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Abstract 

Background: Multimorbidity imposes a substantial burden on older populations, yet re-
search neglects how physical activity (PA) relates to severe disease burden in established 
cases. Moreover, the efficacy of combining low-cost PA assessments with routine indica-
tors to identify high-burden patients in resource-constrained settings remains unclear. 
This study explores associations between PA levels and severe multimorbidity (≥4 condi-
tions), evaluating PA’s utility for auxiliary status identification via interpretable machine 
learning. Methods: This cross-sectional study included the CHARLS 2018 sample (n = 
10,130) and a supplementary community sample (n = 315). Multivariable logistic regres-
sion evaluated associations between PA and severe multimorbidity. An XGBoost model 
assessed routine indicators’ classification performance, utilizing SHAP values to analyze 
feature contributions to the model. Results: PA was inversely associated with severe mul-
timorbidity specifically among those meeting the WHO criteria (MPA > 300 or VPA > 150 
min/week) for additional health benefits (OR = 0.80, 95% CI: 0.73–0.88, p < 0.001), especially 
in adults ≥60 years. Although models using solely routine indicators showed modest dis-
crimination (AUC = 0.673), SHAP analysis revealed PA as the foremost modifiable behav-
ioral feature in classification, with local patterns aligning closely with regression findings. 
Conclusions: Among middle-aged and older adults with multimorbidity, PA levels ex-
hibit significant categorical associations with severe multimorbidity. In community man-
agement, low-cost PA evaluation serves as an auxiliary indicator to preliminarily classify 
high-burden individuals. Given potential reverse causality, future longitudinal cohorts 
are required to clarify causal relationships, providing direct evidence for daily activity 
management. 

Keywords: physical activity; severe multimorbidity; middle-aged and older adults; 
CHARLS; machine learning; burden stratification 
 

1. Introduction 
As global population aging accelerates, the disease burden is shifting from single 

chronic conditions toward a multimorbidity pattern [1,2]. Multimorbidity, commonly de-
fined as the coexistence of two or more chronic diseases in an individual, is closely asso-
ciated with high healthcare utilization, disability, mortality, and significantly reduced 
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quality of life [3]. Data from the World Health Organization (WHO) indicate that, in a 
large systematic review of seven high-income countries, more than half of older adults 
were affected by multimorbidity, with prevalence rising sharply with age [4]. 

Against this backdrop, the population of middle-aged and older adults with multi-
morbidity is continuously expanding, and the number of coexisting chronic conditions 
per individual is steadily increasing [5]. While a simple disease count cannot fully capture 
the multidimensional clinical heterogeneity of multimorbidity, existing evidence suggests 
that the cumulative number of conditions is significantly associated with a heavier health 
burden. In particular, among older adults, using a cut-off of four or more chronic condi-
tions more effectively identifies those with a high disease burden [6]. Therefore, based on 
this cut-off, exploring factors associated with the characteristics of high-burden popula-
tions is of great significance for improving primary public health prevention and control 
strategies. 

Physical activity (PA) is a key modifiable behavior in chronic disease management 
for middle-aged and older adults. Regular PA enhances cardiorespiratory fitness, meta-
bolic status, and muscle strength, and is associated with a lower multimorbidity burden 
[7–9]. However, previous studies have largely been confined to a single-disease preven-
tion perspective or have treated multimorbidity as a simple binary outcome (presence vs. 
absence), focusing more on primary prevention in the general population [10]. In fact, one 
of the challenges in primary care is the effective management of individuals who already 
have chronic conditions [11]. Analyzing healthy individuals, those with a single chronic 
disease, and those with multimorbidity together may mask characteristic differences 
within the high-burden subgroup of the multimorbidity population [12]. Therefore, this 
study explicitly focuses on middle-aged and older adults who have already been diag-
nosed with multimorbidity (≥2 conditions) and examines the association between differ-
ent PA levels and the state of severe multimorbidity (≥4 conditions). 

Elucidating this association would not only deepen our understanding of differences 
in the severity of multimorbidity, but also offer a potential entry point for identifying in-
dividuals with a high disease burden in primary care settings. Currently, community-
based health management often has access only to routine indicators such as demographic 
and lifestyle information and lacks in-depth clinical data, making it difficult to accurately 
identify individuals with severe multimorbidity [13]. Although low-cost PA assessment 
provides a simple tool for preliminary identification in primary care, given that the iden-
tification and management of multimorbidity are constrained by multidimensional fac-
tors, a single indicator is insufficient to serve this purpose independently [14,15]. There-
fore, objectively evaluating the combined classification performance of these routinely 
available indicators and clarifying the relative importance of PA within them could effec-
tively overcome clinical and resource barriers, which has practical significance for pri-
mary public health practice. 

To address these needs, machine learning offers a promising approach for handling 
complex health data. Compared with conventional statistical models, machine learning 
demonstrates marked advantages in capturing nonlinear relationships and higher-order 
interaction effects [16]. In particular, explainable machine learning can enhance the inter-
pretability of results without compromising model discrimination. Previous studies have 
already demonstrated its potential for identifying key associated factors in exercise reha-
bilitation and functional assessment [17,18]. 

Accordingly, the primary objective of this study is to examine the association be-
tween PA levels and severe multimorbidity (≥4 conditions) among middle-aged and older 
adults with multimorbidity (≥2 conditions). The secondary objective is to evaluate the fea-
sibility of developing a machine learning-based auxiliary identification model for severe 
multimorbidity using routinely available community indicators, with a specific focus on 
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analyzing the feature contribution of PA in this identification process. The findings are 
expected to provide evidence for burden stratification, individualized physical activity 
regimens, and the optimization of primary health management strategies for populations 
with severe multimorbidity. 

2. Materials and Methods 
2.1. Data Source 

This cross-sectional study utilized data from the 2018 China Health and Retirement 
Longitudinal Study (CHARLS), a nationally representative survey of Chinese residents 
aged 45 and older that employed a multi-stage stratified probability sampling design to 
collect multidimensional health and socioeconomic information. CHARLS has been 
widely utilized in health research among middle-aged and older adults [19]. To avoid 
selection bias, we retained the original CHARLS target population, restricting our primary 
sample to respondents aged ≥45 years. The CHARLS project was approved by the Bio-
medical Ethics Committee of Peking University (IRB00001052-11015), and all participants 
provided written informed consent. The data had been de-identified prior to public re-
lease, and our analyses followed the relevant data use agreements. 

To examine the applicability of the core association patterns in real-world community 
settings, we additionally drew on data from a questionnaire survey conducted in May 
2026 across eight communities in China. This survey adopted a community-based random 
sampling strategy. Given that adults aged ≥60 years represent the primary demographic 
for primary public health and chronic disease management, and considering daytime 
sampling constraints at community health centres (which largely precluded the recruit-
ment of employed individuals aged 45–59), this sample was restricted to older adults. Ac-
cordingly, the inclusion criteria for the community sample were: (1) age ≥ 60 years; (2) 
continuous local residence for at least 6 months; (3) normal cognitive function and no 
communication barriers; (4) voluntary participation with signed informed consent. Exclu-
sion criteria comprised severe physical illness, severe visual or hearing impairment, or the 
inability to cooperate with the questionnaire. All data were collected by standardized 
trained interviewers via face-to-face interviews, under strict quality control protocols 
throughout the process. After verification, the data were immediately de-identified and 
stored in encrypted form, accessible only to authorised researchers. The informed consent 
obtained from participants covered full authorisation for questionnaire participation, data 
de-identification, and subsequent secondary academic analyses. This community-based 
investigation was approved by the Academic Ethics Committee of Harbin Sport Univer-
sity (Approval No. 2026054). Data cleaning, variable construction, and statistical analyses 
in this study were performed using Stata 18.0 and Python 3.13 environments. 

2.2. Study Population 

From the 2018 CHARLS database, the initial sample comprised 19,816 respondents. 
A stepwise screening process was implemented according to the study objectives and pre-
defined criteria: we first excluded those aged <45 years (n = 274), then removed partici-
pants who did not meet the multimorbidity criterion (fewer than two chronic conditions, 
n = 8578), and finally excluded those with incomplete key covariate data (n = 834). This 
yielded a final primary analysis sample of 10,130 respondents aged ≥45 years with multi-
morbidity (Figure 1). 

For the community sample, 400 questionnaires were distributed, yielding 392 valid 
responses (response rate 98.0%). After further excluding those who did not meet the mul-
timorbidity criteria (n = 77), 315 older adults aged ≥60 years with multimorbidity were 
included. 
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Notably, the two datasets differ inherently in age structure, timing of data collection, 
dimensions of chronic disease measurement, and survey contexts; therefore, the commu-
nity sample is not an independently replicated cohort fully matched to CHARLS. Accord-
ingly, we explicitly designated CHARLS as the primary analysis dataset for conducting 
the core association analyses and machine learning modelling. The community data, in 
turn, serve as a supplementary sample, intended to examine whether the direction of as-
sociations and core patterns identified in the main dataset can be effectively observed in a 
real-world community-dwelling older population, rather than to directly compare preva-
lence rates or absolute magnitudes of effect estimates between the two samples. 

 

Figure 1. Flowchart of the Participant Selection Process. 

2.3. Variables 

2.3.1. Outcome Variable 

This study assessed 14 chronic conditions covered in the CHARLS database, includ-
ing hypertension, diabetes, malignant neoplasms, liver diseases, kidney diseases, stomach 
diseases, asthma, chronic lung diseases, heart disease, stroke, psychiatric disorders, ar-
thritis, dyslipidemia, and memory impairment. A count-based approach was used to 
grade the severity of multimorbidity. Following established criteria, we defined the pres-
ence of 2–3 chronic conditions as “common multimorbidity” and ≥4 conditions as “severe 
multimorbidity” [20,21]. 

Of note, although this grouping facilitates stable and reproducible stratification in 
large populations and helps identify individuals with a higher disease burden and a 
greater number of coexisting adverse health conditions, disease count alone cannot fully 
capture clinical severity, disease–disease interactions, frailty status, or functional impair-
ment [22,23]. Therefore, the term “severe multimorbidity” herein refers specifically to a 
state of high disease burden defined by a numeric threshold, rather than clinical severity 
per se. Detailed grouping criteria are provided in the supplementary material (Supple-
mentary Table S1). 
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For the community sample, to balance survey feasibility and cross-sample compara-
bility, we selected seven core chronic conditions that matched those in CHARLS (hyper-
tension, dyslipidemia, diabetes, heart disease, stroke, memory impairment, and psychiat-
ric disorders) and retained the cutoff of ≥4 conditions for defining severe multimorbidity. 

2.3.2. Exposure Variable 

Physical activity (PA) level was selected as the primary exposure variable. From the 
CHARLS dataset, we extracted categorical information on the frequency and duration per 
session of moderate-intensity (MPA) and vigorous-intensity (VPA) physical activity per 
week, and determined the PA level based on predefined rules. Given that the original 
CHARLS questionnaire collected PA duration in categorical intervals rather than exact 
continuous minutes, further calculating weekly equivalent total volume would require 
assigning representative values to each interval and making additional assumptions. 
Therefore, in the primary analysis, we did not directly use a continuous volume measure 
combining moderate-to-vigorous PA; instead, we constructed a rule-based three-category 
PA variable. Based on the thresholds recommended in the WHO 2020 guidelines on phys-
ical activity and sedentary behaviour [24], we classified PA into three levels: (1) inactive 
(MPA < 150 min/week and VPA < 75 min/week); (2) active (MPA 150–300 min/week or 
VPA 75–150 min/week), i.e., meeting the basic PA recommendation; (3) highly active 
(MPA > 300 min/week or VPA > 150 min/week), i.e., meeting the higher threshold for ad-
ditional health benefits. The three levels were defined using hierarchical mutually exclu-
sive criteria: “highly active” was assigned first, followed by “active” among those who 
did not meet the highly active criteria, and the remainder were classified as “inactive”. 
Detailed variable construction methods are provided in the supplementary material (Sup-
plementary Table S2). 

Of note, in line with WHO guideline principles, PA in this study is not restricted to 
structured exercise but encompasses the total volume of all activities in daily life that meet 
the corresponding intensity criteria, including leisure-time exercise, occupational labour, 
housework, and transportation. 

For the independent community sample, PA information was collected following the 
CHARLS and WHO principles, with considerations for field survey feasibility. To ensure 
data comparability, we retained the same three-category classification strategy. Given that 
detailed collection of activity at different intensities might increase the cognitive burden 
on older respondents, the questionnaire adopted a single-choice design based on the high-
est intensity level. Specific questionnaire items and classification criteria are available in 
the supplementary material (Supplementary Table S3). 

2.3.3. Covariates 

Covariate selection was guided by prior literature and data availability [25,26], and 
strictly followed the principle of “routine, low-cost, and easily accessible” in primary care 
settings, aiming to construct a parsimonious classification scenario for high-burden status 
that aligns with real-world needs. Based on this, the covariates included in the analyses 
were classified into three categories: (1) demographic characteristics, including age, sex, 
marital status, and educational attainment; (2) health-related behaviors, including smok-
ing and drinking status; (3) health status measures, including self-rated health (SRH) and 
functional impairment in activities of daily living (ADL). Notably, SRH and ADL are 
closely related to multimorbidity severity; they could serve as potential confounders re-
flecting baseline health differences related to both PA and multimorbidity, or they might 
lie on the pathway between disease burden, physical function, and activity behaviour, 
thereby possibly acting as mediators or sources of overadjustment bias [26,27]. Conse-
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quently, our main models adjusted only for demographic characteristics and health be-
haviours, whereas the sensitivity analyses further included SRH and ADL to evaluate the 
robustness of the primary associations after additional control for baseline health and 
functional status. Specific variable coding is detailed in the supplementary material (Sup-
plementary Table S4). 

2.4. Statistical Analysis 

Baseline characteristics of the participants were summarized using descriptive statis-
tics. Continuous data approximating a normal distribution were expressed as mean ± 
standard deviation, and compared via one-way analysis of variance (ANOVA). Categori-
cal variables were presented as frequencies and percentages, with differences across 
groups evaluated using the Pearson chi-square test [28]. 

Subsequently, multivariable logistic regression models were constructed to evaluate 
the association between different PA levels and severe multimorbidity. Effect sizes were 
presented as odds ratios (ORs) alongside 95% confidence intervals (CIs). We set up three 
regression models step by step to control for confounders. The first model contained no 
adjusted variables. The second model accounted for demographic factors such as age, sex, 
marital status and educational attainment. On the basis of Model 2, Model 3 additionally 
included smoking and drinking status. Subsequently, sensitivity analyses were per-
formed by further incorporating SRH and ADL indicators into Model 3 to verify the ro-
bustness of the main findings. 

Subgroup analyses were stratified by sex and age (<60 vs. ≥60 years) to explore po-
tential heterogeneous effects. To examine interaction effects, interaction terms between 
PA and the stratifying variables were introduced into the regression models, and the Wald 
test was applied for significance evaluation. All subgroup models used the same adjusted 
factors as Model 3, excluding the stratifying variable itself. 

Furthermore, to verify the reliability of the core conclusions and address potential 
methodological bias, we conducted the following three supplementary and sensitivity 
analyses using the same regression strategy as the main analysis: (1) full-population re-
gression analysis: to assess the potential selection bias introduced by restricting the main 
analysis to individuals already affected by multimorbidity (≥2 conditions), we re-included 
the full age-eligible population with 0–1 chronic conditions into the model to observe 
whether the association changed in the whole sample (Supplementary Table S5); (2) PA 
classification replacement: to rule out the influence of the chosen classification thresholds 
on the conclusions, we recalculated PA using a continuous volume method that combined 
moderate-to-vigorous activity (with 1 min of VPA equivalent to 2 min of MPA) following 
WHO guidelines, and repeated the association analysis (Supplementary Table S6); (3) out-
come definition matching: given that the community sample covered only seven core 
chronic conditions, to reduce discrepancies in outcome measurement dimensions, we re-
defined severe multimorbidity (≥4 conditions) in the main CHARLS sample using only 
these seven common diseases and repeated the analysis (Supplementary Table S7). 

We used two-sided tests for all statistical analyses, and a p-value below 0.05 was de-
fined as statistically significant. All data processing and statistical analyses were executed 
using Stata 18.0. 

2.5. Machine Learning Modelling and Interpretability Analysis 

To complement conventional regression analyses, we introduced machine learning 
methods to develop a model for identifying individuals with severe multimorbidity, and 
to explore complex patterns and interaction structures among the variables. After han-
dling missing data via listwise deletion, the 10,130 participants in the primary sample 
were randomly partitioned into training, test, and validation sets at a ratio of 7:1.5:1.5. 



Healthcare 2026, 14, 2417 7 of 19 
 

https://doi.org/10.3390/healthcare14152417 

Following the modelling frameworks of previous comparable machine learning studies, 
we constructed six supervised learning algorithms in parallel, namely LightGBM, Logistic 
Regression (LR), Multilayer Perceptron (MLP), Random Forest (RF), Support Vector Ma-
chine (SVM), and XGBoost [29,30]. For each algorithm, we adopted empirical hyperpa-
rameter settings and controlled overfitting by monitoring performance on the validation 
set. Meanwhile, given the importance of preserving the true prevalence distribution and 
ensuring model calibration, we did not apply any class imbalance handling strategies such 
as resampling or class weighting. Model performance was evaluated using AUC, accu-
racy, F1 score, precision, sensitivity, and specificity, supplemented by ROC curves, cali-
bration curves, Precision–Recall curves, and decision curve analysis to assess practical 
utility [31]. 

After selecting the model with the best generalisation performance, we applied the 
SHAP (SHapley Additive exPlanations) method to further quantify the relative contribu-
tions of PA and each covariate to the model classification, and to visualise their association 
patterns with the model predictions. All machine learning modelling and interpretability 
analyses were performed in Python 3.13. 

3. Results 
3.1. Baseline Characteristics of the Study Participants 

A total of 10,130 middle-aged and older adults with multimorbidity (aged ≥ 45 years) 
were included in the final analysis (Table 1). The overall mean age was 63.49 ± 9.46 years; 
4590 participants (45.3%) were male and 5540 (54.7%) were female. Of these, 3867 (38.2%) 
met the criteria for severe multimorbidity. When categorized by PA levels, the highly ac-
tive group comprised 4040 individuals (39.9%), the active group 916 (9.0%), and the inac-
tive group 5174 (51.1%). 

Baseline comparisons revealed statistically significant differences in all characteris-
tics across PA groups (all p < 0.001). Moreover, as PA levels declined, the proportion of 
individuals with severe multimorbidity exhibited a stepwise increase (33.5% in the highly 
active group vs. 38.9% in the active group vs. 41.7% in the inactive group). Baseline char-
acteristics of the Supplementary community sample are also detailed in the supplemen-
tary material (Supplementary Table S8). 

Table 1. Baseline Characteristics of the Study Participants in CHARLS. 

Variable Category Highly Active 
(N = 4040) 

Active 
(N = 916) 

Inactive  
(N = 5174) 

Total  
(N = 10,130) 

p-Value 

Age, 
Mean ± SD 

 60.65 ± 8.50 63.22 ± 8.88 65.75 ± 9.67 63.49 ± 9.46 <0.001 

Gender, n (%) Female 2130 (52.7%) 556 (60.7%) 2854 (55.2%) 5540(54.7%) <0.001 
Male 1910 (47.3%) 360 (39.3%) 2320 (44.8%) 4590(45.3%)  

Marital  
status, n (%) 

No 453 (11.2%) 138 (15.1%) 1028 (19.9%) 1619(16.0%) <0.001 
Yes 3587 (88.8%) 778 (84.9%) 4146 (80.1%) 8511(84.0%)  

SRH, n (%) 

Very poor 283 (7.0%) 66 (7.2%) 572 (11.1%) 921 (9.1%) <0.001 
Poor 1073 (26.6%) 255 (27.8%) 1614 (31.2%) 2942(29.0%)  
Fair 2114 (52.3%) 458 (50.0%) 2307 (44.6%) 4879(48.2%)  

Good 324 (8.0%) 79 (8.6%) 402 (7.8%) 805 (8.0%)  
Very good 246 (6.1%) 58 (6.3%) 279 (5.4%) 583 (5.7%)  

ADL, n (%) 

No 3265 (80.8%) 737 (80.5%) 3586 (69.3%) 7588(74.9%) 

<0.001 
1 440 (10.9%) 95 (10.4%) 677 (13.1%) 1212(12.0%) 
2 153 (3.8%) 37 (4.0%) 366 (7.1%) 556 (5.5%) 
3 91 (2.3%) 26 (2.8%) 204 (3.9%) 321 (3.2%) 
4 51 (1.3%) 11 (1.2%) 152 (2.9%) 214 (2.1%) 
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5 28 (0.7%) 6 (0.7%) 124 (2.4%) 158 (1.6%) 
6 12 (0.3%) 4 (0.4%) 65 (1.3%) 81 (0.7%) 

Drinking, n (%) 
NO 2020 (50.0%) 496 (54.1%) 2875 (55.6%) 5391(53.2%) 

<0.001 YES 2020 (50.0%) 420 (45.9%) 2299 (44.4%) 4739(46.8%) 

Smoking, n (%) 
NO 2301 (57.0%) 582 (63.5%) 2996 (57.9%) 5879(58.0%) 

<0.001 YES 1739 (43.0%) 334 (36.5%) 2178 (42.1%) 4251(42.0%) 

Education, n (%) 

Primary school or be-
low 

1645 (40.7%) 357 (39.0%) 2261 (43.7%) 4263(42.1%) 

<0.001 Junior high school 1200 (29.7%) 255 (27.8%) 1330 (25.7%) 2785(27.5%) 
Senior high/vocational 796 (19.7%) 175 (19.1%) 955 (18.5%) 1926(19.0%) 

College or above 399 (9.9%) 129 (14.1%) 628 (12.1%) 1156(11.4%) 

Multimorbidity Count, n 
(%) 

2 1598 (39.6%) 305 (33.3%) 1735 (33.5%) 3638 (35.9%) 

<0.001 

3 1087 (26.9%) 255 (27.8%) 1283 (24.8%) 2625 (25.9%) 
4 631 (15.6%) 161 (17.6%) 862 (16.7%) 1654 (16.3%) 
5 361 (8.9%) 92 (10.0%) 600 (11.6%) 1053 (10.4%) 
6 207 (5.1%) 60 (6.6%) 346 (6.7%) 613 (6.0%) 
7 91 (2.3%) 22 (2.4%) 189 (3.7%) 302 (3.0%) 
8 43 (1.1%) 11 (1.2%) 82 (1.6%) 136 (1.3%) 
9 14 (0.3%) 7 (0.8%) 42 (0.8%) 63 (0.6%) 

10 4 (0.1%) 2 (0.2%) 20 (0.4%) 26 (0.2%) 
11 4 (0.1%) 1 (0.1%) 8 (0.2%) 13 (0.1%) 
12 0 (0.0%) 0 (0.0%) 4 (0.1%) 4 (0.03%) 
13 0 (0.0%) 0 (0.0%) 3 (0.1%) 3 (0.03%) 

Multimorbidity severity, n 
(%) 

Common  
(2–3) 

2685 (66.5%) 560 (61.1%) 3018 (58.3%) 6263(61.8%) 
<0.001 Severe  

(≥4) 1355 (33.5%) 356 (38.9%) 2156 (41.7%) 3867(38.2%) 

3.2. Association Between Physical Activity and Severe Multimorbidity 

3.2.1. Regression Results in the Primary Sample 

Using the inactive group as the reference, multivariable logistic regression demon-
strated that the highly active group was consistently associated with lower odds of severe 
multimorbidity in the CHARLS sample (Table 2). 

Specifically, in the unadjusted model, the highly active group was associated with 
lower odds of severe multimorbidity (OR = 0.71, 95% CI: 0.65–0.77, p < 0.001). Upon ad-
justment for age, sex, marital status, and educational attainment, this association was 
slightly attenuated, and remained virtually unchanged in the primary fully adjusted 
model after further adjusting for smoking and drinking status (OR = 0.80, 95% CI: 0.73–
0.88, p < 0.001). 

In sensitivity analyses, after additional adjustment for SRH and ADL, the association 
between the highly active group and severe multimorbidity was further attenuated but 
remained statistically significant (OR = 0.89, 95% CI: 0.81–0.98, p = 0.015). Conversely, no 
statistically significant associations were observed for the active group in any of the four 
models (all p > 0.05). 

Table 2. Association Between Physical Activity and Severe Multimorbidity in the CHARLS Sample. 

Physical Activ-
ity 

Model 1 
OR (95% CI) p-Value 

Model 2 
OR (95% CI) p-Value 

Model 3 
OR (95% CI) p-Value 

Model 4 
OR (95% CI) p-Value 

Inactive 1.00 (Ref) 
Active 0.89 (0.77–1.03) 0.112 0.94 (0.81–1.09) 0.406 0.94 (0.81–1.09) 0.419 1.06 (0.91–1.23) 0.446 

Highly active 0.71 (0.65–0.77) <0.001 0.80 (0.73–0.88) <0.001 0.80 (0.73–0.88) <0.001 0.89 (0.81–0.98) 0.015 
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N 10,130 

3.2.2. Subgroup Analyses 

Sex-stratified subgroup analyses revealed that the association pattern between PA 
and severe multimorbidity was consistent between men and women (Table 3). Specifically, 
the highly active group was significantly associated with lower odds of severe multimor-
bidity in both women (OR = 0.78, 95% CI: 0.69–0.88, p < 0.001) and men (OR = 0.83, 95% 
CI: 0.73–0.95, p = 0.006), whereas the active group showed no statistically significant asso-
ciation in either sex. Interaction tests further indicated no significant interaction between 
PA and sex (p for interaction = 0.828), suggesting an absence of clear sex heterogeneity 
(Table 4). 

By contrast, age-stratified subgroup analyses showed that age may have a modifying 
effect on the aforementioned association (Table 5). Among participants aged ≥60 years, 
the highly active group was significantly associated with lower odds of severe multimor-
bidity (OR = 0.71, 95% CI: 0.64–0.80, p < 0.001), whereas the active group showed a mar-
ginal, though non-significant, association (OR = 0.85, 95% CI: 0.73–1.01, p = 0.073). How-
ever, in those aged <60 years, neither the active nor the highly active group demonstrated 
a statistically significant association. Further interaction tests revealed that the interaction 
term between PA and age group was statistically significant (p for interaction = 0.025), 
indicating that the inverse association between highly active PA and severe multimorbid-
ity was more pronounced in the older (≥60 years) demographic (Table 4). 

Table 3. Association Between Physical Activity and Severe Multimorbidity Stratified by Sex in 
CHARLS 2018. 

Physical Activity Women (N = 5540)  
OR (95% CI) p-Value 

Men (N = 4590)  
OR (95% CI) p-Value 

Inactive 1.00 (Ref) 
Active 0.92 (0.76–1.11) 0.409 0.97(0.76–1.22) 0.784 

Highly active 0.78 (0.69–0.88) <0.001 0.83(0.73–0.95) 0.006 

Table 4. Wald Tests for Interaction Between Physical Activity and Demographic Factors. 

Group χ2 df p-Value 
PA × Gender 0.38 2 0.828 

PA × Age 7.39 2 0.025 

Table 5. Association Between Physical Activity and Severe Multimorbidity Stratified by Age Group 
in CHARLS 2018. 

Physical Activity 
Age < 60 (N = 3596) 

OR (95% CI) p-Value 
Age ≥ 60 (N = 6534) 

OR (95% CI) p-Value 
Inactive 1.00 (Ref) 
Active 1.11 (0.87–1.44) 0.395 0.85 (0.73–1.01) 0.073 

Highly active 0.91 (0.78–1.06) 0.213 0.71 (0.64–0.80) <0.001 

3.2.3. Community Sample and Sensitivity Analyses 

Analyses in the supplementary community sample showed that the direction of as-
sociations was highly consistent with that in the CHARLS primary sample (Table 6). In 
the unadjusted model, the highly active group was also significantly associated with 
lower odds of severe multimorbidity (OR = 0.28, 95% CI: 0.14–0.54, p < 0.001), and after 
adjusting for all covariates, this association remained robust (OR = 0.21, 95% CI: 0.09–0.49, 
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p < 0.001). Consistent with the primary sample, the active group showed no significant 
association in any model within the community sample. 

Moreover, the three sensitivity analyses conducted in this study further supported 
the above findings. Whether in the full-population regression analysis that included indi-
viduals with 0–1 chronic conditions (Supplementary Table S5), in the reclassification of 
PA using the WHO equivalent activity volume (Supplementary Table S6), or in the re-
definition of the outcome based on the seven common diseases in the CHARLS primary 
sample (Supplementary Table S7), the significant association between the highly active 
group and lower odds of severe multimorbidity remained robust across all models under 
these alternative specifications, further supporting the reliability of the core conclusions. 

Table 6. Analysis in the Supplementary Community Sample. 

Physical activity Model 1 
OR (95% CI) p-Value 

Model 2 
OR (95% CI) p-Value 

Model 3 
OR (95% CI) p-Value 

Inactive 1.00 (Ref) 
Active 0.73 (0.37–1.45) 0.368 0.77 (0.35–1.69)  p = 0.511 0.75 (0.34–1.68) 0.490 

Highly active 0.28 (0.14–0.54) <0.001 0.22 (0.10–0.51) <0.001 0.21 (0.09–0.49) <0.001 
N 315 

3.3. Machine Learning Model Analysis 

3.3.1. Evaluation of Model Identification Performance 

The performance of six machine learning models was evaluated for identifying se-
vere multimorbidity (Table 7, Figure 2). Overall, the discriminative ability of all models 
was modest. Accuracy on the test and validation sets ranged from 64% to 66%, and F1 
scores were relatively low, between 0.38 and 0.47. All models exhibited high specificity 
but low sensitivity: specificity generally ranged from 78.6% to 88.3%, whereas sensitivity 
ranged only from 27.8% to 40.9%. Decision curve analysis (Figure 2F,G) further suggested 
that, although the models could reasonably rule out low-burden individuals, their ability 
to identify high-burden cases was limited, yielding a narrow range of net benefit. 
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Figure 2. Performance Comparison of Six Predictive Models (A) ROC curves for the training set; (B) 
ROC curves for the test set; (C) ROC curves for the validation set; (D) calibration curves for the test 
set; (E) calibration curves for the validation set; (F) decision curve analysis for the test set; (G) deci-
sion curve analysis for the validation set; (H) precision–recall curves for the test set; and (I) preci-
sion–recall curves for the validation set. 

Among the individual algorithms, MLP achieved the highest AUC on the training set 
(AUC = 0.757), but its performance dropped markedly on the test set (AUC = 0.646) and 
validation set (AUC = 0.654), indicating substantial overfitting. In contrast, tree-based en-
semble methods (LightGBM, Random Forest, and XGBoost) generalised better, with AUC 
values consistently around 0.67 on both the test and validation sets. Among these, Ran-
dom Forest performed relatively well on the validation set (AUC = 0.679), though it de-
creased slightly on the test set (AUC = 0.671). LightGBM and XGBoost demonstrated com-
parable overall performance, but XGBoost showed marginally higher AUC values on both 
the test set (0.673 vs. 0.672) and validation set (0.676 vs. 0.675). Calibration curves (Figure 
2D,E) also indicated that XGBoost achieved the optimal or tied-for-optimal predicted 
probability agreement on the test set (Brier = 0.215) and validation set (Brier = 0.216). 

Consequently, considering the advantages in both generalisation stability and cali-
bration performance, XGBoost was selected for the subsequent SHAP-based interpreta-
bility analysis. 

Table 7. Performance Metrics of Machine Learning Models. 

Dataset Metric LR LightGBM MLP RF SVM XGBoost 
Train AUC 0.683 0.695 0.757 0.699 0.702 0.695 
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Accuracy 66.15 66.98 71.48 67.43 67.97 67.25 
F1 Score 42.75 45.8 56.61 46.01 45.71 46.27 
Precision 60.34 61.35 67.54 62.68 64.77 61.92 

Sensitivity 33.1 36.53 48.73 36.35 35.32 36.94 
Specificity 86.56 85.79 85.54 86.63 88.14 85.97 

Test 

AUC 0.664 0.672 0.646 0.671 0.659 0.673 
Accuracy 66.12 66.38 64.21 66.18 66.12 66.12 
F1 Score 42.59 44.64 46.56 43.64 42.84 44.44 
Precision 60.25 60.06 54.11 59.94 60.12 59.37 

Sensitivity 32.93 35.52 40.86 34.31 33.28 35.52 
Specificity 86.6 85.43 78.62 85.85 86.38 85 

Val 

AUC 0.672 0.675 0.654 0.679 0.658 0.676 
Accuracy 65.2 65.39 65.13 65.92 65.13 65.39 
F1 Score 37.84 40.5 45.36 40.6 37.94 40.5 
Precision 59.41 58.88 56.41 60.62 59.12 58.88 

Sensitivity 27.76 30.86 37.93 30.52 27.93 30.86 
Specificity 88.3 86.7 81.91 87.77 88.09 86.7 

3.3.2. SHAP-Based Interpretability Analysis 

Based on the optimal XGBoost model, SHAP values were extracted to quantify the 
overall contribution of each feature to the model’s classification decisions and their asso-
ciation patterns. A positive SHAP value indicated that the feature was associated with a 
higher probability of severe multimorbidity, whereas a negative value indicated the op-
posite. 

First, the global SHAP summary plot (Figure 3) revealed that SRH, ADL, and age 
were the core features contributing most to the model output. PA ranked immediately 
after them as the highest-ranking modifiable behavioural variable, whereas educational 
attainment, smoking, and drinking status contributed relatively weakly. 

Second, SHAP dependence plots (Figure 4) further illustrated the associations and 
feature interactions among the core variables. For SRH, poorer health status corresponded 
to higher positive SHAP contributions, and this pattern was more pronounced among in-
dividuals with lower educational attainment. For ADL, transitioning from “no functional 
limitation” (0) to “any mild impairment” (1) produced an abrupt step-like jump in prob-
ability contribution. Age interacted with ADL, and its SHAP values shifted from negative 
to positive around age 60, reaching a plateau between 70 and 80 years. Regarding PA, 
only the highly active group consistently exhibited negative contributions, whereas the 
inactive group showed substantially positive contributions, and the active group fluctu-
ated around zero. In addition, a notable interaction between PA and SRH was observed, 
with the combination of “inactive” and “very poor health” yielding the highest positive 
contribution. 

Finally, SHAP force plots (Figure 5) translated the above global patterns to the indi-
vidual level. The results revealed that even among individuals with similar total proba-
bility scores, the combinations of contributing features varied considerably across partic-
ipants, underscoring the complexity inherent in the classification pattern of multimorbid-
ity. 
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Figure 3. SHAP Summary Plot Showing the Distribution and Direction of Feature Contributions to 
Model Prediction. 

 

Figure 4. SHAP Dependence Plots for Key Predictors (A) Self-rated health (SRH); (B) Age; (C) Ac-
tivities of daily living (ADL); (D) Physical activity (PA). 

 

Figure 5. SHAP Force Plots for Representative Individuals with High and Low Probabilities of Se-
vere Multimorbidity. 
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4. Discussion 
4.1. Stratified Association Pattern Between Physical Activity and Severe Multimorbidity 

Unlike previous studies that focused primarily on the presence or absence of disease, 
we concentrated on the differentiation of disease burden within the already-affected pop-
ulation. Our results demonstrated a pattern of stratified associations between PA and se-
vere multimorbidity: a significant association with lower disease burden was observed 
only when PA reached the WHO criteria for additional health benefits (MPA > 300 
min/week or VPA > 150 min/week), whereas the group meeting only the basic recommen-
dation (MPA 150–300 min/week or VPA 75–150 min/week) did not differ significantly 
from the inactive group. This pattern remained robust after adjustment for confounders, 
in the supplementary community sample, and in sensitivity analyses. Subgroup analyses 
further suggested that this association pattern was more pronounced among individuals 
aged ≥60 years. 

This may indicate that, as age advances and physiological reserves decline, higher 
total activity volume could be associated with the maintenance of better health status 
through shared pathways such as improved cardiorespiratory and metabolic fitness and 
reduced chronic inflammation [32,33], implying that PA may serve as an important be-
havioural pillar for maintaining health in older adults. However, this should not be inter-
preted as endorsing indiscriminate high-volume exercise for middle-aged and older 
adults with multimorbidity. Recent evidence has indicated that repeated excessive PA 
loads can induce synovial inflammation and suppress chondrocyte function, thereby ac-
celerating joint degeneration—a concern particularly relevant to multimorbid individuals 
with coexisting musculoskeletal conditions [34]. Moreover, given the inherent limitations 
of the cross-sectional design, the observed associations may also stem from reverse cau-
sality, whereby individuals with a higher disease burden objectively find it more difficult 
to maintain high activity levels. Therefore, in public health practice, safety and tolerability 
must be the priority rather than blindly encouraging increased activity. 

Under this premise, the lack of a statistically significant association for the group 
meeting only the basic PA recommendation does not imply an absence of health value. 
This might be attributable to the baseline characteristics of our study population. The 
WHO basic recommendation targets primary prevention in the general population, 
whereas in middle-aged and older adults with established multimorbidity, pathological 
damage has already accumulated. At this stage, basic activity levels may primarily con-
tribute to symptom relief and quality-of-life improvement—effects that are unlikely to be 
captured by differences in disease counts in cross-sectional data. 

In addition, based on the intention of constructing a “low-cost classification scenario”, 
we did not include indicators such as socioeconomic status or body mass index in the 
models. However, our PA measure encompassed occupational and daily life activities, 
and such non-leisure activities are often closely intertwined with an individual’s socioec-
onomic background. Therefore, limited by the inability to fully control for these potential 
confounders and the inherent constraints of the cross-sectional design, we cannot deter-
mine whether higher PA independently affects the accumulation process of chronic con-
ditions. Future high-quality large-scale longitudinal cohort studies, with comprehensive 
adjustment for confounders and repeated dynamic measurements, are warranted to fur-
ther clarify the causal direction between PA and disease accumulation, thereby providing 
a more solid evidence base for exercise prescription in populations with multimorbidity. 
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4.2. Machine Learning Performance Evaluation and Exploratory Analysis of Physical  
Activity Characteristics 

Building on conventional regression models, we introduced explainable machine 
learning (SHAP) to evaluate the comprehensive classification capacity of routinely avail-
able community indicators—including PA—for severe multimorbidity. Our results 
showed that even with the XGBoost algorithm, which demonstrated favourable generali-
sation, the overall discriminative performance of the model based on routine variables 
remained modest (AUC = 0.673, Sensitivity = 35.52%). This indirectly reflects the nature of 
severe multimorbidity as a complex systemic syndrome that results not from the simple 
addition of individual behavioural or demographic factors, but from the long-term accu-
mulation of multidimensional physiological impairments and pathological processes [35]. 
It also suggests that relying solely on brief questionnaires and superficial variables may 
be insufficient for accurate identification at the cross-sectional level. Future development 
of high-precision stratification tools for individuals with severe multimorbidity will need 
to incorporate deeper clinical data, including disease duration, biomarkers, and medica-
tion burden [36]. 

Despite the limited overall classification performance, the feature importance analy-
sis derived from the machine learning models provided a quantitative perspective on the 
contribution of PA to the classification. The global SHAP analysis identified SRH, ADL, 
and age as the core contributors to model classification, with PA ranking immediately 
after them and being the top modifiable behavioural variable. More importantly, the con-
tribution pattern of PA to model output, as shown in the SHAP dependence plots, was 
highly consistent with the association pattern observed in regression analyses. 

Based on the above findings, the overall discriminative capacity of the current model 
based on routine variables is limited. Therefore, it should be described as an exploratory 
contemporaneous classification model rather than a validated clinical screening tool. Nev-
ertheless, PA assessment is low-cost and easy to implement in the community, and it con-
sistently demonstrated a stable contribution in our study. In real-world primary care set-
tings with limited resources, although PA alone cannot serve as a standalone diagnostic 
tool, its stable contribution suggests it could serve as an auxiliary identification feature. It 
could provide extra behavioural information to assist primary health workers in prelimi-
narily identifying and specifically focusing on individuals with a higher likelihood of se-
vere multimorbidity. However, whether this application can be extended to clinical diag-
nosis or prognostic evaluation requires further research validation. 

4.3. Limitations 

Several limitations of this study should be acknowledged. First, the cross-sectional 
design precludes causal inference, and we cannot rule out reverse causality—that is, indi-
viduals with more severe disease may have reduced PA due to physical limitations; more-
over, restricting the target population to those already diagnosed with multimorbidity 
inevitably introduces selection bias. Second, the core variables were largely derived from 
self-reports, which introduces recall bias; in addition, a simple disease count cannot fully 
capture the clinical severity and complexity of different disease combinations. Third, lim-
ited by the questionnaire structure, we adopted a conservative PA classification strategy, 
without precisely calculating the equivalent total activity volume or distinguishing be-
tween occupational and leisure-time activities. Fourth, the supplementary community 
sample had a relatively limited sample size and differed from the primary sample in sur-
vey context; thus, caution is warranted when extrapolating the effect estimates to other 
settings. Fifth, the overall classification accuracy of the machine learning model con-
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structed in this study was modest and has not yet met the performance standards for in-
dependent clinical application. Future studies will need to incorporate multidimensional 
deep clinical data to further enhance its classification performance. 

5. Conclusions 
Using the nationally representative 2018 CHARLS sample (n = 10,130) and a supple-

mentary community replication sample (n = 315), this study indicated a differential asso-
ciation pattern between PA level and severe multimorbidity (≥4 conditions) among mid-
dle-aged and older adults with multimorbidity. A significant inverse association with 
lower odds of severe multimorbidity was observed only when PA reached the WHO cri-
teria for additional health benefits (MPA > 300 min/week or VPA > 150 min/week), and 
this inverse association was more pronounced in those aged ≥60 years. Furthermore, ma-
chine learning analyses revealed that, although the inherent complexity of severe multi-
morbidity limited the overall accuracy of models based on routine community indicators, 
PA remained the highest-ranking modifiable behavioural contributor to model classifica-
tion, with its contribution pattern closely aligning with the regression results. These find-
ings suggest that in community-based chronic disease management, low-cost PA assess-
ment can serve as an auxiliary indicator to preliminarily classify individuals with a high 
disease burden and help primary care workers better understand an individual’s health 
burden status. Given the cross-sectional nature of this study, future large-scale prospec-
tive longitudinal cohorts are needed to further elucidate the causal associations between 
different PA doses and the trajectory of multimorbidity progression, thereby providing 
direct evidence for the development of physical activity regimens for affected populations. 
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ADL Activities of Daily Living 
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Ref Reference Category 
AUC Area Under the Curve 
ROC Receiver Operating Characteristic curve 

References 
1. Lv, Y.; Fan, L.; Zhou, J.; Ding, E.; Shen, J.; Tang, S.; He, Y.; Shi, X. Burden of non-communicable diseases due to population 

ageing in China: Challenges to healthcare delivery and long term care services. BMJ 2024, 387, e076529. 
2. Yu, H.; Tao, R.; Zhou, J.; Su, J.; Lu, Y.; Hua, Y.; Jin, J.; Pei, P.; Yu, C.; Sun, D.; et al. Temporal change in multimorbidity prevalence, 

clustering patterns, and the association with mortality: Findings from the China Kadoorie Biobank study in Jiangsu Province. 
Front. Public Health 2024, 12, 1389635. 

3. Farmer, C.; Fenu, E.; O’fLynn, N.; Guthrie, B. Clinical assessment and management of multimorbidity: Summary of NICE guid-
ance. BMJ 2016, 354, i4843. 

4. World Health Organization. World Report on Ageing and Health; World Health Organization: Geneva, Switzerland, 2015. 
5. Liu, Q.; Lu, J. Prevalence of multimorbidity and its relationship with socioeconomic status among Chinese older adults over 

time. PLoS ONE 2025, 20, e0322042. 
6. Simard, M.; Rahme, E.; Dubé, M.; Boiteau, V.; Talbot, D.; Sirois, C. Multimorbidity prevalence and health outcome prediction: 

Assessing the impact of lookback periods, disease count, and definition criteria in health administrative data at the population-
based level. BMC Med Res. Methodol. 2024, 24, 113. 

7. Kruk, J. Physical activity in the prevention of the most frequent chronic diseases: An analysis of the recent evidence. Asian Pac. 
J. Cancer Prev. 2007, 8, 325. 

8. Huang, T.; Feng, H.; Xie, Z.; Wang, Y.; Wang, Q.; Wang, Z. Effects of exercise on body fat percentage and cardiorespiratory 
fitness in sedentary adults: A systematic review and network meta-analysis. Front. Public Health 2025, 13, 1624562. 

9. Li, Y.; Cui, M.; Pang, Y.; Zhan, B.; Li, X.; Wang, Q.; Chen, F.; Zhou, Z.; Yang, Q. Association of physical activity with socio-
economic status and chronic disease in older adults in China: Cross-sectional findings from the survey of CLASS 2020 after the 
outbreak of COVID-19. BMC Public Health 2024, 24, 37. 

10. Choi, Y.; Kim, D.; Kim, S.K. Effects of physical activity on body composition, muscle strength, and physical function in old age: 
Bibliometric and meta-analyses. Healthcare 2024, 12, 197. 

11. Damarell, R.A.; Morgan, D.D.; Tieman, J.J. General practitioner strategies for managing patients with multimorbidity: A sys-
tematic review and thematic synthesis of qualitative research. BMC Fam. Pract. 2020, 21, 131. 

12. Larsen, F.B.; Pedersen, M.H.; Friis, K.; Glümer, C.; Lasgaard, M. A latent class analysis of multimorbidity and the relationship 
to socio-demographic factors and health-related quality of life. A national population-based study of 162,283 Danish adults. 
PLoS ONE 2017, 12, e0169426. 

13. Lujic, S.; Simpson, J.M.; Zwar, N.; Hosseinzadeh, H.; Jorm, L. Multimorbidity in Australia: Comparing estimates derived using 
administrative data sources and survey data. PLoS ONE 2017, 12, e0183817. 



Healthcare 2026, 14, 2417 18 of 19 
 

https://doi.org/10.3390/healthcare14152417 

14. Myers, J.; Nead, K.T.; Chang, P.; Abella, J.; Kokkinos, P.; Leeper, N.J. Improved reclassification of mortality risk by assessment 
of physical activity in patients referred for exercise testing. Am. J. Med. 2015, 128, 396–402. 

15. Li, X.; Chen, M.; Wang, Z.; Si, L. Forgone care among middle aged and elderly with chronic diseases in China: Evidence from 
the China Health and Retirement Longitudinal Study Baseline Survey. BMJ Open 2018, 8, e019901. 

16. Qin, F.Y.; Lv, Z.Q.; Wang, D.N.; Hu, B.; Wu, C. Health status prediction for the elderly based on machine learning. Arch. Gerontol. 
Geriatr. 2020, 90, 104121. 

17. Yang, Y.; Guo, Z.; Li, D.; Wu, B.; Xu, C.; Cai, M.; Wang, Z. Physical activity and sitting time as correlates of cardiometabolic 
multimorbidity risk in U.S. adults: An explainable machine learning classification model using SHAP and LIME. BMC Public 
Health 2026, 26, 1630. 

18. Martinez-Rodrigo, A.; Álvarez-Bueno, C.; Sanchis, A.; Núñez-Martínez, L.; Pastor, J.M.; Priego-Jiménez, S. Development of an 
AI-Based Clinical Decision Support System to Predict and Simulate Exercise-Driven Functional Improvement in Cardiac Reha-
bilitation. Appl. Sci. 2026, 16, 1358. 

19. Shen, X.; Hu, D.; Lu, Y.; Zhao, L.; Yuan, H.; Sun, X. Association between weight-adjusted waist and incidence of low back pain: 
Evidence from the China Health and Retirement Longitudinal Study. Aging Clin. Exp. Res. 2026, 38, 145. 

20. Ward, B.W.; Schiller, J.S. Prevalence of multiple chronic conditions among US adults: Estimates from the National Health Inter-
view Survey, 2010. Prev. Chronic Dis. 2013, 10, E65. 

21. Mefford, M.T.; Silverberg, M.J.; Leong, T.K.; Hechter, R.C.; Towner, W.J.; Go, A.S.; Horberg, M.; Hu, H.; Harrison, T.N.; Sung, 
S.H.; et al. Multimorbidity burden and incident heart failure among people with and without HIV: The HIV-HEART study. 
Mayo Clin. Proc. Innov. Qual. Outcomes 2022, 6, 218–227. 

22. Velek, P.; Splinter, M.J.; Stirland, L.; Luik, A.; Bindels, P.J.; Stricker, B.; Schepper, E.I.T.d.; van Munster, B.C.; Ruiter, R.; Brusselle, 
G.; et al. Counting co-occurring diseases to predict mortality is as accurate as multimorbidity indices: An external validation 
study. Age Ageing 2026, 55, afag150. 

23. Jani, B.D.; Hanlon, P.; Nicholl, B.I.; McQueenie, R.; Gallacher, K.I.; Lee, D.; Mair, F.S. Relationship between multimorbidity, 
demographic factors and mortality: Findings from the UK Biobank cohort. BMC Med. 2019, 17, 74. 

24. Bull, F.C.; Al-Ansari, S.S.; Biddle, S.; Borodulin, K.; Buman, M.P.; Cardon, G.; Carty, C.; Chaput, J.P.; Chastin, S.; Chou, R.; et al. 
World Health Organization 2020 guidelines on physical activity and sedentary behaviour. Br. J. Sports Med. 2020, 54, 1451–1462. 

25. Yokota, R.T.d.C.; Nusselder, W.J.; Robine, J.-M.; Tafforeau, J.; Deboosere, P.; Van Oyen, H. Contribution of chronic conditions 
to the disability burden across smoking categories in middle-aged adults, Belgium. PLoS ONE 2016, 11, e0153726. 

26. Cimarras-Otal, C.; Calderón-Larrañaga, A.; Poblador-Plou, B.; González-Rubio, F.; Gimeno-Feliu, L.A.; Arjol-Serrano, J.L.; Pra-
dos-Torres, A. Association between physical activity, multimorbidity, self-rated health and functional limitation in the Spanish 
population. BMC Public Health 2014, 14, 1170. 

27. Klinedinst, T.C.; Terhorst, L.; Rodakowski, J. Multimorbidity groups based on numbers of chronic conditions are associated 
with daily activity. Chronic Illn. 2021, 18, 634–642. 

28. Zhang, Y.; Wang, Y.; Qiao, S.; Yang, X.; Zhang, M.; Xu, C.; Wang, Y.; Hu, F.; Cai, Y. Comparative performance of body roundness 
index and traditional obesity indices in predicting cardiovascular risk: Machine learning insights from three prospective aging 
cohorts. Front. Endocrinol. 2025, 16, 1653328. 

29. Song, Y.; Liu, Y. Machine learning algorithms to predict frailty in older adults in China: A cross-sectional study. BMC Geriatr. 
2025, 25, 1003. 

30. Zhu, J.; Shi, Z.; Ge, Z.; Yi, X.; Zhang, X.; He, W.; Song, H.; Xu, X. Comparative analysis of cardiometabolic multimorbidity 
predictors in China and the USA: A machine learning approach. Diabetes Res. Clin. Pract. 2025, 229, 112938. 

31. Zhao, X.; Wang, Y.; Li, J.; Liu, W.; Yang, Y.; Qiao, Y.; Liao, J.; Chen, M.; Li, D.; Wu, B.; et al. A machine-learning-derived online 
prediction model for depression risk in COPD patients: A retrospective cohort study from CHARLS. J. Affect. Disord. 2025, 377, 
284–293. 

32. Wang, F.; Qin, W. Immune Metabolic Remodeling During Exercise Rehabilitation: Linking Skeletal Muscle Regeneration, Bone 
Homeostasis, and Systemic Immune Adaptation. Tissue Cell 2026, 103, 103687. 

33. Cardoso, A.M.; de Lima, A.C.; Manica, A.; Zanini, D.; Chaves, L.M.; Prestes, S.N.; Copatti, S.L.; Pillat, M.M.; Vidal, T.; de Sá, 
C.A. The anti-inflammatory effect of physical exercise on type 2 diabetes: The role of purinergic signaling. Purinergic Signal. 
2025, 21, 1201–1213. 

34. Arino, Y.; Terashima, A.; Tsubaki, T.; Iwanaga, Y.; Omata, Y.; Tanaka, S.; Saito, T. Short-term overloading exercise attenuates 
articular chondrocyte features partly via synovium–cartilage interactions mediated by inhibin subunit beta A. Sci. Rep. 2025, 15, 
6772. 



Healthcare 2026, 14, 2417 19 of 19 
 

https://doi.org/10.3390/healthcare14152417 

35. Sturmberg, J.P.; Bennett, J.M.; Martin, C.M.; Picard, M. �Multimorbidity’ as the manifestation of network disturbances. J. Eval. 
Clin. Pract. 2017, 23, 199-208. 

36. Zazzara, M.B.; Triolo, F.; Biscetti, L.; Paparazzo, E.; Fiorillo, M.; Vetrano, D.L.; Onder, G. Biomarkers of Multimorbidity: A 
Systematic Review. Ageing Res. Rev. 2025, 112, 102870. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 
people or property resulting from any ideas, methods, instructions or products referred to in the content. 


