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Abstract

This study aims to predict Turkish consumer preferences for smart tablets on e-commerce
platforms, focusing on consumer behavior in a developing country context. Key prod-
uct attributes—such as processor speed, screen size, internal storage capacity, display
resolution, RAM, processor core count, and battery capacity—were collected from major
e-commerce websites in Turkey. Data analysis indicated that consumers predominantly pre-
fer tablets with processor speeds between 1-3 GHz, internal storage capacities of 32-64 GB,
2-3 GB of RAM, screen sizes of 7-11 inches, and battery capacities between 5001-8000 mAh.
To predict the most preferred tablet configurations, Artificial Neural Networks (ANNS5),
Deep Neural Networks (DNNs), and Random Forest (RF) models were developed and
evaluated. Among these, the ANN model achieved the highest prediction accuracy, par-
ticularly regarding RAM preferences. The findings contribute to the growing body of
research on consumer behavior modeling in emerging markets and may assist manufac-
turers and marketers in shaping strategic decisions related to product development and
online retail strategies.

Keywords: smart tablets; e-commerce; machine learning; consumer behavior; forecasting
models; emerging markets

1. Introduction

The retail industry has perpetually grappled with substantial dynamics and fierce
competition, necessitating a high degree of adaptability from the participants within their
respective retail segments [1]. The concept of the “wheel of retailing” [2] remains in constant
motion, with the emergence of innovative store formats replacing established ones, serving
as a pivotal aspect of retail history. This trend dates to the late 19th century with the advent
of Parisian establishments like “La Samaritaine” and “Le Bon Marche” [3], which earned
the moniker “retail cathedrals” for their pioneering introduction of experiential shopping.

Influenced by economic advancement and scientific breakthroughs, the retail sector
has been experiencing a continuous transformation [4]. The advent of the Internet has
exerted a profound influence on what we consider as “conventional retail formats” [5,6] and
has fundamentally altered the way consumers make purchases of goods and services [7].
Nowadays, retail purchases can be made traditionally in stores or over the Internet. The
use of e-commerce has been supported by the rapid developments in information and
communication technologies and the widespread adoption of the Internet. Thus, the
role of this trading method has increased in many industries [8]. The number of people
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shopping online has increased rapidly, and e-commerce has become a dominant retail
channel. At the same time, there has been strong growth in online sales in recent years [9].
However, despite all the developments, traditional sales methods constitute most sales in
general [10]. Although the Internet has the best price comparison value, consumers may
prefer products in physical stores because they can have them immediately [11]. In this
context, there are different features of shopping in the store and online. The variety of
sales channels is an advantage for both producers and consumers [12]. As digital channels
continue to gain widespread popularity, the marketing landscape is evolving towards the
adoption of a multichannel approach, where retailers actively participate in both online and
offline channels for advertising and selling their products. This multichannel marketing
environment has given rise to new shopping behaviors, including showrooming (wherein
consumers browse product information in physical stores but make their actual purchases
online) and webrooming (whereby consumers explore product details online but complete
their purchases in physical brick-and-mortar stores) [13,14].

There have also been some changes in the management activities of enterprises with
electronic commerce. All information in businesses is in an electronic environment. Thus,
all stakeholders inside or outside the enterprise can obtain the information they want at any
time without the need for anyone and at any time. This accelerates businesses. Businesses
have gained mobility with the speed performance brought by electronic commerce and
can respond to the changing demands and needs of their customers in a short time [15].
Manufacturers and retailers have had to adapt their production and marketing strategies
to remain competitive in this rapidly evolving digital landscape.

In recent years, technological products have become indispensable in our lives. One
of the most used technological products is smart tablets. Consumers can buy these smart
tablets from various sites that sell over the Internet. However, when consumers buy these
tablets, they compare various features on e-commerce sites and buy the products that are
most suitable for their needs and finances.

Marketing strategies that deliver personalized value propositions to customers include
both individually customized product or service offerings and relationship-building efforts
based on each customer’s specific attributes [16]. These approaches have become a crucial
source of competitive advantage in today’s data-driven and knowledge-based business
environment [17-20]. Companies strive to identify the features consumers prioritize when
purchasing technological products; however, uncovering such insights is often challenging
due to the vast and complex nature of the data involved.

Data mining techniques are instrumental in extracting meaningful patterns and knowl-
edge from such large and unstructured datasets. Compared to traditional statistical meth-
ods, data mining provides more powerful, flexible, and effective tools for knowledge
discovery [21,22]. In scientific research, data mining has been widely employed across
various fields—including marketing, furniture design, energy, healthcare, and consumer
behavior studies—to derive actionable insights from data [23-27].

Among contemporary machine learning techniques, artificial neural networks (ANNs),
deep neural networks (DNNs), and random forest (RF) algorithms stand out as some
of the most frequently applied and effective approaches for predictive analytics and
classification tasks.

2. Objective of Research

This study aims to identify which product features—such as processor speed, screen
size, storage capacity, resolution, system memory, number of processor cores, and battery
power—are most influential in Turkish consumers’ preferences for best-selling smart tablets
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on e-commerce platforms. Among these attributes, screen size was selected as the primary
variable to be predicted due to its strong role in user experience and product comparisons.

To model this preference, three well-established machine learning methods—artificial
neural networks (ANNSs), deep neural networks (DNNSs), and random forest (RF)—were
employed. The selection of artificial neural networks (ANNSs), deep neural networks
(DNN ), and random forest (RF) models was based on their demonstrated efficacy in
prior studies focusing on consumer behavior and predictive modeling in e-commerce
contexts [28-30]. These models offer complementary strengths: ANNs and DNNs are
particularly adept at capturing nonlinear relationships in structured data, while RF provides
a robust, interpretable ensemble-based benchmark resistant to overfitting. Although other
classifiers such as Support Vector Machines (SVMs) and XGBoost are also widely used,
they were excluded in this study to maintain focus on model diversity across neural and
tree-based methods, and to ensure transparency and interpretability in a moderately sized
dataset. Following the prediction phase, a simulation process was conducted to determine
the optimal values of other features that lead to the most accurate screen size predictions.
Finally, the R? and accuracy metrics were evaluated to assess the models’ predictive
performance for other key product features. This study contributes to the literature by
applying machine learning models to analyze consumer preference data in a developing
country context, specifically within the Turkish e-commerce ecosystem.

To enhance the focus and clarity of this study, the following research question and
hypothesis are proposed:

Research Question:

What are the most significant product features influencing Turkish consumers’ smart
tablet preferences on e-commerce platforms, and which machine learning model provides
the most accurate predictions of these preferences?

Hypothesis:

Among the tested machine learning models—artificial neural networks (ANNs), deep
neural networks (DNNs), and random forest (RF)—the ANN model will yield the highest
prediction accuracy for smart tablet preferences, due to its adaptability to structured
consumer data and moderate dataset sizes.

Screen size was selected as the primary prediction variable due to its strong influence
on user satisfaction, visual usability, and content engagement in mobile and tablet devices.
Prior research has shown that larger screen sizes are often associated with better multimedia
experience, easier readability, and overall higher perceived value by consumers [31,32].
These findings are especially relevant in the context of e-commerce, where visual product
evaluation is key to decision-making [33].

3. Literature Review
3.1. Electronic Commerce

Electronic commerce (e-commerce) can be defined as the set of activities or services
related to the buying and selling of products or services over the Internet [34,35]. Firms are
increasingly engaging in e-commerce due to the growing demand for online services from
customers and its potential to establish a competitive advantage [36-39].

The emergence of electronic commerce (EC) has spurred extensive research, making
EC itself a subject of substantial interest and investigation. Numerous researchers have
conducted comprehensive literature reviews in the field of EC. Among the earliest efforts
to bring clarity to the diverse landscape of EC research was Clarke (2000), who focused
on addressing quality concerns in EC studies [40]. Urbaczewski et al. (2002) highlighted
the inherently interdisciplinary nature of EC research [41]. These studies have contributed
to a better understanding of early EC research. Some studies have analyzed research
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trends in EC and proposed future directions accordingly. Wareham et al. (2005) examined
the major EC research topics and methodologies, suggesting that ongoing technological
advancements continually impact the field, necessitating the evolution of EC research [42].
Using stakeholder theory, Chua et al. (2005) identified a strong research focus on customers
and internal organizational factors, suggesting that less-explored areas warrant greater
attention as the e-commerce phenomenon continues to mature [43]. In a review conducted
by Lee and collaborators (2007), EC articles published in EC specialty journals, information
systems (IS) journals, and marketing journals were analyzed [44]. Their findings revealed
that IS journals tend to draw on economic theories, while EC specialty journals play a
pivotal role in redefining the scope of EC research [45].

In today’s business landscape, companies offer a wide array of personalized consump-
tion experiences, which benefit both consumers by helping them find the most suitable
products [43] and companies by fostering increased customer loyalty [46,47]. These per-
sonalization practices essentially involve tailoring various components of the marketing
mix, as discussed by Montgomery and Smith (2009) and Tam and Ho (2006) [48,49]. Some
scholars have emphasized the significance of personalization, especially in electronic con-
sumer experience contexts [50]. These contexts include e-commerce personalization [51],
website personalization [52], and technology-mediated or technology-enabled personaliza-
tion [20,53,54].

E-commerce personalization involves delivering content tailored to customer charac-
teristics to improve business outcomes for e-commerce platforms. Website personalization
is an automated process that identifies users by monitoring their online behavior, gen-
erating patterns based on similar users” movements, and then delivering personalized
content related to products, communication, and pricing according to their preferences.
Technology-mediated or technology-enabled personalization refers to customized interac-
tions and services created using customer databases and application software. The recent
rise of cognitive technologies such as big data analytics, machine learning, and artificial
intelligence has further elevated the importance of personalization across nearly every
business domain [20,55].

According to Aw et al. (2021), 74% of consumers engage in webrooming [56], while
57% practice showrooming [57]. This suggests that online and offline channels complement
each other rather than compete. Consequently, retailers should develop integrated mar-
keting strategies that combine both online and offline elements to meet today’s consumer
preferences [14,56]. Some researchers further argue that information asymmetries between
sellers and buyers hinder optimal purchasing decisions. Therefore, consumers often engage
in multichannel shopping behavior to obtain more information about products, services,
and prices during the decision-making process [58,59].

Numerous studies have shown that personalization and tailored marketing strategies
significantly influence consumer behavior in e-commerce contexts, especially in technology-
related purchases. Consumers evaluate tablets based on factors such as screen size, bat-
tery life, and brand reputation, which are often decisive in their purchase decisions on
online platforms.

3.2. Artificial Intelligence

Artificial intelligence (AlI) is one of the technologies used in e-commerce that can
accurately interpret external data, learn from this data, and use the acquired knowledge to
achieve specific goals and tasks through flexible adaptation [39]. According to PwC’s 2020
report, the global artificial intelligence (AI) market is anticipated to reach a valuation of
$15 trillion by 2030, reflecting the rapid expansion of Al technology [60,61]. The utility of
Al extends significantly across various sectors, including consumer products, corporate
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services, advertising, financial investment advisory, and media and entertainment. Notably,
the retail sector stands out as the primary beneficiary of Al, as emphasized by Bughin
et al. (2018) [62], underscoring the potential for Al implementation to provide substantial
advantages for retailers [61].

Regarding Al applications in the retail sector, retailers are encouraged to adopt Al-
driven data management strategies to enhance their business processes and create value,
as highlighted by Cao (2021) [63]. As a result, researchers have initiated investigations
into various Al techniques such as text mining, chatbots, speech recognition, image recog-
nition, data mining, and machine learning. These studies have determined that the use
of such tools can be particularly beneficial in areas like product pricing, promotions, cus-
tomer service management, and, crucially, the analysis of VIP marketing budget allocation,
repurchase timing, and consumer journey mapping in the retail domain [61,64—66].

Recent advancements in computer processors and graphics processing units (GPUs)
have led to a rapid expansion in artificial intelligence research, particularly in text classi-
fication. One notable study in this field focused on the classification of news articles and
sentiment analysis in the Turkish language [67]. This study utilized the Turkish Text Clas-
sification 3600 (TTC-3600) dataset. The approach, which employed convolutional neural
networks (CNNs) along with the Word2Vec word embedding technique, outperformed
traditional statistical and machine learning-based classification algorithms, achieving an
impressive accuracy of 93.3%.

Another study involving Turkish text classification and sentiment analysis categorized
text into three classes: positive, negative, and neutral. Conducted by Santur (2019), this
research introduced a deep learning model that achieved remarkable accuracy of 95% by
analyzing 243,000 customer reviews using the gated recurrent unit (GRU) architecture [68].

In a separate investigation, Caner and Erten [69] trained and evaluated intrusion
detection models using the CICIDS 2017 dataset [70]. They specifically focused on data
related to distributed denial-of-service (DDoS) attacks and tested various neural network
architectures, including multilayer perceptron (MLP), long short-term memory (LSTM), and
GRU networks. After analyzing the results, it was observed that there was no significant
difference in performance between the GRU and LSTM networks [71].

3.3. Data Mining

Data mining methods have found extensive applications in the realm of organizational
computing and e-commerce, facilitating the extraction of hidden insights and meaningful
patterns from vast datasets [72]. These methodologies empower businesses to analyze
customer behaviors and anticipate future trends or customer attrition. Illustrative domains
where such applications have proven valuable include healthcare, intelligent transporta-
tion systems (ITS), intrusion detection, stock market monitoring, and real estate data
analysis [73].

In the age of big data, user actions can be tracked through data mining, life paths
can be reconstructed, and each customer can be associated with specific attributes. In
the field of commerce, one of the most widely used referral services involves extracting
frequent item sets from transaction databases for shopping basket analysis. Consequently,
some researchers argue that precision marketing is a powerful strategy for businesses to
maximize their profits [74].

Other scholars, considering the relationship between big data and precision mar-
keting within practical business contexts, propose that precision marketing involves the
detailed analysis of large-scale consumer data including income, expenditure, and online
advertisement click frequency. This analytical approach enables the scientific prediction
of consumer demands, preferences, and behaviors, thereby allowing businesses to offer
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personalized products and services tailored to individual customers. It provides valuable
insights for segmenting consumer groups based on personal data, transaction histories,
and CRM records. However, it also requires in-depth technical exploration involving
data mining and machine learning techniques before achieving the goal of personalized
recommendations [75].

3.4. Machine Learning

Artificial intelligence (AI), machine learning (ML), and deep learning (DL) are often
mistakenly used interchangeably. In this study, we follow the common scientific con-
sensus where Al is considered the overarching field that includes ML as a subset, and
DL as a further subset within ML. Although this study focuses on deep neural networks
(DNNs), we acknowledge that DL also includes other architectures such as Transformers
and Mamba models.

The scalability of machine learning techniques is well-suited for our data-intensive
application, and the orthogonalization of signals is crucial for mitigating potential biases
related to model selection or overfitting [76].

Machine learning models enhance the traditional design process and are utilized in all
phases of concept generation and evaluation. During the testing phase, predictive models
can help eliminate designs that are expected to perform poorly in theme clinics. By focusing
on product images with high potential, the traditional design workflow can be improved
in several ways. Accurate predictions provide rapid feedback, allowing the design team to
iterate more quickly. Additionally, theme clinics become more efficient and effective since
less respondent time is spent evaluating images predicted to score low [77]. Consequently,
companies benefit from shorter product development cycles and cost savings due to a
reduced product “drop rate,” meaning that fewer design concepts are discontinued in later
stages [78,79]. Finally, detailed quantitative assessments help preserve aesthetic designs
from being altered in the later stages due to engineering, manufacturing, or accounting
influences [80-82].

Significant studies have been published on the application of machine learning in
marketing. For instance, a study titled “Machine Learning in Marketing: Recent Devel-
opments and Future Research Directions” explores how algorithms are revolutionizing
marketing decision-making processes such as consumer targeting and predictive modeling.
The study also addresses the challenges and opportunities of machine learning applications
in marketing and outlines a framework for future research in this area [83].

Another study investigates various machine learning techniques used in marketing
tasks such as customer segmentation, predictive modeling, and Al-assisted personaliza-
tion [84].

3.5. The Use of Artificial Intelligence, Data Mining, and Machine Learning in
Marketing Strategies

Tables 1-3 show some studies using artificial intelligence, data mining, and machine
learning methods in the field of marketing [85-101].

As seen in the grouped studies above, much of the recent literature emphasizes the
application of Al and machine learning to improve e-commerce recommendation systems,
customer segmentation, and user engagement. However, there remains a limited number
of studies applying these methods to region-specific datasets, especially from developing
economies like Turkey. Furthermore, few papers compare multiple Al models (e.g., ANN,
DNN, RF) on the same dataset to extract behavioral insights from consumer preferences.
This study aims to address that gap.
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Table 1. Overview of methodological approaches used in consumer preference prediction.

. Key . e
Research Title Authors Journal Country Data Type/Sample = ML Method Used Findings/Contribution Main Contribution
Impacts of Generative Al on Investigates the role of
User Contributions: . . . . User behavior on Generative Al boosts engagement generative Al in influencing user
Evidence from a Coding Xinyu Li, Keongtae Kim  Marketing Letters UsA Q&A platform Al'models in coding platforms engagement and contribution
Q&A Platform patterns in coding communities.
Machine Learning Investigates the effectiveness of
Approaches to Sentiment E. Sahin and F. Ozkan Information Turke Social media Machine ML improves machine learning algorithms in
Analysis in Social ’ ’ Development y sentiment data Learning (ML) sentiment classification  analyzing consumer sentiments
Media Marketing expressed on social media.
AlL-Powered Compares various Al
. . . algorithms used in product
Recommendation Systems Journal of Theoretical . Comparative accuracy .
. . . E-commerce Comparative . . recommendation systems,
in E-Commerce: A A. Yildirim, S. Kog and Applied Electronic ~ Turkey . in recommendation .
. product data ML algorithms focusing on accuracy and
Comparative Study Commerce Research systems - .
. efficiency in
of Algorithms
e-commerce platforms.
Demonstrates the use of deep
Real-Time Customer Journal of Theoretical . . learning models for dynamic
. . . . Customer Deep Dynamic segmentation .
Segmentation Using Deep Z.Polat, T. Acar and Applied Electronic Turkey . . . K customer segmentation to
o segmentation data learning models via deep learning o .
Learning in E-Commerce Commerce Research optimize targeted marketing in
online retail.
Applies various machine
Predicting E-Commerce learning models to predict
ansumer P}references D. Nguyen, M. H. Tran  Applied Sciences Vietnam Consumer Various ML models Accurate prediction of consumer choices in .
Using Machine preference data e-commerce preferences  e-commerce, emphasizing
Learning Models feature selection and model
performance.
Investigates the application of
Deep Learning-Based Online shoppin Better deep learning models for
Recommender Systems for F.Lin, K. Lee Applied Sciences Taiwan ppig Deep learning recommendations using  improving the accuracy of
. . platform usage :
Online Shopping Platforms deep models product recommendations
in e-commerce.
. Demonstrates how random
Customer Behavior forest and neural network
Analysis in Online Retail J. Chen, Y. Zhao Applied Sciences China Retail customer Random Forest, Behavior prediction models can be utilized to

Using Random Forest and
Neural Networks

behavior data

Neural Networks

with hybrid models

analyze and predict online
customer behaviors.
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Table 2. Summary of application areas where ANN, DNN, and RF models are commonly used.

. Key . e
Research Title Authors Journal Country Data Type/Sample = ML Method Used Findings/Contribution Main Contribution
The Website Through Gen i i
Zs EYGS: Key' Insights for Hana Volfova Marketm'g S.c1ence Czech Republic Survey Wlth Gen Qualitative analysis Strategic guldance for promotion, offering strategic
Effective Online PR and Inspirations Z participants PR targeting Gen Z T ) -
. . . guidelines for improving
Promotion of Universities -
digital engagement.
Presents a comprehensive
Custom?r Insights for Stefan Stremersch, Elke . Framework for framework f(?r lev?raglpg
Innovation: A Framework Journal of the Academy Framework and Al-based strategic . . . customer insights in driving
Cabooter, . . Netherlands . . innovation using . . .
and Research Agenda of Marketing Science academic analysis framework . innovation and marketing
. Nuno Camacho customer insights . .
for Marketing strategies using
Al-based approaches.
Corporatg Sustamabﬂlty Youngtak M. Kim, Neil Review on . Analyzes the rqle of. AI in
Research in Marketing: . Journal of the Academy L Al tools for Al supports sustainable  corporate sustainability
. T. Bendle, Michael D. . . USA sustainability . : . Ll .
Mapping Progress and of Marketing Science sustainability marketing practices initiatives to improve
> . Pfarrer research . .
Broadening our Perspective marketing strategies.
Data Mining Techniques for . . . Effective forecasting Demoqstr ates the application of
o Information Online retail . . - data mining methods to forecast
Predicting Consumer C. Arslan and D. Kaya Turkey . Data mining using mining - -
.2 . . Development transaction data . purchasing patterns in
Behavior in Online Retail techniques
e-commerce platforms.
Personalized Marketing Examines the 1mplgm§ntat10n of
. . . Enhanced Al-based personalization
Strategies Using Al: A Case . Information Case study - - .
> G. Celik and H. Aksoy Turkey . Al personalization personalization techniques to enhance
Study in the Development in telecom . ] .
L in telecom marketing efforts in
Telecommunications Sector . .
telecom industries.
Explores how blockchain can be
Blockchain Integration in Journal of Theoretical . . integrated into e-commerce
. . - . ] Blockchain usage Blockchain Trust and transparency -
Online Retail: Enhancing B. Ugar, M. Yavuz and Applied Electronic ~ Turkey : . . . platforms to improve data
¢ in retail technology via blockchain
Transparency and Security Commerce Research transparency and
consumer trust.
Artificial Intelligence in Rg\{lews the integration Of. Alin
Digital Marketing: Digital marketing Review of Al uses digital marketing, discussing
gral ¥ ’ A. Kumar, P. Sharma Applied Sciences India R Review study practical applications and
Applications and applications and challenges .
challenges in customer
Challenges . -
behavior prediction.
A Study on the Impact of E*plores the mﬂuenc.e of
Product Attributes on Product attributes Data mining Impact of product different product attributes on
S. Park, J. Kim Applied Sciences South Korea consumer choices in online retail

Consumer Choice Using
Data Mining Techniques

and choices

techniques

features on choices

environments using data
mining approaches.
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Table 3. Identified research gaps in smart tablet preference modeling.

Key

Findings/Contribution Main Contribution

Research Title Authors Journal Country Data Type/Sample = ML Method Used

Explores how Al-driven data

Leveraging Al for Enhanced Al-driven analytics Improved engagement

Customer Engagement in A. Demir and B. Yilmaz Information Turkey in emerging Al an.alytlcs through Al in emerging analytics can imp rove C.ustomer
. Development techniques engagement strategies in
Emerging Markets markets markets - .
developing economies.
Analyzes the impact of
Integrating Al Chatbots er . Information Chatbot usage data Chatbots improve Al-powered .Chatb.OtS on
Improved Customer Service I Kuru and J. Demirtas Turkey . . Al chatbots . . . customer satisfaction and
Development in banking service and satisfaction

in Financial Services operational efficiency in the

banking sector.
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4. Materials and Methods
4.1. Materials

The smart tablet, which is one of the most used retail technological products today,
was chosen as the research subject. Features such as processor speed, screen size, capacity,

resolution, system memory, number of processor cores and battery power were examined
in the tablet. The process flow in the study is given in Figure 1.

DATA COLLECTION
FROM E-COMMERCE SITES |

Y

DATA PREPROCESSING
& NORMALIZATION

A 4

[ MODELING TECHNIQUES ]

[Al‘\VIN][DI‘\'lNJ[ RF |

MODEL EVALUATION &
OPTIMIZATION

y

[ SIMULATION |

y

RESULTS &
COMPARISON

Figure 1. The workflow of the study outlining all stages of data analysis and model implementation.

Figure 1 illustrates the sequential process followed in this study, which includes data
collection, preprocessing, machine learning model training and optimization, simulation
with test data, and final comparison of model outcomes.

4.2. Obtaining Data

The dataset was constructed by selecting the 500 best-selling smart tablets from leading
Turkish e-commerce platforms based on their sales rank. Sales rank was determined by
the platform’s internal algorithm reflecting popularity and purchase frequency over the
previous 3-month period. This approach ensured that the sample reflects the actual market
preferences of consumers. Table 4 presents the main features of these popular tablets, as
obtained from the relevant e-commerce sources.
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Table 4. Features of top-selling smart tablet products from major Turkish e-commerce platforms.

. Screen Random- Number of
Screen Size Storage . Battery Power Processor
(Inc.) Capacity (GB) Res?lutlon Access Processor (mAh) Speed (GHz)
(Pixels) Memory (GB) Cores
7-9 16 1024 x 600 1 1 2000-5000 1-2
9.1-11 32 1280 x 800 2 2 5001-8000 2.1-3
11.1-13 64 1920 x 1200 3 4 8001-11,000
128 2560 x 1600 4 6
256 6 8
8

To ensure the reliability and accuracy of the models, several preprocessing steps
were applied to the dataset. First, the screen size classes were evaluated and found to
be reasonably balanced across the dataset, minimizing any class imbalance bias. Second,
categorical variables were encoded: ordinal variables (e.g., screen size categories) were label
encoded, while nominal variables were transformed using one-hot encoding. Third, records
with missing values were excluded from the analysis to maintain data integrity. Finally,
the data were normalized and pre-processed to prepare them for model training, using
min-max scaling to ensure that variables on different scales did not disproportionately
affect the learning process.

4.3. Modeling of Data

In this study, supervised machine learning models (ANN, DNN, and RF) were used to
predict Turkish consumers’ smart tablet preferences based on structured data collected from
e-commerce platforms. After the training and evaluation of these models, a simulation
phase was conducted using unseen or test data. This simulation aimed to assess the
generalizability and robustness of the trained models under hypothetical usage scenarios.

Artificial neural networks (ANNs) are among the fastest-developing information
processing techniques in the field of artificial intelligence. Artificial neural networks are
increasingly used in solving complex problems due to their success [102-104]. The deep
learning model, also called deep neural networks (DNNSs), is one of the most powerful
machine learning methods. The deep learning model can map unorganized low-level
features to high-level representations of hidden data that are more suitable for a final
classification problem. This feature can better model complex sequence structures [105-108].
Random forest (RF) algorithms are widely used for predicting. These algorithms are easy
to interpret and fast to calculate [22,109]. Multilayered artificial neural networks, deep
learning, and random forest models, which are data mining methods, were used in data
analysis due to these superior features.

Artificial neural networks (ANNSs) are inspired by the biological structure of the
human brain and are composed of interconnected processing units known as neurons.
These models learn from data by adjusting the connection weights through optimization
techniques such as gradient descent and backpropagation. In this study, the ANN model
was implemented using a multilayer perceptron (MLP) architecture, which included one
hidden layer containing 50 neurons and utilized the ReLU activation function. The model
was trained on 80% of the dataset, with a learning rate of 0.1 and momentum of 0.3, using
the backpropagation algorithm.

Deep neural networks (DNNs) build upon the basic structure of ANNs by introducing
multiple hidden layers, which enable the learning of more abstract and complex data
representations. This layered design makes DNNs especially effective for identifying
intricate patterns. In this study, the DNN model was designed with multiple hidden
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layers and trained across several epochs. To reduce the risk of overfitting and improve
generalization, techniques such as dropout and regularization were applied during training.

For the DNN model, a deeper network architecture with three hidden layers (64, 32,
and 16 neurons, respectively) was implemented, using ReLU activations and a dropout
rate of 0.2 to prevent overfitting. The model was trained for 10 epochs with early stopping
criteria and optimized using a maximum weight constraint (Max_w2) of 1.36112 and a run-
time limit (Max_runtime_seconds) of 30 s. These settings were selected to ensure a balance
between model complexity and training efficiency. The optimization helped the model
achieve competitive accuracy and error metrics compared to the other methods employed.

Random forest (RF) is an ensemble learning technique that generates a collection of de-
cision trees and aggregates their outputs to improve prediction accuracy. For classification
tasks, it predicts based on the majority vote among trees, while in regression tasks, it uses
the average of predictions. RF is particularly valued for its resistance to overfitting and
effectiveness in processing datasets with numerous features. In this study, the RF model
was configured with 31 decision trees, each having a maximum depth of 39. The gain ratio
was employed as the splitting criterion to enhance the quality of node divisions.

To improve clarity and comprehension, a visual comparison of the architectures of
these algorithms is provided in Figures 2-5. The models were implemented in RapidMiner,
and hyperparameters were optimized using built-in parameter tuning operators.

4.3.1. Artificial Neural Network Model

Artificial neural networks are known as massively parallel distributed processors that
can simulate the behavior of a biological neural network [110]. They have a good non-linear
mapping capability that enables the network to accurately capture the complex relationship
in the data structure [111]. The function of artificial neural networks is like the human
brain in two respects: (1) the network acquires information through a learning procedure;
and (2) the connection forces are used to store the acquired information [111-114]. Artificial
neural networks are divided into single-layer and multilayer types. Multilayer neural
networks give more successful results in predicting the data we want. There are 3 layers in
the multilayer artificial neural network model. The first layer and the last layer are the input
and output layers, respectively. The middle layer is known as the hidden layer [115,116]. In
our implementation, the artificial neural network consisted of one input layer, two hidden
layers, and one output layer. Each hidden layer contained 16 neurons. We used the ReLU
(Rectified Linear Unit) activation function in the hidden layers due to its efficiency and
ability to handle non-linearity in structured numerical data, which fits the nature of our
input features (e.g., processor speed, RAM, screen resolution). For the output layer, we
applied a linear activation function, as the target variable (screen size category) was treated
as a continuous numerical range.

The model was trained using the Adam optimizer, which was selected for its adaptive
learning rate and fast convergence on tabular data. Alternatives like Shampoo or Lion are
typically suited for large-scale models with high-dimensional data such as transformers,
which were not applicable in this study.

The dataset consisted of seven normalized numerical features: processor speed (GHz),
storage capacity (GB), screen resolution (pixels), RAM (GB), number of cores, battery power
(mAh), and screen size (inches). These features were grouped into meaningful value ranges
to improve training efficiency and generalization performance.

The basic unit in ANN layers are processing elements called neurons. Figure 2 shows
the general structure of the artificial neural network model.
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hidden layer

input layer

{ <€ neuron j

Figure 2. General structure of the artificial neural network (ANN) model as proposed in prior
studies [116].

An ANN needs a training process to perform a desired task. Training is the process of
adjusting link weights with a learning procedure. After the training process, the network
can be used to make decisions or identify relationships on new input datasets. It is worth
noting that the weights only acquire meaningful information after the training process;
prior to training, they do not carry any significant value. Backpropagation is known as one
of the most robust algorithms for the training process [117,118]. After the training process,
the network goes into the testing process. In this process, the network makes predictions.

All input features were normalized using min—-max scaling prior to training. Batch or
layer normalization was not applied, as the tabular nature and limited size of the dataset
did not necessitate it.

4.3.2. Deep Learning Model

Deep learning algorithms can be viewed as structurally more advanced forms of
multilayer artificial neural networks, characterized by multiple hidden layers between
the input and output layers [110,111]. These deeper architectures enable the extraction of
more abstract and hierarchical features from the data [108,111]. In this study, deep neural
networks (DNNs) were selected as the deep learning architecture due to their proven
performance and strong compatibility with structured, tabular datasets.

While the broader field of deep learning includes sophisticated models such as Trans-
formers and Mamba architectures, DNNs were chosen for their established reliability and
interpretability within consumer preference modeling. To minimize conceptual ambiguity,
the distinctions among artificial intelligence, machine learning, and deep learning are
clarified in Section 3.4.

Deep feed-forward networks, a common form of DNN, can map low-level input
features into more meaningful high-level representations through multiple layers of non-
linear processing. With sufficient depth and training, these models can capture complex
relationships in the data, facilitating both classification and regression tasks. Furthermore,

https:/ /doi.org/10.3390/app16020832


https://doi.org/10.3390/app16020832

Appl. Sci. 2026, 16, 832 14 of 34

recurrent variants of deep learning incorporate feedback loops to model dynamic temporal
sequences, often used in natural language processing applications [108,119,120].

Unlike conventional machine learning algorithms, deep learning models typically
require larger datasets and more advanced computational resources [110,111]. The overall
structure of the deep learning model utilized in this study is illustrated in Figure 3.

Deep neural network
Input layer Multiple hidden layers Output layer

Figure 3. Architecture of the deep learning (DNN) model based on multiple layers [121].

The mathematical expression used to calculate the desired dependent variable in
multilayer networks is given in Equation (1). The variables in this equation are given in
Figure 4.

x_;Q
X2_>©
x3_>Q

&

X,,_>

Figure 4. Example of a multilayer neural network used in prediction models [122,123].
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In Equation (1), Y is the predicted value of dependent variable; X; is the input value of
the ith independent variable; wj; is the connection weight between the ith input neuron
and the jth hidden neuron; (3j is the value of the bias of the jth hidden neuron; 0 is the value
of the bias of the output neuron; v; is the connection weight between the jth hidden neuron
and the output neuron; g(.) and f(.) are the activation functions for the hidden and output
layers, respectively [122,123].

4.3.3. Random Forest Model

Random forests or random decision forests are an ensemble learning method for
classification, regression, and other tasks that work by generating many decision trees
at training time. The random forest output for classification tasks is the class chosen
by most trees. For regression tasks, the mean or mean estimate of individual trees is
returned [124,125]. A random forest is a classifier consisting of tree structure classifiers

{h(x,0k), k=1, ...}, where { } k © are independent, uniformly distributed random vectors,

and each tree gets a unit vote for the most popular class in the entry x. This definition
shows that RF is a combination of many tree structure classifiers. In Breiman’s RF model,
each tree is planted based on a training sample set and random variable, denoted as the
random variable k ® corresponding to the kth tree, which is independent and uniformly
distributed between any two of the random variables, resulting in a classifier (x, ) kh ©,
where x is the input vector. After K times we get the classifier array {h1(x), h2(x), hk(x)} and
use it to build a multiple classification model system; the result of this system is drowned
by ordinary majority vote and the decision function

H(x) = arg max_Y Z i=1tok) I(hy(x)=Y) 2)

where H(x) is the combination of the classification model, hi is a single decision tree model,
Y is the output variable, I(-) is the indicator function. For a given input variable, each tree
has a vote to choose the best classification result [126].

The general structure of the random forest model is given in Figure 5.

|
D (s
PO 3

o0 —

DECISION TREE-1 DECISION TREE-2 DECISION TREE-N
RESULT-1 RESULT-2 RESULT-N

|——> I MAJORITY VOTING / AVERAGING |4—|

FINAL RESULT

Figure 5. Schematic structure of the random forest (RF) model applied in this study [127].

4.4. Implementation

RapidMiner10.1 software was used to apply artificial neural networks, deep learning,
and random forest models. RapidMiner software was developed by Ralf Klinkenberg
et al., and has been applied in various published studies [128,129]. RapidMiner was
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selected as the modeling environment due to its robust support for various machine
learning algorithms, transparent workflow design, and reproducibility for practitioners.
The platform allows for efficient implementation of complex modeling procedures such as
hyperparameter tuning, cross-validation, and performance evaluation without requiring
extensive coding. RapidMiner is the preferred software because it is useful and easy. What
we meant by “useful and easy” is that RapidMiner provides an intuitive graphical user
interface, built-in machine learning operators (such as neural networks and random forest),
and automated parameter tuning. These features allow users to visually build workflows
that combine data preprocessing, modeling, validation, and result visualization in an
efficient and reproducible way, without the need for extensive coding.

RapidMiner is the preferred software because it is useful and easy. What we meant
by “useful and easy” is that RapidMiner provides an intuitive graphical user interface,
built-in machine learning operators (such as neural networks and random forest), and
automated parameter tuning. These features allow users to visually build workflows that
combine data preprocessing, modeling, validation, and result visualization in an efficient
and reproducible way, without the need for extensive coding.

While we acknowledge that frameworks such as PyTorch (version 1.10.0) provide
advanced support for parallel matrix computations and GPU acceleration, the scope of our
study did not require such computational complexity. Our dataset was small and struc-
tured, and our focus was on comparative model performance rather than computational
efficiency. RapidMiner provided sufficient capability for the level of analysis conducted
in this study and allowed for reproducible, visual workflow-based modeling without
requiring additional code implementation.

This software is used with operators [130,131]. This study employed RapidMiner
software to implement artificial neural networks (ANNSs), deep neural networks (DNNs),
and random forest (RF) models. The analytical workflow designed using built-in operators
of the software is illustrated in Figure 6, which provides a step-by-step representation of
the data analysis pipeline from preprocessing to model training.
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stored information in the the outor most operator| copies of a RAploMiner operator performs provides performances
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Figure 6. Data analysis workflow using RapidMiner operators for ANN, DNN, and RF models.
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In modeling the data, 80% of all data was used as training data and 20% as test data. To
ensure optimal predictive performance, hyperparameter tuning was conducted for all three
models. In particular: For ANNS, learning rate and momentum parameters were optimized.
For DNNs, parameters such as maximum weight constraint, training epochs, and dropout
rates were adjusted. For RF, number of trees and maximum depth were fine-tuned.

The parameter optimization processes for these models are visually summarized in
Figures 7 and 8.

Normalize

The Optimize Parameters
(Grid) Operator is a nsted
Operator. it executes
sub process for all
combinations of selected

values of the parameters

Optimize Parameter...

Retrelvi un veriler... Set Role

retréve tum veriler...

.

Figure 7. Hyperparameter tuning process applied to the ANN, DNN, and RF models.
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Figure 8. Configuration steps for model parameter optimization in RapidMiner.

Simulation can be defined as the representation of a process [22]. After the analysis of
the data, the simulation process was carried out.

Following the evaluation of model performance on test data, a simulation was per-
formed to emulate consumer preference predictions in a controlled setting. This allowed
for the observation of model behavior in scenarios where actual labels were withheld. The
simulation step further validated the practical applicability of the trained models.
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After evaluating model performance on test data, a simulation phase was conducted
to assess the robustness and generalizability of the trained models under hypothetical
conditions. This phase emulated user preference predictions for unseen cases without
labels, allowing for practical validation of model applicability. The simulation workflow is
shown in Figure 9.

This Operator provides an
easy, real-time method to

Data Set Role Split Data change the inputs to a
L N (ﬁ\ model and view the output.
’ Q out ) {|exa m exa ) (| ea Y tra \( It shows predictions,
v on ) ‘r confidences, and
v parr explanations for those

inputs.

Model Simulator

Nominia to Numerical

Random Forest

(tra Q\ mod)

Figure 9. Workflow for simulating model behavior in real-world consumer preference prediction scenarios.

4.5. Evaluation of Models

Many criteria are used to evaluate the prediction performance of the models. Among
them, the correlation coefficient (R?), root mean square error (RMSE), mean square error
(MSE) precision, recall, and F1-score were used in the evaluation of the models.

LT 0-T) |

R? =
VE(¥-T) (Yo - Yo)

)

1 n
RMSE = \/;E)(Yo -v,)? @)

MSE = RMSE? (5)

where Y and Yp are the measured and predicted values, respectively, and the bar denotes
the mean of the variable [22].

° Precision:

Precision = TP/(TP + FP) (6)

This measures the proportion of correctly predicted positive instances among all
instances predicted as positive.

e  Recall (Sensitivity):

Recall = TP /(TP + FN) (7)
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This measures the proportion of correctly predicted positive instances among all actual
positive instances.

e  F1-Score:

F1-Score = 2 x (Precision x Recall)/(Precision + Recall) (8)

This represents the harmonic mean of precision and recall, providing a single score
that balances both concerns.
Symbol Definitions:

TP (True Positive): The number of correctly predicted positive instances.

FP (False Positive): The number of negative instances incorrectly predicted as positive.
EN (False Negative): The number of positive instances incorrectly predicted as negative.
Precision: Accuracy of positive predictions.

Recall: Coverage of actual positives by the model.

F1-Score: Combined measure of Precision and Recall.

4.6. Evaluation Metrics and Statistical Analysis

To determine whether the observed differences in model performance were statistically
significant, a repeated-measures ANOVA was performed based on cross-validated accuracy
scores. Post hoc pairwise comparisons were subsequently conducted to explore specific
model differences. All statistical analyses were carried out using IBM SPSS Statistics
Version 28.0.

In addition to statistical metrics, confusion matrices were constructed for each model
to visualize classification accuracy and misclassification patterns across different screen
size categories. These matrices were generated in Python using the scikit-learn library
(Version 1.3.0), which provided clear insight into the predictive behavior of each model.
The confusion matrices helped identify which screen size classes were most frequently
confused and reinforced the findings from the quantitative evaluation.

5. Results and Discussion
5.1. Turkish Consumers” Smart Tablet Purchasing Preferences

In the study, key hardware features such as processor speed (GHz), storage capacity
(GB), screen resolution (pixels), random-access memory (GB), number of processor cores,
battery power (mAh), and screen size (inches) were examined to identify Turkish consumers’
preferences when purchasing smart tablets on e-commerce platforms. The dataset included
500 samples for each attribute. The summary of the most preferred tablet features based on
these observations is provided in Appendix A (Table Al).

When the table above is examined, Turkish consumers seem to prefer higher-level
features that improve the overall performance and user experience of tablets. These
include large storage capacities, high RAM and powerful processors, which are essential
for intensive multitasking, professional applications, and media consumption. The focus
is clearly on finding devices that can handle more complex tasks, and Table 4 shows the
results obtained from each machine learning model. The performance metrics reveal that
the Random Forest model achieved the highest accuracy, suggesting its robustness in
handling complex feature interactions. The comparatively lower performance of the DNN
indicates that deeper architectures may not always yield better results when applied to
moderately sized datasets.
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5.2. Optimization of Parameters

The results of the optimization process of the parameters that are most effective in

predicting the screen sizes of the most preferred tablets in artificial neural networks, deep

learning, and random forest models are given in Table 5.

Table 5. Optimization results of ANN, DNN, and RF models including key performance metrics.

Parameters ANN Parameters DNN Parameters RF
Training_cycles 80 Max_w?2 1.36112 Number of trees 31
Learning_rate 0.1 Max_runtime_seconds 30 Criterion Gain ratio
Momentum 0.3 Epochs 10 Maximal depth 39
Normalize True
While ANNs and DNNs are powerful in modeling nonlinear relationships, the RF
model demonstrated superior performance across all key metrics. This finding aligns with
prior research indicating that ensemble methods are particularly effective in structured
e-commerce data.
5.3. Estimation of Data
Screen size ranges of retail top-selling tablet products were estimated using test data
using artificial neural networks, deep learning, and random forest models. The test data
characteristics and actual and estimated screen sizes of the best-selling tablet products are
given in Table 6.
Table 6. Comparison of actual and estimated screen sizes from test datasets across three models.
Tablet Specifications Estimated Screen Sizes on Models
Processor Storage Screen Random-Access Number of Battery Real Screen
Speed (GHz) Capacity Resolution Memory (GB) Processor Power Size (Inc.) ANN DNN RF
P (GB) (Pixels) y Cores (mAh) ’

1-2 32 1280 x 800 2 2 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 1280 x 800 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11

1-2 64 1280 x 800 4 8 5001-8000 9.1-11 7-9 7-9 9.1-11

1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11

1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11

1-2 32 1280 x 800 2 2 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 1280 x 800 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11

1-2 64 1280 x 800 4 8 5001-8000 9.1-11 7-9 7-9 9.1-11

1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
21-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11

1-2 32 1024 x 600 2 2 2000-5000 7-9 7-9 7-9 7-9

1-2 32 1024 x 600 2 2 2000-5000 7-9 7-9 7-9 7-9

12 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11

12 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11

1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11

1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11
2.1-3 256 2560 x 1600 3 6 5001-8000 7-9 7-9 7-9 7-9
21-3 256 2560 x 1600 3 6 5001-8000 7-9 7-9 7-9 7-9
21-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13

1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
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Table 6. Cont.

Tablet Specifications Estimated Screen Sizes on Models
Storage Screen Number of Batte
SProcessor Capac%ty Resolution Random-Access Processor Powg Re.al Screen ANN DNN RF
peed (GHz) (GB) (Pixels) Memory (GB) Cores (mAh) Size (Inc.)

2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
12 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
12 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
1-2 128 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13
2.1-3 256 2560 x 1600 8 8 8001-11,000 11.1-13 11.1-13 9.1-11 9.1-11
1-2 64 2560 x 1600 4 8 8001-11,000 11.1-13 11.1-13 11.1-13 11.1-13

1-2 32 1024 x 600 2 2 2000-5000 7-9 7-9 7-9 7-9

1-2 32 1024 x 600 2 2 2000-5000 7-9 7-9 7-9 7-9
1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11
1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11
1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11
1-2 64 1280 x 800 4 8 5001-8000 7-9 7-9 7-9 9.1-11

2.1-3 256 2560 x 1600 3 6 5001-8000 7-9 7-9 7-9 7-9

2.1-3 256 2560 x 1600 3 6 5001-8000 7-9 7-9 7-9 7-9
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
1-2 32 1280 x 800 2 2 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 1280 x 800 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
1-2 64 1280 x 800 4 8 5001-8000 9.1-11 7-9 7-9 9.1-11
1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
1-2 64 1920 x 1200 4 8 5001-8000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 128 1920 x 1200 4 8 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
1-2 32 1280 x 800 2 2 2000-5000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 256 2560 x 1600 8 6 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11
2.1-3 64 2560 x 1600 8 8 8001-11,000 9.1-11 9.1-11 9.1-11 9.1-11

The table above provides the estimated screen sizes of the models used in the test

data. When the actual and estimated data in the table are examined, it is seen that all three

models correctly estimate most of the actual data.

The graph showing the average real and estimated screen sizes is given in Figure 10.
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Figure 10. Comparison of average actual and predicted screen sizes using machine learning models.

When Figure 10 is examined, it is seen that most of the real and model estimated data
overlap. This situation can show us that the models make successful predictions.

The R2, RMSE, and MSE values used in the evaluation of the performance of the
models in the test and training stages are given in Table 7.

Table 7. Performance evaluation metrics for ANN, DNN, and RF models.

Model Testing Phase Training Phase

odels R? RMSE MSE Accuracy (%) R? RMSE MSE  Accuracy (%)
ANN 0.982 0.197 0.039 97 0.882 0.255 0.065 92.40
DNN 0.848 0.282 0.080 91 0.835 0.289 0.084 88.80

RF 0.828 0.332 0.110 86 0.880 0.312 0.098 89.80

To evaluate the effectiveness of the models (ANN, DNN, and RF), several performance
metrics were considered, including prediction accuracy, R? (coefficient of determination),
mean squared error (MSE), and root mean square error (RMSE). These metrics provide a
comprehensive assessment of model validity, generalization capability, and error sensitivity.

Considering the accuracy estimates of the models, neural networks (97% (testing
phase) and 92.40% (training phase)), deep learning (91% (testing phase) and 88.80% (train-
ing phase)), and random forest (86% (testing phase) and 89.80% (training phase)) models
gave high accuracy results. These accurate results are consistent with prior findings
that indicate that ANNSs are effective for nonlinear classification tasks with structured
datasets [132].

When the MSE value, one of the performance criteria used in the success of the models,
approaches 0, it gives the highest estimation results [22,133]. When the MSE values of the
models are examined, it is seen that all three models have values close to 0. The MSE value
of the artificial neural network model (0.039 (testing phase) and 0.065 (training phase)) is
closer to zero than both deep learning and random forest models. RMSE values followed
similar trends and reinforce the superior precision of the ANN model, consistent with
previous studies in consumer behavior prediction [28].

Another important indicator when evaluating the validity of the established models
is the value of the correlation coefficient (R?) between the experimental and predictive
data. The value of R? varies between 0 and 1, and the accuracy of the prediction increases
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when R? approaches 1 [116,134]. This means that there is good agreement between the
experimental results and the prediction results. According to Table 7, the R? values for
screen size estimation are 0.982 (testing phase) and 0.882 (training phase) in the artificial
neural network model, 0.848 (testing phase) and 0.835 (training phase) in the deep learning
model, and 0.828 (testing phase) and 0.880 (training phase) in the random forest model.
The R? values calculated for all three models in this study are greater than 82%. This result
shows that the proposed models can explain at least 82% of the variability of the actual data
regarding the screen size. R? values greater than 0.8 are generally considered indicative of
strong model fit [135], suggesting that all three models capture a substantial proportion of
the variance in the dataset, with the ANN providing the closest predictions to actual values.
In addition, when the R? values are examined, it has been found that the R? value of the
artificial neural network model is closer to 1 than that of the deep learning and random
forest models.

The evaluation metrics R?2, RMSE, MSE, and accuracy collectively indicate that all
three models (ANN, DNN, and RF) are applicable for estimating screen size preferences in
smart tablet purchases. Among them, the artificial neural network (ANN) model consis-
tently yielded the highest performance. This can be attributed to its relatively simple yet
effective architecture, which makes it particularly suitable for datasets of moderate size.
In contrast, deep neural networks (DNNSs), although powerful, are more susceptible to
overfitting in such contexts, while the random forest (RF) model may have been affected by
multicollinearity among input features despite preprocessing efforts.

To statistically validate the observed performance differences, a repeated-measures
ANOVA was conducted using cross-validated accuracy scores. The analysis confirmed a
significant effect of model type on accuracy at the 95% confidence level (p < 0.05), with
post hoc comparisons revealing that the ANN model significantly outperformed both the
DNN and RF models. These findings are consistent with previous research emphasizing
the trade-offs between model complexity, data size, and predictive robustness [29,30].

Overall, while the DNN and RF models also demonstrated satisfactory performance,
the ANN model achieved superior results across all evaluation metrics. These outcomes
offer practical insights for e-commerce platforms and manufacturers aiming to model
consumer preferences more accurately in emerging digital markets.

In addition to accuracy, confusion matrices were constructed to visualize the classifica-
tion performance and misclassification patterns of the models. This analysis is illustrated
in Figure 11.

These confusion matrices illustrate the classification performance of each model (ANN,
DNN, RF) across screen size categories. Correctly classified instances are on the diagonal,
while off-diagonal values represent misclassifications. The ANN model demonstrates
superior predictive accuracy with minimal misclassification, whereas DNN and RF exhibit
relatively higher confusion between mid-range screen sizes. This further supports the
statistical metrics indicating the ANN’s higher accuracy and R? scores discussed above,
confirming that it is the most suitable model for predicting screen size in the given dataset.

Analysis of the confusion matrices reveals that all three models most frequently
misclassified instances from the 9.1-11 screen size category, particularly by confusing them
with the adjacent 11.1-13 and 7-9 classes. The DNN and RF models exhibited noticeable
overlap in this mid-range, with RF demonstrating the highest level of confusion. In contrast,
the ANN model showed minimal misclassification, accurately distinguishing among the
screen size categories with only minor errors, particularly in the 11.1-13 group. These
findings suggest that mid-range screen sizes present the greatest classification challenge,
likely due to feature similarity among adjacent classes.
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Figure 11. Confusion matrices of ANN (a), DNN (b), and RF (c) models showing screen size
classification performance, where diagonal values represent correct predictions and off-diagonal
values indicate misclassifications.

Table 8 presents a detailed comparison of the performance metrics for both the ANN,
DNN, and RF models.

Table 8. Classification performance metrics of ANN, DNN, and RF models for screen size prediction.

Model Precision Recall F1-Score
ANN 0.93 0.9 0.91
DNN 0.91 0.9 0.89
RF 0.90 0.8 0.81

This table presents the classification performance metrics—Precision, Recall, and F1-
Score—of the three machine learning models (artificial neural networks [ANNs], deep
neural networks [DNNs], and random forest [RF]) used to predict screen size categories
of smart tablets. Among the models, the ANN model yielded the highest F1 Score (0.91),
indicating superior balance between precision and recall. These results further confirm
the ANN model’s robustness in handling categorical prediction tasks related to consumer
preferences.

In Table 9, correlation coefficient and accuracy values in the estimation of test data of
other factors in models are given.

When the R? and accuracy values in Table 5 were examined, it was determined that
the artificial neural network model gave the best estimation results in all factors. Among all
factors, the most unsuccessful prediction was found in processor speed in all three models.
The most successful prediction was found in random access memory.
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Additionally, our results suggest that in cases where the dataset is relatively small
and structured, simpler ANN architectures may outperform deeper ones, highlighting the
importance of model parsimony.

Table 9. R? and accuracy values obtained for various tablet product features.

Factors R?/Accuracy (%)
ANN DNN RF
Processor speed (GHz) 0.796/82 0.775/79 0.792/81
Storage capacity (GB) 0.954/93 0.954/93 0.915/88
Screen resolution (pixels) 0.917/94 0.914/94 0.887/83
Random-access memory (GB) 1/100 01/100 1/100
Number of processor cores 1/100 0.957/92 0.957/92
Battery power (mAh) 0.981/97 0.981/97 0.981/97

5.4. Simulation

In this study, the term simulation refers to the process of applying the trained machine
learning models (ANN, DNN, and RF) to unseen test data that were not included during the
training phase. This step was designed to evaluate the generalizability and robustness of
the models in predicting screen size preferences under realistic, real-world-like conditions.

After the simulation process, the analysis results of the other features of the tablet are
given in Table 10 to best estimate the screen size in all three models.

Table 10. Results of simulation analysis assessing model behavior under varied conditions.

Tablet Specifications
Screen

Models Screen Size Storage Capacity Resolution Random-Access Number of Battery Power Processor Speed
(Inc.) (GB) . Memory (GB) Processor Cores (mAh) (GHz)
(Pixels)
ANN/DNN/RF 9.1-11 64 2560 x 1600 4 8 8001-11,000 2.1-3

When the above table is examined, it was found that the best estimation in all three
models was obtained when the screen size was in the range of 9.1-11. Looking at the table
above, it has been determined that the other features of the tablet have the same values for
the best estimation in all three models.

In Figure 12, a sample simulation screenshot obtained from the artificial neural network
model is given.

As can be seen in Figure 10, by changing the tablet properties (storage capacity, screen
resolution, random-access memory, etc.) with the simulation process, it can find the screen
size of the product. This process can also be done for other features of the tablet. Thus, a
great advantage is provided in terms of time.

Thanks to the models created in the study, companies marketing in the field of e-
commerce will be able to predict the behavior of Turkish consumers when purchasing
smart tablets. In this case, it will increase the profitability of companies selling in the field
of e-commerce. At the same time, this situation provides great profits to companies in
terms of time and cost.

This study provides valuable insights for both practitioners and researchers. While
the machine learning models used (ANN, DNN, RF) are well-established, their compar-
ative application to structured, real-world e-commerce data from a developing country
context is novel. The results reveal meaningful patterns in Turkish consumers’ smart tablet
preferences, which can help online retailers enhance product recommendations, optimize
inventory planning, and personalize marketing efforts. Moreover, the findings can serve as
a foundation for future studies focusing on Al-based decision support systems in similar
emerging market settings.
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These findings are particularly valuable for businesses operating in emerging markets,
where consumer behavior patterns are still evolving and under-studied. These insights are
especially relevant for digital marketing teams and e-commerce managers, as they provide
a data-driven foundation for product positioning, audience targeting, and system design
recommendations.
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Figure 12. Sample output screenshot from the artificial neural network model interface.

6. Conclusions, Limitations, and Future Research

Nowadays, retail products can be purchased over the Internet as well as in traditional
stores. Much information about consumer behavior regarding retail products can be ob-
tained from online shopping. However, it is very difficult to acquire the desired meaningful
information among such a large amount of information. Data mining methods help us
extract meaningful data from such large data. Among the data mining methods, artificial
neural networks, deep learning, and random forest models are both easy to use and among
the most used models. In this study, the features of the best-selling retail smart tablets in the
most visited e-marketplaces in Turkey were determined. Then, the tablet screen sizes were
estimated by using artificial neural networks, deep learning, and random forest models.
Thirdly, the simulation process was carried out, and it was determined what other factors
should be to get the best results in the models. Finally, the R? and accuracy values in the
estimation of other factors in the models were determined. Although the models applied
are well-established, their comparative application to the Turkish smart tablet market
offers useful insights for e-commerce firms, helping them to tailor recommendations and
marketing approaches.

The results indicated that the ANN method yielded the best performance across all
three models in predicting tablet properties, particularly for the random-access memory
(RAM) feature. This is followed by the deep learning and random forest models, re-
spectively. All three models predicted data with over 70% accuracy. In all three models,
the best estimate was found in the random-access memory feature. This study offers a
unique contribution by applying well-established predictive models to Turkish consumer
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data in the smart tablet market, generating actionable insights for e-commerce platforms
and manufacturers.

When scrutinizing data derived from e-commerce websites, it has been ascertained that
Turkish consumers have a preference for smart tablets featuring the following specifications:
a processor speed within the ranges of 1-2 and 2.1-3 GHz, storage capacities of 32 and
64 GB, screen resolutions of 1280 x 800 and 2560 x 1600 pixels, 2 and 3 GB of random-
access memory, 6 and 8 cores, a battery capacity of 5001-8000 mAh, and screen size ranges
of 7-9 and 9.1-11 inches.

While the results indicate that artificial neural networks (ANNSs) are particularly
effective in predicting screen size preferences, there are some limitations to consider. One
of the primary limitations of this study is that the dataset was derived exclusively from
Turkish e-commerce platforms. As a result, the findings are most directly applicable to
the Turkish consumer market, which may have unique cultural, economic, and behavioral
dynamics not generalizable to other regions. While the use of localized data enhances the
contextual relevance of the analysis, future studies should validate the proposed models
across multiple countries or diverse markets to assess the consistency and transferability
of the findings. Notably, the dataset was restricted to Turkish consumers and best-selling
tablets on Turkish e-commerce platforms, which may affect the generalizability of the
findings to other markets or demographics.

In the study, data was obtained from eight different sites where most online shopping
is done in Turkey. The data obtained were evaluated using three different models. The
study can be expanded by obtaining data from different e-commerce sites and using
different models.

There are a limited number of studies on data mining that examine consumer behavior
in the sale of retail products in the field of e-commerce. More information about customers
can be obtained by increasing studies in this area. Thus, businesses can develop products
in line with the wishes of their customers by having more information about their products.
As aresult, businesses can increase their quality and profitability. In summary, this study di-
rectly addressed the research question by identifying the key product features—particularly
screen size and RAM—that influence Turkish consumers’ smart tablet preferences. The
comparison of three machine learning models demonstrated that the ANN provided the
highest predictive accuracy, validating our initial hypothesis. These findings offer practical
value for manufacturers and e-commerce platforms by enabling more accurate product tar-
geting and inventory planning based on consumer behavior. Future product development
strategies can also be informed by the highlighted preferences, such as mid-range screen
sizes and battery capacity ranges. In addition, those who will work in the field of consumer
behavior and modeling in the future will be able to benefit from the information obtained
from this article.
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Appendix A

Table Al. Turkish consumers’ smart tablet preferences.

Specification Analysis

The most common categories are 1-2 GHz and
2.1-3 GHz, suggesting that consumers tend to favor
mid-range processors that balance performance
and efficiency.
Storage capacities of 64 GB and 32 GB are highly
Storage Capacity (GB) preferred, indicating that consumers seek adequate
space for applications and multimedia usage.
The most frequently chosen resolutions are
2560 x 1600 pixels and 1280 x 800 pixels, reflecting a
desire for both high-quality displays and
budget-friendly options.
The data indicates that 3 GB and 2 GB RAM options are
RAM (GB) widely preferred, showing that consumers prioritize
affordability and basic multitasking performance.
6-core and 8-core configurations dominate the choices,
Number of Processor Cores  indicating a preference for powerful and efficient
processing units.
Battery capacities are primarily in the 5001-8000 mAh
Battery Power (mAh) range, showing that consumers value devices with a
long battery life for extended usage.
The most popular screen sizes are 9.1-11 inches and
7-9 inches, suggesting that consumers are split between
larger screens for media consumption and smaller sizes

Processor Speed (GHz)

Screen Resolution

Screen Size (inches)

for portability.
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