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Program grants:

• 6-years

• 11 programs funded

• 2024-2029

• High flexibility

Our program:

• Methods-focused

• Intervention targeting

• Evaluation

• ”Precision public health”

• Area-level



Worksteams

Targeting Evaluation

• Identify areas in need of intervention

• Develop epidemiologic measures

• Register data

• Surveillance

• Disease mapping

• Local decision-making

• Estimate intervention effects

• Small area interventions

• Local effects

• Effects that vary in space and time

• Causal methods + disease mapping

• Counterfactual imputation



Small area data for targeting

• National register infrastructure

• Individual linkage

• But only for research purposes

• Demographic statistical areas (Deso)

• Geocode addresses

• Statistics Sweden can handle linkage

• Work with register holders to add Deso

• Enables disease mapping

• Linkage to area-level demographics/SES



Swedish register data infrastructure

DATA SOURCES (EXAMPLES)

Population & context
STATISTICS SWEDEN

demography · education · income · family

Health events
SOCIALSTYRELSEN

patient · cancer · deaths · prescribed drugs

Regional healthcare data
21 REGIONS

primary care · EHR · labs · imaging

Clinical quality registers
QUALITY REGISTERS

treatments · indicators · PROM / PREM

Other (e.g., vaccines, traffic accidents)
VACCINATION · SMINET · STRADA

communicable disease · road-injury data

Personal identity 

number

ethical approval · 

pseudonymization

only for research

Linked research cohort
pseudonymised person-time dataset

follow-up · confounding control

disease mapping · targeting

evaluation · equity gradients

Geocode

non-research projects

surveillance 

Small-area data
aggregated panel dataset



Stage-specific cancer incidence

Any stage Stage II-IV

Red: worse than national average

Green: better than national average

Screening non-attendance

10-year, cervical cancerColorectal cancer



Targeted area-level dental care 
reimbursement in Halland

• Dental care reimbursement model 

• Children and young adults aged 3–23 years

• Implemented in Halland from 2023

• 50% of the annual reimbursement per individual is 
adjusted based on area-level need

• Adjustment is based on estimated caries 
prevalence by Deso

Caries prevalence in children

(Region Halland)



Challenges

• Small area data is typically noisy

• Obscures true patterns

• Small populations, rare diseaes

• Need to rely on spatial smoothing

• Borrow information from nearby areas

• What epidemiologic measures are useful?

• Depends on problem/intervention(s)

• Decision-relevant

• Available



Combining measures

• Jointly analyze stage-specific cancer incidence

• Prostate cancer incidence, treating:

• Late-stage as proxy for disease burden

• Late – early as proxy for diagnostic activity

• Highest need when high values on both

• Idea can easily be extended to syndemics

• Two or more diseases cluster





Clear socioeconomic inequality aspect



Experimental follow-up

• Colorectal cancer screening experiment

• Randomized trial

• Register-based follow-up

• n ~ 270,000

• Direct colonoscopy, FIT, vs. unaware controls

• Stage shift (y-axis), total incidence (x-axis)

• Short-term: expect increased total

• Long-term: preventive effect?

Westerberg et al. Early indicators of inequality from initiation of colorectal cancer screening: the SCREESCO randomized trial. Unpublished manuscript.



Quasi-experimental methods

• Many (most?) interventions are not randomized

• Quasi-experimental methods for policy evaluation

• Difference-in-differences

• Synthetic controls

• Matrix completion

• Not developed for small area analyses



Policy evaluation with disease mappnig models

• Can we combine modern causal policy evaluation methods with disease mapping 
techniques?

• Potential benefits:

• Robust and credible causal inference (or, at least, clear assumptions)

• Borrow strength → more precise estimates

• Bayesian inference for honest uncertainty quantification

• Some challenges:

• Ensuring causal assumptions/identification are properly transferred

• Computational efficiency

• Ease of use



Core philosophy

• After an intervention is implemented, we can 
observe what happened

• Key challenge is estimating what would have 
happened without the intervention

• This is a missing data problem, we can use:

• Untreated areas (controls) 

• Pre-intervention time periods



Difference-in-differences

• Compare before-after, treatment vs. control group

• Valid assuming parallell trends

• Typically using two-way fixed effects

• How can we incorporate spatial smoothing?

• Disease mapping models use random effects

• Well-known that random effects are insufficient for causal robustness



Difference-in-differences

• We combine:

• Correlated random effects (”two-way Mundlak”; Woolridge, 2025)

• Imputation-based DID (Borusyak et al., 2024)

• What this buys:

• Same causal identification as regular DID 

• But can use spatial/temporal random effects

• Simulation evidence → improved precision (noisy data/with local dependence)

• Staggered adoption designs/flexible local heterogeneity





Non-parallell trends?

• Settings with non-parallell trends

• DID not valid

• Modern solutions:

• Synthetic controls (augmented, generalized)

• Synthetic difference-in-differences

• Matrix completion

• Not impossible but tricky to implement in a fully 
Bayesian model with spatiotemporal smoothing



Proposed solution

• Spatiotemporal model to smooth the observed parts of the data

• Fast Bayesian inference (INLA)

• Easy to use, well-established in the disease mapping community

• Cannot fit latent factor models directly

• But can learn outcome dependence structures well

• Apply causal panel data methods repeatedly to posterior draws of the latent predictor

• Yields smoothed versions of any causal panel data estimator

• Model-based uncertainty quantification

• Works with generalized linear models

• Smoothing improves accuracy in noisy data/small area evaluations

Bonander, C., Lin, Q., Strömberg, U., & Blangiardo, M. Posterior Projection for Spatiotemporal Causal Panel Models. Unpublished manuscript.



Synthetic controls
California’s Proposition 99 on cigarette sales per capita (Abadie et al., 2010)



Synthetic difference-in-differences
California’s Armed and Prohibited Persons System on firearm homicides (Ben-Michael et al., 2023)

Firearm homicide rates:

Non-firearm homicide rates:



Generalized synthetic controls
Election day voter registration laws on voter turnout (Xu, 2017)



Model selection with stacking weights
Recreational cannabis laws on opioid-related mortality (count data example)



Summing up

Targeting Evaluation

• Identify areas in need of intervention

• Develop epidemiologic measures

• Register data

• Surveillance

• Disease mapping

• Local decision-making

• Estimate intervention effects

• Small area interventions

• Local effects

• Effects that vary in space and time

• Causal methods + disease mapping

• Counterfactual imputation

Contact: carl.bonander@kau.se

mailto:carl.bonander@kau.se
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