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Abstract. To explore the impact of digital technology on cognitive learning in 

early childhood education, this paper constructs and validates a model of digital 

application. Through quantitative analysis, the study examines the effectiveness 

of personalized digital tools in enhancing language comprehension and mathe-

matical skills. The results indicate that frequent use and personalized intervention 

of digital tools significantly promote the development of children's cognitive 

abilities, providing empirical support for the digital transformation of early child-

hood education. 
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1 Introduction 

In an era of rapid technological advancement, the application of digital technology in 

early childhood education has become a crucial area of research. By delving into the 

mechanisms through which digital tools influence children's cognitive learning and 

constructing an optimized digital education model, this study aims to reveal the specific 

effectiveness of digital technology in enhancing language comprehension, mathemati-

cal skills, and more. Based on quantitative analysis and model validation, the effective-

ness of personalized intervention by digital tools is explored, offering not only theoret-

ical support for the digital transformation of early childhood education but also practi-

cal guidance for optimizing educational strategies. 

2 Current Application of Digital Technology in Early 

Childhood Education 

A variety of digital tools and resources, such as interactive e-books, educational soft-

ware, and virtual reality experiences, are now widely used to enhance children's lan-

guage comprehension, mathematical skills, and scientific exploration. These technolo-

gies not only enrich teaching methods but also allow for personalized education based 

on the children's learning pace and interests. Through intelligent applications, teachers  
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can track students' progress and challenges in real time, providing more targeted guid-
ance [1]. Additionally, the integration of digital technology has improved communica-
tion between parents and teachers, enabling parents to gain a clearer understanding of
their child's learning experience at school. The timeliness and relevance of studying
this topic are evident in the context of rapid advancements in information technology.
Exploring its application and optimization strategies in early childhood education is
crucial for improving the quality and efficiency of education.

3 Constructing a Digital Application Model for Cognitive
Learning in Early Childhood Education

3.1 Formulation of Research Hypotheses

As digital technology increasingly integrates into early childhood education, it becomes
essential to construct an effective digital application model for cognitive learning. This
model should be designed based on the current state of digital technology application,
tailored to the cognitive development characteristics of young children [2]. The model
design should consider how digital tools can be integrated with traditional teaching
methods and their specific effectiveness in promoting children's language, mathemati-
cal, and scientific skills. Moreover, the model should enable teachers to monitor stu-
dents' progress in real-time and provide personalized teaching feedback, ultimately op-
timizing educational outcomes. The hypotheses are as follows:

H1: The use of digital tools improves children's language comprehension.
H2: Personalized digital learning platforms enhance children's mathematical skills.
H3: Teachers' use of digital monitoring tools effectively tracks learning progress.

3.2 Definition and Operationalization of Research Variables

Defining and operationalizing research variables is a crucial step in constructing the
digital application model for cognitive learning in early childhood education, ensuring
the accuracy of experimental design and the scientific validity of research results [3].
The study selects key variables such as children's language comprehension, mathemat-
ical skills, and progress monitoring. These variables are quantitatively measured to pre-
cisely assess the relationships among them.

Define the research variables as follows: Children's language comprehension ability
( 1Y ), mathematical skills ( 2Y ), and the effectiveness of learning progress monitoring

( 3Y ). These dependent variables will be analyzed in relation to the independent varia-

bles, namely the frequency of digital tool use ( 1X ) and the depth of personalized learn-

ing intervention ( 2X ). To operationalize these variables, standardized test scores will

be used to measure 1Y and 2Y , while 3Y will be quantified through log data from the dig-
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ital monitoring tools used by teachers. Considering that digital tools have varying de-
grees of impact on children's cognitive learning, the following multiple linear regres-
sion model is established to describe these relationships:

1221101 ⊆∗∗∗< XXY ααα (1)

2221102 ⊆∗∗∗< XXY ααα (2)

3221103 ⊆∗∗∗< XXY ααα (3)

In this model, 0α  represents the intercept, indicating the baseline cognitive ability

of children in the absence of any digital tools. 1α  and 2α  represent the coefficients
corresponding to the frequency of digital tool use and the depth of personalized learning
intervention, respectively.⊆ is the error term, reflecting the variance not explained by
the model [4]. Through regression analysis, the most effective digital strategies for pro-
moting children's cognitive learning can be identified, providing data support for edu-
cational practice and policy-making.

3.3 Model Construction and Theoretical Framework

The core of constructing a digital application model for cognitive learning in early
childhood education lies in establishing a theoretical framework. This framework com-
bines cognitive psychology theories with the practical application of educational tech-
nology. By integrating statistical methods with principles from educational psychology,
it is possible to explore and quantify the impact of digital tools on the cognitive devel-
opment of preschool children [5].

1.Children's language comprehension ability: 1Y  can be viewed as a function of the
frequency of digital tool use f and the depth of personalized intervention d , formally
expressed as:

⊆∗√∗∗∗< )(1 dfdfY χφα (4)

Here,   is the constant term, reflecting the basic language ability; α  and φ
represent the direct effects of usage frequency and personalized intervention on lan-
guage ability, respectively; χ  is the interaction term coefficient, used to evaluate the
combined effect of both factors;⊆ is the error term.

2. Mathematical skills: 2Y  The model considers similar factors, with the formula
adjusted to:

⊆ϒ∗√ϒ∗ϒ∗ϒ∗ϒ< )(2 dfffY χφα (5)
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3.Learning progress monitoring: 3Y  focuses on evaluating the efficiency of the
monitoring tools, and the model is expressed as:

⊆ϒϒ∗ϒϒ∗ϒϒ∗ϒϒ< dfY φα3 (6)

The interpretation of the coefficients here is the same as before, but the interaction
term has been removed, reflecting that the efficiency of monitoring is independent of
the depth or frequency of personalized intervention [6]. Next, based on these formulas,
regression analysis can be conducted to verify the accuracy of the hypotheses, thereby
determining the effectiveness of various educational strategies. The theoretical frame-
work is illustrated in Figure 1, which will show the dynamic relationships and flow
between the variables:

Fig. 1. Learning Model Feedback Diagram

4 Experimental Results and Analysis

4.1 The Impact of Digital Technology on Cognitive Abilities in Early
Childhood Education

Table 1. Basic Information and Grouping of Experimental Participants

Group
Number of
Participants

Average Age
(years)

Gender Ratio
(M/F)

Type of Intervention

Group A 25 5.1 12/13 Low-frequency digital tool use
Group B 25 5.2 13/12 High-frequency digital tool use

Group C 25 5.3 11/14
Personalized intervention +

low-frequency use

Group D 25 5.1 14/11
Personalized intervention +

high-frequency use

The experimental design includes the selection of participants, grouping, and the spe-
cific application methods of digital tools. The experiment involved 100 preschool chil-
dren, divided into four groups, with each group comprising 25 children who received
different levels and types of digital tool interventions (see Table 1).
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The experiment lasted for six months, with evaluations conducted monthly to track
changes in each group's performance in language comprehension ( 1Y ), mathematical

skills ( 2Y ), and learning progress monitoring effectiveness ( 3Y ). Data collection was
carried out using a variety of methods, including standardized assessment tools, teacher
observation records, and parent feedback questionnaires [7]. To ensure data accuracy,
all collected data were first normalized, eliminating biases caused by age differences
and varying initial cognitive levels, as illustrated in Figure 2.

Fig. 2. Normalization of Initial Assessment Data Across Groups

After the preliminary data processing, further analysis was conducted using a multi-
ple linear regression model to explore the relationships between the variables and to
assess the actual effects of digital tool usage. According to the experimental data anal-
ysis, the high-frequency use of digital tools and personalized intervention had a signif-
icant impact on the cognitive abilities of preschool children. Particularly in terms of
language comprehension and mathematical skills, children in Groups B and D showed
notable improvements. Figures 3 and 4 respectively display the assessment results of
each group at the end of the experiment and the average improvement in each capability
across the groups.

Fig. 3. Assessment Data of Each Group at the End of the Experiment
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Fig. 4. Average Improvement in Cognitive Abilities Across Groups (After Normalization)

The results indicate that Group D, which received both high-frequency digital tool
usage and personalized intervention, exhibited the greatest improvement in all cogni-
tive abilities. This suggests that comprehensive digital interventions are the most effec-
tive for cognitive development in young children. This finding provides empirical evi-
dence for further optimizing the application of digital technology in early childhood
education [8].

4.2 Analysis of Mechanisms Affecting Factors

The factors influencing cognitive abilities in early childhood education can be catego-
rized into two major types: external environmental factors, such as the frequency of
digital tool use ( f ) and the depth of personalized intervention ( d ); and intrinsic indi-

vidual differences among children, such as initial cognitive level ( 0C ) and learning

motivation ( M ), as shown in Table 2.

Table 2. Classification of Factors Affecting Cognitive Abilities in Early Childhood Education

Factor Category Specific Factor Symbol Definition

External Factors Frequency of Digital
Tool Use f Number of times digital tools

are used per week
Depth of Personal-
ized Intervention d Degree of customization in

digital teaching content

Intrinsic Factors Initial Cognitive
Level 0C Basic cognitive ability of the

child before the experiment

Learning Motivation M Child's enthusiasm and en-
gagement in learning

Identifying these influencing factors is key to understanding their mechanisms of
action. The next step involves quantitative analysis to reveal how these factors collec-
tively contribute to the enhancement of children's cognitive abilities [9]. To gain deeper
insight into these mechanisms, a multiple regression model was used to analyze the
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impact of each factor on different cognitive ability indicators ( 1Y , 2Y , 3Y ), using the
following model:

iiiiiii MCdfY ⊆∗∗∗∗∗< πχφα 0 (7)

Here, iY represents the i th cognitive ability (such as language comprehension, math-
ematical skills, or learning progress monitoring), and the other symbols represent the
aforementioned influencing factors. The impact of each factor is measured by the re-
gression coefficients, as shown in Table 3.

Table 3. Regression Coefficients and Significance of Influencing Factors

Cognitive
Ability

Frequency of
Digital Tool

Use ( f )

Depth of Per-
sonalized Inter-

vention ( d )

Initial Cognitive
Level ( 0C )

Learning
Motiva-

tion ( M )
2R

1Y 0.35 0.40 0.25 0.20 0.68

2Y 0.30 0.45 0.20 0.15 0.65

3Y 0.28 0.38 0.22 0.18 0.66

Significance Levels: p < 0.05; p < 0.01

From Table 3, it can be observed that the frequency of digital tool use and the depth
of personalized intervention have the most significant impact on various cognitive abil-
ities, particularly in language comprehension and mathematical skills, where the depth
of personalized intervention ( d ) shows a stronger positive effect [10]. Additionally,
initial cognitive level and learning motivation also have a significant influence on the
outcomes, indicating that intrinsic factors are equally important in cognitive ability en-
hancement. Based on the above quantitative analysis, we will further analyze the cor-
relation between influencing factors and cognitive ability improvement. Tables 4 and 5
respectively present the correlation coefficients between the factors and cognitive abil-
ity improvement, as well as the standardized regression coefficients ( α ).

Table 4. Correlation Coefficients Between Influencing Factors and Cognitive Ability Improve-
ment

Factor Language Comprehension
Improvement ߂) ଵܻ)

Mathematical Skills Im-
provement ߂) ଶܻ)

Learning Progress Im-
provement ߂) ଷܻ)

݂ 0.60 0.58 0.55
݀ 0.65 0.62 0.60
ܥ 0.40 0.38 0.35
ܯ 0.45 0.42 0.40
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Table 5. Standardized Regression Coefficients of Influencing Factors

Factor

Language Compre-
hension Improve-

ment )(
1YΧα

Mathematical Skills
Improvement

)(
2YΧα

Learning Progress
Improvement

)(
3YΧα

f 0.35 0.30 0.28

d 0.40 0.45 0.38

0C 0.25 0.20 0.22

M 0.20 0.15 0.18

From Tables 4 and 5, it can be observed that the frequency of digital tool use )( f
and the depth of personalized intervention )(d are significantly positively correlated
with cognitive ability improvement, with the impact of personalized intervention depth
being more pronounced. This finding indicates that customized digital educational re-
sources tailored to individual needs can more effectively promote children's cognitive
development.

4.3 Validation and Refinement of the Theoretical Model

The primary task in validating the model is to assess its accuracy in explaining and
predicting the improvement of cognitive abilities in preschool children. To achieve this,
various statistical methods were employed, including 2R values, standardized residual
analysis, and goodness-of-fit tests, as shown in Table 6.

Table 6. Values and Goodness-of-Fit for Cognitive Ability Indicators

Cognitive Ability 2R Value Goodness-of-Fit )(P

1Y 0.68 0.001

2Y 0.65 0.003

3Y 0.66 0.002

From Table 6, it can be seen that the model demonstrates strong explanatory power
for language comprehension ( 1Y ), mathematical skills ( 2Y ), and learning progress

monitoring ( 3Y ), with 2R values all above 0.65, indicating that the independent varia-
bles significantly explain the dependent variables. Additionally, the goodness-of-fit test
results show that the model is statistically significant (p < 0.01), confirming the model's
validity. To further assess the model's predictive ability, the distribution of standardized
residuals was analyzed (see Table 7).
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Table 7. Mean, Standard Deviation, and Range of Predicted Residuals

Cognitive Ability Mean Residual Standard Deviation of
Residuals Residual Range

1Y 0.02 0.15 [-0.35, 0.38]

2Y 0.03 0.17 [-0.40, 0.42]

3Y 0.01 0.16 [-0.32, 0.36]

Table 7 lists the mean, standard deviation, and range of the predicted residuals for
the model. The mean residuals are close to zero, indicating that the differences between
the model's predicted values and the actual observed values are minimal, suggesting
high predictive accuracy. Specifically, for language comprehension 1Y , the mean resid-
ual is 0.02, with a standard deviation of 0.15, and the residuals range from [-0.35, 0.38].
For mathematical skills 2Y , the mean residual is 0.03, with a standard deviation of

0.17, and the residuals range from [-0.40, 0.42]. For learning progress monitoring 3Y ,
the mean residual is 0.01, with a standard deviation of 0.16, and the residuals range
from [-0.32, 0.36]. These data indicate that the distribution of prediction residuals for
each cognitive ability is relatively concentrated, demonstrating the model's stable pre-
dictive capability, with small and evenly distributed errors, further validating the mod-
el's reliability.

Although the model generally exhibits high validity and predictive power, there are
still some biases and errors in practical application, suggesting a need for model adjust-
ment and optimization. To address this, the differences in model performance across
different groups were analyzed, and the model's sensitivity to the depth of personalized
intervention )(d was evaluated (see Figure 5).

Fig. 5. Model Prediction Accuracy Across Different Groups
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From Figure 5, it can be seen that the model achieves the highest prediction accuracy
and the smallest error (4%) in Group D, where high-frequency use and deep personal-
ized intervention were applied. In contrast, Group C, which received less intensive per-
sonalized intervention, exhibited a relatively larger prediction error (10%). This indi-
cates that the model's sensitivity to the depth of personalized intervention needs further
improvement. To address this issue, it is recommended to re-estimate the regression
coefficient for personalized intervention depth (φ ) and introduce a nonlinear term to

capture more complex relationships. A quadratic term 2d could be added to the model
to more accurately reflect the actual effects of personalized intervention. Table 8 pre-
sents the estimated coefficients for the revised regression equation.

Table 8. Estimated Coefficients for the Revised Regression Equation

Variable Original Coeffi-
cient Estimate

Revised Coefficient
Estimate Significance )( p

Frequency of Digital
Tool Use ）（f 0.35 0.34 0.001

Depth of Personalized
Intervention ）（d 0.4 0.38 0.002

Quadratic Term for Per-
sonalized Intervention

Depth ）（ 2d
- 0.1 0.005

Initial Cognitive Level
）（ 0C 0.25 0.24 0.003

Learning Motivation
）（M 0.2 0.19 0.004

The revised model, by introducing the 2d  term, has significantly improved the
model's explanatory power regarding the depth of personalized intervention, while also
enhancing its adaptability across different groups. These adjustments enable the model
to more accurately predict the effects of cognitive ability improvement in children
within various digital teaching environments.

5 Conclusion

Through the construction of a digital application model, this study systematically ana-
lyzed the profound impact of digital technology on cognitive learning in early child-
hood education, confirming the significant role of personalized digital tools. Future re-
search should focus on further optimizing model parameters and exploring more com-
plex nonlinear relationships to enhance the effectiveness and precision of educational
practices. This will provide stronger theoretical support and empirical evidence for the
digital transformation of early childhood education.
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