
Application of MAML Meta-Learning in
Rapid Adaptation and Effectiveness
Evaluation of Personalized Nursing
Plans
Ruirui Wang, Kui Chen
Department of Nursing, Luohe Medical College, Luohe 462002, Henan, China

Corresponding author: Ruirui Wang (e-mail: 18639515917@163.com)

ABSTRACT Personalized nursing plans are important for improving patient outcomes, satisfaction, and
efficient use of medical resources, yet significant individual differences make rapid plan adaptation and
early effectiveness evaluation difficult. Existing methods usually require long-term follow-up or large
numbers of labeled samples, limiting practical deployment. To address these issues, this paper adopts a
framework based on Model-Agnostic Meta-Learning to model personalized nursing adjustment as a few-
shot learning task. A multi-nursing dataset is constructed, a shared network generation scheme is designed,
and cross-task features are extracted through MAML. A dynamic weight module is introduced to fuse
short-term and long-term data for real-time prediction. Simulation experiments show that MAML achieves
a median improvement rate of 75.0% in key physiological indicators, which is 12.7% higher than CNN,
and more than 60% of patients obtain scores above 8 points. The prediction accuracy based on 24-hour
early data reaches 89.7%, and that based on 48-hour data reaches 92.8%, outperforming comparative
methods. These results demonstrate that MAML enables rapid adaptation and efficient evaluation of
personalized nursing plans under limited data conditions.

INDEX TERMS model-agnostic meta-learning, personalized nursing plan, few-shot learning, effective-
ness evaluation, adaptive prediction

I. INTRODUCTION

PERSONALIZED care plans are key to improving pa-
tient outcomes, satisfaction, and efficient utilization of

medical resources, which is especially critical for industry
workers who face unique occupational health challenges,
such as musculoskeletal strain and dust exposure. In the
context of precision medicine, addressing patients’ diverse
physiological, psychological, and social needs is critical.
Research has shown that patientspecific care plans can
significantly improve chronic disease management outcomes
and patient experience. However, current personalized care
practices face two key bottlenecks. First, there is the vast
diversity among patients (involving heterogeneity across
multiple dimensions, such as genetics, medical history,
lifestyle, and comorbidities); second, there is a critical need
for timely decision-making. These two factors pose signifi-
cant challenges to the speed of adaptation and effectiveness
of treatment plan generation systems.

Existing technologies struggle to effectively address these
challenges. Traditional machine learning methods (such as
ResNet-based time series models or matrix factorization
recommendation algorithms) typically require retraining or

fine-tuning on a large number of labeled samples (often
hundreds) when adapting to new patients. This results in
lengthy adaptation cycles (often taking several days) and
makes it difficult to meet the demands of real-time decision-
making. While deep transfer learning (such as fine-tuning
CNNs) has improved data reuse, it still suffers from slow
convergence (often requiring dozens of iterations), weak
generalization, and a tendency to overfit on small samples
when using very small samples (only 5-10 data points
during initial hospitalization). More importantly, existing
methods generally lack effective early-stage efficacy pre-
diction mechanisms. Effectiveness assessment relies heavily
on long-term follow-up, lasting weeks or even months. This
makes it difficult to promptly identify ineffective or high-
risk regimens and dynamically optimize them, potentially
leading to delayed intervention and wasted resources.

To address these limitations in adaptation and efficacy
evaluation, this paper employs a solution based on the
MAML framework. Through meta-training, optimal model
initialization parameters are learned from a large number
of historical nursing tasks. This initialization enables the
model to quickly adapt to personalized regimens for new
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patient tasks, requiring only minimal patient data and a
few gradient updates. Compared to traditional fine-tuning
methods, MAML’s advantage lies in its ability to rapidly
generalize models from a small number of samples using
explicit optimization.

The MAML framework in this paper utilizes three key
technical innovations: 1) It transforms patient differences
into diverse task distributions, designing a dual-branch so-
lution generator (spatiotemporal feature extraction + multi-
objective decision layer) to uniformly process heterogeneous
medical data. 2) It introduces a dynamic weight evaluation
module to integrate short-term metrics with long-term pre-
dictions. 3) A constrained gradient update algorithm can
be developed to ensure that the adaptation process meets
medical safety constraints. Constrained projection is used
to ensure that the parameters of the generated solution meet
safety requirements, and a dual threshold mechanism (loss
change rate and indicator fluctuation) is combined in the
convergence judgment to improve efficiency and safety.

II. RELATED WORKS
Personalized care is gaining increasing attention in the
medical field, especially in the management of health prob-
lems [1]. A large number of studies have confirmed the
effectiveness of personalized solutions. Mikkola I [2,3]’s
research showed that there is a positive correlation between
personalized care plans and clinical outcomes in patients
with type 2 diabetes. Studies have found that implementing
personalized care plans can significantly improve patients’
health. This result emphasizes the importance of developing
medical plans based on the patient’s specific needs and
circumstances. Pillon N J [4] pointed out that providing
patients with tailored care plans can more effectively address
metabolic problems related to obesity. This personalized
perspective not only focuses on the patient’s physiologi-
cal characteristics, but also takes into account the living
environment and habits, thereby formulating a more com-
prehensive treatment strategy. Krishna K B [5]’s research
emphasized the importance of individual differences and
specific needs of patients in making medical decisions,
indicating that personalized care is not only applicable to
common diseases, but also to special medical fields. Pathak
K [6] discussed the application of 3D printing technology
in biomedicine and pointed out the potential of this tech-
nology in promoting personalized care. Through additive
manufacturing, medical staff can provide patients with cus-
tomized medical devices and implants. This method not
only improves the accuracy of treatment, but also enhances
the patient’s treatment experience. In summary, personal-
ized care plans are of great value in improving treatment
outcomes and increasing patient satisfaction. At the same
time, high-quality personalized care requires a deep under-
standing of patient heterogeneity and the rapid generation
of customized solutions. However, traditional approaches
(such as rule-based expert systems or static recommendation
algorithms) face bottlenecks such as low solution generation

efficiency and difficulty adapting to new patients in real
time when faced with highly dynamic patient states and
multidimensional characteristics. Meta-learning, particularly
the MAML framework, offers new solutions for addressing
these challenges of rapid adaptation and knowledge transfer
with limited samples [7,8]. Shao Y [9] proposed a two-
layer constraint method to improve the generalization ability
of MAML in few-shot classification. It showed that the
use of two-layer constraints can effectively improve the
performance of the model on new tasks, especially in the
case of data scarcity, and provide a more robust solution for
few-shot classification. Tian Y [10] used a model combining
CNN and MAML to predict circRNAdisease associations.
This demonstrates the application potential of MAML in the
biomedical field and reflects the advantages of meta-learning
in the analysis of complex biological data. Thayammal M
C [11] showed that by utilizing MAML, the LSTM (Long
Short-Term Memory) model can adapt to new environmental
conditions more quickly when processing time series data,
thereby improving the accuracy of predictions. Sun J [12]
proposed a network security situation prediction method
based on MAML and BiGRU (Bi-directional Gated Re-
current Unit), which highlights the importance of MAML’s
rapid adaptation in dynamic and complex security environ-
ments. Bala P [13] proposed a MAML-based framework that
focuses on few-shot sentiment adaptation in low-resource
NLP (Nature Language Processing). It shows that MAML
can effectively deal with data scarcity and improve the
adaptability of sentiment analysis models in new fields. Yi G
[14]’s research focused on multi-omics disease classification
based on MAML, demonstrating a new method for applying
meta-learning to biomedical data analysis and promoting
the understanding of complex disease mechanisms. The
above literature shows that MAML has demonstrated strong
adaptability and effectiveness in multiple fields. This work
aims to fill this gap and establish a meta-learning nursing
program that supports real-time optimization and effect
tracking.

III. DESIGN OF A PERSONALIZED NURSING PROGRAM
FRAMEWORK BASED ON MAML
A. DATA CONSTRUCTION AND UNIFIED MODELING
Data collection strictly adheres to a structured protocol.
Physiological indicators are collected in real time using
standard medical equipment. Medical histories are extracted
from EHRs (electronic health records), and rehabilitation be-
haviors are based on patient compliance data and subjective
feedback. This study was approved by the Ethics Committee
of Luohe Medical College, and was performed in accor-
dance with the principles of the Declaration of Helsinki.
All eligible participants signed an informed consent form.
In this work, a meta-task is defined as the challenge of
generating and evaluating a personalized nursing plan for
a single, individual patient. This formulation treats each
new patient as a new task, which aligns with the reality of
personalization. To structure this problem for meta-learning,
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this paper categorize these patient-specific tasks based on
a combination of three axes: disease type, population de-
mographics, and primary nursing goal. Each meta-task is
encapsulated as an independent few-shot learning problem,
thus translating individual differences between patients into
diverse task distributions. In this framework, for each patient
task, a small amount of data collected during the initial
admission phase is defined as the support set Si, which
is used to fine-tune model parameters to quickly adapt
to the patient’s characteristic distribution. The complete
record of the nursing plan’s effects after implementation
constitutes the query set Qi, which is used for gradient
calculation in the outer loop optimization phase to guide
the update of global initialization parameters. The data
features of Si and Qi are multimodally encoded, using
a temporal convolutional network (TCN) combined with
a multi-head self-attention mechanism [15,16] to capture
the temporal dependencies and cross-variable interactions
of patient physiological parameters. For unstructured text
data, the pre-trained Med-BERT (Bidirectional Encoder
Representations from Transformers) [17] is used for em-
bedding representation to preserve semantic details. After
encoding, the features of all modalities are concatenated and
normalized through a unified feature fusion layer to form
the input representation vector for the task. To ensure the
stability and generalization of Si gradient updates, the inner
loop uses first-order approximation MAML optimization.
Within the inner loop, parameters are updated based on a
task-specific loss function (weighted multi-objective form).
The outer loop aggregates the gradient directions of multiple
patient tasks on the Qi and updates the global initialization
parameters, ensuring that the updated parameters achieve
optimal or suboptimal performance within a small number
of gradient steps when facing new patients. To prevent
overfitting to specific population characteristics during meta-
training, the task sampling strategy introduces stratified
random sampling [18,19] to ensure that each meta-iteration
includes patient tasks from different disease categories, age
groups, and underlying health conditions, thereby improving
the transferability of global parameters.

The final task formalization process can be abstracted as
follows: given a set of tasks, where each task Ti corresponds
to a patient, the objective optimization in the meta-training
phase is as follows:

min
θ

∑
Ti∼p(τ)

LQi(U
k
θ (Si)) (1)

θ represents the global initialization parameter, Uk
θ rep-

resents the parameter state after performing k sub-gradient
updates on Si, and LQi

represents the multi-objective loss
calculated on Qi. The key elements of the personalized
nursing meta-task are mapped in Table 1.

TABLE 1. Key Elements of the Personalized Nursing Meta-Task

Number Element Data source Role in task

1 Patient
characteristics
(Input)

Vital signs
monitoring,
laboratory tests,
medical history,
nursing
assessment forms

Support input
features for rapid
model parameter
adaptation

2 Intervention
parameters
(Input)

Nursing
intervention
records

Combined with
patient
characteristics to
generate
personalized
plans

3 Outcome
indicators
(Output)

Physiological
monitoring
systems, patient
feedback,
complication
records

Target variables
for query set,
used for outer
loop optimization
and evaluation

As shown in Table 1, the patient characteristics used
as input, Si comprehensively reflects the patient’s health
status and individual differences. By efficiently encoding
and integrating this preliminary data, the model can quickly
capture the distribution of patient characteristics with a small
sample size and fine-tune personalized parameters. Plan pa-
rameters are composed of nursing intervention records. This
information is closely integrated with patient characteristics
to form the foundation for generating care plans tailored
to individual needs. The effect index, as the output of Qi
, provides multi-dimensional data on the implementation
effect of the solution, which is used to guide the global
parameter optimization and solution quality evaluation of
the model in the outer loop phase.

B. EXAMPLE META-TASK
Input: Patient characteristics (e.g., age=65, diabetes history,
HbA1c=8.5)

Output: Nursing plan vector [medication_dosage=0.6, ex-
ercise_intensity=0.8, monitoring_frequency=0.9]

Actionable Plan: Administer metformin 500mg twice
daily, recommend brisk walking 30min/day, and monitor
blood glucose every 6 hours.

C. META-TRAINING AND CROSS-TASK FEATURE
EXTRACTION
In the data preprocessing phase, a standardization process
is implemented, continuous variables are normalized by Z-
score [20], time series data are processed by cubic spline
interpolation to handle missing values [21], and categorical
variables are implemented using one-hot encoding [22].

The formula for fusing heterogeneous features using the
feature alignment module based on the attention mechanism
is as follows [23]:

hf =

n∑
i=1

αivi, αi = softmax

(
qkTi√
d

)
(2)

q comes from the patient ID (Identity document) em-
bedding layer, and the key-value pairs (ki,vi) correspond to
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metadata, sensor feature vectors, and subjective evaluation
vectors, respectively.

The solution generator design adopts a dual-branch ar-
chitecture (Table 2 shows hyperparameter configuration).
Architecture 1 uses a spatiotemporal feature extraction net-
work, and a bidirectional LSTM layer is used in the time
dimension to process physiological time series data [24].
The spatial dimension uses 1D-CNN to extract local feature
patterns [25]. The spatiotemporal features are adaptively
weighted through a gated fusion module, as shown in the
following formula:

g = σ(Wg[hlstm;hcnn] + bg) (3)

Wg refers to the weight matrix, and bg refers to the bias
term.

Architecture 2 is the multi-objective decision layer, which
receives fused features and outputs three prediction heads in
parallel (discrete operation classifier, continuous parameter
regressor, and effect predictor). The loss function is designed
as a weighted combination:

L = λ1Lcls + λ2Lreg + λ3Leff (4)

λ1, λ2, λ3 are assigned values of 0.4, 0.3, and 0.3,
respectively.
Note*: ReLU (Rectified Linear Unit).

In Table 2, for spatiotemporal feature extraction, the
bidirectional LSTM layer has 256 hidden units per layer,
effectively capturing the contextual information of time
series data. The CNN layer uses two convolutional layers
with 64 and 128 kernels, respectively, and a kernel size of
3 × 1, to extract features in the temporal dimension. After
entering the multi-objective decision layer, the dimension of
the discrete operation head is 128, mapped to the number
of operation categories. A fully connected layer combined
with a softmax layer is used for multi-class classification.
The continuous parameter head also has a dimension of
128, which maps to the number of parameters. A fully
connected layer and ReLU activation function are used to
enhance nonlinear features. The effect prediction head has
a dimension of 128, which maps to the number of effect
indicators. A fully connected layer and sigmoid activation
function are used for binary classification prediction. Re-
garding optimization parameters, the inner loop learning rate
α is fixed at 0.01, and the outer loop learning rate β is set
to 0.001, using the Adam optimizer to ensure stable and
efficient model training. Furthermore, the batch size is 32,
meaning that 32 tasks can be sampled in each outer loop to
improve training efficiency and model generalization.

The parameter update mechanism during the meta-
training and meta-adaptation phases is shown in Figure 1.

In Figure 1, the parameter separation strategy is imple-
mented via a structured gradient mask. During backpropa-
gation, a parameter constraint matrix is applied to the inner
loop computation. Gradients are prohibited from flowing at
locations corresponding to shared feature extraction layers,

while gradient updates are permitted at locations corre-
sponding to task-specific layers.

This mechanism forces the model to encode common
features across tasks into shared residual blocks during
meta-training, while task-specific knowledge is retained in
the output layer. The MAML adaptation process strictly
follows the second-order optimization paradigm. The inner
loop samples batches of tasks, calculates the Si loss, and
performs gradient updates:

θ′i = −α∇θLτi(fθ, D
support
i ) (5)

Lτi(fθ, D
support
i ) represents the loss Si, and the gradient

clipping threshold is 10.0.
The outer loop calculates the Qi loss Lτi(fθ′

i
, Dquery

i )
based on the updated parameters and optimizes the initial
parameters using the second-order derivative:

θ ← θ − β∇θ

∑
τi

Lτi(fθ′
i
, Dquery

i ) (6)

Cross-task generalization enhancement is achieved
through gradient alignment regularization [26], which intro-
duces the task gradient direction similarity constraint when
calculating the meta-gradient ∇θLmeta:

R = λ
∑
i̸=j

(
1−

⟨∇θLτi ,∇θLτj ⟩
∥∇θLτi∥∥∇θLτj∥

)
(7)

D. MODULE AND NURSING PROGRAM
PERSONALIZATION ADAPTATION STRATEGY
The dynamic weight effect evaluation module adopts an
adaptive fusion mechanism [27] to achieve real-time quan-
tification of the nursing program effect. Its core is to
dynamically adjust the weight contribution of short-term
rehabilitation indicators and long-term follow-up results
according to the intervention stage. Short-term rehabilitation
indicators are defined as objective physiological parameters
and subjective feedback (24-hour satisfaction questionnaire
scores) collected at high frequency within 0-72 hours after
intervention. Long-term follow-up results include key end-
point events and stable period assessments 7-30 days after
intervention. The weight distribution function is designed
to be a time-dependent exponential decay form(In order to
prioritize short-term indicators and gradually shift towards
long-term results):{

ωshort(t) = ω0 · e−γt

ωlong(t) = 1− ωshort(t)
(8)

The initial weight ω0 is 0.8, the decay coefficient γ =
0.05, and the duration t is calculated in hours from the start
of the intervention. This function ensures that the short-term
weight is dominant (ωshort ≈ 0.8) in the initial intervention
period (<24 hours), the weight is linearly shifted (ωshort is
reduced to 0.4) during the transition period (24 hours <t< 72
hours), and the long-term weight is dominant (t>0.7) during

VOL. 15, NO. 3, AUGUST 20265428



R. Wang et al.

TABLE 2. Hyperparameter Configuration

Component Parameter name Value/Type Description

Spatiotemporal feature extraction LSTM layers 2 Bidirectional structure
Spatiotemporal feature extraction LSTM hidden units 256 Dimension for each layer
Spatiotemporal feature extraction CNN kernel quantity [64, 128] Two layers of convolution
Spatiotemporal feature extraction CNN kernel size 3 × 1 Convolution in the time dimension
Multi-Objective decision layer Discrete action head dimension 128 → Number of action

categories
Fully connected + softmax

Multi-Objective decision layer Continuous parameter head dimension 128 → Number of parameters Fully connected + ReLU
Multi-Objective decision layer Effect prediction head dimension 128 → Number of effect

indicators
Fully connected + sigmoid

Optimization parameters α 0.01 Fixed value
Optimization parameters β 0.001 Adam optimizer
Optimization parameters Batch task size 32 Number of tasks sampled per outer loop step

FIGURE 1. Parameter update mechanism during meta-training and meta-adaptation

the stable period (ωlong > 72 hours). These parameters were
empirically optimized on the validation set to balance early
sensitivity and long-term stability. Unlike RNNs, which
require sequential processing and may introduce latency, the
decay function provides a closed-form solution for weight
allocation, critical for rapid decision-making.

The early effect evaluation module predicts long-term ef-
fects based on the latent space feature map of the fine-tuned
model. When a new patient completes the personalized care
plan fine-tuning, the activation values of the intermediate
layers of the plan generator are extracted as latent space
representations:

Hs ∈ Rd×t (9)

d represents the feature dimension. These representations
are concatenated with the patient baseline features to form
a joint input vector:

Z = concat(Hs, Xb) ∈ R(d×t)+k (10)

This is then fed into a pre-trained effectiveness evalu-
ation subnetwork. This subnetwork employs a threestage
architecture. First, a 1D-CNN (kernel size = 3, number of
channels = 64) extracts temporal local dependency features.
Second, a BiGRU layer (hidden units = 128) captures long-
term contextual associations [28,29]. Finally, a self-attention
mechanism calculates the feature weight distribution. The
output layer generates predictions via two parallel branches:

the main branch uses a Sigmoid activation function to output
the final effectiveness probability of the solution [30,31],
while the risk branch uses Softmax to output the four-
category risk probability distribution [32].

To quantify the uncertainty of the prediction, Monte
Carlo was introduced to perform 50 forward propagations
and calculate the prediction variance [33,34]. When the
variance is greater than 0.25, an early warning mechanism
is triggered, requiring additional monitoring data after 72
hours to re-evaluate the patient. The evaluation module
training uses a multi-objective loss function:

L = λ1 ·BCE(Pe, Ye)+λ2 ·CE(Pr, Yr)+λ3 · ∥Θ∥22 (11)

BCE represents binary cross entropy, and CE represents
multi-class cross entropy. Ye and Yr represent the true labels
for the final effect and risk, respectively. Training data was
constructed using historical patient data from the first seven
days of intervention as input, and the outcome at day 90
of intervention as a supervisory signal. 120,000 training
samples were generated using sliding window sampling.

Feature interpretability was achieved using an ensemble
gradient method, calculating the contribution of each input
feature to the prediction result:

∅i(Z) = (Zi−Z ′
i)×

∫ 1

α=0

∂ϵθ(Z
′ + α(Z − Z ′))

∂Zi
dα (12)
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Z’ is the baseline input (taken as the mean of the
training set). When a high-risk prediction occurs, the system
automatically generates a report of the top five key decision
factors. This module is optimized simultaneously with meta-
training during the training phase, using a segregated valida-
tion set (15% of the sample) for early stopping monitoring.
During deployment, the weight of early data is dynamically
adjusted using a time decay factor, ensuring that the predic-
tion’s dependence on early data gradually decreases as the
intervention period increases.

The decision support module dynamically optimizes care
based on early assessment results. When the risk probability
exceeds 0.35, a high-risk alert process is triggered. Gradient-
weighted class activation mapping is used to identify the
dimensions in the latent space that contribute most to risk.
Feature inversion is used to calculate the corresponding
indicators and generate interpretable alert reports. If the
expected improvement rate of key indicators in the long-
term outcome prediction is less than 10%, the counterfactual
optimization engine is activated to solve within the scenario
parameter space. For other scenarios, the original scenario
is maintained and the regular monitoring cycle is initi-
ated, forming a closed-loop decision chain of "prediction-
warning-optimization."

During the personalized adaptation phase (key parameters
and threshold settings are shown in Table 3), a constrained
gradient update algorithm is used to achieve fast conver-
gence with a small number of samples. Convergence is
determined using a dual-condition joint trigger mechanism,
terminating the update when both conditions are met or the
maximum number of iterations is reached. This mechanism
ensures adaptation efficiency while avoiding resource waste
caused by ineffective iterations.

TABLE 3. Key Parameters and Threshold Settings for the Personalized
Adaptation Phase

Parameter category Value Mechanism Constraint
conditions

Gradient control 0.05 Initial learning
rate

> 10−4

Gradient control 0.1 Constraint
projection
strength

[0.05, 0.2]

Gradient control 1.0 Maximum
gradient norm

≤ 1.0

Convergence criterion 0.005 Loss change
threshold

< 0.005

Convergence criterion 0.02 Metric fluctuation
threshold

< 0.02

Convergence criterion 15 Maximum
number of
iterations

–

Regularization 0.01 Feature
smoothing
coefficient

–

Table 3 shows the gradient control parameters in the
personalized care plan adaptation strategy to ensure the
refinement of the later updates, while setting the maximum
gradient norm to avoid overfitting. The constraint projection

strength allows dynamic adjustment between [0.05, 0.2],
and the mandatory parameters meet the medical safety
boundary. Convergence judgment uses a dual threshold joint
trigger, and the maximum number of iterations is used as
a mandatory termination condition. The feature smoothing
regularization term suppresses the drift of the shared layer
parameters [35].

IV. EXPERIMENTAL VERIFICATION AND ANALYSIS
A. EXPERIMENTAL DATA AND SETTINGS
The simulated dataset generation method strictly adhered
to the data collection specifications defined in section Data
Construction and Unified Modeling (based on data re-
quirements in real-world nursing scenarios). The simulated
dataset contains 15 meta-tasks, each representing a different
patient population. Each task includes 5-10 support samples
(few-shot design) and 20-30 query samples. The feature
vectors have a dimension of 128 and include physiological
time series, categorical variables, and subjective feedback.
Data synthesis employs Conditional Generative Adversarial
Networks (GANs) and Variational Autoencoders (VAEs),
combined with medical expert rules to ensure physiological
plausibility (such as the logical correlation between drug
dosage and symptom improvement).

While the simulated dataset provides a controlled and
medically realistic environment for initial validation, its in-
herent limitations and the gap between simulation and real-
ity must be recognized. Real-world data presents challenges
that are difficult to fully capture in simulation; therefore,
the superior performance reported in this study must be
interpreted as a proof-of-concept under ideal conditions. The
primary objective here is to determine the potential and
methodological effectiveness of the MAML framework in
this application. The results demonstrate that the model can
effectively learn from the task distribution and rapidly adapt
to new instances within the same controlled distribution. As
stated in the conclusion section, bridging the gap with real-
world clinical practice is a crucial next step.

1) Baseline Model Selection
(1) ResNet time series model: The input is the patient’s
historical 72-hour physiological indicator time series data
(sampling frequency 1 hour), and the terminal fully con-
nected layer outputs the nursing plan parameter vector. End-
to-end training is performed using mean square error loss;

(2) Matrix decomposition recommendation algorithm:
The patient characteristics and nursing plan items are con-
structed as an interaction matrix. The latent factor vectors of
patients and plans are learned through weighted regularized
matrix decomposition. The prediction stage generates the
top-N recommended plans based on the nearest neighbor.

(3) Fine-tuning CNN: A CNN isomorphic to the MAML
solution generator is used as the base model. It is first pre-
trained on the meta-training set. When encountering new
patients, a small amount of their data (5-10 samples) is used
for supervised fine-tuning. The learning rate is set to 0.001,
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and the upper limit of fine-tuning rounds is 50. All baseline
models are evaluated using the same meta-test task as the
MAML framework, and the input data format and feature
encoding method are consistent.

2) Verification of the Speed of New Patient Adaptation
The speed of new patient adaptation was verified on a
strictly isolated meta-test set. Five unseen simulated patients
were randomly selected as the support set for each test
task, and the number of gradient updates required for
different methods to converge was recorded. Convergence
was determined when the crossentropy loss of the solution
generator changed by less than 0.1% over three consecutive
iterations or when the maximum number of iterations (50)
was reached. During the adaptation process, the MAML
framework (denoted by F1) employed a second-order op-
timization strategy, the fine-tuning CNN (denoted by F2)
used the Adam optimizer, and the ResNet temporal model
(denoted by F3) and matrix factorization algorithm (denoted
by F4) were not iteratively adapted, with pre-training results
directly output as a reference. After each gradient update,
the average loss value for all test tasks was recorded,
ultimately generating a convergence curve comparison as
shown in Figure 2. The quantitative metrics shown in Table
4 were also compiled.

TABLE 4. Comparison of adaptation speed and convergence rounds.

Method Average
convergence

Standard
deviation

Minimum
Round

Maximum
round

Speed Increase

cycles (units:
round)

(Unit: round) (Unit: round) (Unit: round) Multiple

F1 8.2 1.5 5 12 4.8×
F2 39.6 6.3 28 50 -
F3 - - - - -
F4 - - - - -

Note: Speed improvements are calculated using the fine-tuning CNN as a
benchmark; "-" indicates iterative adaptation is not applied.

In Figure 2, the convergence curve analysis shows that
MAML’s loss decreases faster than the fine-tuning CNN in
the first five update rounds, verifying that the cross-task
prior knowledge extracted during the meta-training phase
significantly accelerates the few-shot adaptation process.

The experimental results in Table 4 show that the MAML
framework exhibits remarkably fast convergence on the new
patient task, requiring an average of only 8.2 gradient up-
dates to reach the convergence threshold (standard deviation
±1.5 rounds). In comparison, the fine-tuning CNN method
requires an average of 39.6 updates (standard deviation ±6.3
rounds). Due to the lack of an iterative optimization mech-
anism, the ResNet temporal model and matrix factorization
algorithm maintain a constant loss throughout the evaluation
cycle, making it impossible to optimize the personalized
solution.

3) Improved Effectiveness of the Personalized Solution
The effectiveness of personalized care plans was validated
on 500 unseen patient samples from the meta-test set,

covering three major disease categories: cardiovascular dis-
ease, diabetes, and postoperative rehabilitation. For each
patient, personalized care plans were generated using F1-
F4, implemented in a unified simulation environment, and
the results were recorded. Physiological improvement rate
statistics focused on key disease indicators: systolic blood
pressure reduction and heart rate stability index were used
for cardiovascular disease; fasting blood glucose reduction
rate and expected HbA1c (Glycated Hemoglobin A1c) im-
provement were used for diabetes; and pain index reduction
rate and improvement in mobility were used for postopera-
tive rehabilitation.

Outliers were handled using Tukey’s rule, resulting in the
box plot (Figure 3) showing the distribution of improvement
rates for the four methods.

The experimental results in Figure 3 show that the MAML
solution achieved a median improvement rate of 75.0% in
physiological indicators, significantly exceeding the 62.3%
achieved by the fine-tuning CNN, the 55.6% achieved by
the ResNet time series model, and the 49.2% achieved by
the matrix factorization algorithm. Patient Engagement and
Adherence were assessed using the composite score from
the 24-hour engagement questionnaire. This score (on a 0-
10 scale) objectively reflects the patient’s initial interaction
with the care plan, incorporating metrics such as compliance
rates and self-reported ease of execution. The distribution of
these adherence scores is presented in Figure 4.

In Figure 4, the analysis of adherence scores revealed
a significantly higher level of initial engagement with the
MAML-generated plans. The mean adherence score for the
MAML regimen was 8.2 ± 0.8, with over 60% of simulated
patients achieving a high adherence score of 8 or higher.
In contrast, less than 60% achieved this level under the
baseline approaches. A statistical test (Kruskal-Wallis, p
< 0.001) confirmed a significant difference between the
groups, indicating that the personalized plans from MAML
were not only physiologically effective but also more readily
adopted and followed by patients in the simulation.

B. PREDICTIVE ASSESSMENT ACCURACY
The validation of predictive assessment accuracy focused
on the ability of early-stage (24-48 hours) indicator data
to predict the ultimate therapeutic effect. For 500 patients
in the meta-test set, key recovery indicators were recorded
24 hours (S1) and 48 hours (S2) after implementation of
the nursing plans generated by the four methods. The final
efficacy criterion was the overall improvement rate at the
end of the plan implementation cycle (≥60% was considered
effective). The prediction model used a BiGRU temporal
network, which took as input the sequence of indicators
for the S1/S2 time periods and output a final effectiveness
probability prediction. The threshold was set at a probability
≥0.5 for effectiveness. The prediction models were trained
independently for each of the four methods (with consistent
hyperparameters) and 5-fold crossvalidation was used to
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FIGURE 2. Convergence curve comparison of different methods on the novel patient task

FIGURE 3. Comparison of Improvement Rates for Key Physiological Indicators. *** indicates p < 0.001

eliminate randomness, ultimately generating the accuracy
bar chart shown in Figure 5.

Figure 5 shows that the early data generated by the
MAML scheme demonstrates excellent predictive capabil-
ities. The accuracy of predicting final validity for 24-hour
data reached 89.7±2.1%, and for 48-hour data, it increased
to 92.8±1.7%. This performance is significantly higher than
that achieved by the Fine-tuning

CNN (24-hour: 74.3±3.5%, 48-hour: 81.6±2.9%), the
ResNet temporal model (24-hour: 68.2±4.1%, 48-hour:

75.4±3.7%), and the matrix factorization algorithm (24-
hour: 71.5±3.8%, 48-hour: 78.3±3.2%). The data reveals
three key patterns: All methods achieved significantly higher
prediction accuracy at 48 hours than at 24 hours, indicating
that 48-hour data is more valuable for prediction. Fur-

thermore, MAML significantly outperformed other methods
at both time points and exhibited the smallest standard
deviation, demonstrating the most stable prediction results.

1) Verification of the Effectiveness of the Dynamic Weight
Module
The effectiveness of the dynamic weight module was veri-
fied using a controlled variable method, comparing the full
MAML framework (including the dynamic weight module)
with a simplified version (MAML-ND) that removed the
dynamic weight module on the same meta-test set. The
two sets of experiments shared the same protocol generator
architecture and meta-training parameters, differing only in
whether the designed dynamic weighting mechanism was
applied during the efficacy evaluation phase. Prediction
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FIGURE 4. Distribution of Subjective Patient Satisfaction Scores

FIGURE 5. Early Prediction Accuracy

accuracy was calculated according to the final efficacy
judgment criteria defined in section Predictive Assessment
Accuracy, with predictions recorded at five time points:
0 hours (upon initial adaptation), 12 hours, 24 hours, 36
hours, and 48 hours after protocol implementation. The
indicator data collected at each time point were processed
using the same BiGRU prediction model to output the final
efficacy probability. To eliminate the influence of temporal
correlation, stratified sampling was used to construct 100
independent test cohorts from the 500 patients, each con-
taining 5 patients with the same disease. The contribution
curves shown in Figure 6 were generated by taking the mean
±95% confidence interval.

Figure 6 shows that the dynamic weight assessment
module significantly improves early prediction capabilities.
At the 24-hour time point, the prediction accuracy of the
complete framework reached 89.7±2.1%, a 12.1 percent-
age point improvement compared to the simplified version
(77.6±2.8%) (p<0.001). Over time, the difference between
the two groups gradually narrowed, remaining at 7.7 per-
centage points at 48 hours (92.8±1.7% vs 85.1±2.2%).
Contribution curve analysis shows that the module’s in-
creased contribution rate during the 0-24 hour period is pri-

marily due to its adaptive integration of short-term recovery
metrics and the gradually increasing weighting of long-term
metrics.

2) Verification of Generalization Ability Across Diseases and
Populations
The model’s generalization ability was verified using strat-
ified sampling. The meta-test set was strictly divided by
disease type (cardiovascular disease, diabetes, and postop-
erative rehabilitation) and population characteristics (age
≥65 years defined as the elderly group, 40-64 years defined
as the middle-aged group, and 18-39 years defined as the
young group). Fifty patients were randomly selected from
each group, and the performance scores of the personalized
care plans generated by the MAML framework on four
core indicators were recorded. To eliminate dimensionality
differences, Min-Max normalization was used to convert
each indicator to the [0, 1] range. The baseline value was
taken from the global minimum/maximum values across
all subgroups. After normalization, the indicators were
displayed using a polar coordinate system, generating the
multidimensional performance radar chart shown in Figure
7. Each subplot corresponds to a specific disease type,
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FIGURE 6. Contribution of the Dynamic Weight Assessment Module to Improved Prediction Accuracy

and the three trajectory lines represent the comprehensive
performance profiles of different population groups.

Figure 7 (a). Cardiovascular Disease
Figure 7 (b). Diabetes
Figure 7 (c). Postoperative Rehabilitation
In Figure 7, the MAML framework maintains excellent

performance across a wide range of disease types and popu-
lations. g1-g4 represent the improvement rate of physiolog-
ical indicators, prediction accuracy, adaptation convergence
rounds, and patient satisfaction, respectively. Figure 7(a)
shows that the MAML framework performs best overall for
middle-aged patients, followed by the elderly. Figure 7(b)
shows that the elderly have the highest improvement rate
(0.82), but the younger group has a relatively low prediction
accuracy (0.75). Figure 7(c) shows balanced performance
across all populations, with a satisfaction score of 0.93 for
middle-aged patients. The elderly group performs robustly
in diabetes, but still lags behind the middle-aged group
in satisfaction. The data shows that different populations
exhibit differences in various indicators for the same disease.
Middle-aged patients generally perform best, while younger
patients lag slightly behind older patients. This demonstrates
the MAML framework’s strong generalization capabilities
across different disease types and age groups, providing an
intuitive reference for optimizing personalized care plans.

C. COST AND SCALABILITY ANALYSIS
The cost and scalability evaluation was conducted us-
ing a unified hardware platform (NVIDIA Tesla V100
GPU, 32GB RAM) and software environment (PyTorch
1.8, CUDA 11.1). Training cost measurement records the
wallclock time of a complete meta-training cycle (100
epochs), including data loading, forward propagation, gradi-
ent calculation, and parameter update. This is repeated five
times and the mean ± standard deviation is taken. Inference
latency testing focuses on the new patient adaptation phase.
100 randomly selected meta-test tasks are used to record the

end-to-end processing time of a single gradient update (from
data input to parameter update completion), including the
execution time of the dynamic weight evaluation module.
Scalability metrics are verified using a controlled variable
method, with peak memory usage monitored in real time
using nvidia-smi. The task scale scalability test gradually
increased the number of concurrent tasks (10-100 tasks),
recording the system throughput (tasks/second) and response
time growth rate. The data dimension scalability test in-
creased the feature dimension from 20 to 100 and recorded
the change rate of inference latency. This ultimately gener-
ated the training/inference time comparison shown in Figure
8 and the scalability metrics summary in Table 5.

Figure 8 shows that the training time for MAML is
6.8 hours, the fine-tuned CNN is 4.2 hours, the ResNet
is 3.5 hours, and the matrix factorization is 1.2 hours.
The latency for a single adaptation is 0.12 seconds for
MAML, 0.38 seconds for fine-tuned CNN, 0.05 seconds
for ResNet, and 0.02 seconds for matrix factorization. The
data revealed that MAML took the longest to train (6.8
hours), 5.6 hours longer than matrix factorization, indicating
that its meta-learning architecture requires higher initializa-
tion costs. During inference, MAML’s adaptation latency
(0.12 seconds) was significantly lower than that of fine-
tuned CNN (0.38 seconds), but higher than that of matrix
factorization (0.02 seconds) and ResNet (0.05 seconds). This
time-cost distribution suggests that MAML’s strategy of
combining high training investment with low inference cost
is particularly well-suited for practical scenarios requiring
frequent, real-time adjustments. While initial training takes
longer, it can provide efficient, personalized adaptation for
each patient.

Table 5 shows that MAML requires the highest memory
(9.2GB), four times the memory usage of matrix factor-
ization (2.3GB), reflecting its high computational resource
consumption. In throughput testing, matrix factorization
achieved the highest processing power (42.5 tasks/s), with
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FIGURE 7. Multidimensional Performance of the MAML Framework Across Disease Types and Populations

FIGURE 8. Comparison of Model Training and Inference Time

TABLE 5. Comparison of Scalability Metrics of Different Models

Model Training time (h) Single adaptation delay (s) Memory usage (GB) Throughput (tasks/s, for 50 tasks) 100-dimension feature delay growth rate

F1 6.8 ± 0.5 0.12 ± 0.01 9.2 8.3 +18.7%
F2 4.2 ± 0.3 0.38 ± 0.03 7.1 6.1 +25.4%
F3 3.5 ± 0.2 0.05 ± 0.003 5.8 15.2 +32.9%
F4 1.2 ± 0.1 0.02 ± 0.001 2.3 42.5 +8.3%

MAML (8.3 tasks/s) outperforming fine-tuned CNN (6.1
tasks/s), demonstrating its practicality in multi-tasking. The
key latency growth metric reveals that when the feature
dimension is expanded to 100, MAML latency increases
by only 18.7%, significantly lower than fine-tuned CNN
(25.4%) and ResNet (32.9%), demonstrating its architec-
ture’s superior stability in high-dimensional feature scenar-
ios.

Although MAML incurs higher training costs, it outper-
forms simple regression models in scenarios with heteroge-
neous patient profiles and limited data.

V. CONCLUSION
This article solves the challenges of high patient variability,
slow adaptation speed, and long evaluation cycle in person-
alized care in the industry by using a meta learning solution
based on MAML. Experimental validation demonstrates that
MAML converges on new patient tasks with an average of
only 8.2 gradient updates, a 4.8x improvement over fine-
tuning CNNs. The generated solutions achieve a median

improvement of 75.0% in key physiological indicators (a
25.8% improvement over matrix factorization), with over
60% of patients reporting high patient satisfaction (a score
greater than 8). The final efficacy prediction accuracy based
on early (24-hour) data reached 89.7% (increasing to 92.8%
after 48 hours), significantly outperforming the baseline
method. The dynamic weighting module further improved
the accuracy of early assessments by 12.1 percentage points
by integrating short-term indicators with long-term predic-
tions. This method demonstrated its efficiency and scalabil-
ity in a simulation environment.
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