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ABSTRACT Midwifery teaching data from multiple universities are often dispersed across institutions,
forming data silos that hinder cross-university teaching analysis and optimization while increasing privacy
risks under centralized processing. To address this problem, this paper constructs a cross-university
collaborative analysis framework based on federated learning. The framework first uniformly encodes
and standardizes midwifery teaching data features across universities to ensure cross-institutional data
comparability. Each university then locally trains a deep neural network to extract teaching features,
uploading only model parameters to a central server for secure aggregation. This process constructs
a cross-university collaborative model while protecting student privacy. The model dynamically adjusts
training weights to accommodate data heterogeneity and maintains continuous learning through incremen-
tal updates. The aggregated model generates teaching pattern analysis and optimization recommendations,
providing a scientific basis for curriculum design and teaching improvement. Experimental results show
that the proposed method achieves accuracy of 0.93 and Fl-score of 0.92, significantly outperforming
comparison algorithms. After teaching optimization, theoretical scores improve by an average of 8.2%
and clinical pass rates by 10.0%. Accuracy fluctuations remain within £0.5% to 4-1.5%, validating the
stability and reliability of the framework.

INDEX TERMS multi-institutional teaching data, federated learning, teaching pattern optimization,

privacy protection, incremental model update

. INTRODUCTION

URRENTLY , midwifery education is experiencing a

trend of diversification within medical schools. Dif-
ferences exist in curriculum, practical arrangements, and
student assessment methods across institutions, leading to
isolated storage of teaching data within institutions, low
data interoperability, and limited cross-institutional analysis
and teaching effectiveness evaluation, a common challenge
also facing specialized fields like design and engineering,
where varied curricula impede the comparative assessment
of innovative learning outcomes [1,2]. Multi-school mid-
wifery teaching data has important research and application
value. Comprehensive analysis of course schedules, student
behavior records, assessment results, and practical skills can
provide a scientific basis for optimizing teaching models
and sharing cross-school experience [3,4]. However, exist-
ing teaching data management models generally rely on
internal information systems within institutions, and data
centralization and unified analysis are limited by privacy
regulations and technical barriers [5,6]. Centralized data
aggregation requires uploading large amounts of sensitive
student information, which not only consumes management
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resources but also poses potential privacy risks, hindering
the implementation of cross-school data joint modeling.
With the increasing demand for quality assessment of mid-
wifery education and curriculum optimization, universities
urgently need a technical means to achieve multi-school data
collaborative analysis and knowledge sharing while ensuring
data privacy [7,8], so as to break down data silos and achieve
cross-school intelligent teaching improvement.

In recent years, the academic community has conducted
extensive research on teaching data analysis. In the field
of midwifery education research, existing work has carried
out in-depth discussions from multiple dimensions such as
teaching methods, technology integration, international de-
velopment and clinical practice quality. In terms of teaching
method innovation, Cofie et al. [9] verified the effectiveness
of concept maps in midwifery genetics teaching through
experimental research, providing a basis for optimizing
the teaching of specific subject knowledge. Other studies,
such as Tercan et al. [10]’s analysis of the certification
and service perception of mother-child-friendly institutions,
and Migura [11]’s comparative study of the academiciza-
tion and Europeanization of midwifery education in the
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German-speaking region, reflect the diversification trend
of midwifery education from the perspective of service
quality and education system development. Overall, these
studies provide a background for the development of mid-
wifery education, but most of them focus on improvements
in a single school or a specific field, and have not yet
touched on the systematic analysis issues under cross-school
data collaboration and privacy protection. Existing research
shows that cross-school collaborative teaching analysis lacks
an efficient joint modeling solution under the premise of
ensuring data security, and the problem of isolated teaching
data has not been fundamentally solved, which hinders the
scientific process of improving the education quality and
optimizing the curriculum of multiple schools.

To address the privacy and silo issues faced by multi-
school midwifery teaching data analysis, researchers have
proposed a variety of technical means to try to solve the
challenges of cross-institutional data collaboration. Tradi-
tional distributed computing and encryption technologies are
used to protect student information, but they are usually
accompanied by high computing overhead and low model
generalization ability. Deep learning methods have shown
high prediction accuracy and feature extraction capabilities
in single-school teaching data mining, but are limited by
data sharing issues in multi-school data collaboration. Idoko
et al. [12] emphasized the necessity of a security framework
in cross-regional data sharing by comparing medical data
privacy regulations in the United States and Nigeria, and
provided a reference for data protection in multi-school
collaboration. Federated Learning, an emerging distributed
machine learning paradigm, offers a viable method to ad-
dressing these challenges. However, its application in ed-
ucational data analysis remains relatively nascent. Existing
solutions are inadequate in feature alignment, heterogeneous
data processing, and dynamic model updates, making it
difficult to support efficient, continuous, and intelligent
multi-university collaborative analysis. In summary, a col-
laborative analysis framework that simultaneously ensures
data privacy and cross-university knowledge sharing remains
lacking, enabling the effective mining and utilization of
multi-university midwifery education data.

This paper addresses the current situation of multi-
university midwifery teaching data fragmentation, high pri-
vacy protection requirements, and a lack of feasible so-
lutions for cross-university collaborative analysis, issues
mirrored in technical disciplines such as engineering, where
collaborative research using distributed, proprietary material
performance data is similarly hampered. We propose a
federated learning-driven collaborative analysis framework
for multi-university midwifery teaching data. Furthermore,
by dynamically adjusting training weights to accommodate
data heterogeneity across universities and employing a reg-
ular incremental update mechanism, it achieves efficient,
continuous, and intelligent cross-university data collabora-
tive analysis. This method not only addresses data silos
and privacy risks but also improves model generalization
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and cross-university collaboration, providing an innovative
solution for multi-university midwifery teaching data anal-
ysis. Through the unification of multi-university teaching
data features, model federation training, knowledge sharing,
heterogeneous data adaptation, and real-time collaborative
updates, this paper closely integrates federated learning
technology with midwifery teaching data analysis, forming
a complete data collaborative analysis process that not only
meets the needs of education quality assessment but also
provides an operational basis for cross-university teaching
optimization.

Il. DATA COLLABORATION IMPLEMENTATION
STRATEGY

A. CROSS-SCHOOL FEATURE ALIGNMENT

1) Data Standardization and Unified Coding

In order to achieve the comparability of midwifery teaching
data from multiple schools, this study first standardized
the data from each school. The specific operations include
unified coding of characteristics such as course categories,
assessment types, grade distribution, and student behavior
records. Course categories and assessment types are dis-
cretely coded, and the course names of different schools
are mapped to a unified course numbering system to ensure
that the same teaching modules can be matched between
different schools. Indicators such as student behavior records
such as attendance, number of practical operations, and
classroom participation are continuously normalized and
mapped to the interval of 0,1 to eliminate the impact of data
scale differences between different schools on the analysis
model. The formula is as follows, let xij be the original
value of the j-th characteristic of the i-th school, and the
standardized characteristic value x’ij is formula (1):

, _ xij —min(zy)

Ti = max(x;) — min(z;) M

This processing method ensures that the numerical fea-
tures of each school can be directly input into subse-
quent model training, resolving the non-comparability issue
caused by data heterogeneity. During the encoding process,
text features such as course name and assessment format
are converted into vector representations through one-hot
encoding to construct a unified feature space. For example,
the course name Ck is mapped to a vector vk€Rnc, where
nc is the number of courses. The corresponding positions in
the vector are set to 1, and the remaining positions are set to
0. This method ensures that courses from different schools
are aligned in the same dimensional space, providing unified
input for cross-school model training.

Figure 1 shows the distribution differences and alignment
effects of different schools’ score data before and after
standardization. In Figure 1(a), the horizontal axis shows
the original score and the vertical axis shows the density.
It can be seen that the mean and fluctuation range of the
scores of the five schools vary significantly. School 4’s
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mean is close to 90 points and the distribution is more
concentrated, while School 3’s mean is only about 68 points
and the distribution is more dispersed. This indicates that
there are large differences in the original data, making direct
comparison difficult. In Figure 1(b), the horizontal axis
shows the standardized score and the vertical axis shows the
density. After standardization, the data distribution of each
school converges on a scale of zero mean and unit variance,
eliminating the original mean and variance differences and
enabling feature alignment and joint analysis of cross-school
data at the same scale.

It is important to emphasize that although we have
achieved unified coding and numerical standardization at
the feature level, this only addresses structural heterogeneity,
namely inconsistencies in field naming, units, and missing
patterns. However, significant heterogeneity at the semantic
and distribution levels remains: for example, the assessment
standards for the "Clinical Skills" course differ greatly
among the five universities—one university primarily uses
simulated childbirth procedures for scoring, while another
emphasizes case analysis reports; furthermore, although
student attendance rates are uniformly normalized to the
[0,1] interval, their correlation with the final grade is even
opposite across universities. Therefore, standardization has
not eliminated the differences in educational culture, assess-
ment philosophy, and teaching practices behind the data.
These deep-seated heterogeneities are precisely the core
challenges that federated learning needs to address through
model-level collaboration rather than data-level alignment.
The value of this framework lies precisely in extracting
common patterns from heterogeneous data while preserving
the teaching autonomy of each university.

2) Feature Alignment and Missing Value Processing

After completing basic standardization and coding, in order
to further ensure cross-school feature alignment, the study
systematically processed missing values and outliers in the
data of each school [13]. The missing values are filled using
a weighted method based on the local within-school mean
and the global cross-school mean, and the weighted filling
value is defined as formula (2):

mfill _

=local —global
L= azg + (1 —a)z!

Lo giobal - ae0,1] (@)

297! is the mean of the j-th feature of all participating

schools, and iﬁ?cal is the mean of the j-th feature of the i-
th school, and the weight « is used to balance local feature
differences and cross-school consistency. This method not
only maintains the individual characteristics of the school,
but also ensures the uniformity of the data when aggregated
across schools. Outlier detection uses a screening method
based on the triple standard deviation method to correct or
eliminate features that deviate too much from the mean.
After feature alignment is completed, the data of each school
is uniformly mapped to the common feature space to form
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a cross-school comparable data matrix X; € R™*", where
my; is the number of samples from the i-th school and n is
the unified feature dimension. This matrix is directly used
as input for subsequent federated model training, achieving
alignment and compatibility of data from different schools at
the model level, laying the foundation for parameter aggre-
gation and cross-school knowledge sharing in the federated
learning process. The entire process is strictly executed in
the order of standardization, encoding, missing value filling,
outlier processing, and feature mapping.

B. FEDERATED MODEL TRAINING

1) Local Deep Learning Model Construction

After the cross-school feature alignment is completed, each
participating university constructs a deep neural network lo-
cally to extract midwifery teaching features [14]. The model
input is the standardized cross-school unified feature matrix
X, € R™>*™ and the output is the corresponding teaching
feature representation H;, € R™ Xd_where m; is the number
of samples, n is the unified feature dimension, and d is the
hidden layer output dimension. The deep network structure
uses a multi-layer fully connected layer combined with
batch normalization and ReLLU activation function, and the
parameters of each layer are locally trained through back
propagation. During the training process, the cross entropy
loss function is used to optimize the classification task or
the mean square error loss function is used to optimize the
regression task, as shown in Formula (3):

1 &
Li=—3 (i, fo.(v)) 3)
K3 j:l

yij is the true sample label, fy, is the deep learning
model for school i, 6; is the model parameter, and [
represents the loss function. Through local training, feature
vectors reflecting student learning and course effectiveness
are extracted for each school. All raw data is retained on
the local server to prevent the leakage of student privacy
and ensure data security.

Figure 2 illustrates the training process and performance
changes of multiple schools under the federated learning
framework. In Figure 2(a), the horizontal axis represents the
number of training rounds, and the vertical axis represents
the training loss of each school’s local model. It can be
observed that as the number of training rounds increases, the
loss of each school gradually decreases. Figure 2(b) shows
the evolution of test accuracy, with the horizontal axis also
representing the number of training rounds and the vertical
axis representing the accuracy. Starting from different initial
accuracies, the five schools gradually converge to a range
of approximately 0.70-0.90. The global model represented
by the dotted line converges faster overall during the ag-
gregation process and achieves a higher final accuracy of
approximately 0.92, significantly outperforming the individ-
ual school models. Figure 2 demonstrates that the federated
model can effectively integrate knowledge from different
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FIGURE 1. Cross-school standardized score distribution comparison: (a) Score distribution before standardization; (b) Score
distribution after standardization

schools in a heterogeneous environment, enabling cross-
school teaching data to complement each other, thereby
improving overall performance while maintaining privacy.

Although midwifery teaching data has structured charac-
teristics and can theoretically be processed by interpretable
models, this study chose deep neural networks (DNNs)
mainly based on three considerations: First, teaching effec-
tiveness is affected by the nonlinear interaction of multidi-
mensional features, and DNNs can automatically capture
such high-order interactions, while tree models require
manual construction of cross features; Second, federated
learning frameworks require all clients to use the same
model architecture to support parameter aggregation, while
the splitting rules of tree models (such as XGBoost) are
difficult to align on heterogeneous data; Third, the final
output of this paper does not rely on the internal mechanism
of the model, but extracts rules through posterior inter-
pretability techniques (SHAP), thus balancing performance
and interpretability.

2) Model Parameter Aggregation and Collaborative
Optimization

After completing local training, each school uploads the
model parameters 6; to the central server for aggregation.
Aggregation uses a weighted average method, with the
weights determined based on the amount of data from each
school to ensure a reasonable model contribution ratio when
the data volume varies greatly [15]. The aggregation formula
is as follows (4):

aglobal = (4)

K represents the number of participating schools, and
Og10ba1 Tepresents the aggregated global model parameters.
After aggregation, the central server distributes the global
model parameters to each school for the next round of
local training, achieving iterative optimization. This process,
through multiple rounds of training and aggregation, allows
each school’s model to continuously improve its cross-
school feature extraction capabilities through parameter in-
teraction without sharing original data, thereby forming a
highly generalizable collaborative model.

C. TEACHING KNOWLEDGE SHARING
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1) Cross-school Model Generation

After the federated model training is completed, the cen-
tral server obtains the aggregated global model parameters
Ogi0bar and uses this model to perform forward reasoning
on the unified feature matrix X; of each school to generate
a cross-school teaching feature representation

lobal
ng 7 = feglobal (Xz)v

where fy .., represents the aggregated deep neural network
mapping function. By performing cluster analysis and sta-
tistical feature extraction on the feature representations gen-
erated by different schools, a cross-school teaching model
matrix M € RE*? ig constructed, where K is the number
of participating schools and d is the feature dimension [16].
The model matrix is further reduced in dimension and fea-
ture selected through principal component analysis (PCA)
or non-negative matrix factorization (NMF), extracting key
teaching behaviors and course structure patterns, thereby
forming a teaching knowledge base that can be shared across
schools. Figure 3 shows the feature distribution and feature
importance of cross-school teaching data. Figure 3(a) is
a heat map. The horizontal axis represents six teaching
features: theoretical courses, practical courses, assessment
frequency, degree of interaction, resource richness, and
personalized guidance. The vertical axis represents the five
schools. Each grid shows the numerical value of the corre-
sponding school on that feature, and the color depth reflects
the proportion or intensity of the feature. Theoretical courses
and assessment frequency are high in all schools, while
the degree of interaction is relatively low. Figure 3(b) is a
horizontal bar chart. The horizontal axis shows the feature
importance score and the vertical axis shows the six teaching
features. The data clearly shows that practical courses and
resource richness are the most important, reaching 0.92
and 0.88 respectively, while "degree of interaction" has the
lowest importance, at 0.65.

2) Experience Report Generation and Application

Based on the cross-school model matrix M, the central
server generates a standardized teaching experience report,
including course arrangement characteristics, assessment
method distribution, student behavior trends, and potential
optimization strategies. The report generation uses feature
importance scoring and model sensitivity analysis methods
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Federated Model Training Analysis with Heterogeneous Schools
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FIGURE 2. Analysis of the Federated Model Training Process: (a) Local Training Loss for Each School; (b) Test Accuracy Evolution
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FIGURE 3. Analysis of Cross-School Teaching Characteristics: (a) Heatmap of Cross-School Teaching Models; (b) Analysis of the
Importance of Teaching Characteristics

to rank and quantify the contribution of each feature to the
teaching effect [17,18], as shown in formula (5):

_ aLglobal
~ Oh;

I; represents the contribution of the j-th feature to
overall teaching effectiveness, Lglobal is the global loss
function of the aggregate model, and hj is the global
feature representation. This scoring allows each university to
identify differences between its own curriculum and those
of the cross-university model and determine optimization
directions. Experience reports are distributed to participating
universities in a standardized format for reference by faculty
and administrators, allowing them to adjust curriculum,
optimize assessment arrangements, and improve teaching
strategies. The report content can be dynamically refreshed
after the global model is updated, enabling continuous
optimization.

During apEIication, each school reads the teaching model
vector H flo ! output by the global model and the ex-
perience report, maps the recommendations back to its
specific courses and student groups, and implements the
strategy based on local conditions. By locally mapping and
adjusting the cross-school model, the optimization mea-
sures are ensured to conform to global teaching principles
while meeting the individual needs of each school. This
method effectively enables cross-school knowledge sharing
and teaching experience transfer, while maintaining secure
local data storage and preventing the leakage of original
student information.

I by 5)
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The generated teaching optimization suggestions are not
black-box outputs, but rather based on interpretable feature
importance analysis and cluster comparison rules. Specif-
ically, the system first uses the SHAP (SHapley Additive
exPlanations) method to interpret the global model, quanti-
fying the marginal contribution of each teaching feature to
the prediction results. Then, it performs a deviation analysis
between the feature vectors of each school and the cluster
centers of high-performing schools, automatically generat-
ing structured suggestions. For example, for school number
4, the system outputs: "The current "practical course’ ratio
is 0.42 (global mean 0.68), suggesting an increase to above
0.60; the ’resource richness’ score is 0.55 (importance
0.88), suggesting the introduction of a virtual delivery room
simulation platform." These suggestions are presented in
the form of natural language templates plus quantified
thresholds, along with success stories from similar schools
(e.g., "School number 2 increased its clinical pass rate by
12.5% by adding one simulation training session per week").
This type of output has been confirmed by teachers in pilot
schools as "directly actionable," significantly different from
traditional statistical correlation reports.

D. HETEROGENEOUS DATA ADAPTATION

To address the significant heterogeneity of midwifery teach-
ing data from multiple schools in terms of sample size,
feature distribution, and curriculum structure, this paper
proposes a dynamic weighted aggregation mechanism. This
mechanism integrates the local regularization approach of
FedProx and the gradient normalization strategy of Fed-
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Nova, and introduces a data distribution consistency metric
to adaptively adjust contribution weights. In each round of
aggregation, a weight is assigned to the model parameters of
each school based on the effective sample size m; of each
school, the local model parameter heta;, and the local data
distribution consistency index D;, as shown in equation (6):

B m; - exp(—AD;)
Zszl my - exp(—ADy)

K is the number of participating schools. A is a hyper-
parameter used to adjust the impact on data consistency.
D; represents the distance between the school’s data dis-
tribution and the global data distribution. In addition, a
FedProx-like proximal term is introduced during the local
training phase to prevent the local model from deviating
excessively from the global solution. This combined strategy
effectively alleviates the model oscillation caused by non-
independent identically distributed (Non-IID) data while
preserving the teaching characteristics of each school. It is
a key improvement of the standard FL framework in this
paper, thereby preventing a small number of anomalously
distributed data from having a significant impact on the
global model [19,20].

Based on dynamic weight allocation, a heterogeneous
adaptation strategy is applied in the local training process
of each school to optimize the local model parameter
update speed and global aggregation effect. The specific
method includes adaptively adjusting the learning rate ni
and the gradient clipping threshold 7i according to the data
distribution. The formula is defined as follows (7):

(6)

wj

1
1+ 8Dy’

10 and Ty are the base learning rate and clipping threshold,
respectively. S and ~ are adjustment coefficients, with D;
representing the distance between the local data distri-
bution and the global distribution. Through this adaptive
adjustment, the local model’s gradient update amplitude is
properly controlled when data is sparse or the distribution
deviates from the global distribution, avoiding overfitting or
training oscillation and improving training stability.

i = To 7 =70 (14+7D;) 7

E. REAL-TIME COLLABORATIVE UPDATES

To ensure that the collaborative analysis framework for
midwifery teaching data in multiple schools can adapt to
the dynamic changes in the teaching process, each university
deploys a local incremental model training mechanism [21].
Incremental training is based on newly generated data
batches locally, and the latest collected course information,
assessment results and student behavior records are added
to the model training process. The system preprocesses
the newly added data, including standardization, feature
mapping and missing value filling, to keep it consistent with
the historical data characteristics to ensure the uniformity
of the input feature space. During the incremental training
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process, the local deep neural network uses small batch
stochastic gradient descent to update the model parameters,
while retaining the historical parameters and optimization
state to prevent the model from forgetting the key teaching
patterns learned previously. The training process records the
parameter changes and loss trends of each round of incre-
mental training, and forms a log file for subsequent auditing
and model backtracking. The incremental training frequency
can be flexibly set according to the data generation rate
and analysis requirements, realizing two modes: on-demand
update or periodic update. The scheduling system is used to
avoid peak training conflicts and ensure training efficiency
and system stability.

Figure 4 illustrates the real-time collaborative update
process and system stability of five schools in a federated
or distributed environment. Figure 4(a) shows the time
step on the horizontal axis and the participating schools
on the vertical axis. Each vertical line indicates that the
corresponding school updated the model at that time step.
The black broken line shows the evolution trend of the
global model version. It can be seen that the update intervals
vary among schools (school 1 updates every 10 steps, school
2 updates every 15 steps, school 3 updates every 20 steps,
school 4 updates every 25 steps, and school 5 updates
every 12 steps), reflecting the asynchronous update nature.
At the same time, the global model curve gradually rises,
indicating that asynchronous updates from each school can
still drive continuous improvement of the overall model.
Figure 4(b) also shows the time step on the horizontal axis
and the system stability index on the vertical axis. The green
line shows the evolution of the system’s stability during
the collaborative update process, and the purple dashed
line is the trend line. The data shows that the stability
index gradually approaches 0.9 from approximately 0.75,
indicating that the overall system stabilizes as incremental
updates proceed.

After completing local incremental training, each school
uploads its incremental parameters to the central server for
global aggregation. The server calculates weighted fusion
coefficients based on each school’s data volume, incremental
training contribution, and model update quality, and gen-
erates a new global model through incremental aggrega-
tion. The aggregation strategy employs an iterative update
mechanism, combining the latest incremental parameters
with historical global model parameters while retaining
historical versions for backtracking and verification. During
the aggregation process, the server records each round of
parameter changes, weight distribution, and model stability
indicators to ensure the model’s reliability across multiple
iterations. The aggregated global model is then distributed to
each school for the next round of local incremental training,
thus forming a dynamic closed loop.

This framework, built on federated learning technology,
is dedicated to enabling privacy-preserving collaborative
analysis of midwifery teaching data across multiple in-
stitutions, as shown in Figure 5. The system first pro-
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FIGURE 4. Real-time Collaborative Update Analysis:(a) Asynchronous Incremental Update Timing; (b) System Stability Index

cesses heterogeneous data across institutions through data
standardization, unified coding, and feature alignment to
establish a feature space that is comparable across institu-
tions. Using a distributed training architecture, participating
institutions train their models locally using deep neural
networks, uploading only encrypted model parameters to
a central server for secure aggregation. Dynamic weight
adjustment optimizes global model performance. The frame-
work integrates key technologies such as privacy protection
mechanisms, adaptive processing of heterogeneous data,
and incremental updates to support continuous learning
and model evolution. Ultimately, the knowledge generation
module produces cross-institutional teaching model analysis
reports and precise optimization recommendations, provid-
ing a scientific basis for curriculum design and teaching
strategy improvements.

While federated learning (FL) has theoretical advantages
in protecting privacy and avoiding raw data sharing, its de-
ployment does introduce communication overhead, system
complexity, and coordination costs. Therefore, this paper
systematically weighs centralized and federated approaches
from the outset of its methodological design. We evaluated
centralized modeling paths based on k-anonymization, dif-
ferential privacy (DP), or homomorphic encryption, find-
ing significant limitations in real-world multi-institutional
midwifery education scenarios: First, midwifery data is
highly sensitive, involving fields such as student clinical
performance and psychological assessments, and even after
anonymization, there is still a risk of re-identification;
second, data formats and collection standards vary signifi-
cantly among institutions, and forced centralization requires
substantial manpower for cleaning and compliance review,
thus diminishing its efficiency advantages. In contrast, while
FL requires a parameter synchronization mechanism, it can
achieve model collaboration without moving the raw data,
and its communication costs can be controlled through
asynchronous updates and compression strategies. More
importantly, FL inherently supports institutions retaining
data sovereignty, which aligns better with current university
data governance policies. Therefore, this paper chooses FL
not because of its technological novelty, but because of
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its comprehensive advantages in privacy protection, compli-
ance, and the feasibility of cross-institutional collaboration.

lll. VERIFICATION OF TEACHING ANALYSIS RESULTS
The multi-school midwifery teaching data used in this
study is derived from the undergraduate midwifery course
information systems of five medical schools in China. The
data covers course schedules, student assessment scores,
classroom attendance records, and clinical practice data. The
data spans the last three academic years and includes com-
prehensive information on approximately 2,500 students, en-
suring representativeness and diversity in the sample size. To
facilitate cross-school joint analysis, the raw data underwent
a unified desensitization process, including anonymization
of student identities and encryption of sensitive fields. The
data formats of each school are standardized to form a
unified feature matrix. Data features include discrete course
categories, assessment types, continuous grade values, and
frequency of behavioral participation, ensuring direct use in
federated model training and cross-school teaching model
generation. All original data fields provided by participating
institutions were standardized to the following

28 features after ethical review: (1) Student demograph-
ics: gender, age, and place of origin (urban/rural);

(2) Course characteristics: theoretical class hours, practi-
cal class hours, number of case discussions, and frequency
of online resource access; (3) Evaluation indicators: mid-
term/final theoretical grades, OSCE (Objective Structured
Clinical Examination) individual scores (6 items in total:
medical history taking, labor assessment, neonatal resus-
citation, etc.), and tutor subjective scores (1-5 points);
(4) Behavioral logs: class attendance, completion rate of
simulation training, and participation in group collaboration.
All fields were anonymized (e.g., student ID hashing and
precise age segmentation).

This experiment is based on real midwifery teaching data
from five medical colleges in China, with each college
considered as a FL client. To quantify heterogeneity, we
calculated the KL divergence and Jensen-Shannon distance
for each college on key features: for example, the mean
KL divergence of the course “Clinical Skills” score dis-
tribution was 1.83, indicating significant non-IID. Baseline
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FIGURE 5. Cross-university midwifery teaching collaborative analysis framework based on federated learning

models included: (1) a centralized deep model (all data were
anonymized and trained centrally), (2) a local independent
model (no collaboration), and (3) three state-of-the-art fed-
erated algorithms: FedAvg, FedProx, and SCAFFOLD. All
models used the same DNN architecture (3 fully connected
layers, 256-128-64 units), trained for 20 epochs, with 3 local
epochs and a batch size of 32. In the initial research phase,
we assessed the feasibility of centralized training. While
there are theoretical performance limitations, this study
aims to explore and compare feasible alternatives under
practical compliance constraints—namely, local independent
training versus multiple federated learning algorithms—due
to stringent privacy regulations (e.g., the Personal Informa-
tion Protection Act) and ethical policies imposed by most
participating institutions on cross-institutional data transfer.
This provides empirical evidence for collaborative analysis
of distributed medical education data.

A. MODEL PREDICTION PERFORMANCE

The evaluation method first divides each school’s historical
data into a training set and a validation set. After training
the local model on the training set, predictions are made
using the global aggregate model on the validation set.
This process includes data preprocessing, feature extraction,
model inference, and prediction generation. The predictions
are then compared with actual teaching performance or
assessment results. The accuracy of the model on cross-
school data is quantified by measuring the correct prediction
rate, recognition rate, and error range, reflecting the model’s
ability to understand students’ learning level and course
performance.

Figure 6 shows the accuracy and course type prediction
performance of the federated learning model in educational
data prediction. The horizontal axis of Figure 6(a) rep-
resents five key algorithms, including FedAvg, FedProx,
SCAFFOLD (Stochastic Controlled Averaging for Federated
Learning), FedNova, and the proposed method. The vertical
axis represents performance metrics, including accuracy,
precision, recall, and F1 score. As can be seen, the proposed
method outperforms other mainstream algorithms in all four
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metrics, with an F1 score of 0.92 and an accuracy of 0.93,
demonstrating significant advantages. Figure 6(b) shows the
prediction performance of different course types. The hori-
zontal axis represents eight course categories: basic theory,
clinical skills, practical operation, case analysis, compre-
hensive assessment, simulation training, team collaboration,
and innovative design. The vertical axis represents the
performance index value. The contribution of each course
in accuracy, precision, and recall is displayed in a stacked
manner. For example, the prediction performance of clinical
skills and simulation training is the most outstanding, with
an accuracy rate exceeding 0.9, reflecting the high predictive
ability of the model for key course types and the overall
effectiveness of the federated learning method in a multi-
course, multi-index environment.

B. CONSISTENCY OF TEACHING MODELS

The consistency assessment of teaching models aims to
determine whether the cross-school models generated by
the aggregation model accurately reflect the curriculum and
teaching structure characteristics of different universities.
The method first extracts characteristic representations of
each university and performs cluster analysis. The generated
models are then compared with the actual course schedule
and teaching behavior of the respective universities. The
steps include model generation, feature clustering, cross-
school comparison, and consistency scoring, focusing on
course content coverage, similarity in assessment methods,
and matching of behavioral trends. By analyzing the consis-
tency of the models, it is possible to determine whether the
cross-school models effectively capture teaching common-
alities, providing a basis for cross-school experience sharing
and curriculum optimization.

Table 1 presents the evaluation results of the teaching
model consistency across the five schools, assessing whether
the model generated by the cross-school aggregation model
accurately reflects the curriculum and teaching behavior
characteristics of each school. In terms of course content
coverage, School 3 achieves the highest score of 95.1%,
indicating a high degree of consistency between its ac-
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tual curriculum and the model-generated model. School 4,
however, has the lowest score of 84.7%, indicating slightly
lower adaptability of the model to this school. Regarding
assessment method similarity, School 3 scores 4.7, while
School 4 only scores 3.5, further reflecting the varying
adaptability of the cross-school model across schools. Re-
garding behavioral trend matching, School 3 maintains the
highest score of 4.8, while School 4 has the lowest score of
3.8. Overall consistency scores also show a similar trend,
with School 3 scoring 4.8 and School 4 scoring 3.9, for
a mean of 4.3 £ 0.3 across the five schools. These data
indicate that the cross-school model can well capture the
common teaching characteristics of most schools, but some
deviations still exist in individual schools, suggesting that
practical application requires adjustments tailored to specific
school characteristics to support curriculum optimization
and cross-school experience sharing.

TABLE 1. Results of teaching model consistency assessment

Evaluation Dimension School 1 School 2 School 3 School 4 School 5 Average Value (+Std)

Course Content Coverage Rate (%) 92.5 88.3 95.1 84.7 90.2
Assessment Method Similarity (Score) 4.5 38 4.7 35 4.2
Behavior Trend Matching Degree (Score) 42 4.0 4.8 3.8 43
Overall Consistency Score (Points, max 5) 44 4.0 4.8 39 43

90.2 + 3.9
4.1+ 0.5
4.24+0.4
4.3+ 0.3

C. DATA COLLABORATION CONTRIBUTION
Data collaborative contribution is used to assess the impact
of each school’s data on improving global model perfor-
mance. This evaluation involves recording changes in each
school’s model weights, incremental contributions, and their
impact on prediction results during each round of incre-
mental training and parameter aggregation. The contribution
is quantified by comparing global model performance with
and without the participation of the school’s data. This
metric can identify key data sources and potential data
bottlenecks in collaborative analysis, guiding future data
collection strategies and model training resource allocation
while ensuring fairness and efficiency in cross-school col-
laboration.

Figure 7 illustrates the contributions of the five medical
schools to data collaboration and their impact on improving
model performance. Figure 7(a) presents each school’s
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standardized data volume, data quality, feature diversity,
and overall contribution using a grouped bar chart. The
horizontal axis represents the participating schools, and the
vertical axis represents the standardized score. School 5
achieves the highest data volume and overall contribution,
while School 4 has a lower data volume but relatively stable
quality. Figure 7(b) displays the contribution of each school
to the model, sorted by contribution to improved model
performance. The horizontal axis represents the school
(sorted in descending order of contribution), and the vertical
axis represents the percentage of performance improvement.
The red line indicates the cumulative contribution. Schools
5 and 3 clearly lead the pack, demonstrating that schools
with rich and high-quality data play a key role in improving
model performance during collaborative training. Figure 7
intuitively presents the relationship between school data
features and model performance, providing a quantitative
basis for optimizing data collaboration strategies.

D. TEACHING OPTIMIZATION ADAPTABILITY

The adaptability of teaching optimization measures the
effectiveness of the generated experience reports and teach-
ing models in guiding curriculum improvement across
schools. The evaluation method involves mapping cross-
school model recommendations back to the school’s cur-
riculum and student population, observing the applicability
of the optimization strategy in adjusting curriculum ar-
rangements, assessment methods, and practical aspects. The
steps include strategy mapping, teacher evaluation, curricu-
lum adjustment implementation, and feedback collection.
Qualitative and quantitative methods are used to assess
the feasibility and extent of improvement of the strategy
in different school environments. This indicator reflects
the practical value of the model in cross-school teaching
optimization.

Table 2 reflects the actual effectiveness of the cross-
campus teaching optimization and adaptability measures
across various institutions, covering indicators such as the-
oretical performance improvement, clinical practice pass
rate, classroom interaction, and faculty satisfaction with the
recommendations. The data indicate that School 2 performs
exceptionally well in several areas, with a 10.2% increase
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model. In contrast, School 4 experiences the smallest overall
improvement, with theoretical performance increasing by
only 5.3%, interaction increasing by 8.9%, and faculty satis-
faction rating only 4 points, suggesting that this school faced
some resistance in implementing the optimization strategy.
Overall, the average theoretical performance improvement
across the five institutions is 8.2%, clinical practice pass rate
increases by 10.0%, and classroom interaction increases by
14.2%. Faculty satisfaction is 4.5 + 0.3 points, indicating
that the cross-campus model has strong applicability and
scalability for teaching improvement, particularly in improv-
ing clinical practice and classroom interaction.

TABLE 2. Results of teaching optimization adaptability evaluation

Evaluation Metric School 1 School 2 School 3 School 4 School 5 Average Improvement

Improvement in Avg. Theoretical Assessment Score (%) 75 10.2 88 53 9.1 8.2
Increase in Clinical Practice Pass Rate (%) 9.1 125 10.3 6.7 11.4 10.0
Increase in Classroom Interaction Engagement (%) 153 18.0 12.5 8.9 16.2 14.2
Instructor Satisfaction with Suggestions (Points, max 5) 4.6 4.8 4.5 4.0 4.7 4.5+ 0.3

E. MODEL STABILITY AND SUSTAINABILITY

Model stability and sustainability are used to assess the
reliability of the federated model during long-term operation
and incremental updates. This evaluation involves recording
parameter fluctuations, changes in prediction performance,
and the speed of model convergence during multiple rounds
of iterative training and aggregation. Historical model ver-
sions are analyzed to observe unusual fluctuations during
training, overfitting tendencies, and performance retention
after incremental training. Furthermore, by monitoring the
consistency of the model’s performance on new data and
data from different schools, it determines whether the model
can continuously adapt to data changes and the teaching
environment. This metric ensures that the system main-
tains efficiency and reliability during long-term collaborative
analysis. Table 3 shows the performance of the federated
model over 20 incremental updates over a six-month period.
Fluctuations in key indicators remain low, demonstrating the
system’s excellent long-term stability and reliability.
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Performance Variance Across Schools (%) 0045 0032 0028 0025 0.025 ~ 0.045 Converging

Table 3 presents the stability and sustainability evaluation
results of the model during long-term operation and incre-
mental updates. Test accuracy fluctuations remain within
a range of £0.5% to +1.5%, decreasing to +0.7% in
epochs 16-20, demonstrating that the model’s predictions
remained highly stable. The convergence rate of training loss
gradually accelerates, from 12 epochs in the early stages
to 8 epochs in the later stages, reflecting the improved
convergence efficiency of the aggregated model during con-
tinuous iteration. The performance decay after incremental
updates remains relatively small, initially decreasing from
-0.8% to -0.2%, indicating that the model maintained its
performance when adapting to new data. The cross-school
performance variance also gradually converges, decreasing
from 0.045 to 0.025, indicating that differences in model
adaptability between schools are narrowing. Overall, the
model demonstrates stable accuracy, rapid convergence, and
strong update robustness, validating its long-term reliability
and continuous optimization capabilities in cross-school
teaching applications.

IV. CONCLUSION

This paper proposes a federated learning-driven collabo-
rative analysis framework for multi-university midwifery
teaching data. Through five core steps: cross-university
feature alignment, federated model training, teaching knowl-
edge sharing, heterogeneous data adaptation, and real-time
collaborative updating, this framework enables secure joint
modeling and intelligent analysis of multi-university teach-
ing data. Based on cross-university feature unification and
standardization, local deep models at each university extract
teaching features, which are aggregated to form a global
model for identifying cross-university teaching patterns and
generating experience reports to guide curriculum optimiza-
tion and teaching strategy adjustments. Through dynamic
weighting and a heterogeneous adaptation strategy, the
model effectively addresses differences in data volume and
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structure across universities, improving cross-university gen-
eralization and collaborative analysis reliability. A real-time
incremental update mechanism ensures long-term model op-
eration and adaptation to new data. Experimental evaluation
shows that the proposed method achieves accuracy and F1
scores of 0.93 and 0.92, respectively, significantly outper-
forming competing algorithms. The improved teaching re-
sults result in an average improvement of 8.2% in theoretical
scores and 10.0% in clinical pass rates. The model exhibits
excellent stability, with an accuracy fluctuation of only
+0.5%~=£1.5%, verifying the efficiency and reliability of
the framework in cross-school collaboration, and the feasi-
bility and practicality of the method in analyzing midwifery
teaching data in multiple schools, providing a scientific basis
for improving cross-school education quality and optimizing
teaching resources. In actual multi-school deployment, the
main overhead and challenges of this framework include:
(1) Communication costs: Each round of aggregation re-
quires uploading approximately 15MB of model parameters
(DNN fully connected layer), updated monthly, with annual
bandwidth consumption <200MB/school, far lower than the
original data transmission; (2) Infrastructure: The central
server needs to deploy a TLS 1.3 encrypted channel and
model signature verification, costing approximately 20,000
yuan (domestic cloud server);

(3) Operational coordination: Each school needs to unify
API interface specifications and data update cycles, requir-
ing 1-2 coordination meetings initially. In the pilot, the col-
leges connected through the existing academic affairs system
API, and two colleges uploaded data regularly through CSV.
Overall, the framework is deployable within the existing
IT capabilities of universities, and edge computing nodes
will be explored in the future to further reduce central
dependence.
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