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Abstract
Noncommunicable chronic diseases (NCDs) are a rapidly growing global public health concern, posing substantial challenges to 
healthcare systems. The presence of multiple (≥2) chronic conditions (MCC) exacerbates these challenges. In this study, we 
constructed an integrated MCC network to comprehensively evaluate the impact of NCD prevalence and associated factors on MCC 
patterns. We identified four distinct MCC patterns, each with its unique set of associated risk factors. Firstly, we found that race, 
sedentary lifestyles, and smoking habits were significant contributors to the co-occurrence of diabetes, chronic kidney disease, and 
cancer. Secondly, smoking habits and mental health were identified as risk factors associated with the clusters of high cholesterol, 
hypertension, coronary heart disease, and arthritis. Furthermore, the comorbidity of chronic obstructive pulmonary disease and 
asthma was affected by socioeconomic status, smoking habits, and educational attainment, and a noteworthy reciprocal relationship 
existed between these two MCC combinations. Thirdly, the combination of asthma and obesity is associated with risk factors such as 
mental health, smoking habits, sedentary lifestyles, and binge drinking behaviors. Finally, the pattern of depression-stroke 
comorbidity was influenced by risk factors including mental health, age, and sleep duration. Our findings hold valuable implications 
for healthcare system optimization, offering a pathway to mitigate the escalating burden of NCDs. Additionally, they provide a 
foundation for scientific strategies aimed at the joint prevention and management of these complex conditions, ultimately enhancing 
public health and safety on a global scale.
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Significance Statement

In addressing the burgeoning global burden of noncommunicable chronic diseases, this study unveils four distinct patterns of region-
al multiple chronic conditions (MCC) in the United States, driven by various risk factors. Harnessing data from 12 diseases and 10 in-
fluencing elements, our findings expand knowledge on disease interplay, emphasizing factors like race, lifestyle choices, mental 
health, and socioeconomic status. This comprehensive outlook, which classifies disease roles within MCC frameworks, illuminates 
pathways for healthcare optimization. It paves the way for holistic strategies targeting prevention and management, advancing 
public health endeavors globally.
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Introduction
Over the past two decades, the primary causes of disease mor-
tality and morbidity have shifted from infectious diseases to 
noncommunicable diseases (NCDs), including cardiovascular 
disease (CVD), kidney disease, and diabetes, among others. 
Their emergence poses a significant public health challenge, 
affecting both developed and developing countries while also 
imposing a considerable economic burden on healthcare sys-
tems and societies (1). Moreover, NCDs exhibit a tendency to 
co-occur, and their consequences on various health outcomes 
may vary based on a multitude of factors including an individ-
ual’s sociodemographic characteristics, specific combinations 

of symptoms, and the presence of other health-related 

issues (2).
According to data from the 2018 National Health Interview 

Survey, approximately 27.2% of American adults experienced 

the burden of two or more NCDs (3). This phenomenon of multi-

morbidity is prevalent in global health, with its complexity arising 

from interactions among different NCDs and the influence of so-

cial, environmental, and economic factors (4, 5).
From the perspective of public health surveillance, obtaining 

accurate population-level multimorbidity data necessitates ac-

cess to comprehensive medical records for individuals in the re-

gion. In order to safeguard patient privacy and mitigate data 
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collection demands, we emphasize the concept of multiple chron-
ic conditions (MCC) at the population level, which deviates from 
the conventional concept of MCC that typically refers to an indi-
vidual experiencing the concurrent presence of two or more 
NCDs (6). We focus on the simultaneous prevalence of different 
sets of NCDs in a geographical unit. This regional research can 
use statistical data to monitor hotspots for prioritization in clinic-
al practice, medical resource allocation, and health service distri-
bution (7).

The American Geriatrics Society underscored the paramount 
importance of identifying conditions that commonly co-occur 
back in 2012 (8). Recognizing patterns of MCC and their associated 
risk factors is pivotal, as it not only helps curb the spread of NCDs 
but also optimizes healthcare services and addresses determi-
nants of health. Compared with a single NCD, MCC carry a higher 
risk of mortality, increased medical costs, functional decline, dis-
ability, and a lower quality of life (9, 10). If a NCD heightens the 
risk of another, interventions such as lifestyle adjustments, early 
screenings, or specific management can be implemented. For ex-
ample, there is a well-established reciprocal relationship be-
tween CVD and type 2 diabetes (11). People with diabetes are at 
a higher risk of developing CVD, and having CVD increases the 
risk of diabetes-related complications. Therefore, regular medic-
al checkups for individuals with diabetes help in the early 
detection of any cardiovascular risk factors or complications. 
Moreover, understanding NCD interactions aids healthcare pro-
viders in formulating more efficient and precisely targeted treat-
ment and prevention strategies (12), resulting in better health 
outcomes and improved quality of life for individuals with 
NCDs. Additionally, a comprehension of multidimensional fac-
tors contributing to MCC is crucial for tackling health disparities. 
Previous studies have reported that NCDs are affected by a var-
iety of biological, psychological, and socioeconomic factors (4). 
Therefore, policymakers and healthcare organizations can work 
toward reducing health inequities and promoting health for all 
populations by investigating the synergistic effects of diverse 
risk factor variables concerning the prevalence of NCDs across 
these dimensions.

Some prior pieces of research have delved into the exploration 
of clustering patterns among MCC and combinations of NCDs due 
to their high-prevalence and common risk factors. In terms of in-
vestigating MCC arising from connections between different 
NCDs, one study, conducted in the United Kingdom among 
middle-aged and elderly individuals, employed clustering ana-
lysis, and association rule mining methods, revealing three clus-
ters and 30 disease combinations. Conditions like diabetes, 
hypertension, and asthma were central to several disease groups 
(13). Additionally, an expert workshop sponsored by the National 
Institutes of Health summarized four models for assessing the ex-
istence and patterns of MCC. These models encompass classifica-
tion and regression trees, qualifying comorbidity sets, the 
multimorbidity index, and the application of omics to network 
medicine (14). Among these models, network analysis is widely 
applied to identify clusters of highly connected nodes, enabling 
the discernment of NCDs with highly comorbid associations 
(15, 16). In terms of investigating MCC arising from shared risk fac-
tors, a study in India utilized a multinomial logistic regression 
model and discovered that adults with risk factors like alcohol 
consumption, overweight, and central obesity exhibited the high-
est prevalence of MCC (10). Moreover, a study employed logistic 
regression analysis to assess disparities in MCC occurrence 
among various populations, revealing that gender and economic 
status can influence the risk of MCC (17).

However, the studies mentioned above have provided limited 
consideration for the potential joint influence of both factors. 
The analysis of MCC patterns necessitates a comprehensive 
evaluation of the structural characteristics between NCDs and a 
thorough investigation into the interaction processes between 
MCC structures and risk factors. Traditional statistical methods 
have limitations in recognizing MCC patterns because of the in-
ability to utilize characteristic information from multiple coexist-
ing NCDs. In contrast, network analysis provides the opportunity 
to display the complex and variable correlations among MCC. 
Additionally, it can be used to evaluate the significance of NCDs 
and to apply community detection algorithms that can identify 
closely interconnected groups within the network. In summary, 
network analysis proves instrumental in unveiling concealed or-
ganizational structures and extracting MCC patterns.

In our current study, we undertook a nationwide ecological 
analysis utilizing county-level population health outcome data 
from 2020, focusing on the prevalence of different sets of NCDs 
in the United States. Our research aims to explore the interrela-
tionships among these NCDs in terms of chronic disease 
prevalence across different geographical regions. A stronger cor-
relation between two NCDs indicates a greater affinity in that re-
gion, suggesting a significantly increased risk for the population to 
develop such comorbid conditions (7). Several studies have used 
ecological designs to explore factors linked with MCC at the popu-
lation level. Eun found that higher rates of crime, severe poverty, 
and elevated unemployment are associated with increased preva-
lence of arthritis, asthma, diabetes, heart disease, obesity, and 
stroke, using statistical data at the census tract level in 
Memphis, TN (7). Ace investigated the impact of four social deter-
minants of health (namely, asthma, kidney disease, smoking, and 
food stamps) on length of life and quality of life in a population 
through a large dataset of census tracts in the United States 
(18). Emeka identified a positive correlation between the incidence 
of MCC and the aggregate social care expenditure by local author-
ities, based on a regional analysis (19). Young-Rock demonstrated 
a link between regional-level measures and CVD outcomes and 
suggested that seven social determinants (namely, minority, pov-
erty, no high school diploma, grocery store ratio, fast-food res-
taurant ratio, after-tax soda price, and primary care physician 
supply) should be considered when assessing CVD mortality (20).

We undertook a nationwide ecological analysis employing 
network analysis to construct two distinct networks: one 
depicting disease–disease associations and the other illustrating 
disease-influencer associations. This approach allows us to visu-
ally and clearly depict the functions and interactions of contribu-
tors affecting NCDs. These networks were subsequently merged 
into an integrated MCC network, followed by a network analysis 
to identify MCC patterns. Furthermore, we have classified NCDs 
based on their roles in the MCC patterns. This integrated MCC net-
work serves as a valuable tool for considering the impact of NCD 
prevalence and risk factors on MCC. The primary objectives of 
this study are as follows: (i) to explore the relationships among 
the prevalence of 12 NCDs in 3,143 US counties; (ii) to analyze 
the correlations between risk factors and disease prevalence 
from four dimensions: biological, psychological, socioeconomic, 
and behavioral; (iii) to identify regional MCC patterns and explore 
potential factors shaping these MCC combinations using county- 
level aggregated data; (iv) to classify these NCDs based on their 
roles in MCC patterns. We anticipate that the findings from this 
study will foster further research into the role of NCDs in MCC pat-
terns. These results will contribute to a deep understanding of the 
complexities of regional MCC, which is essential for exploring 
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innovative prevention strategies and ultimately reducing the high 
incidence of NCDs.

Results
Characteristics of NCDs and their contributing 
factors
Figure 1 illustrates the distribution of age-adjusted prevalence 
data across counties for the 12 NCDs under analysis. We present 
the data in percentage values, including median, range statistics, 
and probability density information. The median prevalence rates 
for obesity (prevalence = 36.7) and hypertension (prevalence =  
31.7) both exceed 30%. However, there is a significant imbalance 
in their values across different counties, with a substantial differ-
ence of 35.6% for obesity and 31.6% for hypertension. The preva-
lence of obesity is ∼36% in most areas, while the prevalence of 
hypertension is bimodal. The median prevalence rates for arth-
ritis (prevalence = 23.9), depression (prevalence = 21.8), and high 
cholesterol (prevalence = 29.6) are in the range of 20 to 30%. 
Compared with high cholesterol, there is a wider variation in the 
prevalence distribution of arthritis and depression across coun-
ties, with values of 20.7 and 21.2%, respectively. Only the preva-
lence of arthritis shows a bimodal distribution, whereas the 
probability of high cholesterol values in the range of 25 to 30% is 
relatively consistent. Most NCDs have a prevalence rate of <20% 
across counties, including cancer, asthma, coronary heart disease 
(CHD), chronic obstructive pulmonary disease (COPD), diabetes, 

chronic kidney disease (CKD), and stroke. Among them, CKD 
(prevalence = 2.8) and stroke (prevalence = 3) have the lowest me-
dian prevalence rates. COPD and diabetes are the only NCDs that 
show a prevalence distribution variation of more than 10% across 
counties, with values of 13.9 and 15.9%, respectively. Meanwhile, 
the prevalence of other NCDs is concentrated within a relatively 
narrow range in most counties.

Table 1 displays the composition and descriptive statistical 
characteristics of the risk factors, including mean, variance, and 
maximum and minimum values. The numbers indicate the per-
centage of the affected population relative to the total population. 
Among the risk factors, “Minority,” “Impoverishment,” “Smoking,” 
and “Sedentary behavior” exhibit mean value ranging from 20 to 
30%, specifically 24.25, 24.49, 20.04, and 25.71%, respectively. 
The highest mean among these factors is “Sleep deficiency” at 
34.47%, while the lowest mean is “Lacking fundamental educa-
tion” at 12.40%. The proportion of “Minority” exhibits a marked 
variation (20.22) among counties, spanning from a value (0) to 
the highest value (99). However, the variances of the other factors 
are all <10.

Network analysis of NCD prevalence
Figure 2 depicts the interrelationships among NCDs and identi-
fies MCC pairs. These interconnections reveal relationships 
among various NCDs. In terms of the strength of disease nodes, 
CHD exhibits the highest influence, while cancer has the lowest 
influence (Fig. 2b). Regarding the types of associations between 

Fig. 1. The age-adjusted distribution of the prevalence of NCDs among adults aged 18 years and older in 2020.
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NCDs, cancer shows negative correlations with hypertension, 
CHD, diabetes, high cholesterol, CKD, obesity, and stroke. 
Moreover, the study finds the most pronounced negative correl-
ation (−0.57) between cancer and diabetes, whereas the stron-
gest positive correlation (0.96) was found between CKD and 
stroke. However, there is no significant correlation between can-
cer and COPD (Fig. 2a).

Table 2 lists the calculation results of disease node importance 
in the MCC network. The nodes are arranged in descending order 
of strength: CHD, stroke, hypertension, CKD, diabetes, COPD, 
arthritis, obesity, high cholesterol, asthma, depression, and can-
cer. Moreover, the nodes are arranged in descending order of influ-
ence: diabetes, CKD, CHD, stroke, hypertension, COPD, arthritis, 
obesity, high cholesterol, asthma, depression, and cancer. 
Hypertension, stroke, CHD, CKD, and diabetes exhibit relatively 
high node strength and disease influence. Conversely, cancer, de-
pression, and asthma show lower levels of both node strength and 
disease influence.

Figure 3 uses a multimodal network diagram to visually illus-
trate relationships between NCDs and associated risk factors. 
The thickness of the lines indicates the magnitude of the regres-
sion coefficients in the ordinary least square (OLS) model, empha-
sizing the substantial impacts of certain factors on the specific 

disease (Fig. 3a). The significant increase in the prevalence of arth-
ritis, hypertension, CHD, and high cholesterol is significantly asso-
ciated with “Smoking” and “Poor mental health.” The significant 
increase in the prevalence of diabetes, stroke, and CKD is con-
nected to factors such as “Minority,” “Sedentary behavior,” and 
“Smoking.” The prevalence of asthma and COPD shows a signifi-
cant positive correlation with “Smoking,” “Impoverishment,” 
“Lacking fundamental education,” and “Poor mental health,” 

Table 1. Characteristics of explanatory variables in 2020.

Theme Explanatory variable Description Mean SD Min Max

Demographic factors Minority Percentage minority (all persons except non-Hispanic Whites) estimate 24.25 20.22 0 99
Ageing population Percentage of persons aged ≥65 years estimate 19.23 4.80 2.1 57.8
Lacking fundamental 

education
Percentage of the persons over 25 years old without a high school 

diploma estimate
12.40 6.04 1.4 78.7

Psychological factors Poor mental health Age-adjusted prevalence of mental health not good for ≥14 days among 
adults

15.73 2.04 8.3 23.3

Socioeconomic 
factors

Impoverishment Percentage of persons below poverty estimate 24.49 8.50 0 71
Uninsured Age-adjusted prevalence of current lack of health insurance among 

adults
16.80 6.61 5.7 53.3

Lifestyle factors Smoking Age-adjusted prevalence of current smokinga among adults 20.04 4.10 5.8 41.1
Binge drinking Age-adjusted prevalence of binge drinkingb among adults 17.84 3.02 8.2 27.6
Sleep deficiency Age-adjusted prevalence of sleeping <7 h among adults 34.47 3.64 23.8 48.4
Sedentary behavior Age-adjusted prevalence of no leisure-time physical activity among 

adults
25.71 5.19 10.2 47.2

aCurrent smoking is lifetime smoking of ≥100 cigarettes and currently smoking.
bBinge drinking is ≥5 drinks for men, or ≥4 drinks for women at a specific occasion in the last 30 days.

Fig. 2. Bivariate interaction analysis of NCD prevalence; a) Pearson correlation heatmap. b) Monomodal network diagram.

Table 2. Multimorbidity network node calculation results.

NCDs Node strength Node influence

Arthritis 7.149 1.1096588
Asthma 5.568 0.8389998
Cancer 2.742 0.404974
CHD 7.696 1.1699424
CKD 7.414 1.1769223
COPD 7.179 1.1250683
Depression 5.043 0.8000157
Diabetes 7.404 1.2024869
High cholesterol 5.958 0.9062387
Hypertension 7.47 1.153484
Obesity 6.357 0.9511319
Stroke 7.571 1.1610772
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while showing a significant negative correlation with “Uninsured.” 
The increased prevalence of obesity in the majority of counties is 
influenced by “Binge drinking,” “Smoking,” and “Sedentary behav-
ior.” The prevalence of depression shows a significant positive cor-
relation with an “Ageing population” and “Poor mental health.” 
Additionally, risk factors such as “Ageing population” and “Sleep 
deficiency” have a significant impact on the increasing burden of 
stroke.

In terms of the impact of risk factors on disease prevalence, the 
“Smoking” variable is the factor with the largest impact on these 
NCDs. This implies that if a region has a higher proportion of 
smokers, the prevalence of these NCDs in the area is likely to be 
significantly influenced. In contrast, “Ageing population” has a 
much lower impact on disease prevalence compared with other 
risk factors, suggesting that although it may be associated with 
some NCDs, its overall impact at the national level is limited 
(Fig. 3b).

MCC pattern mining and analysis
Table 3 summarizes the final community classification results ob-
tained by detecting overlapping community structures in the net-
work. This analysis offers valuable insight into the internal 
mechanisms and patterns within the MCC network, leading to 
the identification of four MCC patterns. Specifically, arthritis, 
asthma, stroke, and hypertension are found to be distributed 
across multiple communities, signifying their pivotal role in the 
development and interconnection of MCC.

The roles of NCDs in the MCC patterns can be classified by com-
bining the information from Tables 2 and 3. According to the pro-
vided definition, we identify CHD, CKD, and diabetes as core 
diseases due to their high node strength and node influence 
(Table 2). Arthritis, asthma, stroke, and hypertension are catego-
rized as bridge diseases as they are distributed among multiple 
MCC patterns. Lastly, cancer, depression, COPD, obesity, and 
high cholesterol are considered general diseases.

Discussion
Our research used county-level data from 12 NCDs and up to 10 
associated risk factors to explore regional interactions among 

NCDs and their associations with risk factors. For this purpose, 
we constructed an integrated MCC network to identify MCC pat-
terns for a scientific classification of NCDs. Consequently, the 
findings identified four distinct MCC patterns among NCDs.

It should be noted that our network analysis has identified po-
tential comorbidity patterns among NCDs, but these patterns may 
not directly reflect the actual prevalence of MCC in the general 
population. The primary objective of this study is to provide a per-
spective for understanding the comorbidity framework of NCDs 
and to offer a scientific foundation for public health policy 
development.

In community 1, we observed a MCC pattern of diabetes-CKD- 
cancer. Simultaneously, stroke and hypertension showed a bidir-
ectional influence on this pattern. A meta-analytical review 
indicated a 42% increased risk of kidney cancer associated with 
diabetes (21), as the kidney is an important organ of glucose 
homeostasis (22). Previous research has indicated that diabetes 
places a substantial burden on kidney function. Furthermore, dia-
betes may potentially increase the risk of developing kidney can-
cer through its association with hypertension (23, 24). However, 
our constructed MCC network revealed a surprising negative cor-
relation between cancer and diabetes, as well as hypertension 
(Fig. 2). A plausible explanation is that the most prevalent cancers 
in the United States are breast, prostate, lung, and thyroid cancers 
(25). Patients with these types of cancer exhibit a comparatively 

Fig. 3. The influence of covariates on the prevalence of NCDs; a) OLS coefficient heatmap. b) Multimodal network diagram.

Table 3. Patterns of MCC in NCDs.

Community NCDs Risk factors

1 Hypertension, cancer, 
diabetes, CKD, stroke

Minority, sedentary behavior, 
smoking

2 Arthritis, asthma, CHD, 
COPD, high cholesterol, 
hypertension

Impoverishment, poor 
mental health, smoking, 
lacking fundamental 
education, uninsured

3 Arthritis, asthma, obesity Smoking, poor mental health, 
Binge drinking, sedentary 
behavior

4 Depression, stroke Poor mental health, ageing 
population, sleep 
deficiency
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lower risk of developing hypertension or diabetes (26–29). This 
finding underscores the divergent impact of these two NCDs 
across distinct cancer categories. In addition, results from the 
MCC network emphasize that the correlation between CKD and 
stroke is the strongest MCC pattern among all disease combina-
tions. Multiple studies have confirmed that CKD appears to inde-
pendently increase the risk of stroke by 43%. The association 
between CKD and stroke may be attributed to the combined influ-
ence of conventional and nonconventional cardiovascular mech-
anisms, with hypertension emerging as the most common 
complication in CKD patients (30–32). Therefore, the interaction 
between stroke, hypertension, and CKD has significant implica-
tions for the development of this NCDs’ combination. 
Conversely, we also observed that “Minority,” “Sedentary behav-
ior,” and “Smoking” could be potential risk factors (Fig. 3), introdu-
cing fresh directions for exploring the intricate mechanisms of the 
coexistence among these NCDs. The OLS model illustrates that 
these factors may promote the occurrence of CKD, stroke, and dia-
betes. Firstly, race and “Sedentary behavior” have been identified 
as risk factors for these NCDs (33, 34). Secondly, “Smoking” is con-
sidered a shared contributor to both diabetes and kidney cancer 
(35). It also significantly increases the prevalence of many other 
NCDs, consistent with previous research results (36). A credible 
explanation behind this trend is that people who smoke may 
pay less attention to their personal health. In summary, the im-
pact of CKD and its potential complications should not be under-
estimated, even though the prevalence of CKD in the United 
States is quite low (Fig. 1). This may be due to the fact that early 
CKD is generally asymptomatic, leading to many CKD patients 
being unaware of their conditions (37). Studies have shown that 
early detection and improved management of CKD can effectively 
decelerate its progression (38), playing a critical role in maintain-
ing kidney health and improving cardiovascular health.

Within community 2, we observed two MCC patterns: COPD– 
asthma and high cholesterol–hypertension–CHD–arthritis. It is 
noteworthy that there is a significant interaction between these 
two disease clusters. Research has indicated that over 40% of 
COPD patients have a history of asthma, with asthma being recog-
nized as a risk factor for the development of COPD (39). The con-
cept of Asthma-COPD overlap syndrome (ACOS) was introduced 
by the Global Initiative for Asthma in 2014 (40). Furthermore, 
high cholesterol, hypertension, and arthritis were identified as 
the most prevalent triad of MCC in the United States (41). 
Arthritis shows a strong correlation with various chronic condi-
tions. Previous research has shown that arthritis patients often 
have higher levels of systemic inflammation than nonarthritis pa-
tients (42). This inflammation has been identified as a crucial fac-
tor in the development of CVD and asthma (43, 44). Besides, 
hypertension, CHD, and high cholesterol are all encompassed in 
CVD due to their similar physiological pathogenesis (45). 
Moreover, COPD and arthritis act as connectors between these 
two MCC patterns. Patients with COPD tend to be sedentary for 
long periods of time (46), due to common symptoms such as dys-
pnea or shortness of breath (47), which can limit physical activ-
ities. Consequently, COPD can make arthritis worse if patients 
lack physical activities (48). On the other hand, we observed that 
“Uninsured,” “Smoking,” “Lacking fundamental education,” 
“Impoverishment,” and “Poor mental health” exert varying de-
grees of influence on the prevalence of these NCDs (Fig. 3). 
Firstly, compared with patients solely affected by COPD, those 
with ACOS bear an increased burden of hospitalizations or emer-
gency department visits (49). Therefore, more people choose to 
purchase insurance to mitigate economic pressures. Secondly, 

“Smoking” is a recognized risk factor for the development of 
ACOS (50). Thirdly, previous research has proposed that lower 
socioeconomic status measured by education and income levels 
appears to be a risk factor for both asthma and COPD (51). 
Lastly, smoking and poor mental health are associated with an 
elevated prevalence of arthritis and CVD (52, 53).

In community 3, we observed a MCC pattern of asthma–obesity, 
while inflammation stemming from arthritis showed a bidirec-
tional influence on this pattern. Numerous epidemiological stud-
ies have elucidated the correlation between obesity and asthma. 
This correlation is significantly affected by the physiological 
anomalies commonly shared by both conditions (54). Firstly, obes-
ity leads to an excess accumulation of fat in the chest and abdo-
men, compressing the lungs and a subsequent reducing in lung 
capacity (55). This, in turn, triggers or exacerbates the symptoms 
of asthma (56). Secondly, obesity exacerbates certain inflamma-
tory processes, which affect asthma’s severity and management, 
and cause abnormalities in lung function (57, 58). In conclusion, 
obesity can directly and indirectly increase the risk of developing 
arthritis (59). Additionally, the inflammation induced by arthritis 
is correlated with both asthma and obesity (44, 60). On the other 
hand, we observed that “Smoking,” “Poor mental health,” 
“Sedentary behavior,” and “Binge drinking” have an impact on 
these NCDs (Fig. 3). Firstly, research has suggested that any degree 
of poor mental health appears to increase the risk of developing 
asthma (61). Meanwhile, individuals with asthma or asthma–obes-
ity seem to experience poorer social and mental health and higher 
rates of tobacco use (62). Secondly, “Sedentary behavior” is also as-
sociated with the exacerbation of obesity and asthma. A lack of 
physical activity has been confirmed to increase the risk of obesity 
(63). Besides, asthma patients engage in significantly less physical 
exercise (64). Thirdly, “Binge drinking” increases the risk of obesity 
as drinkers often socialize and dine out more frequently. This be-
havior may lead to increased consumption of high-salt, high-fat, 
high-calorie foods (65), which have a negative impact on asthma 
(54). It is noteworthy that the data for the year 2020 indicate that 
obesity had the highest prevalence (Fig. 1). This underscores the 
importance of obesity as a pressing public health issue in the 
United States and suggests that obesity may potentially become 
the leading cause of increased prevalence of NCDs such as CVD 
and diabetes in the future.

In community 4, we observed a MCC pattern of depression- 
stroke. Current research revealed that post-stroke depression oc-
curs in approximately half of stroke patients (66). Acute stroke is a 
stressful event that increases the secretion of glucocorticoids, 
which in turn leads to neurotransmitter abnormalities and in-
creases the risk of depression (67). Additionally, massive meta- 
analysis results have shown that the risk of first-time stroke in 
the general population was increased by 40% due to depression 
(68). This occurs because depression may hinder the pursuit of 
treatment in patients with MCC, such as promptly seeking medic-
al attention, adhering to medication regimens, and adopting 
healthy behaviors (69). These negative behaviors will raise the 
susceptibility to comorbidities in these NCDs. Therefore, the 
treatment of depression should be considered as a crucial aspect 
of stroke prevention. On the other hand, we observed that “Poor 
mental health,” “Ageing population,” and “Sleep deficiency” have 
different degrees of influence on the prevalence of these NCDs 
(Fig. 3). Firstly, research demonstrated that younger stroke survi-
vors were more likely to experience depressive symptoms (70). 
Results from OLS show a particularly strong negative association 
between the prevalence of depression and the proportion of 
the population aged ≥65 years, aligning with the findings of 
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several studies (71). However, the clustering risk of stroke with de-
pression shows a tendency to escalate with advancing age (72). 
This phenomenon may be explained by the fact that younger indi-
viduals often experience high levels of employment and parenting 
demands which in turn may increase their risk of developing 
depression, this interpretation aligns with the understanding 
that various stressors, including those related to employment 
and familial responsibilities, can collectively impact mental 
health outcomes (73). Moreover, research shows that older indi-
viduals may be more accepting of the inevitability of physical ill-
nesses compared with younger individuals, potentially buffering 
the negative effects of physical illnesses on depression (74). 
Secondly, numerous pieces of evidence suggested an intricate re-
lationship between stroke and sleep (75, 76). A shorter duration of 
sleep before a stroke has been associated with an increased likeli-
hood of post-stroke depression (77). Since stroke can disrupt the 
central nervous system, it often leads to changes in brain activity, 
brain function, and sleep structure (78).

The findings of this study reveal that NCDs like arthritis, 
asthma, stroke, and hypertension are prevalent in multiple com-
munities. Through an assessment of node significance, we have 
identified CHD, CKD, and diabetes as exhibiting both strong node 
strength and significant impact on disease. Accordingly, we classify 
CHD, CKD, and diabetes as core diseases. Besides, arthritis, asthma, 
stroke, and hypertension are categorized as bridge diseases.

Our findings are consistent with existing literature describing 
MCC at the individual level. Ward and Schiller used the National 
Health Interview Survey to examine common dyad and triad com-
binations of ten diseases, highlighting hypertension–arthritis as 
the most common dyadic combination (3), which is similar to 
the patterns observed in our identified comorbidity community 
2. Additionally, Schiltz provided significant insights into the 
prevalence and outcomes associated with specific MCC patterns 
through individual-level survey data. Their research, which repre-
sents one of the most comprehensive population-based studies in 
the United States to date, cataloged 223 distinct chronic disease 
patterns, including 74 dyadic, 115 triadic, and 34 quadric combi-
nations (79). When we compared their findings to the four co-
morbidity communities we identified, our results showed a high 
degree of concordance with the top 50% of specific MCC combina-
tions ranked in Schiltz’s paper.

However, it’s essential to acknowledge certain limitations in-
herent in our research. Firstly, all the analyses in this study are 
limited by the threat of ecological fallacies. Because we use aggre-
gated variables at the county level, without accounting for 
individual-level factors. To mitigate this limitation, future re-
search should conduct analyses at the individual level to confirm 
if the results are consistent with those obtained at the county lev-
el. Secondly, even though the analysis indicates an association be-
tween specific risk factors such as “Smoking” and “Sedentary 
behavior” with a high prevalence of NCDs, the findings cannot es-
tablish causal relationships. NCDs are intricate and interrelated, 
resulting from a combination of environmental, genetic, and oth-
er factors. With the continuous advancement of data mining tech-
niques and the availability of various types of data sources such as 
remote sensing images, environmental auditing, and sample sur-
vey, future research should explore methods to integrate these 
datasets with the statistical data we used in the study. This inte-
gration could facilitate the simulation of residents’ living 
environments, genetic histories, lifestyles, and other relevant in-
formation. Furthermore, the application of data-driven methods 
could offer a more accurate understanding of the underlying 
causes of NCDs. Lastly, it’s important to note that our analysis 

did not account for time lag effects. NCDs often result from 
long-term exposure to risk factors, exhibiting lagged and long- 
term characteristics. To remedy this limitation, future research 
should involve longitudinal analysis into the current methodology 
framework. In the future, we intend to use the Generalized Linear 
Mixed model to explore the associations between regional human, 
social, and economic disparities and the spatiotemporal hetero-
geneity of NCDs. Additionally, considering that county-level 
data may exhibit significant spatial effects in their distribution, 
future research could combine spatial analysis with network ana-
lysis. Specifically, the distribution patterns of MCC in the popula-
tion can be explored by calculating the Local Colocation Quotient 
(80). This multidimensional approach could capture the mecha-
nisms of disease clustering and reveal the co-occurrence relation-
ships of NCDs in different geographic areas.

Conclusion
In summary, this comprehensive nationwide study of the US adult 
population has yielded crucial insights into up to 12 NCDs and 10 
risk factors related to MCC. It is noteworthy that this subject re-
mains relatively unexplored in existing research. The primary ob-
jective of this study is to explore the interrelationships between 
NCDs and risk factors contributing to the occurrence of MCC in 
a region. Therefore, two distinct networks were established for 
this purpose: one dedicated to disease–disease associations, and 
the other to disease–influencer associations. Subsequently, these 
networks were integrated into a MCC network, which was then 
subjected to a thorough network analysis. Ultimately, the NCDs 
were classified according to their specific roles in the integrated 
MCC network.

In the present study, we reported that a specific distribution pat-
tern in the correlation of NCDs and various risk factors has differ-
ent effects on the patterns of MCC. These findings not only hold 
practical implications for guiding NCDs prevention and treatment 
but also provide valuable insights for developing improved medical 
and intervention strategies. Firstly, from the perspective of cost- 
effectiveness, our results can assist policymakers in optimizing re-
source allocation. Strategic healthcare workforce planning, precise 
hospital resource allocation, and targeted research funding are im-
perative for populations at the highest risk of MCC, thereby allevi-
ating the economic burden. Secondly, improving patient care and 
health outcomes is imperative. Recognizing the interrelationships 
between diseases can significantly enhance disease management 
and empower healthcare professionals to craft holistic treatment 
plans, yielding better patient outcomes. Thirdly, governments 
should pay more attention to preventive measures and early inter-
vention. Identifying shared risk factors and root causes plays a piv-
otal role in preventing and addressing chronic diseases proactively. 
Fourthly, governments should elevate public awareness of MCC by 
educating patients on the intricate connections between NCDs and 
encouraging them to play a more active role in their healthcare 
management. Lastly, our results can inform governments in refin-
ing healthcare policies and promoting health equity. Policymakers 
can leverage data on MCC patterns and risk factors to shape 
evidence-based healthcare policies.

This research significantly advances our understanding of MCC 
and represents a substantial breakthrough in quantifying the bur-
den of multiple NCDs. Moreover, it offers a foundation for devel-
oping a more harmonized and standardized approach to 
addressing the various types of MCC. Our objective is to apply 
comparable methods to address other public health challenges 
in different countries.
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Materials and methods
Data
We performed a secondary data analysis of the nationwide preva-
lence of NCDs using county-level population health outcome data 
from the 2020 PLACES project in the United States. This dataset 
estimates age-adjusted NCD prevalence for 3,143 counties 
through a small area estimation approach, derived from state- 
level individual data provided by the Behavioral Risk Factor 
Surveillance System (BRFSS). The BRFSS is a large monitoring da-
taset on behavioral risk factors collected by the Centers for 
Disease Control and Prevention (CDC). The CDC utilized a com-
plex sampling design that included both landline and cell phone 
respondents to ensure a representative sample of the US popula-
tion. These data are based on self-reports from respondents and 
include answers to questions about smoking, drinking, physical 
activity, and health-related lifestyles. Compared with nationwide 
survey results, these data offer higher reliability and accuracy 
(81). The PLACES project data we analyzed expands the geograph-
ic coverage of the BRFSS from the state level to the county level, 
encompassing respondents aged 18 and older from all 50 states 
and 3,143 counties in the United States. This study focused on 
11 chronic conditions (including arthritis, hypertension, cancer, 
asthma, CHD, COPD, depression, diabetes, high cholesterol, 
CKD, and stroke) from a list of 20 identified by the US 
Department of Health and Human Services (HHS). This selection 
ensures a consistent and standardized approach to measuring 
the occurrence of chronic conditions (82). Additionally, we also in-
cluded obesity in our analysis of MCC due to its widespread preva-
lence nationwide and the accessibility of its data. Besides, obesity 
aligns with the HHS definition of a NCD as “conditions that last a 
year or more and require ongoing medical attention and/or limit 
activities of daily living (82).” Figure 1 depicts the distribution of 
prevalence data (age-adjusted) for these NCDs, the vertical axis 
represents prevalence rates, and the plot’s area size indicates 
the number of US counties falling within specific prevalence 
rate ranges.

Previous studies have reported that NCDs are affected by a var-
iety of biological, psychological, and social factors (4). As a result, 
we selected a total of 10 explanatory variables related to the 
prevalence of NCDs (10, 17, 83–86). These variables cover biologic-
al, psychological, socioeconomic, and behavioral aspects, repre-
senting potential risk factors for NCDs. These covariates are 
sourced from various data repositories, including the Social 
Vulnerability Index (SVI) database and the PLACES database. 
More precisely, the SVI database provides data on three biological 
factor variables and economic factors within socio-environmental 
parameters. These data are summarized based on the American 
Community Survey 2017–2021 or 2016–2020 estimates. 
Furthermore, the PLACES database provides information on lifestyle 
behavioral factors, health status data, and socio-environmental fac-
tors measures, using small-area estimation methods.

Considering the outbreak of the COVID-19 pandemic in March 
2020, the dataset used in this study includes data from both before 
and after the pandemic outbreak, as it does not break down to the 
specific month of collection. This cross-sectional analysis is lim-
ited to the 2020 dataset. To evaluate the pandemic’s potential in-
fluence, we additionally collected data for 2019 and 2021. By 
comparing the prevalence of NCDs across three years, we found 
no significant differences in the 2020 data. This suggests that 
the impact of the pandemic on the distribution of the study data 
was minimal.

The data are collected at the county level from the CDC in the 
United States. This dataset not only offers a more precise depic-
tion of the distribution trends of various risk factors but also pro-
vides essential data support for constructing the network model 
in subsequent analyses. Table 1 presents the classification and 
statistical characteristics of the risk factors dataset, where the 
numbers represent the percentage of individuals relative to the 
total population.

MCC network construction
To comprehensively reveal underlying mechanisms of MCC in the 
United States, we constructed two distinct networks using 
Pearson correlation analysis and OLS. Subsequently, we amalga-
mated these networks to form an integrated MCC network model. 
This model enables the investigation of interactions between 
NCDs and their associations with risk factors. Through this ap-
proach, we explore MCC patterns which offer theoretical and 
data support for the development of management and prevention 
strategies for multiple NCDs clusters.

Monomodal network of disease–disease 
associations
We utilize Pearson correlation analysis to identify relevant pairs 
of NCDs. Subsequently, we construct a monomodal network of 
disease–disease associations based on these results. The network 
is denoted as G = (D, EDD), where D represents the set of NCDs, and 
EDD represents the set of edges that signify the degrees of correla-
tions between NCDs. These edges are defined by the adjacency 
matrix A = {aij}, as described in formula (1). The interconnections 
between NCDs are visually presented by complex network visual-
ization technique to lay the groundwork for identifying MCC 
patterns.

aij =
wij; The value of the correlation coefficient between

disease i and disease j.
0; Disease iand disease jare unrelated.

⎧
⎪⎨

⎪⎩ (1) 

Multimodal network of disease–influencer 
associations
In order to explore the correlation between different NCDs and 
risk factors across the United States, we employed the OLS mod-
el within a multimodal network. In the OLS model, we desig-
nated the prevalence of NCDs as the response variable and 
the risk factors as the explanatory variables. This network en-
compasses two distinct types of nodes and edges, denoted as 
F = (D, U, EDU), where D, U, and EDU respectively represent the set 
of NCDs, risk factors, and the value of the regression coefficient ob-
tained from the OLS model.

The multimodal network diagram is illustrated in Fig. 4. It is 
worth noting that disease nodes are only connected to risk factor 
nodes, and no connections are established between disease nodes, 
similarly for influence nodes.

Integration of MCC network
In order to incorporate the risk factors of NCDs into the contribu-
tors of MCC, we merged the two networks that were previously 
built to construct the integrated MCC network. This network in-
cludes two dimensions of relationships: one is the connections be-
tween NCDs, and the other is the associations between different 
NCDs and risk factors. Furthermore, we apply node identification 
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algorithms in the MCC network that make use of recognizing over-
lapping nodes to reveal community structures characterized by 
close interconnections and shared attributes. This approach al-
lows for the elucidation of the structural attributes of each com-
munity, defining distinct MCC patterns more effectively across 
distinct population groups.

Based on the associations of disease–disease and disease–influ-
encer, we established edges both among NCDs and between NCDs 
and associated risk factors. As a result, we created an integrated 
MCC network consisting of sets of disease nodes and risk factor 
nodes. The MCC network diagram is illustrated in Fig. 5.

Network analysis of MCC network
Overlapping node recognition algorithm
The Local Fitness Maximization (LFM) algorithm can simultan-
eously discover overlapping communities and hierarchical struc-
tures (87). This algorithm assesses the suitability of adding nodes 
to a local community through a fitness function that measures the 
rationality of the community partition. We used the LFM algo-
rithm for identifying community structures without sacrificing 
any data within the integrated MCC network. The implementation 
process of the LFM is as follows:

Begin by randomly selecting a node that has not been assigned 
to any community. This selected node is then added as a seed 
node to form a new community.

Next, we extend the community by iterating through each node 
i in the neighboring node set of the community. For each node, we 
calculate the difference between the fitness functions of two com-
munities. One community included node i (denoted as {G + i}), and 
the other excluded node i (denoted as {G − i}). We indicate this dis-
tinction as f′ G = fG+i − fG−i. Once we calculate this value for all no-
des in the set, we add the node with the highest f′ G value to the 
community G. Then, we used this newly added node as a seed 
node. We repeated the process until the fitness function stopped 
increasing, representing the end of the community G expansion. 
The calculation of the fitness function for community G is as 
shown in formula (2).

fG =
kG

in

(kG
in + kG

out )
α . (2) 

The variables kG
in and kG

out respectively represent the internal and 

external degrees of the community. The internal degree of a com-
munity is equal to twice the number of internal edges within the 
community. While, the external degree is equal to the number 
of edges connecting nodes in the community to nodes located out-
side the community. The real number parameter α is used to con-
trol the size of the communities. Decreasing the value of α results 
in the partitioning of larger-sized communities.

Finally, to enhance the quality of results, we merge similar 
communities. During the process of community expansion, 

Fig. 4. Schematic representation of multimodal network construction.

Fig. 5. Schematic representation of MCC network construction.
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multiple communities may share many common nodes. In order 
to optimize the result of overlapping communities, a method is in-
troduced for calculating the similarity S between the nodes of the 
communities (88). Formula (3) defines S by considering the propor-
tion of overlapping nodes in both communities and the size of the 
smaller communities. If the calculated value of S is greater than 
the preset threshold β, it would be recommended to merge those 
communities. This leads to the final result of overlapping commu-
nity partitioning.

S(G1, G2) =
|G1 ∩ G2|

min (|G1|, |G2|)
. (3) 

In formula (3), the variables G1 and G2 represent different commu-
nities. The variable |G1 ∩ G2| indicates the number of overlapping 
nodes that are shared between G1 and G2. |G1| and |G2| respectively 
represent the total number of nodes in G1 and G2. Additionally, 
min(|G1 ∩ G2|) stands for the minimum number of nodes between 
G1 and G2.

Nodal importance analysis
In complex networks, a node’s influence is not only determined by 
its own weight but also by the influence of its neighboring nodes. 
We introduce two metrics to analyze the importance of network 
nodes.

The first metric is node strength. It is defined as the sum of the 
weights of all edges connected to the node. The calculation meth-
od is shown in formula (4).

Di =


j∈Γ(i)
Aij. (4) 

In formula (4), Di represents the degree of node i. Aij represents the 
weight of the edge connecting nodes i and j. Γ(i) represents the set 
of neighboring nodes of node i.

The second metric is node influence. It is defined as the influ-
ence of a node on the surrounding network. The calculation 

method is shown in formula (5).

NIi =


j∈Γ(i)

Aij

Dj
. (5) 

We intend to define and categorize disease roles by evaluating the 
significance of disease nodes within the MCC network (Fig. 6). This 
classification enhances our understanding of the relationships be-
tween NCDs and provides valuable insights into the evolution and 
prevention of these diseases. Specifically, NCDs are classified into 
three distinct groups based on the evaluation of node strength, 
node influence, and community partitioning results. Core diseases 
are characterized by their large connection sizes and high influ-
ence within the MCC network. They typically involve a substantial 
portion of the disease nodes in their respective communities. As 
crucial components of the overall disease network, core diseases 
play a critical role in its functioning. Bridge diseases belong to mul-
tiple communities in the MCC network. Although their connection 
sizes are smaller than those of the core diseases, they are instru-
mental in facilitating the development of MCC across communi-
ties by serving as connectors between different communities. 
General diseases are characterized by relatively small connection 
sizes and influence within the MCC network. They generally do 
not belong to multiple communities and only connect to a limited 
fraction of nodes or to nodes with lower node strengths in the 
network.
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