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Abstract
Background
This study used Thai Cohort Study (TCS) data to investigate the spatial and sociodemographic determinants of multimorbidity (two or more chronic conditions coexistence on one person) prevalence in Thailand in 2013.

Methods
Crude and age-adjusted prevalence were calculated for each province. Hotspot analysis was conducted to identify regions with statistically significant hotspots and cold spots, including areas without significant clustering. Then, ordinal logistic regression was used to identify sociodemographic background variables that predict hotpots.

Results
The highest age-adjusted provincial level prevalence of multimorbidity was in Sing Buri (18.26%). Sak Lek District in Phichit Province also had the highest age-adjusted district level prevalence of multimorbidity at 37.13%. The cold spots region in crude and age-adjusted prevalence of multimorbidity were clustered in Southern Thailand. Forty-eight districts were identified as hotspots in both crude and age-adjusted multimorbidity prevalence, 19 of which are in Bangkok (the capital). Population density (person/km2, odd ratio, provincial level: OR:1.00, 95% CI: 1.00–1.01; district level: OR: 1.01, 95% CI: 1.00–1.01), Aging index (provincial level: OR:1.03, 95% CI: 1.01–1.04; district level: OR: 1.01, 95% CI: 1.00–1.01), and average educational years (provincial level: OR:1.92, 95% CI: 1.07–3.48; district level: OR: 1.27, 95% CI: 1.02–2.26) were greater in hot spots areas.

Conclusion
This study shows that the prevalence of multimorbidity in Thailand is positively correlated with the degree of development of the region. Spatial cluster analysis provides new evidence for policymakers to design tailored interventions to target multimorbidity and allocate health resources to areas of unmet need.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s13690-025-01605-4.
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	Text box 1. Contributions to literature

	• There is limited evidence on multimorbidity and its prevalence in developing countries is lacking.

	• Spatial analysis and quantifying socio-demographic background factors confirm that the places with high prevalence of multimorbidity in Thailand are concentrated in developed areas such as the capital.

	• Prevention and intervention treatment of multimorbidity specified by regional prevalence differences are necessary.




Introduction
Multimorbidity, defined as the coexistence of two or more chronic diseases in an individual, is becoming increasingly common with global population ageing [1]. It leads to reduced physical functioning and quality of life, increased healthcare costs and disease burden, and a higher risk of disability and mortality in adults [2]. Consequently, multimorbidity has emerged as a major challenge to global public health [3].
The prevalence of multimorbidity is not uniformly distributed across geographical regions. Spatial analyses play a critical role in understanding health conditions across different areas by providing insights into the social and environmental determinants of disease prevalence [4]. When applied to multimorbidity, spatial analysis helps identify geographic clusters with elevated prevalence and evaluates the contextual and environmental factors contributing to these patterns [5].
Similar to many low- and middle-income countries (LMICs), Thailand is undergoing a health transition, with the rising prevalence of multimorbidity driven by demographic shifts, lifestyle changes, and urbanization, posing significant challenges to the healthcare system [3]. For instance, multimorbidity may be more prevalent in economically developed regions [4, 6]. However, few studies have investigated its spatial distribution within Thailand [6]. Understanding this distribution is essential for identifying high-risk areas, assessing environmental risk factors, and developing targeted interventions for affected populations [6–8].
Spatial analysis of multimorbidity can inform evidence-based decision-making by pinpointing “hotspot” areas where interventions can be prioritized to optimize healthcare delivery and resource allocation [9, 10]. Furthermore, understanding the spatial distribution of multimorbidity supports the development of context-specific policies and strategies tailored to the unique challenges of different regions [11]. The aim of this study is twofold: (1) to examine the geographic variation of multimorbidity in Thailand, and (2) to quantify the potential impact of socio-demographic contextual factors on areas with a higher risk of multimorbidity. We hypothesize that the distribution of multimorbidity is not random but shows distinct geographic clustering, with higher prevalence in areas characterized by specific socio-demographic attributes.

Methods
The study population
The Thai Cohort Study (TCS) is a nationwide project aimed at investigating Thailand's ongoing health risk transition, which refers to the shift in disease burden from infectious diseases to non-communicable diseases (NCDs). Launched in 2005, the project has successfully enlisted over 87,000 individuals who initially enrolled at Sukhothai Thammathirat Open University (STOU) in Thailand [12, 13]. The participants in this study were drawn from across the country and spanned an age range of 15 to 87 years at baseline. These respondents were reasonably representative of both STOU's student population and the broader Thai population in terms of median age, income, regional distribution and ethnic diversity [14]. However, it's worth noting that this cohort displayed a lower mean age (around 41 years old) and boasted a higher level of education compared to the average adult population in Thailand [15]. Additionally, a larger proportion of STOU students were residing in urban areas [15].

Study design and data collection
Data were collected through three mailed questionnaires. The first was in 2005 (baseline) and the follow-up surveys were in 2009 (midpoint) and 2013 (endpoint). At each round of follow-up, approximately 70% of cohort members were retained in the study [14, 15]. The present study is a cross-sectional study based on the 2013 mailed questionnaire, which surveyed a total of 42,785 respondents to obtain district (second administrative level) and province (first administrative level) information from their home addresses [14, 15].

The definition of multimorbidity
In this research, multimorbidity refers to the concurrent presence of two or more chronic diseases in an individual. This widely adopted definition is commonly used in epidemiological studies [15]. During the 2013 follow-up survey, respondents were asked if a physician had diagnosed them with any of eleven specified diseases. A"yes"response indicated the presence of these conditions, while"no"denoted their absence [15]. These eleven diseases encompassed diabetes, high cholesterol, hypertension, ischemic (coronary) heart disease, stroke, kidney disease, liver cancer, lung cancer, stomach cancer, colon cancer, and breast cancer. Additionally, participants provided their height and weight, allowing for the calculation of the body mass index (BMI) [15]. BMI values were classified based on the specific cut-off for Asian populations, where individuals with a BMI over 25 kg/m2 were considered obese, following the World Health Organization (WHO) recommendations for this group [16]. Therefore, multimorbidity was determined when an individual reported"yes"for two or more of these twelve conditions (which included obesity) [15, 16].

Spatial data
The administrative boundaries, used as the spatial unit of analysis were downloaded from the Human Data Exchange-Thailand—Subnational Administrative Boundaries [17]. The province level is the first administrative level in Thailand, with 76 in total. Bangkok, as the capital, is the special administrative area and is not classified as a province (Bangkok has 50 districts). The second administrative level is the districts, of which there are 878 (the 50 districts of the capital being not included) [18].
To improve accuracy, we only analysed multimorbidity prevalence in Provinces or Districts where 6 or more TCS participants resided [18]. All Thai provinces (including the Capital Special Administrative Region) had more than five participants, but only 870 of the 928 districts (including the 50 districts in capital) had more than five participants. We listed the 58 districts with less than or equal to 5 participants as blank.

Age-adjusted multimorbidity prevalence
Due to data limitations and differences in age structure between the Thai Cohort Study (TCS) and the national population, we calculated both crude and age-standardized multimorbidity prevalence at the district and provincial levels [4, 18]. Age-standardized prevalence was derived using demographic data from the 2013 Thai capital region, provinces, and districts obtained from the National Statistics Office [19] and Official registration systems [20]. We first calculated the percentage of the population in each age group based on national data. Then, the crude prevalence of multimorbidity for each age group within the TCS sample across capital areas, provinces, and districts was standardized using the national age structure. Specifically, the crude prevalence for each age group in the TCS was multiplied by the corresponding population proportion from national data, and the results were summed to obtain the age-adjusted prevalence [4]. These adjusted and crude prevalence estimates were subsequently mapped using ArcGIS Pro 2.6 (ESRI, Redlands, CA).

Spatial analysis of multimorbidity
Spatial Autocorrelation (Global Moran's I)
The Global Moran's I statistic was used to assess whether there was a clustering of multimorbidity prevalence across districts and provinces in Thailand. The null hypothesis was that multimorbidity was randomly distributed across districts and provinces. The Global Moran's I value generally ranged from − 1 (perfect dispersion) to + 1 (perfect clustering). The Global Moran's I value would be used in conjunction with the G statistic to provide a better understanding of local spatial patterns [4, 18, 21].

High/Low Clustering (Getis-Ord General G)
Since Global Moran's I can assess spatial autocorrelation but cannot specifically determine high or low clustering, the Getis-Ord General G index is used to better identify the clustering of spatial data. In other words, Getis-Ord General G examines whether districts and provinces with similar multimorbidity prevalence are spatially clustered together. Similar to Global Moran's I, the Getis-Ord General G value ranges from − 1 to 0, indicating low clustering (areas with dissimilar prevalence), and from 0 to + 1, indicating high clustering (areas with similar prevalence). A value of 0 represents randomness, meaning no significant clustering is present [4, 18, 21].

Hotspot analysis (Getis-Ord Gi*)
The study utilized the Getis-Ord Gi* statistic in conducting Hotspot analysis to pinpoint statistically significant areas of multimorbidity prevalence within Thailand's districts and provinces. Within this context, a hotspot indicated a cluster of high prevalence (indicated by shades of red on map), while a cold spot denoted a cluster of low prevalence (indicated by shades of blue on map). The adjacent regions that are not statistically significant were displayed in white on the map [18, 22]. Spatial weights were assigned using contiguity edges corners technique. Contiguity defines neighbouring polygons as those touching each other, including polygons that share edges or corners, which are considered neighbours in the analysis. To address variations in neighbour counts among features, the study used row standardization to create proportional weights [18].


Statistical analysis
We used ordinal logistic regression to investigate the impact of socio-demographic contextual factors, including population density (persons/km2) [17, 23], aging index (an indicator comparing the ratio of elderly population (aged 60 and above) to child population (under 15 years old)) [19, 20], monthly average income per household (Baht) [19, 24–26], average annual personal income (Baht) [25–28], the poverty line (expenditure, Baht) [19, 24–26], average years of education [24, 28, 29], and housing density (n/km2) [24, 26, 28] on the adjusted prevalence of multimorbidity hotspot areas. Ordinal logistic regression was chosen because the dependent variables (the geographic classification of multimorbidity hotspots), is inherently ordinal, with “2” representing hot spots, “1” for non-significant areas, and “0” for cold spots. This method allowed us to examine the impact of these contextual indicators on hot spots, cold spots, and non-significant areas. Comparing to ordinal logistic regression, the logistic regression with binary outcome would collapse categories, losing important information, while multinomial logistic regression treats categories as unordered, ignoring their natural progression. As for spatial autoregressive models, they were not necessary for our study as our dependent variable is ordinal, not continuous. Our focus is on examining socio-demographic factors influencing multimorbidity hotspots, rather than spatial dependence between regions. And we have already used hotspot analysis to capture the spatial distribution. These contextual indicators for 2013, at the provincial and/or district level, were obtained from the website of the Thai government and relevant authorities. The analysis was performed using Stata statistical software (version 16.0, Stata Corp, College Station, Texas, USA).


Results
The characteristics of members in Thai Cohort Study (TCS)
Table 1 presents the characteristics of the 2013 Thai Cohort Study (TCS), which included 42,785 members, with more females (23,455) than males (19,330). The largest age group was under 39 years (51.3%). Fewer people were single (36.0%) than living with partners (64.0%). The East region had the lowest population (8.0%). About 79.7% had some university education. Regarding income, 9.6% earned less than 7,000 Baht per month, while 69.2% lived in households earning over 20,000 Baht monthly.
Table 1Demographic and health characteristics of individuals in Thai Cohort Study (TCS) in 2013


	Factors
	N
	Percent (%)

	Participants
	42,785
	100

	Age (years) means (SD)
	40.50 (8.5)

	Gender

	 Male
	19,330
	45.2

	 Female
	23,455
	54.8

	Age groups (years)

	  ≤ 39
	21,938
	51.3

	 40–59
	19,876
	46.5

	  ≥ 60
	971
	2.3

	Marital status

	 Living with partner
	26,987
	64.0

	 Single
	15,167
	36.0

	Geographic regions

	 Bangkok
	6742
	15.8

	 Central
	9684
	22.6

	 North
	8592
	20.1

	 Northeast
	8965
	21.0

	 East
	3431
	8.0

	 South
	5371
	12.6

	Socioeconomic status

	Educational level

	 Junior school
	372
	0.90

	 High school
	5436
	12.8

	 Diploma
	2814
	6.6

	 University
	33,940
	79.7

	Monthly personal income (Baht) (1 US dollar ≈ 35 Baht in 2013)

	  ≤ 7000
	4080
	9.60

	 7001–10 000
	5320
	12.6

	 10 001–20 000
	15,834
	37.4

	  ≥ 20 001
	17,087
	40.4

	Monthly household income (Baht)

	  ≤ 7000
	2608
	6.2

	 7001–10 000
	2670
	6.3

	 10 001–20 000
	7748
	18.3

	  ≥ 20 001
	29,271
	69.2





Spatial analysis of multimorbidity prevalence
The crude prevalence of multimorbidity by province (Fig. 1A) showed that 47 provinces have a crude prevalence of less than 10%, with the lowest being Ranong Province at 3.51%, and the highest being Sing Buri Province at 15.82%. As for the crude prevalence of multimorbidity in districts (Fig. 1C), 178 districts had zero crude prevalence rate, while Don Chedi District in Suphan Buri Province had the highest crude prevalence of multimorbidity at about 54.55%.[image: ]
Fig. 1Geographic distribution of multimorbidity prevalence in Thai Cohort Study (TCS) in 2013. Figure 1 A Crude prevalence of multimorbidity by provinces in TCS; Fig. 1B Age-adjusted prevalence of multimorbidity by provinces in TCS; Fig. 1 C Crude prevalence of multimorbidity by districts in TCS and Fig. 1D Age-adjusted prevalence of multimorbidity by districts in TCS


In terms of the age-adjusted prevalence of multimorbidity, Fig. 1B indicated that the highest prevalence was Sing Buri Province (18.26%), but the lowest age-adjusted prevalence of multimorbidity was Ranong Province (2.20%). Sak Lek district in Phichit Province had the highest age-adjusted prevalence of multimorbidity at 37.13% but there were also 178 districts with zero age-adjusted prevalence of multimorbidity (Fig. 1D).

The spatial analysis
In assessing the spatial autocorrelation of multimorbidity by province and district, the Global Moran's I test revealed statistically significant clustering patterns (p < 0.05) between provinces and districts in both crude (provinces: Moran’s I: 0.19, z-score: 2.69, p < 0.05; districts: Moran’s I: 0.09, z-score: 3.90, p < 0.001) and age-adjusted prevalence (provinces: Moran’s I: 0.11, z-score: 1.72, p < 0.1; districts: Moran’s I: 0.11, z-score: 5.22, p < 0.001) of multimorbidity.
Getis-Ord General G (High/Low Clustering) test showed the similar results with the Global Moran's I test. The pattern of crude and age-adjusted prevalence of multimorbidity in provinces (crude: Observed General G: 0.06, z-score: 2.45, p < 0.05; age-adjusted: Observed General G: 0.06, z-score: 2.05, p < 0.05) and districts (crude: Observed General G: 0.001, z-score: 4.33, p < 0.001; Observed General G: 0.001, z-score: 6.21, p < 0.001) would be high-clustering.
Hotspot analysis (Getis-Ord Gi*) was used to identify statistically significant areas with higher rates of multimorbidity, referred to as “hotspots”. Hotspot is defined as a geographic area with a significantly higher prevalence of multimorbidity compared to its surroundings. Statistically significant hotspots were identified in Nonthaburi, Ang Thong, Sing Buri, Chai Nat and Nakhon Pathom provinces for both crude (Fig. 2A) and age-adjusted (Fig. 2B) multimorbidity prevalence. Statistically significant cold spots were identified in Krabi, Phangnga, Surat Thani, Ranong, Pattani, Yala and Narathiwat provinces, all of which are located in Southern Thailand. These provinces were consistently identified as cold spot regions in both crude (Fig. 2C) and age-adjusted analyses (Fig. 2D). Forty-eight districts were identified as both hotspots for crude and age-adjusted multimorbidity prevalence, 19 of which are located in Bangkok. Additionally, 30 districts were identified as cold spots.[image: ]
Fig. 2The Hotspot analysis (Getis-Ord Gi) of multimorbidity prevalence in Thai Cohort Study (TCS) in 2013. Figure 2 A The Hotspot analysis (Getis-Ord Gi*) of crude prevalence by provinces in TCS; Fig. 2B The Hotspot analysis (Getis-Ord Gi*) of age-adjusted prevalence by provinces in TCS; Fig. 2 C The Hotspot analysis (Getis-Ord Gi*) of crude prevalence by districts in TCS and Fig. 2D The Hotspot analysis (Getis-Ord Gi*) of age-adjusted prevalence by districts in TCS



The analysis of ordinal logistic regression
The population density (odd ratio, provincial level: OR:1.00, 95% CI: 1.00–1.01; district level: OR: 1.01, 95% CI: 1.00–1.01), the ageing index (provincial level: OR:1.03, 95% CI: 1.01–1.04; district level: OR: 1.01, 95% CI: 1.00–1.01), and average educational years (provincial level: OR:1.92, 95% CI: 1.07–3.48; district level: OR: 1.27, 95% CI: 1.02–2.26) were greater in hotspot places (see Table 2). However, in Supplementary Table 1, in crude multimorbidity prevalence, only the aging index in hot spots was associated with higher multimorbidity prevalence at the provincial level (OR: 1.02, 95% CI: 1.01–1.05) and the district level (OR: 1.03, 95% CI: 1.02–1.07). In addition, monthly average income per household (Baht) (OR:1.01, 95% CI: 1.00–1.03) would be greater in provinces (hot spots) of high age-adjusted multimorbidity prevalence (see Table 2).
Table 2Ordinal logistic regression of socio-demographic factors associated with age-adjusted multimorbidity prevalence in 2013


	 	Odd Ratio (OR*)

	Contextual socio-demographic factors
	Age-adjusted Multimorbidity prevalence (%)

	 	Provinces (95%CI**)
	Districts (95%CI)

	Population density (person/km2)
	1.00 (1.00–1.01)
	1.01 (1.00–1.01)

	Aging index***
	1.03 (1.01–1.04)
	1.01 (1.00–1.01)

	Monthly average income per household (Baht)
	1.01 (1.00–1.03)
	NA

	Average annual personal income (Baht)
	1.00 (0.99–1.00)
	1.00 (1.00–1.00)

	Poverty line (expenditure, Baht)
	1.00 (0.98–1.01)
	NA

	Average educational years
	1.92 (1.07–3.48)
	1.27 (1.02–2.26)

	House density (n/km2)
	1.01 (0.99–1.03)
	1.04 (0.97–1.06)


OR* odd ratio; 95% CI**: 95% confidential interval; OR bolding: The results of OR were statistical significance (p < 0.05); Aging index***: The aging index is an indicator that compares the substitution structure between the elderly population (aged 60 and above) and the child population (under 15 years old). NA Not available





Discussion
This study utilized data from the Thai Cohort Study (TCS) to explore the spatial variation of multimorbidity. The adjusted prevalence was found to be higher in Bangkok and metropolitan areas and lower in several southern provinces. Hotspots were mainly concentrated in Bangkok and its surrounding regions, whereas cold spots were predominantly located in the south.
We observed that multimorbidity prevalence was higher in areas with greater population density, higher household incomes, and longer average years of education. This finding suggests that more prosperous areas tend to have higher prevalence, which contrasts with some studies showing higher multimorbidity in socioeconomically disadvantaged areas [30–32]. Typically, low socioeconomic status (SES) is associated with poor living conditions, environmental pollution, and limited access to healthcare [31–33]. However, in some low- and middle-income countries, such as Kenya and South Africa [34], higher SES is linked to higher multimorbidity rates due to better access to healthcare, sedentary lifestyles, stress, and polypharmacy [33, 34].
Regions with more medical resources may also have higher rates of diagnosis and reporting, leading to a higher observed prevalence due to more comprehensive case recording [1, 35, 36]. In Thailand, disparities in wealth and healthcare access, particularly between Bangkok and other regions, may contribute to these patterns. Wealthier regions, like Bangkok, benefit from better healthcare infrastructure and thus show higher reported rates, whereas underreporting may occur in less-resourced southern regions [1, 37].
Our study identified population density, aging index, and average years of education as the three key contextual factors associated with multimorbidity hotspots, with education showing the strongest effect based on odds ratio (OR) results. These findings underscore the need for tailored prevention and management strategies, particularly in under-resourced regions [38].
Strengthens and Limitations
This study is the first to apply spatial analysis to multimorbidity using data from the Thai Cohort Study. This innovative approach provides fresh perspectives and contributes to the literature on multimorbidity prevalence. Spatial analysis offers a geographic lens to reveal differences and patterns across regions, enhancing understanding of location-based factors and informing regional healthcare interventions [4, 6].
Nonetheless, the study has some limitations. First, although the composition of TCS participants is broadly like the general Thai population, there are still differences that may limit generalizability [4]. Second, data completeness varied across regions, with some areas having missed or incomplete information on certain diseases, affecting the comprehensiveness of the analysis [12, 14, 15]. Third, potential confounding factors such as environmental or socio-economic variables, could not be fully controlled, potentially influencing the findings [4, 6]. Furthermore, due to data availability, socio-demographic information was analyzed at the provincial rather than district level, which may obscure finer-scale spatial patterns. The cross-sectional design also limits causal interpretation. Lastly, as multimorbidity diagnoses in the TCS were self-reported, the study may be subject to recall and reporting bias, which could impact data accuracy and the reliability of conclusions [12, 14, 15].

The future research
Although this study used data from 2013, the spatial patterns of multimorbidity and its associations with socio-demographic factors provide valuable insights into long-term trends. While specific health outcomes may have evolved, fundamental determinants such as population density, aging index, and education level, remain relevant [1, 4, 5]. Future research could employ hierarchical spatial models to examine cross-level interactions or variance components, offering a deeper understanding of multimorbidity distribution [6, 7]. Moreover, incorporating additional factors covering environmental exposures (e.g., air pollution), urbanization, lifestyle behaviours, and healthcare access (including the number, type, and quality of medical facilities across districts) could further enrich spatial analyses and inform targeted public health policies [4–7]. Additionally, the identification of geographic hotspots and cold spots of multimorbidity provides valuable evidence for policymakers to prioritize high-burden areas [1, 4, 15]. Such spatial insights can support more equitable distribution of healthcare resources and guide the development of region-specific prevention and management strategies [1, 4, 15].


Conclusion
The spatial analysis of multimorbidity prevalence in Thailand revealed that hotspots were concentrated in the central regions, including Bangkok, which are also economically developed areas. In contrast, cold spots were found in the relatively underdeveloped southern region. Multimorbidity was associated with higher population density, a greater aging index, and longer average years of education. Therefore, its prevalence tends to be higher in developed regions than in less developed ones. Future studies should explore additional factors in spatial analyses to gain a more comprehensive understanding of the geographic characteristics of multimorbidity, leading to improved prevention and intervention strategies.
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