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Abstract 

This study investigates the role of individual- and area-level social health factors in shaping 

geographic variation in dementia incidence among older adults in Finland. Using register data on all 

individuals born between 1935 and 1939 and residing in Finland in 2010 (N=161,909), we include 

several indicators of social health alongside key sociodemographic variables to estimate dementia 

incidence over a 10-year follow-up period. To address compositional confounding on the 

geographical comparison, we applied the Matching on Average Rank for Multiple Treatments 

(MARMoT), a matching-based method that equalizes the distribution of the key sociodemographic 

and social health characteristics across municipalities. We then used spatial scan statistics to detect 

clusters of excess dementia risk before and after this adjustment. 

Results show that, prior to adjustment, several contiguous clusters of elevated dementia risk emerged, 

particularly in eastern and southern Finland. After balancing individual-level characteristics, the 

spatial clustering pattern changed substantially: some clusters disappeared, suggesting they were 

largely driven by population composition, while others persisted or newly emerged (central-western 

Finland), indicating the influence of contextual or unmeasured factors and revealing hidden 

geographic vulnerability. 

Our findings highlight the relevance of social health for dementia prevention and demonstrate the 

importance of combining spatial and matching-based methods to disentangle compositional and 
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contextual drivers of health inequalities. This study also offers a novel application of register-based 

data for studying cognitive ageing, showing that spatially targeted policies may help reduce dementia 

risk in ageing societies. 
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Introduction 

Maintaining cognitive functioning in later life is a fundamental condition for autonomy and quality 

of life, and dementia represents one of the most pressing public health challenges in ageing societies. 

Globally, over 57 million people live with dementia, with nearly 10 million new diagnoses each year, 

making it the seventh leading cause of death and a major contributor to disability among older adults 

(WHO, 2021). 

While dementia is often perceived as an inevitable consequence of ageing, a growing body of research 

reveals substantial disparities in its incidence and prevalence across social groups and territories 

(Crimmins et al., 2018; Hudomiet et al., 2022). These disparities reflect both individual vulnerabilities 

and broader structural conditions. Socioeconomic status, education, family structure, and 

race/ethnicity are among the individual-level factors associated with dementia risk and patterns of 

diagnosis and classification (Brayne et al., 2006; Jones, 2017; Luth & Prigerson, 2022). 

Neighbourhood characteristics, service availability, and the quality of the social environment have 

been linked to contextual effects on cognitive decline (Clarke et al., 2015; Antonucci et al., 2024). 

As a result, there is growing recognition that dementia should be examined not only through 

traditional biomedical and psychological models, but also within a broader framework that accounts 

for social conditions and environmental exposures (Winblad et al., 2016; Downs, 2000). Within this 

framework, the concept of social health has gained attention as a way to capture the interplay between 

individuals and their social environments. Originally introduced by the WHO in 1946 as one of the 

three dimensions of health, social health refers to the capacity to engage in meaningful relationships, 

participate in community life, and maintain autonomy (WHO, 1946; Vernooij-Dassen and Jeon, 2016; 

Vernooij-Dassen et al. 2018). In the context of dementia research, the concept has been 

operationalised to include both individual-level indicators (e.g. marital status, living arrangements, 

social participation) and contextual-level conditions (e.g. access to services, social infrastructure, 

neighbourhood safety).  
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The relationship between social resources and cognitive functioning is well-documented in 

epidemiological research (Bellou et al., 2017; Lenart-Bugla et al., 2022). Studies consistently shown 

that individuals with higher levels of social engagement, frequent interpersonal contact, and 

participation in cognitively stimulating leisure activities tend to experience more favourable cognitive 

outcomes and exhibit a lower risk of developing dementia  (Duffner et al., 2022; Joyce et al., 2021; 

Kuiper et al., 2015; Maddock et al., 2023; Marseglia et al., 2023; Piolatto et al., 2022; Samtani et al., 

2022; Sommerlad et al., 2019; Sutin et al., 2018; van der Velpen et al., 2022; Zhou et al., 2018). In 

contrast, social isolation have been linked to accelerated cognitive decline and increased dementia 

incidence, especially among older adults (Freak-Poli et al., 2022; Ma et al., 2018; Rafnsson et al., 

2017; Sutin et al., 2018; Tsutsumimoto et al., 2017). 

At the individual level, key determinants of social health, such as marital status, household 

composition, frequency of contact with family and friends, and active participation in social or leisure 

activities, have all been associated with the maintenance of cognitive functioning in later life. These 

associations may be mediated through mechanisms such as the preservation of cognitive reserve, 

which refers to the brain’s resilience to neuropathological damage (Hahn et al., 2019; Livingston et 

al., 2020; Penninkilampi et al., 2018). 

Beyond individual ties, contextual factors also play a critical role in shaping cognitive health. These 

include physical proximity to kin, availability of support networks, and broader neighbourhood 

characteristics such as access to social infrastructures and services (Clarke et al., 2012; Michael and 

Yen, 2014; Wu et al., 2015; Finlay et al., 2021). When operating jointly or intersecting, these 

conditions may generate cumulative exposures that shape individuals’ cognitive resilience or 

vulnerability. Socially supportive environments can promote frequent social interactions and 

community engagement, thereby enhancing cognitive reserve by enabling individuals to access 

interpersonal and collective resources. In contrast, exclusionary conditions, such as limited access to 
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support, social isolation, or environmental deprivation, may undermine cognitive resilience and 

contribute to increased vulnerability to cognitive decline. 

A recent systematic review emphasizes that cumulative social disadvantages, including social 

isolation, economic hardship, and lack of meaningful roles in society, are strongly associated with 

higher dementia risk. Conversely, inclusionary conditions such as higher education, occupational 

complexity, and active social participation serve as protective buffers against cognitive decline 

(Vernooij-Dassen et al., 2021). These findings underscore the need for multidimensional frameworks 

that incorporate both individual and contextual dimensions of social health when examining the social 

determinants of dementia. 

Growing attention has also been paid to the combinations of social health indicators. Studies show 

that the co-occurrence of multiple adverse social markers, such as living alone, limited social 

participation, and infrequent communication, is associated with increased dementia risk and broader 

declines in cognitive functioning (Ma et al., 2018; Tsutsumimoto et al., 2017; Yang et al., 2018). In 

contrast, combinations of protective factors, such as active engagement in social, cognitive, and 

physical leisure activities, are associated with a reduced likelihood of cognitive impairment 

(Opdebeeck et al., 2018; Wang et al., 2017; Zhu et al., 2017). For instance, Saito et al. (2018) found 

that among adults aged 65 and older, being married, having regular contact with friends and family, 

and being employed were jointly associated with a lower risk of developing dementia.  

Despite these insights, a major analytical challenge remains: distinguishing between compositional 

effects (who lives in an area) and contextual effects (what the area is like). Many studies adjust for 

individual-level covariates through regression models but do not ensure comparability between 

geographic units in terms of population characteristics. As a result, elevated dementia incidence in a 

municipality may reflect both the concentration of high-risk individuals or the presence of place-

specific environmental risk factors. 
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To address this, we propose a dual-level analytical framework that explicitly accounts for both 

individual and contextual contributions to dementia risk. This study focuses on Finland, a country 

with both a universalistic Nordic welfare regime and exceptionally high-quality administrative 

registers. These registers provide comprehensive data on individuals' social conditions (e.g. family 

status, proximity to kin), socio-economic background, and dementia diagnoses, enabling the analysis 

of population-level patterns of cognitive vulnerability. Moreover, Finland has socio-demographic 

characteristics similar to many other European or Nordic countries, and the results can thus be 

representative of many other contexts. 

We restrict our sample to individuals born between 1935 and 1939, aged 76 to 80 at baseline in 2015, 

and dementia-free at the start of the observation period. We then observe new dementia diagnoses up 

to 2019. The outcome is measured using three register sources: health care records, medication 

purchases, and cause-of-death certificates. We distinguish between individual-level social health 

indicators, socio-demographic characteristics, and contextual characteristics at the municipal level  

In line with recent conceptualizations of social health, we assess this construct using a set of indicators 

derived from population registers. At the individual level, the selected indicators include living with 

a partner, having children, having children residing in the same municipality, and having experienced 

widowhood. These variables reflect distinct dimensions of social health, including household 

composition, marital and parental status, and relational proximity, all of which represent potential 

sources of support or relational vulnerability in later life. Together, they capture complementary 

aspects of social connectedness and exclusion that are known to influence cognitive ageing. 

Our selection was informed by a broader set of candidate variables derived from prior literature, 

including indicators of co-residence (e.g., living alone, living with children), partnership and parental 

history (e.g., widowhood, divorce, childlessness), adverse life events (e.g., recent child loss), and 

spatial proximity to kin. To ensure both conceptual clarity and statistical robustness, we conducted 

descriptive, correlational, and inferential analyses to examine collinearity and association with 
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dementia risk. We retained those variables that contributed unique and interpretable information 

across multiple dimensions of social health, while minimizing redundancy and multicollinearity. 

At the contextual level, we included four indicators capturing service provision and social 

infrastructure: the number of healthcare professionals, number of social workers, and the density of 

cultural venues and retail stores per 10,000 inhabitants. These environmental features reflect the 

broader capacity of local settings to support social inclusion, interaction, and access to care in later 

life. 

To address confounding, we employ the Matching on Poset-based Average Rank for Multiple 

Treatments (MARMoT) approach (Silan et al., 2021), a non-parametric matching method designed 

to achieve covariate balancing across a large number of groups, in this case, 230 municipalities. This 

method enables the construction of a synthetic population in which the distribution of observed 

individual-level characteristics is similar across all areas, helping to more robustly compare areas, net 

of this composition 

After balancing, we apply a spatial scan statistic to detect geographic clusters of elevated dementia 

incidence. Comparing the clustering patterns before and after adjustment allows us to identify areas 

where excess risk remains even if they had individual-level profiles similar to other areas. These 

clusters are interpreted as areas where unmeasured or contextual factors, beyond individual 

characteristics, may likely contribute to dementia risk, net of the composition of the population in 

terms of their social health. 

Specifically, we ask to what extent geographic differences in dementia incidence across Finnish 

municipalities can be explained by differences in individual-level social health and contextual 

conditions. By comparing the spatial distribution of dementia risk before and after adjusting for these 

factors, we aim to estimate how much territorial inequalities could be reduced through interventions 

addressing social health and contextual disadvantages.  
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Our contribution is twofold. First, we provide an innovative application of the MARMoT approach 

in a highly granular spatial setting, exceeding the scale of most previous applications. Second, we 

offer new evidence on how the unequal distribution of dementia may be shaped by layered forms of 

social disadvantage, highlighting areas where either context-specific interventions or interventions 

aimed at improving social health conditions may be most needed to reduce dementia risks. The 

findings have relevance for public health policy in Finland and other ageing societies with spatially 

structured inequalities.  

Comparing dementia clustering patterns before and after adjusting allows us to isolate residual risk 

and estimate the extent to which spatial inequalities might be reduced through targeted interventions 

on social health or on contextual factors. 

 

Data  

Study population 

The study population comprises all individuals residing in Finland and born between 1935 and 1939, 

identified through the Finnish Population Register. These individuals were aged 76 to 80 in 2015 and 

were followed until 2019, reaching ages 79 to 84 during the observation period. We selected this 

specific cohort for two main reasons. First, dementia diagnoses prior to 2015 are considered less 

reliable due to changes in diagnostic practices and data coverage. Second, for individuals born before 

1935, intergenerational links, such as those with adult children, are more difficult to trace in Finnish 

registers. This limitation has been acknowledged in previous research and was a criterion for the 

definition of the oldest cohorts in earlier register-based studies (Einiö et al., 2016). 

The analytical sample was further restricted to individuals living outside institutional care at baseline 

and with no recorded diagnosis or treatment for dementia prior to 2015, which serves as the baseline 

year. 
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The study population identified through the Finnish Population Register was subsequently linked to 

national administrative datasets containing comprehensive longitudinal information on municipality 

of residence, health status, and key indicators of social health, both at the individual and contextual 

level. 

 

Outcome 

Dementia is the outcome of interest, and it was identified using three complementary sources:  

1. The Care Register for Health Care (Finnish Institute for Health and Welfare), reporting 

dementia diagnosis based on ICD-10 codes (F00–F03, G30, F05.1) and ICD-9 codes (290, 

291.2, 331.0, 333.1, 437.8A, 294.1A, 298.8C). ICD-9 codes were used for diagnoses recorded 

up to 1995 and served to identify individuals free of any dementia diagnosis between 1987 

(the first year of data availability) and 1995. ICD-10 codes were used for diagnoses from 1996 

onward. 

2. The Drug Reimbursement Register (Social Insurance Institution of Finland), which tracks 

purchases of dementia-related medications based on Anatomical Therapeutic Chemical 

(ATC) code N06D. 

3. The Cause of Death Register (Statistics Finland), which records dementia as either the 

underlying or a contributing cause of death, using the same ICD codes as in the Care Register. 

a primary or contributing cause of death, using the same ICD criteria described above1. 

Dementia status in 2015 was used to define the baseline sample, ensuring that all individuals were 

dementia-free at the start of the observation period. From 2016 to 2019, dementia was treated as the 

main outcome. Individuals were classified as having dementia from the date of their first recorded 

diagnosis or prescription of dementia-related medication. Once assigned, dementia status was 

considered irreversible and remained fixed for the remainder of the follow-up period. 

 
1 Except for ICD-10 code F02, which indicates dementia in other diseases classified elsewhere. This code is not assigned 

as an underlying cause of death in mortality records and was therefore excluded from the Cause of Death data.  
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For individuals whose death certificates indicated dementia but who had no prior recorded diagnosis 

or medication use, dementia status was retrospectively assigned up to two years prior to death. This 

approach is supported by evidence suggesting that clinical symptoms typically emerge several years 

before death (Joling et al., 2020). 

To estimate the incidence of dementia, individuals were classified as either having or not having 

developed dementia by the end of the follow-up period. This classification includes both living 

individuals with a dementia diagnosis and deceased individuals for whom dementia was recorded as 

a primary or contributing cause of death. By design, all individuals included in the study were alive 

and dementia-free at baseline in 2015, aged 76 to 80. 

 

Operationalizing Social Health 

We conceptualize social health as a multidimensional construct encompassing both individual 

vulnerabilities and contextual resources that shape opportunities for social engagement, autonomy, 

and support in later life. Drawing on prior research (e.g., Vernooij-Dassen et al., 2021), we 

operationalize social health using administrative register indicators:  

● Partnership status (currently living with a partner or not); 

● Parental status (whether the individual has children); 

● Geographic proximity to children (whether at least one child resides in the same municipality); 

● History of widowhood (whether the individual has ever experienced widowhood during their 

lifetime); 

● Disability status, capturing the most common diagnostic categories used in administrative 

records to approximate long-term functional, intellectual, developmental, or sensory 

impairments relevant to the concept of disability in later life (see Appendix A for ICD codes; 

Bister et al. 2025). 

These variables reflect key dimensions of social support and relational vulnerability in later life. In 

line with our analytical strategy, they are treated as confounders, that is, individual-level 
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characteristics that may influence both the exposure (contextual environment) and the outcome 

(dementia). Accordingly, they are included in the matching procedure to ensure covariate balance 

across municipalities. Moreover, we additionally adjust for two basic socio-demographic 

characteristics: gender and educational attainment. 

At the contextual level, we include four area-level indicators reflecting local social infrastructure and 

service availability, measured per 10,000 residents in 2015: 

● Number of healthcare professionals; 

● Number of social workers; 

● Number of cultural venues (e.g., theatres, libraries, museums); 

● Number of retail stores, which serve as common sites for informal interaction. 

Healthcare and social worker indicators are derived from employment records, assigning workers to 

municipalities based on their workplace location. Cultural and retail indicators are based on the 

number of establishments in each municipality, as these locations often facilitate informal social 

interaction and community engagement. Together, these indicators approximate the social 

infrastructure of local environments. 

 

Contextual adjustment and aggregation 

Population data from 2011 to 2018 served as the basis for computing per capita rates. These rates 

were calculated using denominators derived from the total municipal population, alongside sector-

specific counts of employed individuals (in healthcare, social work, cultural, and retail sectors) and 

the number of establishments in the cultural and retail domains. 

As of 2024, Finland comprises 308 municipalities with an average population size of 18,299 

inhabitants. However, the distribution is highly skewed: the median municipal population is 5,977. 

The smallest municipality in mainland Finland is Lestijärvi (665 inhabitants), while the smallest in 

the Åland Islands is Sottunga (101 inhabitants). At the other end of the spectrum, Helsinki is by far 

the most populous municipality, with 684,018 residents in 2024. 
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To enhance the reliability of area-level comparisons, we aggregated municipalities with very small 

older populations. Municipalities with fewer than 130 residents aged 76–80 (below the first quartile) 

were merged based on spatial adjacency and demographic similarity. Adjacency was defined using a 

contiguity matrix (i.e., shared borders), and merging was guided by minimizing multidimensional 

Euclidean distances on sociodemographic characteristics relevant to aging and health: percentage 

living alone, childlessness, widowhood, proximity to children, child mortality, education, and 

presence of disability in the household. For geographically isolated areas (e.g., small islands, n = 8), 

aggregation was based on physical proximity. This procedure reduced the number of analytical units 

from 308 to 237, improving the stability and robustness of contextual analyses. 

 

Method 

Matching on Average Rank for Multiple Treatments (MARMoT) 

To identify clusters of municipalities in Finland where older adults are exposed to a higher risk of 

dementia, we applied the Matching on Average Rank for Multiple Treatments (MARMoT) approach, 

a non-parametric matching method designed to balance covariates across more than two groups in 

observational settings (Silan et al., 2021). MARMoT builds on the theory of partially ordered sets 

(poset), particularly on methods developed for estimating and approximating average ranks in such 

structures (Brüggemann and Carlsen, 2011; De Loof et al., 2011; Caperna, 2019). These methods 

allow for the derivation of a scalar summary of each individual’s characteristics, the Average Rank 

(AR), which facilitates covariate balancing across multiple groups (i.e. Finnish municipalities), by 

generating a synthetic population in which the distribution of observed characteristics is similar across 

all geographic units. 
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By equalizing the composition of populations across municipalities, MARMoT allows for a credible 

interpretation of observed differences in dementia rates as reflecting contextual effects, rather than 

underlying compositional differences in individual-level risk factors. 

The MARMoT procedure consists of the following steps: 

1. Computation of the Average Rank (AR). Individual-level characteristics, both categorical and 

binary, are summarized into a single ordinal measure, the Average Rank (AR). This score reflects 

the degree to which each individual is exposed to characteristics potentially associated with 

dementia risk or selection into specific treatment groups. 

2. Construction of a Frequency Table. A contingency matrix is generated, where rows represent 

distinct AR values and columns correspond to municipality. This table captures the distribution 

of individuals across municipalities by their AR profile.  

3. Definition of a Reference Frequency. For each AR level, a reference frequency is defined to serve 

as a benchmark across all municipalities. This ensures that municipalities are equally represented 

for each AR profile, facilitating covariate balance.  

4. Sampling to Create a Synthetic Balanced Population. Individuals are then randomly sampled 

within each municipality and AR level to match the reference frequency. This results in a synthetic 

population where the distribution of individual characteristics is balanced across municipalities. 

The procedure is implemented using the R package deloof, which provides tools for computing 

average ranks and generating the synthetic balanced dataset. 

The MARMoT approach offers several advantages for this study. First, it enables balancing across a 

large number of groups (i.e., hundreds of municipalities), without imposing parametric assumptions 

about treatment assignment. Second, it accommodates categorical and binary covariates in a 

principled and non-parametric manner. Third, it produces a synthetic population in which the 
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distribution of observed characteristics is balanced across groups, thereby strengthening the 

credibility of inferences regarding contextual effects. 

The goal of the method is to achieve comparability between groups with respect to observed 

confounders (i.e., demographic and social health characteristics), supporting the conditional 

independence (unconfoundedness) assumption required for causal inference. Unlike traditional 

resampling-based approaches, MARMoT applies a deterministic, rank-based matching strategy. It 

constructs a synthetic sample in which the distribution of observed covariates is balanced across 

multiple treatment groups. To assess the effectiveness of the matching procedure, we compute the 

Absolute Standardized Bias (ASB) for each covariate using the following formula: 

𝐴𝐵𝑆 =
|𝑋𝑡 − 𝑋 |

√𝑠𝑡
2 + 𝑠2

2

∗ 100 

where 𝑋𝑡 and 𝑋 denote the mean of covariate in the treatment group and the overall sample, 

respectively, and 𝑠𝑡
2 and  𝑠2 are the corresponding variances.  

An ASB value below 10% is typically considered indicative of adequate balance. This diagnostic 

allows us to verify that the matching procedure has successfully reduced covariate imbalance prior to 

analysing contextual effects. 

Detection of high-risk dementia clusters using spatial scan statistics 

After balancing individual-level characteristics across municipalities using the MARMoT procedure, 

we proceeded to identify spatial clusters where the incidence of dementia remained significantly 

higher than expected. This step aimed to detect residual geographic variation that may reflect 

contextual risk factors, beyond population composition in terms of demographic and social health 

characteristics. 
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To this end, we applied spatial scan statistics (SSS), a class of methods designed to identify clusters 

of adjacent areas with significantly elevated or reduced risk of an outcome. SSS systematically scans 

the study area using moving windows, testing whether the incidence of dementia within each window 

significantly differs from that outside it (Naus, 1965; Kulldorff, 1999). The output consists of one or 

more statistically significant clusters, interpreted as areas with excess risk not explained by individual 

characteristics alone. 

In this study, we employ a model-based scan statistic implemented in the R package DClusterm 

Gómez-Rubio et al., 2019), which builds on generalized linear models to identify spatial clusters. The 

method uses a series of dummy variables and performs likelihood ratio tests to compare nested models 

with and without the candidate cluster term. Previous studies have demonstrated how this method can 

be applied in different scenarios (Gómez-Rubio et al., 2018; Silan et al., 2023). 

We first estimate a baseline Poisson regression model (null model), where the number of observed 

dementia cases per area is the dependent variable, and the number of individuals at risk is included 

as an offset term. This yields area-level dementia incidence rates. The model can also accommodate 

additional covariates, although the baseline model includes only an intercept. 

Once the baseline model is fitted, the algorithm searches for spatial clusters by selecting a centroid 

(i.e., a starting area) and progressively adding neighbouring areas one by one. At each iteration, a 

new model is estimated that includes a binary term indicating whether an area belongs to the candidate 

cluster. A likelihood ratio test compares this extended model to the baseline. If the added area 

improves the model fit by indicating a significantly higher dementia incidence, it is retained in the 

cluster. The process continues until no further improvement is observed or no more neighbouring 

areas are available. 
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The algorithm can be customized using stopping rules, for example by setting thresholds on the 

maximum number of areas or total population allowed in a cluster. In this study, no population 

constraints were imposed during the spatial scan. 

For each finalized cluster, DClusterm computes an approximate p-value based on a chi-squared 

distribution with one degree of freedom. Since no prior assumptions were made regarding the 

potential location of clusters, the algorithm was run from each area as a potential centroid. The final 

output includes only those clusters whose p-values fall below a pre-specified significance level, set 

at 0.10. 

 

Results 

Social Health Covariate Balance and Dementia Incidence 

To evaluate the effectiveness of the MARMoT procedure in balancing individual-level covariates 

across municipalities, we computed the Absolute Standardized Bias (ASB) for each variable, both on 

real data and on balanced data. Table 1 summarizes the distribution of ASB values across all 

covariates and areas, while Figure 2 illustrates the mean ASB per covariate before and after matching.  

Table 1 Distribution of Absolute Standardized Bias (ASB) across municipalities, before and after 

MARMoT adjustment. 

ASB Min. 1st Qu. Median Mean 3rd Qu. Max. Over 

5% 

Over 

10% 

Over 

20% 

Before 0.007 3.437 7.344 9.673 13.519 95.766 1,074 621 198 

After 0.074 2.348 5.176 6.602 9.426 52.799 840 379 55 
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Figure 1 Mean Absolute Standardized Bias (ASB) by covariate, before and after MARMoT 

adjustment.  

 

The results show a clear overall improvement in covariate balance following adjustment. In the 

unadjusted data, the median ASB was 7.34%, and the mean ASB 9.67%, suggesting notable 

heterogeneity in the distribution of individual-level characteristics across municipalities. Extreme 

values were also observed, with the maximum ASB reaching 95.8%, highlighting strong imbalance 

for certain covariates in specific areas. 

After MARMoT adjustment, the median ASB decreased to 5.18%, and the mean to 6.60%, indicating 

improved balance across the board. Although the maximum ASB remained high (52.8%), these cases 

were limited to a small number of outliers. Indeed, the share of municipalities with substantial 

imbalance, defined as ASB values exceeding commonly used thresholds, declined substantially after 

adjustment: the number of municipalities with ASB > 20% dropped from 198 to 55, those with ASB 

> 10% fell from 621 to 379, and those with ASB > 5% decreased from 1,074 to 840. These results 

confirm that the MARMoT matching procedure substantially reduced systematic differences in 

observed characteristics across municipalities, supporting the assumption of conditional 

independence for subsequent analyses. 
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As shown in Figure 2, education and municipality-level proximity to children (child proximity) were 

among the most imbalanced covariates before matching, with ASB values exceeding 14%. Both 

showed substantial reductions following the adjustment. Even for variables that were already 

relatively balanced, such as gender, partnership status, and widowhood, MARMoT further improved 

comparability across municipalities. While overall covariate balance improved, education and 

disability remained the most imbalanced variables after adjustment. Out of 237 municipalities, 99 and 

89 still exhibited ASB values above 10% for education and disability, respectively; 40 and 45 

exceeded 15%; and 21 and 19 exceeded 20%. Nonetheless, all variables met the commonly accepted 

criterion for adequate balance, with mean ASB below 10%, supporting the robustness of the matching 

procedure. 

We also observed improvements in variables not directly included in the balancing procedure. For 

instance, the ASB for being divorced (yes/no) decreased from 11.5% to 8.4%, and for living alone 

(yes/no) from 8.1% to 7.3%. Although these covariates were not targeted during the matching 

process, the improvement in their balance underscores the broad stabilizing effect of the MARMoT 

algorithm.  

Overall, the reduction in ASB values confirms that the matching procedure substantially improved 

balance on key socio-demographic and social health indicators, increasing the validity of subsequent 

comparisons of dementia incidence across municipalities. 
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Figure 2 illustrates the distribution of dementia incidence across Finnish municipalities, before (left 

panel)  

 

In the unadjusted data, dementia incidence varied markedly across the country, with higher rates 

observed in northern and eastern Finland, and lower rates in central and southern regions. This spatial 

heterogeneity likely reflects underlying differences in population composition, particularly in terms 

of characteristics associated with social health. 

Following adjustment for individual-level covariates using the MARMoT procedure, spatial 

disparities and overall dementia incidence were substantially reduced. The adjusted map reveals a 

more homogeneous distribution of dementia incidence across municipalities, suggesting that much 

of the observed variation in the raw data was attributable to compositional differences in socio-

demographic and social health factors.  

Importantly, under the assumption of unconfoundedness, any remaining differences in dementia 

incidence across municipalities after MARMoT adjustment can be attributed to contextual influences 
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and other residual unmeasured individual-level factors. As shown in Figure 1 (right panel), only a 

few municipalities continue to exceed an incidence of 0.20 after adjustment. 

The post-balancing incidence can be interpreted as the expected incidence of dementia if all 

municipalities shared the same individual-level risk profile, in terms of the selected social health and 

sociodemographic characteristics. Therefore, the observed reduction in overall dementia risk and its 

spatial heterogeneity can be seen as an estimate of the extent to which dementia cases might be 

prevented by reducing inequalities in individual characteristics and their social health. 

 

Spatial clustering of dementia incidence before and after adjustment 

We applied spatial scan statistics to identify contiguous clusters of municipalities with elevated 

dementia incidence, both before and after adjusting for individual-level characteristics related to 

social health. Comparing the unadjusted and adjusted models allows us to assess whether high-risk 

clusters are primarily driven by the composition of the population in terms of individual 

sociodemographic and social health characteristics, or whether they reflect areas of intrinsically 

elevated dementia risk. 

In the unadjusted model (Figure 3, left panel), six spatial clusters of high dementia incidence were 

identified. The largest cluster was located in the eastern-central region of the country and included 

several neighbouring municipalities with relative risks ranging from 0.18 to 0.36. Additional clusters 

were detected in southern Finland, including the Helsinki metropolitan area, and south-western and 

central-western parts of the country.  
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Figure 3 Spatial clusters of high dementia incidence before MARMoT (left) and after (right) 

adjustment. 

 

 

After MARMoT adjustment, the spatial clustering pattern changed substantially. The model 

identified four clusters, with relative risks ranging from 0.21 to 0.51. First, the large central-eastern 

persisted, although its geographic extent was reduced.  

This suggests that, while part of the elevated dementia risk in this area was attributable to 

compositional factors related to sociodemographic and social health characteristics, a residual excess 

persists. In other words, this area continues to exhibit an excess risk not explained by these individual-

level factors, which may point to the influence of local environmental conditions or other structural 

and unmeasured individual factors. Second, the southern cluster around Helsinki, prominent before 

adjustment, disappeared after balancing. This indicates that the initially observed elevated risk in this 

urban area was largely due to differences in population composition, specifically a larger share of 

disadvantaged or socially vulnerable groups. Finally, a new central-west cluster emerged after 
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adjustment, an area that was not identified in the unadjusted model. This pattern reveals a hidden 

elevated dementia risk that became visible only after accounting for measured compositional 

differences.  

To further investigate the role of contextual factors, we replicated the spatial scan analysis including 

the four area-level indicators of social infrastructure (i.e., availability of healthcare professionals, 

social workers, cultural venues, and retail stores) in the MARMoT adjustment. The inclusion of these 

variables did not substantially alter the spatial clustering results, and we thus do not report these 

additional findings. 

 

Discussions and conclusions 

This study advances our understanding of the geography of dementia risk in ageing societies by using 

a spatial analytical framework to disentangle individual socio-demographic and social health 

characteristics and contextual factors. We applied a novel balancing method (MARMoT) to equalize 

the socio-demographic and social health composition of local populations, thereby isolating the role 

of these factors in shaping the patterns of dementia risk across Finnish municipalities. This was 

followed by spatial scan statistics to map high-risk clusters across Finnish municipalities. 

Our findings underscore the importance of adjusting for individual-level confounders when 

interpreting spatial patterns of dementia. In fact, we found that, in unadjusted models, elevated risk 

in areas such as the Helsinki metropolitan one was fully explained by compositional factors, namely, 

a higher concentration of disadvantaged or socially vulnerable population subgroups. Once these 

differences were accounted for, the apparent excess risk in this area disappeared. Conversely, in other 

areas, particularly parts of eastern Finland, excess dementia risk persisted even after adjustment, 

suggesting the presence of residual effects. These may stem from unmeasured environmental 

exposures, differences in access to or quality of services, or the accumulation of disadvantages over 



 

23 
 

the life course. While the specific mechanisms underlying these geographic disparities remain 

unclear,  our findings indicate that they cannot be fully accounted for by adult socio-economic status 

or selected indicators of social health. This underscores the need for further interdisciplinary research 

that integrates environmental, institutional, and life-course perspectives. 

Finally, a new high-risk cluster in central-western Finland emerged only after adjusting for population 

composition. This suggests that the area is, in fact, characterized by a comparatively favourable socio-

demographic and social health profile. Once these compositional characteristics are accounted for, a 

previously hidden excess risk becomes visible, indicating that other unmeasured factors may be 

driving a potential elevated dementia incidence in this area. 

Our aim was also to understand the role in shaping dementia risk given by the contextual factors, such 

as the characteristics of the municipality. Although the availability of local social infrastructure is 

commonly assumed to shape opportunities for social engagement and support in later life, the 

inclusion of area-level indicators in the adjustment did not substantially change the spatial clustering 

patterns of dementia risk in Finland. This suggests that, in this case, the observed geographic variation 

in dementia risk may be more strongly driven by the composition of individual characteristics than 

by the measured contextual ones. However, this result should be interpreted with caution, as it may 

also reflect limitations in the specificity or granularity of the available area-level indicators (e.g., we 

cannot measure service quality and satisfaction). 

Beyond its substantive findings, this study also contributes methodologically by demonstrating the 

potential of MARMoT for spatial health research. Most studies rely on regression-based adjustment, 

which assumes that confounders are equally distributed among the different geographic units. In 

contrast, our matching-based approach generates a synthetic population balanced on key covariates. 

Moreover, the use of spatial scan statistics enables the detection of contiguous clusters rather than 

isolated high-risk units, providing more actionable insights for public health surveillance and 
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territorial policy planning. This approach supports efforts to reduce area-level disparities and improve 

overall population health across the country. 

One of the key insights of this study is that in areas where excess dementia risk is largely driven by 

selected individual-level compositional factors, targeted interventions to improve social health could 

contribute to reducing dementia incidence. In other words, addressing social vulnerability at the 

population level may yield measurable health gains. Conversely, in areas with a favourable population 

composition, elevated dementia risk may remain hidden and thus go undetected if one only considers 

individual-level profiles. This underscores the importance of combining compositional and 

contextual analyses to fully capture dementia risk and its spatial inequalities. 

From a policy perspective, the results support the need for integrated approaches to dementia 

prevention that include targeted individual-level risk factors, promoting social health to further 

mitigate dementia risk at the population level and their geographical differences. 

Identifying territorial clusters where populations experience poorer health outcomes is a key concern 

across multiple disciplines, including public health, social epidemiology, and health geography, as it 

offers critical insights into spatial and social health inequalities and informs evidence-based policy 

interventions. However, achieving this objective poses significant challenges due to the non-random 

nature of residential decisions and mobility. Individuals often self-select into specific areas based on 

personal characteristics or resources, leading to selection bias and complicating causal interpretation. 

In this study, we address this challenge by means of the MARMoT, improving the validity of 

comparisons between geographic contexts. 

This study has some limitations. Although the Finnish register system provides rich and high-quality 

data, our operationalization of social health was constrained by the data availability. Important 

dimensions such as loneliness, informal caregiving dynamics, or perceived social support, typically 
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included in survey-based measures of social health (e.g., Vernooij-Dassen and Jeon 2016; Vernooij-

Dassen et al. 2021; Vernooij-Dassen et al., 2022) could not be directly captured.  

In addition, although our matching strategy enhances causal interpretation, unmeasured confounding 

cannot be entirely ruled out. Future research could benefit from integrating further contextual 

indicators (e.g., air pollution, access to green spaces, or local service quality), as well as biological 

and health-related dementia risk factors, to better understand the determinants of cognitive ageing 

and its spatial inequalities.  

Importantly, to our knowledge, this is the first study to apply the concept of social health to register 

data covering the whole population of a country. Despite the constraints of administrative sources, 

our findings demonstrate the potential of leveraging register-based indicators to study social 

vulnerability and its implications for dementia risk. This approach, combined with spatial methods, 

offers valuable tools for identifying social and place-based health disparities and informing targeted 

public health interventions in ageing societies. 
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