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Abstract

Since 2018, twelve U.S. states have banned pharmacy benefit managers (PBMs) from
retaining “spread” markups in Medicaid drug reimbursement, responding to revelations
that middlemen pocketed hundreds of millions while community pharmacies closed.
Using Census County Business Patterns data on pharmacy establishments (NAICS
446110) from 2012-2022 and exploiting staggered state adoption, I estimate the causal
effect of spread pricing bans on pharmacy market structure with the Callaway and
Sant’Anna (2021) estimator. I find precisely estimated null effects: the overall ATT
on pharmacies per 100,000 population is 0.065 (SE = 0.202), with no economically
meaningful impact on pharmacy employment. The result survives alternative control
groups, leave-one-cohort-out analysis, and randomization inference. These bans address
a visible symptom—PBM spreads—while leaving the structural forces driving pharmacy

consolidation untouched.
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1. Introduction

In 2018, a state audit revealed that Ohio’s Medicaid managed care organizations had
paid pharmacy benefit managers (PBMs) $224 million more than those PBMs reimbursed
pharmacies—a hidden markup known as “spread pricing” (Ohio Department of Medicaid,
2018). The discovery ignited a national backlash. Within five years, twelve states enacted
laws prohibiting or restricting PBM spread pricing in Medicaid, with more than a dozen
additional states considering similar legislation as of 2024 (National Conference of State
Legislatures, 2023). A central argument for these reforms is that spread pricing starves
community pharmacies of revenue, accelerating closures that leave millions of Americans—
disproportionately in rural and low-income communities—without convenient access to
prescription drugs (Guadamuz et al., 2020; Qato et al., 2016).

The intuition is straightforward: if PBMs pocket the difference between what they charge
health plans and what they pay pharmacies, then banning spreads should redirect money
to pharmacies, improving their financial viability and survival. Yet this logic rests on an
unstated assumption—that PBM spread is the binding constraint on pharmacy profitability,
and that banning it does not trigger offsetting adjustments elsewhere in the supply chain.
PBMs control multiple levers: dispensing fees, generic pricing benchmarks, preferred network
placement, and prior authorization requirements (Sood et al., 2017; Van der Velde and
Gurwitz, 2018). Eliminating one source of margin may simply redirect PBM pricing power
to others.

This paper provides the first causal evidence on whether spread pricing bans affect
community pharmacy market structure. I exploit the staggered adoption of bans across
twelve states between 2018 and 2023, using thirty-eight states that never adopted such
restrictions as controls. My primary outcome is pharmacy establishments per 100,000
population, measured annually from the Census Bureau’s County Business Patterns (CBP)
program, which covers the universe of employer establishments classified under NAICS 446110
(Pharmacies and Drug Stores). I implement the Callaway and Sant’Anna (2021) estimator,
which is robust to heterogeneous treatment effects that can bias conventional two-way fixed
effects (TWFE) in staggered adoption settings (Goodman-Bacon, 2021; Sun and Abraham,
2021; de Chaisemartin and D’Haultfeeuille, 2020).

The main finding is a precisely estimated null. The overall average treatment effect on
the treated (ATT) is 0.065 pharmacies per 100,000 population (SE = 0.202), representing less
than 0.5% of the pre-reform mean. Pharmacy employment per 100,000 is similarly unaffected
(ATT = 0.236, SE = 5.321). The event-study estimates show no pre-trend and no meaningful

post-treatment divergence through three years after adoption. The sole exception is a large



positive estimate at event time k = 4 (1.581, p < 0.001), but this estimate is identified
exclusively from West Virginia—the earliest adopter and a state whose pharmacy market has
unusual features including a large independent pharmacy share and opioid-related regulatory
changes that coincide with the treatment window.

These results are robust across multiple dimensions. Using not-yet-treated states as the
control group yields nearly identical estimates (ATT = 0.070, SE = 0.190). A leave-one-
cohort-out analysis produces ATTs ranging from —0.073 to 0.216, confirming that no single
adoption cohort drives the result. Randomization inference with 500 permutations yields a
two-sided p-value of 0.630. The Goodman-Bacon (2021) decomposition shows that 94.8% of
the TWFE estimate’s weight comes from clean treated-versus-untreated comparisons, with
minimal contamination from problematic timing variation.

This paper contributes to three literatures. First, it adds to the growing body of evidence
on PBM regulation and pharmaceutical supply chains. While prior work has documented the
magnitude of spread pricing in state audits (Ohio Department of Medicaid, 2018; Kentucky
Cabinet for Health and Family Services, 2020) and analyzed PBM market structure (Dafny
et al., 2012; Sood et al., 2017; Van der Velde and Gurwitz, 2018), no study has estimated
the causal effect of spread pricing restrictions on downstream market outcomes. Second, it
speaks to the literature on pharmacy access and health disparities. Research has documented
pharmacy “deserts” in minority and rural communities (Qato et al., 2014, 2016; Guadamuz
et al., 2020; GoodRx Research, 2023), but the policy response has largely focused on PBM
regulation without causal evidence that such regulation addresses the root causes of closures.
Third, it contributes methodologically by demonstrating the value of heterogeneity-robust
staggered DiD estimators in a setting where naive TWFE happens to produce similar point
estimates—not because heterogeneity is absent, but because the contaminating comparisons
receive little weight (Goodman-Bacon, 2021).

The null finding has important policy implications. As of 2025, at least ten additional
states are actively considering spread pricing bans (National Conference of State Legislatures,
2023). This paper suggests that while such bans may address legitimate transparency concerns,
they should not be expected to reverse pharmacy consolidation. The forces driving that
consolidation—reimbursement pressure from all payers, economies of scale favoring chain
pharmacies, mail-order competition, and declining prescription volumes at brick-and-mortar
locations—operate through channels that spread pricing bans do not reach (Schommer et al.,
2020; Brown and Rickles, 2017; GoodRx Research, 2023). Policymakers seeking to preserve
pharmacy access may need to pursue more direct interventions: enhanced dispensing fees,
rural pharmacy subsidies, or scope-of-practice expansions that increase the economic viability

of independent pharmacies.



2. Institutional Background

2.1 PBM Spread Pricing in Medicaid

Pharmacy benefit managers serve as intermediaries between health plans and pharmacies,
administering drug formularies, processing claims, and negotiating reimbursement rates. In
Medicaid managed care—which now covers more than 70% of Medicaid beneficiaries (Centers
for Medicare and Medicaid Services, 2022)—states contract with managed care organizations
(MCOs), which in turn subcontract prescription drug management to PBMs. Under spread
pricing, the PBM charges the MCO one price for a prescription and reimburses the dispensing
pharmacy a lower price, retaining the difference as revenue (Sood et al., 2017).

The magnitude of these spreads can be substantial. Ohio’s 2018 audit found that PBMs
retained an average spread of $8.47 per generic prescription claim, totaling $224 million
over one year on approximately 26 million claims (Ohio Department of Medicaid, 2018).
Kentucky’s audit reported similar patterns, with spreads concentrated in high-volume generic
drugs where acquisition costs are low but reimbursement benchmarks are slow to adjust
(Kentucky Cabinet for Health and Family Services, 2020). Because spread pricing occurs
within proprietary contracts between MCOs and PBMs, states had limited visibility into

these practices until mandated disclosure requirements revealed their scope.

2.2 The Wave of State Reforms

State responses to spread pricing revelations have taken several forms: outright prohibitions
on spread pricing in Medicaid contracts, mandatory transparency reporting, pharmacy carve-
outs from MCO contracts (which eliminate the PBM intermediary for Medicaid drugs), and
single-PBM mandates that consolidate purchasing power. Table 1 summarizes the adoption
timeline.

The staggered adoption pattern is well-suited to difference-in-differences estimation.
Reform states span diverse geographies and Medicaid program structures, while thirty-eight
states maintained no spread pricing restrictions through 2022 (the end of my sample period).
Importantly, adoption timing appears driven by state-specific audit revelations, legislative
cycles, and gubernatorial priorities rather than by trends in pharmacy outcomes—a pattern I

examine empirically in the event-study analysis.

2.3 Community Pharmacy Decline

Independent community pharmacies have been declining for decades. Between 2012 and

2022, total pharmacy establishments in the United States fell from approximately 46,000 to



Table 1: PBM Spread Pricing Ban Adoption Timeline

State Year Mechanism

West Virginia 2018 Pharmacy carve-out from MCOs

Arkansas 2019 PBM Act 900

New Hampshire 2019 Transparency reporting

Ohio 2019 Single PBM, transparent pricing
Georgia 2020 MCO pass-through model
Kentucky 2020 Single PBM mandate

Louisiana 2020 Transparency + rebate pass-through
Virginia 2020 PBM reporting requirements
Maryland 2021 Spread pricing disclosure
Pennsylvania 2022 Transparency after audits
Florida 2023 SB 1550 Rx Reform Act

New York 2023 Pharmacy carve-out from MCOs

Notes: Effective year of spread pricing restriction. Mechanisms range
from outright prohibitions to transparency mandates and pharmacy
carve-outs. Sources: NCSL (2023), state legislative records.

44,800—a modest aggregate decline that masks sharper losses among independent pharmacies,
particularly in rural and underserved areas (GoodRx Research, 2023). Multiple forces
contribute: downward pressure on drug reimbursement from all payers, not just Medicaid;
the growth of mail-order and specialty pharmacy; economies of scale that favor large chains;
and declining foot traffic at retail locations (Schommer et al., 2020). Spread pricing is one
of many factors compressing pharmacy margins, and its elimination may be insufficient to

reverse structural trends driven by broader market forces.

3. Data

I construct a balanced state-year panel spanning 2012-2022, combining pharmacy market
data with population estimates and treatment timing.

Pharmacy establishments and employment. The Census Bureau’s County Business
Patterns (CBP) program provides annual counts of employer establishments, employees, and
payroll by state and NAICS industry code. I extract data for NAICS 446110 (Pharmacies
and Drug Stores), which covers retail pharmacies, drugstores, and apothecaries. CBP covers
essentially all employer establishments with paid employees, providing a comprehensive
measure of the pharmacy market. I exclude the District of Columbia due to its atypical
market structure, yielding 50 states observed over 11 years (550 state-year observations).

Population. I obtain annual population estimates from the American Community Survey



(ACS) 1-year estimates. Because the Census Bureau did not release ACS 1-year estimates
for 2020 due to COVID-19 data collection disruptions, I interpolate 2020 population as the
mean of 2019 and 2021 values.

Outcome construction. My primary outcome is pharmacy establishments per 100,000
population, which normalizes for state size differences and population growth. I also examine
pharmacy employment per 100,000 as a secondary outcome that captures the intensive margin

of pharmacy market activity.

3.1 Summary Statistics

Table 2: Summary Statistics: Pre-Reform Period (2012-2017)

Reform States Non-Reform States

Pharmacy establishments 1450 727
(1200) (876)
Pharmacies per 100,000 16.6 13.2
(3.3) (4.1)
Pharmacy employment 21840 11476
(18014) (13330)
Population (millions) 8.66 5.67
Number of states 12 38

Notes: Means with standard deviations in parentheses. Reform states
banned PBM spread pricing in Medicaid by 2023. Pre-reform period:
2012-2017. Source: Census County Business Patterns, NAICS 446110;
ACS 1-year population estimates.

Table 2 presents pre-reform (2012-2017) summary statistics by reform status. Reform
states are somewhat larger on average (8.66 million vs. 5.67 million population) and have
higher baseline pharmacy density (16.6 vs. 13.2 per 100,000). The higher pharmacy density in
reform states is consistent with several of these states—West Virginia, Kentucky, Arkansas—
having historically large independent pharmacy sectors, which may have created stronger
political constituencies for PBM reform. Importantly for identification, these level differences
are absorbed by state fixed effects; the parallel trends assumption requires only that trends

would have been similar absent treatment.



4. Empirical Strategy

4.1 Identification

I exploit the staggered adoption of spread pricing bans across states using the Callaway and
Sant’Anna (2021) group-time ATT estimator. Define G; € {2018, 2019, 2020, 2021, 2022, 2023, 0}
as the first year state 7 is treated (G; = 0 for never-treated states). The estimator computes

group-time average treatment effects:
ATT(g,1) = E[Yu(g) — Yu(0) | Gi = g (1)

for each treatment cohort g and calendar year ¢, using the never-treated group as the
comparison. These group-time effects are then aggregated into an overall ATT and dynamic
event-study coefficients.

The key identifying assumption is parallel trends conditional on group and time:
E[Y;(0) = Y;—1(0) | Gi = g] = E[Y(0) — Y1 (0) | G; = 0] Vi <yg (2)

That is, absent the ban, pharmacy density in reform states would have evolved along the
same trajectory as in non-reform states. I assess this assumption through the pre-treatment

event-study coefficients.

4.2 Complementary Estimators

I complement the Callaway-Sant’Anna estimates with three additional approaches. First, a
standard TWFE regression:

Yi = a; + v + - Treated; + €4 (3)

with state and year fixed effects and standard errors clustered at the state level. While TWFE
can be biased under heterogeneous treatment effects (Goodman-Bacon, 2021; de Chaisemartin
and D’Haultfeeuille, 2020), I report it for comparability with prior work and use the Goodman-
Bacon (2021) decomposition to assess contamination. Second, the Sun and Abraham (2021)
interaction-weighted estimator, which re-weights cohort-specific effects to avoid negative
weighting. Third, the Callaway-Sant’Anna estimator with not-yet-treated states as an
alternative control group, which exploits additional variation but requires a stronger no-

anticipation assumption.



4.3 Threats to Validity

Several concerns warrant discussion. First, adoption timing could correlate with pharmacy
market trends if states experiencing sharper pharmacy declines were more motivated to
regulate PBMs. However, the reform narrative was driven primarily by spread pricing
revelations in state audits, not by pharmacy closures per se. The event-study estimates
provide a direct test: significant pre-trends would indicate that reform states were already
on different trajectories. Second, reforms varied in their stringency, from full pharmacy
carve-outs (West Virginia, New York) to transparency mandates (New Hampshire, Virginia).
I estimate an average effect across these heterogeneous policies, which should be interpreted
as the effect of the typical reform rather than any specific mechanism. Third, the twelve
treated states provide limited statistical power for detecting small effects. I address this by
reporting confidence intervals, standardized effect sizes, and the minimum detectable effect
implied by my standard errors. Fourth, two late adopters (Florida and New York, both
2023) fall at the edge of the sample period; with CBP data available only through 2022, they
contribute no post-treatment observations and function as never-treated in practice. Fifth,
without direct data on pharmacy-level Medicaid reimbursement rates, I cannot distinguish
between the mechanism where bans fail to change pharmacy revenue and the mechanism
where revenue increases but is insufficient to prevent exits driven by other factors. Medicaid
State Drug Utilization Data (SDUD) could in principle address this gap, but data access

limitations precluded its use in the current analysis.

5. Results

5.1 Main Results

Table 3 presents the main estimates. The TWFE estimate for pharmacies per 100,000 is
0.131 (SE = 0.262, p = 0.617), implying a statistically insignificant increase of less than 1%
relative to the sample mean of 13.7. The Callaway-Sant’Anna estimate with never-treated
controls is 0.065 (SE = 0.202, p = 0.749), even smaller in magnitude. Using not-yet-treated
states as the control group yields 0.070 (SE = 0.190, p = 0.714). All three estimators tell the
same story: spread pricing bans have no detectable effect on pharmacy density.

The employment results in columns (4)—(5) reinforce this conclusion. The TWFE estimate
for pharmacy employment per 100,000 is —4.655 (SE = 7.068), and the Callaway-Sant’Anna
estimate is 0.236 (SE = 5.321). Both are economically trivial relative to the sample mean
and statistically indistinguishable from zero.

The 95% confidence interval for the preferred CS estimate ([—0.332,0.461]) allows me to



Table 3: Effect of PBM Spread Pricing Bans on Pharmacy Market Structure

Pharmacies per 100K Employment per 100K
TWFE CS (NT) CS (NYT) TWFE CS (NT)
(1) (2) (3) (4) (5)
Spread ban 0.131 0.065 0.070 —4.655 0.236
(0.262) (0.202) (0.190) (7.068) (5.321)
[0.617] [0.749] [0.714] [0.510] [0.965]
Dep. var. mean 13.7 13.7 13.7 207.9 207.9
Observations 550 550 550 550 550
States 50 50 50 50 50
Treated states 12 12 12 12 12
Estimator TWFE CS CS TWFE CS
Control group — Never-treated Not-yet-treated — Never-treated
State & year FE Yes Yes Yes Yes Yes
Clustering State State State State State

Notes: Standard errors clustered at the state level in parentheses. p-values in brackets. TWFE
= two-way fixed effects. CS = Callaway and Sant’Anna (2021). NT = never-treated control.
NYT = not-yet-treated control. Treatment: effective year of state PBM spread pricing ban.
Sample: 50 states (excl. DC), 2012-2022. *** p < 0.01, ** p < 0.05, * p < 0.10.

rule out effects larger than approximately 0.46 pharmacies per 100,000, or about 3.4% of
the mean. To translate this into tangible terms: for an average-sized state with 5 million
residents, the upper bound corresponds to roughly 23 additional pharmacies. Given that
such a state has approximately 685 pharmacies, the data rule out effects exceeding a 3.4%
increase—meaningful but modest. I note that with 12 treated states observed annually, the
minimum detectable effect at 80% power is approximately 0.40 pharmacies per 100,000 (about
3% of the mean), so the study is well-powered to detect effects of this magnitude but cannot

rule out smaller effects that might still matter to marginal pharmacies in underserved areas.

5.2 Event Study

Table 4 reports the dynamic event-study estimates from the Callaway-Sant’Anna aggregation.
The pre-treatment coefficients at & = —5 through & = —2 are small and statistically
insignificant, with the largest being —0.203 at k = —2 (95% CI: [—0.555,0.149]). This pattern
is consistent with the parallel trends assumption.

Post-treatment, the estimates through & = 3 remain close to zero and insignificant: 0.171
at k =0, —0.002at £k =1, —0.178 at £ = 2, and 0.053 at k£ = 3. The exception is k = 4, which
shows a large positive estimate of 1.581 (p < 0.001). This estimate, however, is identified



Table 4: Event Study Estimates: Pharmacies per 100,000

Event time ATT SE 95% CI
k=—5 0.151  (0.206) [—0.252, 0.554]
k=4 0.038  (0.214) [-0.382, 0.458]
k=—3 ~0.038  (0.196) [—0.423, 0.348]
k= —2 —0.203  (0.148) [—0.493, 0.088]
k=—1 0.000 — —
k=40 0.171 (0.094) [—0.014, 0.356]
k=+1 ~0.002  (0.193) [—0.380, 0.376]
k= +2 0178 (0.246) [~0.659, 0.304]
k=143 0.053  (0.312) [~0.558, 0.664]
k=14 158I¥* (0.208)  [0.996, 2.165]

Notes: Callaway and Sant’Anna (2021) dynamic ag-
gregation with never-treated controls. Event time k
denotes years relative to the spread pricing ban. k = —1
is the omitted reference period. Standard errors clus-
tered at the state level. *** p < 0.01, ** p < 0.05, *
p < 0.10.

solely from West Virginia—the only state with four post-treatment years in the sample.
Notably, West Virginia implemented a full pharmacy carve-out from Medicaid managed
care—a fundamentally more aggressive intervention than the transparency mandates or spread
bans adopted by most other reform states. A carve-out eliminates the PBM intermediary
entirely, while a spread pricing ban merely constrains one dimension of the PBM-pharmacy
contract. The k = 4 estimate may therefore reflect the distinctive mechanism of carve-outs
rather than a delayed effect of spread pricing regulation. Combined with West Virginia’s
opioid-related regulatory changes and unusually large independent pharmacy sector, this
single-state estimate should not be interpreted as evidence that spread pricing bans work
with a lag. I interpret the overall event-study pattern as consistent with a null effect of
the typical reform, while acknowledging that more aggressive structural interventions like

carve-outs may warrant separate investigation.

5.3 Robustness

Table 5 presents three sets of robustness checks. Panel A reports leave-one-cohort-out
estimates, which range from —0.073 (dropping the 2018 cohort, i.e., West Virginia) to 0.216
(dropping the 2019 cohort). The narrow range confirms that no single cohort drives the
result, and the sign change when dropping West Virginia further supports treating the £ = 4

estimate with caution.
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Table 5: Robustness Checks

Estimate SE

Panel A: Leave-one-cohort-out
ATT range [—0.073, 0.216]
Number of cohorts 6

Panel B: Randomization inference

RI p-value (two-sided, 500 perms) 0.630
Panel C: Goodman-Bacon decomposition
Treated vs Untreated 0.948 (weight)
Earlier vs Later Treated 0.040 (weight)
Later vs Earlier Treated 0.012 (weight)

Notes: Panel A: Range of Callaway and Sant’Anna (2021) ATTs when
dropping each treatment cohort. Panel B: Two-sided p-value from
500 random permutations of treatment assignment (TWFE estimator).
Panel C: Goodman-Bacon (2021) decomposition weights showing the
share of the TWFE estimate attributable to each comparison type.

Panel B reports the randomization inference p-value of 0.630 from 500 random permuta-
tions of treatment assignment, confirming that the observed TWFE estimate is well within
the distribution expected under the null.

Panel C reports the Goodman-Bacon decomposition. The overwhelming majority of
the TWFE weight (94.8%) comes from clean treated-versus-untreated comparisons. Earlier-
versus-later and later-versus-earlier comparisons—which are susceptible to heterogeneous
treatment effect bias—receive only 4.0% and 1.2% of the weight, respectively. This explains
why TWFE and Callaway-Sant’ Anna produce similar estimates: the problematic comparisons

that motivate modern estimators receive negligible weight in this setting.

6. Discussion

The null finding challenges the premise underlying a major wave of state pharmaceutical
legislation. Proponents of spread pricing bans argue that PBM spreads reduce pharmacy
reimbursement, compressing margins and driving closures. If this mechanism were quantita-
tively important, we would expect bans to stabilize or increase pharmacy counts in reform
states relative to controls. The absence of any such effect suggests that either (a) spreads
were not the binding constraint on pharmacy profitability, (b) PBMs adjusted other contract

terms to offset lost spread revenue, or (c¢) both.
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A simple back-of-envelope calculation illustrates why spread pricing bans may be in-
sufficient even if fully effective. Ohio’s audit found $224 million in annual spreads across
approximately 1,300 pharmacies statewide—roughly $172,000 per pharmacy per year. How-
ever, PBM spreads in Medicaid represent only one revenue stream; Medicaid accounts for
approximately 10-15% of total prescription volume at most pharmacies, and spreads were
concentrated in generic drugs. The actual per-pharmacy Medicaid spread revenue was likely
$15,000-$25,000 annually—meaningful but small relative to average pharmacy revenue of
$3-5 million. At this scale, eliminating spreads may improve margins incrementally without
crossing the threshold needed to prevent exit for financially distressed pharmacies.

Channel (b)—PBM contractual adjustment—is particularly plausible given the flexibility
available to PBMs. When states ban spread pricing, PBMs can reduce dispensing fees,
adjust generic reimbursement benchmarks downward (e.g., switching from AWP to NADAC-
based formulas with lower markups), impose more restrictive network criteria, or increase
administrative requirements that raise pharmacy compliance costs (Van der Velde and Gurwitz,
2018). Several state audits have documented such waterbed effects, where savings from spread
pricing bans were partially offset by reductions in other reimbursement components (Kentucky
Cabinet for Health and Family Services, 2020).

The broader implication is that pharmacy consolidation reflects structural forces—scale
economies, mail-order competition, declining retail foot traffic, and reimbursement pressure
from Medicare, Medicaid, and commercial payers simultaneously—that no single regulatory
intervention on one payer’s PBM contracts is likely to reverse (Schommer et al., 2020; Brown
and Rickles, 2017). States seeking to preserve pharmacy access may need to pursue more
direct approaches: enhanced Medicaid dispensing fees that exceed acquisition costs by a
guaranteed margin, direct subsidies or grants for rural and underserved pharmacies, or
scope-of-practice expansions that allow pharmacists to provide additional billable services
(Brown and Rickles, 2017; GoodRx Research, 2023).

The standardized effect size of 0.016 standard deviations for pharmacy density (Appendix,
Table 6) places this intervention firmly in the “small positive” category—economically
negligible regardless of statistical significance. For context, this is an order of magnitude
smaller than the pharmacy density effects associated with Medicaid expansion (Cher et al.,
2020) or rural hospital closures (Nikpay and Buchmueller, 2019), suggesting that PBM
regulation operates on a fundamentally different margin than these demand- and supply-side

shocks.
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7. Conclusion

Spread pricing bans address a visible symptom of PBM market power—the hidden markup
between plan payments and pharmacy reimbursement—but leave the underlying condition
untouched. The first causal estimates from twelve years of state-level data show no meaningful
effect on pharmacy counts or employment, despite reforms that were specifically designed
to channel more money to pharmacies. The finding does not imply that PBM practices are
benign or that transparency is unwarranted. It implies that the community pharmacy crisis,
insofar as one exists, is driven by forces that spread pricing bans alone cannot remedy. States
investing political capital in PBM reform should complement it with direct investments in
pharmacy viability—or risk discovering, as this evidence suggests, that they have legislated a

phantom fix.
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A. Standardized Effect Sizes

Table 6: Standardized Effect Sizes

Outcome B SE  SD(Y) SDE SE(SDE) Classification
Pharmacies per 100K 0.065 (0.202) 4.18 0.0155 (0.0484) Small positive
Employment per 100K 0.236 (5.321) 59.18 0.0040 (0.0899) Null

Notes: SDE = (8 / SD(Y). Callaway and Sant’Anna (2021) with never-treated controls. Re-
search question: Does banning PBM spread pricing preserve community pharmacies? Data:
Census CBP (NAICS 446110), 50 states, 2012-2022. 12 treated states. 550 state-year observa-
tions. Binary treatment (state enacted spread pricing ban). Classification labels refer to the
magnitude of the standardized point estimate, not to statistical significance. “Null” denotes a
near-zero effect size (|]SDE| < 0.005), not a failure to reject a null hypothesis.
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