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Abstract 

As the primary domain of ideological and political education in higher education institutions, ideological and politi-
cal courses must align with principles rooted in human psychology and education. Integrating educational psychol-
ogy into ideological and political teaching in universities enhances the scientific, targeted, and forward-thinking 
nature of such education. The burgeoning exploration of knowledge graph applications has extended to machine 
translation, semantic search, and intelligent question answering. Diverging from traditional text matching, the knowl-
edge spectrum graph transforms information acquisition in search engines. This paper pioneers a predictive system 
for delineating the relationship between educational psychology and ideological and political education in uni-
versities. Initially, it extracts diverse psychological mapping relationships of students, constructing a knowledge 
graph. By employing the KNN algorithm, the system analyzes psychological characteristics to effectively forecast 
the relationship between educational psychology and ideological and political education in universities. The system’s 
functionality is meticulously detailed in this paper, and its performance is rigorously tested. The results demonstrate 
high accuracy, recall rates, and F1 values. The F1 score can reach 0.95enabling precise sample classification. The 
apex of the average curve for system response time peaks at approximately 2.5 s, maintaining an average response 
time of less than 3 s. This aligns seamlessly with the demands of practical online teaching requirements. The system 
adeptly forecasts the relationship between educational psychology and ideological and political education in univer-
sities, meeting response time requirements and thereby fostering the scientific and predictive nature of ideological 
and political teaching in higher education institutions.

Keywords  Knowledge graph, Educational psychology, Ideological and political education, Relationship prediction, 
Online education, Mental health

Introduction
Nowadays, large-scale online teaching has brought online 
education to a new level. Facing with the development 
trend of normalization of online education, how to make 
use of the intelligent technology and methods to improve 
the quality of online education to provide guidance for 
better development of online education is an urgent issue 
to be solved.

Under the environment of new media communica-
tion, various cultural trends of thought have flooded 
online platforms, which have a serious impact on the 
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psychological and ideological health of young students. 
However, pure ideological and political education has 
relatively little impact on students’ mental health, and 
it has become extremely important to integrate psycho-
logical education into ideological and political educa-
tion. The ideological and political course must also 
follow the laws of human psychology and education [1, 
2]. The educational psychology can be applied to the 
ideological and political teaching, which is helpful to 
improve the pertinence and predictability of the online 
education. The integration of these two concepts is 
conducive to improving the scientific nature of teaching 
[3, 4]. In the teaching, teachers should adopt different 
educational methods for different students to improve 
the pertinence of teaching. In order to better improve 
the predictability of teaching, we should put ideologi-
cal and political education in the front to enhance its 
predictability.

One of the most significant impacts of online edu-
cation normalization is its potential to democratize 
access to education. Students from diverse backgrounds 
and geographical locations can now engage in learn-
ing opportunities that were previously limited by physi-
cal constraints. This inclusivity fosters a more equitable 
educational environment, empowering individuals who 
may have otherwise faced barriers to access. However, 
this democratization comes with its set of challenges. The 
lack of face-to-face interaction and the isolation associ-
ated with virtual learning can adversely affect student 
well-being. The absence of social connections and the tra-
ditional classroom atmosphere may contribute to feelings 
of loneliness and disengagement. As such, it is impera-
tive to address these issues to ensure that the benefits of 
online education are not overshadowed by the potential 
negative impact on students’ mental health. Moreover, 
the urgency of integrating intelligent technology into vir-
tual learning experiences cannot be overstated. Artificial 
intelligence (AI) and machine learning algorithms have 
the potential to personalize education, catering to indi-
vidual learning styles and pacing. By analyzing students’ 
progress and adapting content accordingly, intelligent 
technology can create a more tailored and effective learn-
ing experience.

The knowledge graph is a concept recently proposed 
by Google, whose essence is a knowledge base of seman-
tic web [5, 6]. The knowledge graph is a product bred 
in the semantic web environment, which can be used 
to describe entity concepts and the logical relationship 
between them [7, 8]. According to the coverage scope of 
knowledge, the knowledge graph can be divided into two 
types, the vertical domain knowledge graph is mainly for 
a professional field, which mainly pursues the depth and 
accuracy of knowledge [9]. The open knowledge graph is 

more like a large encyclopedia database, which contains a 
variety of knowledge in the real world.

In the context of machine translation, a well-main-
tained knowledge graph serves as a reservoir of con-
textual information. The relationships between entities 
provide crucial context that aids in disambiguating lan-
guage nuances and improving translation accuracy. 
For instance, understanding the relationship between 
a word and its various meanings in different contexts 
helps refine translations, making them more contextu-
ally relevant. Continuous development of the knowledge 
graph ensures that it stays abreast of evolving language 
nuances, cultural shifts, and domain-specific terminolo-
gies, enhancing the adaptability of machine translation 
systems over time. Semantic search, on the other hand, 
relies heavily on the ability to understand the meaning 
and context behind user queries. A knowledge graph 
acts as a powerful tool in deciphering these intricacies by 
establishing connections between entities and capturing 
the inherent relationships within a vast sea of informa-
tion. The continuous enrichment of the knowledge graph 
ensures that semantic search systems can keep pace with 
evolving user intent, emerging trends, and evolving lan-
guage usage, thereby delivering more precise and rel-
evant search results.

Now, considering the proposed relationship predic-
tion system, the importance of a robust knowledge graph 
becomes even more evident. Relationships between enti-
ties form the backbone of any predictive model, and a 
well-maintained knowledge graph provides the necessary 
foundation. As relationships evolve and new connections 
emerge, the knowledge graph serves as a living, breath-
ing repository of information. This dynamism enables the 
relationship prediction system to adapt and improve con-
tinually, ensuring its relevance and accuracy over time.

Therefore, the integration of online educational psy-
chology and ideological and political teaching is condu-
cive to improving the scientific nature of online teaching. 
Before applying educational psychology to the online 
teaching, it is necessary to understand the relationship 
between the two concepts. Therefore, it is necessary to 
design a system that can effectively predict the relation-
ship between the two concepts. The main contributions 
of this paper are as follows:

•	 We employed the KNN model to extract the intricate 
relationship between questionnaires and psycho-
logical traits. Leveraging a clustering algorithm, the 
research delves into a detailed analysis of the psycho-
logical characteristics exhibited by students.

•	 We introduced a systematic approach to predict the 
relationship between questionnaires and psycho-
logical traits and provided a thorough and detailed 
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design of the predictive system’s functions, eluci-
dating how it operates in predicting the correlation 
between questionnaires and psychological character-
istics.

Related works
The knowledge graph assumes a pivotal role in represent-
ing the intricate relationships between entities, offering a 
simulation of the problem-solving approaches employed 
by human experts [10]. This visual representation, serv-
ing as a vital tool, delineates into two distinctive types— 
the general knowledge graph and the industry knowledge 
graph. The inception of the knowledge graph concept by 
Google has catalyzed a surge in scholarly exploration, 
setting the stage for an intensified research landscape. In 
recent years, the depth of research on knowledge graphs 
has notably increased. Scholars have introduced the 
semantic web in scholarly references, facilitating intel-
ligent communication between humans and machines 
[11]. An in-depth analysis of students’ learning charac-
teristics in online education, grounded in the knowledge 
graph, is presented, providing a directional compass for 
the evolution of future educational platforms. Leverag-
ing data mining technology, researchers identify deficien-
cies within established knowledge graphs, culminating 
in the formation of cohesive learning clusters [12]. This 
burgeoning research landscape underscores the evolving 
significance of knowledge graphs, not merely as visual 
aids but as dynamic tools shaping the interface between 
human cognition and computational intelligence, thereby 
propelling advancements in diverse fields.

In the pivotal stage of preparatory learning, the signifi-
cance of learning interest and motivation assumes a para-
mount role in shaping the learning process and outcomes 
[13, 14]. Contemporary online learning exhibits attrib-
utes of heightened psychological immersion, substantial 
interactivity, and extensive feedback, thereby fostering 
learner engagement by restructuring the learning trajec-
tory. This approach induces a profound sense of partici-
pation and immersion, thereby eliciting learners’ interest 
and galvanizing their motivation to learn. Delving into 
the psychological facets of students’ learning, Frenzel 
et al. [15] articulate these facets as intrinsic states mani-
fested across various dimensions of students’ emotions, 
perceptions, thoughts, and feelings during mathemati-
cal learning. Gojkov et  al. [16], in their scrutiny of the 
learning psychological attributes of exceptional students, 
conducted an in-depth investigation and interviews, 
scrutinizing their sentiments, cognitions, perceptions, 
and emotions throughout the learning process. The anal-
ysis encompassed cognitive, non-cognitive, and metacog-
nitive levels, discerning disparities between exceptional 
students and their counterparts.

In recent years, scholarly attention in the realm of 
learners’ learning psychology has predominantly shifted 
towards unraveling psychological barriers in the learning 
process. Investigations have dissected students’ learning 
journeys, accounting for distinct disciplinary characteris-
tics to alleviate or eliminate psychological impediments 
in learning [17]. The ideological and political course is 
to make college students form a correct world outlook, 
and the educational psychology mainly studies the law of 
psychological activities of teachers and students in school 
situations. Both these two concepts contain elements 
such as belief and will [18]. At present, the research on 
the application of educational psychology has made a 
lot of research results. The references put forward the 
theory of constructivism to guide the teaching, which 
has a profound inspiration for innovative education in 
ideological and political teaching [19]. By analyzing the 
characteristics of educational psychology in teaching, 
[20] proposed that teachers should understand and grasp 
the psychological characteristics. The effectiveness of 
ideological and political teaching is studied in the refer-
ences, the results show that the teaching should integrate 
personality education theory into the classroom [21]. The 
teaching strategies of ideological politics are discussed in 
the references, and the results show that the ideological 
politics could learn from some theories of educational 
psychology [22, 23]. Different scholars have analyzed the 
application of educational psychology, which provides 
valuable reference for this paper.

Methodology
The overall framework of the model
Based on the methods of text classification and clus-
ter analysis, this paper analyzes the mapping relation-
ship between questionnaire and educational psychology. 
Combined with the questionnaire data, the personal 
mastery value of students is extracted, which is then 
transformed into the learning characteristics in differ-
ent educational psychology. By using the clustering algo-
rithm, students can be divided into several categories 
according to the differences in learning characteristics. In 
this paper, the feasibility of clustering algorithm is veri-
fied, and the learning characteristics of each class of stu-
dents are analyzed. The overall framework of the model is 
shown in Fig. 1.

Prior to integrating educational psychology into teach-
ing, it is imperative to comprehend the nuanced relation-
ship between them. This paper introduces a knowledge 
graph model grounded in clustering analysis. Within 
this model, the questionnaire-psychological mapping 
relationship is derived through a KNN model, and psy-
chological characteristics are scrutinized via a clustering 
algorithm.
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Educational psychology in this model is categorized 
into three main facets: teacher psychology, student psy-
chology, and the communication psychology between 
teachers and students. Within the realm of teacher psy-
chology, attributes such as personality charm, teacher 
prestige, and teaching effectiveness are considered. Stu-
dent psychology encompasses two key dimensions: self-
consciousness and personality tendency. Among these 
relationships, the teacher-student relationship emerges 
as the foundational interpersonal dynamic in the teach-
ing context.

The questionnaire‑psychological mapping relation 
extraction based on KNN
Using the text classification algorithm in text analysis, 
the k-NN model [24, 25] classifies the questionnaires into 
different educational psychology firstly. If a questionnaire 
contains multiple educational psychology, it is impossible 
to determine the learning characteristics of students in 
multiple educational psychology, so each questionnaire 
is considered to be an educational psychology. The data 

in the questionnaire are analyzed in depth to obtain each 
the psychological learning characteristics of students. In 
order to facilitate the analysis, the correlation between 
the questionnaire and the psychological point is repre-
sented by the questionnaire-psychological matrix K, as 
shown in Formula 1. Formula 1 shows.

where kmn denotes whether questionnaire m belongs to 
psychology n, m denotes the number of questionnaires, 
and n denotes the type of educational psychology. When 
kmn = 1 , it means that questionnaire m belongs to psy-
chology n.

The classification model is used to process the 
extracted text features. Due to the large number of ques-
tionnaires and the high dimension of text features, the 
simplest classification model is selected to deal with the 
evaluation questions. The extracted text features are 

(1)K =

k11 k21 k1n
k21 k22 k2n

km1 km2 kmn

Fig. 1  The overall framework of the model
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obtained by using the k-NN model, and the text features 
of the test questions are divided into two types. The sub-
ordinate relationship between questionnaire data and 
psychology in training samples is given by authoritative 
experts in this field. The text features of the training sam-
ples have a classification label, each of which represents a 
psychology.

The analysis of psychological characteristics based 
on knowledge graph
The clustering analysis is the process of dividing the set of 
abstract objects into multiple clusters composed of simi-
lar objects. The common clustering analysis algorithms 
are hierarchical clustering method and DBSCAN density 
method [26], the DBSCAN density clustering algorithm 
is selected in this paper, which can divide regions with 
enough high density into clusters [27].

Combined with text classification, the questionnaire 
can be classified into educational psychology, and the 
questionnaire-psychological learning characteristic 
matrix can be obtained. According to the psychological 
learning characteristics of each students, the DBSCAN 
clustering algorithm is used to cluster the students, and 
the questionnaire-psychological characteristic matrix 
after clustering can be obtained.

There are three forms of the learning characteristics in 
educational psychology, which are the high standard, the 
medium standard and the low standard. st represents the 
mastery of educational psychology, as shown in Formula 
2.

Where st values in the interval [0, 1]. A higher value 
indicates a higher degree of mastery in this psychology. 
If st ∈ [0.7, 1] , it signifies that students have a proficient 
grasp of this educational psychology, falling into the 
category of high standards. If st ∈ [0.3, 0.7] , it suggests 
that students’ mastery level in this educational psychol-
ogy is average, corresponding to the middle standard. If 
st ∈ [0, 0.3] , it implies that students’ mastery level in this 
educational psychology is not satisfactory, categorizing 
them under the low standard.

The knowledge graph is composed of entities and the 
relationships between them, the relationships between 
entities are the edges in the knowledge graph [28]. 
Through the clustering analysis of learning characteris-
tics, multiple student classes can be obtained. Then the 
relationship between students is analyzed, and each stu-
dent in each category has a learning characteristic value 
in each psychology. In order to avoid the inaccuracy of 
the constructed knowledge graph, the authority and 
rationality of the model are verified according to the dif-
ference of learning stability [29].

(2)st = (st1 + st2 + · · · + stn)/h

In order to verify the effect of knowledge graph, the 
stability of educational psychology is introduced, and its 
calculation is shown in Formula 3.

Where Mutx represents the stability value of educational 
psychology, which indicates the learning characteristics 
of students in educational psychology.

The educational psychological balance is introduced to 
evaluate the model, and its calculation is shown in For-
mula 4.

Where MutMut represents the variance between all 
learning characteristics and the learning characteristics 
of the student.

Prediction system design
The knowledge graph model based on cluster analysis 
is introduced above, which can effectively predict the 
relationship between these two concepts. Then, the sys-
tem module will be designed in detail from four aspects, 
which are the software development environment and 
experimental data, the structure design, the data acquisi-
tion module and the knowledge display and storage.

The background language of the system is Python that 
has low learning cost and many mature frameworks, and 
the Django framework of Python language is used in this 
paper. According to the size and functional requirements 
of system, the Django framework is selected in this paper. 
The database selected in this paper is ProQuest Psychol-
ogy Database, which is the most comprehensive full-text 
database of full-text journals of pedagogy and psychol-
ogy in the world. The data used in this paper includes two 
parts, one is the basic information data of students, the 
other is the answer record data of students.

The Django architecture is used in this system, which 
not only has a clear division of labor, but also does not 
interfere with each other. The method used in this paper 
can reduce the coupling of the system, whose architec-
ture is shown in Fig. 2.

This system consists of two modules, one is the man-
agement module, and the other is the analysis module. 
The management module implements student informa-
tion management and evaluation data management, and 
the analysis module can not only realize the matching of 
questionnaire and educational psychology, but also real-
ize the extraction of characteristics and the construction 
of knowledge graph.

(3)Mutx = (sktx − ckzx)
2

(4)
Mut =

n
∑

1

Mutx

n
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Firstly, the system selects some modules as the ini-
tial URL, and then the HTML structure can be viewed 
through the developer mode. By custom page link 
parser, you can get other URLs contained in this mod-
ule, which is then stored in the site URL list and stored 
locally in text format. When crawling the text, the text 
judgment mechanism is added in order to eliminate 
non-ideological and political data. Before storing the 
text locally, it is necessary to determine whether there 
are ideological and political terms in the text. If there 
are no ideological and political terms, no operation is 
carried out, the system will continue to access other 
URLs until the URL queue is empty.

The calculation of logical unit is shown in Formulas 
(5) to (7).

Where i represents the input gate, f  represents the out-
put gate, o represents the forget gate, δ represents the 
activation function, dt、df  and do represent the offset 
vector.

The knowledge storage
The representation forms of knowledge graph are RDF 
triples and graph database. The RDF can store data in 
the form of metadata, and the graph database stores 
and inquires data in the form of graphs. This paper 
selects RDF triples to represent the ideological and 
political knowledge triples, and the API is used to store 
RDF files into the graph database.

(5)i = δ(wt · [ht , xt ] + dt)

(6)f = δ(wf · [ht , xt ] + df )

(7)o = δ(wo · [ht , xt ] + do)

Then, it is necessary to build a data interpreter in RDF 
files and graph databases to complete the knowledge stor-
age. Firstly, the API is needed to parse the obtained RDF 
files and encapsulate the subjects, in which the RDF files 
are used to encapsulate representation subjects, predicates, 
and objects. Secondly, the encapsulated triple objects are 
connected to the graph database, then we need to parse 
it with a built data parser. Finally, the relevant parameters 
of the graph database are set, and the API is used to store 
node relationships in batches inside the server. The flow-
chart is shown in Fig. 3.

The analysis of system performance
The relationship prediction system between these two con-
cepts is a complicated system, whose practicability needs to 
be tested in practice. The knowledge graph is applied to the 
prediction of the relationship between these two concepts, 
so the performance of the system should be tested.

Evaluation index
The effectiveness of the clustering algorithm is measured 
by Accuracy, Recall and F1 value. Let TP represent the true 
example, TN represent the true negative example, FP rep-
resent the false positive example, FN represent the nega-
tive example, then the specific calculation formula of each 
evaluation index is as follows:

(8)Precision =
TP + TN

TP + FP + FN + TN

(9)Recall =
TP

TP + FN

(10)F1 =
2 ∗ Precision ∗ Recall

Precision+ Recall

Fig. 2  The system architecture
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The classification effect of system model
In the relationship prediction system, the text classifi-
cation effect of the model is of great significance. In this 
paper, the k-NN model is used to classify the samples, 
and the classification effect of the classified samples 
is tested. The corresponding distribution of question-
naire and educational psychology is tested, in which the 
sample size is 200 and the corresponding distribution 
of questionnaire and educational psychology can be 
obtained by k-NN model. The test results of precision, 
recall and F1 value are shown in Fig. 4.

The assessment of the kNN model reveals its remark-
able classification prowess, exemplified by precision, 
recall, and F1 parameters consistently surpassing 0.95 

across diverse educational psychology datasets. These 
high F1 scores signify the model’s exceptional capabil-
ity in accurately classifying samples. Furthermore, the 
model demonstrates elevated precision and recall val-
ues, indicating its sensitivity to various category data-
sets. The overall performance of the k-NN model in 
the relationship prediction system is commendable, 
showcasing its proficiency in achieving precise sample 
classification. The model’s robust classification effects, 
as evidenced by its performance metrics, affirm its reli-
ability and effectiveness in accurately predicting rela-
tionships within the system.

The prediction of the relationship
In order to predict the relationship between different 
educational psychology and the learning effect, the rela-
tionship between different educational psychology and 
the learning characteristics of students is explored in this 
paper. The learning characteristics are divided into four 
levels, which are the learning enthusiasm, the learning 
habits, the mental health and the social ability. The cor-
relation coefficient is used to characterize the matching 
degree of different educational psychology and learning 
characteristics. The greater the correlation coefficient is, 
the greater the correlation between educational psychol-
ogy and learning characteristics is. The results are shown 
in Fig. 5.

In Fig. 5, various curves delineate distinct facets of edu-
cational psychology, specifically focusing on personality 
allure, teacher prestige, teaching experience, self-aware-
ness, personality proclivity, and teacher-student commu-
nication. A heightened correlation coefficient between 
educational psychology and learning attributes signifies 
a stronger association between them. Figure 6 illustrates 
that the correlation coefficient between personality pro-
clivity and learning enthusiasm is the most substantial, 
nearing 1. This suggests that personality proclivity sig-
nificantly enhances enthusiasm for ideological and psy-
chological learning. In contrast, when compared to other 
psychological factors, the correlation coefficient between 
political learning habits and teacher prestige is the most 
pronounced, indicating that teacher prestige plays a piv-
otal role in fostering ideological and political learning 
habits.

Furthermore, in comparison to other psychological ele-
ments, teaching experience exhibits the highest correla-
tion coefficient with mental health, signifying a robust 
correlation between teaching experience and men-
tal well-being. Similarly, self-awareness demonstrates 
the most noticeable correlation with social aptitude. 
These results underscore the efficacy of the proposed 
model, showcasing its capability to predict relationships 
effectively.

Fig. 3  The flow chart of knowledge storage
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Fig. 4  The classification effect of samples

Fig. 5  The prediction of the relationship
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To discern the impact of diverse educational psychol-
ogy on learning attributes, a comprehensive assessment 
of their effects is undertaken. This approach allows for 
the identification of the educational psychology exerting 
the most profound overall influence on learning char-
acteristics. This insight proves invaluable for educators 
seeking to enhance teaching quality. The effects of vari-
ous educational psychology factors on distinct learning 
characteristics are graphically depicted in Fig. 6.

The abscissa represents different educational psychol-
ogy in the figure, namely the personality charm, the 
teacher prestige, the teaching experience, the self-con-
sciousness, the personality tendency and the communi-
cation between teachers and students. The line chart is 
the comprehensive evaluation of different educational 
psychology on learning characteristics. As can be seen 
from Fig.  6, the teaching experience has the greatest 
comprehensive impact on the learning characteristics, 
and followed by the prestige of students. In the teaching, 
teachers should change teaching strategies accordingly, 
which can improve the teaching quality.

The response time of system
The response time refers to the time consumed by users 
when they use the system, which starts from clicking on 
a page to timing, and ends at this time when the page 
is completely displayed in the browser. The smaller the 
response time is, the faster the processing speed of the 

system is. The response time of the relationship predic-
tion system is very important to the user experience, so 
the response time of the system is tested in this paper, 
and the results are shown in Fig. 7.

The response time should take into account the number 
of users, the more users are, the faster the response time 
must be. Generally, when the user can get the response 
within 2 s, the system is sensitive. When the user gets the 
response within 2 ~ 5 s, the reaction of the system is more 
sensitive. When the user gets the response within 5 ~ 8 s, 
the reaction of the system is not very sensitive. The peak 
value of the maximum response time curve is about 3 s, 
indicating that the response time of the platform is fast. 
The peak of the minimum response time curve of the 
system is only 1.5 s, the response time of the platform is 
good. The peak value of the average response time curve 
of the system is about 2.5  s, and the average response 
time of the system is less than 3 s, which meets the actual 
needs.

Discussion
The infusion of psychological principles into the realm 
of online education charts a transformative course 
toward personalized and efficacious learning encoun-
ters. Through the adept utilization of intelligent technol-
ogy and knowledge graph-based systems, educators can 
scrutinize students’ psychological profiles, customizing 
content and interventions to cater to individual needs. 

Fig. 6  The synthetic evaluation
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This methodology not only heightens the predictabil-
ity of online education but also confronts mental health 
challenges by discerning indications of distress and offer-
ing timely support. The ongoing progression of intel-
ligent systems in educational psychology holds promise 
for data-informed decision-making, honing teaching 
methodologies, and crafting more inclusive online learn-
ing environments. Nonetheless, ethical considerations 
concerning student privacy and well-being must be 
judiciously navigated to guarantee the responsible and 
ethical integration of these advancements within the 
dynamic landscape of online education. Integrating edu-
cational psychology into online education holds immense 
potential for revolutionizing the learning experience and 
addressing the evolving needs of students. The implica-
tions of this integration are multi-faceted and extend 
beyond the immediate improvements in the relevance 
and predictability of online education.

Enhanced personalization
By leveraging educational psychology in online educa-
tion, personalized learning experiences can be tailored 
to individual students’ cognitive, emotional, and social 
needs. Intelligent systems can adapt content, pace, and 
assessment methods to align with students’ learning 
styles and preferences, fostering a more engaging and 
effective learning environment.

Improved mental health support
Online education, if not managed properly, can contrib-
ute to stress and mental health challenges for students. 

Integrating educational psychology enables the develop-
ment of systems that can identify signs of psychological 
distress and provide timely support. This could include 
adaptive interventions, counseling resources, or mecha-
nisms for fostering a positive online learning community.

Data‑driven decision making
The knowledge graph-based system described in the 
paper demonstrates the potential for data-driven deci-
sion-making in education. Analyzing psychological char-
acteristics through algorithms and predictive models can 
offer valuable insights into students’ learning patterns, 
allowing educators to make informed decisions about 
instructional strategies, interventions, and curriculum 
development.

Continuous improvement in teaching strategies
The integration of educational psychology in online edu-
cation facilitates ongoing assessment and refinement of 
teaching strategies. By analyzing the psychological map-
ping of students, educators can adapt their approaches to 
better suit the diverse needs of their learners, ultimately 
enhancing the overall quality of education.

Evolution of intelligent systems
As technology continues to advance, the integration of 
educational psychology into online education is likely to 
evolve further. More sophisticated algorithms, machine 
learning models, and artificial intelligence systems may 
emerge, providing increasingly accurate and nuanced 

Fig. 7  The response time of the system



Page 11 of 12Chen et al. BMC Psychology          (2024) 12:170 	

insights into students’ cognitive processes, emotional 
states, and learning trajectories.

Global accessibility and inclusivity
The application of educational psychology in online edu-
cation can contribute to the creation of more inclusive 
learning environments. By understanding and address-
ing diverse learning needs, online education can become 
more accessible to individuals with different abilities, 
backgrounds, and learning preferences, fostering a truly 
global and inclusive educational landscape.

Ethical considerations and privacy
The integration of psychological analysis tools raises 
ethical concerns related to student privacy and data secu-
rity. As these technologies advance, it will be crucial to 
establish robust ethical guidelines, ensuring that the ben-
efits of educational psychology in online education are 
achieved without compromising the privacy and well-
being of students.

Conclusion
Theoretical implications
The establishment of the relationship prediction system 
between educational psychology and ideological and 
political education holds significant theoretical impli-
cations. By presenting a comprehensive model that 
encompasses the overall framework, questionnaire-psy-
chological mapping, psychological characteristic analysis, 
and knowledge graph construction, this study contrib-
utes to the theoretical foundation of predicting teaching 
outcomes. The integration of educational psychology 
with ideological and political education enriches our 
understanding of the underlying dynamics in pedagogi-
cal settings. Theoretical frameworks developed in this 
paper offer valuable insights for researchers exploring the 
intersection of psychological principles and ideological 
education.

Managerial or policy implications
The practical utility of the developed system extends to 
managerial and policy considerations within educational 
institutions. The demonstrated accuracy, recall, and F1 
values of the system underscore its potential as a valuable 
tool for decision-makers in educational settings. Manag-
ers and policymakers can leverage the system to enhance 
teaching predictability, leading to more effective educa-
tional strategies. This paper advocates for the adoption of 
the proposed system in educational institutions, empha-
sizing its ability to promote the integration of educational 
psychology and ideological and political teaching. Such 
integration can have positive ramifications for the overall 
quality of education.

Ideas for future research
While this study provides a robust foundation for the 
relationship prediction system, several avenues for 
future research emerge. Firstly, further exploration into 
the fine-tuning of the k-NN model for questionnaire-
psychological mapping could enhance the precision of 
predictions. Additionally, investigations into the scal-
ability of the system across diverse educational contexts 
and demographics could broaden its applicability. Future 
research endeavors may delve into refining the clustering 
algorithm for a more nuanced analysis of psychological 
characteristics. Furthermore, exploring the long-term 
impacts of integrating the developed system into edu-
cational practices could provide insights into sustained 
pedagogical improvements. Overall, these suggested 
areas for future research aim to advance the understand-
ing and practical implementation of predictive models 
in educational psychology and ideological and political 
education.
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