
Online Appendix

Closer to Home: A Structural

Estimate-then-Optimize Approach to Improve Access

to Healthcare Services

Fernanda Bravo, Ashvin Gandhi, Jingyuan Hu, Elisa F. Long

UCLA Anderson School of Management, Los Angeles CA 90095

{fernanda.bravo, ashvin.gandhi, jingyuan.hu.phd, elisa.long}@anderson.ucla.edu

1



Bravo, Gandhi, Hu, and Long: Estimate-then-optimize in healthcare
2

Appendix A: Case Study Data and Performance

Table A1 California summary statistics

Mean SD

Number of retail pharmacy vaccination sites 4,035 -
Number of dollar stores 1,016 -
State population 37,336,716 -
Number of zip-codes (non-zero pop.) 1,659 -
Population (per zip-code) 23,637 22,629
Population density (residents per sq mi) 3,588 5,665
Race/ethnicity
% White 0.55 0.28
% Black 0.04 0.07
% Asian 0.10 0.13
% Hispanic 0.31 0.25
% Other <0.01 0.01

Health insurance
% Employer 0.42 0.16
% Medicare 0.15 0.10
% Medicaid 0.20 0.14
% Other 0.15 0.08

College graduation rate 0.32 0.20
Unemployment rate 0.07 0.06
Poverty level 0.10 0.10
Median household income ($000s) 73.0 38.7
Median home value ($000s) 522.9 392.7
HPI (continuous value in [0,1]) 0.49 0.28
Distance to nearest vaccination site (km)
HPI quartile 4 (most healthy) 3.2 7.5
HPI quartile 3 6.5 12.7
HPI quartile 2 8.8 12.7
HPI quartile 1 (least healthy) 11.8 17.4

Note. Zip code-level demographics include race/ethnicity, health insurance, college graduation rate, unemployment

rate, poverty rate, median household income, median home value, population density, and population.
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Table A2 Partnership categories in California

Category Brand Locations Source

Pharmacy CVS 1,092 vaccines.gov
Walgreens 587
Rite Aid 538
Walmart 296
Safeway 161
Costco 124
Vons 109
Sav-On 91
Ralphs 75
Other 962

Coffee House Starbucks 3,172 Safegraph

Dollar Store Dollar Tree 631 ScrapeHero
Dollar General 238
Family Dollar 147

High School Public 1,225 CA Dept of Education

Figure A1 Retail store types in California, by Healthy Places Index (HPI)
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Table A3 Past COVID-19 vaccination or testing campaigns at Dollar General stores

Month Locations Services offered Source

Aug 2021 9 counties in Michigan COVID-19 vaccination Hall (2021)
by SnapNurse

Aug 2021 3 stores in Virginia COVID-19 testing Virginia Department of Health (2021)

Aug 2021 Sumter County, South Carolina COVID-19 vaccination Staff Reports (2021b)

Aug 2021 Jackson County, Indiana COVID-19 vaccination Banks (2021)

Sep 2021 6 counties in Kansas COVID-19 vaccination Kansas Office of the Governor (2021)
with $100 incentive

Oct 2021 4 stores in Toledo, Ohio COVID-19 vaccination WTVG News (2021)
by RiteAid pharmacists

Feb 2022 Shenandoah County, Virginia COVID-19 vaccination WHSV Newsroom (2022)

Feb 2022 Fairfax County, Virginia COVID-19 vaccination Staff Reports (2021a)

Feb 2022 3 counties in Virginia COVID-19 vaccination WFXR Fox (2022)

Mar 2022 Roanoke County, Virginia COVID-19 vaccination Cover Virginia (2022)

Jun 2022 San Joaquin County, California COVID-19 vaccination Health Plan of San Joaquin (2022)

To assess model performance, we compare prediction errors from the Pharmacy-only policy with observed

vaccination rates at the zip code-level. Goodness-of-fit measures (Table A4) show the model performs well,

with a mean squared error (MSE) of 0.006 and R2 = 0.991, consistent across HPIs. A good performance

is expected, given that under the BLP estimation, we perfectly rationalize the observed demand rates.

Figure A2 illustrates the model’s performance at the county level, where it slightly underpredicts vaccination

rates in a few highly vaccinated counties. This occurs because, in the policy evaluation step, we impose strict

capacity constraints, which attenuate predicted vaccinations in some densely populated areas.

Table A4 Population-weighted errors between predicted vs. observed vaccination rates at zip code-level

MSE RMSE MAE MAPE R2

Total 0.006 0.074 0.033 0.043 0.991
HPI quartile 4 (most healthy) 0.009 0.093 0.048 0.053 0.992
HPI quartile 3 0.004 0.064 0.025 0.032 0.987
HPI quartile 2 0.003 0.058 0.021 0.026 0.990
HPI quartile 1 (least healthy) 0.006 0.080 0.040 0.062 0.986

Note. MSE (Mean Squared Error) = 1
|A|

∑
a

(
ρobsa − ρ̂a

)2
RMSE (Root Mean Squared Error) =

√
MSE

MAE (Mean Absolute Error) = 1
|A|

∑
a

∣∣ρobsa − ρ̂a
∣∣

MAPE (Mean Absolute Percentage Error) = 1
|A|

∑
a

∣∣∣ ρobsa −ρ̂a
ρobsa

∣∣∣× 100
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Figure A2 Predicted vs. observed vaccination rates by county in California
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Appendix B: Implementation details

B.1. Optimizing the GMM objective function

Optimizing the GMM objective in equation (6) is challenging because the distance parameters α influence

both individuals’ location probabilities and vaccination preferences.

We propose an iterative approach leveraging the fact that standard solvers can compute optimal demand

parameters θ̂ for a fixed location distribution f(ℓi | si). The method alternates between calculating demand

parameters under a fixed location distribution and updating the distribution based on the current demand

parameters. At convergence, this yields demand parameter estimates—including distance sensitivities α—

that locally minimize the GMM objective for the corresponding location distribution (implied by α).

Let f̃ (k)(ℓi | si) represent the location probability distribution in step k of the algorithm. Initially, we

assume no capacity constraints and that all individuals prefer their nearest location,1 yielding the initial

location distribution. With the location distribution fixed, we optimize the GMM objective function to

update the parameters θ̂
(k)

, including new distance sensitivities α̂(k). This optimization uses the fixed-point

method from Berry et al. (1995) to minimize the following GMM objective:

θ̂
(k)

= argmin
θ

(
1

|A|
∑
a

Z̃(k)
a (θ)ξ̃(k)a (θ)

)′

Φ

(
1

|A|
∑
a

Z̃(k)
a (θ)ξ̃(k)a (θ)

)
. (B.1)

The instruments Z̃(k)
a (θ) are computed assuming the fixed appointment distribution f̃ (k) (ℓi | si). The term

ξ̃(k)a (θ) is obtained by matching the implied aggregate demand ρ̃(k)a (θ) to the observed rates ρobs
a . Formally,

the implied aggregate demand in area a is:

ρ̃(k)a (θ) =
∑
si∈a

[ ∑
ℓi∈Li

exp (d(si, ℓi)αa +Xaβ+ ξa)

1+ exp(d(si, ℓi)αa +Xaβ+ ξa)
f̃ (k) (ℓi | si)

]
f(si | a). (B.2)

We implement the BLP approach using the PyBLP package by Conlon and Gortmaker (2020). The outputs

θ̂
(k)

, which include the distance sensitivities α̂(k), are then used to update the location distribution in the

next iteration according to equation (7) as follows:

f̃ (k+1)(ℓi | si,Li) =
exp

(
d(si, ℓi)α̂

(k)
ai

)∑
ℓ∈Li

exp
(
d(si, ℓ)α̂

(k)
ai

) , (B.3)

where the distribution of Li is determined by the sequential assignment process described in Section 3.1.3.

To determine convergence, we compute for each area the Wasserstein distance between location distribu-

tions in the current step and the previous step. We terminate the algorithm when the Wasserstein distance

falls below a certain tolerance, that is, when f̃ (k+1)(ℓi | si)≈ f̃ (k)(ℓi | si). At this point, our iterative approach

converges to a θ̂ that approximately satisfies the local optimality conditions for equation (6).2 An algorithmic

description of the approach is provided in Appendix B.3.

1 This is equivalent to having extreme distance sensitivities, i.e., α→−∞.

2 Note that all the fixed-point methods are evaluated using multiple starting points.
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B.2. Demand aggregation

For computational tractability, we formulate the case study optimization problem at the Census tract-level.

Solving this problem requires having tract-level utility values ū(t, ℓ), which determine the tract-level demand

shares ρtℓ. However, these utility terms cannot be computed using the demand model parameters as these

were estimated at the Census block level. Instead, we define û(t, ℓ) the utility-equivalent individuals in Census

tract t obtain from receiving service at location ℓ∈L, and define the tract-level demand share as:

ρtℓ :=

exp(2û(t,ℓ))

1+exp(û(t,ℓ))∑
k∈Lt

exp(û(t, k))
, ∀ℓ∈Lt, (B.4)

and zero otherwise, where Lt is the tract-specific choice set. We solve for these utility-equivalent values by

solving a system of equations based on the estimated block-level demand shares ρbℓ (i.e., as a function of the

block-level estimated utilities ū(b, ℓ)) and the tract-level demand shares ρtℓ({û(t, ℓ)}t,ℓ) in equation (B.4).

The system of equations is derived from writing the tract-level demand shares as an aggregation of the

block-level demand shares.

Let mb and mt be the eligible population of a Census block b and a Census tract t, respectively. Since

blocks are perfectly nested within tracts (i.e., each block belongs to one unique tract), we have mt =
∑

b∈t
mb.

The aggregate share of the population in tract t that obtains service at a specific location ℓ is given by the

population-weighted share of all blocks b within the tract t:

ρtℓ =
∑
b∈t

mb

mt

ρbℓ, if ℓ∈Lt (B.5)

The value of ρbℓ is obtained following equation (9) with subareas defined as blocks, namely,

ρbℓ :=

exp(2ū(b,ℓ))

1+exp(ū(b,ℓ))∑
ℓ∈Lb

exp(ū(b, ℓ))
, if ℓ∈Lb, (B.6)

and zero otherwise, where Lb is the block-specific choice set. Then, we solve for {û(t, ℓ)}t,ℓ by plugging in

the definition of ρtℓ in equation (B.4) into equation (B.5).

This system of non-linear equations is hard to solve, instead we provide a simple numerical approximation:

we solve for û(t, ℓ) assuming ℓ is the only location available to tract t and to all blocks b∈ t with ℓ∈Lb. We

then iteratively solve for each ℓ in Lt. This reduces the above system of equations to

ρtℓ :=
exp(û(t, ℓ))

1+ exp(û(t, ℓ))
, if ℓ∈Lt and zero otherwise; (B.7a)

ρtℓ =
∑
b∈t

mb

mt

ρbℓ =
∑
b∈t

mb

mt

exp(ū(b, ℓ))

1+ exp(ū(b, ℓ))
, if ℓ∈Lt and zero otherwise. (B.7b)

Let us denote the solution to equations (B.7a)-(B.7b) as {ũ(t, ℓ)}t,ℓ, and the corresponding induced tract-level

demand shares as {ρ̃tℓ}t,ℓ (following the definition in equation B.4).

While we cannot compare {ũ(t, ℓ)}t,ℓ with {û(t, ℓ)}t,ℓ directly to assess the validity of our approximation

(as the latter may not exist), we could compare (i) the induced demand shares, i.e., the demand share

implied by our approximation, ρ̃tℓ and (ii) the tract-level demand share implied by aggregating the actual

block-level demand share, ρtℓ from equations (B.5)-(B.6), both assuming |Lt|= 5. We report the relative gap

∆ := |ρ̃tℓ − ρtℓ|/ρtℓ across all tracts and candidate locations analyzed in our case study. The mean of ∆ is

0.1%, with a maximum of 2%. This demonstrates the validity of our approximation. Notice that this is only

done for the optimization stage to identify the optimal set of locations; then, in the evaluation, we employ

block-level demand estimates to determine the predicted vaccinations, requiring no approximation.
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B.3. Algorithmic description of SETO approach

Experiments are implemented in Python 3.9.12, and optimization uses Gurobi 10.0.1. The numerical study

is carried out on a Linux server with a 64-Core AMD EPYC 7742 processor and 2TB of RAM. We provide

a description of the entire approach in Algorithm 1.

Algorithm 1 Estimate-then-Optimize

INITIALIZE:

Create population ordering: Ω← random() ▷ Each i resides in a subarea si

procedure ESTIMATE(Ω)

Define individual choice set: Li←L ∀i∈Ω ▷ It can include specific constraints on the choice set

Initialize location distribution: ▷ Service location chosen at closest site

f̃ (0)(argmin
ℓ∈Li

d(si, ℓ) | si)← 1; f̃ (0)(ℓ′ | si)← 0 ∀ℓ′ ̸= argmin
ℓ∈Li

d(si, ℓ)

Define converge parameter: W ←∞

while W > ϵ do

Increment step count: k← k+1.

Construct instruments: Z̃
(k)

a ←Za

(
f̃ (k)(ℓi | si)

)
∀a∈A

Obtain parameter estimates θ̂
(k)

= [α̂(k), β̂
(k)

] and ξ̂
(k)

, using the nested fixed point algorithm

proposed by Berry et al. (1995), namely,

θ̂
(k)

, ξ̂
(k)
←argmin

θ,ξ

(
1

|A|
∑
a

Z̃
(k)

a ξa

)′

Φ

(
1

|A|
∑
a

Z̃
(k)

a ξa

)
,

s.t. ρ̃(k)a (θ) :=
∑
si∈a

[ ∑
ℓi∈Li

exp (d(si, ℓi)αa +Xaβ+ ξa)

1+ exp(d(si, ℓi)αa +Xaβ+ ξa)
f̃ (k) (ℓi | si)

]
f(si | a) = ρobs

a ∀a∈A

Update individual service location: {ℓi}i∈Ω← SEQUENTIAL LOC(Ω,L, θ̂
(k)

, ξ̂
(k)

) ▷ See function

SEQUENTIAL LOC in procedure COUNTERFACTUAL EVALUATION step below

Update service location distribution:

f̃ (k+1)(ℓ | s)←
∑
i∈s

1[ℓi = ℓ]/
∑
i∈s

1[si = s] ∀s∈ S, ℓ∈L

Update converge metric:

W ←min
a

Wasserstein

(∑
si

∑
ℓ

f̃ (k+1)(ℓ | si)f(si|a) δ
(
d− d(si, ℓ)

)
,
∑
si

∑
ℓ

f̃ (k)(ℓ | si)f(si|a) δ
(
d− d(si, ℓ)

))
,

where δ(·) is the Dirac delta function for a specific distance d and Wasserstein is a measure comparing the

area distribution of distances resulting from the sequential service fulfillment process between iterations.

end while

Update coefficients: θ̂← θ̂
(H)

and ξ̂← ξ̂
(H)

▷ H is the last iteration in the while loop

return θ̂, ξ̂

end procedure
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Algorithm 1 Estimate-then-Optimize (Continued)

procedure OPTIMIZE(L+, θ̂, ξ̂)

Compute utility: u(s, ℓ)← d(s, ℓ)α̂a +Xaβ̂a + ξ̂a, ∀s∈ S, ℓ∈L+, and s∈ a

Solve optimization problem P̃loc:

(x̃, ỹ, b̃, ṽ, w̃)←argmax
x,y,b,v,w

∑
s∈S

∑
ℓ∈L+

msysℓ

s.t.
∑
s∈S

msysℓ ≤ xℓKℓ, ∀ℓ∈L+

∑
ℓ∈L+

xℓ ≤N

Constraints: (11a)-(11c), (12a)-(12c)

ysℓ ≤
exp(2ū(s, ℓ))

1+ exp(ū(s, ℓ))
wsℓ

xℓ, bs ∈ {0,1}, vs,wsℓ, ysℓ ≥ 0, ∀s∈ S, ℓ∈L+

Update set of locations: L̃←{ℓ∈L+|x̃ℓ = 1}

return L̃

end procedure

procedure COUNTERFACTUAL EVALUATION(Ω, L̃, θ̂, ξ̂)

function SEQUENTIAL LOC(Ω, L̃, θ̂, ξ̂)

Initialize total demand served: D← 0

Initialize remaining capacity: Cℓ←Kℓ, ∀ℓ∈ L̃

Initialize set of locations with remaining capacity: LC←{ℓ∈ L̃ s.t Cℓ > 0}

Compute utility: u(s, ℓ)← d(s, ℓ)α̂a +Xaβ̂a + ξ̂a, ∀s∈ S, ℓ∈L+, and s∈ a ▷ It may use

aggregation approach in Appendix B.2

for each individual i∈Ω do

Initialize individual choice set: Li←LC ▷ It can include other constraints on the choice set

Sample individual choice of provider from the service location distribution:

ℓi ∼ f̂(ℓi | si) =
exp(d(si, ℓi)α̂ai

)∑
ℓ∈Li

exp (d(si, ℓ)α̂ai
)
1[ℓi ∈Li]

Sample individual’s idiosyncratic error relative to outside option: ϵ0− ϵi ∼ Logistic(0,1)

Compute individual’s decision to seek service: bi← 1[u(si, ℓi)> ϵ0− ϵi]

if bi = 1 then

Cℓi←Cℓi − 1 and D←D+1

Update set of locations with remaining capacity: LC←{ℓ∈LC s.t Cℓ > 0}

end if

end for

return D, {ℓi}i∈Ω

end function

end procedure
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Appendix C: Robustness Checks

We test the robustness of our estimation and optimization results to changes in parameters and assumptions.

C.1. Choice set

In our primary analysis, we assume that if no available capacity remains at any location in an individual’s

choice, then she is assigned to the M th closest location. This approximation is necessary because observed

vaccination rates in some zip codes exceed the available capacity. A lower value of M may not guarantee

that all individuals can obtain a vaccination within one of their M closest locations, which would result

in non-convergence of the BLP methodology. For M = 5, approximately 3.6% of individuals encounter no

remaining capacity at all 5 locations, and are thus assigned to their 5th closest location.

We relax the assumption of M = 5 and estimate demand under the MNL choice model with M ∈

{10, 300, 1,000}. Table C11 shows that demand estimates are not sensitive to the choice set size. For

instance, with M = 10, the distance sensitivity coefficient for HPI quartile 1 is −0.158 (p < 0.001) compared

to −0.161 (p < 0.001) when M = 5. Even with M = 1,000, which guarantees that everyone has some location

in their choice set with available capacity, the coefficient for HPI quartile 1 only modestly changes to −0.180

(p < 0.001). Under the MNL choice model, some individuals will choose distance sites, and a lower distance

coefficient will nudge them to closer sites to match observed vaccination rates.

For computational tractability, we re-run the optimization model with M = 10 (Table C5). With a larger

choice set, the marginal benefit of adding dollar stores decreases as individuals can access more pharmacy

capacity nearby. The choice set size differentially affects HPI groups, and areas with more pharmacies see

minimal impact on travel distances. High HPI areas maintain similar vaccination gains (0.16 million vs. 0.19

million with M = 5), while low HPI areas show lower vaccination gains (0.19 million vs. 0.30 million with

M = 5).

C.2. Capacity

We vary the per-site vaccination capacity K ∈ {8,000, 12,000} from our baseline of K = 10,000. Similar to

M , these adjustments affect the probability of choosing a nearby vaccination site. Table C12 shows that a

20% variation in capacity results in modest changes in demand sensitivities. If K = 8,000, individuals must

consider farther sites if the closest options reach capacity. Under this scenario, the estimated distance sensi-

tivities are flatter, suggesting a greater willingness to travel farther for vaccination. The distance coefficient

for HPI quartile 1 is −0.150 (p < 0.001) compared to −0.161 (p < 0.001) when K = 10,000. Conversely, with

K = 12,000, individuals are more likely to secure a spot at their nearest site, aligning with their preferred

choice under the MNL model. In this case, the distance coefficient for HPI quartile 1 is −0.170 (p < 0.001),

implying a slightly steeper disutility of traveling farther for vaccination. Altogether, these results suggest that

correct site-level capacities could modestly improve distance sensitivity estimates, but the slight differences

in estimated coefficients imply that lacking such data does not seriously invalidate our estimates.

Varying capacity by 20% does meaningfully affect our counterfactual results, as shown in Table C5. Our

status quo Pharmacy-only policy with K = 10,000 and N = 4,035 pharmacies amounts to 40.35 million vac-

cination slots, and achieves 26.44 million predicted vaccinations. Adding 500 dollar stores statewide predicts
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a gain of nearly 0.8 million vaccinations. With K = 8,000 and the same number of dollar stores, predicted

vaccination gains exceed 1.3 million. Although there is less aggregate supply, vaccination rates increase

across all HPIs—especially at more distant locations—due to individuals’ reduced distance sensitivity, as

discussed above. With K = 12,000, dollar stores provide only 0.38 million additional vaccinations, because

more individuals can secure vaccination spots at nearby pharmacies.

We further validate our observation of decreasing marginal returns as new service locations are added.

Figure C3 shows the robustness of this insight for various combinations of M and K. Settings with limited

Table C5 Added vaccinations (million) relative to Pharmacy-only, assuming 500 dollar stores are added

statewide

HPI quartile

Type All Bottom 25% 25-50% 50-75% Top 25%

Choice set
M = 5(†) Total 0.77 0.30 0.14 0.14 0.19

Walkable 1.54 0.73 0.29 0.29 0.24

M = 10
Total 0.59 0.19 0.10 0.14 0.16
Walkable 1.31 0.59 0.22 0.26 0.23

Capacity
K = 8,000

Total 1.31 0.47 0.30 0.26 0.27
Walkable 1.89 0.81 0.43 0.35 0.30

K = 12,000
Total 0.38 0.17 0.07 0.04 0.10
Walkable 1.19 0.60 0.22 0.20 0.17

Distance
d̄= 0.5

Total 0.72 0.26 0.13 0.14 0.19
Walkable 1.40 0.63 0.26 0.27 0.25

d̄= 1.0
Total 0.70 0.25 0.12 0.14 0.18
Walkable 1.37 0.59 0.26 0.27 0.24

Note. (†) denotes our main scenario. All other partnerships report added vaccinations relative to Pharmacy-only,

which is being evaluated under the same parameter setting.

Figure C3 Added vaccinations under varying M and K with network expansion of dollar stores
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Table C6 Sensitivity analysis of dollar store capacity on added vaccinations (million) with network expansion of

500 dollar stores statewide

HPI quartile

Dollar store capacity All Bottom 25% 25-50% 50-75% Top 25%

K = 10,000(†) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

K = 5,000 Total 0.41 0.17 0.08 0.07 0.09
Walkable 0.99 0.53 0.18 0.18 0.11

Note. (†) denotes our main scenario. All values are reported in millions of vaccinations. Added vaccinations are

relative to Pharmacy-only. Walkable vaccinations refer to travel distances of less than one mile.

capacity (K = 8,000) show larger marginal effects and benefit more from adding new locations. These insights

are relevant for deciding whether to add capacity to existing pharmacies or allocate it among new partner

locations. Our analysis suggests the latter may be more effective.

The mathematical formulation of our demand estimation and optimization model can accommodate het-

erogeneous store capacities. Due to a lack of store-level vaccination data in our case study, we use sensitivity

analyses to examine the impact of heterogeneous capacity. We consider a conservative case where dollar

stores operate at 50% of the capacity of established pharmacies. Under this scenario, adding 500 dollar

stores increases predicted vaccinations by 410,000, 47% less than in our main analysis (Table C6), with gains

distributed similarly across HPI quartiles. The selected dollar stores are located farther from their nearest

pharmacy (average distance of 3.1 km vs. 2.8 km with full capacity), and fewer dollar stores are selected

within the top HPI quartile (40 vs. 56 stores with full capacity). With reduced capacity in each dollar store,

the model suggests opening more stores in remote locations, particularly in lower HPI quartiles (Table C7).

Table C7 Comparison of selected vs. not selected locations with network expansion of 500 dollar stores

statewide, each with 50% lower capacity than pharmacies

Selected

All Full Half
dollar stores capacity(†) capacity

No. of stores (%) 1,016 500 500
in HPI quartile 4 (most healthy) 89 (9%) 56 (11%) 40 (8%)
in HPI quartile 3 195 (19%) 91 (18%) 86 (17%)
in HPI quartile 2 301 (30%) 127 (26%) 130 (26%)
in HPI quartile 1 (least healthy) 431 (42%) 226 (45%) 244 (49%)

No. of stores (%) in pharmacy deserts 71 (7%) 56 (11%) 49 (10%)

Avg. distance to the nearest pharmacy (km) 2.1 2.8 3.1

Note. (†) denotes our main model results.

C.3. Closest location

We test an alternative appointment process instead of the MNL-based choice model. Here, individuals are

assigned to their closest location with available capacity out of the M nearest locations, and we vary M ∈
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{300, 1,000}. The last two columns of Table C11 show the revised demand estimates. Distance sensitivity

coefficients attenuate slightly asM increases, as expected. For instance, withM = 300, the distance coefficient

for HPI quartile 1 is −0.130 (p < 0.001). Our findings confirm that distance to a pharmacy negatively

correlates with vaccination rates and that individuals from lower HPI quartiles are more sensitive to travel

distances.

C.4. Distance forms

We consider an alternative specification for the distance function d(s, ℓ) where individuals’ disutility of

traveling is zero for distances below a threshold d̄. In other words, individuals are insensitive to variations

in short distances. The functional form is:

d(s, ℓ) = log
(
(dsℓ− d̄)+ +1

)
(C.9)

where dsℓ is the geodesic distance between s and ℓ, and x+ :=max{x,0}.

We evaluate two distance thresholds, d̄∈ {0.5,1.0} miles, and recalculate demand estimates. In both cases,

distance sensitivities increase slightly, to offset the flat utility values below d̄ (Table C12). For instance, if

d̄ = 1.0, the coefficient on distance for HPI quartile 1 is −0.165 (p < 0.001), as individuals become more

sensitive to longer distances above d̄. However, the signs and relative magnitudes of distance sensitivities

remain unchanged.

An alternative distance function very modestly changes our optimal results (see Table C5). Total predicted

added vaccinations with dollar stores assuming d̄= 1.0 mile is 0.70 million, vs. 0.77 million in our original

analysis. The added walkable vaccinations also decrease (1.37 million vs. 1.54 million) because the model does

not prioritize reductions in very small distances. Thus, the vaccination gains mainly accrue to individuals

who live farther from an FRPP pharmacy.

C.5. Pandemic dynamics

In our main analysis, we use cross-sectional data on fully vaccinated individuals as of March 1, 2022, to

estimate distance elasticities. We consider how epidemiological factors, such as pandemic phase or recent

spikes in disease spread, might influence our numerical results using two robustness checks. First, we replicate

our demand estimation using cross-sectional vaccination data from three additional periods: September 2021,

December 2021, and June 2022. These periods capture different phases of the pandemic, during which state

and federal guidelines—and likely public attention toward COVID—changed. Second, we include additional

controls for local epidemic conditions, such as cumulative COVID cases and deaths within the county, and

COVID cases reported in the previous week.3 These metrics capture the cumulative and recent impact of

COVID in a community. Finally, we examine how these alternative demand models affect our counterfactual

evaluations, using different cross-sectional data, with and without local pandemic controls.

The purpose of these additional analyses is twofold. By comparing estimates across time periods (with and

without controls for disease spread), we infer how distance preferences might have changed over time and

3 California does not publish statistics on cases and deaths at levels smaller than counties.
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with recent outbreaks. Additionally, we produce distinct demand functions for each period to assess whether

our policy recommendations from the optimization problem differ by pandemic phase.

Results for these alternative specifications are shown in Table C13. Both the pandemic phase and the recent

disease spread meaningfully affect vaccination behaviors. The pandemic phase’s impact is evident from the

increase in vaccination rates over time, while disease spread’s impact is shown by the statistically significant

coefficients. Other patterns, such as changes in racial, socioeconomic, and insurance gaps, are also evident.

COVID spread is conditionally correlated with vaccination rates.4 Importantly, the distance sensitivity coef-

ficients (i.e., those on Log-distance × HPI)—the principal inputs to our counterfactual optimization—remain

statistically significant, economically meaningful, and relatively consistent across all timeframes, even with

the inclusion of disease outbreak controls. This indicates that structural preferences over travel distance

remain significant throughout the pandemic phases, regardless of specific epidemic conditions.

As another robustness test, we examine the idiosyncratic errors ξ estimated from our structural demand

model. The errors remain stable over time, as evidenced by the high correlation between errors from March

2022 and other time periods (Figure C4). This suggests that unobserved variations in vaccination preferences

(e.g., due to hesitancy or misinformation)—beyond what we can capture with HPI and other demographic

covariates—do not change meaningfully over time.

Figure C4 Idiosyncratic errors for different estimation periods
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Under each of the eight alternative demand models, we run the optimization model assuming our baseline

scenario of adding 500 dollar stores statewide to the vaccination network, with results shown in Table C8.

The pattern of predicted vaccination gains across HPI quartiles remains consistent, with the bottom quartile

gaining the most in all cases. Predicted gains also increase over time, likely reflecting a growing willingness

to vaccinate. The gains are slightly larger (i.e., 0.79 million vs. 0.77 million) when including controls for

disease spread. While our overall conclusion remains unchanged, the modest difference in predicted gains

likely stems from the slight difference in distance sensitivities when including controls for disease spread.

4 One should interpret these coefficients with caution. Cases and deaths may be correlated with vaccination coverage
for a number of reasons. In fact, the direction of causality may even be reversed: the protective effects of vaccines
mean that higher vaccination rates in a community likely result in fewer cases and deaths.
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Table C8 Predicted added vaccinations (million) under network expansion with 500 additional dollar stores

statewide for different cross-sectional data

HPI quartile

Pandemic controls Date All Bottom 25% 25-50% 50-75% Top 25%

No

Sep 2021 Total 0.35 0.13 0.06 0.05 0.11
Walkable 0.99 0.45 0.19 0.19 0.16

Dec 2021 Total 0.57 0.22 0.10 0.10 0.15
Walkable 1.29 0.60 0.25 0.24 0.21

Mar 2022(†) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

Jun 2022 Total 0.82 0.33 0.15 0.15 0.19
Walkable 1.59 0.74 0.31 0.30 0.25

Yes

Sep 2021 Total 0.35 0.13 0.06 0.05 0.11
Walkable 1.00 0.46 0.19 0.19 0.17

Dec 2021 Total 0.59 0.23 0.11 0.10 0.15
Walkable 1.30 0.61 0.24 0.24 0.21

Mar 2022 Total 0.79 0.31 0.14 0.15 0.19
Walkable 1.56 0.73 0.30 0.28 0.25

Jun 2022 Total 0.84 0.33 0.16 0.15 0.20
Walkable 1.61 0.76 0.32 0.29 0.25

Note. (†) denotes our main scenario. All values are reported in millions of vaccinations. Added vaccinations are

relative to Pharmacy-only. Walkable vaccinations refer to travel distances of less than one mile.

C.6. Distance sensitivity by income

Many factors relevant to distance sensitivity are undoubtedly highly correlated. For example, high-income

zip codes likely have better local job opportunities, more educated residents, and better transportation

access. This motivates our decision to model heterogeneity in distance sensitivity using a simple index, like

the Healthy Places Index—which is specifically designed to capture a host of relevant correlates. It is also

an index currently used by the relevant state and local regulators—including the California Department of

Public Health and counties such as Los Angeles and San Francisco—to allocate public health resources such

as vaccine allocations, educational outreach programs, and food resources.

We estimate an alternative demand model where heterogeneity in distance sensitivity is instead measured

along a single dimension: household income. Results are shown in Table C14. Low-income zip codes have

lower vaccination rates, but the relationship between income and distance sensitivity is not straightforward.

While the second income quartile is markedly more sensitive than the top quartiles, the bottom quartile is

not. This non-monotonicity could result from unobserved outreach efforts in low-income neighborhoods (e.g.,

pop-up clinics) or indicate that other correlated factors are more important drivers of distance sensitivity

than income alone. This underscores the value of allowing heterogeneity along a composite index, such as

HPI, which more plausibly captures most of the variation. Results of the counterfactual analysis (Table C9)

under this demand specification indicate that our main findings hold: adding dollar stores to the network

could improve vaccination coverage considerably. However, the gains are less concentrated in the bottom

income quartile compared to the bottom HPI quartile.
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Table C9 Predicted vaccinations (million) by median income, under network expansion with 500 additional

dollar stores statewide

Median income quartile

Strategy All Bottom 25% 25-50% 50-75% Top 25%

Pharmacy-only Total 26.43 2.78 6.41 8.34 8.91
Walkable 19.47 2.02 4.79 6.22 6.45

Pharmacy + Dollar Total +0.77 +0.12 +0.24 +0.16 +0.24
Walkable +1.53 +0.29 +0.56 +0.37 +0.31

Note. The Pharmacy + Dollar strategy is the change in vaccinations compared to Pharmacy-only. Walkable

vaccinations refer to travel distances of less than one mile.

C.7. Population order sequence

We assume that service requests are fulfilled according to a random ordering of all vaccine-eligible California

residents. This intends to capture a random arrival process of service requests, such as during online booking.

In our implementation, we fix a single random ordering, for both demand estimation and counterfactual

optimization. To evaluate the sensitivity of our main findings, we perform the following analyses.

First, we consider 100 alternative random sequences and estimate demand for each sequence. The dis-

tribution of distance sensitivity estimates by HPI quartile is shown in Figure C5. The coefficients do not

meaningfully vary, giving us confidence that our conclusions are highly robust to the choice of random

sequence. Table C15 gives the demand estimates for the 5th- and 95th-percentiles of the distance sensitivity

coefficient for HPI quartile 1—the most relevant for our study—which again shows minimal variation.

Second, we explore the effect of prioritizing some subpopulations, which occurred widely with COVID-19.

We consider an order sequence giving individuals age 65 or older priority access to vaccinations before the

general population. We generate the order sequence by sampling individuals’ ages from the Census-block age

distribution. For a given random sequence of the population, we simply re-order individuals based on their

sampled age, giving priority to those 65 and older. We observe no significant differences in demand estimates,

shown in Table C15, again confirming that the sequence in which individuals choose their preferred location

has minimal impact on the key distance sensitivity estimates.

Third, we evaluate the impact of the ordering sequence on predicted vaccination gains in our counterfactual

analysis. To do so, we optimize and predict vaccinations using the demand estimates in Table C15 and the

corresponding random sequences. Predicted vaccinations are quite robust to the random order used in the

estimation and counterfactuals, with differences of less than 0.01 million, as shown in Table C10.
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Figure C5 Distribution of distance sensitivities by HPI for 100 random population order sequences
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Table C10 Predicted added vaccinations (million) under network expansion with 500 additional dollar stores

statewide for different population order sequences

HPI quartile

Population ordering All Bottom 25% 25-50% 50-75% Top 25%

Random(†) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

HPI Quartile 1 (5th-percentile) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

HPI Quartile 1 (95th-percentile) Total 0.77 0.30 0.14 0.14 0.18
Walkable 1.54 0.72 0.30 0.29 0.24

Priority 65+ Total 0.77 0.30 0.14 0.14 0.18
Walkable 1.54 0.73 0.29 0.28 0.24

Note: (†) denotes our main scenario. HPI Quartile 1 (x-percentile) gives the predicted vaccinations under the 5th

and 95th percentiles of the demand estimate for HPI quartile 1 across 100 random orders.
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Table C11 Demand estimates under varying sizes of choice sets M and appointment assignment process

MNL Closest Location

Independent Variable M = 5 (†) M = 10 M = 300 M = 1000 M = 300 M = 1000

HPI Quartile 4 (most healthy) Ref. Ref. Ref. Ref. Ref. Ref.

HPI Quartile 3 -0.304∗∗∗ -0.306∗∗∗ -0.303∗∗∗ -0.306∗∗∗ -0.299∗∗∗ -0.299∗∗∗

(0.084) (0.084) (0.086) (0.083) (0.087) (0.087)
HPI Quartile 2 -0.451∗∗∗ -0.452∗∗∗ -0.448∗∗∗ -0.447∗∗∗ -0.450∗∗∗ -0.450∗∗∗

(0.112) (0.112) (0.113) (0.111) (0.114) (0.114)
HPI Quartile 1 (least healthy) -0.605∗∗∗ -0.607∗∗∗ -0.600∗∗∗ -0.603∗∗∗ -0.601∗∗∗ -0.601∗∗∗

(0.149) (0.150) (0.150) (0.148) (0.152) (0.152)

Log-distance × HPI Quartile 4 -0.063 -0.062 -0.051 -0.086 -0.027 -0.027
(0.070) (0.070) (0.072) (0.071) (0.068) (0.068)

Log-distance × HPI Quartile 3 -0.142∗∗∗ -0.138∗∗∗ -0.134∗∗∗ -0.160∗∗∗ -0.108∗∗ -0.108∗∗

(0.050) (0.050) (0.050) (0.050) (0.049) (0.049)
Log-distance × HPI Quartile 2 -0.124∗∗∗ -0.122∗∗∗ -0.119∗∗∗ -0.145∗∗∗ -0.092∗∗ -0.092∗∗

(0.043) (0.043) (0.043) (0.045) (0.042) (0.042)
Log-distance × HPI Quartile 1 -0.161∗∗∗ -0.158∗∗∗ -0.157∗∗∗ -0.180∗∗∗ -0.130∗∗∗ -0.130∗∗∗

(0.043) (0.043) (0.043) (0.044) (0.043) (0.043)

Race White Ref. Ref. Ref. Ref. Ref. Ref.

Race Black -0.052 -0.049 -0.063 -0.104 0.007 0.007
(0.342) (0.343) (0.344) (0.342) (0.345) (0.345)

Race Asian 2.001∗∗∗ 2.004∗∗∗ 2.027∗∗∗ 1.968∗∗∗ 2.041∗∗∗ 2.041∗∗∗

(0.179) (0.179) (0.180) (0.178) (0.183) (0.183)
Race Hispanic 0.987∗∗∗ 0.989∗∗∗ 0.981∗∗∗ 0.971∗∗∗ 1.016∗∗∗ 1.016∗∗∗

(0.167) (0.167) (0.167) (0.167) (0.166) (0.166)
Race Other 7.077∗∗ 7.096∗∗ 7.258∗∗ 7.028∗∗ 7.217∗∗ 7.217∗∗

(3.049) (3.051) (3.088) (3.052) (3.054) (3.054)

Health Insurance: Employer -1.202∗ -1.201∗ -1.195∗ -1.209∗ -1.190∗ -1.190∗

(0.696) (0.697) (0.696) (0.695) (0.700) (0.700)
Health Insurance: Medicare 0.197 0.197 0.197 0.204 0.181 0.181

(0.739) (0.739) (0.739) (0.737) (0.743) (0.743)
Health Insurance: Medicaid -0.973 -0.975 -0.967 -0.972 -0.977 -0.977

(0.729) (0.730) (0.730) (0.728) (0.733) (0.733)
Health Insurance: Other -2.319∗∗∗ -2.319∗∗∗ -2.321∗∗∗ -2.316∗∗∗ -2.323∗∗∗ -2.323∗∗∗

(0.760) (0.760) (0.761) (0.758) (0.765) (0.765)

College Graduation Rate 1.727∗∗∗ 1.726∗∗∗ 1.737∗∗∗ 1.729∗∗∗ 1.732∗∗∗ 1.732∗∗∗

(0.282) (0.282) (0.282) (0.281) (0.283) (0.283)
Unemployment Rate -1.777∗∗∗ -1.779∗∗∗ -1.783∗∗∗ -1.748∗∗ -1.818∗∗∗ -1.818∗∗∗

(0.686) (0.686) (0.686) (0.684) (0.689) (0.689)
Poverty Level -0.011 -0.011 -0.014 -0.017 -0.013 -0.013

(0.472) (0.472) (0.472) (0.473) (0.474) (0.474)

Log(Median Household Income) -0.110∗ -0.110∗ -0.111∗ -0.108∗ -0.114∗ -0.114∗

(0.060) (0.060) (0.060) (0.060) (0.060) (0.060)
Log(Median Home Value) 0.114∗∗ 0.115∗∗ 0.114∗∗ 0.113∗∗ 0.117∗∗ 0.117∗∗

(0.050) (0.050) (0.050) (0.050) (0.050) (0.050)
Log(Population Density) -0.078∗∗∗ -0.077∗∗∗ -0.076∗∗∗ -0.085∗∗∗ -0.066∗∗∗ -0.066∗∗∗

(0.022) (0.022) (0.022) (0.022) (0.022) (0.022)

Note. (†) denotes our main specification. M refers to the size of an individual’s choice set. MNL estimates are under

the multinomial-logit choice model. Closest Location refers to an alternative assignment process where individuals

obtain a vaccination at their nearest pharmacy within M . Standard errors are in parentheses. Significance levels:

∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table C12 Demand estimates under varying per-store vaccination capacity and distance forms

Capacity Distance form

Independent Variable K = 10,000 (†) K = 8,000 K = 12,000 K →∞ d̄= 0.5 d̄= 1

HPI Quartile 4 (most healthy) Ref. Ref. Ref. Ref. Ref. Ref.

HPI Quartile 3 -0.304∗∗∗ -0.299∗∗∗ -0.306∗∗∗ -0.307∗∗∗ -0.275∗∗∗ -0.285∗∗∗

(0.084) (0.086) (0.084) (0.083) (0.100) (0.092)
HPI Quartile 2 -0.451∗∗∗ -0.448∗∗∗ -0.451∗∗∗ -0.448∗∗∗ -0.422∗∗∗ -0.426∗∗∗

(0.112) (0.113) (0.111) (0.110) (0.126) (0.119)
HPI Quartile 1 (least healthy) -0.605∗∗∗ -0.597∗∗∗ -0.607∗∗∗ -0.605∗∗∗ -0.563∗∗∗ -0.584∗∗∗

(0.149) (0.151) (0.149) (0.148) (0.164) (0.158)

Log-distance × HPI Quartile 4 -0.063 -0.045 -0.076 -0.086 -0.078 -0.066
(0.070) (0.070) (0.070) (0.070) (0.087) (0.085)

Log-distance × HPI Quartile 3 -0.142∗∗∗ -0.128∗∗ -0.152∗∗∗ -0.159∗∗∗ -0.157∗∗∗ -0.148∗∗∗

(0.050) (0.050) (0.050) (0.050) (0.057) (0.053)
Log-distance × HPI Quartile 2 -0.124∗∗∗ -0.111∗∗ -0.135∗∗∗ -0.144∗∗∗ -0.140∗∗∗ -0.131∗∗∗

(0.043) (0.043) (0.044) (0.044) (0.049) (0.046)
Log-distance × HPI Quartile 1 -0.161∗∗∗ -0.150∗∗∗ -0.170∗∗∗ -0.178∗∗∗ -0.180∗∗∗ -0.165∗∗∗

(0.043) (0.044) (0.044) (0.044) (0.049) (0.046)

Race White Ref. Ref. Ref. Ref. Ref. Ref.

Race Black -0.052 -0.027 -0.074 -0.105 -0.060 -0.076
(0.342) (0.343) (0.342) (0.342) (0.342) (0.343)

Race Asian 2.001∗∗∗ 2.021∗∗∗ 1.983∗∗∗ 1.966∗∗∗ 2.025∗∗∗ 2.032∗∗∗

(0.179) (0.180) (0.178) (0.178) (0.179) (0.179)
Race Hispanic 0.987∗∗∗ 0.998∗∗∗ 0.980∗∗∗ 0.973∗∗∗ 0.982∗∗∗ 0.983∗∗∗

(0.167) (0.166) (0.167) (0.167) (0.167) (0.166)
Race Other 7.077∗∗ 7.136∗∗ 7.036∗∗ 7.022∗∗ 7.404∗∗ 7.415∗∗

(3.049) (3.045) (3.049) (3.052) (3.112) (3.128)

Health Insurance: Employer -1.202∗ -1.195∗ -1.207∗ -1.210∗ -1.259∗ -1.274∗

(0.696) (0.697) (0.695) (0.695) (0.695) (0.698)
Health Insurance: Medicare 0.197 0.189 0.200 0.203 0.148 0.135

(0.739) (0.740) (0.738) (0.737) (0.735) (0.737)
Health Insurance: Medicaid -0.973 -0.976 -0.973 -0.974 -1.029 -1.039

(0.729) (0.730) (0.728) (0.728) (0.726) (0.727)
Health Insurance: Other -2.319∗∗∗ -2.322∗∗∗ -2.318∗∗∗ -2.316∗∗∗ -2.372∗∗∗ -2.388∗∗∗

(0.760) (0.762) (0.759) (0.758) (0.758) (0.761)

College Graduation Rate 1.727∗∗∗ 1.730∗∗∗ 1.727∗∗∗ 1.730∗∗∗ 1.751∗∗∗ 1.763∗∗∗

(0.282) (0.283) (0.282) (0.281) (0.282) (0.282)
Unemployment Rate -1.777∗∗∗ -1.796∗∗∗ -1.763∗∗ -1.748∗∗ -1.791∗∗∗ -1.793∗∗∗

(0.686) (0.687) (0.685) (0.684) (0.687) (0.686)
Poverty Level -0.011 -0.011 -0.012 -0.016 -0.003 0.000

(0.472) (0.473) (0.471) (0.473) (0.476) (0.478)

Log(Median Household Income) -0.110∗ -0.112∗ -0.109∗ -0.108∗ -0.113∗ -0.115∗

(0.060) (0.060) (0.060) (0.060) (0.060) (0.060)
Log(Median Home Value) 0.114∗∗ 0.115∗∗ 0.114∗∗ 0.113∗∗ 0.115∗∗ 0.116∗∗

(0.050) (0.050) (0.050) (0.050) (0.050) (0.050)
Log(Population Density) -0.078∗∗∗ -0.073∗∗∗ -0.082∗∗∗ -0.085∗∗∗ -0.077∗∗∗ -0.075∗∗∗

(0.022) (0.022) (0.022) (0.022) (0.021) (0.021)

Note. (†) denotes our main specification. K refers to the vaccination capacity per location. Distance form refers to

an alternative travel cost function where individuals are indifferent to distances below d̄. Standard errors are in

parentheses. Significance levels: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
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Table C13 Demand estimates for different dates of cross-sectional data with and without pandemic controls

No pandemic controls With pandemic controls

Independent Variable Sep 2021 Dec 2021 Mar 2022(†) Jun 2022 Sep 2021 Dec 2021 Mar 2022 Jun 2022

HPI Quartile 4 (most healthy) Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref.

HPI Quartile 3 -0.252∗∗∗ -0.300∗∗∗ -0.304∗∗∗ -0.308∗∗∗ -0.181∗∗ -0.252∗∗∗ -0.262∗∗∗ -0.196∗∗

(0.077) (0.079) (0.084) (0.085) (0.078) (0.080) (0.085) (0.083)
HPI Quartile 2 -0.403∗∗∗ -0.438∗∗∗ -0.451∗∗∗ -0.460∗∗∗ -0.289∗∗∗ -0.364∗∗∗ -0.367∗∗∗ -0.256∗∗

(0.104) (0.106) (0.112) (0.113) (0.107) (0.107) (0.113) (0.112)
HPI Quartile 1 (least healthy) -0.576∗∗∗ -0.614∗∗∗ -0.605∗∗∗ -0.613∗∗∗ -0.436∗∗∗ -0.518∗∗∗ -0.489∗∗∗ -0.383∗∗∗

(0.142) (0.143) (0.149) (0.151) (0.144) (0.144) (0.151) (0.148)

Log-distance × HPI Quartile 4 -0.030 -0.053 -0.063 -0.068 -0.059 -0.100 -0.108 -0.120∗

(0.068) (0.068) (0.070) (0.070) (0.066) (0.069) (0.072) (0.069)
Log-distance × HPI Quartile 3 -0.148∗∗∗ -0.148∗∗∗ -0.142∗∗∗ -0.145∗∗∗ -0.163∗∗∗ -0.187∗∗∗ -0.160∗∗∗ -0.169∗∗∗

(0.048) (0.048) (0.050) (0.050) (0.047) (0.048) (0.050) (0.050)
Log-distance × HPI Quartile 2 -0.140∗∗∗ -0.135∗∗∗ -0.124∗∗∗ -0.124∗∗∗ -0.148∗∗∗ -0.158∗∗∗ -0.145∗∗∗ -0.161∗∗∗

(0.042) (0.042) (0.043) (0.044) (0.041) (0.042) (0.044) (0.043)
Log-distance × HPI Quartile 1 -0.169∗∗∗ -0.170∗∗∗ -0.161∗∗∗ -0.161∗∗∗ -0.183∗∗∗ -0.193∗∗∗ -0.181∗∗∗ -0.183∗∗∗

(0.041) (0.042) (0.043) (0.044) (0.040) (0.041) (0.043) (0.042)

Race White Ref. Ref. Ref. Ref. Ref. Ref. Ref. Ref.

Race Black -0.409 -0.089 -0.052 0.004 -0.484 0.061 -0.068 -0.461
(0.322) (0.326) (0.342) (0.346) (0.334) (0.328) (0.350) (0.362)

Race Asian 1.266∗∗∗ 1.478∗∗∗ 2.001∗∗∗ 2.070∗∗∗ 1.104∗∗∗ 1.500∗∗∗ 1.987∗∗∗ 1.616∗∗∗

(0.167) (0.170) (0.179) (0.180) (0.175) (0.176) (0.180) (0.190)
Race Hispanic 0.637∗∗∗ 0.779∗∗∗ 0.987∗∗∗ 1.038∗∗∗ 0.593∗∗∗ 0.880∗∗∗ 1.011∗∗∗ 0.900∗∗∗

(0.155) (0.159) (0.167) (0.169) (0.174) (0.162) (0.178) (0.177)
Race Other 8.270∗∗ 8.019∗∗ 7.077∗∗ 6.943∗∗ 8.109∗∗∗ 9.085∗∗∗ 6.009∗ 3.759

(3.436) (3.243) (3.049) (3.020) (2.968) (2.760) (3.146) (2.474)

Health Insurance: Employer -0.915 -1.165∗ -1.202∗ -1.223∗ -0.778 -1.067 -1.178∗ -1.356∗∗

(0.652) (0.686) (0.696) (0.694) (0.662) (0.694) (0.703) (0.691)
Health Insurance: Medicare 0.665 0.296 0.197 0.197 0.753 0.409 0.288 0.190

(0.693) (0.727) (0.739) (0.736) (0.697) (0.728) (0.733) (0.721)
Health Insurance: Medicaid -0.723 -0.954 -0.973 -0.955 -0.631 -1.038 -0.948 -0.953

(0.684) (0.713) (0.729) (0.728) (0.705) (0.715) (0.746) (0.724)
Health Insurance: Other -1.819∗∗ -2.187∗∗∗ -2.319∗∗∗ -2.343∗∗∗ -1.739∗∗ -2.264∗∗∗ -2.391∗∗∗ -2.403∗∗∗

(0.716) (0.749) (0.760) (0.760) (0.731) (0.758) (0.770) (0.767)

College Graduation Rate 1.595∗∗∗ 1.630∗∗∗ 1.727∗∗∗ 1.733∗∗∗ 1.493∗∗∗ 1.589∗∗∗ 1.741∗∗∗ 1.606∗∗∗

(0.279) (0.278) (0.282) (0.283) (0.281) (0.277) (0.283) (0.280)
Unemployment Rate -1.940∗∗∗ -1.918∗∗∗ -1.777∗∗∗ -1.742∗∗ -1.807∗∗∗ -1.802∗∗∗ -1.585∗∗ -1.497∗∗

(0.663) (0.665) (0.686) (0.695) (0.651) (0.661) (0.689) (0.669)
Poverty Level -0.105 -0.065 -0.011 -0.019 0.041 0.130 -0.005 0.087

(0.471) (0.471) (0.472) (0.473) (0.474) (0.478) (0.480) (0.471)

Log(Median Household Income) -0.170∗∗∗ -0.145∗∗ -0.110∗ -0.106∗ -0.149∗∗ -0.130∗∗ -0.102∗ -0.071
(0.058) (0.059) (0.060) (0.060) (0.059) (0.058) (0.061) (0.061)

Log(Median Home Value) 0.076 0.083∗ 0.114∗∗ 0.119∗∗ 0.052 0.067 0.105∗∗ 0.094∗

(0.048) (0.049) (0.050) (0.050) (0.049) (0.049) (0.050) (0.049)
Log(Population Density) -0.070∗∗∗ -0.074∗∗∗ -0.078∗∗∗ -0.077∗∗∗ -0.079∗∗∗ -0.079∗∗∗ -0.084∗∗∗ -0.105∗∗∗

(0.021) (0.021) (0.022) (0.022) (0.021) (0.021) (0.022) (0.022)

Cumulative Cases per 1000 -0.003∗∗ -0.005∗∗∗ 0.002 -0.002∗

(0.001) (0.001) (0.001) (0.001)
Cumulative Deaths per 1000 0.025 -0.022 -0.200∗∗∗ -0.012

(0.063) (0.056) (0.058) (0.054)
Previous Week Cases per 1000 -0.107∗∗∗ 0.305∗∗∗ -0.024 0.368∗∗∗

(0.033) (0.079) (0.093) (0.049)

Note. (†) denotes our main specification. Standard errors are in parentheses. Significance levels: ∗p<0.05; ∗∗p<0.01;

∗∗∗p<0.001.
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Table C14 Demand estimates with heterogeneity in distance sensitivity by median income

Quartile variable

Independent Variable HPI (†) Income

Quartile 4 Refs. Refs.

Quartile 3 -0.304∗∗∗ -0.255∗∗∗

(0.084) (0.068)
Quartile 2 -0.451∗∗∗ -0.389∗∗∗

(0.112) (0.112)
Quartile 1 -0.605∗∗∗ -0.634∗∗∗

(0.149) (0.160)

Log-distance × Quartile 4 -0.063 -0.098
(0.070) (0.066)

Log-distance × Quartile 3 -0.142∗∗∗ -0.127∗∗

(0.050) (0.050)
Log-distance × Quartile 2 -0.124∗∗∗ -0.200∗∗∗

(0.043) (0.044)
Log-distance × Quartile 1 -0.161∗∗∗ -0.114∗∗

(0.043) (0.048)

Race White Refs. Refs.

Race Black -0.052 -0.099
(0.342) (0.334)

Race Asian 2.001∗∗∗ 1.886∗∗∗

(0.179) (0.184)
Race Hispanic 0.987∗∗∗ 0.859∗∗∗

(0.167) (0.167)
Race Other 7.077∗∗ 6.014∗

(3.049) (3.536)

Health Insurance: Employer -1.202∗ -1.147
(0.696) (0.718)

Health Insurance: Medicare 0.197 0.275
(0.739) (0.750)

Health Insurance: Medicaid -0.973 -0.741
(0.729) (0.741)

Health Insurance: Other -2.319∗∗∗ -2.307∗∗∗

(0.760) (0.770)

College Graduation Rate 1.727∗∗∗ 1.990∗∗∗

(0.282) (0.258)
Unemployment Rate -1.777∗∗∗ -1.635∗∗

(0.686) (0.683)
Poverty Level -0.011 -0.065

(0.472) (0.487)

Log(Median Household Income) -0.110∗ -0.209∗∗∗

(0.060) (0.069)
Log(Median Home Value) 0.114∗∗ 0.133∗∗∗

(0.050) (0.049)
Log(Population Density) -0.078∗∗∗ -0.078∗∗∗

(0.022) (0.022)

Note. (†) denotes our main specification. Standard errors are in parentheses. Significance levels: ∗p<0.05; ∗∗p<0.01;

∗∗∗p<0.001.
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Table C15 Demand estimates for different population orderings

Distance Sensitivity
HPI quartile 1

Independent Variable Main (†) 5th-percentile 95th-percentile Priority 65+

HPI Quartile 4 (most healthy) Ref. Ref. Ref. Ref.

HPI Quartile 3 -0.304∗∗∗ -0.304∗∗∗ -0.302∗∗∗ -0.302∗∗∗

(0.084) (0.084) (0.084) (0.084)
HPI Quartile 2 -0.451∗∗∗ -0.451∗∗∗ -0.449∗∗∗ -0.449∗∗∗

(0.112) (0.112) (0.111) (0.111)
HPI Quartile 1 (least healthy) -0.605∗∗∗ -0.604∗∗∗ -0.602∗∗∗ -0.602∗∗∗

(0.149) (0.149) (0.149) (0.149)

Log-distance × HPI Quartile 4 -0.063 -0.063 -0.054 -0.059
(0.070) (0.070) (0.070) (0.070)

Log-distance × HPI Quartile 3 -0.142∗∗∗ -0.142∗∗∗ -0.141∗∗∗ -0.142∗∗∗

(0.050) (0.050) (0.050) (0.050)
Log-distance × HPI Quartile 2 -0.124∗∗∗ -0.125∗∗∗ -0.123∗∗∗ -0.124∗∗∗

(0.043) (0.044) (0.043) (0.043)
Log-distance × HPI Quartile 1 -0.161∗∗∗ -0.161∗∗∗ -0.160∗∗∗ -0.161∗∗∗

(0.043) (0.043) (0.043) (0.043)

Race White Ref. Ref. Ref. Ref.

Race Black -0.052 -0.052 -0.053 -0.054
(0.342) (0.342) (0.342) (0.342)

Race Asian 2.001∗∗∗ 2.001∗∗∗ 2.002∗∗∗ 2.002∗∗∗

(0.179) (0.179) (0.179) (0.179)
Race Hispanic 0.987∗∗∗ 0.987∗∗∗ 0.987∗∗∗ 0.986∗∗∗

(0.167) (0.167) (0.167) (0.167)
Race Other 7.077∗∗ 7.078∗∗ 7.070∗∗ 7.067∗∗

(3.049) (3.048) (3.046) (3.046)

Health Insurance: Employer -1.202∗ -1.201∗ -1.200∗ -1.200∗

(0.696) (0.696) (0.696) (0.696)
Health Insurance: Medicare 0.197 0.197 0.196 0.196

(0.739) (0.739) (0.739) (0.739)
Health Insurance: Medicaid -0.973 -0.973 -0.972 -0.972

(0.729) (0.729) (0.729) (0.729)
Health Insurance: Other -2.319∗∗∗ -2.319∗∗∗ -2.319∗∗∗ -2.319∗∗∗

(0.760) (0.760) (0.760) (0.760)

College Graduation Rate 1.727∗∗∗ 1.727∗∗∗ 1.728∗∗∗ 1.729∗∗∗

(0.282) (0.282) (0.282) (0.282)
Unemployment Rate -1.777∗∗∗ -1.777∗∗∗ -1.776∗∗∗ -1.776∗∗∗

(0.686) (0.686) (0.686) (0.686)
Poverty Level -0.011 -0.012 -0.013 -0.012

(0.472) (0.472) (0.472) (0.472)

Log(Median Household Income) -0.110∗ -0.110∗ -0.110∗ -0.110∗

(0.060) (0.060) (0.060) (0.060)
Log(Median Home Value) 0.114∗∗ 0.114∗∗ 0.114∗∗ 0.114∗∗

(0.050) (0.050) (0.050) (0.050)
Log(Population Density) -0.078∗∗∗ -0.078∗∗∗ -0.078∗∗∗ -0.078∗∗∗

(0.022) (0.022) (0.022) (0.022)

Note. (†) denotes our main specification. Standard errors are in parentheses. Significance levels: ∗p<0.05; ∗∗p<0.01;

∗∗∗p<0.001.
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Table C16 Demand estimates with and without heterogeneity by HPI quartile

HPI

Independent Variable Heterogeneous(†) Homogeneous Homogeneous
(with distance) (without distance)

HPI Quartile 4 (most healthy) Refs.

HPI Quartile 3 -0.304∗∗∗

(0.084)
HPI Quartile 2 -0.451∗∗∗

(0.112)
HPI Quartile 1 (least healthy) -0.605∗∗∗

(0.149)

Log-distance -0.144∗∗∗

(0.037)
Log-distance × HPI Quartile 4 -0.063

(0.070)
Log-distance × HPI Quartile 3 -0.142∗∗∗

(0.050)
Log-distance × HPI Quartile 2 -0.124∗∗∗

(0.043)
Log-distance × HPI Quartile 1 -0.161∗∗∗

(0.043)

Race White

Race Black -0.052 -0.225 -0.176
(0.342) (0.329) (0.350)

Race Asian 2.001∗∗∗ 1.988∗∗∗ 2.076∗∗∗

(0.179) (0.186) (0.204)
Race Hispanic 0.987∗∗∗ 0.884∗∗∗ 0.958∗∗∗

(0.167) (0.169) (0.136)
Race Other 7.077∗∗ 8.234∗∗ 8.703∗∗

(3.049) (3.295) (3.261)

Health Insurance: Employer -1.202∗ -0.777 -0.696
(0.696) (0.694) (0.379)

Health Insurance: Medicare 0.197 0.376 0.338
(0.739) (0.747) (0.408)

Health Insurance: Medicaid -0.973 -0.906 -0.903∗

(0.729) (0.752) (0.421)
Health Insurance: Other -2.319∗∗∗ -2.246∗∗∗ -2.240∗∗∗

(0.760) (0.768) (0.434)

College Graduation Rate 1.727∗∗∗ 2.225∗∗∗ 2.265∗∗∗

(0.282) (0.239) (0.174)
Unemployment Rate -1.777∗∗∗ -1.816∗∗∗ -1.972∗∗∗

(0.686) (0.704) (0.419)
Poverty Level -0.011 -0.210 -0.240

(0.472) (0.484) (0.266)

Log(Median Household Income) -0.110∗ -0.116∗ -0.130∗∗∗

(0.060) (0.061) (0.033)
Log(Median Home Value) 0.114∗∗ 0.138∗∗∗ 0.146∗∗∗

(0.050) (0.050) (0.029)
Log(Population Density) -0.078∗∗∗ -0.081∗∗∗ -0.028∗

(0.022) (0.022) (0.012)

Note. (†) denotes our main specification. Standard errors are in parentheses. Significance levels: ∗p<0.05; ∗∗p<0.01;

∗∗∗p<0.001.
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Appendix D: Demand Model Misspecifications

We analyze how demand model misspecification affects the optimal selection of stores and predicted vacci-

nations across two scenarios: assuming homogeneous demand estimates, and assuming providers have unlim-

ited capacity. Under each scenario, we re-run the optimization model to optimally select 500 dollar stores

statewide. To ensure an equivalent comparison, we compute predicted vaccination gains under the original

demand model with capacity and heterogeneous distance sensitivities based on HPI.

D.1. Homogeneous demand

We evaluate two alternative homogeneous demand models. The first model (homogeneous with distance)

estimates a constant distance elasticity across HPI quartiles. The distance coefficient of -0.144 (p < 0.001)

is both statistically significant and economically meaningful in magnitude (Table C16). The optimal site

selection under this demand model differs slightly from the baseline, with a small resource shift towards

high HPI areas. The second model (homogeneous without distance) allows for constant preferences across

vaccination locations within the choice set. Here, the predicted gain in vaccinations is 30,000 less than

with heterogeneous demand, but the impact on low-HPI populations is striking (Table D17). Approximately

200,000 fewer vaccinations are within walking distance, including 190,000 vaccinations among individuals in

the bottom two HPI quartiles. As discussed in Section 4.3, a homogeneous demand model results in a more

regressive policy that favors high-HPI areas. Figure D6 shows that this resource shift disproportionately

affects low-HPI communities, especially for medium-sized network expansions.

Table D17 Predicted added vaccinations (million) under homogeneous demand model, assuming network

expansion with 500 additional dollar stores statewide

HPI quartile

Demand All Bottom 25% 25-50% 50-75% Top 25%

Heterogeneous(†) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

Homogeneous Total 0.74 0.28 0.13 0.14 0.19
Walkable 1.34 0.56 0.27 0.27 0.24

Note. (†) denotes our main model results. Homogeneous results are based on the model with constant preferences

across locations within the choice set. Predicted vaccinations are calculated under heterogeneous demand.
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Figure D6 Predicted added walkable vaccinations under homogeneous vs. heterogeneous store selection
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Note: Walkable vaccinations added relative to Pharmacy-only under heterogeneous demand model. Homogeneous

results are based on the model with constant preferences across locations within the choice set.

D.2. Uncapacitated providers

Using the revised demand estimates where vaccination providers have unlimited capacity (Table C12), we

re-run the optimization model ignoring capacity constraints to select 500 dollar stores statewide. To ensure

an equivalent comparison, we compute predicted vaccinations under the original demand model with capacity

constraints. Total added vaccinations decrease by 250,000 and walkable vaccinations decrease by 330,000

when capacity is ignored in both the estimation and optimization stages. Although the model selects stores

at similar distances to existing pharmacies as in the baseline, ignoring capacity shifts more resources to

lower-HPI communities. Intuitively, network expansion prioritizes proximity for all communities without

considering the capacity availabile at nearby stores (Table D18). However, because the network expansion

does not add capacity where is most needed and some low-HPI stores are in low-density areas, walkable

vaccinations in low-HPI areas drop by approximately 20%, from 0.73 to 0.60 million (Table D19). Deviations

in walkable vaccinations are most notable for medium-size network expansions (Figure D7).
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Table D18 Characteristics of selected dollar stores under heterogeneous and uncapacitated demand models,

assuming network expansion with 500 locations statewide

Selected dollar stores

All Capacitated Uncapacitated
dollar stores model(†) model

No. of stores (%) 1,016 500 500
in HPI quartile 4 (most healthy) 89 (9%) 56 (11%) 33 (7%)
in HPI quartile 3 195 (19%) 91 (18%) 93 (19%)
in HPI quartile 2 301 (30%) 127 (26%) 152 (31%)
in HPI quartile 1 (least healthy) 431 (42%) 226 (45%) 222 (44%)

No. of stores (%) in pharmacy deserts 71 (7%) 56 (11%) 52 (10%)

Avg. distance to the nearest pharmacy (km) 2.13 2.81 2.76

Note. (†) denotes our main model results.

Table D19 Predicted added vaccinations (million) under uncapacitated demand model, under network

expansion with 500 additional dollar stores statewide

HPI quartile

Model All Bottom 25% 25-50% 50-75% Top 25%

Capacitated(†) Total 0.77 0.30 0.14 0.14 0.19
Walkable 1.54 0.73 0.29 0.29 0.24

Uncapacitated Total 0.52 0.23 0.10 0.10 0.10
Walkable 1.21 0.60 0.24 0.22 0.14

Note. (†) denotes our main model results. Predicted vaccinations are calculated under the capacitated model.

Figure D7 Predicted added walkable vaccinations under capacity vs. uncapacitated model
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Note: Walkable vaccinations added relative to Pharmacy-only under baseline model with capacity limits.
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Appendix E: Other Partnerships

We evaluate a network expansion policy with an alternative private partner, Starbucks coffee houses, or public

high schools. Table A2 summarizes the number of partner locations. Figure E8 shows the predicted gain in

vaccinations by HPI quartile for each partnership assuming network expansion with A = {100, . . . ,1,000}

added locations statewide. Added vaccinations exhibit decreasing marginal gains, similar to those observed

with dollar stores. Adding 500 Starbucks locations yields approximately one million additional vaccinations,

with 35% of the gains accruing to the top HPI quartile. In contrast, strategically adding 500 high schools

achieves a predicted 1.06 million additional vaccinations, with 37% occurring in the bottom HPI quartile.

Notably, over 50% of these benefits are obtained by strategically adding only 100 high school locations.

Figure E8 Predicted added vaccinations with network expansion of 100 to 1,000 partner locations statewide
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We also measure how each partnership could reduce the prevalence of pharmacy deserts (Figure E9). This

metric, independent of our vaccination demand estimates, simply measures the population living in a service

desert.5 With a network expansion of 500 locations statewide, dollar stores and high schools each reduce the

population living in a service desert by over 25%, while Starbucks offers a more modest reduction of 16%.

We qualitatively compare feasibility considerations in Table E20. One key factor is whether a location has

adequate space and suitable hours for a pop-up vaccination clinic. High schools offer the most indoor space,

while dollar stores also provide ample room. Smaller venues like coffee houses may lack sufficient space to

ensure patient privacy. In all cases, mobile clinics could be set up in parking areas. The essential service

status of a venue is important, as non-essential businesses and public venues faced closures during the COVID

pandemic. Dollar stores, which remained open, could be prudent partners in future pandemics. Additionally,

frequent customer visits to these businesses may increase vaccination opportunities. Lastly, the degree of

centralization in ownership structure is relevant. Coffee houses and dollar stores would require coordination

across multiple entities (e.g., licensing stores). In the public sector, more than 1,200 high schools operate

across 421 districts, each with its own leadership and accountability to school boards.

5 A service desert is defined as an area where the distance to the closest service location (pharmacy, dollar store, high
school or Starbucks offering vaccination) exceeds 1 mile in urban areas and 10 miles in rural areas.
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Figure E9 Residents living in service deserts for all three partnerships
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Table E20 Summary of each partnership’s effectiveness and key features

Added
Vaccinations Adequate Essential Centralized Equity

Category per Location Space Service Management Considerations

Coffee House 2,013 × × ✓ ×
Dollar Store 1,537 ✓ ✓ ✓ ✓
High School 2,113 ✓ × × ✓

Note. Added vaccinations per location computed under network expansion with A= 500 locations.
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Appendix F: Alternative Benchmarks

F.1. Definitions

To test the performance of our approach, we consider the following benchmarks:

1. Maximum coverage: An optimization problem where the goal is to select at most N facilities to

maximize the number of individuals living within r miles of a facility. We consider subarea level (tracts)

as the unit of analysis and formulate the problem as a mixed integer program:

(Pcover) max
x,y

∑
s∈S

∑
ℓ∈L

msysℓ (F.10a)

s.t.
∑
s∈S

msysℓ ≤ xℓKℓ, ∀ℓ∈L (F.10b)∑
ℓ∈L

ysℓ ≤ 1, ∀s∈ S (F.10c)

ysℓ ≤ asℓxℓ, ysℓ ≤ asℓ, ∀ℓ∈L, s∈ S (F.10d)∑
ℓ∈L

xℓ ≤N (F.10e)

0≤ ysℓ ≤ xℓ, xℓ ∈ {0,1}, ∀ℓ∈L, s∈ S. (F.10f)

where asℓ = I[dsℓ ≤ r] indicates whether location ℓ is within a distance r to subarea s.

Decision variable xℓ represents whether facility ℓ is chosen, and ysℓ represents the fraction of subarea

s population that could be served at location ℓ. Parameter ms represents the population of subarea s.

Constraints (F.10b) ensure that the total demand covered by each location does not exceed its capacity,

and constraints (F.10d) ensure that demand from subarea s to location ℓ can only be covered if the

subarea is within the maximum allowed radius r. We consider r ∈ {1 km, 5 km}, but only report the

most competitive model, r= 1 km.

2. GreedyVaxObs: All areas (zip codes) are ranked in ascending order based on observed vaccination

rates. Starting with the areas with the lowest vaccination rates, we select the closest facility to each

area centroid and continue down the list until we have opened the target number of new facilities. If a

location has already been selected as the closest for a different area, we choose the next closest location

that has not yet been selected.

3. GreedyDist: All areas (zip codes) are ranked in descending order based on distance to the nearest

existing pharmacy. Starting with the areas with the longest distance, we select the closest new location

to the area centroid and continue down the list until the target number of new facilities has been

selected. If a location has already been selected as the closest for a different area, we choose the next

closest location that has not yet been selected.

4. GreedyVaxBLP: All areas (zip codes) are ranked in descending order based on predicted vaccinations

under the BLP demand model, assuming demand is served at the area’s nearest new facility ℓ̃. We

denote predicted vaccinations by ρ̂a(daℓ̃)ma, where ρ̂a(daℓ̃) is the predicted population share in area a

with travel distance equal to daℓ̃ and ma is the eligible population in area a. Starting with the areas

with the largest predicted vaccinations, we select the nearest new facility to the area and continue down

the list until we have opened the target number of new facilities. If a location has already been selected

as the closest for a different area, we choose the next closest location that has not yet been selected.
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F.2. Illustration of benchmark limitations

We compare the performance of our SETO model against a greedy policy (GreedyVaxObs) that does not

incorporate demand estimates for three example counties in California: Kern, Los Angeles, and Orange.

These counties differ along three dimensions: (1) demand heterogeneity, (2) proximity to an existing location,

and (3) underlying vaccination rates (Figures F10 and F11).

Figure F10 Census tract distribution by HPI
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Figure F11 Population weighted density of distance to nearest pharmacy (left) and vaccination rate (right)
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Figure F12 illustrates the new locations selected under each policy. We observe that GreedyVaxObs opens

too many new locations in Kern County, too few locations in Los Angeles County, and similar number of

locations in Orange County relative to the SETO policy.

• Kern County: Low utilization areas with high distance sensitivity communities

Under Pharmacy-only, Kern has a mean vaccination rate of 59%. GreedyVaxObs prioritizes these areas,

opening 26 locations. Despite benefiting low HPI individuals facing long distances, this policy ignores

the opportunity cost of adding stores. In contrast, SETO opens only 5 locations in Kern and shifts

resources to communities that benefit the most (e.g., low HPI areas in Los Angeles).

• Los Angeles County: High utilization areas with heterogeneous distance sensitivity communities

Despite achieving a mean vaccination rate of 76% under Pharmacy-only, Los Angeles includes highly

variable HPIs, leading to heterogeneous demand sensitivities. GreedyVaxObs ignores these demand

sensitivities and opens only 3 locations, increasing vaccinations by <0.1%. SETO is demand-aware and

identifies service gaps, opening 82 locations and increasing vaccinations by 2.6%. Figure F12 shows the

stark contrast between the policies and demonstrates how our demand-aware policy brings vaccination

closer to underserved, densely populated, and distance-sensitive areas of Los Angeles County.
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• Orange County: High utilization areas with low distance sensitivity communities

The county is characterized by homogeneous areas with low distance sensitivity (mostly high HPI) and

closer proximity to existing pharmacies. Demand estimation offers little benefit, and GreedyVaxObs

performs comparably to our SETO approach. Both policies report similar, modest benefits because of

the wide availability of pharmacies.

Figure F12 SETO and GreedyVaxObs policies added stores in Kern, Los Angeles, and Orange counties, assuming

network expansion with 300 dollar stores statewide
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Note: Potential dollar store locations are: 65 (Kern), 162 (Los Angeles), and 41 (Orange).

GreedyVaxObs selects 26 (Kern), 3 (Los Angeles), and 1 (Orange).

SETO selects 5 (Kern), 82 (Los Angeles), and 5 (Orange).
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Appendix G: Other Applications

G.1. Network Downsizing

Our approach could be used to strategically reduce network size, which may be valuable during economic

downturns or if operational costs exceed benefits. Simply closing low-utilization locations without considering

the broader effects could result in a suboptimal reduced network. For instance, closing 20% of existing phar-

macies (approx. 800 stores) based solely on utilization results in 1.1 million fewer vaccinations, with 15% in

vulnerable communities. Our optimization-based approach more efficiently selects locations for closure, min-

imizing the impact on demand fulfillment: with 20% fewer pharmacies, predicted vaccinations drop by only

165,000. If more pharmacies are closed, the marginal loss in vaccinations increases, but strategically selecting

store closures helps mitigate the impact of reduced capacity. Figure G13 shows predicted vaccinations under

both network expansion and network downsizing.

Figure G13 Impact of efficient network expansion or network downsizing on predicted vaccinations
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G.2. Network Replacement

As an alternative to network expansion, we consider a network replacement strategy, where a combination

of FRPP and dollar stores are jointly selected, holding constant both the total number of vaccination sites

(at current FRPP levels, N = 4,035), and overall capacity. We use the optimization model to strategically

redistribute capacity from existing FRPP pharmacies to selected partner locations.

Assuming dollar stores have identical capacity as pharmacies, replacing 17% (694 out of 4,035) of existing

pharmacies with dollar stores generates 0.70 million additional vaccinations, a 2.6% increase, and boosts

vaccinations within walking distance by nearly 1.1 million, including 610,000 vaccinations in the most vul-

nerable regions (Table G21). This reallocation removes pharmacy-based vaccination sites in neighborhoods

with excess capacity and establishes new sites in underserved communities (Figure G14). This test case is

particularly relevant to the design of a partnership program under budgetary or service capacity constraints.

If the capacity of dollar stores is only half that of pharmacies, around 25% of the vaccination gains are
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Table G21 Predicted vaccinations (million) under network replacement

HPI quartile

Strategy
Dollar store

All Bottom 25% 25-50% 50-75% Top 25%
capacity

Pharmacy-only Total 26.44 5.62 6.68 6.83 7.31
Walkable 19.46 3.98 5.07 4.96 5.45

Pharmacy + Dollar K = 10,000 Total +0.70 +0.28 +0.12 +0.12 +0.17
Walkable +1.07 +0.61 +0.18 +0.14 +0.15

Pharmacy + Dollar K = 5,000 Total +0.17 +0.09 +0.02 +0.00 +0.06
Walkable +0.26 +0.36 +0.01 -0.10 -0.01

Note. All values are reported in millions of vaccinations. The Pharmacy + Dollar strategy is the change in

vaccinations compared to Pharmacy-only. Walkable vaccinations refer to travel distances of less than one mile.

predicted. Notably, despite their lower capacity, the model selects a larger number of dollar stores compared

to pharmacies replaced (746 vs. 626), with more dollar stores selected in lower HPI areas.

Figure G14 Change in number of stores by HPI quartile under network replacement
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(b) Dollar stores with K = 5,000
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