Supplementary Material
Supplement to " Equity-aware stochastic optimization of mammography screening facility location under demand and capacity uncertainty." The complete model formulation, including all equations, is given in the main-text Methods; this document provides the supporting detail that the Methods summarizes: the screening/diagnostic coding algorithm (S1), the facility-capacity estimation procedure and priors (S2), the candidate-site generation procedure (S3), and the scenario construction, model notation, and computational implementation (S4). 
S1. Classification of screening versus diagnostic mammography
Observed volumes were obtained from the 2024 Texas Health Care Information Collection (THCIC) outpatient public-use data files. Claims containing HCPCS 77067 were classified as screening examinations; 77063 was not counted separately because it is billed as an add-on to 77067. Records containing 77065, 77066, 77061, or 77062 without 77067 were classified as diagnostic-only and were excluded from screening throughput so that diagnostic activity did not inflate the capacity available for screening.
S2. Facility-capacity estimation
The optimization model requires an annual screening-mammography capacity for each of the 615 MQSA-certified Texas facilities. Because facility-level capacity is not publicly reported, we estimated a screening-specific physical capacity from observed throughput where available and from facility-class unit priors otherwise.
S2.1 Facility matching
THCIC facility identifiers were linked to the FDA/MQSA facility list using name-based matching constrained by metropolitan area and health-system brand. Among the 311 THCIC facilities, 109 automated matches had a similarity score of at least 90, including 95 with scores of at least 95; the median score was 82.8. The 55 highest-volume facilities, representing approximately 62% of THCIC screening volume, were manually verified as county-correct. To avoid double counting facilities sharing a census tract, observed volume was keyed by facility name and 11-digit tract GEOID rather than GEOID alone. Combined automated and curated matching assigned observed annual screening volume to 133 MQSA facilities; the remaining 482 facilities were treated as unmeasured and assigned accreditation-class priors.
S2.2 Unit inference and capacity
Let denote the set of measured facilities and the set of unmeasured facilities. For a measured facility with observed annual screening volume , let  be the annual screening capacity of one mammography unit,  the maximum number of units credited to one facility, and  the assumed per-unit utilization. The credited number of units was inferred as the smallest number able to produce  at utilization , capped at , and the estimated annual screening capacity is that unit count multiplied by , as given in the main-text Methods.  represents the conservative assumption that the observed volume was produced using the fewest, nearly fully utilized units; lower  implies lower utilization and therefore more installed units to explain the same observed volume. The utilization parameter is used only to infer the unit count; the estimated capacity is not subsequently multiplied by . For an unmeasured facility, the unit count was assigned by facility class (imaging centers, breast centers, and "other" received the dedicated-imaging prior; hospitals and clinics received the general-facility prior), with equal to the class prior and therefore constant across utilization states. Class priors were selected with reference to the median inferred unit counts among measured facilities (Table S1).
Table S1. Facility-class priors used for facilities without observed THCIC screening volume.
	Facility class
	Measured facilities
	Median units
	Prior units for unmeasured

	Hospital
	116
	1
	1

	Imaging center, breast center, or other
	9
	2
	2

	Clinic
	8
	1
	1


S3. Candidate-site generation
Candidate sites are inputs to the optimization model and define a finite, need-informed set of neighborhoods in which a new mammography facility could be located; the optimization subsequently determines which candidates are opened. Accessibility was calculated at the census-tract level using full 11-digit GEOIDs, tract centroids, and facility coordinates, preserving within-county heterogeneity and crediting reachable capacity across county boundaries. Candidate coordinates represent tract-centroid planning locations, not specific parcels.
S3.1 Spatial accessibility and gap identification
Let L denote the set of tracts,  the number of screening-eligible women (aged 40–74) in tract ,  the set of existing facilities,  the annual screening capacity of facility , and the haversine distance between tract  and facility . Accessibility was measured with the enhanced two-step floating catchment area (E2SFCA) method with exponential distance decay, using a straight-line catchment radius of 60 km and decay rate β = 0.025 km⁻¹.  The facility-level capacity-to-demand ratio  and the tract-level accessibility follow the two-step construction given in the main-text Methods, evaluated on straight-line distances:  is the capacity of facility j divided by the decay-weighted demand competing for it, and is the sum of the decayed ratios of all facilities within the catchment of tract . is interpreted as effective annual screening slots per eligible woman. The construction conserves aggregate capacity while accounting for competition for shared facilities and access across county lines. Tracts with below 0.80 were classified as access-gap tracts.
S3.2 Number and placement of candidates
For each county c containing one or more access-gap tracts, the aggregate access deficit was quantified as the population-weighted shortfall below the threshold , . The number of candidate sites generated for county c was
   		(S1)
where is the maximum number of candidates permitted in a county (six) and  is the number of access-gap tracts in the county. Dividing the deficit by the assumed annual design capacity of 7,500 screening examinations translated the estimated access shortfall into an approximate number of candidate facilities, generating more candidates where deficits were larger while limiting concentration within any single county. An accessibility-based shortfall was used rather than a raw county capacity deficit because residents may obtain screening across county boundaries.
Within each county, gap tracts were partitioned into spatial clusters using population-weighted k-means with tract-centroid latitude and longitude as features and as the weight. Each cluster was snapped to an observed tract by selecting the gap tract with the largest screening-eligible population and using its centroid as the provisional candidate location, avoiding placement at an abstract centroid in an unpopulated area. A provisional site was retained only if at least 2,500 eligible women lived within the 60-km catchment radius; catchment demand, existing catchment capacity, local net deficit, and distance to the nearest existing facility were recorded. No minimum-distance exclusion was imposed, because proximity to an existing facility can still indicate inadequate capacity relative to competing demand. Geographic sufficiency of the finalized pool was verified by temporarily making all existing and candidate facilities available in a maximum-coverage assignment.
S4. Scenario construction, notation, and computational implementation
The complete two-stage stochastic formulation, with its lexicographic objective, is given in the main-text Methods and is not repeated here. This section provides the scenario construction (S4.1), the model notation (Tables S2 and S3), and the computational implementation (S4.2).

Table S2. Model sets and parameters.
	Symbol
	Definition

	
	Texas counties represented by county centroids (|| = 254).

	
	Existing MQSA-certified facilities, always open (|
| = 615).

	
	Candidate facility locations generated in S3 (|Jᶜ| = 222).

	
	Eight mutually exclusive race/ethnicity groups (NH White, NH Black, NH Native American, NH Asian, NH Pacific Islander, NH Other, NH Two-or-more, Hispanic).

	
	Set of nine demand–capacity scenarios.

	
	Accessible county–facility pairs (|𝒫| = 3,920).

	
	Eligible-woman demand in county i under scenario s.

	
	Available annual screening capacity of facility  under scenario s.

	
	Probability of scenario s.

	
	Share of county i eligible women in group .

	
	OSRM driving time from county  to facility .

	
	60-minute accessibility threshold and decay rate 0.025 per minute.

	
	Statewide budget of 62 new facilities.

	
	Maximum of 3 new facilities in county .

	

	Annual screening capacity of each candidate facility, 7,500 examinations, constant across scenarios.

	
	Phase-2 coverage tolerance, 0.01· + 1.

	
	Statewide share of eligible women in group ; group weights in the between-group variance. Because the demand scenarios apply a common multiplier, these weights are scenario-invariant.




Table S3. Decision variables.
	Variable
	Stage
	Definition

	
	First stage
	Equals 1 when candidate facility  is opened.

	
	Second stage
	Women from county i served at accessible facility  in scenario .

	
	Second stage
	Unmet screening demand in county  under scenario .



S4.1 Scenarios
Baseline demand was multiplied by 0.9, 1.0, or 1.1 with probabilities 0.25, 0.50, and 0.25. Existing-facility capacity was represented by three unit-inference utilization states, ρ ∈ {1.0, 0.8, 0.6}, with weights 0.50, 0.30, and 0.20, placing greatest probability on the conservative minimum-unit state; these are scenario weights rather than empirically estimated probabilities. Lower ρ increases the physical-capacity ceiling. Joint scenario probabilities are the products of the demand and capacity-state marginal weights. A county–facility pair is accessible, , when the drive time is at most 60 minutes or the facility lies in county i (a 45-minute effective time is used for same-county pairs whose centroid route exceeds 60 minutes), with decay weight .
S4.2 Computational implementation
The extensive-form model contained 37,824 variables (including 222 binary opening variables), 9,893 linear constraints, and 90,624 nonzero coefficients, defined over 3,920 accessible county–facility pairs. The model was implemented in Python and solved as a convex mixed-integer quadratic program with Gurobi Optimizer 12.0.3, using 14 threads on an Apple M4 Pro workstation with 48 GB RAM. Phase 1 (coverage) was solved with a relative MIP-gap tolerance of 5×10⁻⁴ (0.05%) and a 1,200-second time limit; on the reported instance it terminated at the time limit with a 0.071% gap—within approximately 0.07% of the best achievable bound and therefore effectively optimal. Phase 2 (between-group variance) was solved with a 600-second time limit and reached a 0.0000% gap at the root node in approximately 2 seconds. Default Gurobi parameter settings were used otherwise. 
Value-of-information measures (VSS and EVPI) were computed for the Phase-1 coverage objective only and were not applied to the Phase-2 equity objective.
