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SUMMARY: For the hierarchical identification and precise intervention needs of medical
students' legal literacy, this paper constructed a precise intervention model based on
multi-dimensional knowledge graph. The model mapped the course records, case answers,
regulations items, behavior trajectories and feedback results into a heterogeneous
relationship network of "medical students - knowledge points - legal situation - ability
indicators", and combined with graph attention propagation, relationship weight update and
path scoring mechanism to realize literacy diagnosis, weak link location and intervention
plan generation. A data set containing 4620 valid samples was constructed, including 3720
for training and 900 for testing. Experimental results show that the proposed MKG-PI model
achieves 92.8% in hierarchical recognition accuracy, 89.6%in intervention matching rate and
87.4%in path consistency, which is better than random forest, support vector machine and
collaborative filtering methods, and the average response time is 1.4 s. At the same time, the
feedback correction mechanism was introduced in the model, so that the intervention path
could be dynamically adjusted with the change of learning state. The results show that the
model can realize the computational representation and accurate intervention output of legal
literacy for individual differences, and provide technical basis for intelligent diagnosis and
process support in legal education for medical students.

Povzetek: V tem clanku je bil oblikovan natancen intervencijski model za pravno pismenost
Studentov medicine, ki temelji na vecdimenzionalnem grafu zmanja, ter preverjen na
podatkovnem naboru, sestavljenem iz 4620 veljavnih vzorcev, od katerih je bilo 3720
uporabljenih za ucenje in 900 za testiranje. Eksperimentalni rezultati kaZejo, da hierarhicna
natancnost prepoznavanja modela dosega 92,8 %, stopnja ujemanja intervencij dosega
89,6 %, povprecni odzivni cas pa znasa 1,4 s, kar omogoca dinamicno prepoznavanje in
natancno priporocanje pravne pismenosti Studentov medicine.

KEYWORDS: Medical students' legal literacy; Multi-dimensional knowledge graph; Precise
intervention; Graph reasoning

1 Introduction

The legal literacy of medical students is an important part of the medical education system that
connects professional knowledge, professional norms and social responsibility. Clinical
diagnosis and treatment, medical record writing, informed consent, medical data use, privacy
protection and medical dispute resolution are closely related to legal rules. With the continuous
expansion of medical service scenarios, the rule of law knowledge faced by medical students is
no longer limited to static clause memory, but gradually turns to norm recognition, clause call,
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rule judgment and behavior decision-making oriented to real situations. The formation of legal
literacy needs to deal with the complex relationship between curriculum learning records, case
analysis results, practical feedback, behavior trajectory and knowledge structure at the same
time. It is difficult to accurately depict individual differences and support the generation of
object-oriented intervention paths by only relying on empirical observation and manual
classification. In the process of promoting the digital transformation of rule of law education,
medical colleges began to accumulate a large amount of structured and unstructured learning
data, which provided a computational basis for using computational methods to carry out rule
of law literacy identification, state diagnosis and intervention recommendation.

In the training scenario of medical students, legal literacy is not a single indicator, but is
composed of multiple dimensions such as legal knowledge mastery, normative understanding,
case discrimination, situational judgment and rule transfer. Different learners may show similar
score results in the same teaching link, but there are obvious differences in the location of
knowledge holes, the strength of rule association and the ability of situational application.
Traditional evaluation methods are mainly based on static tests and stage summaries, which can
show the level of results, but it is difficult to reveal the implicit connection between knowledge
points, and it is difficult to describe the continuous evolution process from basic regulatory
cognition to medical practice decision-making. In the face of multi-dimensional, dynamic and
heterogeneous learning characteristics, how to transform medical students 'legal literacy status
into representable, reasonable and updatable computational objects has become the basic task
in the design of intelligent support system for legal education.

The development of knowledge graph, graph neural network and correlation reasoning
technology provides a new realization path for the structural modeling of complex educational
objects. Zhao et al. studied the joint modeling method of heterogeneous graphs and legal
provisions knowledge, and found that the graph structure could enhance the expression of legal
semantic relations and improve the effect of judgment prediction [1]. Zhao et al. further studied
the semantic enhanced graph neural network and the multi-graph fusion mechanism, and found
that the joint propagation of multi-source legal information was helpful to improve the
discrimination accuracy and structure understanding ability [2]. Bi et al. studied the method of
judicial knowledge enhanced reasoning and found that after co-coding numerical information
and legal knowledge, the model had stronger reasoning stability in complex legal judgment
tasks [3]. Cui et al. reviewed the data set, index system and model evolution in legal judgment
prediction, and pointed out that legal intelligence research is moving from text classification to
knowledge-driven and reasoning-driven comprehensive modeling [4]. Li et al. studied the
construction method of legal knowledge graph supported by knowledge-augmented large
language model, and found that knowledge extraction, entity alignment and graph expansion
can provide more stable semantic support for downstream legal analysis tasks [5]. Although
these results were mainly oriented to legal judgment and legal text computing, they proved that
knowledge graph, relationship propagation and structural reasoning were suitable for the
computational expression of high-complexity rule systems at the method level, and also
provided technical reference for the modeling of legal literacy of medical students.

This study focused on the computational modeling of the improvement path of medical
students 'legal literacy, and focused on the design and implementation of an accurate
intervention model based on multi-dimensional knowledge graph. The research content
included the multi-source data collection and standardized representation of medical students
'legal literacy, the construction of rule of law knowledge graph, the diagnosis of individual
literacy status, the generation of intervention plans and the design of dynamic adjustment
mechanism, and the development of functional modules for hierarchical identification and path
recommendation. Through graph representation learning, relationship weight updating and
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feedback correction strategies, the model can extract key features from knowledge point
connections, case performance and behavior records to form differentiated intervention results
for different learners.

This study focuses on whether the multi-dimensional knowledge graph can support the fine
identification, path generation and dynamic adjustment of medical students 'legal literacy. The
core goal is to transform the scattered regulations, teaching content, case semantics and
learning behavior into a unified graph structure representation, and further complete the
individual state judgment, weak point location and intervention recommendation output. The
expected model can not only improve the accuracy and consistency of the diagnosis of rule of
law literacy, but also enhance the matching degree between the intervention program and the
learning state, and provide a scalable method basis for intelligent evaluation, process support
and computational decision-making in the rule of law education in medical colleges and
universities. On this basis, this paper attempted to incorporate the content of legal education,
the learning performance of medical students and the graph calculation method into a unified
framework, so as to transform the improvement of legal literacy from experience judgment to
structured identification and precise intervention supported by data, and form a reusable
technical implementation path and evaluation mechanism.

2 Literature Review

2.1 Research on identification and stratification of medical students’ legal
literacy

The identification and stratification research of legal literacy of medical students involves
multiple types of information such as legal knowledge, professional norms, clinical situation
and behavior judgment. This direction is characterized by obvious dimension crossing,
heterogeneous learning performance, and long association links. The rule of law literacy is not
only reflected in the memory of regulations, but also covers the ability to invoke rules in
scenarios such as informed consent, medical record compliance, privacy protection,
prescription specifications and medical dispute resolution. With the continuous application of
digital teaching platforms, case training systems and process evaluation tools in medical
education, medical students have formed a large amount of computable data in course learning,
case answering, practice feedback and behavior trace. These data provided a basis for the
identification of legal literacy, and also made the hierarchical results no longer stay in a single
test score, but turn to the integrated representation of knowledge point mastery, situation
transfer and normative application. Due to the diversity of data sources, different granularity,
and temporal changes, the recognition model needs to simultaneously process text, labels,
relationships, and behavior sequences to support more detailed state division and intervention
entry location.

Recent studies have provided a reference method basis for this direction. Tong et al. studied
the graph-enhanced legal judgment prediction method with constraints, and found that label
graph and constraint propagation can improve the structure discrimination ability in complex
rule scenes [6]. Sun et al. studied the application of knowledge prompt learning in Chinese
legal judgment prediction, and found that the prompt template and the pre-trained language
model can enhance the effect of legal semantic awakening [7]. Zhang et al. studied a
hierarchical dependent multi-task legal judgment prediction framework and found that the joint
modeling of task logic, label topology and text semantics can improve the multi-task correlation
expression [8]. Li et al. studied a knowledge graph-enhanced intelligent tutoring system, and
found that the modeling of knowledge importance, exercise representativeness, and
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information quantity was helpful to characterize the learning state and support individual
recommendation [9]. Wang et al. studied the diagnostic framework of explainable intelligent
learning and found that the joint analysis of cognitive parameters, response network and
self-attention weights can improve the interpretability of learning performance prediction [10].
The existing results show that graph structure modeling, relational reasoning and interpretable
diagnosis have the method conditions to be transferred to the legal literacy recognition task of
medical students, and also provide technical support for subsequent hierarchical modeling and
precise intervention. On this basis, the hierarchical research of legal literacy of medical students
gradually shifted from experience division to data-driven dynamic identification, and began to
emphasize the joint calculation between knowledge relationship, behavior trajectory and
situational performance, so as to form a more stable hierarchical boundary and basis for
stratification.

2.2 Research on the construction and association reasoning method of
rule of law knowledge graph

In recent years, the construction and correlation reasoning method of rule of law knowledge
graph has formed a clear technical path in the intersection field of educational computing and
legal intelligence. Related research has gradually shifted from simple text matching to the joint
representation of entities, relations, attributes and behavior trajectories, so that rule knowledge,
learning objects and individual performance can be put into a unified computing space. For the
modeling of legal literacy of medical students, there are obvious semantic dependencies and
hierarchical connections between regulations, medical cases, classroom tasks, answer records
and practice feedback, and it is difficult to stably express the knowledge transfer link only
relying on vector splicing. Through explicit node relationship and cross-layer connection
mechanism, knowledge graph can organize the conceptual structure, scenario rules and
learning behaviors in rule of law education into a deducable graph network, which provides
structural support for subsequent literacy diagnosis, vulnerability location and intervention path
generation.

In the study of related methods, Ma et al. studied the learning resource recommendation
method based on knowledge graph and learning style clustering, and found that the
combination of graph embedding and learning style division could improve the accuracy of
resource matching and enhance the interpretability of recommendation [11]. Raj et al. studied
the adaptive learning path recommendation model driven by real-time learning analysis, and
found that after the joint modeling of static features and dynamic performance, the path
generation was more consistent with the change of learning state [12]. Wang et al. studied the
learning resource recommendation model supported by collaborative knowledge graph
attention network, and found that after the combination of collaborative signal and graph
attention propagation, the learner representation was more complete and the resource ranking
effect was more stable [13]. Pan et al. studied a programming knowledge tracking method
combining knowledge graph and personalized answer sequence, and found that knowledge
concept association and collaborative coding of answer trajectories can improve the state
estimation ability [14]. Yu et al. studied the relation-guided bilateral graph Transformer
cognitive diagnosis model and found that the group-level cognitive diagnosis was more refined
after the joint modeling of student-side and exertion-side relationship graphs [15]. Existing
research shows that knowledge graph, graph attention network, sequence modeling and
relational reasoning have formed a relatively mature combination of technologies, which can
provide a direct method basis for rule association expression, state recognition and dynamic
intervention in medical students 'legal literacy. At the same time, the multi-hop association

4



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

between graph nodes can also preserve the transmission path between regulation items, case
facts and behavioral performance, making the hierarchical recognition results closer to the real
learning state, and providing a continuous basis for the generation of subsequent individualized
intervention plans. Therefore, this direction has become a key technology base in the design of
intelligent diagnosis model for legal education.

2.3 Research on precision intervention recommendation and path
optimization

In the research of precise intervention recommendation and path optimization, the existing
methods have shifted from static rule matching to data-driven dynamic generation framework.
For the scenario of legal literacy of medical students, intervention recommendation is no longer
just pushing unified content according to the score, but needs to establish a continuous mapping
around regulatory knowledge nodes, case semantic structure, behavior trajectory and ability
level, so that the recommendation results can reflect the knowledge gap location, path
connection order and resource matching strength at the same time. Compared with the single
label classification method, the path optimization model emphasizes the joint coding of
multi-source features, the temporal update of learning states and the correlation propagation of
graph structure. There are obvious dependencies between course records, case answers, training
feedback, regulatory items and medical situations. Only by putting these heterogeneous
information into a unified computing framework, can an updatable, traceable, and verifiable
intervention link be formed. Therefore, current research gradually combines knowledge graph,
knowledge tracking, process mining and decision recommendation to improve the intervention
accuracy and path stability after individual state recognition.

Zhang et al. studied the personalized process-based learning path recommendation method
based on process mining and deep knowledge tracking, and found that after the process
sequence and knowledge state were jointly modeled, the recommended path was more stable in
terms of stage cohesion and learning adaptation [16]. Weng et al. studied the construction and
application framework of TCM knowledge graph and found that representation learning can
enhance the ability of domain knowledge organization and provide clearer semantic support for
downstream analysis tasks [17]. Murali et al. studied the construction, completion and
application methods of medical knowledge graphs based on electronic health records, and
found that the structural integration of multi-source medical records was helpful to improve the
coverage and application depth of knowledge graphs [18]. Shang et al. studied a knowledge
graph system for electronic health records and found that multi-center fragmented medical data
can support more collaborative clinical decision analysis after being organized by graph [19].
Liu et al. studied the method of knowledge graph completion and quality evaluation in the field
of traditional Chinese medicine, and found that after the collaborative implementation of the
completion process and quality evaluation, the availability and reasoning reliability of the
graph were higher [20]. These studies show that precision intervention recommendation is not
an isolated ranking task, but a computational process based on the joint effect of knowledge
organization, state tracking, relationship completion and path generation.

As shown in Table 1, existing studies form a relatively clear spectrum of technologies in
pathway recommendation, atlas construction, atlas completion, and clinical decision support.
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Table 1: Comparison of technical characteristics of studies related to precision intervention
recommendation and path optimization.

Reference Research Content Main Technologies Key Implications
Personalized Process mining, Path generation needs to
[16] process-oriented learning deep knowledge incorporate stage-based
path recommendation tracing behaviors and state evolution
(_Zon:structlon an d Representation Domain knowledge graphs
application of traditional . i
[17] Chinese medicine learning, knowledge can e_nha_nce semantic
knowledge graphs graphs organization capability
Construction, completion, EHR modeling, Integrg_tlo? of mgltlr;s:)urce
[18] and application of medical knowledge graph immfoégakrrg\?\(/)lg ds ee E: h
knowledge graphs completion P ge grap
completeness
Knowledge graph system Multi-center data orgarﬁgzzg-nstirsuscl?ijt;etﬂe for
[19] for clinical fusion, knowledge tina collaborative
decision-making graph systems suppéor_l 9 .
ecision analysis
Domain knowledge graph Knowledge graph Knowledge graph quality
[20] completion and quality completion, quality control can improve
evaluation evaluation reasoning reliability

For the task of improving the legal literacy of medical students, these results provided three
aspects of inspiration. First, the intervention path should embed a temporal status update
mechanism, so that the model could dynamically adjust the recommendation order according to
stage performance. Second, the rule of law knowledge graph needs to contain regulations,
medical cases, behavioral manifestations and ability labels at the same time to form cross-layer
semantic associations. Third, the path optimization results need to have interpretable reasoning
basis, so that the intervention output can be traced back to specific knowledge nodes, case
situations and behavioral evidence. Compared with the methods that only rely on similarity
calculation or fixed rule configuration, the accurate intervention recommendation for
multi-dimensional knowledge graph is more suitable for the task of medical students 'legal
literacy, which has complex structure, obvious scene dependence and continuous change of
state. It is also more in line with the writing requirements of technical journals for model
integrity, calculation logic and verifiability. In the existing systems, the quality of path
recommendation is no longer only measured by click feedback or score improvement.
Knowledge coverage, jump rationality, node coherence and behavior modification after
intervention have also become the core evaluation dimensions. The optimization goal formed
by this is closer to the real needs of medical students in the legal literacy training, that is, let the
recommendation path not only complement the knowledge shortcomings, but also support the
normative transfer and situational judgment. This kind of research foundation provides a stable
reference for subsequent model design, and also clarifies the combination direction path of
graph reasoning and dynamic adaptation.
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3 Design of precision intervention model based on
multi-dimensional knowledge graph

3.1 Model objectives and overall architecture

The core goal of the multi-dimensional knowledge graph precision intervention model is to
achieve finer-grained state recognition, more stable hierarchical judgment, and more targeted
intervention path generation in the legal literacy training scenario of medical students. In this
paper, the regulation items, clinical cases, classroom tasks, answer records and feedback
behaviors are uniformly mapped into heterogeneous graph structures with multiple types of
nodes and multiple semantic edges. Through graph representation learning, relationship
propagation and dynamic feedback update mechanism, a closed-loop computing link of "state
diagnosis-path generation-feedback correction” is formed. The model does not take a single
score as the final output, but takes the positioning of knowledge short board, the estimation of
rule transfer ability and the prediction of intervention benefit as the core, and continuously
generates legal literacy improvement programs matching the learning state.

The important design goal of the model is to improve the structural representation ability
and reasoning transparency while ensuring the recognition accuracy. The legal literacy of
medical students is not a single variable, but is composed of multiple dimensions such as
regulatory understanding, situation identification, norm calling, risk judgment and behavior
modification. It is difficult to stably express the coupling relationship between these
dimensions only by linear feature concatenation. Based on this, the model introduced the
multi-source feature fusion mechanism in the input end, the cross-type relationship coding in
the graph layer, and the path constraint and benefit sorting in the reasoning end, so that the
regulatory knowledge nodes, case nodes, learner nodes and ability nodes could complete the
alignment and propagation in a unified space. As shown in Figure 1, the overall architecture
consists of five parts: data input and preprocessing, entity extraction and relationship alignment,
multi-dimensional knowledge graph construction, state diagnosis and hierarchical recognition,
intervention path generation and feedback update. Each module maintains linkage through
shared representation and feedback parameters, so as to ensure that the model has strong
expression ability. It also has the ability to adapt to different courses and different case types.

Data Input & Entity Extraction Multi-Dimensional Knowledge State Diagnosis Intervention Path
Preprocessing & Alignment Graph Construction & Layered Identification Generation &
Feedback Update

{ Legal ATcles ‘ Heterogeneous Knowledge Graph State Assessment ‘ { Path Planning

{ Clinical Cases ‘ ’ \ + ¢ ¥ .
o - % E E ) Layered Evaluation { Benefit Estimation
( eature Extraction )
| Classroom Tasks | » & Fusion » » 3 » ¥

| e 4 O | , ‘ 4 1
.’, 7 / ‘ Weakness Localization {Feedback Adjustment
Response Records | . ‘

& Feedback |

@ Law Nodes @ Case Nodes
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> Graph Representation Learning —PL Relation Propagation Mechanism -P{ Dynamic Feedback Loop 14
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Figure 1: Overall architecture of the multi-dimensional knowledge graph precision
intervention model.



Quan et al.

In order to make the input retain learners' process behavior, static attributes and situational
response information at the same time, this paper does not adopt a simple single-way
embedding method, but projects three kinds of heterogeneous features into a unified
representation space, and completes the initial node representation construction by nonlinear
mapping. The expression is written as:

h1(10) = d)(WXXu + Wbbu + Wssu + bO) (1)

Here, x, represents the learner's process behavior feature vector, b, represents the
background attribute vector, s, represents the context response vector, W, W, and W; are
mapping parameter matrices, b, is the bias term, and ¢(-) is a nonlinear activation function.
The function of Equation (1) is to compress the learning information from different sources and
scales into a unified node representation, which provides a stable input for subsequent graph
propagation and state diagnosis.

In the knowledge graph, the coupling relationship between regulatory knowledge nodes and
case nodes is not only dependent on the semantic content itself, but also regulated by the
context evidence and time response. In order to depict this complex relationship, the dynamic
relationship strength is designed as an attention weighting form combining node embedding,
context features and time terms.

. t
ri(j) &5 (aT [Wiei | Wie; || Wec; |l WtT() ) (2)

ij
where e; and e; represent the embedding vectors of two nodes, c;

j represents the
context-related features, ri(].t) represents the time response term at time t, W;, W;, W, W, are

transformation matrices, a is the attention vector, and o(-) is the normalization function. The
function of Equation (2) is to refine the association strength between regulatory knowledge and
medical context, so that the graph can retain both static semantics and dynamic feedback
information.

In the state diagnosis stage, the model needs to combine the local capability representation
with the neighborhood propagation results in the graph structure to form a more stable
hierarchical division basis. Based on this consideration, this paper defines the learner's
comprehensive diagnosis score as the sum of the local ability weighting term and the structure
propagation term:

K

D, = Z oy Zuge + A Z v sim(hy, hy) 3)

k=1 JEN (u)

Here, z, represents the local representation of the learner on the k ability dimension, oy

represents the dimension weight, V'(u) represents the set of learner neighborhood nodes, rl(f].)
represents the dynamic relationship weight, sim(-) represents the similarity function, and A
represents the structure propagation coefficient. The function of Equation (3) is to combine the
local ability state with the neighborhood structure information to form a more reliable
hierarchical result of rule of law literacy.

Intervention path generation is not a mechanical sorting of weak nodes, but needs to
consider multiple factors such as knowledge shortcomings, path accessibility, intervention
benefits and resource load. To this end, this paper constructs a candidate node priority function
to comprehensively evaluate each node to be recommended:
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P = B1Sk + B2Ck + B3Gy — Balic (4)

Here, Sy represents the degree of knowledge weakness, Cj represents the path
connectivity, Gy represents the intervention benefit estimate, L, represents the resource load
cost, and B4, B,, B; and B, represent the balance coefficients. The function of Equation (4) is
to sort the candidate knowledge nodes by multi-objective, so that the output path can not only
complement the key short board, but also maintain the rationality of learning burden and
resource allocation.

In order to ensure that the model forms a unified optimization among diagnosis accuracy,
path quality and graph structure stability, this paper does not adopt a single objective loss, but
constructs a joint objective function including diagnosis term, ranking term, structural
consistency term and regularization term, which is of the following form:

L=pLy+wly +usle + 1all0]13 (5)

Here, L represents the state diagnosis loss, £, represents the path ranking loss, L.

represents the graph structure consistency constraint loss, ||©||3 represents the parameter
regularization term, and p,, My, M3, and p, are the loss balance coefficients. The function of
Equation (5) is to coordinate the diagnostic accuracy, recommendation quality and atlas
stability, so that the model maintains good generalization ability and structural robustness in the
training process.

Based on the above design, the function module of the model includes five parts:
multi-source data access, graph construction, state diagnosis, path generation and feedback
correction. The input module supports multiple types of data such as course grades, regulatory
knowledge, case texts and behavior records. The graph module is responsible for entity
extraction, relation alignment and multi-layer connection. The diagnosis module completed
literacy recognition and hierarchy division based on graph reasoning. The generation module
outputs the intervention path according to the node priority. The feedback module updates the
parameters according to the subsequent exercise performance and behavior modification results.
The overall architecture can provide stable, transparent and extensible computing support for
medical students to improve their legal literacy, while retaining node evidence traceback and
path interpretation capabilities to facilitate subsequent review and system migration.

3.2 Construction and diagnosis mechanism of multi-dimensional
knowledge graph of legal literacy of medical students

This section focuses on the construction and diagnosis mechanism of the multi-dimensional
knowledge graph of medical students 'legal literacy. The model takes regulations, medical
cases, course tasks, answer records, behavior feedback and ability labels as the basic entities,
and organizes the graph through the four-layer structure of "learner-knowledge-point-case-
ability”. Different from the general curriculum graph, this graph not only retains knowledge
affiliation, but also explicitly represents the application conditions of regulations, case context
differences, and behavior modification links, so that the subsequent diagnosis results can be
traced back to specific evidence.

After cleaning the regulation text, case text, behavior log and attribute label, the model
needs to map the information from different sources into the same representation space. To this
end, this paper uses Formula (6) to construct the initial embedding representation of nodes, so
that the regulation nodes, case nodes, learner nodes and ability nodes can enter the subsequent
propagation process under a unified dimension:
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el” = tanh(Wit; + W,a; + Wyb; + by) (6)
where t; represents the text semantic vector of the i node, a; represents the node attribute
vector, b; represents the behavioral statistics vector, W;, W,, W, are the mapping matrices of
different modes, b, is the bias term, and tanh( -) is the nonlinear activation function. The
function of equation (6) is to complete the unified encoding of multimodal information and
provide the initial node representation for subsequent relationship modeling and diagnostic
calculation.

After obtaining the initial representation of the nodes, the model also needs to determine the
strength of the relationship between different nodes. Considering that there is not only a simple
co-occurrence relationship between regulations and case facts, and between learners and
knowledge points, this paper uses Formula (7) to calculate the relation-aware attention weight,
so that the edge weight is jointly regulated by semantic matching and structural distance:

exp(eiTRre]- — AAij)
QG

= (7)
Y Ykewa expef Rpex — Adyy)

Here, aj; represents the relationship attention weight from node i to node j, R, represents
the bilinear transformation matrix corresponding to relationship type r, Aj;; represents the path
distance penalty term between nodes, A is the distance attenuation coefficient, and V(i)
represents the neighborhood set of node i. The function of equation (7) is to adaptively assign
edge weights according to the relationship type and the graph structure position, so that the
subsequent propagation is more in line with the real characteristics of knowledge dependence
and behavior association.

After the edge weights are determined, the model needs to aggregate the effective
information in the neighborhood to the target node to update the representation of the current
node. To this end, this paper uses Formula (8) to complete relation-aware message passing:

0
m; = z aij Uri].ej() (8)
JEN (D)

Here, m; represents the neighborhood aggregation message received by node i, Uy
represents the relationship type transformation matrix of edge (i,j), and ej(o) represents the
initial embedding of neighbor node j. The function of formula (8) is to collect the neighborhood
information under different relationship types to the current node in a differentiated way, so as
to form an effective propagation link between regulatory knowledge, case semantics and
learning performance.

A single layer of neighborhood aggregation is not enough to support the diagnosis of rule of
law literacy, because learners' performance in regulation understanding, case discrimination,
and norm transfer often relies on multi-hop semantic paths. To this end, Formula (9) is used to
construct the path-level evidence strength and compress the multi-hop propagation result into a
continuous signal that can be used for diagnosis:

Lp
Typ = n(wt’awv,”l) (9)
£=1
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Here, m,, denotes the evidence strength of learner u on path p, L, denotes the path
length, w, denotes the path contribution coefficient at the ¢ step, and a,,,,, denotes the
relationship weight between adjacent nodes on the path. The function of equation (9) is to
transform the multi-hop dependence between regulation entries, case nodes and capability
labels into path-level evidence, which provides a more complete judgment basis than local
nodes for the diagnosis stage.

After obtaining the neighborhood aggregation results and path-level evidence, the model
also needs to fuse these two types of information into the final learner diagnosis representation.
Considering that the contributions of local structure information and path evidence are not
consistent in different learners, this paper uses Equation (10) to construct the gated fusion
mechanism:

mathbfz, =g, Omy,+ (1 —g,) O qu
gy = 0(Wg[myllq,] + bg) (10)

Here, z, represents the final diagnosis representation of learner u, m, represents the
neighborhood aggregation vector of learner nodes, q, represents the path evidence vector, g,
represents the gating coefficient, O represents the bitwise multiplication, || represents the
vector concatenation, W, is the gating mapping matrix, b, is the bias term, and o(-) is the
Sigmoid function. The role of equation (10) is to adaptively balance local structural information
and path-level evidence according to the current state of the learner, making the diagnosis
representation more stable.

In order to ensure that the graph construction, relationship propagation and hierarchical
diagnosis converge towards the same goal during training, the classification error, path
supervision error and structural consistency constraint are unified into the loss function. The
overall optimization objective is given by equation (11):

mathcall. = L + Bleath + B2Leons + B3l (11)

Here, L. represents the literacy hierarchical classification loss, L., represents the path
supervision loss, L.,,s represents the graph structure consistency loss, ||T'||; represents the
sparse regularization term of the relationship parameters, and ,, B,, and 5 are the balance
coefficients. The function of equation (11) is to coordinate diagnosis accuracy, path reliability
and atlas stability, so that the model can output interpretable and transferable diagnosis results
after training.

In summary, the construction and diagnosis mechanism of multi-dimensional knowledge
graph of medical students 'legal literacy is not a simple splicing of regulatory knowledge, case
information and learning behavior, but a continuous state recognition link is formed through
unified embedding, relationship weighting, neighborhood propagation, path evidence
extraction and gated fusion. This mechanism enables the implicit relationship between
regulations, medical situation and learning performance to be expressed explicitly, and also
makes the literacy level division, weak node location and subsequent intervention entry
generation have a clearer calculation basis, so as to provide a stable model basis for the
generation and dynamic adjustment of precise intervention plans in the next section.

3.3 Precise intervention plan generation and dynamic adjustment module

The module of precise intervention plan generation and dynamic adjustment undertakes the
task of transforming the diagnosis results to the teaching execution results. The rule of law
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literacy levels, weak knowledge links and node contribution weights output in the previous
stage are further transformed into executable intervention paths in this module. Different from
the static way of directly allocating resources according to the total score, this paper combines
the intensity of regulatory knowledge, the correlation degree of case situation, the difficulty of
resources and the feedback benefit into the path generation process at the same time, so that the
output results can not only correspond to the current state of legal literacy of medical students,
but also maintain the coherence of knowledge advancement sequence and training rhythm. In
this way, the intervention plan is no longer a simple stack of discrete knowledge points, but a
continuous learning chain composed of basic regulations complement, case discrimination
reinforcement, situation transfer training and norm revision feedback.

In the candidate path generation stage, the system firstly constructs a candidate set
according to the weak nodes identified by the diagnostic module, and extracts the intervention
units from the regulations, case tasks, situation exercises and feedback questions. In order to
ensure that different types of resources can be sorted in a unified framework, this paper defines
the comprehensive priority of a single candidate node as follows.

pk = (XDk + BCk + YGk — 8Rk (12)

where, Dy represents the knowledge gap strength of node k, Cy represents its connectivity
degree in the knowledge graph, Gy represents the expected intervention benefit, Ry represents
the resource load cost, and «, 3, y,0 are the balance coefficients. Equation (12) does not give a
single difficulty ranking, but unifies the short-filling value, path reachability and execution cost,
which is used to determine which knowledge nodes should preferentially enter the subsequent
intervention link.

After the candidate node screening, the model also needs to further judge whether these
nodes can form a structurally stable intervention path. In order to avoid the formation of
fractured recommendation only by local high-weight nodes, we add path consistency constraint
in the ranking stage, and incorporate the node score and the structural matching degree between
adjacent nodes into the scoring function:

S(m) = ) RBetn Y Ay (13)

ke, (i,j)emy

Here, m, represents the intervention path assigned to learner u, A;; represents the adjacent
consistency weight between node i and node j in the knowledge graph, and n represents the
structural constraint coefficient. Equation (13) makes the path generation process not only
focus on the importance of a single node, but also take into account the order of regulation
learning, the cohesion of case training and the ability promotion logic, so as to ensure that the
output results have higher executability.

Based on the above two-step calculation, the operation flow of the module is shown in
Figure 2. After the diagnosis results enter the candidate pool, the system first completes the
node priority calculation, then performs the prior constraint verification and path reorganization,
and then outputs the intervention plan consisting of regulation learning, case training and
situation reinforcement. After the learner completes the current round of training, the behavior
feedback will re-enter the graph, which is used to update the node weights and trigger the next
round of path adjustment.
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Figure 2: Process of precise intervention plan generation and dynamic adjustment module.

In the dynamic adaptation stage, the model continuously received learners 'response results,
case revision and behavior change records after the intervention, and remapped these feedbacks
into the knowledge graph. If the error rate corresponding to a node decreases significantly, the
system will reduce its subsequent push intensity. If a certain type of context task still has large
deviation, the system will increase the weight of its associated nodes and readjust the
recommendation order. In order to describe this process of continuous update with the change
of feedback, the node weight update rule is written as follows.

w = ow® 4 (1 - )1 —ED) (14)

Here, wl((t) represents the intervention weight of node k at round t, El((t) represents the

error rate or deviation rate of this node in the current round, and p is the historical memory
coefficient. Equation (14) combines the immediate feedback with the historical status, so that
the path recommendation can be continuously revised with the change of learning performance.
The resulting precise intervention plan generation and dynamic adjustment module not only
maintained the sequential relationship between regulatory knowledge, case semantics and
training resources, but also made the intervention results have a clearer basis for updating,
which provided stable support for path validity analysis and intervention effect verification in
subsequent experimental evaluation.

In summary, the precise intervention scheme generation and dynamic adjustment module is
not a simple call to the diagnosis result, but unifies the node sorting, path reorganization and
feedback update into the same computing link under the constraint of the knowledge graph
structure. The intervention output thus formed can not only correspond to the knowledge
shortcomings and situational deviations in the legal literacy of medical students, but also can be
continuously corrected with the subsequent learning performance.
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4 Experimental Evaluation

4.1 Experimental Design

This experiment was carried out around the task of hierarchical identification and intervention
recommendation of medical students 'legal literacy, and the purpose was to test the operation
effect of the multi-dimensional knowledge graph precision intervention model in real teaching
data. The experimental process includes five links: sample sorting, graph construction, model
training, path generation and effect evaluation, so as to ensure that the model output is
consistent with the rule of law learning status of medical students. The experimental data
consisted of course records, case answers, regulation items, behavior trajectories and feedback
results, forming a total of 4620 valid samples. All samples completed anonymization and label
review, and were uniformly mapped into four types of node relationship networks: medical
students, knowledge points, legal situation and ability indicators. In the data set, 3720 samples
are used for training and 900 samples are used for testing. At the same time, five-fold cross
validation is used in the training phase to reduce the influence of sample fluctuation on the
result judgment.

In the preprocessing stage, the course records and behavior trajectories are transformed into
structural features, and the regulation items and case texts are entered into the graph building
module after word segmentation, vectorization and entity alignment, and then the node
representation update is completed by the graph attention propagation mechanism. The model
was trained using AdamW optimizer with initial learning rate set to 2e-4, batch size set to 32,
number of training rounds set to 30, and Dropout set to 0.3 to suppress overfitting. The
evaluation stage focuses on the hierarchical recognition accuracy, intervention matching rate,
path consistency and average response time. At the same time, combined with the changes in
the mastery degree of rule of law knowledge and the consistency rate of rule application before
and after the intervention, the adaptation ability of the model in different rule of law situation
tasks is comprehensively analyzed. The experimental environment is deployed on Python3.10
and PyTorch2.1 frameworks, the graph storage is Neo4j, and the training runs on the RTX4090
platform. All parameters were calibrated on the validation set to ensure that the model
performance analysis, ablation comparison, and intervention effect test shared a unified
experimental baseline.

4.2  Model performance analysis

In order to test the actual performance of the multi-dimensional knowledge graph precision
intervention model in the task of legal literacy identification and path generation of medical
students, this paper analyzed the overall performance, situation adaptation ability and training
stability. Random forest, support vector machine and collaborative filtering models were
selected as comparison methods, and the evaluation indicators included hierarchical
recognition accuracy, intervention matching rate, path consistency and average response time.
This setting not only examined the model's ability to discriminate learning states, but also
examined the organizational quality when the diagnosis results were converted to the
intervention path, so it could completely reflect the calculation effect of the model in the
intelligent support scenario of rule of law education.

As shown in Table 2, MKG-PI achieves optimal results on all four core indicators. The
hierarchical recognition accuracy of the model reaches 92.8%, the intervention matching rate
reaches 89.6%, the path consistency reaches 87.4%, and the average response time is 1.4 s. In
comparison, the corresponding results were 84.3%, 79.1%, 75.8% and 2.6s for random forest,
82.7%, 77.4%, 73.6% and 2.9s for support vector machine, and 86.1%, 81.8%, 78.4% and 2.1s
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for collaborative filtering. In terms of absolute improvement, compared with the three baseline
methods, MKG-PI improves the hierarchical recognition accuracy by 8.5, 10.1 and 6.7
percentage points, and improves the path consistency by 11.6, 13.8 and 9.0 percentage points,
respectively. The results show that after the regulations, legal situation, learning behavior and
ability indicators are organized by the graph, the dependencies between nodes can be
completely preserved in the propagation process, and the connection between the diagnosis
results and the recommendation output is more stable. Although traditional methods can
accomplish basic identification, they still rely on local statistical features in cross-node
reasoning and multi-stage path organization, so it is difficult to maintain a high level of
consistency.

Table 2: Overall performance comparison of different methods on the test set

Hierarchical Intervention Path Average

Method Recognition Matching | Consistency | Response

Accuracy (%) Rate (%) (%) Time (s)
Random Forest 84.3 79.1 75.8 2.6
Support Vector Machine 82.7 77.4 73.6 2.9
Collaborative Filtering 86.1 81.8 78.4 2.1
MKG-PI 92.8 89.6 87.4 1.4

The overall results can reflect the average advantage, but the adaptation performance of the
model in different legal situations can better illustrate its actual value. As shown in Figure 3,
MKG-PI achieves the best results in the three core indicators of hierarchical recognition
accuracy, intervention matching rate and path consistency, reaching 92.8%, 89.6% and 87.4%,
respectively. The corresponding results of collaborative filtering model are 86.1%, 81.8% and
78.4%, and the overall performance is lower than that of MKG-PI. 84.3%, 79.1% and 75.8% for
random forest and 82.7%, 77.4% and 73.6% for support vector machine, respectively. From the
horizontal comparison, it can be seen that the gap between the four methods in the hierarchical
recognition accuracy is relatively small, but after entering the stage of intervention matching
and path organization, the baseline method decreases more obviously, especially in the path
consistency index, random forest and support vector machine are only 75.8% and 73.6%,
respectively, forming a large gap with MKG-PI. This indicates that although traditional
methods can complete basic classification, they still rely on local statistical information in
terms of knowledge node association, path cohesion and dynamic intervention organization,
which is difficult to maintain stable structural output. In contrast, MKG-PI maintains better
coherence of recognition results, resource selection, and path generation through graph
attention propagation, path scoring, and feedback correction.
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Figure 3: Comparison of different methods on core metrics.

Figure 4 further shows the comparison of recognition accuracy of the four methods under
different rule of law situation tasks. The recognition accuracy of MKG-PI in the five tasks of
medical record compliance, privacy protection, informed consent, medical dispute resolution
and prescription specification reached 91.7%, 93.2%, 93.8%, 92.1% and 92.7%, respectively,
and the overall accuracy remained above 91%. The results of collaborative filtering were 85.2%,
84.0%, 84.7%, 86.2% and 86.5%, respectively, and the corresponding results of random forest
were 83.6%, 81.4%, 82.3%, 84.9% and 85.1%. The corresponding results of support vector
machine are 82.1%, 79.8%, 80.6%, 83.5% and 83.9%. Among them, the gap is more obvious in
the privacy protection and informed consent tasks, indicating that MKG-PI has more stable
discrimination ability in multiple regulation association calls and complex situational
judgments. The gap between medical record compliance and prescription specification tasks is

relatively small.
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Figure 4: Comparison of recognition accuracy under different rule of law situational tasks.

The variation trend of the training process is shown in Figure 5. In the first four rounds, the
path consistency of the validation set rapidly increased from 61.2% to 84.1%, and the
hierarchical recognition accuracy also increased from 58.6% to 81.3%, indicating that the
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model can quickly establish an effective connection between regulatory nodes, legal situation
nodes and learners 'behavior characteristics in the early stage of training. In the eighth round,
the path consistency reaches 88.7%, the hierarchical recognition accuracy reaches 86.1%, and
falls back to 87.9% and 86.2% respectively in the 15th round, indicating that the relationship
weight update and path constraint are still being adjusted. In the 18th round, the two indicators
reached the stage maximum values of 91.7% and 90.4%, respectively, and then remained in a
higher range, indicating that the model had formed a relatively stable map propagation structure
and diagnostic boundary in the later stage. Combined with the average response time of 1.4 s, it
can be seen that MKG-PI not only maintains high inference efficiency, but also maintains good
path quality and recognition performance.

e \/glidation set path consistency /%

Hierarchical recognition accuracy of validation set /%

100
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80
70
60
50
40
30
20
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Figure 5: Changes in validation set path consistency and hierarchical recognition accuracy
under different training rounds.

4.3 Model ablation and intervention effect verification

In order to test the actual contribution of each component in the precision intervention model of
multi-dimensional knowledge graph, this paper carries out ablation experiments under unified
data sets, unified training rounds and unified parameter Settings, and combines the learning
performance before and after the intervention to verify the effect. The comparison objects
include three simplified models: the full model, the removal relation coding, the removal path
ranking and the removal feedback updating, and the evaluation indicators are the hierarchical
recognition accuracy, the intervention matching rate and the path consistency. The results show
that the recognition accuracy and the quality of path organization will degrade in different
magnitudes after deleting any part.

As shown in Table 3, the full model achieves 92.8%, 89.6%, and 87.4% in the three
indicators, respectively, showing the best performance. After removing the relationship coding,
the model is difficult to maintain the effective constraint between the legal provisions and the
legal situation, the hierarchical recognition accuracy drops to 89.1%, and the path consistency
drops to 82.6%. After removing the path ordering, the knowledge nodes can be identified, but
the order of the output sequence is affected, the intervention matching rate drops to 84.2%, and
the path consistency further drops to 80.8%. After removing the feedback update, the model can
still complete the basic recommendation under the static input, but the response to the
subsequent change of learning state is weakened, and the path consistency is only 81.9%. This
shows that relation encoding determines the semantic propagation of the graph, path ordering
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determines the coherence of the recommendation link, and feedback update ensures that the
intervention output can be continuously corrected with learning performance, which together
constitute the core performance source of the model.

Table 3: Performance comparison under different ablation Settings.

Model Confiauration Hierarchical Recognition Intervention ConZ?sttr(lenc
g Accuracy (%) Matching Rate (%) (%) y
Full Model MKG-PI 92.8 89.6 87.4
Without Relation Encoding 89.1 85.7 82.6
Without Path Ranking 90.2 84.2 80.8
Without Feedback Updating 90.6 86.4 81.9

As shown in Figure 6, the model achieves gains in all four typical rule-of-law tasks. The
knowledge mastery of medical record compliance tasks increased from 76.1% to 88.3%,
privacy protection increased from 72.8% to 86.7%, informed consent increased from 74.6% to
88.9%, and medical dispute resolution increased from 73.4% to 85.6%. Among them, the
informed consent task has the largest improvement, indicating that the model can better reflect
the structural advantages in tasks with collaborative application of multiple regulations and
strong situational judgment.
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Figure 6: Comparison of knowledge mastery improvement in different rule of law tasks.

Combined with Table 3, it can be seen that the complete model does not only achieve
improvement in local indicators, but forms synchronous gains in three levels of recognition,
matching and path organization, which provides a direct basis for the demonstration of model
effectiveness in the subsequent conclusion section.
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5 Conclusion

Focusing on the task of improving medical students 'legal literacy, this paper constructed an
accurate intervention model based on multi-dimensional knowledge graph. The model
incorporated regulations, legal situation, learning behavior and ability indicators into the
unified graph structure, and realized hierarchical identification, knowledge short board location
and intervention plan generation through relationship propagation, state diagnosis, path sorting
and feedback update. The experimental results show that MKG-PI is superior to the comparison
methods in terms of hierarchical recognition accuracy, intervention matching rate and path
consistency, which indicates that the graph organization can better maintain the correspondence
between regulatory semantics, case information and learning state, and also makes the
intervention output show more stable advantages in coherence and interpretability.

From the application effect, the model does not only give static classification results, but
can further transform the diagnosis conclusions into executable intervention paths. The
relationship among knowledge nodes, situational tasks and behavioral deviation is clearly
preserved, so that teachers can judge learners 'weak links based on this, and the system can
continuously adjust the node weight and recommendation order according to the subsequent
answer performance. The closed-loop structure formed in this way makes the identification of
legal literacy more refined, the path generation more stable, and also enhances the usability of
the model in the actual teaching scene.

There are still some limitations in this paper. At present, the samples mainly come from a
single institution, and cross-course, cross-grade and cross-platform data have not been fully
included. There is still room for expansion of the coverage and relationship density of the graph
nodes, and the long-chain reasoning ability in some complex legal situations also needs to be
strengthened. Follow-up research can continue to advance from the directions of multi-school
data connectivity, incremental graph update, multimodal feature fusion, lightweight
deployment and human-machine collaborative feedback, so as to enhance the migration ability,
real-time response ability and continuous application value of the model in complex medical
rule of law teaching scenarios.
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