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Abstract: Mass customization emerged as a strategic response to the increased consumer interest in personalized products, combin-
ing the efficiency of mass production with the flexibility of individual customization. Yet, this manufacturing paradigm introduced
significant complexities in demand forecasting, where traditional methods struggled to account for the high variability in customer
preferences. The lack of accessible, high-quality datasets that capture real customization behavior makes this challenge more difficult.
To address this gap, this study develops and validates a large-scale synthetic dataset simulating 500,000 laptop sales. Each sale corre-
sponded to a customized product configuration tailored to an individual customer profile, thereby reflecting the dynamics of real-world
mass customization contexts. The dataset was generated using a structured rule-based framework, supported by artificial intelligence
(AD)-assisted reasoning and grounded in domain knowledge and manufacturing literature. This framework was designed to reproduce
realistic customer behavior, configuration patterns, and seasonal demand fluctuations. As a result, the generated data captured hetero-
geneous customer profiles and varied product configurations. Its realism and coherence were assessed through statistical distribution
analysis, logical consistency checks, and seasonal pattern verification. The validation results provide a reliable basis for evaluating
and benchmarking demand forecasting models. Overall, this work shows that combining rule-based design with Al-assisted reasoning
is effective for the generation of realistic synthetic datasets for demand forecasting in mass customization contexts where real data is

unavailable.
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1. Introduction

Over the past century, industries have undergone several
major transformations. In the early stages, craft production was
dominant, with skilled artisans producing goods for individual
customers. This model was eventually replaced by mass produc-
tion, which focused on efficiency, standardization, and economies
of scale. This transition made products more affordable and
accessible, but at the expense of variety and personalization.

Mass customization is a manufacturing approach that orig-
inated in the late 1980s due to increasing customer demand for
variety. This approach merged the cost efficiencies of mass pro-
duction with the ability to personalize products. By leveraging
modular design and advanced production technologies, compa-
nies could offer customers the ability to customize aspects of
their purchases, such as laptop specifications or car colors, while
maintaining economies of scale [1-3].
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Table 1 highlights some of the core differences between mass
production and mass customization.

The emergence of Industry 4.0 has accelerated to a great
extent the shift toward mass customization. Technologies such as
artificial intelligence (AI), Internet of Things (IoT), and cyber-
physical systems enable manufacturers to collect real-time data,
automate production processes, and respond with more flexibility
to customer demands. Studies have also highlighted the impor-
tance of Industry 4.0 readiness and maturity models in supporting
this transition, in particular within manufacturing contexts [4, 5].
This has allowed businesses across electronics, automotive, and
fashion sectors to deliver customized products without sacrificing
efficiency [2].

Figure 1 [6] illustrates the evolution of production modes
from craft production to mass personalization, while taking into
consideration the product variety and productivity of each mode.

In the context of this study, product variety refers to the num-
ber of possible product configurations that can be created within
a product family based on different combinations of product
components or attributes. In mass customization environments,
product variety does not necessarily imply different product cat-
egories. Instead, product variety is the large number of variants
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Table 1
Mass production vs mass customization

Aspect Mass production

Mass customization

Demand uncertainty
historical data

Production strategy
forecasts and stocked
Flexibility and responsiveness

Technology dependence
real-time adaptation

Cost and efficiency
overproduction

Lead time and inventory
risks unsold stock

Stable demand forecasting based on

Push strategy: goods produced based on

Low flexibility; optimized for efficiency
Traditional assembly lines with minimal
Economies of scale, lower unit costs, risk of

Maintains inventory for quick delivery but

Higher uncertainty due to individual
customer preferences

Pull strategy: production starts after an
order is received

High flexibility to accommodate customer-
specific variations

Uses advanced technologies (Al, additive
manufacturing, modular design)

Balances efficiency with variety, higher per-
unit cost due to customization

Reduces inventory but may lead to longer
lead times

Figure 1
The evolution of production modes

1913 - Mass production

Productivity —

1980 - Mass customization

2010 - Mass personalization

1850
Craft production

of a specific product [7]. In the laptop industry, for example,
product variety is a result of combinations of different con-
figurable product components or attributes such as processors,
graphics cards, memory capacity, storage type, and display size.
The more configurable attributes or components, the greater the
number of possible product configurations, thus increasing oper-
ational complexity and creating additional challenges for demand
forecasting and manufacturing planning [8].

As product variety expands, demand data become increas-
ingly fragmented across a large number of possible product
configurations, making it difficult to obtain structured datasets
that accurately represent demand behavior in mass customization
environments.

This growing flexibility benefits customers but poses enor-
mous operational challenges for companies in the light of supply
chain management. Traditional push-based production mode,
where companies manufacture in advance based on a stable
demand forecast, is incompatible with environments characterized
by real-time and individualized orders. Mass customization sys-
tems rely on pull-based production, where products are assembled
only after a customer order is received while components remain
available for configuration. This is an area that also calls for a
high level of agility and visibility [9].

02

Product variety —

In today’s volatile markets, where product life cycles have
shortened and customer expectations shift in a rapid way, accurate
demand forecasting has become critical. It affects procure-
ment, inventory control, and production scheduling, determining
whether companies can respond fast without excessive costs or
inventory buildup [2, 7, 10].

In mass production, demand usually follows recognizable
patterns and historical trends. Mass customization creates a
different problem because it introduces high levels of demand
uncertainty. Each order may be unique and can combine product
features in a specific way, which increases the number of possi-
ble configurations. This makes future demand harder to estimate
with traditional forecasting methods. Changing customer prefer-
ences and complex supplier dependencies add another layer of
uncertainty to the forecasting task [7].

Research in this area also faces a practical data problem. The
scarcity of open-access datasets that describe demand behavior
in mass customization with sufficient precision is still consid-
ered a major problem. Most studies on demand forecasting in
this context use proprietary or case-specific industrial data. These
data are not publicly available, which limits reproducibility and
makes it difficult to compare forecasting models across studies
[11, 12]. Synthetic data generation has already been used to
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address data scarcity and confidentiality issues in manufactur-
ing systems [13]; however, no open-access datasets have been
specifically designed to represent demand behavior in mass cus-
tomization environments. While some industrial datasets exist,
they remain confidential and not accessible for direct comparison
or reproducibility. This makes the use of a validated generated
dataset necessary in this study.

The absence of accessible data limits the systematic devel-
opment and evaluation of forecasting methods for highly config-
urable products. Addressing this gap is therefore important for
supporting data-driven forecasting analysis, procurement plan-
ning, and supply chain decision-making in highly configurable
product environments.

This study aims to develop and validate a synthetic dataset
that represents demand behavior in a mass customization con-
text. The dataset is designed to realistically reproduce customer
profiles, configurable laptop attributes, and seasonal purchas-
ing patterns observed in the laptop industry. By providing a
structured and validated dataset, this work supports the develop-
ment and benchmarking of demand forecasting models for mass
customization environments.

To achieve this goal, the research analyzes existing dataset
limitations, designs an Al-assisted data generation framework,
integrates realistic seasonal and behavioral dynamics, and val-
idates the dataset through statistical and logical consistency
analyses to ensure representativeness and reliability.

2. Literature Review

2.1. Demand in mass production vs in mass
customization

Understanding demand behavior across manufacturing
paradigms helps clarify why forecasting is difficult in mass cus-
tomization. In mass production, companies usually deal with
stable and predictable demand for standardized products. They
rely on historical sales data and time-series models to forecast
sales volumes and to produce goods in large quantities ahead of
anticipated demand.

In most cases, forecasts are aggregated, adjusted over seasons,
and projected over extended planning horizons [1].

Mass customization introduces greater variability and com-
plexity. Unlike mass production, where demand is concentrated
on a limited number of standardized products, mass customiza-
tion distributes demand across a large number of product
configurations. Each configuration may appear only rarely in his-
torical data, resulting in fragmented demand patterns that are
significantly more difficult to analyze and predict [7].

Mass customization refers to the ability of manufactur-
ers to offer products tailored to individual customer preferences
while maintaining efficiency levels close to those of mass pro-
duction. This is typically achieved through configurable product
architectures and modular design strategies that allow differ-
ent product variants to be assembled from a set of predefined
components [8, 14].

Customers engage in product design, selecting features such
as hardware configurations or esthetic preferences. To manage this
increasing variety, many manufacturers rely on modular design
and product platform strategies that allow companies to generate
multiple product variants while controlling internal complexity and
production costs [15]. This fragments demand across a much wider
range of product combinations, many of which are ordered only
a few times, or even only once. As a result, conventional grouping
and forecasting methods become inadequate [7].

As product variety increases, managing the complexity
associated with numerous product configurations becomes a
significant challenge for manufacturing systems [16].

2.2. Mass customization and forecasting challenges

The underlying production logic difference is also important
in terms of the implications that it has on forecasting accuracy and
supply chain planning. Traditional forecasting methods designed
for mass production, in which demand tends to be stable and
aggregated, struggle to capture the dynamic, personalized nature
of mass customization [2].

Similar challenges have been observed in make-to-order
manufacturing systems, where demand often appears as intermit-
tent and highly variable across product configurations, making
conventional forecasting approaches less effective [17].

The challenge stems from extreme product diversity. A sin-
gle product line might branch into hundreds or even thousands
of possible configurations. In practice, this variety is often man-
aged through modular product platforms that enable companies
to generate multiple product variants from a common set of com-
ponents [8]. This diversity makes it very difficult to apply the same
models used in mass production, where demand is smoother and
more consistent [9].

Market dynamism and technology innovation cycles make it
even more difficult to have accurate forecasting. Upgrading many
products is necessary, and customer behavior becomes less pre-
dictable. At the same time, product life cycles have shortened, but
procurement and assembly cycle times remain long, creating a gap
between demand and supply prospects. Supply bases have become
more volatile, leading to longer cycle times and limited capacity,
and small margins of error in forecasting have ensured operational
disruptions in both inventory surpluses and shortages [15].

2.3. Synthetic data in manufacturing and forecasting

Data granularity presents an additional challenge. Effective
mass customization forecasting requires understanding not only
what was sold but also who purchased it, their motivations, and
how preferences mapped to specific product features. Few compa-
nies maintain such detailed data in usable formats, and researchers
don’t gain access to it [2, 18]. Traditional time-series and regres-
sion models struggle with the high-dimensional, sparse datasets
characteristic of mass customization. This has driven calls for
more adaptive, real-time, and data-driven forecasting approaches
tailored to this context [19, 20].

The growing emphasis on data-driven models has height-
ened the need for high-quality datasets. In manufacturing and
supply chain management, synthetic data generation offers a
solution when real operational data are confidential, limited,
or unavailable, allowing simulation of realistic customer behav-
iors, product configurations, and supply chain dynamics without
compromising sensitive information.

Recent studies have explored synthetic data in manufacturing
contexts, proposing frameworks to simulate operations to train
machine learning models [11, 12]. Simulation-based approaches
have also been used to generate synthetic manufacturing datasets
for machine learning applications [21]. In parallel, research on
synthetic time-series generation has shown the importance of eval-
uating the statistical fidelity of synthetic datasets used in machine
learning [22]. Similar approaches have proven valuable in health-
care, retail, and energy systems [23]. Yet few synthetic datasets
target mass customization, and even fewer are open-access or
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validated. Published datasets often remain proprietary or lack
detailed documentation.

This creates a significant obstacle for demand forecasting
research in mass customization. Most studies depend on either
confidential company data or small-scale academic simulations
that fail to capture the full complexity of customer prefer-
ences and product configurations. Without standardized, public
datasets, comparing models, validating approaches, and repro-
ducing experiments become difficult [18, 24]. Validation methods
are underdeveloped, and assessments tend to be visual or infor-
mal rather than employing structured techniques to evaluate
distribution fidelity, customer-product logic, or temporal patterns.

These limitations stem from several factors such as indus-
trial datasets that remain protected by confidentiality agreements,
generating realistic synthetic data requiring substantial domain
expertise and computational resources, and no consensus exists
on appropriate validation metrics for assessing realism and sta-
tistical coherence. It’s crucial and very important for advancing
reproducible forecasting research to address these challenges with
validated open-access datasets. It also helps strengthen the link
between academic work and industrial practice.

Synthetic dataset validation checks whether the generated
data is representative, accurate, and suitable for further use. This
step is especially important when the dataset supports forecasting,
simulation, or decision support models. In mass customization,
demand results from the interaction between customer prefer-
ences, modular product configurations, and temporal variation.
Validation therefore helps confirm that the generated data is
statistically realistic and consistent with domain logic.

The literature proposes several methods for assessing syn-
thetic data validity, as shown in Figure 2. These methods
include statistical distribution tests, visual validation, logical

Figure 2
Validation methods for synthetic datasets

Data Privacy and
Uniqueness
Checks

Confirms data privacy
and uniqueness

Verifies if synthetic data
\ matches real data
| distributions

Clustering and

Embedding-Based
Validation

Validates data structure!

through clustering
techniques

Uses visual inspection
to ensure data
coherence

Logical
Consistency
Checks

Ensures data aligns with

logical rules and
constraints

Evaluates the
performance of

synthetic data in ML
models

consistency checks, machine learning utility testing, clustering and
embedding-based validation, and privacy and uniqueness checks.
Each method examines synthetic data quality from a different
angle, depending on the intended use of the dataset.

Statistical tests measure how closely the generated data fol-
lows the expected distributions. Machine learning evaluations
assess whether the data can support useful predictive models. Log-
ical consistency checks verify that the generated records respect
domain rules. Clustering and embedding-based methods exam-
ine structural similarity between datasets. Visual validation helps
researchers inspect patterns qualitatively, while privacy-related
checks assess uniqueness and disclosure risk. Table 2 summarizes
the validation approaches, including their strengths, limitations,
and applications [13, 23, 25-27].

Despite the existence of several validation strategies, applying
these approaches to mass customization datasets remains chal-
lenging due to the high dimensionality of product configurations
and the complex relationships between customer profiles and
product attributes.

3. Materials and Methods

3.1. Type of study

This is a computational and simulation-based study that aims
to create a synthetic dataset for demand forecasting in a mass
customization context. This study is non-observational, since it
does not rely on data collected from real customers or compa-
nies. All the records are synthetically generated using a rule- based
framework assisted by Al reasoning. The objective is to repro-
duce realistic purchasing behavior, variability in configurations,
and seasonal demand dynamics in the laptop industry in mass
customization contexts. This is a quantitative method involving
probabilistic modeling, logical reasoning, and validation tests to
promote consistency and analytic validity in the generated dataset.

3.2. Universe of the study

The universe represents the electronic industry, specifically
the laptop industry with modular products and customization
options. It includes the full variety of all possible different
orders of laptops that might occur in a given year in a mass
customization environment.

3.3. Sample

The sample includes around 500,000 synthetic laptop sales
transactions generated to reproduce this universe.
Each record represents:

1) A customer profile (segment, age, income, gender);

Table 2
Overview of synthetic data validation approaches: methods, strengths, weaknesses, and use cases

Validity approach Example methods

Strengths

Common usage

Weaknesses contexts

Statistical (fidelity) Univariate tests (K-S, chi-
square), distribution distances
(Wasserstein, Jensen-Shannon
Divergence (JSD)), correlation
difference, two-sample tests
(maximum mean discrepancy

(MMD)), coverage rate

Easy to compute;
interpretable; fast
checks on fidelity

May miss multi-
variate patterns;
not task-specific

General fidelity check
in most studies
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Table 2
(Continued)
Common usage
Validity approach Example methods Strengths Weaknesses contexts
ML-based TSTR (train-on-synthetic, test- Measures predictive ~ Results depend ML tasks, bench-
(predictive) on-real), train-on-real, test- utility; detects on model/- marking generators
on-synthetic (TRTS), classifier distributional task choice; (e.g., SDGym)
Area Under the Curve (AUC) gaps computational
(real vs. synthetic), clustering cost
separation
Utility-based Propensity score MSE (pMSE), Task-specific eval- Context- Applied tasks in
(analytic) log-likelihood under real-data uation; reflects dependent; healthcare, finance,
model, analysis replication, practical usability needs real data etc.

composite utility scores for baseline

Privacy risk Simulates attacks;
ensures safe shar-
ing; regulatory

relevance

Nearest-neighbor (Distance
to Closest Record (DCR)),
membership/attribute infer-
ence attacks, singling out,
k-anonymity

Metrics depend
on assumptions;
tension with
fidelity

Healthcare, pub-
lic synthetic data
release

Visual/qualitative Principal component analysis
(PCA)/t-distributed stochastic
neighbor embedding (t-SNE)
plots, histograms, pair plots,
rule violations, expert reviews

Easy to inter-
pret; domain
expert involve-
ment; anomaly
detection

Subjective; doesn’t
scale well; lim-
ited to few
dimensions

Exploratory anal-
ysis, healthcare,
interpretability

2) A customized laptop configuration (CPU, GPU, RAM,
storage, screen size, battery capacity, keyboard, OS, color);
3) A timestamp within a synthetic annual sales cycle.

d. Gender: a binary categorical variable (male/female), sampled
consistently with the gender distribution typically reported in
consumer electronics purchasing studies.

2) Product configuration variables

a. CPU: a categorical variable representing the central pro-
cessing unit tier. The CPU is sampled conditionally on the
customer segment, with high-performance tiers concentrated
among gamers and professionals.

GPU: a categorical variable representing the graphics process-
ing unit. GPU selection is strongly conditioned on the customer
segment, with dedicated high-end GPUs concentrated in gamer

and professional profiles.

3.4. Sampling logic

The sample was obtained using probabilistic stratified sam-
pling to ensure equal representation of the five defined customer
segments, which are students, gamers, professionals, executives,
and general consumers. The sample size was 500,000 records for
obtaining strong statistical inferences with a wider coverage of
various configuration combinations and close-to-realistic attribute

distributions that have been observed in the laptop market. c. RAM: a discrete variable representing the memory capacity of
the laptop in gigabytes. The distribution is strongly segment-
dependent.

3.5. Variables d. Storage: a categorical variable indicating the storage type and

capacity combination. Storage options are sampled indepen-
dently of RAM, preserving configuration diversity across the
dataset.

Screen size: a discrete variable representing the display diag-
onal in inches. Larger screens are more commonly selected
by gamers and professionals, while students and general
consumers tend to prefer compact models for portability.

f. Battery capacity: a discrete variable expressed in watt-hours

The dataset is composed of three types of variables: customer
variables, product configuration variables, and temporal variables.
These variables are used to describe the characteristics of each e.
simulated transaction:

1) Customer variables

a. Customer profile: a categorical variable representing one of

five mutually exclusive consumer segments (student, gaming
enthusiast, tech professional, business executive, general
consumer).

. Age category: a categorical variable indicating the buyer’s age
group (< 25, 25-35, 35-50, > 50). Age categories are sam-
pled conditionally on the customer segment to reflect realistic
demographic distributions.

. Income level: a categorical variable capturing the buyer’s pur-
chasing power (low, medium, high). It is sampled conditionally
on the segment and influences the likelihood of selecting
premium hardware components.

(Wh), representing the battery life potential of the con-
figured laptop. Compatibility constraints enforce that high-
performance GPU and CPU configurations are paired with
sufficiently large battery capacities.

Keyboard type: a categorical variable indicating the keyboard
layout or input feature. Keyboard type is treated as an esthetic
or comfort preference and is sampled with minimal segment
dependency.

Operation system: a categorical variable indicating the pre-
installed OS. OS distribution is conditioned on the customer
segment.
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i. Color: a categorical variable representing the chassis color
option. Color is treated as an esthetic preference variable and
is sampled with near-uniform probability across segments,
reflecting its low functional dependency.

Jj. Touchscreen option: a categorical variable indicating whether
the selected configuration includes a touchscreen display.
Touchscreen selection is mildly conditioned on the customer
segment, with executives showing slightly higher selection
rates.

3) Temporal variable

a. Month (1-12), representing the synthetic annual sales cycle:
a discrete integer variable representing the month of pur-
chase within the synthetic annual sales cycle. Transactions are
assigned months according to a non-uniform probability dis-
tribution designed to reproduce known seasonal demand peaks
in the consumer electronics market, particularly the back-
to-school period (August-September) and the holiday season
(November—December).

To formalize the dataset generation process, each synthetic
transaction is represented as a vector of variables describing
the customer profile, product configuration, and purchase time.
A transaction x; is defined as:

x;i=(S;Ci, 4;,T))

where S; denotes the customer segment, C; represents the set of
customer demographic attributes (customer profile, age category,
income level, gender), A4; represents the product configuration
attributes (CPU, GPU, RAM, storage, screen size, battery capac-
ity, keyboard type, operating system, color, touchscreen option),
and 7; denotes the temporal variable corresponding to the month
of purchase.

3.6. Ethical standards

This study does not involve human subjects, personal data,
or any form of clinical or behavioral experimentation. The entire
database used in the research is therefore synthetic and was
generated, with no references to real people or confidential
information. The research therefore does not pose any risks.

3.7. Synthetic dataset generation process

This subsection shows the flowchart applied to create a
synthetic dataset used in this study. The process, presented in
Figure 3, is a logic sequence starting from the definition of the
choice of industry and concluding with the generation of the final
dataset [28]. Every step helps to create realism, consistency, and
diversity in customer as well as product aspects.

3.7.1. Choice of industry: electronics

We started the process by selecting the electronics industry as
the study domain. Innovation rate is high, and its product life cycle
is short, which shows good customization prospects. And those
characteristics make it suitable for studying forecasting challenges
in configurable production contexts. Starting from a well-defined
industrial perimeter, the next stages would allow a well-structured,
realistic market behavior and technological diversity.

3.7.2. Choice of product category: laptops
Laptops are the target product family in the electron-
ics industry. This category offers a variety of configurable
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Figure 3
Dataset generation flowchart
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< (h) Dataset Generation )

characteristics, such as CPU, GPU, memory, display, and stor-
age options, and well-defined customer segments, from students
to professionals to gamers. Focusing on laptops created a specific
and representative example where customization impacts demand
variability.

3.7.3. Dataset structure
The dataset structure, built upon this foundation, was
designed to combine two related dimensions:

1) Customer profiles, which include demographic and behavioral
data (segment, gender, age, and income).
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2) Product configurations, indicating the technical and esthetic
features (processor, graphics card, RAM, storage, screen size,
battery capacity, color, keyboard layout, and operating system).

This approach to dual structure set a solid theoretical basis
for relating customer preferences to functional product designs,
which enabled us to analyze demand in behavioral as well as
configurational terms.

3.7.4. Attribute options: market catalog and trends

To populate these dimensions, the attribute options that were
defined were based on global product catalogs and market trends.
We assigned realistic values of each attribute to reflect the available
products and technical feasibility. To conserve internal coher-
ence, relations between attributes were maintained. The data was
grounded in realist market conditions to connect abstract design
logic with practical limitations.

3.7.5. Probabilistic sampling logic

After the attribute pool was established, a probabilistic
sampling technique was used to link customer sectors with
realistic configurations. The probability weight assigned to
each segment-attribute pairing was defined to reflect preference
tendencies commonly reported in the literature on consumer
behavior in configurable product markets and in studies on
mass customization demand heterogeneity [7, 29]. For example,
gaming-oriented profiles were assigned higher probabilities for
high-performance configurations, with dedicated gaming GPUs
representing approximately 55-65% of their GPU choices, 16 GB
or 32 GB RAM representing around 85-90% of their memory
configurations, and 15-inch to 17-inch screens accounting for
nearly 85-90% of their screen-size selections. Student profiles fol-
lowed a different pattern. The generation framework gave them
a stronger tendency toward affordable and portable laptops. Inte-
grated or entry-level GPUs accounted for about 55-65% of their
GPU choices. Low-income customers represented about 70-75%
of this group, and 13-inch to 14-inch screens made up nearly
65-75% of their screen-size selections.

Business executive and tech professional profiles showed
another logic. These profiles were more often associated with pre-
mium and productivity-oriented configurations. They included
higher proportions of high-income customers, larger mem-
ory capacities, and professional or high-performance graphics
options.

The literature did not define each probability value directly.
Instead, it helped establish the expected direction of prefer-
ences across customer segments. The final probabilities were then
adjusted within the generation framework to keep the dataset
realistic, diverse, and internally consistent. The selected compo-
nent options and their relative importance also followed publicly
available trends in the global laptop market, as well as the
modular logic of configurable products described in previous
studies in the literature [8, 15]. Seasonal demand weights were
derived from recognized commercial cycles in consumer elec-
tronics, specifically the back-to-school and end-of-year holiday
periods, with August-September representing approximately one-
fifth of annual demand and November—December approximately
one-quarter, as documented in retail demand literature. The
probability distributions were therefore not assigned arbitrarily;
they were structured to reflect differentiated but nondeterministic
purchasing tendencies, which are characteristic of mass cus-
tomization environments. All probability weights were explicitly
defined as parameters in the Python-based generation framework
and are fully reproducible.

Python was used with NumPy and Scikit-learn code to build
this logic, with a stratified sampling that balanced all segments
across different classes, keeping diversity within each one of the
classes. By allowing natural variation and occasional exceptions,
we avoided patterned predictability while allowing realistic results
to be obtained.

The probabilistic generation of transactions follows the joint
distribution:

P(S,C,A,T)=P(S) P(C|S) P(A|S)P(T)

where (P(S)) represents the probability distribution of cus-
tomer segments, (P (C|S)) represents the distribution of customer
attributes conditioned on the segment, (P (A|S)) represents the
distribution of product configurations conditioned on the seg-
ment, and (P (7)) represents the temporal probability distribution
across months.

3.7.6. Realistic annual trend

To include the temporal dimension, the timestamps were
given by an estimate of a synthetic annual trend. The distribu-
tion of transactions simulated seasonal characteristics commonly
observed in the global consumer laptop market. In the laptop
market, demand usually follows clear commercial cycles. Sales
tend to rise during the back-to-school period in August and
September and again during the end-of-year holiday season in
November and December. These periods are commonly asso-
ciated with stronger electronics purchases. Demand is generally
lower in the middle of the year, when fewer major promotional
events take place.

The study therefore used a temporal probability distribu-
tion that reflects these seasonal patterns without relying on sales
data from a specific region. This probabilistic assignment of order
dates helped produce coherent demand fluctuations across cus-
tomer segments. It also allowed the generated dataset to reflect
the main purchasing cycles observed in the real-world laptop
industry.

3.7.7. Post-processing pass

After data generation, the dataset was checked through a
post-processing step. This step removed configurations that were
technically incompatible or inefficient, even if they had been
produced by the stochastic sampling process, through logical
consistency rules. Examples include laptops combining a high-
end GPU with a very small battery or configurations with an
inconsistent processor and motherboard pairing.

This correction was necessary because probability-based gen-
eration can sometimes create combinations that are statistically
possible but unrealistic from a technical perspective. The post-
processing step therefore helped preserve the internal coherence
of the dataset and ensured that the final configurations remained
compatible with real laptop design logic.

Data integrity was verified using Pandas, while Matplotlib
and Seaborn were employed for visual inspections of attribute dis-
tributions and segment balance. By having this step, we ensured
that the dataset remained both valid in the statistical aspect and
coherent in the technical aspect.

From a formal perspective, the post-processing step applies
a set of compatibility constraints to ensure the feasibility of the
generated configurations. Let Q denote the set of feasible laptop
configurations satisfying all technical compatibility rules between
components. A generated configuration Ai is accepted only if:

A;€Q

07



Journal of Data Science and Intelligent Systems Vol. 00

Iss. 00 2026

where Q includes logical constraints such as compatible
CPU-GPU combinations, sufficient battery capacity for high-
performance components, and other hardware consistency
requirements.

3.7.8. Dataset generation and export

The processed records were then consolidated into one
dataset containing 500,000 synthetic transactions. Each record fol-
lowed the same variable structure, with standardized categorical
values and numeric ranges kept within realistic limits. Through-
out the generation process, the dataset was built to avoid target
leakage. The final version was exported in CSV format so it could
be easily used in machine learning-based forecasting models,
simulation experiments, and further analytic workflows.

Due to the absence of open-access demand forecasting
datasets in the mass customization domain, ChatGPT served as
an analytic assistant throughout the design process. The model
was used through interactive prompts to explore plausible rela-
tionships between customer segments and laptop configuration
attributes, as well as to suggest realistic attribute options based
on commonly available market configurations. Besides, the model
was able to help establish logical rules that would relate customer
attributes to product features, identify potential edge cases, and
even normalize their probability weights so that they remained
balanced. It also offered reasoning support solutions for genera-
tion problems, such as over-represented specific configurations or
unrealistic temporal peaks. The authors then reviewed and val-
idated all proposed rules and distributions before implementing
them in the Python-based generation framework. This step helped
improve the realism and consistency of the dataset while keep-
ing the method transparent. It also ensured that the final dataset

could be reproduced from clearly defined probability rules and
compatibility constraints.

Figure 4 summarizes the full generation process. It covers
the main steps, from defining the study scope and selecting prod-
uct features to probabilistic generation, post-processing, and final
export. This is the framework that integrates the logical rule gener-
ation, probabilistic modeling, and Al-assisted reasoning in order
to develop a synthetic dataset for the laptop industry in the mass
customization context. The generated dataset serves as a well-
structured and scalable foundation for a future study of demand
forecasting and procurement planning.

To improve the clarity and reproducibility of the dataset
generation process, the overall procedure is summarized in the
following algorithm. It specifies the probabilistic sampling steps
and the constraints verification applied during the generation of
each synthetic transaction:

Input:

1) Customer segments S

2) Customer attributes distributions P (C|S)
3) Product attribute distributions P (A4]S)
4) Temporal distribution P (7)

5) Compeatibility constraint set Q

6) Number of transactions N

Output:
1) Synthetic dataset D
Steps:

1) Initialize empty dataset D
2) Fori=1to N do:

Figure 4
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Sample segment S; ~ P (S)

Sample customer attributes C; ~ P(C|S;)

Sample product attributes A; ~ P (A|S;)

Sample timestamp 7; ~ P(T)

If 4; € Q, accept the configuration and add x; = (S;, C,,
A;, T;) to dataset D

o 0 o

3) Return dataset D

In the next section, we present the validation methods
used to check the statistical realism and logical consistency of
the generated dataset across customer segments and product
configurations.

3.8. Synthetic dataset validation process

Given the absence of any open-access dataset that describes
demand behavior in the mass customization context and the fact
that the only datasets that exist are proprietary, commercially
restricted, or not disclosed in published studies, direct comparison
with real-world data is not possible. Consequently, the validation
strategy combines statistical, logical, demographic, temporal, and
predictive utility testing. And so, based on this combination, we
could verify that the generated data respected realistic feature dis-
tributions and domain relations between products and customers
with interpretability guarantees and methodological transparency.

To illustrate the validation logic used in this work, Figure 5
illustrates the six dimensions considered in the evaluation.

Statistical realism was used to check whether the generated
variables followed plausible real-world distributions. Logical con-
sistency examined whether the links between customer profiles
and product attributes respected realistic domain rules. Demo-
graphic balance assessed the representation of different customer
segments in the dataset. Seasonal plausibility was then verified
whether demand over time reflected expected purchasing cycles
and seasonal variations. A predictive validation step based on
machine learning models is conducted to assess whether the gen-
erated dataset contains coherent and learnable structures that

Figure 5
Dataset validation framework
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can support forecasting experiments. Finally, sensitivity anal-
ysis evaluates the robustness of the framework by examining
how moderate variations in key assumptions affect the generated
demand structure and predictive utility.

3.9. Machine learning-based predictive validation

In addition to the statistical and logical validation, the study
included a predictive validation step. This step examined whether
the synthetic dataset contained coherent and learnable patterns
that could support demand forecasting in a mass customization
context.

Since no real-world dataset was available for direct compari-
son, this validation did not measure actual forecasting accuracy.
Instead, it assessed the predictive utility of the generated data.
The aim was to verify whether machine learning models could
learn consistent relationships between customer profiles, product
configurations, and temporal demand patterns.

Two forecasting angles were looked at together since each
one captures something the other misses. The first focuses on
component-level demand prediction, where weekly demand was
aggregated for individual product attributes such as CPU, RAM,
or GPU. Categorical variables were encoded, and a seasonal rep-
resentation was introduced using sinusoidal transformations of
the week index. A Light Gradient Boosting Machine (LightGBM)
model was then trained to predict weekly component demand.
This model was selected due to its ability to handle heterogeneous
tabular data and capture nonlinear relationships between product
and temporal demand patterns.

The second perspective evaluates temporal demand dynam-
ics. A univariate weekly demand series was constructed by
aggregating all laptop transactions across the synthetic year.
A Long Short-Term Memory (LSTM) neural network was then
trained to predict short-term changes in demand. The model used
sliding windows of six consecutive weeks, which allowed it to learn
from recent demand history before estimating the next period.
This recurrent structure was selected because it can capture tem-
poral dependencies and seasonal signals present in the generated
dataset.

Both models were trained using an 80/20 split between train-
ing and testing data. Their performance was evaluated with
standard forecasting metrics: mean absolute error (MAE), root
mean squared error (RMSE), and the coefficient of determination
(R?). The results are presented in the next section. They provide
an additional validation layer showing that the generated dataset
supports machine learning-based forecasting experiments.

All machine learning experiments were implemented in
Python using standard libraries including LightGBM and
TensorFlow/Keras.

3.10. Sensitivity analysis design

A scenario-based sensitivity analysis was carried out to
assess the robustness of the proposed framework under moder-
ate changes in the main modeling assumptions. The dataset was
generated from several predefined assumptions. These assump-
tions concerned the relative size of each customer segment, the
probability of selecting product attributes within each segment,
and the seasonal weights used to distribute demand over time.
For this reason, a sensitivity analysis was added to examine how
much these assumptions affected the final demand structure. The
same analysis also checked whether changes in the assumptions
changed the predictive usefulness of the dataset.
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The analysis started from a baseline scenario, which cor-
responded to the original generated dataset. Three additional
scenarios were then created by modifying one assumption at a
time.

The first scenario focused on customer composition. The
share of the student segment was increased by 10%, while the
share of the gaming enthusiast segment was reduced by 10%. This
made it possible to observe how a shift in the population structure
affected the generated demand.

The second scenario focused on product preferences within
one segment. For gaming enthusiasts, the probability of selecting
high-performance GPUs was reduced by 10%. The probabilities
of the other GPU options in the same segment were then redis-
tributed proportionally, so the total probability remained equal
to one. This scenario tested whether the configuration mix was
sensitive to changes in conditional preferences.

The third scenario focused on seasonality. The weights
assigned to the two main demand peaks, August-September
and November-December, were reduced by 10%. The remaining
monthly weights were then adjusted proportionally to keep the
total demand volume unchanged. This scenario examined how
the dataset reacted when the strength of the main seasonal peaks
was weakened.

Each scenario was evaluated through descriptive indica-
tors that captured changes in the generated demand structure.
These indicators included customer segment shares; the propor-
tion of integrated GPUs; the combined share of RTX 3060,
RTX 3070, and RTX 3080 configurations; the share of demand
observed in August-September; and the share observed in Novem-
ber—December. Predictive usefulness was also assessed using the
same forecasting-oriented evaluation procedure applied during the
validation stage. The purpose of this analysis was not to optimize
the generation parameters but rather to verify whether moder-
ate variations in the underlying assumptions produce substantial
changes in the generated demand patterns or in the dataset’s
capacity to support learning.

4. Results

Following the validation framework described in Section 3,
the dataset was evaluated along six main dimensions:

1) Statistical realism of individual features,

2) Logical consistency between customer segments and product
choices,

3) Demographic balance across customer segments,

4) Seasonal plausibility of demand trends,

5) Machine learning-based predictive analysis,

6) Sensitivity analysis.

These dimensions reflect accepted techniques for validation
of synthetic data and consider the specificities of configurable and
make-to-order environments.

4.1. Dataset overview

The final dataset contains 500,000 synthetic laptop sales
transactions in a complete annual cycle. Each transaction com-
bines customer demographics attributes, product specifications,
and a timestamp. The dataset was constructed to incorporate
realistic differences in the product selection and the behaviors of
customers who select the products, thus balancing each segment
of the five predefined consumer profiles.

4.2. Statistical realism of individual features

The statistical distribution of key technical features reinforced
the statistical realism of the dataset.

As shown in Figure 6, 16 GB DDR4 3200 MHz was the
dominant RAM option, followed by 8 GB DDR4 2666 MHz
and 32 GB DDR4 3200 MHz, while 4 GB DDR4 2133 MHz
and 8 GB DDRS5 4800 MHz appeared less frequently. This pat-
tern fits a configurable laptop market where mid-range builds
tend to dominate while higher-capacity options still hold a strong
share thanks to gaming and professional users. A similar pattern
appeared for GPU, storage, and screen size, with the higher-end
choices concentrated in the gaming and professional segments.

These results demonstrate that probabilistic modeling, paired
with Al-assisted reasoning, can reproduce realistic demand behav-
ior in a mass customization setting without overstating the share
of extreme values.

4.3. Logical consistency between customer segments
and product choices

Beyond univariate distributions, logical consistency between
customer profiles and selected configurations was assessed

Figure 6
Distribution of RAM sizes
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through rule-based and visual verification. In mass customization
environments, different customer segments tend to show distinct
but nondeterministic preference patterns depending on their needs
and usage contexts. A key part of assessing the dataset’s realism
is checking whether customer profiles align logically with selected
laptop features.

Figure 7 focuses on RAM choices across the different cus-
tomer profiles. The heatmap shows that the generated data does
not assign the same memory capacity to all customers in a
given segment. Instead, it produces clear but flexible tendencies.

Gaming enthusiasts and tech professionals are more often asso-
ciated with larger RAM capacities, which is consistent with their
need for performance-oriented devices. Students appear more fre-
quently in the lower and intermediate RAM categories, while
general consumers are mostly centered around mid-range options.
This distribution keeps the expected segment-specific behavior
without making the configurations overly rigid.

Figure 8 examines the link between RAM capacity and stor-
age type. The link between these two components is not fixed in
the same way as customer-driven attributes are. RAM and storage

Figure 7
Heatmap between customer profile and RAM capacity
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can appear in different combinations because laptop configura-
tions often depend on price range and market positioning. This
makes some combinations more common than others, but it does
not impose a fixed relationship between the two components.
The observed distribution confirms that the dataset preserves con-
figuration diversity without imposing deterministic relationships
between product attributes.

Together, these analyses demonstrate that the probabilistic
generation framework successfully captures both behavioral pur-
chasing tendencies and realistic configuration flexibility, which
are characteristic of mass customization product offerings.

4.4. Demographic balance across customer segments

From a demographic perspective, the dataset was equally
distributed among the five target profiles: students, gamers, pro-
fessionals, executives, and general consumers. Such a balance
minimizes bias and allows the data to feed into global as well as
segment-specific forecasting models.

4.5. Seasonal plausibility of demand trends

The temporal validation showed whether the synthetic
demand reproduced a realistic seasonal purchasing cycle as it
would be expected. The generated timeline showed familiar sales
cycles, with spikes in August—September, which represent the

back-to-school period; November—December, which is the holiday
season; and March—April, which coincides with the professional
upgrades. Such seasonal shifts align with known behavior in
electronics market dynamics.

The aggregated monthly demand distribution is shown in
Figure 9, thus proving that the synthetic dataset captures tempo-
ral dynamics instead of simply a uniform or random distribution
of time.

4.6. Machine learning-based predictive analysis

To complete the statistical and logical validation analyses,
two machine learning models were trained to evaluate whether the
synthetic dataset contains coherent and learnable patterns relevant
for demand forecasting tasks.

The LightGBM model achieved strong predictive perfor-
mance as shown in Table 3, indicating that the synthetic dataset
encodes coherent relationships between product configurations,
customer attributes, and weekly demand levels. While the LSTM
model reproduced the temporal demand dynamics embedded in
the dataset with reasonable accuracy, demonstrating the coher-
ence of the seasonal structure generated during the simulation
process.

In sum, the validation results show the proposed dataset to
exhibit sufficient statistical fidelity, behavioral logic, demographic
balance, and temporal plausibility, and predictive utility. This

Figure 9
Overall annual pattern of laptop sales
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Table 3
Predictive validation results of machine learning models
Model Target MAE RMSE R?
LightGBM Weekly component demand 161.30 217.33 0.9293
LST™M Weekly total demand 1.75 2.92 0.6159
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confirms its suitability for demand forecasting research in mass
customization environments.

4.7. Sensitivity analysis results

The scenario-based sensitivity analysis assessed the effect of
moderate perturbations applied to three main groups of assump-
tions, namely, customer segment composition, gaming-oriented
GPU preference weights, and seasonal peak intensities. The main
results obtained for the baseline and perturbed scenarios are
reported in Table 4.

In the baseline scenario, the student and gaming enthusiast
segments accounted for 19.99% and 20.03% of the dataset, respec-
tively. The share of configurations using integrated GPUs reached
27.16%, whereas RTX 3060/3070/3080 configurations represented
29.24%. From a temporal perspective, August-September repre-
sented 20.41% of total demand, whereas November—December
accounted for 25.31%. The predictive utility proxy produced an
MAE of 1370.79, an RMSE of 2053.04, and an R? value of
0.8188.

When customer segment composition was perturbed, the stu-
dent share increased to 21.99%, while the gaming enthusiast share
declined to 18.03%. This change was accompanied by an increase
in the integrated GPU share to 28.31% and a decrease in the share
of RTX 3060/3070/3080 configurations to 28.31%. Despite these
variations, predictive utility remained very close to the baseline,
with an R? value of 0.8173.

A similarly limited effect was observed when the gaming-
oriented GPU preference weights were modified. In this case, the
integrated GPU share rose to 27.69%, while the share of RTX
3060/3070/3080 configurations declined to 28.55%. The overall
segment structure remained close to the baseline, and predictive
utility also remained stable, with a 0.8178.

The most visible effect was observed when the seasonal peak
intensities were reduced. Under this perturbation, the demand
share of August-September decreased from 20.41% to 18.51%,
while that of November—December fell from 25.31% to 22.95%.
In this scenario, the predictive utility proxy showed the largest
variation among the tested cases, with the R? value increasing to
0.8764.

Overall, the perturbations applied to customer segment com-
position and conditional preference weights produced only limited
changes in the generated demand structure and in predictive
utility. By contrast, the reduction of seasonal peak intensities
produced the strongest variation among the tested scenarios, indi-

cating that temporal weighting is the most influential assumption
group within the current framework.

5. Discussion

The goal of this study is to generate and validate a synthetic
dataset that can reflect demand behavior in a mass customization
context, where high variety and lack of access to real data are
challenging the classic forecasting researches. The findings in the
previous section confirm that the aim set above is achieved in
various complementary aspects.

From a statistical perspective, the distributions of the charac-
teristics that are evident from the dataset ensure that the realistic
market behaviors are well represented without concentration on
extreme configurations. Dominant component choices such as
mid-range RAM capacities and balanced storage options reflect
common purchasing behavior, while higher-end configurations
remain present but limited to specific customer profiles. This
balance is essential for demand forecasting applications, as it
prevents bias toward either low-end or high-end products while
preserving sufficient variability for model training.

One more major strength of the proposed dataset, aside from
the univariate realism, is the coherent but nondeterministic rela-
tionships between customer profiles and configuration choices.
The generated data does not treat customer profiles and lap-
top configurations as unrelated variables. Instead, it keeps the
behavioral tendencies that link the two, while still leaving room
for variation inside each segment. Gaming enthusiasts and tech
professionals appear more often with larger RAM capacities,
which matches their stronger need for performance. Students, on
the other hand, are more frequently associated with lower and
intermediate memory options. This matters for mass customiza-
tion because small differences in customer behavior can change
the expected demand for components and affect procurement
planning.

The link between RAM and storage gives another indication
of internal coherence. The dataset does not force a fixed combi-
nation between these two attributes. It allows several technically
plausible configurations, while making some combinations more
common than others. This balance is important because realistic
laptop markets include repeated patterns, but they also include
diversity across product ranges and customer needs.

Temporal validation adds a further layer to this realism
assessment. The fact that there are peaks of demand correspond-
ing to the purchasing cycles in the electronics market indicates

Table 4
Results of the scenario-based sensitivity analysis
Gaming Integrated RTX 3060 August— November—
Student enthusiasts GPU /3070 /3080 September December
Scenario share (%) share (%) share (%) share (%) share (%) share (%) MAE RMSE R2
Baseline 19.99 20.03 27.16 29.24 20.41 25.31 1370.79  2053.04  0.8188
Segment 21.99 18.03 28.31 28.31 20.41 25.31 1367.12 203422  0.8173
distribution
shift
Gaming GPU 20.33 18.67 27.69 28.55 20.41 25.31 1370.75  2048.25  0.8178
preference
shift
Seasonal peak 19.99 20.03 27.17 29.23 18.51 22.95 1061.28  1563.80  0.8764
reduction
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that the generation process has captured temporal dynamics. This
has immense importance in research related to forecasting since
it becomes possible to assess different models on the basis of
realities of demand variation rather than a fixed demand.

The results of the predictive validation experiments also
confirm these results. The LightGBM model reached high
explanatory power in predicting the component-level demand,
which means that the relationships between customer profiles,
product configurations, and demand levels are coherent and
learnable.

The temporal results add another important check to the
validation process. The LSTM model captured the main structure
of demand over time and generated stable short-term forecasts.
This result suggests that the dataset does not contain only random
variation. It includes regularities that forecasting models can detect
and use.

This predictive test should be interpreted carefully. The
objective was not to prove that the model would achieve the same
accuracy in an industrial setting. Such a comparison is not pos-
sible here, since no open reference dataset exists for demand in
mass customization contexts. The goal was more specific to exam-
ine whether the synthetic data contains coherent and learnable
patterns that can be used in forecasting experiments.

The proposed dataset also contributes to ongoing work on
synthetic data generation and demand modeling. Many earlier
studies use aggregated sales records, simplified product structures,
or confidential industrial datasets. These sources are useful, but
they often limit reproducibility. The dataset developed in this
study takes a different direction. What makes it stand apart is that
it brings together customer information, configuration attributes,
and temporal demand behavior in one reproducible and solid
structure. For this reason, it should be viewed as a complemen-
tary resource rather than a substitute for real industrial data. It
also responds to a gap that recent work on mass customization
and forecasting has pointed out.

From a practical point of view, the dataset can support
several types of analysis. Researchers can use it to com-
pare forecasting models, study demand disaggregation, or test
procurement-oriented decision support methods. It also allows
experiments in which customer preferences vary jointly with prod-
uct configurations, which is important for realistic modeling in
mass customization. Forecasting models such as Random For-
est, Gradient Boosting, and recurrent neural networks can be
applied at both the configuration level and the component level,
for example, for CPU or GPU demand. The same structure can
also support procurement planning through component demand
estimation, safety stock analysis, and supplier capacity planning
in high-variety make-to-order environments.

The dataset has already proven useful in practice. A recent
study by El Assad et al. [30] relied on it as the experimen-
tal basis for the work that followed. In that work, it was used
as the experimental basis for a multilevel planning approach
in Configure-to-Order/Assemble-to-Order (CTO/ATO) mass cus-
tomization supply chains. The dataset made it possible to
transform demand patterns into planning decisions and to eval-
uate improvements in lead-time performance. This application
shows that the dataset is not limited to statistical validation. It
can also support downstream decision support and optimization
tasks in supply chain contexts.

The synthetic nature of the dataset does not mean that its
construction was arbitrary. Customer segments, configuration
options, and probability distributions were defined using domain
knowledge and literature on laptop markets, consumer behav-
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ior, and configurable products. The probabilistic framework was
built to maintain realistic relationships between variables, while
still allowing variation and occasional deviations. This is impor-
tant because real demand does not follow perfectly fixed rules.
The generation rules and constraints were also defined explicitly
and applied consistently, which strengthens the transparency and
reproducibility of the process.

However, the generation process remains based on assump-
tions. These assumptions mainly concern customer segmenta-
tion, conditional attribute distributions, and the stability of
relationships over time.

These assumptions shape the resulting demand patterns, and
variations in the associated probability weights may influence
forecasting outcomes. However, the objective of this study is
not to replicate a specific real-world dataset but to provide a
controlled and adaptable environment for evaluating forecasting
models. The generation framework was not designed as a fixed
model. Its assumptions can be revised, and its parameters can be
recalibrated when researchers apply it to another product family,
market, or industrial context.

The sensitivity analysis gives a clearer view of this adaptabil-
ity. When customer segment shares and conditional preference
weights were moderately changed, the dataset did not lose its
internal consistency. These changes mainly shifted the relative
presence of certain configurations. They did not fundamentally
alter the overall structure of the data or its usefulness for fore-
casting experiments. The largest variation appeared when the
seasonal weights were modified. This is expected, since seasonality
directly shapes the distribution of demand over time and affects
the metrics used in forecasting evaluation. This result suggests that
the framework is generally stable, but that seasonal assumptions
should be adjusted carefully in future applications.

Despite these strengths, the dataset remains a synthetic rep-
resentation of demand. It cannot reproduce all the factors that
influence real markets. For example, it does not include sudden
disruptions, price changes, promotional campaigns, competitor
behavior, or hidden customer motivations. The assumptions used
in the model are grounded in domain knowledge and literature,
but they should be interpreted as context-specific choices rather
than universal rules.

Future work can build on this structure in several directions.
The dataset could be adapted to other customizable products
or extended to represent changes in customer preferences over
time. It could also include external variables, such as price varia-
tions or macroeconomic indicators. These additions would make
the dataset more suitable for broader forecasting studies and for
procurement-oriented optimization in different industrial settings.

6. Conclusion

This study developed a synthetic dataset to support demand
forecasting research in mass customization, where real open-access
data remain limited.

The proposed dataset uses the laptop industry as its appli-
cation case. This choice is relevant because laptops combine
modular components, customer-driven configuration choices,
and strong variation in demand. The dataset included 500,000
simulated transactions across one year. Each transaction links
customer characteristics, configurable product attributes, and sea-
sonal purchasing behavior. This structure was designed to reflect
the type of complexity that forecasting models face in high-variety
product environments.
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The dataset was not evaluated only by checking its size or
format. Its realism was examined through several validation steps.
These included the analysis of segment balance, the verification of
logical relationships between customer profiles and configurations,
and the study of statistical distributions. These checks looked at
the dataset from three angles: how well it fits the rules that shape
the laptop market, how its distributions hold up under inspection,
and how ready it is for use in machine learning models.

The results show that the dataset reflects real-world trends,
stays consistent with the logic of the field, and shows statistical
properties that look realistic. It is also built for use in data-driven
forecasting work carried out on real problems. For researchers and
practitioners, it offers a strong starting point for building, evalu-
ating, and comparing forecasting models in mass customization
settings. This is important because traditional planning methods
often struggle when demand is fragmented across many product
variants and component combinations.

Future work can build on this dataset in several directions,
including multilevel forecasting strategies. Further developments
may also introduce changing customer preferences, behavioral
feedback such as satisfaction or repeat purchases, and com-
parisons with real sales data when such data become available.
Through these extensions, the dataset will contribute to advanc-
ing demand forecasting, procurement planning, and supply chain
decision-making in a configurable product environment shaped
by Industry 4.0 principles.
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