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Abstract
Background  While healthy lifestyles mitigate the risk of multimorbidity (≥ 2 chronic diseases), their temporal 
dynamics in aging populations, particularly in low- and middle-income countries undergoing rapid demographic 
structure transition, remain understudied.

Methods  Using longitudinal data (2014–2020) from 6,852 Chinese adults (aged ≥ 45 years) in the China Family Panel 
Studies, we used the subgroup analysis to investigate high risk groups in the chronic diseases status, employed 
alluvial diagrams to visualize diseases status transition and random intercept cross-lagged panel model to quantify 
the lagged effect between healthy lifestyles (sleep, physical exercise, smoking, drinking) and chronic diseases status 
(without diseases, single, multimorbidity).

Results  Compared to male, urban and middle-aged individuals, female, rural and older adults demonstrated more 
severe chronic diseases status (P < 0.05). The proportion of people with multimorbidity increased over time, from 9.2% 
in 2014 to 29.1% in 2020. A total of 37.8% of participants experienced diseases status transition, and more than half 
of whom progressed to multimorbidity. Disease trajectories disproportionately progressed toward multimorbidity. 
The direction and size of the cross-lagged effects are dynamic. Healthier lifestyles predicted reduced disease severity 
from 2014 to 2018 (β1=-0.106, P1 < 0.001; β2=-0.111, P2 < 0.001), but this protective effect reversed post-2018, with 
multimorbidity predicting lower probability of choosing healthy lifestyles (β3=-0.160, P3 < 0.001).

Conclusions  Our study demonstrates dynamic cross-lagged effect exists between healthy lifestyles and chronic 
diseases status in middle-aged and older Chinese. Disease trajectories and lifestyle-disease interplay reveal critical 
time-sensitive windows for intervention. Early-stage lifestyle promotion could delay progression, whereas later-stage 
disease management requires system-level strategies addressing urban-rural healthcare disparities and self-efficacy 
barriers. These findings directly inform China’s Healthy Aging 2030 priorities.
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Background
Chronic diseases, characterized by insidious onset, a 
prolonged course, and complex interactions, remain the 
main cause of global morbidity and mortality and pose 
a significant threat to public health worldwide [1–3]. 
In China, the prevalence of chronic diseases and mul-
timorbidity (≥ 2 chronic diseases) among middle-aged 
and older people (aged ≥ 45 years) are 44.4% and 30.4%, 
respectively [4]. These conditions disproportionately 
affect middle-aged and older adults, who are particularly 
susceptible to developing multimorbidity. Multimorbid-
ity often leads to functional decline, decreased quality of 
life, and increased healthcare utilization and costs [5–7]. 
Moreover, China’s rapid aging population (projected 
to exceed 30% aged ≥ 60 by 2035) [8] and pronounced 
urban-rural healthcare disparities exacerbate vulner-
ability to multimorbidity, underscoring the urgency of 
region-specific interventions [9]. Therefore, initiatives 
such as the “Healthy China Action Plan 2019–2030” and 
the “Healthy China 2030 Initiative” emphasize the pro-
active health concept of “individuals have the primary 
responsibility for their own health” to advocate choosing 
healthy lifestyles, improving the effectiveness of chronic 
diseases health management, and achieving the United 
Nations Sustainable Development Goals and the Healthy 
China 2030 objectives [10]. The proactive adoption of 
healthy lifestyles, including moderate physical exercise, 
smoking cessation, alcohol restriction, adequate sleep, 
and balanced nutrition, has been shown to delay the 
onset and progression of chronic diseases effectively [5, 
11–13]. Furthermore, studies highlight the synergistic 
benefits of adhering to multiple healthy lifestyles. Greater 
adherence to healthy lifestyles is associated with reduced 
chronic diseases incidence and extended life expectancy 
[14].

Motivated by global health priorities and the esca-
lating burden of chronic diseases, extant literature has 
made substantial contributions to understanding life-
style-disease associations among middle-aged and older 
adults [15–17]. However, some critical gaps should 
be addressed. First, prior studies have inadequately 
addressed the longitudinal trajectories of diseases sta-
tus transition, most of which have focused on systematic 
classification and influencing factors of chronic diseases 
or multimorbidity patterns [7]. Second, cross-sectional 
designs and conventional models limit causal inferences 
regarding the longitudinal evolution relationship [12]. 
Although recent studies highlight the need for dynamic 
modeling to capture disease progression, relevant 
research is still rare [18]. Third, many studies pay more 
attention to the one-way or static correlation between 
healthy lifestyles and chronic diseases, while the research 
on the combination of dynamic trajectories and cross-
lagged effects is still lacking [15, 19, 20]. Finally, existing 

evidence predominantly originates from high-income 
Western countries [21–23]with limited representation 
from low- and middle-income countries (LMICs) such as 
China [24–26].

To address these gaps, we used four-phase longitudinal 
survey data from the China Family Panel Studies (CFPS) 
from 2014 to 2020. First, we utilized alluvial plots to visu-
alize the dynamic transition of chronic diseases status 
across waves. Second, we implemented the random inter-
cept cross-lagged panel model (RI-CLPM) to disentangle 
between-person heterogeneity from within-person tem-
poral dynamics, estimate cross-lagged effects (healthy 
lifestyles→future chronic diseases status, and vice versa), 
and reduce estimation biases stemming from unmea-
sured confounders. Meanwhile, the model disentangles 
bidirectional dynamic pathways—such as “healthy life-
styles →chronic diseases status” and “chronic diseases 
status→ healthy lifestyles” —thereby enabling a more 
flexible analysis of the dynamic, reciprocal relationship 
between healthy lifestyles and chronic diseases status. 
Our findings not only offer evidence for the onset and 
progression of chronic diseases but also highlight the sig-
nificance of understanding disease status transition and 
the evolutionary relationship between healthy lifestyles 
and disease status. Additionally, we further underscore 
the unique contributions of this research in China and 
discuss how to promote the concept of “proactive health” 
to effectively address the challenges of population aging 
effectively.

Methods
Study population
We analyzed data from the CFPS four-phase tracking 
dataset (2014–2020). Individuals who were lost to fol-
low-up, aged < 45 years, and lacking demographic infor-
mation, lifestyle behavior, and chronic diseases status 
were excluded (see supplementary material Figure S1). 
Ultimately, 6,852 middle-aged and older Chinese were 
included in the study, and all the data formed panel data. 
The demographic information was determined by self-
reported in 2014. Healthy lifestyles and chronic diseases 
status were used for repeated measurements and updated 
on a biennial basis.

Key measures
The dependent variable was the individual’s chronic 
diseases status (CDs). In accordance with the defini-
tions of chronic diseases set forth by the World Health 
Organization (WHO) and China’s Medium and Long-
term Plan for the Prevention and Treatment of Chronic 
Diseases (2017–2025), this study selected eight prior-
ity chronic diseases, namely, diabetes, cerebrovascular 
disease, chronic obstructive disease, hypertension, can-
cer, chronic nephritis and nephropathy, and depression 
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[27, 28]. According to the number of chronic diseases, 
the subjects included in the analysis were classified into 
three subgroups: multimorbidity (≥ 2 chronic diseases 
mentioned above), only one chronic disease, and with-
out chronic diseases. 3 point represents multimorbidity, 
2 points indicate only one chronic disease, and 1 points 
represent without chronic diseases.

The independent variable was healthy lifestyles (HL), 
which included four key lifestyles: sleep time, weekly 
physical exercise frequency, smoking, and drinking. 
These domains are used to comprehensively evaluate the 
healthy behavior status of middle-aged and older adults 
[29, 30]. On the one hand, research has shown that sleep 
onset after 23:00 has a detrimental effect on the health of 
the heart and other vital organs in middle-aged and older 
people [31]. On the other hand, due to objective reasons, 
CFPS lacks other indicators to evaluate sleep time (such 
as duration of overall sleep or nap), so the sleep score was 
simplified as follows: sleep onset after 23:00 (0 point), 
before and 23:00 (1 point).

According to the WHO “Guideline on Physical Activ-
ity and Sedentary Behavior”, which recommends that 
adults (≥ 18 years old) perform 150 min (≥ 5 times a week, 
≥ 30 min each time) of moderate-intensity aerobic activ-
ity per week to reduce the risk of chronic diseases [32]. 
The threshold is consistent with China’s health guidelines 
(e.g., the national fitness guidelines, the hypertension/
diabetes chronic disease exercise guidelines, and weight 
management guidelines) [33–35]. Thus, the options for 
weekly average physical exercise frequency (see sup-
plementary material Table S1) were classified to three 
groups: never or rarely a week, 1–4 times a week, and 5 
times a week and above. After that, we standardized the 

scores (range:0–1) to ensure that the four key domains 
had the same weight in healthy lifestyles. Smoking 
and drinking were assigned with 0 representing yes, 
and 1 representing no. The total HL score (range:0–4) 
was derived by summing standardized scores for sleep 
(range:0–1), the physical exercise score (range:0–1), 
the smoking score (range:0–1), and the drinking score 
(range:0–1).

Covariates
Combined with previous research results, gender, age, 
marital status, urban/rural, education level, and occu-
pation type have an impact on the independent vari-
ables and dependent variables determined in our study 
[14, 23, 29, 36]. Therefore, we selected the covariates as 
gender, age, marital status, urban/rural, education level, 
and occupation type. The coding of all variables can be 
seen in the supplementary material Table S2. At the same 
time, given that the impact of these variables on the evo-
lution of multimorbidity is a long dynamic process [36]
we used the data from the 2014 baseline survey.

The RI-CLPM
The specific RI-CLPM is illustrated in Fig.  1, which 
does not present the path of each covariates [37]. 
W1 ~ W4 represent the four phases of 2014–2020, with 
an interval of 2 years. The HL-W1 ~ HL-W4 and CDs-
W1 ~ CDs-W4 variables represented the measurement 
values of healthy lifestyles scores and chronic diseases 
status scores, respectively. The HL between-person and 
CDs between-person variables represent the trait bias 
of healthy lifestyles and chronic diseases status among 
the subjects, respectively. The HL within-person and 

Fig. 1  The random intercept cross-lagged panel model of healthy lifestyles and chronic diseases status
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CDs within-person variables represented the distance 
between the expected value and the healthy lifestyle and 
chronic diseases status at each time point. The expression 
of the RI-CLPM is as follows:

	 HLiw = µw + ωi + piw� (1)

	 CDsiw = πw + θi + qiw� (2)

	 piw = αwpi,w−1 + βwqi,w−1 + uiw� (3)

	 qiw = δwqi,w−1 + γwpi,w−1 + viw� (4)

In formula (1) and (2), HLiwand CDsiw represent the 
measured values of HL and CDs for individual i at period 
w, respectively. αw and πw represent the mean values 
of HL and CDs at period w. ωi and θi are the trait bias 
latent variables of individual i from the mean values of 
HL and CDs, the magnitude of which does not vary over 
time. piw and qiw are the deviations of HL and CDs 
for individual i from their expected values µw + ωi and 
πw+θi at period w, representing the intra-individual 
deviations of HL and CDs at each time point.

In formula (3) and (4), αw and δw are the autoregres-
sive path coefficients of individual i at period w. These 
coefficients indicate the degree to which the variable 
value at period w-1 influences the variable value at period 
w. Additionally, they elucidate the practical significance 
of lagged transition in the effect. βw and γw represent 
the cross-lagged path coefficients between the variables 
HL and CDs of individual i at period w, which are used 
to identify correlation and direction. γw represents the 
influence of HL at w-1 on CDs at w, after controlling for 
the autoregressive effect of CDs at w-1. The same logic 
applies to βw . Finally, based on the Stable Unit Treatment 
Value Assumption, we test whether βw and γw are statis-
tically significant and compare them to explore the tim-
ing relationship and strength between variables HL and 
CDs. uiw and viw are residuals.

Sensitivity analyses
The COVID-19 pandemic in 2020 changed the lifestyles 
of the population and disrupted the order of medical ser-
vices. We conducted sensitivity analyses to assess poten-
tial confounding during the final wave of data collection 
(2020) [38–43]. First, we reran the RI-CLPM model only 
using data from 2014 to 2018 to examine whether the 
lagged effects persisted. Second, we introduced an addi-
tional covariate in the full model to capture pandemic-
specific impacts: the lockdown index, which indicates 
the severity of the lockdown in the area where the par-
ticipants live (from the Oxford COVID-19 Government 
Response Tracker, OxCGRT) [44]. We select the Strin-
gencyIndex of China in 2020 from the OxCGRT, and 

calculate the mean by fitting the StringencyIndex curve. 
The mean was used as the value of the lockdown index in 
each province. Model fit indices, such as the comparative 
fit index (CFI), Tucker-Lewis index (TLI) and root mean 
square error of approximation (RMSEA), were compared 
to evaluate robustness.

Using a four-phase follow-up sample may introduce 
non-random missing data. To address this, we applied 
inverse probability weighting (IPW) to re-weight baseline 
data and mitigate survivorship bias caused by attrition 
due to mortality and other reasons. Firstly, we estimated 
individual attrition probabilities using a logistic regres-
sion model, with covariates, health lifestyles, and num-
ber of chronic diseases. Secondly, the IPW weights 
were incorporated into analysis to reassess associations 
between health lifestyles and chronic diseases status.

Statistical analysis
Analyses were conducted using Stata 17.0 (Stata Corp., 
College Station, TX, USA), SPSS 25.0 (SPSS Inc., Chicago, 
IL, USA), Origin 2024 (OriginLab Corp., Northamp-
ton, MA, USA) and Mplus 8.3 (Muth´en & Muth´en, 
1998–2017). The first step involved screening, cleaning 
the data of CFPS from 2014 to 2020, and encoding the 
variables. In the second step, we calculated the mean 
and standard deviation of the variables, examined the 
chronic diseases status subgroup analysis by covariates, 
used the Herman single-factor test to analyze the com-
mon method bias (the systematic errors caused by using 
a single data source or measurement method), and used 
the Spearman correlation test to analyze the correlation 
between healthy lifestyles scores and chronic diseases 
status scores. In the third step, we utilized an alluvial plot 
to demonstrate the trajectory of diseases status transi-
tion and RI-CLPM to explore the dynamic lagged effect 
between healthy lifestyles and chronic diseases status of 
middle-aged and older adults. Finally, we conducted sen-
sitivity analyses to assess potential confounding from the 
COVID-19 pandemic during the final wave of data (2020) 
and using IPW to reduce the survivors bias. The level of 
significance was set at α = 0.05.

Results
Baseline characteristics
A total of 6,852 participants were included in the study. 
Baseline characteristics from 2014 survey indicated that 
82.4% of participants reported sleeping before 23:00 
(including 23:00), and 34.2% engaged in regular physical 
exercise per week. The prevalence of non-smokers and 
non-drinkers in the past month was 68.3% and 81.8%, 
respectively. Among participants, 76.2% had no chronic 
diseases, 14.6% had one chronic disease, and 9.2% had 
multimorbidity. Demographically, 64.7% were aged 
45–59 years old, 50.0% were female, 91.6% were married, 
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and 55.6% resided in rural areas. Additionally, 34.0% 
were illiterate/semi-illiterate, and 37.9% were farmers 
(Table 1).

We also examined the chronic diseases status between 
2014 and 2020 in subgroups analysis by gender, age, mar-
ital status, urban/rural, education level and occupation 
type. The results showed that there were differences in 
gender, urban/rural and age (all P < 0.05). Compared to 
male, urban and middle-aged individuals, female, rural 
and older adults demonstrated more severe chronic dis-
eases status.

Common method bias
The Herman single-factor test revealed that the total 
number of factors with eigenvalues greater than 1 in 
the four phases (2014–2020) was 2, and the variation 

explained by the largest factor were 38.3%, which was less 
than the critical standard of 50% [45, 46]. It indicated no 
clear common method deviation in the four phases of 
measurement and can construct a RI-CLPM for analysis.

Descriptive statistics and correlations
Descriptive statistics were conducted to assess sample 
characteristics and preliminary relationships between 
variables. The dependent variable has a skewed distribu-
tion, so we used the Spearman correlation test to analyze 
the correlations among variables. Means, standard devia-
tions, and correlations for variables (i.e., healthy lifestyles 
and chronic diseases status) at each phase were esti-
mated and are represented in Table  2. Spearman corre-
lation analysis indicated consistent negative associations 
between healthy lifestyles and chronic diseases status 

Table 1  Baseline characteristics of participants in 2014 (n = 6,852)
Variable Type Frequency(n) Percent(%)
Independent Variable
  Sleep time After 23:00 1,209 17.6

23:00 and before 5,643 82.4
  Physical exercise frequency never or rarely 4,506 65.8

1–4 times a week 524 7.6
5 times a week or more 1,822 26.6

  Smoking last month Yes 2,174 31.7
No 4,678 68.3

  Drinking last month Yes 1,247 18.2
No 5,605 81.8

Dependent Variable
  Chronic diseases status multimorbidity 631 9.2

only one chronic disease 1,001 14.6
without chronic diseases 5,220 76.2

Covariates
  Gender male 3,428 50.0

female 3,424 50.0
  Age(years) 45∼59 4,434 64.7

60∼74 2,303 33.6
≥ 75 115 1.7

  Marital Status married 6,281 91.7
not married 571 8.3

  Urban/Rural rural 3,810 55.6
urban 3,042 44.4

  Education level illiterate/semi-illiterate 2,331 34.0
primary school 1,541 22.5
junior high school 1,830 26.7
high school/technical school/vocational high school 899 13.1
junior college/undergraduate and above 251 3.7

  Occupation type farmers 2,595 37.9
employees of enterprise and institutions 473 6.9
employees of enterprises or flexible employees 1,110 16.2
retirees 1,819 26.5
unemployed 782 11.4
social work professionals 52 0.7
other unknown professionals 21 0.3
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across all waves (all P < 0.01), and higher HL scores were 
correlated with milder chronic diseases status (fewer 
chronic diseases), indicating high stability between the 
variables and aligning with the prerequisites for cross-
lagged analysis.

Chronic diseases status transition
Figure 2 illustrates the disease status transition between 
disease status (without chronic diseases, only one 
chronic disease, multimorbidity) across the four waves, 
and the lengths of the alluvial plot correspond to the 

percentage and number of participants. From 2014 to 
2020, the proportion of middle-aged and older Chinese 
without chronic diseases declined from 76.2 to 46.8%, 
while those with only one chronic disease and multi-
morbidity increased from 14.6 to 24.1% and from 9.2 to 
29.1%, respectively (see supplementary material Table 
S3). A total of 2589 (37.8% of the cohort) experienced a 
change of chronic diseases status. Among participants 
whose diseases status changed, 1,228 changed from 
without chronic diseases to only one chronic disease, 
and 1,361 changed from only one chronic disease to 

Table 2  Descriptive statistics and correlations between healthy lifestyles scores and chronic diseases status scores
HL-W1 HL-W2 HL-W3 HL-W4 CDs-W1 CDs-W2 CDs-W3 CDs-W4

HL-W1a 1.000
HL-W2 0.651** 1.000
HL-W3 0.616** 0.653** 1.000
HL-W4 0.602** 0.392** 0.634** 1.000
CDs-W1b -0.110** -0.114** -0.102** -0.093** 1.000
CDs-W2 -0.080** -0.110** -0.108** -0.071** 0.289** 1.000
CDs-W3 -0.067** -0.118** -0.131** -0.091** 0.255** 0.307** 1.000
CDs-W4 -0.072** -0.072** -0.092** -0.071** 0.222** 0.280** 0.324** 1.000
M(SD)c 2.85(0.86) 2.93(0.85) 2.98(0.84) 3.37(0.77) 1.32(0.64) 1.35(0.67) 1.38(0.70) 1.52(0.88)
Note: aHL-W1: Healthy lifestyles scores at Wave 1 (2014), higher scores indicated healthier lifestyles, other similarly
bCDs-W1: Chronic diseases status scores at Wave 1 (2014), higher scores indicated severe disease status (greater chronic disease burden), other similarly
cMean and standard deviation of healthy lifestyles scores and chronic diseases status scores in each period
** represents a P-value < 0.01

Fig. 2  Alluvial plot of the chronic diseases status transition among the middle-aged and older Chinese from 2014–2020 (the shadow part shows the flow 
of disease status in each wave)
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multimorbidity, exceeding transition to single-disease 
status. Aging and the presence or severity of chronic dis-
eases were associated with a higher probability of tran-
sitioning to multimorbidity. Specifically, in cases where 
an individual is afflicted with a chronic disease or has 
severe disease status, the complex biological interac-
tion between aging and diseases is likely to become 
more pronounced over time, thereby inducing the onset 
of other chronic diseases and increasing the risk of 
multimorbidity.

Cross-lagged effect
We constructed a RI-CLPM to investigate the associa-
tions between healthy lifestyles scores and chronic dis-
eases status scores from 2014 to 2020 (W1-W4) and 
demonstrated acceptable fit (CFI = 0.930, TLI = 0.968, 
RMSEA = 0.04). Figure  3 demonstrates the path stan-
dardized coefficients and the RI-CLPM simplification 
diagram. Significant cross-lagged effects from healthy 
lifestyles to chronic diseases status were observed in the 
W1→W2 and W2→W3 period (β1=-0.106, P1 < 0.001; 
β2=-0.111, P2 < 0.001), which means that individuals with 
healthier lifestyles (relative to an individual’s own mean) 
were likely to experience less chronic disease burden in 
the first three waves (see supplementary material Table 
S4). These findings indicate that healthy lifestyles in the 
present period, have a positive effect on diseases sta-
tus in the next period, such as reducing the occurrence 
and deterioration of chronic diseases, and temporar-
ily delaying the transition of diseases status. Conversely, 

a reverse effect emerged in the W3→W4 period (β3=-
0.160, P3 < 0.001), which means that individuals with 
more severe disease status were less likely to choose 
healthy lifestyles in the fourth wave. It indicated that the 
risk of transforming multimorbidity and the exacerbation 
of chronic diseases gradually increase over time, and the 
positive impact of healthy lifestyles is counterbalanced by 
the negative effect of severe disease status. Middle-aged 
and older adults with current multimorbidity or severe 
diseases status were less likely to maintain healthy life-
styles, thus they had lower healthy lifestyles scores in 
the subsequent period. It also showed that the impact 
between healthy lifestyles and chronic diseases varies in 
intensity over time, and the protective effect of healthy 
lifestyles on health outcomes is more effective in the early 
stages, while chronic diseases weaken the ability of peo-
ple to adopt healthy lifestyles in the long term.

Sensitivity analysis results
In the 2014–2018 subset analyses the protective and 
lagged effects of HL→CDs persisted (β4=-0.515, β5=-
0.257, all P < 0.001), while the negative effect of CDs→HL 
was non-significant (β6=-0.011, β7=-0.561, all P > 0.05; 
CFI = 0.984, TLI = 0.956, RMSEA = 0.03). Furthermore, 
the inclusion of the lockdown index as a covariate in the 
full model exhibited that the positive effect of HL→CDs 
was still significant from 2014 to 2018 (β8=-0.024, β9=-
0.058, all P < 0.001), and it was still an effect reversal of 
CDs→HL from 2018 to 2020 (β10=-0.011, P10 < 0.001; 
CFI = 0.930, TLI = 0.906, RMSEA = 0.03), indicating 

Fig. 3  The standardized coefficients of the cross-lagged effect and path simplification diagram of healthy lifestyles and chronic diseases status (the 
number on the arrow were the cross-lagged effect coefficients, and the red line indicates that the path was significant)
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robustness to pandemic-related confounding. Mean-
while, using inverse probability weighting to re-adjust the 
weight and conduct RI-CLPM analysis also did not alter 
the direction of effects, and none of the result changed 
significance (see supplementary material Table S4).

Discussion
While previous investigations have examined associa-
tions between healthy lifestyles and chronic diseases, 
some limitations persist in current evidence. Prior stud-
ies employing cross-sectional designs or static models 
have inadequately captured the temporal reciprocity 
and developmental trajectories inherent in lifestyle-
disease interactions, particularly regarding multimor-
bidity progression in aging populations [12, 15, 19, 20]. 
The RI-CLPM can disentangle within-person dynamics 
from between-person heterogeneity, better capture the 
evolution relationship between variables, and gradu-
ally applied to the field of public health [48–50]. It offers 
novel insights into how lifestyles and chronic diseases 
progression reciprocally influence each other over time, 
a dimension underexplored in prior studies. Our study 
innovatively addresses these gaps by implementing RI-
CLPM to analyze longitudinal data from middle-aged 
and older Chinese, systematically examining dynamic 
relationships between healthy lifestyles and multimor-
bidity in 2014–2020. This methodological advancement 
enables precise estimation of cross-lagged effects-quan-
tifying the association between healthy lifestyles and dis-
eases status-while controlling for stable interindividual 
differences.

Existing epidemiological evidence has demonstrated 
that adopting healthy lifestyles, such as regular physi-
cal exercise, smoking cessation, alcohol moderation, 
and adequate sleep, can significantly delay the progres-
sion of chronic diseases and improve health outcomes in 
middle-aged and older adults [14, 51]. Our findings align 
with these established insights, besides extend them by 
revealing a critical dynamic transition in diseases tra-
jectories and lifestyle interactions among aging popula-
tions. By capturing dynamic shifts in effect directionality 
and magnitude across waves, we observed a pronounced 
transition toward multimorbidity, with its prevalence 
soaring from 9.2% (2014) to 29.1% (2020). Notably, 19.9% 
(n = 1,361) of the 6,852 participants transitioned toward 
multimorbidity during 2014–2020, slightly exceeding the 
17.9% (n = 1,228) who shifted to single chronic disease. 
This tendency underscores the growing complexity of 
health challenges in aging cohorts. Additionally, our anal-
ysis uncovered a striking reversal in the protective role of 
healthy lifestyles post-2018. Initially, healthier lifestyles 
delayed diseases progression, however, as time elapsed 
and the aggravation of chronic diseases status, the pro-
tective effect of healthy lifestyles was gradually offset and 

reversed in 2018. The more severe diseases status (e.g., 
multimorbidity), the lower healthy lifestyles scores and 
less likely to choose health behavior, suggesting a feed-
back loop of the low holding rate of health lifestyles and 
worsening chronic disease burden. This reversal coin-
cides with China’s accelerated aging process and persis-
tent urban-rural healthcare disparities, which amplify 
biological and psychological declines through synergis-
tic pathways. Our results resonate with global trends of 
rising multimorbidity in aging populations and highlight 
time-sensitive intervention windows critical to China’s 
Healthy Aging 2030 agenda. Specifically, we empha-
size the need for context-specific strategies to enhance 
midlife lifestyle interventions, as these may mitigate 
chronic diseases incidence and extend healthy longev-
ity—while addressing the shifting dynamics of lifestyle-
disease interactions observed in later phases of aging.

Biological and psychosocial pathways of Multimorbidity 
progression
The accelerated transition to multimorbidity and the 
reversal of cross-lagged effect in later stages align with 
global evidence on synergistic biological-psychological 
cascades [52]. For instance, Barnett et al.(2012) dem-
onstrated that chronic diseases such as hypertension or 
diabetes, trigger systemic inflammation and metabolic 
dysregulation, fostering physiological vulnerabilities for 
secondary diseases through shared pathways like oxi-
dative stress, mitochondrial dysfunction, and insulin 
resistance—a mechanism corroborated in our cohort [6]. 
Some studies highlight the role of epigenetic aging and 
cellular senescence in accelerating these processes, par-
ticularly in populations with prolonged exposure to life-
style-related risk factors [53–56]. For instance, elevated 
DNA methylation age (DNAmAge) has been linked to 
faster progression from single chronic diseases to mul-
timorbidity, underscoring the interplay between bio-
logical aging and behavioral factors [57]. Concurrently, 
disease-related functional limitations and psychologi-
cal burden (e.g., depression, anxiety, and cognitive load 
from complex self-care regimens) erode self-efficacy for 
maintaining healthy behaviors [58]. This phenomenon is 
amplified by China’s sociocultural context, where famil-
ial caregiving roles often prioritize collective well-being 
over individual health autonomy [58, 59]. Aging individu-
als who internalize perceptions of being a “burden” may 
experience diminished motivation for proactive health 
management, perpetuating a self-reinforcing cycle of dis-
ease progression and behavioral inertia. These dynam-
ics are in line with Bandura’s self-efficacy theory [60, 
61]wherein diminished belief in personal capabilities 
predicts reduced health behavior adherence to health-
promoting behaviors. Notably, some studies revealed 
that low self-efficacy mediates the association between 
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multimorbidity and poor lifestyle adherence, and indi-
rectly affected health adherence through social support 
[62, 63]. To address these pathways, interventions must 
integrate biological and psychosocial strategies. For 
example, anti-inflammatory diets (e.g., Mediterranean or 
Dietary approaches to stop hypertension diets) combined 
with mindfulness-based stress reduction (MBSR) pro-
grams could simultaneously mitigate metabolic dysreg-
ulation and enhance self-efficacy. We could adapt these 
models to China’s context—for instance, incorporating 
traditional Chinese medicine (TCM) dietary principles or 
Tai Chi-based mindfulness—could enhance cultural scal-
ability and promote health adherence.

Time-sensitive intervention windows
The result of subgroup analysis demonstrated that the 
priority groups of chronic disease health intervention 
were women, rural areas and the older. And the rever-
sal of cross-lagged effects post-2018 underscores tem-
porally distinct critical phases for intervention, offering 
novel insights into the interplay between aging, lifestyles 
and chronic diseases. The protective effects of healthy 
lifestyles from 2014 to 2018 indicate a “time-sensitive 
window” for early intervention phase, during which 
group-based lifestyle coaching could capitalize on neuro-
plasticity and behavioral habit formation. Neuroimaging 
studies suggest that middle-aged adults retain signifi-
cant capacity for habit formation via prefrontal cortex 
engagement, whereas older adults increasingly rely on 
basal ganglia circuits associated with entrenched behav-
iors [64–66]. Thus, early interventions targeting women, 
rural areas and the middle-aged, could leverage this neu-
roplasticity through structured programs like the WHO 
“Integrated Care for Older People” (ICOPE), adapted to 
emphasize lifestyle modification [67]. Conversely, the 
attenuated effect observed in 2018–2020 reflects accu-
mulated biological damage and psychological fatigue, 
necessitating tertiary interventions that integrate clinical 
care with behavioral economics principles. For instance, 
“commitment contracts” offering incremental rewards 
(e.g., subsidized health insurance premiums for meeting 
exercise goals) may counteract present bias—a tendency 
to prioritize immediate gratification over long-term ben-
efits—common in chronic diseases patients [68]. This 
approach harnesses Confucian familial values by involv-
ing family members as accountability partners, thereby 
aligning individual health goals with cultural norms of 
collective responsibility. Furthermore, digital health tech-
nologies offer untapped potential for sustaining behav-
ior change across these phases. Mobile health (mHealth) 
equipped with artificial intelligence(AI)-driven person-
alized feedback, such as real-time activity tracking or 
dietary logging, has become increasingly popular for 
the self-management of chronic diseases because of its 

high efficacy, accessibility, and cost-effectiveness and is 
defined by the WHO as the use of mobile and wireless 
devices to support healthcare management [69–72]. 
However, in China’s context, optimizing these tools 
requires addressing digital literacy gaps, particularly the 
elderly population in rural areas. Simplified interfaces, 
voice-based interactions, and integration with ubiquitous 
platforms like WeChat Mini Programs could enhance 
accessibility. An intervention study utilizing WeChat 
Mini Programs for diabetes management revealed that 
the WeChat mini-program blood glucose management 
model can reduce two-hour postprandial glucose and 
improve the self-management ability, which verified the 
feasibility and effectiveness of the blood glucose manage-
ment model relying on the WeChat mini-program [73].

System-level strategies for china’s urban-rural divide
Our subgroup analysis found that the chronic diseases 
status of middle-aged and older Chinese was different 
between urban and rural areas (P < 0.05). The urban-rural 
disparity in lifestyle-disease dynamics demands struc-
tural reforms grounded in China’s unique epidemiologi-
cal transition. Rural residents face a “triple jeopardy”: 
limited healthcare access, low health literacy, and occu-
pational hazards tied to agriculture [74]. These inequi-
ties are compounded by regional variations in healthcare 
infrastructure—for example, rural clinics often lack 
capacity for multimorbidity management, relying on out-
dated protocols focused on single-disease treatment. To 
address these inequities, we propose a three-tiered inter-
vention model. First, village health workers could deliver 
simplified sleep hygiene and smoking cessation programs 
through culturally resonant mediums. For instance, 
dialect-specific videos or folk songs could disseminate 
messages about the dangers of late-night screen time 
or tobacco use. Second, township clinics might imple-
ment group medical visits combining traditional Chinese 
medicine modalities with chronic diseases management. 
Tai Chi sessions, for example, could serve dual purposes: 
promoting physical exercise and providing a platform for 
peer support and health education. Third, county hospi-
tals could establish telemedicine hubs for multimorbidity 
care, integrated with provincial specialist networks [60, 
75]. These hubs could utilize AI-powered diagnostic tools 
(e.g., retinal imaging for diabetic retinopathy screening) 
to bridge specialist shortages.

Policy integration and global implications
Our findings resonate with global trends but highlight 
context-specific nuances. The extant research demon-
strates that in some LMICs, the progression of multi-
morbidity is more complex, and the health literacy is 
inadequate and needs to be improved the self-man-
agement [7, 76–80]. Meanwhile, some high-income 
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countries with universal healthcare access report slower 
multimorbidity trajectories due to preventive screening 
programs, and early diseases detection, which mitigates 
diseases progression. For instance, the United Kingdom 
National Health Service (NHS) “Health Check” pro-
gram—a universal screening initiative for adults aged 
40–74—has reduced multimorbidity incidence through 
early detection and lifestyle counseling [77]. Therefore, 
China could adopt a phased approach, prioritizing high-
risk regions (e.g., provinces with aging indices or the 
prevalence of multimorbidity above the national aver-
age) for targeted intervention campaigns. However, our 
findings emphasize that effective management of aging-
related health challenges in LMICs like China requires a 
dual focus: biomedical interventions to address chronic 
diseases and structural reforms to tackle systemic barri-
ers (digital divides, urban-rural healthcare disparities). 
Direct replication in China is challenged by urban-rural 
disparities and workforce shortages. Therefore, China 
could adopt a phased approach, prioritizing high-risk 
regions (e.g., provinces with aging indices or the preva-
lence of multimorbidity above the national average) for 
targeted intervention campaigns.

China’s “Healthy China 2030” framework offers a stra-
tegic opportunity that bridges top-down policy direc-
tives with community-level innovation. For example, the 
government could launch the “National Demonstration 
Zones for Healthy Aging” initiative, and operationalize 
this vision by designating select community health ser-
vice centers as a testing ground for the three-tiered inter-
vention model proposed above. Such zones would receive 
targeted funding and human resources to implement 
tailored strategies, such as promoting healthy lifestyles, 
enhancing early disease detection, and integrating mul-
tidisciplinary care for aging populations. This approach 
mirrors the success of Brazil’s Family Health Strategy but 
is adapted to address the unique challenges of aging soci-
eties, including multimorbidity and healthcare inequities. 
These zones could serve as a blueprint for LMICs where 
demographic aging outpaces healthcare moderniza-
tion, aligning with the WHO’s “Decade of Healthy Aging 
2021–2030” priorities.

Conclusion
Our findings underscore the dynamic cross-lagged effects 
between healthy lifestyles and multimorbidity progres-
sion among middle-aged and older Chinese, influenced 
by biological-psychological cascades, low self-efficacy, 
and urban-rural healthcare disparities. The increased 
risk of transitioning to multimorbidity and the potential 
reversal of the positive effects of healthy lifestyles high-
light the need for life-course interventions that adapt 
to the reciprocity between biological aging and health 
behaviors. We advocate the combination of dietary 

principles and exercise patterns for TCM, integrating 
behavioral economics into health incentives, leveraging 
digital health technology to drive health behavior, and 
the three-level intervention model to reduce urban-rural 
health inequities. By aligning individual-level motivation 
strategies with system-level resource redistribution, we 
hope to provide some references to firmly establish the 
proactive health concept of “being the first responsible 
person for health” and contribute to achieving healthy 
aging in China.

Limitations and strengths
Our article has some limitations. Firstly, the hours of 
spent in deep sleep, duration of overall sleep, or daytime 
tiredness are the factors influencing sleep quality and 
health outcomes [81]; however, the CFPS lacks relevant 
questions or replaceable indicators on these aspects, 
leading to an incomplete assessment of sleep time. Sec-
ondly, we restricted the sample to participants with com-
plete four-phase follow-up data. While we used IPW 
as a sensitivity analysis to mitigate potential bias from 
non-random missing data, this may limit the generaliza-
tion of our conclusions. Thirdly, the CFPS considers the 
“duration of each physical exercise ≥ 30 minutes” as an 
effective exercise to ensure comparability with interna-
tional benchmarks, but we couldn’t find the information 
on physical exercise type (e.g., running) or physiological 
metrics (e.g., heart rate) and couldn’t directly compute 
metabolic equivalent. Finally, regional economic dispari-
ties and geospatial healthcare accessibility metrics were 
not completely controlled in our analysis and should 
be considered in future studies. Meanwhile, we plan to 
include more accurate missing data processing research 
methods, explore the composite index of healthy life-
styles assessment, and strive to assess the association 
more comprehensively between healthy lifestyles and 
chronic diseases, and enhance the robustness and gener-
alization of the conclusions in the future studies.

This study also has some strengths. Firstly, it follows 
a nationally representative cohort study design and 
includes middle-aged and older people who are suscep-
tible to chronic diseases. This is among the first studies 
to investigate the dynamic trajectory of chronic diseases 
status transition and the cross-lagged effect between 
healthy lifestyles and multimorbidity. Secondly, we use 
the RI-CLPM approach to disentangle within-person 
dynamics from population heterogeneity, revealing tem-
poral nuances in lifestyle-disease interplay that are often 
obscured by traditional models. Finally, as the first lon-
gitudinal analysis of multimorbidity transition and cross-
lagged effect in China’s aging population, this study 
provides empirical grounding for national policies, and 
also provides a reference for LMICs to cope with the sim-
ilar challenges.



Page 11 of 13Zhu et al. BMC Public Health         (2025) 25:2132 

Abbreviations
CFPS	� China Family Panel Studies
RI-CLPM	� Random intercept cross-lagged panel model
HL	� Healthy lifestyles
CDs	� Chronic diseases status
WHO	� World Health Organization
IPW	� Inverse Probability Weighting
TCM	� Traditional Chinese medicine
LMICs	� Low- and middle-income countries

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
g​/​​1​0​.​​1​1​8​6​​/​s​​1​2​8​8​9​-​0​2​5​-​2​3​3​9​7​-​6.

Supplementary Material 1: Fig. S1. Flowchart of this study population. 
Table S1. Comparison of physical exercise frequency items. Table S2. The 
description and assignment of variables. Table S3. Total number and 
percentages of chronic diseases status transition in 2014–2020 (n = 6,852). 
Table S4. Comparison of original results and incorporated inverse probabil-
ity weighted results between healthy lifestyles and chronic diseases status.

Author contributions
X. Z. designed the study, contributed to the literature search, conducted the 
analysis and wrote the manuscript; H. M. and H. Z. conducted data acquisition, 
cleaning and analysis; Y. Z. critically revised the manuscript; S. T. obtained 
project funding; J. X. designed the research, contributed to the literature 
search and obtained project funding. All authors contributed to result 
interpretation and critical revision of the manuscript. All authors read and 
approved the final manuscript.

Funding
This work was supported by the National Natural Science Foundation of 
China (grant number: 72474077); National Key Research and Development 
Program of China (grant number: 2022YFE0133000); Key project of liberal 
arts of Huazhong University of Science and Technology 2023 independent 
innovation foundation (grant number: 2023WKYXZD005); the 2024–2026 
discipline construction project of Huazhong University of Science and 
Technology (grant name: Dynamic monitoring and collaborative intervention 
of health services for multimorbidity supported by data intelligence 
technology).

Data availability
The data that support the findings of our study are available from China 
Family Panel Studies (CFPS) but restrictions apply to the availability of these 
data, which were used under license for the current study, and are not publicly 
available. Data are available from the corresponding author upon reasonable 
request, and with permission of CFPS, ​h​t​t​p​​:​/​/​​w​w​w​.​​i​s​​s​s​.​​p​k​u​​.​e​d​u​​.​c​​n​/​c​f​p​s or ​h​t​t​p​​
s​:​/​​/​o​p​e​​n​d​​a​t​a​​.​p​k​​u​.​e​d​​u​.​​c​n​/​d​a​t​a​v​e​r​s​e​/​C​F​P​S.

Declarations

Ethics approval and consent to participate
The China Family Panel Studies is a longitudinal survey implemented by the 
China Social Science Survey Center of Peking University. It was approved by 
the Ethical Review Committee of Peking University (IRB00001052-14010). All 
respondents have provided informed consent, and the study adhered to the 
principles of the Declaration of Helsinki.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 27 February 2025 / Accepted: 30 May 2025

References
1.	 Halpin HA, Morales-Suárez-Varela MM, Martin-Moreno JM. Chronic disease 

prevention and the new public health. Public Health Rev. 2010;32(1):120–54.
2.	 Zhou M, Wang H, Zeng X, Yin P, Zhu J, Chen W, et al. Mortality, morbidity, and 

risk factors in China and its provinces, 1990–2017: a systematic analysis for 
the global burden of disease study 2017. Lancet. 2019;394(10204):1145–58.

3.	 Zhao Y, Atun R, Oldenburg B, et al. Physical multimorbidity, health service use, 
and catastrophic health expenditure by socioeconomic groups in china: an 
analysis of Population-Based panel Data-All databases. Lancet Global Health. 
2020;8(6):e840–9.

4.	 Hu Y, Wang Z, He H, Pan L, Tu J, Shan G. Prevalence and patterns of multimor-
bidity in China during 2002-2022: A systematic review and meta-analysis. 
Ageing Research Reviews. 2024;93:102165–80.

5.	 The Academy of Medical Sciences. Multimorbidity: a priority for global health 
research. London: Academy Of Medical Sciences; 2018.

6.	 Barnett K, Mercer SW, Norbury M, Watt G, Wyke S, Guthrie B. Epidemiology 
of Multimorbidity and implications for health care, research, and medical 
education: a cross-sectional study. Lancet. 2012;380(9836):37–43.

7.	 Skou ST, Mair FS, Fortin M, et al. Multimorbidity Nat Rev Dis Primers. 
2022;8(1):48.

8.	 The State Council Information Office of China. China implements gradual 
retirement age increase to address population aging. ​h​t​t​p​​:​/​/​​e​n​g​l​​i​s​​h​.​s​​c​i​o​​.​g​o​v​​.​
c​​n​/​c​​h​i​n​​a​v​o​i​​c​e​​s​/​2​​0​2​5​​-​0​1​/​​0​2​​/​c​o​​n​t​e​​n​t​_​1​​1​7​​6​4​1​1​0​2​.​h​t​m​l. (17 January 2025, data 
last accessed).

9.	 Zhang X, Dupre ME, Qiu L, et al. Urban-rural differences in the association 
between access to healthcare and health outcomes among older adults in 
China. BMC Geriatr. 2017;17:151.

10.	 Xue L, Cai M, Liu Q, et al. Trends and regional variations in chronic diseases 
and their risk factors in china: an observational study based on National 
health service surveys. Int J Equity Health. 2023;22:120.

11.	 World Health Organization. Major NCDs and their risk factors. ​h​t​t​p​​s​:​/​​/​w​w​w​​.​w​​
h​o​.​​i​n​t​​/​n​c​d​​s​/​​i​n​t​r​o​d​u​c​t​i​o​n​/​e​n​/. (7 January 2025, data last accessed).

12.	 Steel N, Ford JA, Newton JN, et al. Changes in health in the countries of the 
UK and 150 english local authority areas 1990–2016: a systematic analysis for 
the global burden of disease study 2016. Lancet. 2018;392(10158):1647–61.

13.	 Pinto J, Bradbury K, Newell D, et al. Lifestyle and health behaviour change 
support in traditional acupuncture: a mixed method survey study of reported 
practice (UK). BMC Complement Med Ther. 2022;22(1):1–12.

14.	 Li Y, Schoufour J, Wang DD, Dhana K, Pan A, Liu X, et al. Healthy lifestyle and 
life expectancy free of cancer, cardiovascular disease, and type 2 diabetes: 
prospective cohort study. BMJ. 2020;368:l6669–79.

15.	 Ye X, Liang M, Chen Z, Jiang X, Xie M, Xie X, et al. Association between 
healthy lifestyle on life course and Multimorbidity in adults: results from two 
National prospective cohort studies. BMC Public Health. 2024;24(1):2942.

16.	 Zhong J, Chen L, Li C, Li J, Niu Y, Bai X, et al. Association of lifestyles and 
Multimorbidity with mortality among individuals aged 60 years or older: two 
prospective cohort studies. SSM Popul Health. 2024;26:101673.

17.	 Hu Y, Yang Y, Gao Y, et al. The impact of chronic diseases on the health-related 
quality of life of middle-aged and older adults: the role of physical activity 
and degree of digitization. BMC Public Health. 2024;24(1):2335.

18.	 LeMasters K, Renson A, Zalla L, Martin CL, Edwards JK. Understanding the 
accumulation of Health-Related inequities over the life course using the 
mean cumulative count. Am J Epidemiol. 2023;192(9):1425–31.

19.	 Li Q, Yang Z, Zhu M, et al. Prevalence and risk factors of osteoporotic fracture 
among the elderly population in china: a multicenter cross-sectional study. 
Int Orthop (SICOT). 2024;48(5):1323–30.

20.	 LV K, Liu Y, Zhang X, et al. Prevalence of chronic kidney disease in a 
City of Northwestern china: a cross-sectional study. Int Urol Nephrol. 
2023;55(8):2035–45.

21.	 Freisling H, Viallon V, Lennon H, et al. Lifestyle factors and risk of Multimorbid-
ity of cancer and cardiometabolic diseases: a multinational cohort study. 
BMC Med. 2020;18:5.

22.	 Nguyen H, Chua KC, Dregan A, et al. Factors associated with Multimorbidity 
patterns in older adults in england: findings from the english longitudinal 
study of aging (ELSA). J Aging Health. 2020;32(9):1120–32.

23.	 Wister A, Cosco T, Mitchell B, Fyffe I. Health behaviors and Multimorbidity 
resilience among older adults using the Canadian longitudinal study on 
aging. Int Psychogeriatr. 2020;32(1):119–33.

24.	 Dong, Zhao. Key roles of five lifestyle risk factors in the harmful transition 
from a healthy condition to Multimorbidity in the Chinese population. Eur 
Heart J. 2021;42(34):7.

https://doi.org/10.1186/s12889-025-23397-6
https://doi.org/10.1186/s12889-025-23397-6
http://www.isss.pku.edu.cn/cfps
https://opendata.pku.edu.cn/dataverse/CFPS
https://opendata.pku.edu.cn/dataverse/CFPS
http://english.scio.gov.cn/chinavoices/2025-01/02/content_117641102.html
http://english.scio.gov.cn/chinavoices/2025-01/02/content_117641102.html
https://www.who.int/ncds/introduction/en/
https://www.who.int/ncds/introduction/en/


Page 12 of 13Zhu et al. BMC Public Health         (2025) 25:2132 

25.	 Ni W, Yuan X, Zhang Y, et al. Sociodemographic and lifestyle determinants 
of Multimorbidity among community-dwelling older adults: findings from 
346,760 SHARE participants. BMC Geriatr. 2023;1:419.

26.	 Xing X, Yang X, Chen J, et al. Multimorbidity, healthy lifestyle, and the risk of 
cognitive impairment in Chinese older adults: a longitudinal cohort study. 
BMC Public Health. 2024;24:46.

27.	 Ho IS, Azcoaga-Lorenzo A, Akbari A, et al. Examining variation in the mea-
surement of Multimorbidity in research: a systematic review of 566 studies. 
Lancet Public Health. 2021;6(8):e587–97.

28.	 Lin YW, Hu YD, Guo JH, Chen MJ, Xu XY, Wen YY, et al. Association between 
sleep and Multimorbidity in Chinese elderly: results from the Chinese longi-
tudinal healthy longevity survey (CLHLS). Sleep Med. 2022;98:1–8.

29.	 Lim SS, Vos T,,Flaxman DA, et al. A comparative risk assessment of burden of 
disease and injury attributable to 67 risk factors and risk factor clusters in 21 
regions, 1990–2010: a systematic analysis for the global burden of disease 
study 2010. Lancet. 2013;380(9859):2224–60.

30.	 Hurst JR, Agarwal G, van Boven JFM, Daivadanam M, Gould GS, Huang 
EWC, et al. Critical review of Multimorbidity outcome measures suitable 
for low-income and middle-income country settings: perspectives from 
the global alliance for chronic diseases (GACD) researchers. BMJ Open. 
2020;10(9):e037079.

31.	 Li BJ, Fan YJ, Bz A, Zhao BB, Yang LH, Yang J, et al. Later bedtime is associated 
with angina pectoris in middle-aged and older adults: results from the sleep 
heart health study. Sleep Med. 2021;79:1–5.

32.	 World Health Organization. Guidelines on physical activity and sedentary 
behaviour. ​h​t​t​p​​s​:​/​​/​w​w​w​​.​w​​h​o​.​​i​n​t​​/​p​u​b​​l​i​​c​a​t​​i​o​n​​s​/​i​/​​i​t​​e​m​/​9​7​8​9​2​4​0​0​1​5​1​2​8. (7 April 
2025, data last accessed).

33.	 General Administration of Sport of China. China issues national fitness plan 
for 2021–2025. ​h​t​t​p​​:​/​/​​w​w​w​.​​c​h​​i​n​a​​.​o​r​​g​.​c​n​​/​c​​h​i​n​​a​/​2​​0​2​1​-​​0​8​​/​0​8​​/​c​o​​n​t​e​n​​t​_​​7​7​6​8​0​6​0​
0​.​h​t​m. (7 April 2025, data last accessed).

34.	 National Health Commission of the People’s Republic of China. Notice of the 
General Office of the National Health Commission of the People’s Republic 
of China on the issuance of nutrition and exercise guidelines for chronic 
diseases such as hypertension (2024 edition). ​h​t​t​p​​s​:​/​​/​w​w​w​​.​g​​o​v​.​​c​n​/​​z​h​e​n​​g​c​​e​/​z​​
h​e​n​​g​c​e​k​​u​/​​2​0​2​​4​0​7​​/​c​o​n​​t​e​​n​t​_​6​9​6​0​4​7​5​.​h​t​m. (7 April 2025, data last accessed).

35.	 National Health Commission of the People’s Republic of China. Notice of the 
General Office of the National Health Commission on Issuing the Guiding 
Principles for Weight Management. (2024 Edition).​h​t​t​p​​:​/​/​​w​w​w​.​​n​h​​c​.​g​​o​v​.​​c​n​/​y​​l​y​​
j​s​/​​s​3​5​​7​3​d​/​​2​0​​2​4​1​​2​/​4​​c​f​1​9​​0​5​​d​3​2​​3​0​4​​c​1​5​a​​c​3​​b​c​4​4​4​6​d​d​b​8​3​f​1​.​s​h​t​m​l. (7 April 2025, 
data last accessed).

36.	 Fisher K, Griffith LE, Gruneir A, Kanters D, Markle-Reid M, Ploeg J. Functional 
limitations in people with Multimorbidity and the association with mental 
health conditions: baseline data from the Canadian longitudinal study on 
aging (CLSA). PLoS ONE. 2021;16(8):e0255907.

37.	 Mulder JD, Hamaker EL. Three extensions of the random intercept 
Cross-Lagged panel model. Struct Equation Modeling: Multidisciplinary J. 
2020;28(4):638–48.

38.	 Constandt B, Thibaut E, De Bosscher V, Scheerder J, Ricour M, Willem A. Exer-
cising in times of lockdown: an analysis of the impact of COVID-19 on levels 
and patterns of exercise among adults in Belgium. Int J Environ Res Public 
Health. 2020;17(11):4144.

39.	 Faulkner J, O’Brien WJ, McGrane B, Wadsworth D, Batten J, Askew CD, et al. 
Physical activity, mental health and well-being of adults during initial COVID-
19 containment strategies: A multi-country cross-sectional analysis. J Sci Med 
Sport. 2021;24(4):320–6.

40.	 Sepúlveda-Loyola W, Rodríguez-Sánchez I, Pérez-Rodríguez P, Ganz F, Torralba 
R, Oliveira DV, et al. Impact of social isolation due to COVID-19 on health 
in older people: mental and physical effects and recommendations. J Nutr 
Health Aging. 2020;24(9):938–47.

41.	 Zheng Z, Peng F, Xu B, Zhao J, Liu H, Peng J, et al. Risk factors of critical & 
mortal COVID-19 cases: A systematic literature review and meta-analysis. J 
Infect. 2020;81(2):e16–25.

42.	 Hirko KA, Kerver JM, Ford S, Szafranski C, Beckett J, Kitchen C, et al. Telehealth 
in response to the COVID-19 pandemic: implications for rural health dispari-
ties. J Am Med Inf Assoc. 2020;27(11):1816–8.

43.	 Karaye IM, Horney JA. The impact of social vulnerability on COVID-19 
in the U.S.: an analysis of spatially varying relationships. Am J Prev Med. 
2020;59(3):317–25.

44.	 Hale T, Angrist N, Goldszmidt R, et al. A global panel database of pandemic 
policies (Oxford COVID-19 government response Tracker). Nat Hum Behav. 
2021;5:529–38.

45.	 Podsakoff PM, Organ DM. Self-reports in organizational research: problems 
and prospects. J Manag. 1986;12(4):531–44.

46.	 Podsakoff PM, MacKenzie SB, Lee JY, Podsakoff NP. Common method biases 
in behavioral research: a critical review of the literature and recommended 
remedies. J Appl Psychol. 2003;88(5):879–903.

47.	 Falkenström F, Solomonov N, Rubel JA. How to model and interpret cross-
lagged effects in psychotherapy mechanisms of change research: A com-
parison of multilevel and structural equation models. J Consult Clin Psychol. 
2022;90(5):446–58.

48.	 Griffin SC, Ravyts SG, Bourchtein E, Ulmer CS, Leggett MK, Dzierzewski JM, et 
al. Sleep disturbance and pain in U.S. Adults over 50: evidence for reciprocal, 
longitudinal effects. Sleep Med. 2021;86:32–9.

49.	 Keessen P, Kan KJ, Ter Riet G, Visser B, Jørstad HT, Latour CHM, et al. The 
longitudinal relationship between fear of movement and physical activ-
ity after cardiac hospitalization: A cross lagged panel model. PLoS ONE. 
2024;19(4):e0297672.

50.	 Sun Q, Yu D, Fan J, Yu C, Guo Y, Pei P, et al. Healthy lifestyle and life expectancy 
at age 30 years in the Chinese population: an observational study. Lancet 
Public Health. 2022;7(12):e994–1004.

51.	 Zhang YX, Zhou L, Liu SY, Qiao YN, Wu Y, Ke CF, Shen YP. Prevalence, correlates 
and outcomes of Multimorbidity among the middle-aged and elderly: 
findings from the China health and retirement longitudinal study.archives of 
gerontology and geriatrics: an international journal integrating experimental. 
Clin Social Stud Ageing. 2020;90(1):1–6.

52.	 Chakravarti D, LaBella KA, DePinho RA. Telomeres: history, health, and hall-
marks of aging. Cell. 2021;184(2):306–22.

53.	 Keshavarz M, Xie K, Schaaf K, Bano D, Ehninger D. Targeting the hallmarks 
of aging to slow aging and treat age-related disease: fact or fiction? Mol 
Psychiatry. 2023;28(1):242–55.

54.	 Liu Y, Wang J, Huang Z, Liang J, Xia Q, Xia Q, Liu X. Environmental pollutants 
exposure: A potential contributor for aging and age-related diseases. Environ 
Toxicol Pharmacol. 2021;83:103575.

55.	 Nevalainen T, Kananen L, Marttila S, Jylhävä J, Mononen N, Kähönen M, Raita-
kari OT, Hervonen A, Jylhä M, Lehtimäki T, Hurme M. Obesity accelerates epi-
genetic aging in middle-aged but not in elderly individuals. Clin Epigenetics. 
2017;9:20.

56.	 Johnson AA, Akman K, Calimport SR, Wuttke D, Stolzing A, de Magalhães JP. 
The role of DNA methylation in aging, rejuvenation, and age-related disease. 
Rejuvenation Res. 2012;15(5):483–94.

57.	 Sakib MN, Shooshtari S, St JP, Menec V. The prevalence of Multimorbidity 
and associations with lifestyle factors among middle-aged canadians: an 
analysis of Canadian longitudinal study on aging data. BMC Public Health. 
2019;19(1):243.

58.	 Wu F. Intergenerational support and life satisfaction of older parents in china: 
A Rural–Urban divide. Soc Indic Res. 2022;160:1071–98.

59.	 Wu Y, Gong C, Pi L, Zheng M, Liu W, Wang Y. Interrelationships among 
individual factors, family factors, and quality of life in older Chinese adults: 
Cross-Sectional study using structural equation modeling. JMIR Aging. 
2024;7:e59818.

60.	 Burnier M. The role of adherence in patients with chronic diseases. Eur J 
Intern Med. 2024;119:1–5.

61.	 Bandura A. Self-efficacy: toward a unifying theory of behavioral change. 
Psychol Rev. 1977;84(2):191–215.

62.	 Chen J, Tian Y, Yin M, Lin W, Tuersun Y, Li L, Yang J, Wu F, Kan Y, Li X, Gan Y, Sun 
X, Wu Y, He F. Relationship between self-efficacy and adherence to self-man-
agement and medication among patients with chronic diseases in china: A 
multicentre cross-sectional study. J Psychosom Res. 2023;164:111105.

63.	 María José Martos-Méndez. Self-efficacy and adherence to treatment: 
the mediating effects of social support. J Behav Health Social Issues. 
2015;7(2):19–29.

64.	 Yin H, Knowlton B. The role of the basal ganglia in habit formation. Nat Rev 
Neurosci. 2006;7:464–76.

65.	 Chen X, Ai C, Liu Z, et al. Neuroimaging studies of resting-state functional 
magnetic resonance imaging in eating disorders. BMC Med Imaging. 
2024;24:265.

66.	 Wyatt Z. The neuroscience of habit formation. Neurol Neurosci. 2024;5(1):3.
67.	 Sum G, Lau LK, Jabbar KA, Lun P, George PP, Munro YL, Ding YY. The world 

health organization (WHO) integrated care for older people (ICOPE) frame-
work: A narrative review on its adoption worldwide and lessons learnt. Int J 
Environ Res Public Health. 2022;20(1):154.

https://www.who.int/publications/i/item/9789240015128
http://www.china.org.cn/china/2021-08/08/content_77680600.htm
http://www.china.org.cn/china/2021-08/08/content_77680600.htm
https://www.gov.cn/zhengce/zhengceku/202407/content_6960475.htm
https://www.gov.cn/zhengce/zhengceku/202407/content_6960475.htm
http://www.nhc.gov.cn/ylyjs/s3573d/202412/4cf1905d32304c15ac3bc4446ddb83f1.shtml
http://www.nhc.gov.cn/ylyjs/s3573d/202412/4cf1905d32304c15ac3bc4446ddb83f1.shtml


Page 13 of 13Zhu et al. BMC Public Health         (2025) 25:2132 

68.	 Zhou Y, Zhou Y, Li L, Jin L. How to encourage consumers’ ongoing participa-
tion in physical exercise via feedback: evidence from a longitudinal field 
experiment. China Econ Rev. 2024;88:102268.

69.	 Blandford A, Wesson J, Amalberti R, AlHazme R, Allwihan R. Opportunities 
and challenges for telehealth within, and beyond, a pandemic. Lancet Glob 
Health. 2020;8(11):e1364–5.

70.	 Fan K, Zhao Y. Mobile health technology: a novel tool in chronic disease 
management. Intell Med. 2022;2(1):41–7.

71.	 Novara G, Checcucci E, Crestani A, et al. Telehealth in urology: A systematic 
review of the literature. How much can telemedicine be useful during and 
after the COVID-19 pandemic? Eur Urol. 2020;78(6):786–811.

72.	 World Health Organization. Atlas eHealth Country Profiles: Based on the Find-
ings of the Second Global Survey on Ehealth. ​h​t​t​p​s​:​​​/​​/​a​p​p​​s​​.​w​h​​​o​.​i​​​n​t​/​​i​r​​​i​s​/​​h​a​n​​​d​l​e​​
/​1​​0​​6​6​5​/​4​4​5​0​2. (7 April 2025, data last accessed).

73.	 Wang Q, Zhang K, Zhang X, Fu J, Liu F, Gao Y, Lin R. WeChat mini-program, 
a preliminary applied study of the gestational blood glucose management 
model for pregnant women with gestational diabetes mellitus. Diabetes Res 
Clin Pract. 2025;219:111943.

74.	 Ma X, Fan W, Zhang X, et al. The urban-rural disparities and factors associated 
with the utilization of public health services among diabetes patients in 
China. BMC Public Health. 2023;23:2290.

75.	 Tan XQ. The role of healthy lifestyles in preventing chronic disease among 
adults. Am J Med Sci. 2022;364(3):309–15.

76.	 Tan MMC, Barbosa MG, Pinho PJMR, Assefa E, Keinert AÁM, Hanlon C, et al. 
Determinants of Multimorbidity in low- and middle-income countries: A 

systematic review of longitudinal studies and discovery of evidence gaps. 
Obes Rev. 2024;25(2):e13661.

77.	 McCracken C, Raisi-Estabragh Z, Szabo L, Robson J, Raman B, Topiwala A, et al. 
NHS health check attendance is associated with reduced multiorgan disease 
risk: a matched cohort study in the UK biobank. BMC Med. 2024;22(1):1.

78.	 Berner K, Tawa N, Louw Q. Multimorbidity patterns and function among 
adults in low- and middle-income countries: a scoping review protocol. Syst 
Rev. 2022;11(1):139.

79.	 Zhang X, Padhi A, Wei T, Xiong S, Yu J, Ye P, et al. Community prevalence 
and dyad disease pattern of Multimorbidity in China and india: a systematic 
review. BMJ Glob Health. 2022;7(9):e008880.

80.	 Zhang X, Liu T, Li Z, Yang J, Hou H, Hao T, et al. Using primary and routinely 
collected data to determine prevalence and patterns of Multimorbidity in 
rural china: a representative cross-sectional study of 6474 Chinese adults. 
Lancet Reg Health West Pac. 2024;54:101272.

81.	 Krause AJ, Vallat R, Simon EB, Walker MP. Sleep loss influences the intercon-
nected brain-body regulation of cardiovascular function in humans. Psycho-
som Med. 2023;85:34–41.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://apps.who.int/iris/handle/10665/44502
https://apps.who.int/iris/handle/10665/44502

	﻿Dynamic cross-lagged effects between healthy lifestyles and multimorbidity among middle-aged and older adults in China
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Study population
	﻿Key measures
	﻿Covariates
	﻿The RI-CLPM
	﻿Sensitivity analyses
	﻿Statistical analysis

	﻿Results
	﻿Baseline characteristics
	﻿Common method bias
	﻿Descriptive statistics and correlations
	﻿Chronic diseases status transition
	﻿Cross-lagged effect
	﻿Sensitivity analysis results

	﻿Discussion
	﻿Biological and psychosocial pathways of Multimorbidity progression
	﻿Time-sensitive intervention windows
	﻿System-level strategies for china’s urban-rural divide
	﻿Policy integration and global implications

	﻿Conclusion
	﻿Limitations and strengths

	﻿References


