Impact of Copay Coupons on Diabetes Patients’ Access to Insulin
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As of 2018, approximately 7.4 million Americans with Diabetes
mellitus rely on nsulin for survival. For decades, pharmaceutical
firms such as Eli Lilly and Company, Sanofi, and Novo Nordisk
have advertised supposed patient assistance programs and copay

We approach the estimation of the impact of copay
coupons (and patient assistance programs) as a

Understanding what impacts patient access to treatment may inform oroblem of estimating a freatment effect in an event

coupons as a way to improve access to the biologic for those d h . . b . . h study design. In order to have flexibility in
who cannot generally afford insulin. Despite differing names advocates on how to improve patient treatments by increasing the predictions and account for conditional time trends,
many of these programs work in a similar way, in which a we opt to use a mixed modeling approach. For

pharmaceutical firm offers to pay a portion of a patient’s copay likelihood that patients can receive the optimal treatment. patient privacy, any observation under 10 is coded as

when they are prescribed one of the firm’s drugs. Despite the an NA in the CMS datasets, which creates an excess
logical benefit to the consumer, little empirical evidence 1s -
amount of zero responses. To account for this

available to support the effectiveness of such programs. In fact, . : o :
. . dispersion, we utilize a zero-inflated model
the United States policy has often pushed back on such programs . . : e . . . .
(binomial with logit link) in conjunction with a rate

with various restrictions and bans on their use for Medicare and del (Po th log link) offsct by th N
Medicaid benefactors. model (Poisson with log link) offset by the number
Zel‘() MO del Rate MOdEl of individuals diagnosed with diabetes in a given
county and year. The model structure that we
develop may be summarized as a zero-inflated
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Figure 1. Prescribed Ratio by County in 2014 and 2020. (note: Prescribed Ratio = Total Beneficiaries / Estimated Number of People with Diabetes) Figure 2. Event Study Graph for Coupon Policy Effects



	Understanding what impacts patient access to treatment may inform advocates on how to improve patient treatments by increasing the likelihood that patients can receive the optimal treatment.

