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ABSTRACT

This study analyzes how Generation Z parents' parenting styles and technology supervision influence children's
educational awareness. The research applied a data mining approach within the Knowledge Discovery in Databases
(KDD) framework using Decision Tree and K-Means algorithms. Data were collected through questionnaires from 10
parents in Sumberjo Village. The Decision Tree results show that technology use and supervision provide the highest
information gain, indicating that they are the most influential factors in determining children's educational awareness.
K-Means clustering with K = 3 also shows that groups characterized by better technology supervision and stronger
parenting patterns tend to have higher educational awareness. Validation using RapidMiner produced results that were
consistent with the manual calculations, confirming that the analytical model is valid for the dataset used in this study.
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1. INTRODUCTION

The rapid development of information and communication technology has changed the way people communicate, learn, and
carry out everyday activities (Singgalen, 2021). These changes influence not only economic and social life but also family
life and the way parents’ guide children in the learning process (Kharis et al., 2023). In the digital era, parenting is
increasingly connected with the use of technological devices, online information, and social media (Singgalen, 2021). As a
result, parents are expected not only to provide care and affection, but also to manage children's digital behavior wisely
(Kharis et al., 2023).

Generation Z grew up in a highly connected environment and is often described as a digital-native generation (Kharis
et al., 2023). Parents who belong to or are closely associated with this digital environment face distinctive challenges when
guiding children (Kharis et al., 2023). Easy access to smartphones, entertainment platforms, and online information can
support learning, but it can also reduce direct interaction and supervision if not managed carefully (Atalya Angelus Leza et
al., 2024). For this reason, parenting style and technology supervision are expected to play an important role in shaping
children's educational awareness.

Educational awareness refers to a child's understanding of the value, goals, and benefits of learning activities (Atalya
Angelus Leza et al., 2024). Children with stronger educational awareness usually show greater curiosity, more discipline,
and better motivation to participate in formal and informal learning (Atalya Angelus Leza et al., 2024). In family settings,
this awareness is influenced by communication patterns, parental involvement, and the consistency of guidance provided
at home (Maruli Tua Silaen, 2023). Therefore, the quality of parenting remains essential even when children have broad
access to digital resources.

This study aims to identify the parenting-related factors that influence children's educational awareness by using
Decision Tree and K-Means methods (Hartati et al., 2021). The Decision Tree algorithm is employed to determine the most
influential attribute, while K-Means is used to group respondents based on similar parenting and technology-supervision
characteristics. The study focuses on questionnaire data collected from parents in Sumberjo Village.
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2. RESEARCH METHOD
2.1 Research Design and Analytical Framework

This research used a data mining approach based on the Knowledge Discovery in Databases (KDD) framework (Purwati et
al., 2023; Alam et al., 2022). The stages consisted of problem identification, data collection, data preprocessing, Decision
Tree analysis, K-Means clustering, and interpretation of the results (Purwati et al., 2023; Kharis et al., 2023). Questionnaire
data were gathered from parents with school-age children in Sumberjo Village. The dataset was then prepared for
classification and clustering analysis (Purwati et al., 2023).

Decision Tree was applied to determine which attribute most strongly influenced children's educational awareness
(Informatika et al., 2021). In this study, entropy and information gain were used to compare the contribution of parenting
style and technology supervision (Informatika et al., 2021). K-Means clustering was used to group respondents based on
similar characteristics so that patterns in parenting and educational awareness could be interpreted more clearly (Fatonah
& Pancarani, 2022).
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Figure 1. Knowledge Discovery in Databases (KDD)
Source: Research, 2025
Knowledge Discovery in Database (KDD) is a comprehensive process that covers a series stage for extracting information
meaningful from large data sets (Purwati et al., 2023). This process starts with data selection, data cleaning, transformation,
and the main stage, namely data mining, which aims to find pattern, connection, or structure hidden Which previously
unidentified (Kharis et al., 2023).

2.2 Population, Sample, and Variables

The population in this study consisted of parents with children in Sumberjo Village. The sample used in the analysis
contained 10 questionnaire responses. The main variables were parenting style, technology use and supervision, and
children's educational awareness. In the Decision Tree model, parenting style and technology supervision acted as predictor
variables, whereas children's educational awareness was the target variable (Informatika et al., 2021). In the K-Means
model, the same attributes were transformed into numerical form for clustering purposes (Hartati et al., 2021).

Table 1. Sample data used in the study.

No Child's Name Parenting Style Technology Use & Supervision  Educational Awareness
1 Ahmad Rizky Low Controlled Good
2 Siti Aulia High Not controlled Good
3 Muhammad Farhan High Controlled Insufficient
4 Nabila Zahra High Controlled Good
5 Andi Pratama High Controlled Good
6 Putri Maharani High Controlled Good
7 Fajar Nugroho High Not controlled Insufficient
8 Dinda Ayuningtyas Low Controlled Insufficient
9 Rafi Akbar Low Not controlled Good

10 Alya Ramadhani Low Not controlled Insufficient

Source: Research, 2025
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The Table 1 represents sample data for the research, with a total of 10 children. The data has been structured and
includes three main attributes: parenting style, technology use and supervision, and children's educational awareness. Each
data set represents a different situation, thus demonstrating a variety of parenting patterns and diverse technology use.

2.3 Data Transformation and Validation

For K-Means clustering, categorical variables were converted into numerical values: parenting style (High = 1, Low = 0),
technology supervision (Controlled = 1, Not controlled = 0), and educational awareness (Good = 1, Insufficient = 0). The
number of clusters was set to K = 3 to identify three dominant parenting patterns. RapidMiner was used as a supporting
tool to validate the manual calculations and visualize the resulting classification and clustering processes (Rafi Nahjan et
al., 2023).

3. RESULTS AND DISCUSSION
3.1 Decision Tree Analysis

The target variable, children's educational awareness, consisted of 6 observations in the good category and 4 observations
in the insufficient category, which produced a total entropy value of 0.971. Information gain was then calculated for each
predictor attribute in accordance with the Decision Tree procedure (Informatika et al., 2021). The results show that
technology use and supervision provided a higher information gain than parenting style, indicating that it is the most
influential attribute in the dataset.

Because technology supervision produced the highest information gain, it became the root node of the Decision Tree
model. This result indicates that the quality of supervision over children's technology use plays a more decisive role than
parenting style alone. Nevertheless, parenting style still acts as a supporting factor that strengthens positive educational
awareness when direct supervision is also present.

Information Gain:
Gain (S, A) = Entropy (S)— ¥, (% x Entropy (Si))
Gain (S, Style Parenting) = 0, 971 - 0, 951 = 0, 020
Gain (S, Supervision Technology) = 0.971-0.878=0.093

Table 2. Information gain summary for the Decision Tree model.

Attribute Information Gain
Parenting Style 0.020
Technology Use & Supervision 0.093

Source: Research, 2025

The Information Gain value, the Technology Usage & Monitoring attribute has the highest gain value (0.093) compared
to Parenting Style (0.020). Thus, the Technology Usage & Supervision attribute is worthy of being selected as the root node
(root of the decision tree) in the Decision Tree model.

3.2 K-Means Clustering Results

The K-Means process grouped the data into three clusters based on parenting style, technology supervision, and educational
awareness. The results show that Cluster 1 represents respondents with strong parenting and controlled technology
supervision, Cluster 2 represents low parenting but still controlled technology supervision, and Cluster 3 represents weak
technology supervision with relatively lower educational-awareness outcomes.

These results reinforce the Decision Tree findings. Cluster patterns indicate that controlled technology supervision tends
to be associated with better educational awareness, especially when accompanied by stronger parenting practices (Hartati
et al., 2021; Fatonah & Pancarani, 2022). In contrast, limited supervision is more closely associated with suboptimal
educational awareness, even when some supportive parenting traits are present.

The implementation of the K-Means algorithm shows that technology use and supervision become the main factors
shaping the cluster structure (Hartati et al., 2021). Children who are in the environment with supervision good technology
tend own awareness more education high, especially when supported by style optimal parental care.
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Table 3. K-Means cluster assignment results.

No Child's Name Parenting Style Tech Supervision Awareness Cluster
1 Ahmad Rizky Low Controlled Good (4
2 Siti Aulia High Not controlled Good C3
3 Muhammad Farhan High Controlled Insufficient C1
4 Nabila Zahra High Controlled Good C1
5 Andi Pratama High Controlled Good C1
6 Putri Maharani High Controlled Good C1
7 Fajar Nugroho High Not controlled Insufficient C3
8 Dinda Ayuningtyas Low Controlled Insufficient C2
9 Rafi Akbar Low Not controlled Good C3
10 Alya Ramadhani Low Not controlled Insufficient C3

Source: Research, 2025

Based on the Table 3, the research data that has been transformed into numerical form can be seen in the following
table.
Table 4. Centroid interpretation of each K-Means cluster.
Parenting Tech Awareness

Cluster Style (X1) Supervision (X2) (X3) Interpretation
C1 1.00 1.00 0.75 Strong parenting, controlled technology, higher awareness
C2 0.00 1.00 0.50 Low parenting, but supervision remains controlled
C3 0.25 0.00 0.50 Weak technology supervision, awareness not optimal

Source: Research, 2025

3.3 RapidMiner Validation

RapidMiner was used to validate the analytical results obtained manually. The software-generated outputs showed the
same general patterns as the manual calculations. In the Decision Tree model, technology use and supervision appeared as
the root node. In the Decision Tree model, technology use and supervision appeared as the root node, which is consistent
with the logic of information gain-based classification (Informatika et al., 2021).

The small differences observed in software-generated centroid values can be explained by the automatic iteration process
performed by RapidMiner. However, these minor variations do not change the substantive interpretation of the results.
Therefore, the use of RapidMiner supports the validity and consistency of the model built from the dataset.

File Edit Process View Connections Seftings Edensions Help

H - - B ews Design Results TuboPrep | AutoModel  Deplayments P | Alstudio »

Result History A ExampleSet (/Local Repository/DATA NOVI RM) sitory

g | Open in Turbo Prep lﬁ Auto Model Filter (10710 examples): | all v —
HH » ] Sami
Data

Row No. Nama Anak GayaPenga.. ~Pengawasa.. Kesadaran.. ~ I Local

Anmad Rizky =i

— » dz
Siti Aulia

i 5 » Bl pr

Statistics Muhammad do

Mabila Zahra Qy %l

"' Andi Pratama ’ ’ *

Visualizations Putri Maharani
Fajar Nugroho

Dinda Ayunin

© @ N e e e w0 N oo

Rafi Akbar

1
1
0
4
4
4
0
0
f

Annotations

0

10 Alya Ramadh

ExampleSet (10 examples, 1 special attribute, 3 regular atributes) < >

Figure 2. RapidMiner dataset after numerical transformation
Source: Research, 2025
The results of data processing using RapidMiner shows consistent output with manual calculations using Microsoft
Excel. Similarities result This seen good in implementation algorithm Decision Tree and K-Means, which uses the same
data, variables, and parameters.
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Source: Research, 2025

In Decision Tree, RapidMiner automatically automatic count entropy and information gain values based on input data.
Modeling results show that variables Use and Supervision Technology selected as root node, because own highest
information gain value. Findings This in accordance with results manual calculations in Excel which also show that
variables the most influential to Children's Education Awareness. With Thus, the structure tree the decisions generated by
RapidMiner strengthen results manual analysis.
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Figure 4. K-Means process in RapidMiner
Source: Research, 2025

In K-Means clustering, RapidMiner produced a distribution of clusters and centroid values that were aligned with the
Excel calculations (Rafi Nahjan et al., 2023). Temporary that, in K-Means Clustering, RapidMiner produces distribution
clusters and centroid values are aligned with results Excel calculation. Amount cluster (K = 3), members each cluster, as
well as centroid characteristics show the same pattern, namely that cluster with supervision good technology tend own
awareness education older children height. Difference the centroid value that appears only nature small and caused by the
iteration process automatic in RapidMiner, however No change interpretation results in a way overall.
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Figure 5. Cluster model output in RapidMiner
Source: Research, 2025

In a way overall, the similarity between the RapidMiner results and the Excel calculations shows that the process of
data transformation, calculation, and modeling was carried out correctly (Poerwandono & Perwitosari, 2023). RapidMiner
plays a role as tool help that validates results manual calculations, at the same time make things easier visualization and
interpretation data patterns. Therefore, that is, the use of RapidMiner in study This can stated valid, accurate, and
supportive results analysis obtained via Excel.

4. CONCLUSION

This study shows that technology use and supervision are the most influential factors in determining children's educational
awareness in the analyzed dataset. The Decision Tree model produced a higher information gain for technology supervision
than for parenting style, indicating that the management of children's digital activities is central to the classification
outcome. The K-Means results also demonstrate that better technology supervision is associated with higher educational
awareness, particularly when it is combined with stronger parenting practices. RapidMiner validation confirms that the
overall patterns generated by the manual calculations are consistent and reliable (Rafi Nahjan et al., 2023). Because the
sample size is limited to 10 observations, the findings should be interpreted as exploratory and may be strengthened by
future studies with larger datasets and additional variables.
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