
Supplementary Information
An OMOP-Compatible Exposure Infrastructure for GeoAI-Enabled Environmental Health Research: The OHDSI GIS Toolchain
All results in this document come from a fully synthetic evaluation. The synthetic data serve as a controlled substrate for testing recovery of known effects and the effect of geocoding error on derived exposures; they do not themselves demonstrate privacy preservation. Simulated PM2.5 effects are deliberately larger than published epidemiologic estimates and are benchmark values, not effect sizes.
Supplementary Tables
Table S1. EXTERNAL_EXPOSURE field specification.

-- EXTERNAL_EXPOSURE table: transcribed from the OHDSI/GIS PostgreSQL OMOP CDM v5.4 DDL.
-- Repository commit: 52623562471a07d6ca232f30434687ee39262ba0
-- DDL: https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/ddl/5.4/postgresql/OMOPCDM_postgresql_5.4_ddl.sql
-- PK: https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/ddl/5.4/postgresql/OMOPCDM_postgresql_5.4_primary_keys.sql
-- FK: https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/ddl/5.4/postgresql/OMOPCDM_postgresql_5.4_constraints.sql
-- Replace @cdmDatabaseSchema with the target schema name before execution.
-- This is a CDM extension, not part of unmodified OMOP CDM 5.4.

--HINT DISTRIBUTE ON KEY (person_id)
CREATE TABLE @cdmDatabaseSchema.external_exposure (
            external_exposure_id integer NOT NULL,
            location_id integer NULL,
            person_id integer NOT NULL,
            exposure_concept_id integer NOT NULL,
            exposure_start_date date NOT NULL,
            exposure_start_datetime TIMESTAMP NULL,
            exposure_end_date date NOT NULL,
            exposure_end_datetime TIMESTAMP NULL,
            exposure_type_concept_id integer NOT NULL,
            exposure_relationship_concept_id integer NOT NULL,
            exposure_source_concept_id integer NULL,
            exposure_source_value varchar(50) NULL,
            exposure_relationship_source_value varchar(50) NULL,
            unit_source_value varchar(50) NULL,
            quantity integer NULL,
            modifier_source_value varchar(50) NULL,
            operator_concept_id integer NULL,
            value_as_number DOUBLE PRECISION NULL,
            value_as_concept_id integer NULL,
            unit_concept_id integer NULL );

--postgresql CDM Primary Key Constraints for OMOP Common Data Model 5.4
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT xpk_external_exposure PRIMARY KEY (external_exposure_id);

--postgresql CDM Foreign Key Constraints for OMOP Common Data Model 5.4
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_location_id FOREIGN KEY (location_id) REFERENCES @cdmDatabaseSchema.location (location_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_person_id FOREIGN KEY (person_id) REFERENCES @cdmDatabaseSchema.person (person_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_exposure_concept_id FOREIGN KEY (exposure_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_exposure_type_concept_id FOREIGN KEY (exposure_type_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_exposure_relationship_concept_id FOREIGN KEY (exposure_relationship_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_exposure_source_concept_id FOREIGN KEY (exposure_source_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_operator_concept_id FOREIGN KEY (operator_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_value_as_concept_id FOREIGN KEY (value_as_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);
ALTER TABLE @cdmDatabaseSchema.external_exposure  ADD CONSTRAINT fpk_external_exposure_unit_concept_id FOREIGN KEY (unit_concept_id) REFERENCES @cdmDatabaseSchema.concept (concept_id);

	Field name
	PostgreSQL data type
	Required (DDL)
	Key
	Referenced field
	Definition
	ETL / interpretation notes

	external_exposure_id
	integer
	Yes
	PK
	–
	Unique identifier assigned to each person-level external exposure record.
	Assign a distinct identifier to each derived exposure instance.

	location_id
	integer
	No
	FK
	LOCATION.location_id
	Identifier of the location associated with the exposure record.
	Populate with the LOCATION_ID used to derive or assign the exposure, using LOCATION_HISTORY to establish the relevant location during the exposure period where applicable. Leave NULL if the exposure cannot be reliably linked to a specific location. Do not use placeholder location identifiers.

	person_id
	integer
	Yes
	FK
	PERSON.person_id
	Identifier of the person to whom the external exposure is attributed.
	Links the derived exposure to an OMOP PERSON record.

	exposure_concept_id
	integer
	Yes
	FK
	CONCEPT.concept_id
	Standard concept identifying the environmental, social, or other external exposure.
	Principal analytical exposure concept; use standard vocabulary mapping for network studies.

	exposure_start_date
	date
	Yes
	–
	–
	Calendar date on which the attributed exposure interval begins.
	The interval should reflect temporal overlap between the source observation and relevant location history.

	exposure_start_datetime
	timestamp
	No
	–
	–
	Optional timestamp for the beginning of the attributed exposure interval.
	Use when sub-day temporal precision is available.

	exposure_end_date
	date
	Yes
	–
	–
	Calendar date on which the attributed exposure interval ends.
	The interval should reflect temporal overlap between the source observation and relevant location history.

	exposure_end_datetime
	timestamp
	No
	–
	–
	Optional timestamp for the end of the attributed exposure interval.
	Use when sub-day temporal precision is available.

	exposure_type_concept_id
	integer
	Yes
	FK
	CONCEPT.concept_id
	Concept characterizing the type of data source from which the exposure was derived.
	Examples include environmental databases, census data and satellite observations; not the geometry type.

	exposure_relationship_concept_id
	integer
	Yes
	FK
	CONCEPT.concept_id
	Concept representing the spatial or spatiotemporal relationship used to associate exposure with the person.
	Mapped from the spatial relationship used during exposure attribution.

	exposure_source_concept_id
	integer
	No
	FK
	CONCEPT.concept_id
	Source-vocabulary concept identifying the exposure variable before or alongside standardization.
	Currently Gaia may copy exposure_concept_id here until a distinct source concept is available.

	exposure_source_value
	varchar(50)
	No
	–
	–
	Source identifier for the variable or measurement underlying the exposure record.
	Gaia uses the variable_source_id represented as text; the variable name is stored in backbone.variable_source.

	exposure_relationship_source_value
	varchar(50)
	No
	–
	–
	Verbatim spatial relationship or operator from the source attribution procedure.
	For example, ST_Within; its standardized concept is stored separately.

	unit_source_value
	varchar(50)
	No
	–
	–
	Original unit text associated with the exposure measurement, when supplied.
	Not populated by current Gaia processing; source unit text is retained in attr_index.unit_source_value.

	quantity
	integer
	No
	–
	–
	Optional quantity field retained in the EXTERNAL_EXPOSURE schema.
	Not used or populated by the current Gaia ETL.

	modifier_source_value
	varchar(50)
	No
	–
	–
	Optional source modifier value associated with the exposure.
	–.

	operator_concept_id
	integer
	No
	FK
	CONCEPT.concept_id
	Concept specifying a comparison operator associated with the exposure value.
	Interpret non-equality operators explicitly when analyzing recorded exposure values.

	value_as_number
	float (64-bit)
	No
	–
	–
	Numeric value of the external exposure, where the source provides a quantitative measurement.
	Numeric value of the exposure, represented as a double-precision floating-point number.

	value_as_concept_id
	integer
	No
	FK
	CONCEPT.concept_id
	Standard concept representing a categorical exposure result.
	Used for categorical variables rather than numeric measurements.

	unit_concept_id
	integer
	No
	FK
	CONCEPT.concept_id
	Standard Unit-domain concept expressing the unit of the numeric exposure value.
	May be NULL when the source catalog does not provide a unit concept.


Legend: The table describes the 20 fields of EXTERNAL_EXPOSURE, a person-level extension to the OMOP CDM designed to represent environmental, geographic, and social exposures linked to individuals through spatial and temporal relationships. Field names, PostgreSQL data types, nullability, and primary- and foreign-key constraints were obtained from the OHDSI/GIS PostgreSQL DDL for OMOP CDM version 5.4. Field definitions and ETL conventions were derived from the accompanying Gaia field-level metadata. Required fields are defined by NOT NULL constraints. Exposure intervals are represented by start and end dates or timestamps, while quantitative and categorical measurements are stored using value_as_number and value_as_concept_id, respectively.
PK, primary key; FK, foreign key; DDL, Data Definition Language; ETL, extract, transform, and load.
Table S2.1 Vocabulary and EXTERNAL_EXPOSURE role definitions
	Role ID
	Level
	Field / layer
	Definition
	Semantic role
	Representative example
	Validation consideration
	Source

	V01
	Vocabulary layer
	OMOP GIS
	Defines geometry types, location entities, and spatial relationships.
	Geospatial semantics
	Census Tract; Within
	Validate concept class/domain and correct use of spatial relationships.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/rmd/sections/3_implementation.Rmd

	V02
	Vocabulary layer
	OMOP SDOH
	Represents contextual social, demographic, socioeconomic and environmental determinants, including SEDH and SDG content.
	Contextual determinants
	Income Inequality
	Check assignment to appropriate contextual domains and source concept classes.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/rmd/sections/3_implementation.Rmd

	V03
	Vocabulary layer
	OMOP Exposome
	Represents potentially harmful chemical substances and toxicants.
	Exposome substances
	Arsenic
	Check substance identity and distinguish agents from quantified measurements.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/rmd/sections/3_implementation.Rmd

	R01
	Exposure semantic field
	exposure_concept_id
	Standard concept identifying the measured or assigned exposure variable.
	Exposure variable
	PM2.5 concentration
	Use a valid exposure concept; do not confuse the variable with its data-source type.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R02
	Exposure semantic field
	exposure_type_concept_id
	Concept identifying the kind of source from which the exposure was derived.
	Source type / provenance
	Air Quality Database
	Do not use geometry type in this field; verify source-type concept.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R03
	Exposure semantic field
	exposure_relationship_concept_id
	Concept representing the spatial or spatiotemporal association between person/location and exposure.
	Spatial linkage relationship
	Within
	Align with the spatial operator and its argument order.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R04
	Exposure semantic field
	exposure_source_concept_id
	Concept representing the source-declared exposure variable before/alongside harmonization.
	Source variable terminology
	Source catalog variable concept
	Retain source semantics; may coincide with exposure_concept_id in current Gaia processing.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R05
	Exposure provenance field
	exposure_source_value
	Original source-variable identifier used for the assigned exposure.
	Source identifier
	Catalog variable_source_id (text)
	Preserve original identifier and traceability to source catalog.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R06
	Exposure provenance field
	exposure_relationship_source_value
	Verbatim spatial predicate used during exposure assignment.
	Spatial operator string
	ST_Within
	Record the actual predicate used and validate direction/boundary semantics.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R07
	Exposure result field
	value_as_number
	Numeric exposure value for quantitative variables.
	Quantitative result
	PM2.5 monthly mean
	Require appropriate unit and range checks for numeric exposures; allow negative values if scientifically valid.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R08
	Exposure result field
	value_as_concept_id
	Standard concept representing a categorical exposure value.
	Categorical result
	A categorical classification concept
	Use only when a categorical result exists and the concept is valid.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R09
	Exposure result field
	unit_concept_id
	Standard Unit-domain concept for value_as_number.
	Measurement unit
	µg/m³
	Verify dimensional compatibility with the exposure and retain source-unit provenance.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R10
	Exposure result field
	operator_concept_id
	Optional comparison operator qualifying a recorded value.
	Value comparator
	<, > or =
	Populate only if the source gives an explicit comparison semantics.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R11
	Spatiotemporal linkage
	location_id
	Location identifier used to associate the exposure with a place.
	Location linkage
	LOCATION.location_id
	Resolve against LOCATION; missing values require a documented exposure-assignment policy.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv

	R12
	Spatiotemporal linkage
	exposure_start_date / exposure_end_date
	Temporal interval over which the exposure is assigned to a person.
	Exposure temporal window
	Monthly exposure period
	Validate valid temporal ordering and overlap with associated LOCATION_HISTORY where applicable.
	https://github.com/OHDSI/GIS/blob/52623562471a07d6ca232f30434687ee39262ba0/inst/csv/Gaia_Field_Level.csv



Table S2.2 Concept-level mapping outcomes by SSSOM predicate, by vocabulary layer. 
	Vocabulary layer
	Source concepts number
	exactMatch
	broadMatch
	narrowMatch
	noMatch

	OMOP GIS
	159
	0
	0
	21
	138

	OMOP SDOH
	2,892
	29
	94
	78
	2,691

	OMOP Exposome
	6,872
	1,444
	0
	74
	5,354

	Total
	9,923
	1,473
	94
	173
	8,183


Legend: The number of source concepts was determined from gis_source.csv as the number of distinct (source_vocabulary_id, source_code) pairs within each vocabulary layer. Corresponding records in gis_mapping.csv were classified using the SKOS mapping predicate (predicate_id). All values represent distinct source concepts rather than individual source-to-target mapping assertions. exactMatch denotes at least one skos:exactMatch relationship and takes precedence over hierarchical mappings for this summary. broadMatch and narrowMatch denote at least one skos:broadMatch or skos:narrowMatch relationship, respectively, in the absence of exactMatch. Multiple targets of the same mapping type are counted only once per source concept. Both hierarchical categories are counted if they coexist for a source concept. noMatch denotes the absence of all three qualifying mapping types; concepts linked exclusively by skos:relatedMatch are therefore included in noMatch.		

Table S2.3 Structural QC results
	Quality-control check
	Findings
	Assessment

	Duplicate concept_id
	0
	Pass

	Duplicate vocabulary_id + concept_code
	0
	Pass

	Missing concept names or codes
	0
	Pass

	Unrecognized domain IDs
	0
	Pass

	Invalid date intervals
	0
	Pass

	Duplicate relationship triples
	0
	Pass

	Missing reciprocal mapping relationships
	0
	Pass

	Concepts without any mapping relationship
	0
	Pass

	Missing source or target codes in source “Is a” records
	7
	Pending version update

	Source hierarchy records without relationship_id
	21
	Pending version update


Note: “Concepts without any mapping relationship” (0) counts concepts with no row in the mapping file at all, whereas noMatch in Table S2.2 (8,183) includes concepts linked only by relatedMatch. The two findings marked “Pending version update” (7 source “Is a” records with a missing source or target code, and 21 source hierarchy records without a relationship_id) concern hierarchy records and do not change the concept or mapping counts in Table S2.2.		
					
Table S3. The two synthetic datasets.
	
	Tutorial dataset
	Tract benchmark dataset

	Persons / residence locations
	10,000 / 10,955
	40,000 / 44,003 (4,003 movers)

	Geography
	2,672 counties used
	10,223 of 11,523 eligible tracts used (AL, AZ, CA, OR), 176 counties

	Generator’s exposure
	county monthly PM2.5 (CDC EPHTN)
	tract monthly PM2.5 (CDC EPHTN; mean of the daily Downscaler predictions)

	Coarser variable through the same index
	none
	county monthly PM2.5

	SES (simulated; confounder)
	per county
	per tract (county SES plus a tract deviation correlated with the tract’s PM2.5 deviation)

	Exposure rows derived by Gaia
	720,925 PM2.5 + 10,955 SES
	2,883,882 tract PM2.5 + 2,883,882 county PM2.5 + 44,003 SES

	Conditions
	18,171
	80,843


All exposure sources (counties, tracts, PM2.5, SES) are ingested through a GaiaCatalog entry and joined with the catalog-driven spatial join. Tract SES (synthetic_tract_ses) is registered in geom_index and attr_index (variable source 42). The benchmark locations span 176 counties, 175 among first residences; the models cluster on first residence, so simulations use 175 clusters.








Table S4. Exposure derivation compared with an independent answer key. The key uses no spatial operation: the generator knows each person’s county or tract, so the expected exposure of every residence interval is the CDC monthly value clipped to the interval.
	Dataset
	Rows (key = Gaia)
	Rows missing / extra
	Max abs. difference

	Tutorial, PM2.5 / SES
	720,925 / 10,955
	0 / 0
	5e-14 / 0

	Tract benchmark, tract PM2.5 / SES
	2,883,882 / 44,003
	0 / 0
	6e-14 / 0

	Tract benchmark, county PM2.5
	2,883,882 (same intervals as the tract rows)
	0 / 0
	the county of the person’s tract reproduces Gaia’s county rows for 39,997 of 40,000 persons; the other 3 live next to a county boundary (tracts 2019, counties 2023)


Table S4 note. County-level PM2.5 rows match for 39,997 of 40,000 persons; the other three live next to a county boundary (tracts TIGER 2019, counties TIGER 2023). The county key is derived from each person’s tract and is therefore less independent than the tract key.
Table S5. Gaia compared with plain PostGIS SQL for the join step. Native run on a Dell Latitude 5530 (Intel Core i7-1255U, 32 GB, Ubuntu, default PostgreSQL settings). Values are medians of three runs. The first Gaia run (99.3 s) included a cold start, and the CPU was at about 27% of its scaling frequency at the start of testing, so absolute times may be conservative. Ratios to Gaia: 1.65 (19-column SQL, median 17.2 s) and 1.79 (5-column SQL, median 15.9 s). Row counts and values were identical. Only the tract join was re-run natively. Individual runs (s): Gaia 99.3 (cold start), 27.4, 28.4; 19-column SQL 17.3, 17.2, 7.8; 5-column SQL 14.5, 15.9, 16.8. County-resolution joins were not re-run natively.
	Join
	Rows
	Gaia
	Plain SQL
	Ratio

	Tract benchmark, tract
	2,883,882
	28.4 s
	17.2 s (19 columns); 15.9 s (5 columns)
	1.65; 1.79




Table S6. Recovery of simulated effects (log-odds per 1 µg/m³; 95% CI), tract benchmark, 40,000 persons. Adjusted for SES, age and sex; county as cluster. The county-exposure jackknife interval for stroke has a lower bound of 0.000 after rounding (borderline). Jackknife = leave-one-county-out with t(G-1) quantile; mixed = county random intercept.
	Outcome
	Cases
	True
	Tract exposure, jackknife
	Tract exposure, mixed model
	County exposure, jackknife
	County exposure, mixed model

	COPD
	5,371
	0.15
	0.149 (0.095, 0.204)
	0.155 (0.131, 0.180)
	0.134 (0.079, 0.189)
	0.127 (0.097, 0.157)

	Bronchitis
	3,470
	0.10
	0.104 (0.057, 0.151)
	0.095 (0.066, 0.123)
	0.104 (0.046, 0.162)
	0.089 (0.053, 0.125)

	Pneumonia
	3,737
	0.10
	0.109 (0.071, 0.147)
	0.095 (0.068, 0.121)
	0.122 (0.071, 0.173)
	0.114 (0.082, 0.147)

	Asthma
	5,169
	0.08
	0.082 (0.041, 0.123)
	0.071 (0.048, 0.093)
	0.084 (0.030, 0.138)
	0.070 (0.042, 0.098)

	MI
	3,681
	0.08
	0.098 (0.029, 0.167)
	0.087 (0.058, 0.115)
	0.089 (0.011, 0.167)
	0.063 (0.026, 0.100)

	CHF
	5,585
	0.07
	0.074 (0.032, 0.116)
	0.062 (0.036, 0.088)
	0.077 (0.027, 0.127)
	0.065 (0.032, 0.098)

	CAD
	5,198
	0.06
	0.079 (0.026, 0.132)
	0.070 (0.045, 0.096)
	0.085 (0.023, 0.147)
	0.080 (0.048, 0.112)

	Stroke
	4,254
	0.05
	0.054 (0.005, 0.104)
	0.046 (0.020, 0.072)
	0.056 (0.000, 0.112)
	0.045 (0.013, 0.077)

	CKD
	6,181
	0
	0.013 (-0.033, 0.059)
	0.002 (-0.020, 0.024)
	0.015 (-0.040, 0.071)
	0.001 (-0.026, 0.028)

	Hyperlipidemia
	8,266
	0
	0.002 (-0.039, 0.042)
	0.000 (-0.020, 0.020)
	-0.001 (-0.047, 0.044)
	-0.008 (-0.033, 0.017)

	Hypertension
	10,211
	0
	-0.006 (-0.052, 0.039)
	-0.007 (-0.027, 0.013)
	-0.008 (-0.057, 0.042)
	-0.011 (-0.035, 0.014)

	Obesity
	7,474
	0
	0.003 (-0.033, 0.039)
	-0.007 (-0.027, 0.013)
	0.008 (-0.041, 0.057)
	-0.002 (-0.027, 0.022)

	Rhinitis
	5,748
	0
	0.003 (-0.034, 0.040)
	-0.001 (-0.021, 0.020)
	0.004 (-0.043, 0.050)
	-0.002 (-0.027, 0.023)

	T2DM
	6,498
	0
	0.014 (-0.022, 0.050)
	0.003 (-0.019, 0.026)
	0.016 (-0.029, 0.060)
	0.000 (-0.028, 0.028)


Summary: all 14 intervals cover the truth with either exposure resolution and either interval; all 8 effects are detected with tract exposure (with county exposure, the stroke jackknife interval has a lower bound of 0.000 after rounding, so detection there is borderline) and none of the 6 nulls. A crude model without SES adjustment is confounded (tract exposure: 11 of 14 intervals cover, 2 of 6 nulls flagged; county exposure: 12 of 14, 2 of 6).
	Mixed model
	Tract exposure
	County exposure

	RMSE against the 8 true effects
	0.0069
	0.0145

	Mean bias, effects / nulls
	-0.0011 / -0.0017
	-0.0046 / -0.0037

	Mean 95% CI width
	0.048
	0.059






Table S7. Interval coverage in repeated simulation (100 replicates; 4 outcomes; 175 counties, two holding about a quarter of persons).
	Interval
	Coverage of the true value
	Mean width

	Model-based SE
	74.3%
	0.037

	County-clustered (CR1), normal
	89.5%
	0.050

	CR1, t(G-1)
	90.0%
	0.051

	Jackknife, t(G-1)
	95.8%
	0.061

	Mixed model, z
	93.0%
	0.045


CR1 covered 90.4% in a longer simulation (300 replicates, all 14 outcomes), with at least one of 14 intervals missing in 55% of replicates. On the tutorial dataset (2,672 counties, 500 replicates) CR1 covered 94.7% (effects) and 94.1% (nulls).





Table S8. CohortMethod comparative-cohort analysis (qualitative). In the adjusted analysis the intervals cover the truth for 6 of 8 effects (tract exposure) and 4 of 8 (county exposure), with 1 and 2 false-positive nulls respectively. Target: mean PM2.5 >= 10 µg/m³; comparator < 8 µg/m³; propensity score on SES, age and sex; log odds ratio divided by the exposure difference.
	Dataset
	Persons analysed (high / low), mean difference
	Adjusted: effects covered / detected
	Adjusted: nulls covered / false positives
	Crude: effects covered

	Tutorial (10,000)
	4,226 (643 / 3,583), 3.92 µg/m³
	8 / 6
	5 / 1
	5

	Tract benchmark, tract exposure, 5 strata
	20,699 (11,238 / 9,461), 4.61 µg/m³
	6 / 8
	5 / 1
	0

	Tract benchmark, county exposure, 5 strata
	23,329 (12,193 / 11,136), 3.96 µg/m³
	4 / 7
	4 / 2
	0


Groups differ by 1.2 SD in SES before adjustment; stratification or matching reduces the standardised difference to 0.03 or less. Estimates are about 0.76 of the true effect (0.82 with matching and outcome covariates); the same persons analysed with continuous exposure give 0.93 of the truth. The attenuation arises from dichotomising a continuous exposure and from the conditional odds ratio, not from residual confounding. CohortMethod is therefore reported only as a qualitative check of direction, detection and nulls.



Table S9. Geocoding error propagation, summary (200 replicates, all persons).
	200 replicates, all persons
	Nominatim
	ArcGIS Pro
	DeGAUSS
	PostGIS TIGER

	Locations assigned to another tract
	3.9%
	3.2%
	10.4%
	9.9%

	Locations assigned to another county
	0.17%
	0.11%
	0.39%
	1.06%

	Tract exposure: RMSE (µg/m³) / correlation with error-free
	0.026 / 0.9997
	0.030 / 0.9997
	0.054 / 0.9993
	0.067 / 0.9970

	County exposure: RMSE (µg/m³) / correlation with error-free
	0.017 / 0.9998
	0.019 / 0.9999
	0.037 / 0.9996
	0.049 / 0.9972

	Mean / largest absolute shift of the 14 estimates, tract
	0.0007 / 0.0014
	0.0005 / 0.0012
	0.0018 / 0.0036
	0.0016 / 0.0033

	Mean / largest absolute shift of the 14 estimates, county
	0.0008 / 0.0017
	0.0006 / 0.0015
	0.0022 / 0.0045
	0.0020 / 0.0043


Reading of S9/S10. Estimates drift slightly upward under displacement, including for nulls (for example CKD 0.013 to 0.017), whereas exposure error usually attenuates. Displacing the exposure and the SES covariate separately (tract resolution, all persons, 200 replicates per geocoder) attributes the drift to SES: displacing only the exposure leaves the estimates unchanged, and displacing only SES reproduces the whole shift. Mean shift of the 14 estimates (largest shift in brackets) and the mean SD across replicates:
	Geocoder
	Both displaced
	Exposure only
	SES only
	SD across replicates (both / exposure only / SES only)

	Nominatim
	+0.0007 (0.0014)
	+0.0000 (0.0001)
	+0.0008 (0.0015)
	0.0019 / 0.0003 / 0.0019

	ArcGIS Pro
	+0.0005 (0.0012)
	+0.0000 (0.0002)
	+0.0005 (0.0012)
	0.0009 / 0.0003 / 0.0009

	DeGAUSS
	+0.0018 (0.0036)
	-0.0000 (0.0002)
	+0.0019 (0.0038)
	0.0030 / 0.0006 / 0.0032

	PostGIS TIGER
	+0.0016 (0.0033)
	-0.0002 (0.0002)
	+0.0020 (0.0038)
	0.0043 / 0.0030 / 0.0039


The null outcomes shift by the same amount as the effects. SES is negatively correlated with PM2.5 and with every outcome, so a noisier SES covariate leaves some confounding uncontrolled, which pushes all estimates up; exposure error alone does not move them at this error size. The mean shifts (0.0005–0.002) are well below the model standard errors (about 0.012 for the mixed model and 0.027 for the jackknife; Table S6), and the largest single shift (0.0045) is smaller than both, by a factor of about 3 and 6. 8.7% of Nominatim results fall within 1 m of the parcel point (0.5% for ArcGIS Pro, 0% for DeGAUSS and PostGIS TIGER) and 157 are identical to it; results are mostly building footprints (median 4.9 m) and house nodes (median 4.3 m). Dropping errors of 1 m or less moves the median only from 5.6 m to 6.5 m.



Table S10. Effect estimates at tract resolution under geocoding error (mean of 200 replicates; log-odds per µg/m³).
	Outcome
	True
	Error-free
	Nominatim
	ArcGIS
	DeGAUSS
	PostGIS

	COPD
	0.15
	0.149
	0.150
	0.150
	0.150
	0.150

	Bronchitis
	0.10
	0.104
	0.104
	0.104
	0.105
	0.105

	Pneumonia
	0.10
	0.109
	0.110
	0.109
	0.110
	0.110

	Asthma
	0.08
	0.082
	0.082
	0.082
	0.083
	0.082

	MI
	0.08
	0.098
	0.099
	0.099
	0.101
	0.101

	CHF
	0.07
	0.074
	0.075
	0.074
	0.076
	0.076

	CAD
	0.06
	0.079
	0.080
	0.080
	0.081
	0.081

	Stroke
	0.05
	0.054
	0.055
	0.054
	0.056
	0.056

	CKD (null)
	0
	0.013
	0.015
	0.014
	0.017
	0.017

	Hyperlipidemia (null)
	0
	0.002
	0.002
	0.002
	0.003
	0.003

	Hypertension (null)
	0
	-0.006
	-0.006
	-0.006
	-0.005
	-0.005

	Obesity (null)
	0
	0.003
	0.003
	0.003
	0.004
	0.004

	Rhinitis (null)
	0
	0.003
	0.003
	0.003
	0.003
	0.003

	T2DM (null)
	0
	0.014
	0.015
	0.015
	0.017
	0.017


Table S11. Tract versus county exposure, descriptive. Person-level 2014-2019 mean PM2.5: tract mean 9.18 (SD 1.86), county mean 9.17 (SD 1.69); correlation 0.907 overall (urban 0.867, rural 0.932); RMSE 0.78 µg/m³; slope of tract on county 1.00.
Table S12. Derived exposure as input to a machine-learning workflow.
	Outcome
	Features
	Model
	AUC, random CV
	AUC, blocked CV (fold range)

	COPD
	exposure, SES, age, sex
	logistic
	0.754
	0.753 (0.738–0.758)

	COPD
	exposure, SES, age, sex
	boosted trees
	0.752
	0.752 (0.738–0.755)

	COPD
	+ coordinates
	logistic
	0.755
	0.754 (0.739–0.758)

	COPD
	+ coordinates
	boosted trees
	0.753
	0.752 (0.736–0.755)

	T2DM
	exposure, SES, age, sex
	logistic
	0.710
	0.710 (0.698–0.715)

	T2DM
	exposure, SES, age, sex
	boosted trees
	0.708
	0.707 (0.694–0.713)

	T2DM
	+ coordinates
	logistic
	0.710
	0.709 (0.697–0.715)

	T2DM
	+ coordinates
	boosted trees
	0.708
	0.707 (0.694–0.714)




Table S13. Geocoder benchmark detail (5,000 random Miami-Dade addresses; distance from the geocoded point to the county property point, in feet, EPSG:2236).
	Geocoder
	Geocoded (of 5,000)
	Hit rate
	0–100 ft
	100–500 ft
	500 ft–1 mi
	> 1 mile
	Min (ft)
	Max (ft)
	Mean (ft)
	Median (ft)
	SD (ft)

	PostGIS TIGER
	4,999
	99.98%
	1,675
	2,400
	711
	213
	5
	2,700,504
	3,934
	155
	66,546

	DeGAUSS
	4,960
	99.20%
	1,420
	2,583
	766
	191
	13
	57,698
	818
	165
	2,420

	ArcGIS Pro
	4,868
	97.36%
	2,985
	1,789
	87
	7
	0.1
	212,687
	284
	85
	4,724

	Nominatim
	4,918
	98.36%
	3,718
	899
	230
	71
	0.0
	57,096
	303
	18
	1,906


Distance bins are mutually exclusive and sum to the number geocoded. Min, max, mean, median and SD reproduce the geocode-benchmark-2023 summary. The bin counts differ from the table in that repository’s README, whose four bins do not partition the addresses.
Table S14. Stress test with synthetic exposure surfaces. Gaussian random field with exponential covariance exp(-d/L) (mean 9, SD 1.9 µg/m³), correlation length L = 100 m, 1 km or 10 km; 200 replicates; the 14 outcomes are re-simulated from the exposure at the true locations, locations are displaced by a draw from each geocoder’s error distribution, and outcomes are analysed with the displaced exposure (adjusted logistic model, county-clustered SE). Theory = E[exp(-d/L)] over the error distribution (regression dilution).
	Correlation length
	Geocoder
	Share of true effect recovered (theory)
	Exposure correlation with error-free
	Coverage of the 8 true effects
	Coverage of the 6 nulls

	100 m
	Nominatim
	0.815 (0.815)
	0.815
	56%
	92%

	100 m
	ArcGIS Pro
	0.695 (0.697)
	0.698
	27%
	93%

	100 m
	DeGAUSS
	0.522 (0.523)
	0.523
	7%
	95%

	100 m
	PostGIS TIGER
	0.542 (0.542)
	0.542
	7%
	94%

	1 km
	Nominatim
	0.954 (0.954)
	0.954
	91%
	93%

	1 km
	ArcGIS Pro
	0.958 (0.959)
	0.959
	92%
	93%

	1 km
	DeGAUSS
	0.868 (0.869)
	0.869
	72%
	94%

	1 km
	PostGIS TIGER
	0.874 (0.877)
	0.877
	74%
	94%

	10 km
	Nominatim
	0.991 (0.992)
	0.992
	93%
	93%

	10 km
	ArcGIS Pro
	0.994 (0.995)
	0.995
	93%
	93%

	10 km
	DeGAUSS
	0.978 (0.978)
	0.977
	93%
	93%

	10 km
	PostGIS TIGER
	0.973 (0.975)
	0.974
	93%
	94%


Coverage of the true effects at the true locations is 94% / 93% / 93% (L = 100 m / 1 km / 10 km). Simulated attenuation agrees with the prediction to within 0.003 in every cell. Null outcomes are unaffected because dilution shrinks an effect towards zero and a null has none to lose.
Table S15. Near-road exposure scenario with real road geometry. Exposure is real monthly tract PM2.5 plus a simulated increment from the catalog entry synthetic_road_proximity: distance bands of 0-50, 50-100, 100-200 and 200-400 m around TIGER 2019 primary and secondary roads of AL, AZ, CA and OR, with increment 2·exp(-d_mid/150 m) µg/m³ (1.69, 1.21, 0.74, 0.27; illustrative values, not measurements). Outcomes re-simulated from total exposure and analysed with both components (each with the true coefficient); 100 displacement replicates per geocoder.
	Geocoder
	Near-road increment: share of true effect recovered
	Tract PM2.5: share recovered
	Locations changing distance band
	Near-road coverage, displaced (true location)
	Correlation of the increment with error-free

	Nominatim
	0.94
	1.000
	3.2%
	93% (93%)
	0.947

	ArcGIS Pro
	0.96
	1.000
	4.5%
	93% (93%)
	0.960

	DeGAUSS
	0.86
	0.999
	8.6%
	91% (93%)
	0.858

	PostGIS TIGER
	0.86
	0.996
	8.1%
	91% (93%)
	0.869


About 20% of persons live within 400 m of a major road. The tract PM2.5 coefficient is unaffected (at least 99.5% recovered); the near-road coefficient loses 4-6% with ArcGIS Pro and Nominatim and 14% with DeGAUSS and PostGIS TIGER because 3-9% of locations change band. Near-road interval coverage is hardly changed (91-93% against 93%) because its standard error is large relative to the shift. Synthetic residences are random points inside tracts, which lie farther from roads than real addresses, so the effect on a near-road exposure is probably understated.







Supplementary Table S16. Spatial and spatiotemporal methods and R packages that can be applied to EXTERNAL_EXPOSURE data through GaiaCore, with published example applications. The methods were not run in this study; they are candidates for the extensions described in Section 4.6.
	Type of method
	Method category
	Methods
	R packages
	Published examples

	Frequentist
	Spatial clustering
	Global Moran’s I
	mgcv, FactoMineR, rgdal, spdep
	Gaudart J, Landier J, Huiart L, et al. Factors associated with the spatial heterogeneity of the first wave of COVID-19 in France: a nationwide geo-epidemiological study. Lancet Public Health. 2021;6:e222–e231.

	 
	 
	Global Moran’s I; Local Moran’s I (LISA)
	spdep, INLA
	Bilal U, Tabb LP, Barber S, Diez Roux AV. Spatial inequities in COVID-19 testing, positivity, confirmed cases, and mortality in 3 U.S. cities: an ecological study. Ann Intern Med. 2021;174:936–944.

	 
	Spatiotemporal clustering
	Kulldorff’s space-time scan statistic
	scanstatistic
	Tyrovolas S, Giné-Vázquez I, Fernández D, et al. Estimating the COVID-19 spread through real-time population mobility patterns: surveillance in low- and middle-income countries. J Med Internet Res. 2021;23:e22999.

	Bayesian
	Spatial statistical modeling
	GLMM spatial models
	INLA
	DiMaggio C, Klein M, Berry C, Frangos S. Black/African American communities are at highest risk of COVID-19: spatial modeling of New York City ZIP code–level testing results. Ann Epidemiol. 2020;51:7–13.
de Lima EEC, Gayawan E, Baptista EA, Queiroz BL. Spatial pattern of COVID-19 deaths and infections in small areas of Brazil. PLoS ONE. 2021;16:e0246808.
Whittle RS, Diaz-Artiles A. An ecological study of socioeconomic predictors in detection of COVID-19 cases across neighborhoods in New York City. BMC Med. 2020;18:271.

	 
	Spatiotemporal statistical modeling
	GLMM spatiotemporal models
	INLA
	Jalilian A, Mateu J. A hierarchical spatio-temporal model to analyze relative risk variations of COVID-19: a focus on Spain, Italy and Germany. Stoch Environ Res Risk Assess. 2021;35:797–812.
Jaya IGNM, Folmer H. Bayesian spatiotemporal forecasting and mapping of COVID-19 risk with application to West Java Province, Indonesia. J Reg Sci. 2021;61:849–881.
Johnson DP, Ravi N, Braneon CV. Spatiotemporal associations between social vulnerability, environmental measurements, and COVID-19 in the conterminous United States. GeoHealth. 2021;5:e2021GH000423.
Blangiardo M, Cameletti M, Pirani M, Corsetti G, Battaglini M, Baio G. Estimating weekly excess mortality at sub-national level in Italy during the COVID-19 pandemic. PLoS ONE. 2020;15:e0240286.
Ngwira A, Kumwenda F, Munthali ECS, Nkolokosa D. Spatial temporal distribution of COVID-19 risk during the early phase of the pandemic in Malawi. PeerJ. 2021;9:e11003.
Paul R, Adeyemi O, Ghosh S, Pokhrel K, Arif AA. Dynamics of Covid-19 mortality and social determinants of health: a spatiotemporal analysis of exceedance probabilities. Ann Epidemiol. 2021;62:51–58.
Rawat S, Deb S. A spatio-temporal statistical model to analyze COVID-19 spread in the USA. J Appl Stat. 2021.

	 
	Bayesian model averaging
	Bayesian model averaging
	BAS
	Olmo J, Sanso-Navarro M. Modeling the spread of COVID-19 in New York City. Pap Reg Sci. 2021;100:1209–1229.


Note: rgdal has been retired from CRAN; sf is its current replacement for reading and handling spatial data. All examples address COVID-19 and are cited to illustrate each method, not the exposures studied here.

Supplementary Figure
[image: Four-panel figure showing geocoder error distributions, the share of locations reassigned to another tract or county, the shift in effect estimates, and interval coverage.]
Figure S1. Geocoding error and its propagation. (A) Empirical error distributions of four geocoders (5,000 Miami-Dade addresses). (B) Share of locations reassigned to a different tract or county. (C) Shift in effect estimates relative to the error-free analysis across 14 outcomes. (D) Coverage of the true value by the intervals of the perturbed analyses; this reflects stability of the realised interval, not a coverage estimate.
[image: Three-panel figure showing the share of the true effect recovered by correlation length, coverage of the true effects, and the near-road scenario.]
Figure S2. When geocoding error matters. (A) Share of the true effect recovered against the correlation length of the exposure surface (points: simulation; lines: regression-dilution prediction E[exp(-d/L)]). (B) Coverage of the true effects by 95% intervals; the dashed line is coverage with no geocoding error. (C) Near-road scenario with real road geometry: share of the true effect recovered for the near-road increment and for tract PM2.5.
Supplementary Methods
Tract PM2.5. The two releases do not overlap in time, so a level shift at the 2015/2016 seam could not be checked directly. We therefore compared the tract series, aggregated to the 176 counties of the four states, with the county series, which comes from a single CDC release (dataset 53mz-4zqd, 2001–2022) and has no seam of its own, for each of the 72 months. The simple tract mean differed from the county series by 0.002 µg/m³ in both 2014–2015 and 2016–2019 (step at the seam 0.000; 0.003, 0.002, 0.003 and 0.002 from November 2015 to February 2016), and the two series correlated at 0.9999 before and after the seam. A population-weighted aggregate differed by a constant offset of about 0.03 µg/m³ that did not change at the seam (step 0.003, per-county SE 0.002). Within-county spatial detail also continued across the seam: the SD of tract values within counties was 0.49, 0.50 and 0.44 µg/m³ in 2014, 2015 and 2016, and within-county tract deviations correlated at 0.96 from December 2015 to January 2016 (other December-to-January transitions 0.88–0.97). The check cannot detect a shift that cancels within a county, and it does not cover 2020, which is not used.
Synthetic cohorts and SES. 14 conditions, 8 with a simulated PM2.5 effect and 6 nulls; SES simulated at county (tutorial) or tract level (benchmark; county SES plus a tract deviation correlated with the tract’s PM2.5 deviation), acting as a confounder. Generator commits: c62b5a0 (tutorial build), 15efabc (benchmark build); archived as release benchmark-v1.0.1, Zenodo DOI 10.5281/zenodo.23296292.
Regression analyses. Each outcome was modelled by logistic regression on person-level day-weighted mean PM2.5, adjusted for SES, age and sex. Because persons in a county share unmeasured influences, four uncertainty estimates were compared: model-based (assumes independence; too narrow), county-clustered sandwich (CR1; under-covers when a few counties dominate), leave-one-county-out jackknife (CR3; default in gaiaCore, with a t(G-1) quantile) and a logistic mixed model with a county random intercept (sensitivity analysis).
CohortMethod. Exposure was dichotomised (high versus low PM2.5), a propensity score on observed confounders was used for matching or stratification, and an outcome model gave a two-group contrast; county clustering was not modelled. It answers a different question from the continuous model and is attenuated relative to it.
Geocoding Monte Carlo. The empirical error distribution of each of four geocoders (Norris, geocode-benchmark-2023: 5,000 random Miami-Dade property addresses geocoded with Nominatim, ArcGIS Pro, DeGAUSS and PostGIS TIGER; error = distance to the county’s property point) was applied to the tract benchmark. In each of 200 replicates every residence location was displaced by a distance drawn from the geocoder’s errors, in a uniformly random direction, and reassigned to the tract and county containing the displaced point (locations landing outside the study tracts, 0.04-0.5%, were dropped for that replicate). Exposure was recomputed from the real monthly series of the assigned unit, SES from the assigned tract, and all 14 outcomes re-analysed with the adjusted continuous model. Median errors were 5.6 m (Nominatim), 26 m (ArcGIS Pro), 47 m (PostGIS TIGER) and 50 m (DeGAUSS); 7, 70, 213 and 191 addresses lay over a mile away (ArcGIS Pro, Nominatim, PostGIS, DeGAUSS).
Stress tests. The synthetic-surface test draws a new Gaussian random field in each of 200 replicates, re-simulates the 14 outcomes from the exposure at the true locations with the benchmark generator’s risk model and coefficients, displaces every location by a draw from a geocoder’s error distribution in a random direction, and analyses each outcome with the exposure at the displaced and at the true location. Because displaced and true exposure have the same variance, regression dilution predicts that the estimate is multiplied by E[exp(-d/L)]. The road scenario adds a distance-band increment around TIGER primary and secondary roads to the real tract PM2.5 and analyses both components in one model (100 replicates per geocoder). Both surfaces were ingested as Gaia catalog entries (synthetic_surface_100m, _1km, _10km: grids of 25 m, 250 m and 2.5 km cells over a 10 km window; synthetic_road_proximity) and joined with the catalog-driven spatial join. Displaced points falling outside the 10 km window match no catalog grid cell and were excluded from this Gaia comparison; the main stress test evaluates the analytic surface directly and has no such exclusion. For 301 benchmark locations and 2,107 displaced points the Gaia value equals the analytic value of the containing cell (maximum difference 5×10^-14), and the exposure correlation under displacement agrees with the stress test. For the road bands, of 44,003 locations 41,523 lie more than 8% from a band edge and all receive the correct increment (band edges are buffers with two segments per quarter circle, whose effective radius is up to 7.6% below nominal); 8,717 locations (19.8%) are within 400 m of a road in Gaia against 8,723 by exact distance, with no duplicate rows.
Limits. The main geocoding analysis holds for a smooth, regionally correlated exposure averaged over six years; the stress tests show large losses for exposures varying over 100 m to 1 km, and short-window exposures were not evaluated. Error distributions come from one urban county and are applied to everyone, so rural error is probably understated (rural tract-level exposure RMSE for PostGIS 0.084 versus 0.051 urban). Every estimate shifts slightly upward under displacement by a similar amount for all geocoders.
Machine-learning workflow. Features per person from Gaia’s derived rows (day-weighted mean tract PM2.5, mean SES) plus age and sex, with and without first-residence coordinates; outcomes COPD (5,371 cases) and T2DM (6,498; no PM2.5 effect). Logistic regression and gradient-boosted trees (xgboost, fixed settings, no tuning) were scored by random 5-fold cross-validation (5 repeats) and by spatially blocked 5-fold cross-validation (79 grid blocks of 150 km). Random and blocked AUC agree within 0.0014, which reflects the weak simulated spatial structure (county random-effect SD 0.15), not a general result.
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