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ABSTRACT

In the domain of private education, particularly vocational education, school management
encounters a complex and variable environment with diverse demands. As the advancement
of educational informatics progresses, schools have accumulated a substantial amount of data,
including student learning behavior, teaching data, and classroom utilization statistics. However,
the efficient utilization of these data for scientific management decisions to enhance the qual-
ity of education and resource efficiency presents an urgent challenge. The study of the impacts
of educational informatics on school management decision-making is of significant importance.
It aids administrators in comprehensively understanding and analyzing the allocation and usage
of educational resources, thereby enhancing management efficiency and teaching quality and
further promoting the development of educational informatics. Despite some progress in data
analysis and decision-making methods within educational informatics, deficiencies remain.
Traditional methods often overlook comprehensive considerations of spatiotemporal data, fail-
ing to accurately reflect the dynamic changes in educational resources. Existing decision-making
methods, predominantly based on single-agent models, lack studies on multi-agent collaborative
decision-making, resulting in suboptimal decision outcomes. This study comprises three main
components: first, the data modeling of educational informatics based on a spatiotemporal data
model; second, an intelligent decision-making framework for school management under a rein-
forcement learning mechanism; and third, the implementation of an intelligent school manage-
ment decision-making method based on multi-agent reinforcement learning. Through these
investigations, the scientific nature and efficiency of school management are enhanced, provid-
ing new ideas and methods for management decision-making in other educational domains.
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1  INTRODUCTION

In the field of private education, especially vocational education, school man-
agement faces a complex and variable environment with diverse demands.
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As educational informatics progresses, schools have accumulated a large amount
of data, including data on student learning behaviors, teaching data, and classroom
usage [1-3]. However, how to effectively use these data for scientific management
decisions to improve the quality of education and resource utilization efficiency has
become an urgent issue. The introduction of big data technologies and intelligent
decision-making methods is expected to make breakthrough progress in this
area [4-7].

The study of the impact of educational informatics on school management
decision-making is of great importance. Firstly, it can help school administrators
understand and analyze the allocation and usage of educational resources more
comprehensively, thereby making more scientific and rational decisions [8, 9.
Secondly, the application of intelligent decision-making methods can improve man-
agement efficiency, reduce the waste of human resources, and enhance teaching
quality and students’ learning outcomes. Moreover, this study also helps to promote
the development of educational informatics, providing other educational institu-
tions with reference management models and experiences [10-12].

Although there has been some progress in data analysis and decision-making
methods in educational informatics, there are still some deficiencies. Traditional data
analysis methods often lack comprehensive consideration of spatiotemporal data,
making it difficult to accurately reflect the dynamic changes of educational resources
[13, 14]. In addition, the existing decision-making methods are mostly single-agent
models, lacking studies on multi-agent collaborative decision-making, which fails to
fully utilize experience sharing and collaborative effects between agents, leading to
suboptimal decision outcomes [15].

This study mainly includes two parts. Firstly, educational informatics data mod-
eling is based on the spatiotemporal data model, which involves the spatiotemporal
analysis and processing of educational informatics data to build a scientific data model.
Secondly, an intelligent decision-making framework for school management under
the reinforcement learning mechanism is proposed, exploring how to make effective
school management decisions under the framework of reinforcement learning. Finally,
based on the multi-agent reinforcement learning method, intelligent decision-making
for school management is implemented, focusing on experience sharing and collab-
orative decision-making mechanisms between agents. This study not only helps to
improve the scientific nature and efficiency of school management but also provides
new ideas and methods for management decision-making in other educational fields.

2  EDUCATIONAL INFORMATICS DATA MODELING
BASED ON SPATIOTEMPORAL DATA MODELS

In the process of educational informatics, various educational resources, teaching
activities, and student behavior data are dynamically updated as time and space
change, such as classroom teaching, online learning, and experimental activities
in different scenarios with varying data collection methods and frequencies, lead-
ing to significant spatiotemporal characteristics of educational data. By introducing
spatiotemporal data models, it is possible to effectively model and organize various
data during the educational process in multiple dimensions, including time, space,
and state attributes, thereby forming structured and systematic proprietary data-
sets. This not only helps to quickly and accurately extract relevant data in subse-
quent analysis, prediction, and decision-making tasks, improving data utilization
efficiency and decision quality, but also supports personalized teaching, precise edu-
cation resource allocation, and dynamic educational quality assessment, realizing
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intelligent and refined management of educational informatics, and ultimately
promoting the improvement of educational quality and equity.

Traditional data modeling methods typically only describe the attribute information
of objects, ignoring the spatial and location information, which leads to data models
not comprehensively describing information such as time, location, and attributes. The
data in educational informatics also have significant spatiotemporal characteristics,
including various dynamic data such as student behaviors, the distribution of teaching
resources, and educational activities carried out in different time periods and teaching
scenarios. The educational informatics data modeling method based on spatiotemporal
data models can comprehensively describe educational data from multiple dimensions,
such as time, space, and state attributes. This method can more efficiently organize
and manage educational big data, facilitating rapid extraction and in-depth mining of
relevant data sets for subsequent analysis, prediction, and intelligent applications.

Spatiotemporal Data Model of the Educational System Spatiotemporal Data Characteristics of Teaching Units
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Fig. 1. Spatiotemporal data model of the educational system

During the process of educational informatics, different educational scenarios
such as classroom teaching, experimental activities, and online learning contain mul-
tiple parallel and sequential teaching units, each composed of various educational
elements (students, teachers, teaching resources, learning activities, learning environ-
ments, etc.). By organizing educational data according to the hierarchical divisions
of the educational system: system level, teaching unit level, and educational element
level, and constructing a spatiotemporal model on this basis, it is possible to describe
the states of different educational elements at different times and locations. This
hierarchical division and construction method of the spatiotemporal model helps to
comprehensively and meticulously manage and organize educational data, providing
strong support for subsequent big data analysis and intelligent applications in
education. Figure 1 shows the spatiotemporal data model of the educational system.

Firstly, the spatiotemporal data model of the educational system, Ed_state, integrates
the spatiotemporal data of various teaching units within the system, Tu_state, based
on dimensions of time, space, and state. The educational system spatiotemporal data
model can be represented as Ed_state ={Tu_states*, Tu_state®?, ..., Tu_state’}, where each
Tu_state represents the spatiotemporal state of a teaching unit at time s, . In this manner,
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it is possible to comprehensively describe the overall state of the educational system at
different times and spaces, providing data support for the optimized allocation of edu-
cational resources and the dynamic assessment of teaching effectiveness. The expres-
sion for the educational system spatiotemporal data model is given below:

Ed _state =< Tu_statelsl, Tu_state;z,..., Tu_state»> @)

Specific to each educational element within a single teaching unit { (including
students, teachers, resources, activities, environments, etc.), the spatiotemporal data
Tu_state) represents the state attribute information of the educational elements of
teaching unit Tu at time s . Through this detailed spatiotemporal data model, not only
can the dynamic changes of each teaching unit be precisely recorded and analyzed,
but personalized teaching and precise allocation of educational resources can also be
achieved. Let the state attributes of teachers and students be represented by P_A, the
state attributes of teaching facilities by CL_A, the state attributes of learning resources
by C_A, the state attributes of the management system by M_A, the state attributes of
the teaching environment by MA_A, the state attributes of teaching progress by W_A,
the state attributes of teaching evaluation by T_A, and other state attributes by O_A:

Tu_State’=<P_ACL_AC_AM_A,
MA_AWI_AT_AO_A>

(2)

3  IMPLEMENTATION OF INTELLIGENT DECISION-MAKING
METHOD FOR SCHOOL MANAGEMENT BASED ON
MULTI-AGENT REINFORCEMENT LEARNING

The intelligent decision-making method for school management based on multi-
agent reinforcement learning introduces multiple agents into the school manage-
ment process, each acting as an independent decision-making unit and interacting
with the dynamically changing campus environment in a “state-action” manner.
Agents perceive real-time data from the school and set the reward function based
on decision objectives. In the event of management incidents or anomalies, the intel-
ligent decision mechanism is triggered using event detection methods. Agents then
make collaborative decisions through the Experience Sharing Mechanism E-MARL,
enabling real-time response and optimization to management events. Throughout
this process, the spatiotemporal data model provides agents with rich, real-time edu-
cational informatics data, supporting adaptive decision-making in dynamic environ-
ments and thus ensuring the rationality and effectiveness of the management process.
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Fig. 2. Logic for triggering conditions in intelligent school management decision-making
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Specifically, assuming that school management involves tasks in multiple aspects,
such as student management, teacher arrangements, resource allocation, etc., the
state attributes should cover the following:

The school undertakes v types of management tasks, assuming the u-th type of
task K (1 <u <v)includes V sub-tasks. The t-th sub-task of the u-th type can be rep-
resented as K, (1 <t < V). Tasks of the same type K, have the same management
process W, so the w-th process of task K, is K, (1 <w < N). The school is equipped
with [ types of management units, each type of management unit L,(1 < k <) con-
tains 1 parallel management units, and then the k-th type j-th management unit can
be represented as L, ; (1 <j <1). The corresponding buffer area for each management
unit is represented as Y, (1 <k<(1 <j<m), where the number of tasks waiting to be
processed is YK, . Attime s, V, tasks of the u-th type have been completed. The school
management state attribute can be represented as V.

Further, let TA , represent the progress delay of the t-th sub-task of the u-th
type, SO, represent the average dwell time of the t-th sub-task of the u-th type in
the buffer area, and Om,, , represent the planned processing time of the ¢-th sub-
task of the u-th type in the w-th process. Despite some redundancy in these state
attributes, the use of multiple state attributes allows reinforcement learning agents
to perceive the status of the school management process more comprehensively,
thus enhancing subsequent learning efficiency and decision quality.

Figure 2 presents the logic for discerning triggering conditions in intelligent school
management decision-making. In the implementation of intelligent decision-making
methods based on multi-agent reinforcement learning, as the system state changes in
the school management process are continuous and each decision moment’s system
state may be described by multiple state attributes, this can lead to the “curse of
dimensionality” and convergence difficulties in reinforcement learning. Therefore,
it is necessary to further divide the state space using clustering methods to fuzzify
system states and reduce the search space for the “state-action” mapping of agents.
Traditional clustering algorithms such as K-Means and self-organizing map (SOM)
network models typically require pre-specification of initial clustering centers and
cluster numbers, which may lead to inaccurate division of state space, affecting the
accuracy of agents’ perceptions of environmental states and learning outcomes. In
contrast, density-based clustering algorithms (density peaks) achieve data sample
clustering by measuring local point density and distance to high-density points. This
method does not require pre-determined cluster numbers and can quickly identify
data points with high local density and far from other high-density points as clus-
tering centers, thus more accurately dividing the state space. When combined with
the spatiotemporal data model of educational informatics data, the DP algorithm can
more effectively handle complex, multidimensional educational data, enhancing the
learning efficiency and decision quality of agents and enabling them to make more
accurate and optimized decisions in the dynamic school management environment.
Based on the above ideas, assume that the distance between data points r and d is
represented by F , the stage distance by F, and the minimum distance to all higher
local density points by o.. When point r has the maximum local density, then ¢, is the
distance to the farthest data point fromr, i.e., 6, = MAX(F, ). The following equation
defines the local density ¢ and the distance o, to points with higher local density:

1,F<0
9 = k(F —F),k(F){” (3)
r Zd: rd z {O,FZO
o =MIN(f,) 4)

a:9,>9,
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In the implementation of intelligent school management decision-making
methods based on multi-agent reinforcement learning, to fully leverage the agents’
exploratory learning capabilities, behaviors related or unrelated to environmental
states are adopted to utilize existing management rules and theories to solve
management problems. The decision-making behavior of agents involves selecting
appropriate tasks from the set of tasks waiting to be processed and assigning them to
suitable resources (such as teachers, classrooms, etc.) for handling. For issues aimed
at optimizing the use of educational resources and enhancing teaching effectiveness,
the decision behaviors selected in this study include both behaviors related to and
unrelated to state attributes.

Specifically, the decision behavior Xy Includes the following attributes:

e SUN)ut: The time when task K, , enters the buffer zone.

e S . Tesource transition time, which is zero if u and u” are similar tasks.

e Resource utilization: Considering that each type of resource has the same capacity,
but different tasks require different processing times.

e Decision moment: If there are idle resources and no tasks waiting to be processed,
the resources remain idle. When all resources are in use, the task being executed
cannot be interrupted, and newly arrived tasks must wait.

By adopting these decision behaviors, agents can comprehensively perceive
and handle various situations in school management, optimize resource allo-
cation, and enhance overall management efficiency and teaching quality. With
the support of the spatiotemporal data model, these behaviors can fully utilize
educational informatics data, improving the accuracy and timeliness of deci-
sions and thus better addressing the dynamically changing school management
environment.

In the implementation of intelligent school management decision-making
methods based on multi-agent reinforcement learning, the objective of the agents
is to optimize the utilization efficiency of school resources and enhance educational
quality. To ensure that decision-making aligns with the goals of school management,
a concept similar to minimizing the maximum completion time Z, ,  is used, i.e., min-
imizing the time for students to achieve specific educational goals or tasks, thereby
ensuring the timely completion of the educational plan and the enhancement of
teaching quality. Z, ,, can be represented as follows:

MIN Z,, = MIN(MAX(Z, ))1 <u<v,1<t<V,) 5)

Based on the aforementioned principles, the reward function for school man-
agement agents can be defined. The utilization rates of teachers and classrooms can
be used as the indicator function for each policy selection by the agents, defined as
0,4,(S), where L(k,j) represents the j-th resource of the k-th type and s represents
time. This function reflects the operating and idle states of resources at different
times. The indicator function O'L(k’j)(S) for L(k, ) is as follows:

0, At time t, the teacher or classroom is idle

o (8= ) . . (6)
Lk, j) {1,At time t, the teacher or classroom is not idle

Assuming that the reward obtained by an agent at decision moment s after exe-
cuting a decision behavior and transitioning to moment s_, is represented by e , and
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the number of agents is represented by . Thus, the reward function for the agents in
each learning iteration [, n+ 1] is defined as:

! T+
e = %ZL 1ouk!j)(s)fs 7
k=1

Cluster the collection of state attribute samples obtained from
the historical teaching management process

( Randomly initialize individual Q-tables and the shared Q-table,
initialize experience sharing probability

v

h 4
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Fig. 3. Overall process of intelligent decision-making algorithm for school management

Figure 3 illustrates the overall process of the intelligent decision-making algo-
rithm for school management. In the implementation of school management intel-
ligent decision-making methods based on multi-agent reinforcement learning,
agents use “exploration” and “exploitation” strategies to select appropriate decision
behaviors, aiming to optimize school resource allocation and enhance educational
quality. Specifically, the “exploration” strategy requires agents to try all executable
decision behaviors under the faced state to discover potentially optimal solutions,
whereas the “exploitation” strategy requires agents to select decision behaviors that
have proven effective in previous learning to consistently achieve higher rewards.
In practical applications of school management, the exploration and exploitation
processes of agents can be divided into the following steps:

Step 1. Exploration strategy: Initially, agents need to extensively try various deci-
sion behaviors to fully understand the impacts of different decisions on the system.

Step 2. Exploitation strategy: As learning progresses, agents gradually accumulate
knowledge and experience about the environment, at which point they can adopt a
greedier strategy, i.e., choosing decision behaviors that have been proven effective
in previous learning.
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Step 3. Mixed strategy: To balance the advantages of exploration and exploitation,
a mixed strategy can be adopted, where the best-known decision behaviors are used
most of the time but exploration still occurs in a certain proportion of the time to
prevent premature convergence to local optima.

With the support of the spatiotemporal data model of educational informatics
data, agents can access and analyze a large amount of dynamic data in real-time,
such as student attendance rates, teacher workloads, and classroom usage, thereby
making more precise decisions. This paper adopts an e-greedy strategy to balance
local and global search by the agents, which is:

X =argmaxWt (t“ Xt ) 1-¢

a+1’

%,—/
g —greedy :t(t|x)= xieX (8)
random, ¢
—

u
xteX,

4  EXPERIMENTAL RESULTS AND ANALYSIS

Table 1. Decision outcomes hased on different parameters and datasets

Dataset Number of
Management
No. Tt XI X2 X3 X4 X5 X6 X7 X8 X9

1 3 04711 0.854 | 0.985 | 0.895 | 0.958 | 0.715 | 0.278 | 0 | 0.624 | 0.785
5 0.489 | 0.856 | 0.985 | 0.915 | 0.986 | 0.725 | 0.269 | 0 | 0.612 | 0.784

7 0.521 | 0.874 | 0.965 | 0.926 | 0.985 | 0.812 | 0289 | 0 | 0.658 | 0.756

9 0.562 | 0912 | 0.978 | 0.952 | 0.916 | 0.826 | 0.312 | 0 | 0.689 | 0.741

11 0.612 | 0.895 | 0.986 | 0.956 | 0.954 | 0.715 | 0.324 0 0.721 | 0.752

2 3 0.489 | 0.845 | 0.968 | 0.895 | 0.926 | 0.725 | 0.278 0 0.612 | 0.746
5 0.478 | 0.856 | 0.981 | 0.985 | 0.987 | 0.765 | 0.298 | 0 | 0.654 | 0.712

7 0.498 | 0.895 | 0.985 | 0.965 | 0.968 | 0.745 [ 0.278 | 0 | 0.689 | 0.714

9 0.512 | 0.912 | 0.956 | 0.924 | 0.988 | 0.789 | 0.312 | 0 | 0.715 | 0.712

11 0.562 | 0.945 | 0.978 | 0.974 | 0.965 | 0.712 | 0.265 | 0 | 0.745 | 0.756

3 3 0.478 | 0894 | 0.985 | 0.887 | 0.987 | 0.721 | 0.265 | 0 | 0.612 | 0.714
5 0.465 | 0.894 | 0.962 | 0.895 | 0.981 | 0.712 | 0285 | 0 | 0.625 | 0.756

7 0458 | 0.874 | 0.985 | 0.865 | 0.988 | 0.723 | 0.287 0 0.628 | 0.789

9 0.498 | 0.895 | 0.945 | 0.897 | 0.956 | 0.712 | 0.245 0 0.612 | 0.714

11 0.452 1 0.921 | 0.962 | 0.885 | 0.925 | 0.825 | 0.268 | 0 | 0.642 | 0.756

4 B 0.569 | 0.936 | 0.987 | 0.956 | 0.978 | 0.865 | 0.321 | 0 | 0.612 | 0.723
5 0.512 | 0.915 | 0.966 | 0.956 | 0.987 | 0.845 | 0.315 | 0 | 0.741 | 0.745

7 0.589 | 0,941 | 0.982 | 0.945 | 0.945 | 0.826 | 0.324 | 0 | 0.756 | 0.788

9 0.625 | 0.915 | 0.987 | 0.941 | 0.962 | 0.845 | 0.312 | 0 | 0.745 | 0.715

11 0.623 | 0912 | 0.962 | 0.923 | 0.978 | 0.826 | 0.345 | 0 | 0.765 | 0.745

Assuming the need to select the most suitable decision from ten school man-
agement decisions under the influence of educational informatics (X1, X2, ..., X10).
These decisions include optimizing the allocation of teaching resources, developing

International Journal of Interactive Mobile Technologies (iJIM) 55


https://online-journals.org/index.php/i-jim

Cai

personalized teaching plans, predicting student behavior and learning outcomes,
assessing educational quality, intelligent scheduling system decisions, campus safety
management, recruitment and employment guidance, educational resource sharing
and collaborative decision-making, student activity and club management, and bud-
get and financial management decisions. The decisions primarily consider eight attri-
butes, as described in equation 2. The four datasets involved in the experiment are the
student learning behavior dataset, teacher performance and teaching quality dataset,
campus safety and management dataset, and recruitment and employment dataset.

Analysis of Table 1, which contains decision outcomes based on different param-
eters and datasets, leads to the following conclusions: As the number of manage-
ment units increases, the scores generally show an upward trend. This indicates
that increasing the number of management units can enhance the effectiveness and
accuracy of decisions. Scores vary across different datasets, but the overall trend is
similar, suggesting a certain consistency in the impact of each dataset on different
decisions. Datasets 1 and 4 score higher across various numbers of management
units, especially at higher management unit counts. This shows that the student
learning behavior dataset and the recruitment and employment dataset have a sig-
nificant impact on school management decisions. Scores for datasets 2 and 3 are
slightly lower, indicating that while the teacher performance and teaching quality
dataset and the campus safety and management dataset are important for decision
optimization, their influence is relatively smaller. Scores are higher when the num-
ber of management units is between 9 and 11, particularly in decisions X3, X4, X5,
and X7, where scores approach or exceed 0.9. This indicates that these decisions,
under the influence of educational informatics, can better meet current school man-
agement needs. The score for decision X8 is 0, either because this decision is not
applicable in the current school management environment or because the datasets
do not include the key factors required for this decision.

Table 2. Regression results of different educational informatics attributes (data-driven decision-making)

Explicit Disturbances Implicit Disturbances
Decision pataget Dataset Dataset Dataset Dataset Dataset Dataset Dataset
1 2 3 4 1 2 3 4
X1 1.01 —4.12 -11.23 -23.15 -8.21 7.89 3.21 5.89
X2 35.26 —0.42 10.25 —4.12 7.56 412 -93.15 =512
X3 —0.81 -0.95 -12.48 6.02 1.08 6.12 1.65 1.78
X4 18.26 91.25 -3.56 -25.31 -96.23 3.65 64.58 21.36
X5 -24.59 -11.25 52.46 -78.15 15.26 —0.64 =312 -5.68
X6 7.26 -9.32 7.05 1.89 6.58 -12.15 —6.35 102.34
X7 18.96 -1.45 -22.69 56.23 —15.48 12.36 -8.79 12.58
X8 —6.58 3.89 —4.58 -21.59 6.23 -10.25 2.23 -13.64
X9 65.23 1.23 17.59 —5.46 —36.98 0.12 —-36.89 0.18
X10 -96.28 -2.89 —-13.26 -12.36 -5.69 —6.05 -5.46 —6.12

In school management decisions, explicit disturbances are those factors that
can be directly observed and quantified, such as student enrollment rates, teacher
attrition rates, and budget cuts; implicit disturbances are factors that are difficult to
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directly perceive and quantify, such as school culture, teachers’ implicit work stress,
and students’ mental health issues. Managers should identify and address these
disturbances through data-driven decision-making, establishing feedback mecha-
nisms, flexible response strategies, enhanced communication and collaboration, and
preventative measures to improve the level of school management and educational
quality. Educational informatics attributes are divided into four categories: data-
driven decision-making, educational statistical analysis, performance evaluation
reports, and predictive analysis. Further, this paper analyzes the regression results
for different educational informatics attributes.

By analyzing the regression results of different educational informatics attributes
in Table 2, the following conclusions can be drawn: X2 and X9 show a significant
positive effect under explicit disturbances, particularly in Dataset 1 and Dataset 4,
reaching 35.26 and 65.23, respectively. This indicates that these decisions signifi-
cantly improve the level of school management in the face of explicit disturbances.
X4 in Dataset 2 shows a significant increase (91.25), suggesting that explicit distur-
bances have a positive effect on educational quality assessment decisions under the
teacher performance and teaching quality dataset. X5 also exhibits a positive effect
in Dataset 3 (52.46), indicating that explicit disturbances positively impact the intel-
ligent scheduling system decision in the campus safety and management dataset.
X6 in Dataset 4 shows a significant positive effect (102.34), indicating that implicit
disturbances greatly affect campus safety management decisions in the recruitment
and employment dataset. X4 also shows a significant positive effect in Dataset 3
(64.58), suggesting that implicit disturbances positively impact educational quality
assessment decisions in the campus safety and management dataset. X7 in Dataset
4 also shows a positive effect (12.58), highlighting the importance of implicit distur-
bances on recruitment and employment guidance decisions. X10 under both explicit
and implicit disturbances shows a negative effect across almost all datasets, par-
ticularly in Dataset 1, with the impact under explicit disturbances at —96.28 and
under implicit disturbances at —5.69. This indicates that budget and financial man-
agement decisions are relatively vulnerable to these disturbances. X5 in Dataset 4
under explicit disturbances shows a negative effect (-78.15), indicating significant
challenges faced by this decision under explicit disturbances in the recruitment and
employment dataset.

Table 3. Regression results of different educational informatics attributes (educational statistical analysis)

Explicit Disturbances Implicit Disturbances
Decision pagaset Dataset Dataset Dataset Dataset Dataset Dataset Dataset
1 2 3 4 1 2 3 4
X1 73.25 -15.14 2.23 71.21 12.23 —14.23 35.23 -18.12
X2 85.23 -0.19 23.54 -8.23 52.48 —0.62 6.54 -9.89
X3 -21.24 -1.32 -9.02 —2.65 -2.36 15.26 82.31 32.12
X4 —15.36 —5.78 -18.21 32.54 61.25 —32.56 32.15 15.26
X5 5.89 -18.25 -5.36 -105.21 —22.48 12.45 32.26 23.64
X6 2.45 -96.32 2.74 —14.59 —-25.36 -16.58 —-17.56 83.21
X7 -103.26 -91.54 —41.26 98.26 90.12 100.23 -56.32 -101.24
X8 105.21 -25.16 42.58 -98.23 —55.64 101.25 —98.56 -21.35
X9 —6.25 38.62 -1.56 1.24 —-0.01 -7.26 4.01 0.04
X10 -8.02 -11.23 -0.18 -32.26 | -102.36 7.56 —82.36 —2.89
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Analyzing the regression results for different educational informatics attributes
under explicit and implicit disturbances in Table 3 leads to the following conclu-
sions: X1 in datasets 1 and 4 experiences significant positive impacts from explicit
disturbances, scoring 73.25 and 71.21, respectively. This indicates that under explicit
disturbances such as student enrollment rates, teacher attrition rates, and budget
cuts, the decision-making process for predicting student behavior and learning out-
comes significantly improves management effectiveness. X2 in Dataset 1 also shows
a significant positive impact from explicit disturbances (85.23), demonstrating the
effectiveness of this decision when facing explicit disturbances. X8 in Dataset 1 also
exhibits a significant positive impact (105.21), indicating that this decision effectively
enhances resource allocation and utilization efficiency under explicit disturbances.
X3 in datasets 3 and 4 is significantly positively affected by implicit disturbances,
scoring 82.31 and 32.12, respectively, which shows that under factors that are diffi-
cult to directly perceive and quantify, the educational quality assessment decision
significantly enhances management effectiveness. X7 in Dataset 2 shows a signifi-
cant positive impact from implicit disturbances (100.23), indicating that this decision
significantly improves the effectiveness of recruitment and employment guidance
when facing implicit disturbances. X6 in Dataset 4 shows a significant positive impact
from implicit disturbances (83.21), highlighting the importance of this decision in
enhancing campus safety management under implicit disturbances. X7 in datasets 1
and 4 experiences significant negative impacts from explicit disturbances, scoring
—-103.26 and -98.23, respectively, indicating that this decision faces significant chal-
lenges under explicit disturbances. X10 almost universally shows a negative effect
under implicit disturbances across all datasets, especially in Dataset 1 with a score of
—-102.36, suggesting that this decision is quite vulnerable when facing implicit distur-
bances. X5 in Dataset 4 shows a negative effect from explicit disturbances (-105.21),
indicating significant difficulties in the recruitment and employment dataset under
explicit disturbances.

Table 4. Regression results of different educational informatics attributes (performance evaluation report)

Explicit Disturbances Implicit Disturbances
Decision paaget Dataset Dataset Dataset Dataset Dataset Dataset Dataset
1 2 3 4 1 2 3 4
X1 10.02 5.62 —4.78 5.89 0.57 -3.69 3.87 73.26
X2 9.65 -5.21 —-0.54 -16.32 26.32 0.98 0.58 10.24
X3 -42.13 -1.32 9.65 —4.56 -0.01 -13.25 -0.72 16.59
X4 2.89 041 17.25 46.58 —0.802 —41.23 21.26 67.52
X5 98.23 -6.23 -2.36 -32.16 -7.89 5.04 1.56 -44.12
X6 12.35 -10.23 =7.78 23.52 7.56 —57.69 —6.23 31.25
X7 -31.25 7.01 -2.63 41.23 -0.26 25.64 -5.69 5.69
X8 -2.56 -9.23 512 -14.26 -0.301 8.35 —0.62 —78.23
X9 4.89 35.26 -51.23 -0.51 -1.56 5.69 4.56 —-39.65
X10 -13.26 —6.23 -102.36 —72.36 | —78.36 —-32.69 9.69 —62.13

Analyzing the regression results for different educational informatics attributes
under explicit and implicit disturbances in Table 4 yields the following conclusions:
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X5 in Dataset 1 experiences a significant positive impact from explicit disturbances
(98.23), indicating that under explicit disturbances such as student enrollment rates,
teacher attrition rates, and budget cuts, the budget and financial management deci-
sions can significantly improve management effectiveness. X4 in Dataset 4 shows
a significant positive impact from explicit disturbances (46.58), demonstrating the
effectiveness of this decision when facing explicit disturbances. X1 in Dataset 4 also
receives a significant positive impact from explicit disturbances (73.26), suggesting
that under explicit disturbances, this decision effectively enhances the prediction of
student behavior and learning outcomes. X4 in Dataset 4 experiences a significant
positive impact from implicit disturbances (67.52), indicating that under factors dif-
ficult to directly perceive and quantify, the decision regarding educational resource
allocation and utilization significantly enhances management effectiveness. X1 in
Dataset 4 also shows a significant positive impact from implicit disturbances (73.26),
highlighting the effectiveness of this decision when facing implicit disturbances. X2 in
Dataset 1 also shows a significant positive impact from implicit disturbances (26.32),
demonstrating the effectiveness of this decision when facing implicit disturbances.
X9 in Dataset 3 exhibits a significant negative impact from explicit disturbances
(-51.23), indicating that this decision faces significant challenges under explicit dis-
turbances. X10 in Dataset 3 shows a significant negative impact from explicit distur-
bances (-102.36), suggesting significant challenges for this decision under explicit
disturbances. X8 in Dataset 4 displays a significant negative impact from implicit dis-
turbances (-78.23), indicating substantial difficulties for this decision under implicit
disturbances.

Table 5. Regression results of different educational informatics attributes (predictive analysis)

Explicit Disturbances Implicit Disturbances
Decision pataget Dataset Dataset Dataset Dataset Dataset Dataset Dataset
1 2 3 4 1 2 3 4
X1 2.32 -13.21 -6.21 19.56 7.23 11.23 -0.14 -12.25
X2 6.45 -1.03 3.84 -26.31 0.18 0.12 12.36 -22.31
X3 8.98 21.36 -62.31 51.23 -21.36 9.23 108.16 82.36
X4 -97.23 1.68 -12.32 13.25 —0.74 —0.64 70.24 61.24
X5 -7.98 -35.26 -2.65 9.54 46.23 -10.23 14.59 —63.45
X6 -5.23 -27.15 —4.68 110.23 —58.69 -1.65 —47.23 62.14
X7 45.26 48.62 41.32 —-100.25 -8.79 3.89 —103.26 107.23
X8 —46.98 74.23 —-26.58 -94.26 -31.26 6.45 -1.89 | -102.36
X9 18.26 -94.21 81.82 21.15 -1.98 1.98 -0.44 —43.26
X10 -98.32 -101.36 8.96 -6.23 -12.36 —15.26 —-22.36 —87.26

Analyzing the regression results for different educational informatics attributes
under explicit and implicit disturbances in Table 5, the following conclusions can be
drawn: X7 in Dataset 2 shows a substantial positive impact from explicit disturbances
(48.62), indicating that under explicit disturbances, the campus safety management
decision significantly enhances management effectiveness. X9 in Dataset 3 expe-
riences a significant positive impact from explicit disturbances (81.82), suggesting
that this decision positively affects student activities and club management under
explicit disturbances. X6 in Dataset 4 shows a significant positive impact from explicit
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disturbances (110.23), indicating that the recruitment and employment guidance
decision noticeably improves management effectiveness under explicit disturbances.
X3 in Dataset 3 receives a significant positive impact from implicit disturbances
(108.16), showing that under implicit disturbances (such as school culture, teachers’
implicit work pressure, and students’ mental health issues), this decision positively
influences the development of personalized teaching plans. X7 in Dataset 4 shows a
significant positive impact from implicit disturbances (107.23), indicating that this
decision effectively enhances campus safety management under implicit distur-
bances. X4 in Dataset 3 shows a significant positive impact from implicit disturbances
(70.24), suggesting that under implicit disturbances, this decision positively affects
the allocation and utilization of educational resources. X4 in Dataset 1 experiences
a significant negative impact from explicit disturbances (-97.23), indicating that this
decision faces significant challenges under explicit disturbances. X8 in Dataset 4
shows a significant negative impact from implicit disturbances (-102.36), indicating
substantial difficulties for this decision under implicit disturbances. X10 in Dataset
2 experiences a significant negative impact from explicit disturbances (-101.36),
indicating significant challenges for this decision under explicit disturbances.

This paper, through educational informatics data modeling based on the spa-
tiotemporal data model and an intelligent decision-making framework for school
management under the reinforcement learning mechanism, proposes a multi-agent
reinforcementlearning approach, achieving intelligent school management decision-
making. The experimental results demonstrated that different educational infor-
matics attributes have significant impacts on decisions when facing explicit and
implicit disturbances. Explicit disturbances show positive effects in some decisions
while causing negative impacts in others. Implicit disturbances have more pro-
nounced effects on decisions in some datasets, particularly in decisions related to
the development of personalized teaching plans and campus safety management.

5 CONCLUSION

Regression results under different parameters and datasets showed significant
differences in the performance of decisions when facing explicit and implicit distur-
bances. For instance, the campus safety management decision (X7) exhibited pos-
itive impacts under both explicit and implicit disturbances, whereas the decision
for educational resource allocation and utilization (X4) showed negative impacts
under explicit disturbances. By ranking different decision-making methods and
parameters, the optimal decision-making methods for different situations were iden-
tified. These ranking results provide a reference for decision-making priorities for
managers, aiding in the selection of the optimal management strategies in specific
situations. The regression results revealed differences in the performance of vari-
ous educational informatics attributes under explicit and implicit disturbances. The
decision for developing personalized teaching plans (X3) showed a strong positive
impact under implicit disturbances, while the decision for teacher development and
training (X10) exhibited negative impacts under explicit disturbances.

This study combined the spatiotemporal data model with the reinforcement
learning mechanism, providing a scientific and efficient decision-making frame-
work for educational management. Despite the achievements, there are some lim-
itations: the datasets used in the experiments suffer from insufficient sample size
and a lack of representativeness, affecting the generalizability of the conclusions.
The complexity of the spatiotemporal data model and multi-agent reinforcement
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learning methods requires more computational resources and technical support
in practical applications. Future studies could be deepened and expanded in the
following areas: 1) Collecting larger and more representative datasets to enhance
the universality and reliability of the study conclusions. 2) Further optimizing the
spatiotemporal data model and multi-agent reinforcement learning methods to
improve the efficiency and precision of the models. Through these study directions,
the scientific validity and practical effectiveness of intelligent decision-making in
educational management can be further enhanced, providing more robust support
for the development of educational informatics.
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