r=1

where: B is the number of generated random
datasets, Wy, ,, denotes the pooled within-
cluster dispersion measurement for b — th
random dataset, n is the sample size, & is
the number of clusters, 7 is the number of
data points in cluster 7, and D represents
the sum of squared Euclidean distances
between all points in cluster 7.

All calculations were performed using the
Matlab 2023b environment. Due to the relatively
small size of the sample tested and the random
nature of the dispersion measure Wy, used by
the evaluation criterion (3), the clustering test
was repeated 100 times. The results presented
are based on the average values of the indicators



Advances in Science and Technology Research Journal 2026, 20(12), 477-492

obtained. A significant outcome was observed for
k=3, 4, 5: the division into 4 clusters occurred
in approximately 50% of cases, while the divi-
sion into 3 and 5 clusters occurred in about 20%
of cases each. Other values of k resulted in less
than 5% of cases (with 0% for £ =2 and 9). In
the next step, the dataset was clustered using the
k-means method for k£ = 2, 3, 4. Since the results
depend on the initial random placement of cluster
centroids, the algorithm was repeated 10 times,
with each run consisting of 1.000 repetitions (i.e.,
specifying the number of times clustering was
performed with different initial cluster centroid
positions). The clustering results are presented in
Table 2 and reflect the average values obtained
in all experiments. The “Distance” column shows
the minimum and maximum squared Euclidean
distances between cluster elements and their
respective centroids. The “Probability” column
shows the lowest and highest probability of an
element belonging to a given cluster, calculated
on the basis of the outcomes of repeated tests. It
should be emphasised that the numbers assigned
to the cluster in each case are arbitrary and, at this
stage, cannot be interpreted as corresponding to
specific MC levels.

As shown in Table 2, only the division with k&
= 3 produced repeatable results, with all objects
consistently assigned to the same cluster in each
repetition. For £ =4 and k = 5, the method iden-
tified two stable clusters (no. 1 and 4 for k = 4
and no. 2 and 5 for k = 5), the composition of
which remained unchanged across repetitions.
However, the probability of assignment to the
remaining clusters decreased to 50-70%. It is also
worth noting that the degree of cluster compact-
ness — understood as the minimum-to-maximum
distance between objects and centroids — is simi-
lar for k = 3 but clearly varied in the cases of k=4
and 5. The stable clusters with repeatable content
were characterised by greater compactness. This

Table 2. Averaged clustering results

may be related to the sample size, but this results
suggest potential difficulties in dividing the data-
set into more than 3 clusters.

To further analyse the clustering results for &
=3, 4, and 5, a comparison of the centroid loca-
tions determined by the k-means method was also
performed. Specifically, the distances between
the centroids of the individual clusters were cal-
culated. The results of the comparison for the
clustering with k=3 vs. k=4 and k=3 vs. k=5
are presented in Tables 3a and 3b, respectively.

As shown, in each case, the k-means method
consistently identified 3 clusters grouping objects
with similar features — the centroids for these
clusters are located very close to each other across
the compared settings (highlighted in blue in the
tables). In both £ =4 and k = 5 cases, a new clus-
ter was formed with a centroid clearly separated
from the three previously established ones (see
the last columns in the tables). This suggests that
further subdivision beyond three clusters may not
be justified. Specifically, Table 3 shows that for &
= 5 the centroid of the next cluster (the first col-
umn in the table) is located close to centroids no.
1 and 3, identified for the k£ = 3 solution, indi-
cating that this additional cluster groups objects
already well represented by the existing classes.
These findings support the earlier conclusions
and indicate that in the analysed dataset, 3 classes
can definitely be distinguished. The presence of a
fourth class warrants further analysis and seems
to merit investigation. Therefore, in the Al-based
model discussed in the next section, only the divi-
sions into 3 and 4 clusters were considered.

For the division into 3 and 4 clusters, the fol-
lowing criteria were used to identify the charac-
teristics of each cluster: the percentage of goods
produced using the MC strategy, the areas of MC
implementation, the outcomes of MC applica-
tion, the technologies employed in MC process-
es, and the sources of information on customer

Number of clusters
Cluster no. k=4 k=5
Distance Probability Distance Probability Distance Probability
(min-max) (min-max) (min-max) (min-max) (min-max) (min-max)
1 6.1-11.0 1.0-1.0 2.7-87 1.0-1.0 4.9-10.1 0.7-1.0
2 3.2-9.1 1.0-1.0 54-10.6 05-1.0 2.7-87 1.0-1.0
3 45-10.6 1.0-1.0 4.7-10.4 0.6-1.0 5.0-10.7 05-1.0
4 - - 3.0-6.6 1.0-1.0 47-8.2 05-1.0
5 - - - 3.0-6.6 1.0-1.0
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Table 3. Centroid distance matrix for 3-Cluster vs. 4-Cluster solutions and vs. 5-Cluster solutions

4-Cluster Solutions 5-Cluster Solutions
Centroid 4 Centroid 1
7.34 1 1.88
4.86 2 9.70
5.19 3 2.18

preferences. Each cluster was characterised based
on the most frequently indicated level of custom-
ised goods sold, as well as the shared features of
the 3 enterprises closest to the cluster centroid.
Finally, in the three-cluster solution, Cluster 1
represented a good, Cluster 2 a low, and Cluster 3
the best level of MC implementation. In the four-
cluster solution, the clusters correspond to the
following MC level: Cluster 1 — low, Cluster 2 —
good, Cluster 3 — best, and Cluster 4 — very good.
For the purposes of subsequent studies, the results
in both cases were ordered according to decreas-
ing MC levels. The labelling of the classes (data
labelling) corresponding to each cluster used in
the subsequent stage of the research is shown in
Table 4 (Step 1.5, Figure 1).

The adopted MC levels (Table 4) are consis-
tent with the adopted definition of MC maturity
levels, in which five levels of MC strategy imple-
mentation are aligned with the Technology Read-
iness Level (TRL) framework [27]. Accordingly,
MC level low corresponds to TRL 1-2; MC level
good to TRL 3—-4; MC level very good to TRL
5-7, and MC level best corresponds to TRL 8-9.

Al-based model design

To address RQ2 specifically, to optimise the
potential of the Al-based model for enhancing
the MC level, it is essential to clearly determine
whether three or four MC level classes are defined.
Therefore, the survey data selected, processed
and labelled (section 3) were used to develop a
universal classifier capable of identifying the MC

Table 4. Assignment of MC classes to clusters

level in enterprises. The MLP was applied due to
its capabilities of solving any classification prob-
lem, irrespective of the feature distribution or data
complexity [26]. So, a two-layer classifier with a
general structure shown in Figure 3 is proposed in
the present study.

The choice of this classifier architecture
reflects a trade-off between the model’s approx-
imation ability and generalisation capability,
which is particularly important when working
with limited survey datasets. Preliminary experi-
mental results showed that increasing the number
of layers did not improve the generalisation per-
formance; instead, it resulted in rapid overfitting.
A systematic architecture selection process was
carried out to identify the optimal classifier archi-
tecture, as shown in Figure 4.

Firstly, repeated tests are conducted, employ-
ing multilayer perceptrons with a varying num-
ber of neurons, different activation functions,
and diverse regularisation methods during train-
ing. Next, the final evaluation of each classifier’s
performance is based on averaged results. This
approach enabled the identification of the opti-
mal ANN structure for each parameter. In subse-
quent steps, the selected classifiers are re-trained
using a validation set to prevent overfitting and
then re-evaluated using multiple performance
metrics. Based on these results, the optimal
classifier structure can be chosen and applied to
develop a universal tool for assessing the MC
level in any enterprise.

Preliminary tests indicated that the model
trained on the available dataset tended to overfit

Division into 3 clusters

Division into 4 clusters

Cluster Class no. MC level Cluster Class no. MC level
3 1 Best 3 1 Best
1 2 Good 4 2 Very good
2 3 Low 2 3 Good
- - - 1 4 Low
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Figure 4. Tuning classifier hyperparameters

rapidly. To mitigate this undesirable effect, drop-
out regularisation was applied during training
[28]. Dropout works by randomly disabling indi-
vidual neurons, which helps the model learn more
general and significant patterns in the training data
while reducing the influence of noise and dataset-
specific peculiarities. Additionally, L2 regularisa-
tion was applied [29], introducing a penalty for
large weight values. This encourages the develop-
ment of simpler models that generalise better to
new, previously unseen data.

Due to the imbalance in the dataset — particu-
larly evident when dividing the set into 4 classes
— a class weighting technique was applied during
training. This approach ensured that each class
had an equal influence on the performance of
the designed classifier. The weight estimation for
each class was calculated based on the following
relationship:

k .
_ Zj=any
n; k

where: n, is the number of samples in i-th class
and £ is the number of classes.

Separate tests were conducted for both k=3
and &k = 4 (corresponding to networks with 3- and
4-output neurons, respectively). Each series of
tests involved the modification of the following
network parameters:

e number of neurons in the hidden layers: rang-
ing from 2 to 16 neurons per layer,

e type of activation function (ReLU and Leaky-
ReLU with parameter a. = 0.01),

e dropout probabilities (0.3 and 0.5).

The decision to limit the number of neurons
in each layer to 15 was based on preliminary stud-
ies conducted for several representative cases,
in which extending the size up to 32 neurons
did not yield any improvement in classification
accuracy and, in fact, resulted in overfitting. The
decision to select an activation function stems
from the nature of the data being processed.
ReLU is widely considered a function with high
computational efficiency and good convergence
capability. In certain cases (e.g., in a four-class
classification scenario, where class imbalance
and label uncertainty are more pronounced),
the use of ReLU can lead to the phenomenon of
“neural death”, which involves a loss of activity
when neurons reach a state where the gradient
is zero during the training phase. To counteract
this, testing the LeakyReLU function, which
demonstrates greater learning stability owing to
its ability to maintain nonzero gradients for neg-
ative inputs, was proposed. This feature reduces
the risk of inactive neurons and maintains the
learning ability of the network throughout the
training phase. To avoid network overfitting and
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ensure robust generalisation, the implementa-
tion of a strong regularisation technique was
proposed. The choice of coefficient values was
based on the results of preliminary experiments,
which showed that a dropout of 0.3 to 0.5 was
optimal for preventing neuronal co-adaptation
and reducing the risk of learning patterns spe-
cific to a given dataset.

Finally, for each case, 225 network configura-
tions with varying numbers of neurons in hidden
layers were tested, each evaluated with two dif-
ferent activation functions and two dropout rates
(Step 2.1, Figure 2). To assess the performance
of each model, the micro F1-score is proposed as
the evaluation metric. This measure accounts for
the balance between precision and recall across
all classes, without bias towards classes with
lower cardinality:

PR

F1=2 —— (6)
P+R

where: P =TP/(TP + FP) is the precision
and R =TP/(TP + FN) is the recall of
the model; TP is the number of correct-
ly classified samples in all classes (true
positives), while /P and FN represent the
number of false positives and false nega-
tives, respectively.

To minimise the influence of the training-test
split on the performance evaluation of models with
given hyperparameters, stratified 5-fold cross-
validation was applied. Additionally, to account
for the randomness in weight initialisation and to
reduce the variance of the results, each test was
repeated ten times, and the final model evaluation
was based on the average micro F1-score value.
During training, the number of epochs was set to
750, and the batch size to 16 in all cases.

Table 5. Summary of network hyperparameters

Finally, the network with the optimal num-
ber of neurons in the hidden layers was selected
based on the Fl-score achieved during both the
training and testing phases. The primary criterion
was to obtain an Fl-score of at least 0.9 in both
phases. If this threshold was not met, networks
with progressively lower F1-scores (> 0.89, 0.88,
0.87, etc.) were considered. At this stage, a trade-
off between the complexity and classifier perfor-
mance was analysed. The cross-validation results
indicated that increasing the number of neurons
per layer above 9 in the three-class model and
above 14 in the four-class model did not result
in a statistically significant improvement in the
test accuracy. Additionally, these higher com-
plexity architectures showed significantly higher
variance in the cross-validation results, suggest-
ing that they were starting to model noise rather
than patterns in the processed data. A summary
of the network hyperparameters for each case is
presented in Table 5.

For the final selection of hyperparam-
eters (the last step of the procedure presented
in Figure 4), each of the classifiers selected in
the previous step was trained on the available
data, divided into training, validation, and test
sets in the proportion of 70:15:15. To prevent
overfitting, early stopping was applied during
training, while all other training parameters
remained consistent with those used previously.
To reduce the influence of randomness on the
results, the training and testing process was
repeated ten times, and network performance
was evaluated based on the averaged outcomes.
The final evaluation and model selection relied
on multiple criteria, including classic accuracy,
F1 score, and confusion matrices illustrating the
network’s performance during both training and
testing phases.

o i Number of neurons F1-score
No. Number of outputs (k) Activation function Dropout .

I layer Il layer (train, test)
1 3 RelLU 0.3 9 4 0.995, 0,903
2 3 RelLU 0.5 13 9 0.996, 0.920
3 3 LeakyRelLU 0.3 9 5 0.997, 0.904
4 3 LeakyReLU 0.5 12 9 0.997, 0.914
5 4 RelLU 0.3 13 13 0.999, 0,890
6 4 RelLU 0.5 13 14 0.987, 0.876
7 4 LeakyRelLU 0.3 13 10 0.998, 0,892
8 4 LeakyRelLU 0.5 13 14 0.987, 0,873
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For the classifier dividing enterprises into three
MC levels, the individual networks yielded simi-
lar results. The highest accuracy during both train-
ing and testing was observed for class 2 (medium
MC level), while the accuracy for classes 1 and 3
was a few percentage points lower. For the clas-
sifier dividing into four classes, the highest train-
ing accuracy — exceeding 95% — was achieved for
classes 1 and 4 (low and best MC level, respec-
tively). Classes 2 and 3 (good and very good MC
level) showed varied accuracy in the range of
85-95%, depending on the network parameters.
During training, accuracy for classes 1 and 4 was
consistently similar, with classes 3 and 4 lagging
by a few percentage points. Finally, based on the
analysis of accuracy metrics and confusion matri-
ces from both training and testing phases, the fol-
lowing classifier architectures were selected:

e For the division into three classes: number of
neurons in hidden layers: 9 and 4; activation
function — ReLLU, dropout rate — 0.3,

e For the division into four classes: number of
neurons in hidden layers: 13 and 14; activation
function — LeakyReLLU with a = 0.01, dropout
rate: 0.5

The first classifier achieved average training
and testing accuracies of 0.95 and 0.93, respec-
tively, while the second achieved 0.94 and 0.93.
The averaged confusion matrices for both the
training and testing stages are shown in Figures
5 and 6.

As can be seen, despite favourable average
results, the classification accuracies for individu-
al classes, which is particularly noticeable in the
case of the second classifier and class 3. There-
fore, the adoption of the 3 classes correspond-
ing to 3 levels of MC in enterprises within the
automotive industry was confirmed, respectively:

a) Train

5.0%

True Class
N

1 2 3
Predicted Class

1 MC level: the best, 2 MC level: good, 3 MC
level: low (Table 5). The three MC levels allow
for more explicit and specific characterisation of
the features of enterprises representing each class,
taking into account the areas of MC application,
14.0 technologies recommended for implementa-
tion at each level, the effects of MC implemen-
tation on sales, production planning, and the
production workspace, as well as the methods of
data processing related to each MC level. This
approach enables the practical use of the tool as
decision-making support for managers.

Methodological robustness and limitations

The sample size of 153 companies is repre-
sentative of the Polish automotive sector, but it
poses a challenge for traditional deep learning
methods. To ensure the reliability of the results
and generalisability of the neural classifier, rigor-
ous data preparation and network training strate-
gies were adopted in this study, minimising the
risk of overfitting.

During the initial data preparation stage,
responses with small sample sizes were elimi-
nated, which could have led to the identification
of non-existent patterns in the data. Additionally,
to mitigate the problem of an unbalanced data-
set (particularly important for a four-class classi-
fier), a class weighting technique was used dur-
ing network training. The risk of overfitting was
minimised by combining different techniques.
First, stratified 5-fold cross-validation was used
to evaluate the model performance across differ-
ent data subsets while maintaining class balance.
To further eliminate the influence of stochas-
tic initialisation, each experiment was repeated
10 times, and the results were evaluated based

b) Test

True Class

1 2 3
Predicted Class

Figure 5. Averaged confusion matrices for the classifier with three classes
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a) Train

True Class

Predicted Class

b) Test

N

True Class

w

Predicted Class

Figure 6. Averaged confusion matrices for the classifier with four-classes

on the average. Second, a combination of two
regularisation methods was used: dropout with
coefficients of 0.3 and 0.5 and L2 weight regula-
risation to prevent excessive model complexity.
Furthermore, the training process utilised an early
stopping method based on monitoring validation
losses, preventing the network from overfitting to
the subjective nuances in the survey data.

Although the survey data can introduce sub-
jectivity, the high consistency between the train-
ing and testing accuracy achieved (especially
evident in the three-class model) suggests that
the classifier effectively captured the underlying
patterns characterising MC levels, rather than
noise. This level of robustness indicates that the
proposed model can serve as a reliable diagnos-
tic tool, although future research should aim to
expand the dataset to validate these findings in
different industrial geographies.

However, the main goal of this study was to
develop a tool with high robustness and general-
isability for assessing the level of MC. However,
the presented classifier should not be viewed as a
typical “black box.” In this case, partial interpret-
ability was achieved in the unsupervised learning
stage, where k-means clustering yielded centroid-
based MC profiles that could be examined and
evaluated by the experts. Furthermore, the input
variables were not chosen randomly but were
verified by experts and subjected to a rigorous
selection procedure (steps 1.1-1.3). This integra-
tion of domain-specific knowledge moves the pro-
posed model from a pure black box to what [30]
termed a “gray box” approach, in which the input
data have a clear physical meaning. It should also
be emphasised that, as noted in [31], the depth or
structural complexity of a neural network cannot
be equated with deeper semantic understanding
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or explainability. Neural network layers represent
mathematical transformations, rather than explicit
knowledge representations. In this context, the
proposed neural network acts as a mapping func-
tion between the observed features and MC levels,
which is sufficient for the purposes of this study.

FINAL REMARKS

The main finding of this stage of the conduct-
ed study is that, by adopting the k-means method
and ANN, the proposed approach demonstrates
that monitoring and predicting the MC level in
the automotive industry is a complex issue and
requires a framework for understanding and
assessing the MC level.

Firstly, it encompasses a wide range of factors
such as goods sold under the MC strategy, areas
of MC implementation, effects of MC implemen-
tation, technologies employed in MC implemen-
tation, and sources of information regarding cus-
tomer preferences.

Next, the presented study analysed the poten-
tial for developing an Al-based approach for
predicting and monitoring the level of MC. The
resulting model enables the identification of the
specific characteristics of MC corresponding to
each MC level:

e The best MC level: gaining knowledge of cus-
tomer preferences is identified as a key factor.
MC is implemented in the following areas:
product configuration, product design, product
cost estimation, forecasting the feasibility of
customer-specific orders, production process
visualisation, production process control, and
automatic planning of production processes.
These implementations are supported by tools
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such as product simulation, material simula-
tion, production process simulation, systems
integration, automated machines, human-
machine interaction, and cybersecurity. This
enables the observation of several effects,
including increased workspace flexibil-
ity, increased production flexibility, reduced
waste, and decentralised decision-making.

e The good MC level: typically sells 76-100%
of customised goods. In their case, knowledge
of customer preferences and needs is primarily
obtained through direct communication with
customers. Robotics is employed, and MC is
implemented through product design, product
cost estimation, forecasting the feasibility of cus-
tomer-specific orders, and production process
control. Companies at this level report increased
production flexibility and reduced waste.

e The low MC level is associated with the sale
of only 1-25% of customised products. In
such cases, customer preferences are usually
identified through interviews with customers.
By configuring products and using automated
machines, these companies report annual sales
increases of up to 10%.

The findings summarises the Table 6. Next, the
importance of pre-processing, labelling, clustering
and validation of the acquired survey data as a main
basis of developing a universal tool for assessing
the MC level in any enterprise is highlighted.

However, the conducted research has some
limitations. The first concerns the limited data-
set, which was obtained through survey research
conducted in companies. A key challenge was the
relatively small sample size of enterprises obtained
through surveys. Hence, special attention was given
to minimising random effects caused by the selec-
tion of training data and initial weights. Despite
this, the adopted classification model, based on a
three-level MC scale, enabled clear categorisation
of the surveyed enterprises. There is some evi-
dence that introducing a fourth MC level could be
viable; however, the associated error margins are
currently too high for practical application.

This suggests a need for continued research,
either with a larger empirical sample or synthetic
input data to improve the robustness and accuracy
of the model. While this approach has the advan-
tage of being grounded in expert knowledge, the
data are restricted to enterprises operating in the
automotive industry and located in the European
region, specifically in Poland. future research

could sample for further geographies and indus-
tries to acquire additional data for inclusion in the
developed Al-based model. Next, while the cur-
rent model focuses on achieving high classification
accuracy, future work will focus on implementing
Explainable Al (XAI) frameworks. Implementa-
tion of methods such as SHAP (SHapley Additive
ExPlanations) or LIME [30] is planned, which
will allow for the identification of specific features
(e.g., levels of IT integration or product modular-
ity) that act as catalysts or barriers to achieving
higher levels. This approach will allow obtaining a
model that can be used not only as a classifier but
also as a tool to support strategic decision-making.
However, the novelty of the conducted research
is also demonstrated by the acquisition of data
from real-world manufacturing enterprises and by
the application of clustering techniques in Al for
pre-processing the collected data. Additionally,
the criteria used in the questionnaire were derived
from a literature review. In future studies, it would
be beneficial to also incorporate feedback from
companies directly implementing MC strategies.

Applications in production and managerial
insights

While addressing RQ3, guidance to managers
on determining the MC level was provided. The
defined criteria (Table 7) can be treated as the pro-
posal for providing preliminary audit due to improv-
ing MC level. To illustrate the proposed approach
to determine the MC level in-depth interviews were
analysed and conducted in two real-word compa-
nies from automotive industry (Table 7).

Based on the criteria (Table 6) the first com-
pany achieved the 1 level of MC, and the second
company the MC level: “good”. It means, that the
manager receives a card, that presents the level of
MC implementation in the five distinguished areas
(Table 7). Specifically, it indicates which areas
(Table 7) require improvement and which are at a
good level. In the analysed company 1, no modi-
fications are required in the production of person-
alised products. Regarding the analysed company
2, the following recommendations are formulated,
divided by areas of characteristics of MC:

e Considering Area 1: Further analysis is neces-
sary, along with the identification and selec-
tion of products that could potentially be
personalised.

e Considering Area 2: Further analysis is nec-
essary in the context of implementing tools
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Table 6. The specific characteristics of MC corresponding to each of the three MC levels

MC Level/

Reducing waste.

Characteristics of MC The Best Good Low
Products marketed within the MC 76-100% 26-100% 1-25%
Product:
configuration/ Product: design/
design/cost cost estimation.
estimation. The feasibility of
The feasibility of orders tailored to Product:
Domains of MC implementation orders tailored to customer needs. T
configuration.
customer needs. Control of
Visualisation/ production
control/ planning processes.
of production
processes.
Increasing the
flexibility of the
workspace. .
: Increasing
_ _ Increas!ng production Annual sales
Effects of MC implementation production flexibilit growth of up to
flexibility. Y- 10%.

Reducing waste.
Decentralising
decision-making.

14.0/15.0 technologies in MC

Simulation tools.
An integrated
information
system.
Automated
machines.
Human-Machine
interaction
solutions.
Cybersecurity.

. Robotics.

. Automated
machines.

Sources of information about
customer preferences

Conversation with
the customer.
Survey on
customer
preferences/
satisfaction.
Scientific literature
analysis.
Statistical data.

. Conversation with °
the customer.

Conversation with
the customer.

Table 7. Results of the preliminary audit on determining the MC level

Characteristics of MC/Real-word
companies from automotive industry

Company 1: A small-sized company
manufactures PVC vehicle ramps

Company 2: A Medium-sized company
manufactures valves, couplings and
cylinders

Area 1: Products marketed within the
MC

Products in MC account for 76—100% of
sales.

Customised goods constitute the
maijority (51-75%) of the sold goods.

Area 2: Domains of MC implementation

In the last 5 years: product configuration,
design, cost estimation, forecasting of
feasibility of customer-specific orders,
visualisation and control of production
processes, automatic production
planning

Product configuration, design, cost
estimation, forecasting of feasibility of
customer-specific orders, monitoring of
production processes.

Area 3: Effects of MC implementation

Increasing workspace flexibility and
production flexibility, reducing waste, and
electricity consumption.

Reduction of waste, more efficient
analysis of big data, decentralisation of
decision-making, increase in sales of
more than 25%.

Area 4: 14.0/15.0 technologies in MC

Efficient analysis of big data, robotics,
material simulation, production process
simulation, automated machines, e.g. 3D
printers, cyber-security.

Analysis of big data, robotics,
product simulation, Integrated system
integration, cloud computing, 3D
printers, human-machine interaction.

Area 5: Sources of information about
customer preferences

Conversation with the customer and
survey on customer preferences.

Conversation with the customer.
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enabling the visualisation and control of pro-
duction processes, as well as automatic pro-
duction planning.

e Considering Area 3: It is recommended to main-
tain a decentralised decision-making strategy.

e Considering Area 4: It t is recommended to
develop tools for data and information analysis.

e Considering Area 5: It is recommended to
implement solutions that allow real-time mon-
itoring of customer conversation data in order
to maintain a high level of MC.

This primary audit serves as a support mecha-
nism during creating a detailed company profile
according to MC strategy. It enables development
of tailored growth scenarios in MC within the
automotive industry and validates the proposed
framework through the real-life case studies.

CONCLUSIONS

In this study, Al-based classifier for assess-
ing the level of MC in the automotive industry is
successfully developed and tested. By combining
unsupervised learning (k-means clustering), used
for objective data labelling, with supervised learn-
ing (ANNs), the study provides a robust frame-
work for the comparative analysis of manufactur-
ing enterprises. The developed model achieved
high classification accuracy (93% for the three-
class variant), demonstrating that survey-based
data — when subjected to rigorous pre-processing
and regularisation — can serve as a reliable foun-
dation for intelligent diagnostic tools.

The theoretical contribution of this study lies
in the systematisation of the MC assessment pro-
cess by shifting from subjective self-assessment
toward data-driven classification using appro-
priate algorithms. From a managerial perspec-
tive, the proposed model offers a strategic tool
for identifying a company’s current MC level,
thereby enabling more informed decision-making
regarding digital transformation and investments
in 14.0/15.0 technologies.

Although the proposed model demonstrates
high predictive accuracy, its internal logic remains
partially opaque. Future studies will also address
the dynamic evolution of MC levels by developing
predictive tools that not only classify current states
but also suggest optimal improvement pathways.
Additionally, the authors plan to complement self-
assessment survey data with objective data from

manufacturing execution systems (MES) or ERP
indicators. This integration would further reduce
potential subjectivity and enable a more detailed
analysis of the relationship between technical
infrastructure and mass customisation capabilities.
By incorporating these research directions, the
proposed Al-based approach may evolve into a
comprehensive decision-support system, assisting
enterprises in managing the complexity of modern,
highly customised manufacturing environments.
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