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Abstract. To address global population aging, this study innovatively integrates statistics and
machine learning, analyzing multidimensional data, including economic status, health conditions,
family support, and social environment. Logistic regression is employed to elucidate the influencing
mechanisms of elderly care model choices, while decision tree and random forest models
significantly boost the prediction accuracy to 85%. Key findings indicate that financial capabilities
and family support are the core determinants, highlighting machine learning's superiority in
identifying crucial influencing factors. This research provides a scientific foundation for optimizing
the allocation of elderly care service resources and designing services. Emphasizing the potential of
interdisciplinary research, it aims to fundamentally transform gerontology and create a supportive
aging future. The developed model can be tailored to specific regional needs, enhancing its
applicability and effectiveness, and it also promotes cross - cultural exchanges of elderly care
experiences, thus contributing to building a society that enables the elderly to age with dignity and
receive adequate support.
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1. Introduction

Global population aging has drawn extensive attention. With the improvement of medical standards
and the enhancement of living quality, the proportion of the elderly population is increasing. This
phenomenon has a profound impact on the social and economic structure and also poses higher
requirements for elderly care services. The elderly care needs of the silver-haired population are
becoming increasingly diverse.

The choice of elderly care in the silver economy has become a research hotspot. Zhang Wenjuan et
al. [1] found that healthy elderly tend to choose home - based care, while disabled elderly prefer
institutional care. Wu Haixia et al. [2] pointed out that parents with only one child have a stronger
willingness for institutional care. Yan Shiqi et al. [3] emphasized that the ability of nursing staff plays
a key role in the quality of elderly care services.

Deng Xin et al. [4] mentioned that there is a lack of cases of integrating medical and elderly care in
rural elderly care. Yang Xinyue et al. [5]'s research in Zhenjiang has enriched regional elderly care
data. MODEL O N A H U [6] explored the willingness to participate in mutual aid elderly care
through "time bank". Zheng Xiuyun et al. [7] studied retirement willingness, expanding research
perspectives.

Zhu Hailong et al. [8] found that the concept of "independent elderly care" has weakened the
traditional model. Hai Jian et al. [9] looked forward to the future trends of elderly care. Jia Yan et al.
[10] pointed out that there is a lack of long - term evaluation of innovative models. Chen Weitao [11]
clarified the connotation of different elderly care models. Feng Tieying et al. [12] analyzed the
practical path of integrating medical and elderly care. Existing studies have shortcomings, which
point out the direction for future research.
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At present, in the research on elderly care choices, the influencing factors have been explored from
multiple dimensions and various models have been involved. However, there are still problems such
as a lack of rural cases, insufficient quantitative research on conceptual changes, and a lack of
evaluation of innovative models. Our machine learning model performs excellently in classification
tasks with an accuracy of 85%, marking a significant breakthrough in understanding complex elderly
needs; By analyzing the importance of features and identifying key influencing factors,
unprecedented insights have been provided for policy makers and service providers.

2. Research Methods

2.1. Machine Learning Models

At present, there has been exploration of the influencing factors of elderly care mode selection, which
lays the variable foundation for constructing predictive models. The introduction of traditional
statistical analysis and machine learning provides methodological breakthroughs for accurately
predicting elderly care mode selection. The former is good at explaining causal relationships between
variables, promoting theoretical construction, while the latter is good at handling large-scale data and
revealing hidden patterns, making it suitable for prediction and classification tasks. Combining the
two can offset the limitations of using a single method and produce richer and more accurate research
results. This study integrates these two methods to explore the factors that affect the elderly care mode
selection of the silver haired population, providing a scientific basis for optimizing the design of
elderly care services and resource allocation. Meanwhile, the application of this comprehensive
approach paves the way for future related research and promotes the development of gerontology and
social welfare policies.

2.1.1. Decision Tree Model

The decision tree model is a supervised learning algorithm based on a tree structure. It performs
attribute testing and partitioning on data through nodes and branches, starting from the root node and
recursively constructing based on criteria such as information gain until the stopping condition is met.
It can be used for classification, regression, decision support, and data exploration, and can intuitively
display data patterns and decision logic, playing an important role in multiple fields. Decision tree
model flowchart is shown in Figure 1.
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Figure 1. Decision tree model flowchart

A decision tree is a tree-based prediction model with three core components:

Decision trees operate through a hierarchy of nodes: a root containing all training data, internal nodes
making feature-based decisions and branching using criteria like Gini or information gain, and leaf
nodes providing predictions (class labels for classification, mean values for regression). The tree is
built via recursive splitting, selecting the feature split that maximizes child node purity, until stopping
criteria are met (pure nodes, max depth reached, insufficient samples). New samples are classified by
traversing the tree based on feature judgments until a leaf node is reached, and the prediction
associated with that leaf is output.
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Taking the Gini index as an example, its calculation formula is:
Gini(D)=1->"p (1)

where D is the dataset of the current node, and pi is the proportion of the i-th class sample in dataset
D.

2.1.2. Random Forest

Random forest is an ensemble learning method composed of multiple decision trees, which improves
the stability and accuracy of the model through ensemble learning. It randomly extracts samples from
the dataset and constructs multiple decision trees, and the final result is voted based on the predicted
results of all trees. Flow chart of Random Forest Model is shown in Figure 2.
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Figure 2. Flow chart of Random Forest Model
The key principles and mechanisms of random forest are as follows:

Random sampling: Multiple bootstrap samples are generated from the original data through
replacement sampling, and each sample is used to train the decision tree. Each sample contains
approximately 63.2% of the original data, with the remaining 36.8% being out of bag data that can
be used for model validation.
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Feature random selection: When splitting decision tree nodes, randomly select (where d is the total
number of features) to form a subset, and choose the optimal feature split to improve model diversity
and anti-interference ability.

Integration strategy: Classification tasks use voting to determine categories; The regression task
calculates the output by averaging the predicted values of all decision trees.

The random forest model not only provides highly accurate classification results, but also allows us
to identify which factors are most critical in determining the choice of elderly care mode through
feature importance scores. Feature importance is calculated based on the contribution of each feature
to the model's prediction accuracy, with higher scores indicating that the feature is more important.
For example, in this study, economic status was found to be the most significant factor, followed by
family support, health status, and social environment score.

2.2. Traditional Statistical Analysis Methods

In order to explore how various factors affect the choice of elderly care mode, this study adopted the
traditional statistical analysis method of logistic regression. The logistic regression model is
particularly suitable for binary or multi class problems, and can effectively evaluate the impact of
independent variables (such as economic status, health status, etc. mentioned above) on the dependent
variable (i.e. the choice of elderly care mode). By conducting logistic regression analysis on the
sample data, not only can we determine which factors have a significant impact (p<0.05), but we can
also quantify the strength and direction of each factor's impact, providing a theoretical basis for
subsequent policy recommendations.

logit(P(Y =1)=6,+B X, + X, +..+5.X, (2)

where P is the intercept term, Bi, Ba,..., Bn are the coefficients of each independent variable, X;, X»,...,
X, are the actual values of each independent variable.

2.3. Data Sources and Variable Explanations

The data for this study is sourced from a special survey on the elderly population in a certain region,
focusing on the living and elderly care needs of the silver haired population. The data covers four
dimensions: economy, health, family, and society. Economic status includes indicators of economic
ability such as income and savings; Health status includes physical and mental condition as well as
self-care ability; Family support focuses on cohabitation and daily assistance; The social environment
involves community service, transportation, and social participation. Multidimensional data analysis
helps to comprehensively analyze the influencing factors of elderly care mode selection.

3. Empirical analysis

3.1. Descriptive Statistics.

Data shows that home-based elderly care is the preferred choice for the elderly due to emotional and
environmental dependence. Economic strength and family support are key influencing factors. High
income individuals not only pursue home comfort, but also are willing to pay for professional nursing
care in institutions; When family support is sufficient, elderly people tend to prefer home-based
elderly care.
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3.2. Traditional statistical analysis results

Table 1. Correlation Coefficient

. Economic health family §0c1al education marital
variable environment gender age
status status  support level status
score
Economic 1 035 045 0.2 0.1 02 025 0.5
situation
health status -0.35 1 -0.6 0.1 -0.05 0.15 -0.1 -0.1
Family -
support 0.45 -0.6 1 0.15 -0.02 0.08 0.05 0.03
Social
Environment 0.2 0.1 0.15 1 0.08 -0.1 0.15 0.05
Rating
gender 0.1 -0.05  -0.02 0.08 1 0 E)3 -0.02 0.02
age -0.2 0.15 -0.08 -0.1 -0.03 1 -0.2 0.1
degree of 025 0.1  0.05 0.15 002 -0.2 1 0.05
education
marital status 0.15 -0.1 0.03 0.05 0.02 0.1 0.05 1

Through the analysis of the correlation coefficient table in Table 1, it was found that there is a strong
positive correlation between economic status and family support (r = 0.45), and elderly people with
better economic conditions are more likely to receive family support; There is a negative correlation
between health status and family support (7 =-0.6), and elderly people with poor health rely more
on family care; Economic status is also negatively correlated with health status (7=-0.35), and
elderly people with poor economic conditions face more health problems. In addition, the social
environment score is weakly positively correlated with economic status (r=0.2) and educational
level (r=0.15). These correlations reveal the factors that influence the elderly care mode choices of
the silver haired population, providing a basis for formulating precise policies and service strategies.

To evaluate the impact of different factors on the choice of elderly care mode, we used a logistic
regression model for analysis. Logistic regression is a statistical method widely used in classification
problems, suitable for studying the relationship between binary or multi class dependent variables
and one or more independent variables.

For the logistic regression model in this study, the specific formula is:
Logit (P (home - based care))=-1.20+0.75 (economic status) - 0.45 (health status) - 0.80 (family

support)+0.20 (social environment score).
Logistic regression analysis results is shown in Table 2.

Table 2. Logistic regression analysis results

independent variable B SE Wald y? df p Exp(B)
Economic situation 0.75 0.12 39.06 1 <0.001 2.12
health status -0.45 0.10 20.25 1 <0.001 0.64
Family support -0.80 0.15 28.44 1 <0.001 0.45
Social Environment Rating 0.20 0.08 6.25 1 0.01 1.22
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These findings emphasize that economic ability and family support are key factors influencing the
choice of elderly care models. Policy makers and service providers should fully consider these factors,
optimize the design and resource allocation of elderly care services, in order to better meet the needs
of the elderly and improve service quality.

3.3. Machine learning model results

When conducting in-depth analysis of the data, we constructed two machine learning models,
decision tree and random forest, to optimize predictive performance and further understand the key
factors affecting the elderly care mode selection of the silver haired population. Performance
Comparison of Machine Learning Models is shown in Table 3.

Table 3. Performance Comparison of Machine Learning Models

Model name Accuracy Precision Recall F1 Score
Decision Tree 0
Model 78% 0.76 0.79 0.77
Random 85% 0.84 0.86 0.85
Forest

The random forest model performs better than the decision tree model in all indicators, especially
with an accuracy of 85%, indicating that the model can more effectively predict which elderly people
tend to choose based on input features.

The random forest model not only provides highly accurate classification results, but also allows us
to identify which factors are most critical in determining the choice of elderly care mode through
feature importance scores. Feature importance is calculated based on the contribution of each feature
to the model's prediction accuracy, with higher scores indicating that the feature is more important.

Table 4. Ranking of Feature Importance in Random Forest Model

Feature Name Feature Importance Score
Economic situation 0.35
Family support 0.25
health status 0.15
Social Environment Rating 0.10
Other factors 0.15

Ranking of Feature Importance in Random Forest Model is shown in Table 4. Economic status is the
most significant factor, followed by family support, health status, and social environment score.

4. Conclusions and outlooks

This study combines traditional statistics and machine learning to explore the factors influencing the
selection of elderly care models: logistic regression determines economic ability and family support
as key factors, and the accuracy of the random forest model reaches 85%, with economic factors
having the most significant impact. Comprehensive methods can improve prediction accuracy and
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provide suggestions for optimizing the allocation of elderly care resources. In the future, more factors
and advanced algorithms can be explored.

While the study offers valuable insights into eldercare decision-making, its impact is constrained by
regional data, technical oversights, and untapped variables. Future work should prioritize explainable
Al, longitudinal designs, and culturally adaptive models to drive scalable, equitable eldercare
solutions. Bridging these gaps will transform theoretical findings into actionable, real-world policies
that truly resonate with the aging population’s diverse needs.
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