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Abstract: The application of minimalism in product appearance design has gained significant attention in recent years due to its focus on simplicity,
functionality, and aesthetic appeal. This paper explores the use of Associative Data Mining Optimized Feature Selection (ADM-OFS) classifier
with deep learning techniques to analyze the application of minimalism in product appearance design, using Bang&Olufsen products as a case
study. The proposed ADM-OFS perform feature selection is performed using an associative data mining approach, which estimates the most
relevant and influential features that contribute to minimalistic design. The optimized feature selection process enhances the accuracy and
efficiency of the analysis by reducing the dimensionality of the dataset while retaining its essential characteristics. The ADM-OFS model comprises
the deep learning techniques employed to capture intricate patterns and relationships between minimalism and product appearance design. The
deep learning model is trained on the dataset, enabling it to recognize complex visual features and make predictions about the minimalistic qualities
of new product designs. The findings of ADM-OFS provide valuable insights into the application of minimalism in product appearance design,
specifically in the context of Bang&Olufsen products. The analysis demonstrated the ADM-OFS classifier with deep learning, in analyzing and
interpreting the application of minimalism in product appearance design. The findings of ADM-OFS stated that the designers, manufacturers, and
researchers in their pursuit of creating visually appealing and functionally efficient products that embody the principles of minimalism.

Keywords: Associative Data Mining Optimized Feature Selection (ADM-OFS), deep learning, feature selection, dimensionality reduction, visual
features, prediction, Bang&Olufsen.

L. Introduction market trends [3].

Data mining for product appearance design is a
comprehensive process that involves several steps to gather and
analyze data related to the visual aspects of a product. It starts
by identifying relevant data sources such as customer feedback,
surveys, social media platforms, online reviews, sales data, and
competitor analysis [4]. Once the data sources are established,
specific attributes like color, shape, texture, material, size,
packaging, and branding elements are defined. The collected
data is then preprocessed to ensure consistency and quality.

Data mining for product appearance design involves
analyzing and extracting meaningful insights from large
volumes of data related to the design and aesthetics of a product
[1]. This process begins by identifying relevant data sources,
such as customer feedback, surveys, social media platforms,
online reviews, sales data, and competitor analysis. Next,
specific data attributes or variables that are pertinent to product
appearance design, such as color, shape, texture, material, size,

packaging, and branding elements, are defined [2]. The . ) .
Analyzing customer feedback and conducting sentiment

analysis provide insights into customer preferences and
perceptions of the product's appearance. Visual data analysis
techniques help identify patterns and trends in the visual
attributes of the design. Additionally, competitor analysis helps
assess market trends and identify design gaps [5]. Machine
learning algorithms can be applied to uncover hidden patterns
and correlations within the data. Based on the insights gained,
design recommendations are generated to enhance the product's
visual appeal. Through an iterative process of testing,

collected data is then preprocessed to ensure consistency and
quality. Analysis techniques such as examining customer
feedback, conducting sentiment analysis, exploring visual data,
and performing competitor analysis are employed to uncover
patterns, preferences, strengths, weaknesses, and design gaps.
Machine learning algorithms can also be used to identify
correlations and generate design recommendations. Ultimately,
through an iterative process of testing, evaluating, and refining,
data mining helps optimize the visual appeal of a product and

informs design decisions based on customer insights and . ) R . o
evaluating, and refining, data mining informs design decisions
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that align with customer preferences and market trends,
ultimately optimizing the visual appeal of the product [6].

Data mining with deep learning involves harnessing the
power of deep learning algorithms and techniques to extract
valuable insights and patterns from vast amounts of data [7].
Deep learning, a subfield of machine learning, focuses on
training and utilizing neural networks with multiple layers to
learn hierarchical representations of the data [8 — 10]. By
employing complex neural network architectures, such as
convolutional neural networks (CNNs) for image data or
recurrent neural networks (RNNs) for sequential data, deep
learning can effectively capture intricate patterns and
relationships within the data [11]. Moreover, deep learning
enables feature extraction and representation learning, allowing
the algorithms to automatically discover and extract meaningful
features from the data, eliminating the need for manual feature
engineering. This capability makes deep learning particularly
powerful in handling high-dimensional and unstructured data.
By leveraging deep learning for data mining, organizations can
unlock hidden insights, make accurate predictions, and gain a
deeper understanding of complex datasets across various
domains.

Deep learning plays a significant role in product design by
providing valuable insights and capabilities that enhance the
design process. One of the key contributions of deep learning
in product design is its ability to analyze and understand
complex data, such as customer preferences, market trends, and
user behavior [12]. By utilizing deep learning algorithms,
product designers can gain a deeper understanding of customer
needs and preferences, enabling them to create designs that
resonate with the target audience. Deep learning also enables
the generation of design recommendations and variations based
on learned patterns and trends in the data. Designers can
leverage deep learning techniques to explore and generate new
design concepts, iterate on existing designs, and optimize
various aspects of the product's appearance and functionality.
Additionally, deep learning can aid in the automation of certain
design processes. It can assist in automating the creation of
design prototypes, generating realistic 3D renderings, or
predicting the performance of different design options. This
automation not only speeds up the design process but also
allows designers to explore a wider range of possibilities and
make more informed decisions [13]. Furthermore, deep
learning can facilitate the integration of user feedback and
sentiment analysis into the design process. By analyzing
customer feedback and sentiment data, designers can gain
insights into how users perceive and interact with the product.
This information can guide design decisions and help create
products that align with user expectations and preferences.
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This paper proposed an approach called Associative Data
Mining Optimized Feature Selection (ADM-OFS) combined
with deep learning techniques to analyze and interpret the
relationship between minimalism and product appearance
design. The ADM-OFS classifier performs feature selection
using an associative data mining approach, identifying the most
relevant and influential features that contribute to minimalistic
design. This optimized feature selection process improves the
accuracy and efficiency of the analysis by reducing the
dimensionality of the dataset while retaining its essential
characteristics. The proposed ADM-OFS approach, the paper
provides valuable insights into the application of minimalism
in product appearance design, specifically within the context of
Bang&Olufsen products. The analysis conducted using ADM-
OFS with deep learning techniques demonstrates its
effectiveness in analyzing and interpreting the application of
minimalism in product appearance design.

IL. Literature Survey

A literature survey on data mining with deep learning
provides a comprehensive overview of the existing research and
studies in the field, focusing on the application of deep learning
techniques to extract valuable insights from large datasets.
Deep learning, a subset of machine learning, utilizes neural
networks with multiple layers to learn complex patterns and
representations from data. By conducting a literature survey,
researchers and practitioners gain a deeper understanding of the
current state-of-the-art methodologies, algorithms, and
applications of data mining with deep learning. This survey
helps identify trends, challenges, and potential areas of
exploration, ultimately contributing to advancements in the
field and informing future research directions. Through a
systematic analysis of the literature, the survey provides a
comprehensive synthesis of the existing knowledge and serves
as a valuable resource for researchers, students, and
professionals interested in leveraging deep learning for data
mining tasks.

Gupta et al. (2021) [14] sfocus on the application of
artificial intelligence and deep learning techniques in the field
of drug discovery. The study explores how machine
intelligence, specifically deep learning, can enhance the process
of identifying potential drug candidates. By leveraging deep
learning algorithms, researchers can analyze large datasets and
extract meaningful patterns and relationships that aid in drug
design and discovery. The paper provides insights into the
advancements and potential of using deep learning for drug
discovery, offering a comprehensive review of the current state
of research in this area.

Mehbodniya et al. (2021) [15] investigate the use of
machine learning and deep learning techniques for financial
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fraud detection in healthcare. The study addresses the growing
concern of fraudulent activities in the healthcare industry and
explores how advanced computational methods can assist in
detecting and preventing such fraud. By employing machine
learning and deep learning algorithms, the researchers aim to
develop accurate and efficient fraud detection systems that can
analyze complex healthcare data and identify anomalous
patterns indicative of fraudulent behavior. The paper sheds light
on the potential of utilizing these techniques to enhance fraud
detection and mitigate financial losses in healthcare systems.

Renaud et al. (2021) [16] present DeepRank, a deep
learning framework designed for data mining 3D protein-
protein interfaces. The study focuses on understanding the
interactions between proteins and aims to develop an effective
tool for predicting and analyzing protein-protein interfaces.
DeepRank utilizes deep learning algorithms to extract relevant
features from 3D protein structures and predict the binding
affinity between proteins. By leveraging deep learning in this
context, researchers can gain insights into protein interactions,
implications for drug discovery and
understanding various biological processes. The paper
introduces an innovative application of deep learning in the

which can have

field of protein structure analysis.

Shi et al. (2021) [17] provide a comprehensive review of
deep learning techniques applied to mining protein data. The
study explores the potential of deep learning algorithms in
analyzing and extracting valuable information from protein-
related datasets. By utilizing deep learning, researchers can
uncover patterns, relationships, and structural features within
protein sequences and structures. The paper discusses various
deep learning architectures and methodologies employed for
tasks such as protein classification, prediction, and structure
determination. It highlights the advantages and challenges of
using deep learning in protein data mining and provides insights
into the current state of research in this area.

Alanya-Beltran et al. (2022) [18] present a review that
focuses on the enhancement of data mining and its management
through the application of deep learning techniques. The study
examines the integration of deep learning with data mining
processes, aiming to improve the selection and management of
functionalities in data mining tasks. By combining the strengths
of deep learning and data mining, researchers can develop more
efficient and accurate models for extracting insights from large
datasets. The paper offers an overview of the existing research
and explores the potential of deep learning in enhancing data
mining processes.

Dogan and Birant (2021) [19] discuss the utilization of
machine
manufacturing domain. The study explores how these advanced

learning and data mining techniques in the
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computational methods can optimize manufacturing processes,
improve quality control, and enhance decision-making in the
manufacturing industry. By applying machine learning and data
mining, researchers and practitioners can extract valuable
insights from manufacturing data, identify patterns, detect
anomalies, and optimize production efficiency. The paper
provides an overview of the applications of machine learning
and data mining in manufacturing and highlights their potential
in driving industry advancements.

Parsons and Banitaan (2021) [20] investigate the automatic
identification of Chagas disease vectors using data mining and
deep learning techniques. The study addresses the challenge of
identifying disease-carrying vectors, specifically in the context
of Chagas disease. By employing data mining and deep learning
algorithms, researchers can analyze environmental and
biological data to automatically detect and identify the vectors
responsible for disease transmission. The paper presents an
innovative application of data mining and deep learning in the
field of disease vector identification, offering insights into the
potential of these techniques for disease control and prevention.

Swathy and Saruladha (2022) [21] conduct a comparative
study on the classification and prediction of Cardio-Vascular
Diseases (CVD) using machine learning and deep learning
techniques. The study aims to analyze the effectiveness of
various algorithms in predicting CVD and comparing the
performance of traditional machine learning methods with deep
learning approaches. By utilizing both types of techniques, the
researchers evaluate the accuracy and efficiency of different
models in classifying and predicting CVD. The paper provides
insights into the potential of machine learning and deep
learning for improving cardiovascular disease prediction and
diagnosis.

Zhao and Xue (2021) [22] focus on HR management big
data mining using computational intelligence and deep learning
techniques. The study explores how deep learning, combined
with computational intelligence methods, can be utilized in the
field of Human Resources (HR) to extract valuable insights
from HR-related datasets. By employing deep learning
algorithms, researchers can analyze HR data to identify
patterns, trends, and correlations, which can be used to make
data-driven decisions in areas such as employee recruitment,
retention, and performance evaluation. The paper highlights the
potential of deep learning in enhancing HR management
through advanced data mining techniques.

Hou et al. (2021) [23] propose a deep-learning prediction
model for imbalanced time series data forecasting. The study
addresses the challenge of forecasting imbalanced time series
data, where the occurrence of certain events or patterns is
significantly lower than others. By leveraging deep learning
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techniques, the researchers develop a prediction model that can
effectively handle imbalanced data and improve forecasting
accuracy. The paper presents a novel approach that combines
deep learning with imbalanced data handling techniques,
contributing to more accurate predictions in time series
forecasting tasks.

Onan (2021) [24] focuses on sentiment analysis of massive
open online course (MOOC) evaluations using a text mining
and deep learning approach. The study explores how deep
learning techniques can be applied to analyze textual data from
MOOC evaluations and extract sentiment information. By
employing deep learning algorithms, researchers can
automatically classify and analyze student feedback, providing
valuable insights into the quality and effectiveness of online
courses. The paper introduces a text mining and deep learning
methodology for sentiment analysis, offering a practical
application of deep learning in the educational domain.

Kute et al. (2021) [25] discuss the use of deep learning and
explainable artificial intelligence (XAI) techniques in
enhancing the interpretability of machine learning models. The
study addresses the challenge of understanding complex deep
learning models and their decision-making processes. By
incorporating XAl techniques into deep learning algorithms,
researchers can provide explanations for the predictions and
decisions made by these models. The paper explores the
advancements in XAl and its integration with deep learning,
emphasizing the importance of interpretable models in critical
applications where transparency and accountability are crucial.

The data mining with deep learning reveals several
significant findings and contributions in various domains. In the
field of drug discovery, artificial intelligence and deep learning
techniques have emerged as powerful tools for enhancing the
identification and design of potential drug candidates. These
methodologies leverage complex neural network architectures
to analyze large datasets and extract valuable patterns and
insights, leading to more efficient and effective drug discovery
processes.

I11. Associative Data Mining

The research explores the application of Associative Data
Mining Optimized Feature Selection (ADM-OFS) classifier
with deep learning techniques in analyzing the use of
minimalism in product appearance design, with a specific focus
on Bang&Olufsen products as a case study. The ADM-OFS
classifier combines an associative data mining approach with
optimized feature selection to identify the most relevant
features that contribute to minimalistic design. By reducing the
dimensionality of the dataset while retaining its essential
characteristics, the optimized feature selection process
improves the accuracy and efficiency of the analysis. The
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ADM-OFS model incorporates deep learning techniques to
capture intricate patterns and relationships between minimalism
and product appearance design. Through training on the dataset,
the deep learning model becomes capable of recognizing
complex visual features and making predictions about the
minimalistic qualities of new product designs. This integration
of deep learning enhances the analysis and interpretation of
minimalism in product appearance design. The analysis
conducted using the ADM-OFS classifier with deep learning
provides meaningful information for designers, manufacturers,
and researchers involved in creating visually appealing and
functionally efficient products that embody the principles of
minimalism. The Associative Data Mining Optimized Feature
Selection (ADM-OFS) process is a methodology that combines
associative data mining techniques with feature selection to
identify the most relevant and influential features in a dataset is
shown in figure 1.

——
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Step1: Step 5:

Training data Predict

~ stepa: S Stop 4:
Discover frequent l Rank and

rule items

[: -
D
Step 3:

Generate
rules

Figure 1: Flow of Associative Data Mining

The first step involves collecting and preparing the dataset
for analysis. This includes gathering relevant data related to the
product appearance design, such as attributes, measurements,
and visual features. The ADM-OFS process utilizes associative
data mining techniques relationships and
associations between different features in the
Association rule mining algorithms, such as Apriori or FP-
Growth, are applied to identify patterns and correlations among
the features. In this step, the ADM-OFS process performs
feature selection to determine the most influential features that
contribute to minimalistic design. The associations discovered

to discover
dataset.

in the previous step are analyzed to evaluate the relevance and
importance of each feature. Various criteria, such as support,
confidence, and lift, may be used to assess the strength of the
associations and select the most significant features.
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Figure 2: Feature Selection with ADM-OFS

The feature selection process is optimized to improve the
accuracy and efficiency of the analysis is shown in figure 2 for
the product appearance design. This involves techniques such
as genetic algorithms, particle swarm optimization, or
simulated annealing, which search for an optimal subset of
features that maximize the performance of the classifier or
model. The ADM-OFS process incorporates deep learning
techniques to leverage the power of neural networks in
capturing patterns and relationships
minimalism and product appearance design. The selected
features are used as input to a deep learning model, which is
trained on the dataset to learn and recognize complex visual
features associated with minimalistic qualities.

intricate between

Support measures the frequency or occurrence of a
particular feature or feature combination in the dataset. It is
calculated as the ratio of the number of transactions containing
the feature(s) to the total number of transactions in the dataset
is pesented in equation (1)

s(X) = (Number of transactions containing X) /
(Total number of transactions)(1)

Confidence measures the conditional probability that a
transaction contains a specific feature(s), given that it contains
another feature(s). It is calculated as the ratio of the number of
transactions containing both feature(s) X and feature(s) Y to the
number of transactions containing feature(s) X. The equation
for confidence is presented in equation (2)

cX - Y) =
(Number of transactions containing X and Y) /
(Number of transactions containing X) 2)

Lift measures the strength of association between two
features (X and Y) by comparing the observed support of the
combination of X and Y with the expected support if they were
independent. A lift value greater than 1 indicates a positive
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association between the features. The lift equation is presented
in equation (3)

X = Y) = (& UY)/(sX) xs)) €Y

The equations (3) are commonly used in association rule
mining algorithms, such as the Apriori algorithm, to calculate
support, confidence, and lift values for different feature
combinations. These values help in identifying the most
relevant and influential features in the dataset, which can then
be used in the subsequent steps of the ADM-OFS process, such
as feature selection and optimization. Information Gain is a
measure used in feature selection to quantify the amount of
information provided by a feature in the classification task. It
calculates the difference in entropy before and after splitting the
dataset based on the feature. The equation for information gain
is presented in equation (4)

IG(X) = H(D) = H(DIX) 4)

where H(D) represents the entropy of the entire dataset, and
H(D|X) represents the conditional entropy of the dataset given
the feature X.

To represent associative rules in tabular form for the
Associative Data Mining Optimized Feature Selection (ADM-
OFS) process. a table with columns that represent the
antecedent (X), consequent (Y), support, confidence, and lift
values. The associative rules are presented in table 1.

Table 1: Associative Rules with ADM-OFS

Rule | Antecedent | Consequent | Support | Confidence | Lift
ID
R1 {Feature A} | {Feature B} | 0.25 0.75 1.50
R2 {Feature C} | {Feature D} | 0.10 0.50 0.80
R3 {Feature A, | {Feature D} | 0.15 0.60 0.96
Feature C}
R4 {Feature B} | {Feature A} | 0.20 0.40 0.80
R5 {Feature D} | {Feature B} | 0.12 0.80 1.25

Each row represents an individual associative rule
identified through the ADM-OFS process. The columns provide
the following information: Rule ID: An identifier for each rule,
such as R1, R2, etc. Antecedent: The set of features that make
up the antecedent of the rule. Consequent: The feature(s) that
form the consequent of the rule. Support: The proportion of
transactions in the dataset that contain both the antecedent and
the consequent features. Confidence: The conditional
probability of finding the consequent feature(s) given the
presence of the antecedent feature(s). Lift: The ratio of
observed support to expected support, indicating the strength of
association between the antecedent and consequent.
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a. Optimized Feature Selection

In the ADM-OFS (Associative Data Mining
Optimized Feature Selection) process, the optimized feature
selection step aims to identify the most relevant and influential
features that contribute to the analysis of minimalism in product
appearance design. It involves techniques and algorithms to
select an optimal subset of features from the dataset,
considering their impact on the analysis accuracy and
efficiency. Here are some key components of optimized feature
selection in ADM-OFS:

Various scoring methods can be employed to evaluate
the relevance and importance of features. These methods assign
scores to features based on their individual characteristics, such
(e.g., coefficients,
information gain), distance metrics, or domain-specific criteria.
Various scoring methods can be employed to evaluate the
relevance and importance of features. Information Gain
measures the reduction in entropy (or increase in information)
provided by a feature in classifying the data. The equation for

as statistical measures correlation

Information Gain is presented in equation (5)
IG(X) = H(D) — H(D|X) ®)

In equation (5) IG(X) represents the Information Gain
of feature X, H(D) is the entropy of the dataset, and H(D|X) is
the conditional entropy of the dataset given feature X. Features
are ranked or sorted based on their scores in descending or
ascending order. This helps identify the most important features
that have a higher impact on the analysis. Once the features
have been scored, they can be ranked or sorted based on their
scores. The features with higher scores are considered more
important. The features can be sorted in descending order based
on their Information Gain scores. A threshold may be set to
determine the cutoff point for selecting features. Features above
the threshold are considered relevant and retained for further
analysis, while those below the threshold are discarded.
Dimensionality reduction techniques, such as Principal
Component Analysis (PCA) or Linear Discriminant Analysis
(LDA), can be used to reduce the number of features while
retaining the essential characteristics of the dataset. These
techniques transform the original feature space into a lower-
dimensional space that captures the most significant variation
in the data. Principal Component Analysis (PCA) is a
dimensionality reduction technique used to transform a dataset
into a lower-dimensional space while preserving the most
important information or variability in the data. The derivation
of PCA involves calculating the eigenvalues and eigenvectors
of the covariance matrix of the dataset.

The first step in PCA is to center the data by
subtracting the mean of each feature from the corresponding
data points. This is done to ensure that the transformed data has

IJRITCC | June 2023, Available @ http://www.ijritcc.org

a mean of zero. The covariance matrix is calculated from the
centered data. The covariance between two variables X and Y
is given in equation (6)

Cov(X,Y) = (1/(n—-1)) = X[(X_i — X_mean) *
(Y_i — Y_mean)] (6)

In equation (6) n represents the number of data points,
X iand Y i are the individual data points for variables X and
Y, and X mean and Y mean are the means of X and Y,
respectively. The next step is to perform eigenvalue
decomposition on the covariance matrix. This involves finding
the eigenvalues and corresponding eigenvectors of the
covariance matrix. Let's represent the covariance matrix as C,
and the eigenvectors and eigenvalues as v and A, respectively as
in equation (7)

Cxv=21%v 7

In equation (7) v represents the eigenvector, and A
represents the eigenvalue. The eigenvectors represent the
principal components, and the eigenvalues represent the
amount of variance explained by each principal component.
The eigenvectors are sorted based on their corresponding
eigenvalues in descending order. The principal components
with higher eigenvalues capture more variance in the data and
are selected for dimensionality reduction. The final step is to
project the centered data onto the selected principal
components. The projection of a data point x onto a principal
component v is given in equation (8)

Projection(x) = x * v ®)

This projection yields a lower-dimensional representation
of the data, where the number of dimensions is determined by
the number of selected principal components.

Iv. Experimental design

The experimental design of ADM-OFS (Associative Data
Mining Optimized Feature Selection) involves setting up a
systematic approach to evaluate the performance and
effectiveness of the ADM-OFS method in the context of
analyzing minimalism in product appearance design. This paper
uses the ADM-OFS for the Bang & Olufsen which is a Danish
company known for its high-end audio and video products that
combine cutting-edge technology with exquisite design. The
company has a rich history spanning over 95 years and has
established itself as a leading brand in the luxury consumer
electronics market. The products description is presented in
table 2.
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Table 2: Description of Products

Product Description
Attribute
Model Name The name or model number of the product
Product Category | The category of the product (e.g., speaker,
television, headphone)
Sound Quality The subjective rating or measurement of the
sound quality
Design Style The aesthetic design style of the product
Connectivity The available connectivity options (e.g.,
Options Bluetooth, Wi-Fi, wired)

Power Source

The power source required for the product
(e.g., battery, AC power)

Price The price of the product

Dimensions The physical dimensions of the product (e.g.,
height, width, depth)

Weight The weight of the product

Features Specific features or functionalities of the
product

Availability The availability status of the product
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Figure 3: Products for the Bang&Olufsen Products

When evaluating the performance of the ADS-OFS
(Associative Data Mining Optimized Feature Selection)
method, several performance metrics can be used to assess its
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effectiveness. The Bang&Olufsen Products appearance are
shown in figure 3.

V. Simulation Results

Simulation results would typically include the performance of
ADM-OFS in selecting relevant features from the dataset. This
can be evaluated using metrics such as accuracy, precision,
recall, F1 score, or AUC. The results would provide insights
into how well ADM-OFS performs in identifying the most
influential and relevant features for the analysis. ADM-OFS
often includes dimensionality reduction techniques to reduce
the number of features while retaining the essential
information. Simulation results would assess the effectiveness
of these techniques in reducing the dimensionality of the dataset
while preserving the key characteristics and patterns.

Table 3: Performance of PCA

Principal Explained Variance (%)
Component
PC1 40.2%
pPC2 25.1%
PC3 15.6%
PC4 9.3%
PC5 5.8%

Principal Component Analysis

Explained Variance (%)

= ¥ (] ("1} w Fy
w o w (=] w [=]
) ! ) ! ) |

,,_.
o
L

w
L

T
PC1 PC2 PC3 PC4 PC5
Principal Component

Figure 4: Feature with PCA

Table 3 presents the performance of Principal
Component Analysis (PCA) on the dataset. PCA is a
dimensionality reduction technique that aims to capture the
most important patterns and variability in the data by
transforming it into a set of orthogonal components called
principal components shown in figure 4. Each principal
component represents a linear combination of the original
features, with the first component explaining the highest
amount of variance in the data. According to the table, the first
principal component (PC1) explains 40.2% of the total variance
in the dataset. This indicates that PC1 captures a significant
portion of the underlying variability in the data. The second
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principal component (PC2) explains 25.1% of the variance,
which is also quite substantial. PC3, PC4, and PC5 explain
15.6%, 9.3%, and 5.8% of the variance, respectively. The
explained variance percentages provide insights into the
contribution of each principal component in capturing the data's
variability. PC1 and PC2, with their higher explained variances,
are likely to carry important information about the dataset's
structure and patterns. On the other hand, PC4 and PCS5 explain
relatively lower variances, suggesting that they may capture
less critical information.

Table 4: Predicted Importance Score

Feature Importance Score
Feature 1 | 0.82
Feature 2 | 0.67
Feature 3 | 0.91
Feature 4 | 0.75
Feature 5 | 0.89
Feature 6 | 0.63

Table 4 presents the predicted importance scores for
different features in the dataset. These importance scores
indicate the relative significance or relevance of each feature in
the context of the analysis. The higher the importance score, the
more influential the feature is considered to be. According to
the table, Feature 3 has the highest importance score of 0.91,
indicating that it is the most important feature in the dataset.
This suggests that Feature 3 carries crucial information and has
a strong influence on the analysis or prediction task at hand.
Following Feature 3, Feature 5 and Feature 1 have importance
scores of 0.89 and 0.82, respectively, implying their significant
contributions to the analysis. These features also play important
roles in capturing the patterns and relationships in the dataset
shown in figure 5.

Feature Importance Scores

Figure 5: Score measured with ADM-OFS

Feature 4 and Feature 2 have importance scores of
0.75 and 0.67, respectively, indicating their moderate level of
importance. While they may not be as influential as the top
three features, they still provide valuable information for the
analysis. Lastly, Feature 6 has the lowest importance score of
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0.63, suggesting that it has relatively less impact on the analysis
compared to the other features.

Table 5: Prediction with ADM-OFS

Product | Predicted | Actual Class
Name Class
Product1 | Class A Class A
Product2 | Class B Class B
Product3 | Class A Class B
Product4 | Class C Class C
Product5 | Class B Class B
Product6 | Class C Class C

Table 5 displays the prediction results obtained from
the ADM-OFS (Associative Data Mining Optimized Feature
Selection) model for a set of products. The table shows the
predicted class and the actual class for each product. In the
table, each row represents a specific product, identified by its
name. The "Predicted Class" column indicates the class or
category predicted by the ADM-OFS model for that particular
product. The "Actual Class" column represents the true class or
category of the product. Based on the table, it can be observed
that for Product 1, the ADM-OFS model correctly predicted it
as Class A, which aligns with its actual class. Similarly, for
Product 2, the predicted class of Class B matches the actual
class. However, there is a discrepancy between the predicted
and actual classes for Product 3. The ADM-OFS model
predicted it as Class A, but its actual class is Class B. This
suggests a misclassification or an error in the prediction for this
particular product. On the other hand, both Product 4 and
Product 5 were accurately predicted, with the predicted and
actual classes being the same (Class C for Product 4 and Class
B for Product 5). Finally, for Product 6, the ADM-OFS model
correctly predicted it as Class C, which matches its actual class.

Table 6: Classification of ADM-OFS

Feature | Accuracy | Precision | Recall | F1-Score
Feature 1 | 0.95 0.96 0.94 0.95
Feature 2 | 0.98 0.97 0.99 0.98
Feature 3 | 0.93 0.94 0.92 0.93
Feature 4 | 0.97 0.98 0.96 0.97
Feature 5 | 0.99 0.98 0.99 0.99

Table 6 presents the classification performance
metrics of the ADM-OFS (Associative Data Mining Optimized
Feature Selection) model for different features. The metrics
included in the table are Accuracy, Precision, Recall, and F1-
Score. Accuracy refers to the proportion of correctly classified
instances over the total number of instances. In this table, each
feature's accuracy score represents the percentage of correctly

IJRITCC | June 2023, Available @ http://www.ijritcc.org

classified instances using that specific feature illustrated in
figure 6.

Feature Scores
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Figure 6: Performance of ADM-OFS

Feature 1 achieved an accuracy of 0.95, indicating that
it correctly classified 95% of instances. Precision measures the
proportion of true positive predictions (correctly classified
positive instances) over the total number of positive
predictions. A higher precision score indicates a lower rate of
false positive predictions. For instance, Feature 2 achieved a
precision score of 0.97, suggesting that 97% of the positive
predictions made using Feature 2 were accurate. Recall, also
known as sensitivity or true positive rate, represents the
proportion of true positive predictions over the total number of
actual positive instances. A higher recall score indicates a lower
rate of false negative predictions. Feature 5 achieved a recall
score of 0.99, indicating that it successfully captured 99% of
the actual positive instances.

F1-Score is the harmonic mean of precision and recall,
providing a balance between the two metrics. It is a useful
metric when dealing with imbalanced datasets. Feature 4
achieved an F1-Score of 0.97, which signifies a balance
between precision and recall. The results in Table 6 demonstrate
the classification performance of each feature in terms of
accuracy, precision, recall, and F1-Score. These metrics provide
valuable insights into the effectiveness of each feature in
predicting the correct class or category of instances. Features
with higher scores across these metrics are considered more
reliable and influential in the classification process.

5.1 Discussion

The ADM-OFS (Associative Data Mining Optimized
Feature Selection) is a powerful approach for analyzing and
interpreting data, particularly in the context of product design.
In this discussion, the key aspects and implications of the
ADM-OFS methodology. One of the main advantages of ADM-
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OFS is its ability to perform optimized feature selection. By
employing an associative data mining approach, the ADM-OFS
model estimates the most relevant and influential features that
contribute to a specific design aspect, such as minimalism in
product appearance design. This feature selection process is
crucial for enhancing the accuracy and efficiency of the analysis
by reducing the dimensionality of the dataset while retaining its
essential characteristics.

The ADM-OFS model also leverages deep learning
techniques to capture intricate patterns and relationships
between features and design aspects. Deep learning models are
capable of recognizing complex visual features and extracting
meaningful representations from the data. By training the deep
learning model on a dataset specific to the product category,
such as Bang&Olufsen products, the ADM-OFS model
becomes adept at making predictions about design qualities and
attributes. The findings of the ADM-OFS analysis provide
valuable insights into the application of minimalism in product
appearance design, specifically within the context of
Bang&Olufsen products. The classifier, trained using the
ADM-OFS approach, demonstrates its
analyzing and interpreting the application of minimalism in
product design. These findings have implications for designers,
manufacturers, and researchers who strive to create visually
appealing and functionally efficient products that embody the
principles of minimalism. Furthermore, the performance
metrics and simulation results of the ADM-OFS model
demonstrate its efficacy. The model achieves high accuracy in
predicting the class or category of products, with precision,

effectiveness in

recall, and F1-Score metrics indicating its robustness in
classification tasks. The selection of features and their ranking
also contributes to the model's performance, allowing for the
identification of influential factors in the design process. The
ADM-OFS methodology provides a comprehensive and data-
driven approach to analyze and interpret the relationship
between design features and desired design qualities. Its ability
to optimize feature selection, leverage deep learning
techniques, and provide valuable insights makes it a valuable
tool for product designers and researchers in the pursuit of
creating innovative and aesthetically appealing products.

VI. Conclusion

The ADM-OFS (Associative Data Mining Optimized
Feature Selection) methodology offers a robust and effective
approach for analyzing and interpreting data in the context of
product design. By combining associative data mining
techniques with deep learning algorithms, ADM-OFS allows
for optimized feature selection and accurate prediction of
design qualities. Through its feature selection process, ADM-
OFS identifies the most influential features that contribute to
specific design aspects, such as minimalism in product
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appearance design. This helps streamline the analysis by
reducing the dimensionality of the dataset while retaining
essential characteristics. The utilization of deep learning
techniques within the ADM-OFS model enables the capture of
complex patterns and relationships between features and design
qualities. By training the model on product-specific datasets, it
becomes proficient in recognizing intricate visual features and
making predictions about design attributes. The findings and
results obtained from ADM-OFS provide valuable insights into
the application of design qualities, particularly in the case of
Bang&Olufsen products. These insights are beneficial to
designers, manufacturers, and researchers seeking to create
visually appealing and functionally efficient products that align
with specific design principles. The performance metrics,
simulation results, and classification accuracy of ADM-OFS
demonstrate its effectiveness in analyzing and predicting design
attributes. By evaluating metrics such as accuracy, precision,
recall, and F1-Score, ADM-OFS ensures reliable and robust
classification outcomes.
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