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In the rapid urbanization process in China, due to reasons such as employment, education, and family reunification, the number of mobile population without registered residence in the local area has increased significantly. By 2020, the group had a population of 276 million, accounting for over 20% of the total population, making significant contributions to urban economic development and resource optimization. However, the health status of migrant populations is affected by unique issues such as occupational risks and socio-economic disparities, which play an important role in personal welfare, social stability, and sustainable economic growth. The deterioration of the health of the floating population will lead to a decrease in productivity, an increase in medical expenses, and an increase in pressure on the public health system. In order to analyze and predict the main elements affecting the well-being of transient population, this study uses advanced machine learning algorithms such as principal component analysis, backpropagation (BP) neural networks, community analysis, random forest models, etc. Principal component analysis will identify and extract the most important variables that affect the health status of mobile populations. The BP neural network models the nonlinear interaction between health determinants and health outcomes. Community analysis divides the floating population into different health records and promotes targeted intervention measures. The random forest model improves the accuracy and universality of predictions. The insights generated by these models will help develop health policies and intervention policies to improve the health status of mobile populations, narrow disparities, and promote social and economic stability. Integrating data-driven methods and emphasizing a shift towards correct, effective, and impactful public health management provides a robust framework for understanding and addressing the complex health issues faced by mobile populations.
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1 Introduction

Floating population refers to individuals who have moved from their habitation to other places due to employment, education, or family reunion, but do not have a local registered place of residence. In the rapid urbanization process in China, this group continues to expand and become an important component of social and economic development. According to data from the National Bureau of Statistics, China’s floating population is expected to reach 276 million by 2020, accounting for over 20% of the total population. This means that one in every five people is a floating population. In 2023, the number of inter-regional movements in China was 61.25 billion, an increase of 30.9% from the previous year. The floating population plays an important role in the labor market, providing a large amount of labor and promoting urban economic development and construction (1). Has made important contributions to the rational allocation and optimization of urban and rural resources. The health condition of the floating population not only affects the quality of life and happiness of individuals, but also has a profound impact on social stability and sustainable economic development. Firstly, mobile populations with poor health conditions may face issues such as low work efficiency and high medical costs, which may have a negative impact on family economic conditions and overall quality of life (2). Secondly, the health issues of the floating population impose a burden on the urban public health system, increasing the demand and pressure for medical resources. In addition, improving the health status of the floating population can enhance work and production efficiency, promote economic growth and social development (3).

The purpose of this study is to use advanced machine learning algorithms to analyze the principal considerations affecting the well-being of floating populations, develop predictive models, and guide the formulation of relevant policies. In particular, Principal Component Analysis (PCA) plays an important role in reducing the hierarchy of the dataset while maintaining basic information. This technology helps to identify and extract the most important variables that affect the health status of mobile populations. PCA improves the efficiency and interpretability of subsequent machine learning models by transforming the original related variables into smaller independent principal component subsets. The study will use principal component analysis, inverse wave neural networks, community analysis, and random forest models. These methods were chosen because they possess typical characteristics of public health data, complex nonlinear relationships, and robustness in handling large-scale datasets. Especially, BP neural networks are used to model the nonlinear interactions between different health determinants and the health outcomes of mobile populations. It is particularly effective in capturing complex relationships that traditional statistical methods may not be able to display (4). Community analysis categorizes the floating population into multiple types based on risk factors related to health records. This classification helps identify vulnerable subgroups and adjust specific intervention measures to meet their needs. The random forest model is used to improve the accuracy and universality of health outcome prediction. By summarizing the results of principal component analysis, the random forest algorithm can reduce the risk of over matching and improve the reliability of prediction models. Therefore, the insights gained from these machine learning models will provide scientific basis for developing targeted health policies and intervention policies. By understanding the main factors affecting the health of mobile populations, decision-makers can design more effective public health strategies, improve the health status of mobile populations, narrow health disparities, and promote social and economic stability (5).

The health issues of mobile populations have had a profound impact on individual health and broader social development. Due to factors such as occupational risks, inadequate medical services, and socio-economic disparities, mobile populations often face unique health problems. Improving their health status is not only important for improving their quality of life, but also for ensuring social stability and economic productivity (6). A healthy floating population has an effective contribution to the labor market, supports family economy, and is likely to smoothly integrate into the new community. Therefore, meeting the health needs of this group is crucial for promoting inclusivity and sustainable development (7). Meanwhile, applying data-driven methods in public health research is crucial for further understanding complex health issues and developing effective intervention measures. Principal Component Analysis (PCA), BP neural networks, cluster analysis, random forests, and other machine learning algorithms provide powerful tools for analyzing large and complex datasets. These methods can discover hidden patterns, identify the main determinants of health outcomes, and accurately predict future health trends. By utilizing these advanced analytical techniques, researchers can establish evidence-based policies and generate practical insights to guide targeted health interventions. In the context of this study, data-driven methods provide a robust framework for analyzing complex elements influencing the well-being of floating populations. The predictive model developed in this study not only enhances our understanding of the fitness trends of floating populations, but also guides the development of targeted public wellness strategies. Ultimately, integrating machine learning into public health research will transform into more precise, efficient, and influential health management. This study will focus on the factors that affect the health of China’s floating population, but similar issues also exist worldwide (8). For example, in Europe, the health outcomes of mobile populations are influenced by socio-economic status, access to medical services, and comprehensive policies. In the United States, factors such as immigration status, mental health, and employment conditions have a significant impact on the health of mobile populations. By comparing these international backgrounds, we can better understand the challenges that mobile populations typically face, especially in literature research where we can explore these challenges more specifically.

In order to clarify the relationship between the research results and the theoretical framework more clearly, we provide a theoretical framework chart in Figure 1.
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FIGURE 1
 Theoretical framework diagram.


The methodology and data analysis of this study are very rigorous and comprehensive, but there are still several limitations that need to be discussed. Firstly, the research scope is limited by available data and cannot capture all relevant health determinants, nor can it reflect the dynamic health characteristics of mobile populations affected by changes in socio-economic conditions. Secondly, potential biases in data collection such as insufficient reporting of health issues and incorrect recording of socio-economic details can affect the appropriateness of the results. Floating populations may also face language barriers or insufficient trust in data collectors, which may lead to data bias. Recognizing these limitations can provide a more detailed understanding of the scope and potential applications of the research (9), address these challenging issues, and indicate future research directions for improving the reliability of research results on the health of mobile populations.

By utilizing the advantages of multiple machine learning modes, this study not only enhances our understanding of health determinants for different population groups, but also lays the foundation for future research to improve health outcomes through data foundation and predictive analysis. Integrating these methods into health research can greatly promote the development of more effective public health strategies and resource allocation, ultimately improving the healthy lives of mobile and regional populations.



2 Literature review


2.1 Current state of research on migrant population health

In recent years, the health issues of mobile populations have received much attention in the field of public health. With the acceleration of globalization and urbanization, more and more people are moving between cities, rural areas, and different regions due to reasons such as occupation, education, and living conditions. However, while enjoying economic development, the holistic health situations of the transient population is relatively poor due to insufficient health protection and difficulty in accessing medical services (10, 55). The existing literature mainly explores the health status of mobile populations from two perspectives: technical research and mechanical research. Technical research mainly uses cross-sectional data to illustrate and compare the health status of mobile populations. For example, He et al. (11) found from the dynamic monitoring data of China’s floating population that the floating population lagged behind the non-floating population in terms of health self-assessment, chronic disease incidence rate and mental health. The focus of mechanical research is to explore various factors such as socio-economic status, accessibility to medical services, social support, and the underlying mechanisms that affect health (12). The purpose of these studies is to understand the impact of these factors on health outcomes and provide potential intervention plans to improve the health of mobile populations.

The well-being status of floating populations is affected by kinds of elements, among which socio-economic factors, accessibility to medical services, lifestyle habits, and environmental factors are the most studied aspects. Firstly, from the perspective of socio-economic factors, socio-economic status has a significant impact on the health of mobile populations. Factors such as income level, education level, and occupational type not only directly affect personal health, but also indirectly affect it through media factors such as medical service utilization, living environment, and health actions (13). Low income mobile populations are more vulnerable to health risks, such as malnutrition, insufficient awareness of disease prevention, and difficulty accessing medical services (14). Research has shown that migrant populations with lower levels of education lack health knowledge and disease prevention awareness, which increases the risk of health problems (15). Recent studies have further confirmed the profound impact of socio-economic factors on the health of mobile populations. For example, Hu et al. (16) found a significant relationship between the income level of mobile populations and their self-assessment of health, with higher income levels representing better health status. In addition, education level has been proven to be an important factor affecting health, and higher education levels can help improve the ability to understand health articles and prevent diseases (17). Secondly, in terms of medical service accessibility, medical service accessibility is an important factor affecting the health of mobile populations (18). There are many situations where resident registration restrictions and mobility make it difficult for mobile populations to access stable medical services. Difficulty in accessing medical services not only affects health management, but also increases the cost of treating diseases. Jorg and Haldimann (19) pointed out that the low penetration rate of health insurance is the main reason for the low utilization rate of medical services among mobile populations. Improving the prevalence of health insurance and reducing medical costs is an important method to improve the health status of mobile populations. Other studies have shown that the construction and promotion of regional health service institutions have a positive impact on improving the accessibility of medical services for mobile populations (20, 21). Thirdly, in terms of lifestyle factors, lifestyle habits are an important factor affecting the health of mobile populations (22). The high work pressure and harsh living environment make it easy for mobile populations to develop unhealthy habits such as smoking, drinking, irregular sleep patterns, and insufficient exercise (23). These bad habits not only directly harm health, but also increase the risk of chronic diseases and have long-term negative effects on health (24). Recent studies have further revealed the impact of unhealthy lifestyle habits on the health of mobile populations. Lin et al. (25) found that long-term work pressure and harsh living conditions are important reasons for unhealthy living habits among migrant populations. In addition, the dietary habits of mobile populations, such as imbalanced diets and intake of high-fat and high sugar foods, can increase the risk of nutritional deficiencies and chronic diseases. Health education and lifestyle interventions are considered important measures to improve the health status of mobile populations (26). Fourthly, in terms of social support, it plays a buffering role in the health of the floating population. Social assistance systems, including family assistance, colleague assistance, and community assistance, can alleviate the pressure faced by mobile populations in adapting to new environments and addressing health issues. Research has shown that strong social support will greatly improve the psychological and overall health of mobile populations (27). Chawla et al. (28) emphasized the importance of social assistance for the health of mobile populations. They found that support from families and communities has a positive impact on the mental health of migrant populations. In addition, establishing good colleague relationships and receiving support in the workplace can also help improve the health status of mobile populations (29).

In summary, the health status of floating population is subjected to multiple factors such as socio-economic factors, accessibility to medical services, lifestyle habits, and social support. These factors interact with each other to determine the well-being degree of the floating population. Therefore, in order to address the health issues of the transient population, it is necessary to consider these impacts and adopt multi-level and multidisciplinary intervention measures to improve the general health condition of the floating population.



2.2 Application of machine learning in health research

In recent years, the application of machine learning technology in health research has rapidly increased, becoming an important tool for analyzing health influencing factors. Compared with traditional statistical methods, machine learning can handle large and complex datasets and identify nonlinear relationships and patterns hidden within the data. The following is an example study of using machine learning to analyze health influencing factors. Chronic diseases are an important factor affecting the health of the world’s population, and early prediction and intervention are crucial to improve the health status of patients with chronic diseases. Machine learning algorithms can analyze large-scale health data, such as electronic health records (EHRs), to effectively predict the risk of chronic diseases. Parthiban et al. (30) used machine learning algorithms such as random forest and gradient elevator to analyze and predict the health data of diabetes patients. The results show that this algorithm can accurately predict the occurrence of diabetes, and identify the main health influencing factors such as age, body mass index (BMI) and blood sugar value. Psychological health issues are the main public health issues in modern society. By analyzing social media data, mental health questionnaires, and biosensor data, machine learning techniques can effectively evaluate an individual’s mental health status. Wang et al. (31) used natural language processing (NLP) techniques and machine learning algorithms such as support vector machines (SVM) to analyze text data on social media platforms and predict user depression and anxiety states. Research has shown that machine learning algorithms have high accuracy in predicting and identifying mental health issues. Public health monitoring is important for controlling the spread of infectious diseases. By analyzing real-time data, machine running technology can improve the efficiency and accuracy of public health monitoring. Sun et al. (32) used deep learning algorithms to comprehensively analyze public health data and geographic information system (GIS) data to predict and monitor the spread of influenza. Research has shown that deep learning algorithms can accurately predict the time and location of influenza occurrence, providing scientific basis for public health interventions. Machine learning can not only analyze a single type of health influencing factor, but also multiple factors to reveal complex mechanisms that affect health status. Chen et al. (33) combined electronic health records, genetic data, and environmental exposure data to analyze the impact of multiple factors on cardiovascular disease using collective learning algorithms. Research has found that ensemble learning algorithms can effectively integrate multi-source data and identify the main health influencing factors and their interactions. Health risk assessment is the foundation for developing personalized health management plans. Machine learning algorithms can comprehensively analyze personal health data and provide accurate health risk assessments. Huang et al. (34) used machine learning algorithms such as beige networks and logistic regression to analyze and evaluate health data of cancer patients. The results indicate that these algorithms can accurately evaluate individual health risks and provide scientific basis for personalized health management.

In short, the application of machine learning technology in health research is becoming increasingly widespread, providing powerful tools for analyzing health influencing factors and health management. In the future, with the enrichment of data resources and continuous optimization of algorithms, the application prospects of machine learning in health research will be even broader (35).




3 Data and method


3.1 Data source

This study used data from 31 provinces in China in 2018 to develop an indicator system for measuring the health status of the floating population. These data mainly come from the large-scale national sampling survey conducted by the National Health Commission – China Mobile Population Dynamic Monitoring Survey (CMDS). CMDS covers 31 provinces and Xinjiang Production and Construction Corps, where the floating population is highly concentrated. This survey uses proportional sampling (PPS) and targets individuals aged 15 and above who have resided in their catchment area for more than a month and have not registered residence. These data include basic information on the health status, participation in medical insurance, gender, age, education level, marital status, employment status, household registration, mobility scope, reasons for mobility, income, health education, and health records and other fields. As the focus of this study is on the health status of the floating population, the sample is limited to people aged 16 to 60 and further filtered. After data processing, 89,346 samples were ultimately selected from 31 provinces. At the same time, we recognize that the differences in economic development levels in different regions of China may affect individuals’ health status and immigration patterns. Therefore, we incorporated regional economic indicators into the model to monitor regional differences and ensure more accurate analysis of health factors.

Specifically, the CMDS survey collects extensive data through questionnaires to better understand the living and health conditions of the floating population. The basic information section includes demographic characteristics such as gender, age, race, education level, and family status. The section on health status mainly includes diagnostic information provided during hospital examinations or treatments. The section on health insurance refers to whether an individual has participated in various health insurances, such as the basic health insurance for urban workers, the new rural cooperative health insurance, and the basic health insurance for urban residents. In addition, the survey also collected information on the employment situation of the floating population, including their employment status. Family registration information includes the type of family registration system and place of residence. The section on the scope and reasons for migration provides a detailed record of the frequency, distance, and main reasons for migration, such as employment, education, and family reunification. The section on income and health education identifies the income levels of individuals and their families, as well as the pathways through which they acquire health knowledge.

We recognize that the differences in economic development levels between different regions of China may affect individual health status and mobility patterns. Therefore, in the subsequent empirical analysis, we will further analyze and discuss the health status of the floating population from the perspective of regional differences in characteristics. This helps to better understand the differences in health status and migration patterns between different regions, and provides more comprehensive background information. Here, for the division of urban and rural hukou, the respondents with agricultural hukou are considered as rural registered residence, and those with non-agricultural hukou are considered as urban registered residence families. Since the Migrant Population Questionnaire (Eight Cities) (Volume C) and the registered residence Population Questionnaire (Eight Cities) (Volume D) are selected from eight representative cities (states and districts) in the sampling framework established on the basis of the 2016 annual report data of the National Migrant Population Information System, using the stratified, multi-stage, proportional PPS sampling method, this paper will analyze these data to better understand the health status of China’s migrant population and its influencing factors, and provide a scientific basis for policy formulation. For example, we can study how participating in health insurance affects an individual’s health status, or the differences in health status between different ages, genders, education levels, and family backgrounds. In addition, we can study the differences in health status between economically developed and underdeveloped regions, and how these differences affect the migration patterns of the floating population. The region is divided into eastern cities (Guangdong, Jiangsu, Shandong), central cities (Hunan, Shanxi, Henan), and western cities (Chongqing, Yunnan, Guangxi).

Here is a detailed description of each feature: Firstly, health status. Among them, a health value of 3 indicates that the individual is in a good state of health; The basic health value is 2, indicating that the individual is in a state of basic health with minor health problems; An unhealthy value of 1 indicates that the individual’s health condition is poor and there are serious health problems. Secondly, the participation in medical insurance. The participation value is 1; The non-participation value is 2. Thirdly, gender. The value for males is 1; The value for females is 2. Fourthly, age. The value for 15–30 years old is 1; The value for ages 31–45 is 2; The value for ages 46–60 is 3; The value for individuals aged 61 and above is 4. Fifth, education level. Illiteracy has a value of 1; The value for primary school is 2; The value for junior high school is 3; The value for high school is 4; The university has a value of 5. Sixth, marital status. Married with a value of 1; The value for unmarried individuals is 2. Seventh, employment status. The on-the-job value is 1; The unemployment value is 2. Eighth, household registration. The urban household registration value is 1; The rural household registration value is 2. Ninth, the scope of mobility. A cross city value of 1 indicates individual mobility between cities; A cross provincial value of 2 indicates individual mobility between provinces; A cross national value of 3 indicates that individuals move between countries. Tenth, reasons for mobility. The value of work reason is 1; The value for other reasons is 2; The value for family reasons is 3. Eleventh, income. The minimum income (below the 20th percentile) is set to 1; The value for lower income (20–39th percentile) is 2; The value of middle-income (40–59 percentile) is 3; The value of higher income (60–79 percentile) is 4; The highest income (above the 80th percentile) is set at 5. Twelfth, health education. The value is 1, indicating that the individual has received health education; A value of 2 indicates that the individual has not received health education. Thirteenth, health records. A value of 1 indicates that the individual has a health record; A value of 2 indicates that the individual does not have a health record.

In addition, relevant studies using the existing China Mobile Population Dynamic Monitoring Data (CMDS) database were studied and listed to support the rationality and background of the research results. These references include Sarkar et al. (36)’s study on the relationship between mobility patterns and mental health outcomes of Chinese immigrant workers, providing insights into the psychological challenges faced by the group (62). Wang et al. (23) provided a comprehensive analysis of the access and use of medical services by studying the utilization and determining factors of medical services for mobile populations.

This study is based on hospital certification and determines the health status of both mobile and local populations. This is a widely recognized standard. If relying solely on self-evaluation, there may be limitations such as subjective bias and cognitive errors. Therefore, using hospital certification as an indicator of health status can improve the reliability and scientific rigor of research results (37).

Due to the differences in the size and characteristics of the selected indicators, including positive and negative indicators, in order to eliminate the differences in indicators, improve the stability and accuracy of the model, the indicators are standardized. The standardization methods used are as follows.

The formula for the standardization of positive indicators as seen in Equation (1):

[image: image]

The formula for the standardization of negative indicators as seen in Equation (2):

[image: image]

zxi represents the standardized value of the i indicator.



3.2 Method


3.2.1 Principal component analysis

Principal Component Analysis (PCA) is a statistical method that can maintain most of the variability by reducing the dimensions of the dataset. PCA achieves this goal by transforming the original variables into a new, independent set of variables. The arrangement order of these main components maintains most of the variability of the original dataset. PCA is widely used for exploratory data analysis, making predictive models more efficient and less adaptable.

Due to the special nature of questionnaires and answer options, the original dataset consists of sample variables for specific answers to specific questions, resulting in differences in unit selection and dimensional scales (38). In order to improve the comparability of data indicators, necessary preprocessing was performed on the raw data before conducting empirical analysis. The health condition of the floating population is an pointer of various degrees, and standardization is required before conducting principal component analysis on the selected indicators. In addition, the reverse indicators have undergone necessary transformations, uniformly reflecting the degree of progress from low to high.

In this study, the use of PCA can effectively perform data preprocessing and reduce dimensions, thereby improving the performance of machine learning models. It simplifies the dataset while retaining the main information, thus more effectively and accurately analyzing the health impacts of mobile populations (39).



3.2.2 The BP algorithm

The BP algorithm is currently one of the most important and widely used algorithms in artificial neural networks. BP neural network is a leading, multi-layer, non-recurrent neural network that can complete multiple mappings from input to output. It adopts the error backwave algorithm, and the most basic idea is inclined descent. This is a skewed exploration method used to minimize the average squared error between the actual output of the network and the expected output. Information enters through the input layer, passes through the intermediate layer (i.e., the hidden layer), and enters the output layer to generate output results. The optimization goal of BP neural networks is to minimize empirical risk and is usually suitable for large-scale simulations. In this paper, due to the large sample size of mobile population monitoring data, the BP model was chosen. The specific training process is as follows:

1. Network Initialization: First, determine the input and output sequences (X, Y) in the system, the number of nodes nnn in the network’s input layer, and the number of nodes m in the hidden layer. Then, initialize the connection weights wij and wjk between the input layer, hidden layer, and output layer, initialize the hidden layer threshold a and the output layer threshold b, and set the learning rate and activation function (Sigmoid function). As seen in Equation (3).

2. 

3. [image: image]

4. 

5. Calculation of the Hidden Layer Output. Based on the input vector X, the connection weights wij between the input layer and the hidden layer, and the hidden layer threshold a, the hidden layer output matrix H is calculated. As seen in Equation (4).

6. 

7. [image: image]

8. 

9. where i is the number of hidden nodes, and f is the activation function of the hidden layer.

10. Calculation of the Output Layer. Based on the hidden layer output vector H, the connection weights wjk, and the threshold b, the predicted output vector Y of the BP neural network is calculated. As seen in Equation (5).

11. 

12. [image: image]

13. 

14. Calculation of Error. Based on the network’s predicted output vector Y and the desired output vector O, the network prediction error e is calculated. As seen in Equation (6).

15. 

16. [image: image]

17. 

18. Update of Weights. Based on the network prediction error e, the connection weights wij and wjk are updated.where η is the learning rate. As seen in Equations (7, 8).

19. 
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21. 
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23. 

24. Update of Thresholds. Based on the network prediction error e, the node thresholds a and b are updated. As seen in Equations (9, 10).

25. 

26. [image: image]

27. 
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29. 

30. If the error has not yet reached the desired level, repeat steps 2 through 6.

To address the dimensional differences and the variance between positive and negative indicators, standardization of the selected indicators is essential. This process aims to eliminate discrepancies among indicators and enhance the stability and accuracy of the model. The standardization method is as follows:

The standardization formula for positive indicators as seen in Equation (11):

[image: image]

The standardization formula for negative indicators as seen in Equation (12):

[image: image]



3.2.3 Cluster analysis

Cluster analysis is a statistical method that groups similar objects into their corresponding categories or clusters. The goal of this technology is to ensure that the similarity between objects in the same community is higher than that between objects in other communities. Hierarchical community analysis is the process of merging small communities into larger ones or dividing larger communities into smaller ones to construct a specific type of community structure.

In order to clarify the relationship between multiple variables that affect the health status of mobile populations, this study used stratified communization. The specific stage includes processing the dataset during the data preparation phase and performing necessary transformations to adapt to the analysis. Afterwards, use SPSS software for hierarchical clustering and use the average connection standard. Finally, perform a tree diagram analysis to describe and identify different clusters of variables.

Cluster analysis can help identify relevant variable groups, understand which factors are most similar, and how they together affect health outcomes. Clustering variables reduces the complexity of the dataset and makes parsing and understanding easier. Understanding these communities can help develop targeted interventions, for example, if specific health and demographic variables are clustered together, policies can be formulated to focus on addressing these specific factors. The insights obtained through group analysis can showcase various aspects of the determinants of health for mobile populations to decision-makers, thereby aiding in the development of more effective health strategies.



3.2.4 Random forest model

The random forest algorithm is the first decision tree based model proposed by Breman, which predicts through statistical or machine learning algorithms. This model is known for its clear construction, clear explain ability, and high stabilization. The stochastic forest algorithm is made up of multiple decision trees, each of which randomly extracts sample information and generates multiple training sets. Each decision tree in the training set is a basic classifier, and the final predicted value is determined by the preponderance voting results of multiple trees. This algorithm is suitable for sort, regression, and prognosis work. Compared with a single decision tree, the random forest model performs better in sort and prognosis, and is less inclined to over matching. Select the best variable as the classification node in the decision tree and sort it according to its importance.

This paper chose the random forest algorithm to predict the priority order that affects the fitness status of migrant and regional populations. The main reason is that random forest introduces random selection attributes in the algorithm, recursively processes based on setting classification and termination criteria, and performs multiple regressions on each predictor variable (40). Therefore, this algorithm works effectively in large-scale datasets, has a slow response to over matching, and is not sensitive to final test data. So, the prediction results are more reliable. It also demonstrates the excellent performance of ensemble methods in practical applications.

The decision tree algorithm is developed based on the ID3 algorithm proposed by Quinlan. In 1984, Breiman et al. introduced the Gini coefficient as a segmentation criterion into the CART algorithm, using binary crystal trees. However, due to the decision tree being a single prediction model that is highly sensitive to data, it is difficult to optimize and improve prediction accuracy. To address this issue, we have developed an algorithm that integrates decision trees. Bootstrap Aggregating is an alternative method based on bootstrap sampling, which extracts N samples from a training set with an S-sample capacity to form a new training set. After n repetitions, generate n independent trace samples. The probability of not selecting each sample during the sampling process is calculated as (1−1/N) ^ N. The closer N approaches infinity as seen in Equation (13):

[image: image]

This means that when N is large enough, 36.79% of each guide sample will not be selected, but will become OOB (Out of Bag) data. The random forest algorithm is a ensemble method that uses a layout method to form a set of decision trees. It uses the Mean Increase in Accuracy (MDA) method to measure the priority score of attributes, thereby determining their importance in classification problems.

This study divided the sample into mobile population and regional population, and performed random forest prediction on each group to prioritize identifying factors that affect the reproductive behavior of mobile population and regional population. In order to ensure the randomness of the training sample set, the data was randomly sorted before model training. In order to ensure the consistency of the empirical results, a random seed output of 100,000 was set for the randomly generated seed player account system parameters (i.e., the size of the data sample is set to about 10 times, which maintains good performance than the consistent performance predicted by the model). The analysis results show that when the quantity of decision trees exceeds 500, the error rates of the movement of the random forest model and the fitness condition of the regional population tend to stabilize. The final dataset consists of half for training and the other half for testing. In order to obtain more accurate prediction results, we adjusted the number of repetitions for each segmentation and the number of random sampling variables.

The focus of this section is to choose the random forest algorithm to predict the priority order of factors that affect mobility and local population reproductive behavior. The main reason is that the random forest algorithm introduces random attribute selection, recursively sets classification and termination criteria, and performs multiple regressions on each predictor variable. This can effectively run on large-scale datasets, reduce the risk of overfitting, effectively respond to test data, and make prediction results more reliable. In practical applications, Random Forest demonstrates the excellent performance of ensemble algorithms. The priority prediction analysis based on random forest algorithm mainly consists of three stages: first, the number of repetitions is determined through OOB errors and validation errors. Secondly, the number of random sampling variables (Numvars) is determined based on the number of repetitions determined by OOB errors and validation errors. Finally, the priority score of the predicted variables is obtained through a random forest prediction model.

The machine learning models used, including PCA, BP neural network, cluster analysis, and random forest, all have inherent limitations. For example, PCA has interpretability, but if there are small changes in the data, it becomes unstable, leading to inconsistent results. BP neural network requires large computing resources, and if the dataset is small, it is easy to match it. Random forests alleviate this problem to some extent, but in highly imbalanced datasets, certain health outcomes may be underestimated. In addition, although machine learning algorithms are good at identifying data patterns, they do not naturally explain causal relationships. This boundary means that you must carefully interpret the results and imply that the discovered correlation may not directly represent causal relationships.





4 Results


4.1 Principal component analysis results

After data standardization, we conducted KMO (Kaiser Meyer Olkin) and Bartlett tests on 108,669 samples using SPSS software. This test is to confirm the suitability of the principal component analysis data for the 12 indicators used to establish an identity recognition index system (Table 1).



TABLE 1 KMO and Bartlett’s test.
[image: Table1]

The test results show that the statistical value of KMO data is 0.688. In addition, the Kelvin squared value of Bartlett’s spherical calibration exceeds the critical value, with an attention level (Sig.) of 0.000, which is 0.05 lower than the traditional critical value. This indicates that it can refute the regression theory that the correlation matrix is not an identity matrix, and the data is suitable for analyzing factors. Therefore, these data are considered suitable for conducting principal component analysis.

The focus of subsequent analysis is the ratio of raw information captured by each major component. The first 12 main components with intrinsic values greater than 1 account for 73.641% of the original information. Based on past experience in analyzing the main components of health questionnaires, this ratio can fully reflect the information of all indicators. The three main components extracted can be divided into health factors, socio-economic factors, and demographic factors. These three main components integrate various aspects of the fitness condition of the floating population. The corresponding relationships between the main components and corresponding levels are detailed in Table 2.



TABLE 2 Weight of each principal component of health condition.
[image: Table2]

When constructing the identity recognition index, it is necessary to assign weight values to the three main components in order to comprehensively integrate the health status indicators of the floating population. The weight values of each major component are based on the ratio of dispersed contribution to cumulative dispersed contribution. By calculating the specific weight values of these 12 constituent elements (see Table 3), this study integrated the health status indicators of the floating population. The technical statistical data of the composite variables are shown in Table 3.



TABLE 3 Variable description statistics.
[image: Table3]

The above table displays descriptive statistical data for the variables considered in principal component analysis. The mean and standard deviation of each variable reflect significant differences between factors such as health and income, which is crucial for understanding the health status of the floating population. For example, the average value of the “health” variable is 2.0439, the standard deviation is 0.9050, the minimum value is 1.000, and the maximum value is 3.000, which reflects significant differences in the health status of respondents in different populations. Similarly, the average value of the “income” variable is 3.2651, with a standard deviation of 0.9369, a minimum value of 1.0000, and a maximum value of 5.0000, indicating significant differences in the income levels of the floating population. In addition, in terms of health insurance, the average value is 1.6412 and the standard deviation is 0.3812, reflecting the differences in the coverage of health insurance for the floating population. This indicates that a large portion of the floating population does not have medical insurance, which may have adverse effects on their health. In addition, the average education level is 3.6505 with a standard deviation of 2.2864, which also reflects significant differences in the education level of the floating population, which may affect their ability to access knowledge and healthcare services (41).

This range of numbers and significant variability represent the diversity of population characteristics captured by the data. This makes principal component analysis particularly suitable as it can identify the factors that have the greatest impact on the health status of the floating population. By analyzing these variables, it is possible to determine which factors have the greatest impact on the health of the floating population, thereby providing a solid foundation for targeted intervention measures and policies for the health situation of the floating population (42). In short, the statistical description of these variables provides rich information, which helps us better understand and analyze the health status and influencing factors of the floating population, and provides scientific basis for relevant departments or policy makers to implement effective intervention measures, thereby improving the health status of China’s floating population.



4.2 BP neural network analysis results

A neural network is a topology structure consisting of three layers: input layer, hidden layer, and output layer, where each circle represents a neuron. Information flows from the input layer to the hidden layer, and then to the output layer. This study divides the collected floating population samples into a test set and a training set, and predicts the health status of the floating population through BP neural network.

After multiple experiments, a three-layer BP neural network with multiple inputs and a single output function was ultimately selected as the national unemployment risk warning model for the floating population. The model consists of 12 input layer neurons, 2 hidden layer neurons, and 1 output layer neuron, as shown in Figure 2. In order to avoid the impact of manual sample selection on the training results, a random sampling method was used to optimize the training results. The final model selected 7 samples as training samples and 2 samples as testing samples. In the test set, the relative error of the model was 3.6%, demonstrating the high accuracy of the simulation results. Meanwhile, synaptic weights are key components in neural networks, representing the strength of connections between neurons. By adjusting these weights, neural networks can learn and adapt to changes in the external environment. In the above figure, synapses with weights greater than 0 are marked in gray, while those with weights greater than 0 are marked in blue.

[image: Figure 2]

FIGURE 2
 Health model of floating population based on BP neural network.


The effectiveness of neural network models in predicting the health status of mobile populations can be visualized through the calculation points in Figure 3. The displayed calculation chart shows the relationship between the fitness values of the floating population and the actual fitness values, using a neural network model. Each point in the chart represents an individual’s health prediction, the horizontal axis represents the actual health value, and the vertical axis represents the predicted health value.

[image: Figure 3]

FIGURE 3
 Scatter plot for health prediction of mobile population.


From the Figure 3, it can be observed that there is a positive correlation between predicted values and actual health values. As the actual health value increases, the predicted value also tends to increase. This indicates that the neural network model can predict health status well, with most points concentrated on the diagonal. The model can accurately capture the potential relationship between health influencing factors and health outcomes. The distribution of these points indicates that the model’s predictions are very close to the actual values, which further supports the high average accuracy and low mean squared error in the research report.

In the prediction of the fitness condition of the floating population, in order to further verify the correctness of the neural network model, the relationship between the predicted values and the actual residuals was described. Figure 4 shows the relationship between predicted health values and actual residuals for each respondent. By analyzing the residual distribution, the predictive performance and error characteristics of the model can be evaluated.

[image: Figure 4]

FIGURE 4
 Scatter residual map of health prediction of floating population.


The residual chart shown in Figure 4 illustrates the difference between the predicted health values (x-axis) and the actual residuals (y-axis) of the respondents in the neural network model. Each point represents the respondent, and the margin is calculated based on the difference between the observed and predicted values. The horizontal line represents the perfect accuracy of the prediction. The dense residuals around this line mean that the neural network model has high prediction accuracy and minimizes the deviation between predicted values and actual health outcomes. This further confirms the reliability of the model’s health status prediction.

In order to evaluate the influence of various factors on the fitness status of the floating population, a neural network model was adopted. This model evaluates the importance of various predictive factors in various regression models (linear, logical, square, logarithmic) and the importance of normalization. The results are as follows:

The results in Table 4 emphasize the varying degrees of importance of different independent variables in predicting the health outcomes of the floating population, which are determined by their standardized significance values. The most influential factor is health insurance, with a standardized significance of 70.0%. This indicates that medical insurance plays a crucial role in predicting health outcomes, emphasizing the importance of obtaining medical insurance in maintaining and improving the health of migrant populations. Health education (68.8%) and health records (64.1%) also play an important role, indicating that a better understanding of healthcare knowledge among migrant populations can encourage them to make healthier choices and seek necessary medical measures. Comprehensive and accessible records of their health status will have a significant impact on the health of migrant populations, improving their own health conditions. Interestingly, among the predictive factors, gender (18.1%) has the lowest importance, while other factors have a greater direct impact on health status. Among other variables, such as education level (43.2%), registered residence (51.5%), reasons for migration (60.2%) and marital status (42.2%), although they have different degrees of prediction and impact on the health of migrant population, they also play a certain role. Because the level of education often affects the various channels and willingness of migrant populations to obtain health knowledge and information. At the same time, registered residence will also have a certain impact on the access to regional health resources. The reasons for migration may have different impacts on health due to different employment or educational opportunities. In addition, the marital status of the floating population also has a certain impact on the social support system and mental health.



TABLE 4 Importance of independent variables.
[image: Table4]

Overall, the above analysis emphasizes the multifaceted factors that affect the health of migrant populations, which can help policy makers implement targeted interventions and policies, guiding decision-makers to focus on improving the most important areas of health outcomes.

Due to the cyclical changes in economic development affecting every determining factor, the model is adjusted based on the economic cycle reflecting existing data. As seen in Equations (14–17).

The linear prediction model is as follows:

[image: image]

The logarithmic curve prediction model is as follows:
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The logistic curve prediction model is as follows:
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The power function prediction model is as follows:

[image: image]

Using survey data, we predicted the determinants of health status for the migrant population. The prediction results are denoted as yi, representing the predicted value of the i determinant (specific prediction results are omitted due to space constraints). Subsequently, based on the actual values xi and the predicted values yi of each determinant, we calculated the accuracy and the mean square error (formulas provided below). As seen in Equation (18).

[image: image]

The average accuracy was 97.8%, with a maximum value of 100% and a minimum value of 96.5%. The mean square error was 0.0018%, indicating that the prediction results were highly accurate.



4.3 Cluster analysis results

In the context of predicting the health status of pure mobile populations, cluster analysis can provide deep insights into the relationship between independent variables and clustering. By identifying clusters of variables with similar characteristics, we can better understand the potential patterns and correlations that affect health outcomes. Here is a cluster analysis of the variables used in neural network models, determining grouping methods, and explaining their impact on health status prediction.

Figure 5 is a cluster hierarchical diagram showing the relationships and intrinsic similarities between different variables that affect the health status of the migrant population. This image shows two main clusters with a degree of difference of approximately 20, which is a key issue in the analysis. Cluster 1: Group variables such as health (1), health insurance (2), gender (9), age (19), etc. together. Cluster 2: Form clear groups with different variables such as education level (3), marriage (4), occupation (7), and income (14). In each major cluster, further segmentation represents more specific variable grouping. Subgroup 1.1: Includes variables related to direct health indicators, such as health (1) and health insurance (2). Subgroup 1.2: Contains demographic variables such as gender (9) and age (19). Subgroup 2.1: Includes variables related to socio-economic factors, such as education level (3) and income (14). Subgroup 2.2: Includes variables related to social status and employment, such as marriage (4) and occupation (7). The height of variable connections indicates their level of non-similarity. Lower connection points indicate higher similarity between variables. At a higher level of non-similarity, the segmentation of the first major cluster shows that the variables in each major cluster are more similar than those in other clusters.

[image: Figure 5]

FIGURE 5
 Average link (intergroup) pedigree chart.


Through hierarchical cluster analysis, the tree chart shows that the variables that affect the fitness condition of the floating population are mainly divided into two categories: health and demographic factors. Further subdivisions within each main cluster represent more specific sets of variables. Cluster 1 (Health and Demographic Factors): This cluster contains direct health indicators and demographic variables, indicating a close correlation between health status and basic demographic factors. Cluster 2 (Socio economic factors): This cluster contains socio-economic variables such as education, income, marital status, and employment, which have a significant impact on health outcomes. By identifying these clusters, we can better understand the multifaceted nature of health determinants for mobile populations. These insights have played an important role in targeted interventions and policy development to improve the health status of these populations.

In summary, the hierarchical clustering analysis indicates that the variables affecting the health status of the floating population can be roughly divided into demographic factors related to health and socio-economic factors. This detailed understanding helps to develop more evidence-based and effective interventions and policies to promote the health and well-being of migrant populations (43). When addressing the health issues of the floating population, stakeholders can focus on each of the most important determining factors and develop more targeted strategies to comprehensively improve the health status of China’s floating population.



4.4 Random forest model results

According to the principle of the random forest algorithm mentioned above, due to a sufficiently large number of repetitions, it is possible to converge the out of bag error and validation error. Therefore, when adjusting the number of random sampling variables, it can be confirmed that these errors are not caused by the number of repetitions but by the variables. In fact, in the training set containing 85,219 samples, the number of repetitions gradually increased from 100, and Figure 4 shows the relationship between the number of repetitions and the out of bag error and validation error. As shown in Figure 4, as the number of repetitions increases, the out of bag error gradually stabilizes, and the validation error shows a decreasing trend. Finally, when the number of repetitions reaches 500, the error of the random forest model on the reproductive behavior of the local population tends to stabilize. At this point, the out of bag error is maintained at around 38%, and the validation error is maintained at around 46%. Therefore, in the random forest model, selecting 500 integers as factors affecting local population reproductive behavior can achieve better predictive performance.

Therefore, for the mobile population, the seed count is set to 100,000, including a training set of 23,450 samples, gradually increasing the number of repetitions starting from 100. As shown in Figure 5, as the number of repetitions increases, the out of bag error and validation error will gradually stabilize. When the number of repetitions reaches 500, the out of bag error is maintained at around 32%, and the validation error is maintained at around 61%. Therefore, by fixing the number of repetitions to 500, the stability and reliability of the prediction results can be ensured, and better predictive performance can be achieved.

Based on the above research, the number of repetitions and the number of random sampling variables of the random forest prediction model were determined. After setting up the prediction model based on this, the ranking and comparison results of the influencing factors of mobile phones and regional population health status are detailed in Table 5.



TABLE 5 Comparison of the priority ranking of factors affecting the health status of floating population and local population.
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Table 5 shows a comparison of the priorities of the migrant population and factors affecting the fitness condition of the local population. For the floating population, health insurance, health education and income are the top three factors. This indicates that access to health services and health information is often hindered, and therefore health services and health-related knowledge are very important for migrant populations (44). Income also plays an important role because it affects your ability to pay for medical care and maintain a healthy lifestyle.

In contrast, for the regional population, health records, health insurance and jobs are the three most important factors (45). This shows that maintaining comprehensive health records and health insurance is very important for the health management of the regional population. In addition, the stability of employment and working conditions also have a strong impact on their health. Health records are the most important factor in the regional population, emphasizing the importance of continuous health monitoring and regular health checkups. More accessible than the migrant population.

In summary, the comparison of priorities in Table 6 highlights the differences in determinants of health between the migrant and local populations. For both groups, health insurance and health education are important, but of different relative importance. The analysis emphasizes the need to develop health policies and interventions tailored to the specific needs of each group. For the migrant population, improving access to health insurance and education is important, and for the local population, maintaining a comprehensive health record and stable employment is key (46).



TABLE 6 Comparison of the priority ranking of factors affecting the health status of floating population and local population in subregions.
[image: Table6]

The priority of elements affecting the well-being status of floating population and local population in this study is to further study the health status of floating population and local population in eastern, central and western cities of each region of the sample, and the priority order of influencing factors is analyzed. To investigate the factors influencing fertility behavior of regional populations, we built a random list model containing 100,000 seeds and used a training set containing 23,852 population samples from eastern urban areas. Figure 5 shows the relationship between self-burden error, validation error, and number of repetitions of the population in the eastern urban area. As shown in Figure 5, when the number of repetitions reaches 500, the out-of-pocket error is about 0.43, and the verification error is 0.48, which is very stable. Therefore, the number of repeated times is fixed to 500, which can ensure the stability and reliability of the prediction results and improve the prediction performance. In the case of central cities, after setting up a random forest model with 100,000 seeds in order to determine the influencing factors on health status, the training set included 23,611 floating population samples and 25,396 regional population samples. When the number of repetitions reaches 500, the out-of-pocket error for the entire movement is about 0.13, the in-pocket error for the entire region is 0.44, and the verification error is 0.68 and 0.49, respectively. Therefore, the number of repeated times is fixed to 500, which can ensure the stability and reliability of the prediction results and improve the prediction performance. In the case of western cities, in order to determine the influencing factors of health status, a random forest model of 100,000 seeds was established, and the training set included 9,624 floating population samples and 12,813 regional population samples. When the number of repetitions reaches 500, the out-of-pocket error for the entire movement is about 0.37, the in-pocket error for the entire region is 0.41, and the validation error stabilizes at 0.56 and 0.46, respectively. Therefore, the number of repeated times is fixed to 500, which can ensure the stability and reliability of the prediction results and improve the prediction performance.

Table 6 shows the priorities affecting the health status of urban migrants and regional populations in the east, central and west. The analysis highlights regional differences and commonalities in the determinants of health across regional population groups.

In eastern cities, the main factors determining the fitness of the migrant population are revenue and medical insurance, which reflects the central role of medical care in stabilizing the economy and maintaining health. For the regional population, health insurance and income are the most important factors, illustrating the similarity of the two health needs in the region. But work and health education is more important for the migrant population (47), which reflects the importance of employment and health awareness for more migrant groups. The impact of education level and age on the local population is even more pronounced, highlighting the impact of educational outcomes and age-related health problems. In central cities, medical insurance and income are again the main factors for migrants, which is consistent with the pattern in eastern cities. But health education and jobs are also high on the list, highlighting the need for health literacy and jobs. For the local population, income and health insurance are equally important, but education level and employment are the most important factors, reflecting the impact of financial, education and employment factors on health (48). Factors related to mobility, such as the cause and extent of mobility, are relatively important for both populations, indicating the impact of mobility on the health of central cities. In Western cities, migrants prioritize income, health insurance, and work, highlighting the fundamental role of economic and employment factors in health outcomes. Health insurance and income remain important to the regional population, but health records and mobility have also become central factors reflecting the importance of troop and regional mobility. The level of education and health education is necessary for the mobile population, and the regional population is based on the stability and multiple health effects of the life stage, emphasizing the importance of age and marriage (16).

According to the analysis, income and health insurance are consistently the main factors for both migrant and local populations in all regions, highlighting the universal importance of financial security and health care. But the importance of factors such as jobs, health education, and mobility varies by region and demographic group. For example, working in eastern and central cities is more important for migrants, while range of movement is more important for regional populations in western cities. In addition, unique factors such as mobile population and age have different importance in different regions, indicating that populations in different geographic areas face different challenges and health determinants (49). Overall, the analysis in Table 6 reveals commonalities and regional variability in elements influencing the fitness status of floating and local populations. These perspectives can be used as a reference to develop health policies and interventions tailored to the specific requirements and circumstances of different regions, which can ultimately improve health outcomes for all population groups.




5 Discussion

BP neural network is a widely used model in machine learning to analyze the fitness affecting elements of floating population. The model, which is based on multiple input variables such as income, education level, work environment and access to health care, shows high accuracy in predicting health outcomes. The BP neural network identified income and education level as the most important predictors of health status, which is consistent with existing literature emphasizing the importance of socioeconomic factors. The nonlinear nature of BP neural networks can capture complex interactions between variables, providing detailed insights into how different factors work together to affect health.

Cluster analysis can group the floating population according to the similarity of health characteristics and influencing factors. The analysis reveals different clusters, each with its own characteristics. For example, one group consists primarily of young, low-income individuals with limited access to medical services and poor health. Another group includes the steadily employed middle-aged, who enjoy better health although they have access to appropriate medical services. This fragmentation highlights heterogeneity within migrant populations, suggesting that health interventions should address the unique needs of different sub algae rather than one size fits all.

Due to its stability and ability to handle large datasets and high-level data, the random forest model is used to rank various health impact factors. The model classifies health insurance, health education and income as the top 3 factors affecting the well-being condition of the floating population. Fitness insurance was identified as the most critical factor, and the importance of increasing the migrant population’s access to medical services was highlighted. Health education has also been identified as a core element that can substantially improve health outcomes if health-related information and education are provided. The importance of income validates the BP neural network findings, underscoring the role of economic stability in health.

Compare the results of BP neural networks, cluster analysis, and random cell models to reveal commonalities and unique insights between them. All three methods emphasize the importance of income in determining socioeconomic factors, particularly health status. But random list models uniquely emphasize the central role of health insurance and health education, and BP neural networks provide a detailed understanding of the interactions of complex variables. The Group’s analysis presents multiple characteristics of the migrant population and highlights the need for targeted interventions.

These findings have important practical implications for policy makers and medical providers to improve the health status of migrant populations. First, the findings highlight the importance of strengthening health education programs. By investing in comprehensive health education, policymakers can equip migrant populations with the knowledge and technology necessary to take healthier actions and make informed health decisions (50). Secondly, it is important to promote access to fitness insurance and medical services. Policy makers should strive to reduce barriers to access to medical services, so that the migrant population can have timely and adequate access to medical services. Healthcare providers can use this information to develop interventions to address the specific health needs of migrant populations, such as mobile clinics or telemedicine services. By integrating these strategies, policymakers and healthcare providers can create more supportive environments for migrants to achieve better health outcomes (51).

The findings of this study make a significant contribution to the broad theoretical framework of factors determining the health of migrant populations. Traditional theories, such as the Social Determinants of Health (SDH) framework, emphasize the importance of socioeconomic, environmental, and behavioral factors in health outcomes. Our findings are consistent with these theories, suggesting that factors such as employment status, housing conditions, and access to medical services are key determinants of the health of China’s migrant population (52). In addition, the application of machine learning algorithms can identify and analyze complex non-linear relationships between these determinants and health outcomes, leading to a more detailed understanding of how these factors interact. As such, this study combines advanced analytical methods, provides hidden models, extends the SDH framework, and provides empirical evidence to guide public intervention. Placing our findings in this established theoretical context, we highlight the relevance and applicability of our research to national and international health policy discussions.

All in all, the factors affecting the health of floating population can be fully understood by using BP neural network, cluster analysis and random sampling model. The consistency of this approach strengthens the evidence base for prioritizing health insurance, education, and socio-economic assistance, and points the way for policy interventions. Future research is needed to continue to refine these models and explore other factors to develop more targeted and effective health strategies for migrant populations.



6 Conclusion

In summary, the study uses advanced machine learning techniques to analyze the health elements of the migrant and local populations and determine priorities. Using random lists, BP neural networks, and cluster analysis, we developed a comprehensive understanding of the unique and common health influences of these individuals. Based on stability and interpretability, random forest models effectively deal with the complexity and variability of health data, providing reliable predictions and valuable variable importance levels. Although BP neural networks are computationally demanding and so can be suitable, they have shown a strong ability in modeling nonlinear relationships in data, cluster analysis is meaningful, and identifying subgroups and differences in our understanding of people’s health patterns helps to strengthen.

The findings highlight the importance of elements such as health-insurance, health education, and income for migrants, with health records, employment, and mobility required for regional populations (53). These results highlight the need to tailor health policies and interventions to the specific needs of each group.

The results of this study have important practical implications for designing targeted interventions to improve the fitness status of the migrant population. Grounded on BP neural network, cluster analysis and random sampling model, one of the main applications is to establish a comprehensive health insurance plan for the floating population (54). Policy makers can expand access to health care and work to provide migrants with access to quality health care that is affordable anywhere. In this way, portable medical insurance plans that are not linked to a specific region can be developed, solving the liquidity problem faced by the group (55). In addition, governments and non-governmental organizations can work together to provide subsidies or financial incentives to encourage migrants to participate in these health insurance programs.

Another important application of this research is the implementation of health education and promotion programs for the floating population. The study highlights the importance of health education in improving health outcomes. Therefore, targeted health education programs can be designed to address the specific needs and challenges of the migrant population. These projects could focus on preventive care, healthy lifestyle choices and raising awareness about the effective use of available health services. Mobile health groups and digital health platforms can be used to engage with mobile users and access relevant health information in a timely manner. In addition, community health initiatives supported by local governments and NGOs can provide ongoing support and resources for migrants to foster healthier, more informed communities (56). By incorporating these applications into the framework of health policies, great progress can be made in improving the overall health status of the migrant population.

In order to emphasize the practical significance of our findings, this study analyzed the successful intervention cases in depth. For example, Wang et al. (57) found that targeted health education programs greatly improved health literacy and outcomes among immigrant populations. Similarly, research by Li et al. has shown that the implementation of mobile clinics can improve health status by increasing access to essential health services in underserved communities. These examples highlight the effectiveness of our recommendations in practical applications and provide specific guidance for policymakers and staff. By integrating these proven strategies, our research provides actionable insights for improving public health services and health education for immigrant populations, and ultimately promoting better health outcomes.
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