The Importance of the First Generic Substitution:
Evidence from Sweden*
Aljoscha Janssen†

David Granlund‡

April 1, 2022

Abstract
We analyze changes in the willingness to substitute from prescribed pharmaceuticals to
more affordable generic equivalents in response to the first experience with a substitution.
Using Swedish individual-level data of prescribed and dispensed pharmaceuticals, we employ a dynamic event study and an instrumental variable approach to show that an initial
substitution reduces the probability of opposing subsequent substitutions by 39 percentage
points. The impact of a first substitution is especially large among elderly patients. We
recommend that policy-makers target patients with a history of opposed substitution and
offer additional discounts to promote substitution as long-term savings outweigh one-time
costs.
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Introduction

Substitution of expensive prescription pharmaceuticals with cheaper but medically equivalent
options is an important tool in reducing overall health care costs.1 The majority of advanced
economies have implemented reforms involving generic substitution (Panteli et al., 2016). Yet,
generic take-up across countries is often still low. In most European countries, the share of
generics among total pharmaceutical volume is less than 50%, but increasing (OECD, 2017).
This is a stark difference to the United States, where the generic share exceeds 80%. Smallscale, qualitative surveys across countries indicate that positive experiences with prescribed
products and uncertainty surrounding treatment with generics lead to a lower take-up rate of
generics (Håkonsen and Toverud, 2012).
This article answers the question of whether the first experience of switching to a generic
pharmaceutical changes patients’ perception and behavior in future decisions involving pharmaceuticals. We take advantage of the Swedish health care system, where generic substitution
is financially incentivized but not mandatory. Using rich Swedish patient-level data of prescribed and dispensed pharmaceuticals, we document a large effect of the first substitution from
a prescribed pharmaceutical to a more affordable option on following substitution decisions.
We start our empirical analysis with a dynamic event study on the individual level. Using a sample of individuals with a history of opposed substitutions and consumption of nongeneric pharmaceuticals, we document that the first substitution from a prescribed product to a
more affordable option reduces the probability of opposing substitution and incurring additional
monetary costs to receive the prescribed product in following dispenses by approximately 20
percentage points. The difference is stable for subsequent purchase occasions, which leads to
the conclusion that the initial substitution, rather than multiple substitutions, has an effect on
the future probability of substitution.
The estimate of the dynamic event study is based on the assumption that the initial decision
to substitute is random and unrelated to unobservables. If the first substitution is driven by
events that change the substitution decisions of some patients, we measure the effect of such
events on those individuals rather than the effect of the first substitution. To show robustness
and to demonstrate that our estimate is not based on such unobserved heterogeneity, we use
an instrumental variable approach based on the fact that some products exit the market. The
intuition is that patients with prescriptions for a product that has exited the market are forced to
substitute due to the unavailability of the prescribed pharmaceutical. The instrumental variable
1 Johansen

and Richardson (2016) estimate, in a sample of more than 100,000 patients between 2010 and 2012
in the U.S., more than 70 billion USD in excess expenditure due to overuse of expensive, branded drug options.
Shrank et al. (2010) show high savings from mandatory substitution for patients enrolled in Medicaid.
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estimation shows robustness of the event study as the initial substitution has a large discontinuous effect on the probability of opposed substitutions in future substitution decisions. In detail,
we show that a first substitution reduces the probability of future opposed substitutions by 39
percentage points.
We investigate the heterogeneity of our estimates. Using the linear least square estimation
and our instrument variable approach, we show that gender is not related to the impact of the
first substitution decision. We observe the strongest and most substantial effect of the first
substitution on future substitution decisions among the oldest individuals in the sample.
The results document the importance of the first substitution. For patients who tend to oppose substitution repeatedly, co-payments due to opposed substitution account for 34.4% of
all co-payments. A back-of-the-envelope calculation reveals that a first substitution could reduce this share to 26.7% of co-payments. We argue that the large savings on the patient level
should encourage policy-makers to implement policies that encourage first-time substitution.
As an example, insurance providers could waive co-payments for the cheapest available product for patients with a history of opposed substitutions. This would increase the price difference
between the cheapest available option and the prescribed product, thereby increasing the probability of a first substitution. In practice, such a subvention of co-payments would increase the
price difference between the cheapest available option and the prescribed product, thereby increasing the probability of a first substitution. Another option is to flag those patients needing
a first substitution for physicians or pharmacists. The intention would be that physicians or
pharmacists could put additional effort into explaining the medical equivalence and safety of
cheaper generics.
Our article adds to the health economics literature by shedding light on the impact of the
first generic substitution. As we investigate the impact of a first generic substitution on following substitution decisions, our paper is related to the literature that concerns learning in the
pharmaceutical market. Crawford and Shum (2005) use different molecules on the market for
anti-ulcer drugs and show that patients experience learning. Ching (2010), Ching and Ishihara
(2010), Ching et al. (2016) and Coscelli and Shum (2004) model how consumers in the U.S.
market learn about, choose, and update their information about drugs.2 Relatedly, Ketcham
et al. (2012) show learning in prescription insurance choice. Our approach differs as we do not
model the learning and information updating. Instead, we are the first to show that an initial
generic substitution has a large impact on following substitution decisions. The discontinuity
could be explained by a positive experience with substitution to a cheaper pharmaceutical in
2 Note

also that advertisement of drugs plays a role in learning about the existence of new pharmaceuticals; see
for example Anderson et al. (2013).
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general.
Health economic studies in multiple countries have concluded that patients prefer originals
and experience history dependence when choosing pharmaceuticals, meaning that they tend to
consume products with which they have had a positive experience (Bronnenberg et al., 2015;
Feng, 2020; Granlund, 2021; Janssen, 2020).3 We add to the literature but also highlight that it is
possible to break such history dependence. A first substitution could break history dependence
as patients experience that the treatment effects of pharmaceuticals are not brand specific.

2

Pharmaceuticals in the Swedish Health Care System

In the following we give a brief overview of prescription drugs in the Swedish health care
system. Generally, prescription drugs are reimbursable.4 The market for off-patent drugs is
arranged into groups of medically identical drugs called substitution groups (i.e., groups of
pharmaceuticals with the same substance, size, strength, and delivery format), and each drug in
a substitution group is interchangeable (Swedish Medical Product Agency, 2010).5
Prices within substitution groups can vary on the monthly level and are uniform across Sweden. Patients with a prescription are incentivized to choose the cheapest available product in
the substitution group. In detail, the process works as follows (TLV, 2016; Sveriges Riksdag,
2002): When a patient fills a prescription in a pharmacy, a pharmacist or pharmacy employee
has to explain the concept of substitution groups and recommend substitution if a prescription
is not for the cheapest available product within a substitution group. If a patient opposes substitution, the patient has to bear the cost difference between the cheapest available product and the
prescribed product entirely out of pocket. Two exceptions prevent the process of substitution. A
prescriber can oppose substitution by marking the prescription accordingly. Further, a pharmacist can prevent substitution if the pharmacist has reason to believe that the consumer could be
adversely affected by the substitution, for example, if the low-cost alternative has a package that
could be difficult for the consumer to open. Both exceptions are rare; in our sample, a physician
opposes substitution in 2.39% of dispenses, while a pharmacist prevents substitution in 2.15%
3 In

a wider sense the paper therefore adds to the general literature of behavioral frictions in health care markets (Abaluck and Gruber, 2016; Handel, 2013; Handel and Kolstad, 2015; Ho et al., 2017; Ketcham et al., 2015;
Marzilli Ericson, 2014; Polyakova, 2016). Further, there is evidence that physicians also play a role in generic
adoption (Camacho et al., 2011; Chan et al., 2013; Chintagunta et al., 2012; Granlund, 2009; Granlund and Sundström, 2018; Iizuka, 2012).
4 Decisions about reimbursements are made by the Dental and Pharmaceutical Benefits Agency (TLV). TLV
(2017) provides detailed information on the decision process.
5 Package size is allowed to vary slightly; for example, substitution can be made from a 30-pill package to a
package in the range of 28 to 32 pills.
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Table 1: Co-payments
Accumulated Pharm. Expenses
p ≥ 5400
3900 ≤ p < 5400
2100 ≤ p < 3900
1100 ≤ p < 2100
p < 1100

Reimbursement
100%
90%
75%
50%
0

Max. Total Out-of-Pocket Payment
2200 SEK
2050 SEK
1600 SEK
1100 SEK

Notes: Co-payments for cumulative health care expenditures, which include prescription drugs. Reimbursement is
calculated for expenses during an entire year, beginning with the first expenditure. Prices are in SEK; 10 SEK are
approximately 1 USD.

of dispenses. Within this article we only consider opposed substitutions by patients.
While prescription drugs are reimbursable, patients pay co-payments. Table 1 describes
how these co-payments depend on yearly costs for pharmaceucicals.6 Note that pharmaceutical
costs above a ceiling are entirely covered.7 Note also that patients opposing substitution must
pay the price difference between the prescribed product and the cheapest available product.
On the supply side, drug prices are result of a tendering system. Manufacturers that would
like their product to be part of a substitution group in the pharmaceutical benefit scheme have
to submit their bid two months in advance. Prices should not exceed the highest price of a
substitution group in the previous month. The Swedish Dental and Pharmaceutical Benefits
Agency (Tandvårds- och läkemedelsförmånsverket, TLV) collects the bids and announces final
substitution groups as well as prices one month before the prices go into effect. Retail prices
and purchasing prices follow a simple algorithm whereby the difference between the retail and
purchase prices increases with the purchase price. The cheapest product in a substitution group
is announced as the product of the month, meaning that prescriptions should be substituted to
that product when a patient fills a prescription for any product within the substitution group.

3

Data

We use data on all non-narcotic pharmaceutical consumption by adult inhabitants of Västerbotten County between January 2014 and April 2016.8 We connect the data to monthly prices for
6 There

are some exceptions: pharmaceuticals for children (younger than 18 years), pharmaceuticals for communicable diseases, insulin, and pharmaceuticals for persons lacking perception of their own illness are fully
subsidized. In comparison, over-the-counter drugs are not subsidized.
7 According to Bergman et al. (2012), almost half of the revenue from prescription pharmaceuticals is from
coverage for patients that have reached the cost ceiling.
8 Västerbotten is one of the 21 Swedish counties, and it had approximately 260,000 residents in 2015.
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outpatient pharmaceuticals under generic competition, provided by the TLV. Each observation
in our final data set describes one single dispense of a pharmaceutical. Panel A of Table 2
shows basic summary statistics on the product level. We observe 270 substances, measured by
a unique Anatomical Therapeutic Chemical (ATC) code.9 As a substance may be available in
several strengths or different forms, there are more substitution groups (1347) than substances.
On average there are 3.57 products competing in a substitution group, and 38% of the products
are on average the cheapest available product (or one of the cheapest) in a month (termed the
product of the month). The average price of a product is 254 SEK (25 USD), and 20% of the
observable products are originals.
Besides information on prices, the final data set documents patient-specific prescriptions
and dispenses. In practice, we observe a patient over time, including the prescriptions the patient received and which products were purchased. Thereby we can distinguish if a patient
opposed substitution, meaning that the patient received a prescription that was not the product
of the month and paid the price difference between the prescribed product and the product of
the month out of pocket. Separate indicator variables show if instead the prescriber or pharmacist prevented substitution. In Table 2, Panel B describes the data on the level of the purchase
occasion. We divide the sample into three subsamples. Besides the full sample, we consider
only those prescriptions where substitution is an option, meaning that a physician has neither
prescribed the product of the month nor the physician or a pharmacists has prevented substitution. Further, we evaluate the sample where we observe an opposed substitution, meaning
that a patient opposed substitution and incurred additional out-of-pocket costs. During the two
years and four months, we observe 4.5 million purchases, and in approximately half of them a
substitution was possible. In approximately 270,000 occasions (5% of all purchases) a patient
opposed substitution.
The great majority of patients (91%) in the sample have faced a substitution decision, and
around a third of patients opposed substitution at least once. Panel B of Table 2 also shows that
patients who opposed substitution at least once have on average opposed substitution on four
purchase occasions. The cost for purchases in which a patient opposed substitution is higher
than in the whole sample due to the additional out-of-pocket costs, which are on average 19.7
SEK (approximately 2 USD).
The decision to oppose substitution is heterogeneous. In Figure 1 we show the fraction of
opposed substitutions conditional on the possibility of substitution across different drug types
in different products targeting different anatomical main groups. The graph shows first that
opposed substitution is observed in all drug segments. We observe an especially high rate of
9 The

ATC code classifies drugs by their active ingredients.
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opposed substitution for drugs of the nervous system, which are mostly painkillers. In comparison, patients using drugs that target the alimentary tract and metabolism oppose substitution to
a much lower extent.
Figure 1: Opposed Substitutions by Drug Type

Notes: The graph shows the fraction of opposed substitutions conditional on the possibility
of substitution across different drug types. The drug types are ordered according to the first
level of the Anatomical Therapeutic Chemical (ATC) classification system. The first level of the
code shows the anatomical main group and consists of one letter. The dotted blue line shows the
fraction of opposed substitutions for all observed pharmaceuticals conditional on the possibility
of substitution. The error bars represent 95% confidence intervals.
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Table 2: Summary Statistics
Panel A: Product Level
Number of Products
Number of Substances
Number of Substitution Groups
Avg. Numb. of Competitors in Substitution Group
Fraction of Product of the Month
Avg. Price
Avg. Share Originals

All
4811
270
1347
3.57
(2.86)
0.38
254.4
(604.6)
0.2
(0.4)

Panel B: Consumer Level
All
Possible Subst. Opposed Subst.
Purchase Occasions (in thousands)
4513
2299
271
Number of Unique Patients (in thousands)
174
159
69
Avg. Purchase Occasions per Patient within Sample 26
14
4
(63.9) (27.1)
(6.7)
Avg. Cost of Purchase
100
119
139
(251.6) (274.8)
(200.5)
Avg. Cost from Opposing Substitution
1.3
2.5
19.7
(12.4) (17.3)
(44.6)
Note: Summary statistics of the full data set. Panel A shows summary statistics on the product
level. An observation is a product in a specific month. Products are ordered in substitution
groups, which are groups of medically equivalent pharmaceuticals. The variable price refers
to the full price in SEK (10 SEK are approximately 1 USD). Panel B shows summary statistics
on the consumer level. An observation is a purchase occasion of a patient. The column for
possible substitution refers to the purchase occasions when substitution was possible as the
patient received a prescription for a product that was not the cheapest available product. The
patient may have substituted or opposed substitution. The column for opposed substitution
involves only those purchase occasions where patients opposed substitution and purchased a
product that was not the cheapest available option. The variable average cost of purchase
refers to the cost to the patient, i.e., the co-payment in SEK. Standard deviations are reported
in parentheses.
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Empirical Strategy

We turn to describing our empirical strategy of showing evidence that an initial substitution affects subsequent decisions. We start by presenting our results in a naive regression and an event
study using panel data methods. The initial empirical analysis is intended to show a potential non-causal relationship between a first substitution and subsequent decisions to substitute.
Then, we use an instrumental variable approach to show that the relationship is indeed causal.

4.1

Naive Regression

In this initial step, we show the correlation between an initial decision to substitute and subsequent decisions. Initially, we face the challenge that we do not observe dispensing of pharmaceuticals before January 2014. Thus, an individual’s decision to substitute in our data could
be the individual’s first substitution, or a substitution could have already happened in the past
and is not observed in our data. Assuming that the initial observed decision is independent of
previous decisions could lead to an biased estimate of the correlation between an initial decision
to substitute and subsequent decisions. To tackle the challenge, we solely consider individuals
with leading purchase occasions in which the patient opposed substitution in our data.
Consider individual i consuming a product in substitution group s at a purchase occasion in
month t. Again, we consider the sample of patients facing the decision of substitution, meaning
that the prescriber has prescribed a product that is not the cheapest product of the month and
neither the prescriber nor the pharmacist has opposed substitution. Consider a naive least square
regression model:

Oppist = β 1{A f terFirstSubit } + ψst + αi + εist ,

(1)

where Oppist is a dummy variable that takes the value 1 if a patient opposes substitution.
1{A f terFirstSubit } is an indicator that takes the value 1 if an individual has substituted in
the previous observed purchase occasion.10 ψst are substitution group × year-month fixed effects. Additionally, αi are individual fixed effects. As a result, we use variation on the individual
level controlling for factors that are specific for substitution groups within a month. Note that
the fixed effects control for price differences between the cheapest available product and other
products as prices are fixed and change on a monthly basis.
We estimate the models with different samples. Each sample conditions on the number of
10 Note

that we exclude the first substitution as the outcome is always an oppossed substiution.
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purchase occasions with opposed substitutions. Thus we can compare the general correlation
of a first substitution and subsequent decisions and decide about a suitable requirement for
the number of leading opposed substitutions. A larger number of leading observed purchase
occasions with opposed substitution increases the probability that the patients are indeed in an
“opposing equilibrium” and never have substituted before. However, restricting the sample size
also comes with the cost of losing statistical power. We evaluate the trade-off in this section.

4.2

Event Study

In the following we turn to an event study analysis, which not only allows us to observe an
average treatment effect but further shows if a first substitution is related to long-lasting behavioral change. We therefore consider a dynamic version of the model in equation 1, considering
a sample with leading purchase occasions with opposed substitution:

d=12

Oppist =

∑

βd 1{PurchOccToFirstSubit = d} + ψst + αi + εist ,

(2)

d=−1

where Oppist is a dummy variable that takes the value 1 if a patient opposed substitution.
1{PurchOccToFirstSubit = d} is an indicator that takes the value 1 in case of d occasions
before or after the first observed substitution. We bin all observations before the first substitution into the indicator d = −1 as the outcome is always an opposed substitution. The first
substitution is excluded as it is by definition an opposed substitution. We do not require substitution of a specific substance. For example, it is possible that a patient’s first substitution
is for a product to treat high blood pressure and we subsequently evaluate the decision for a
painkiller. Therefore, we are able to look across substances on the individual level. ψst are
substitution group × year-month fixed effects. Further, αi are individual fixed effects. Thus, we
again control for the effect of monthly price changes.
We expect that purchase occasions after the first substitution are related to a lower probability of opposed substitution. A key question is whether the coefficients of β̂d are stable for
the purchase occasions of d = 1 to d = 11, meaning that we see no further steady decline of
the probability to oppose after further purchase occasions. Stable coefficients would speak in
favor of a interpretation that a first substitution leads to a decline in opposing substitution, but
that repeated experience with substitution does not further lead to learning about equivalence.
Declining coefficients would mean instead that each additional substitution leads to additional
learning about the equivalence of substances.
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4.3

Instrumental Variable Design

The naive OLS regression as well as the event study uses individual variation controlling for
factors that are stable within a substitution group within a month. However, also variation on
the individual level may be endogenous. As an example, consider a patient that, after frequent
opposed substitutions, switches to substituting pharmaceuticals. It may be that an initial substitution itself causes future decisions. However, it may also be the case that other factors affect
initial as well as following substitutions. For example, an individual could experience an income shock that increases the possibility of initial substitutions as well as the possibility of
following substitutions. In the following we use an instrumental variable approach to tackle
the endogeneity threat. Consider the following model, which is equivalent to the approach in
equation 1.

Oppist = β 1{A f terFirstSubit } + ψst + αi + εist ,

(3)

where Oppist is a dummy variable that takes the value 1 if a patient opposed substitution,
1{A f terFirstSubit } is an indicator that takes the value 1 if an individual has substituted in a
preceding purchase occasion, and ψst are substitution group × year-month fixed effects. Additionally, αi are individual fixed effects. As before, we consider a sample where each patient
has leading purchase occasions with opposed substitution. If the assumption of exogenous first
substitution is invalid (i.e., Cov(εist , 1{A f terFirstSubit }) 6= 0), β̂ may be biased. We therefore
consider an instrument Zist . In detail, we consider instrument 1{PrescA f terExitit } which takes
the value 1 for individuals that had a prescription for a product that exited the Swedish market
and is not available even if a patient wishes to oppose substitution. We observe several substitution groups in which products, often originals, exit a market.11 We expect that the instrument
is correlated to the probability of first substitution. The intuition is the following: Individuals
may be used to a specific product. Due to positive experience with this specific product, they do
not substitute but oppose substitution repeatedly. After such a product exits the market, these
individuals are exogenously forced to substitute.12 Thus, we expect that A f terFirstSubit is cor11 We

define an exit if we do not observe a single dispense after the time of exit. The reason for such exits is
usually prices that are too low in a specific market. Other European countries use external reference price systems.
The system involves a pricing mechanism based on comparing and weighting prices in multiple countries (see for
example Rémuzat et al., 2015, for an overview). Thus, it could be rational to exit a market such as the Swedish
market as the overall revenue is too low and low prices in Sweden reduce profits in larger economies.
12 Note that we observe a few purchase occasions in which individuals receive consecutive prescriptions for a
product that has exited. In such cases we only consider the first observation of a forced substitution to avoid an
upward bias of our estimate. As a result, the sample size is decreased slightly compared with the naive regression.
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related with the instrument Zist = 1{PrescA f terExitit }. The analysis recovers the local average
treatment effect of those patients that were affected by forced substitution due to the exit of a
product.
Besides the strength of the instrument, we build on the exclusion restriction. We assume
and argue that is reasonable that the exit of a product is not correlated to a general behavior
change of an individual except through the forced substitution. In Appendix A we analyze
correlation between exiting products and some market characteristics such as prices or market
shares of exiting products before an exit, as well as the general market size and the number of
competitors. We do not find any clear trend in any variable before products exit. We argue that
this is reassuring as we do not observe any clear sign of exit that could be correlated with a
patient’s behavior change, except the exit itself.
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Results

5.1

Naive Regression

In Figure 2 we show results of the main estimate β̂ of equation 1 for different samples. Each
regression includes substitution group × year-month and individual fixed effects. In detail, we
consider individuals with different numbers of leading observed opposed substitutions. Without any restriction we see that a first substitution is related to a strong decrease in the subsequent probability of opposing substitution. If we condition the estimation on leading observed
opposed substitutions, the probability of opposing future substitutions increases but remains
negative. The confidence interval increases because of the smaller sample size.13
The impact of a first substitution experience in the past converges to an approximately 22percentage-point lower chance of opposing substitutions in subsequent decisions when considering six to eight leading decisions with opposed substitutions. As we consider patients
that have never have substituted before the initial change the 22-percentage-point decrease is
equivalent to a change of 22%. Accordingly, we use the condition of six preceding opposed
substitutions in the following sections of the article. Within the condition of six preceding
periods of opposed substitution we that patients oppose substitution in 82% of the purchase occasions. Due to the smaller sample and a smaller average treatment effect, we believe that this
13 One

explanation for the decrease in effect size is that some individuals do not always oppose substitution but
do so occasionally. Reasons could be individual or product specific. When not requiring multiple leading purchase
occasions with opposed substitution, we would explain the following repeated substitution decisions with the effect
of a first-time substitution. The more often we observe purchase occasions of opposed substitution, the more likely
it is that a patient is in a steady state of opposing substitution.
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choice is a conservative option. Decreasing the requirement of leading opposed substitution
increases the effect size. In Appendix B we show robustness for the requirement of leading
purchase occasions but considering fewer number of leading opposed substitutions. The effect
size increases.
In Appendix C we show the average treatment effect, β̂ , with six leading purchase occasions
with opposed substitution using a variety of fixed effects. Results are robust. Additionally, we
show robustness to potential biases due a linear model when using two-way-fixed effect models
when treatment is staggered and treatment effects are potentially heterogeneous. In Appendix D
we use the estimator from De Chaisemartin and d’Haultfoeuille (2020) to show that the average
treatment effect is robust.
Figure 2: Naive Regression with Different Numbers of Leading Purchase Occasions with Opposed Substitution

Notes: The graph shows the coefficients of β for OLS regressions in equation 1. An observation
is a substitution decision of an individual when substitution is possible. Each coefficient refers
to a sample with different minimum numbers of leading purchase occasions with opposed substitution. The regression includes substitution group × month and individual fixed effects. The
error bars represent 95% confidence intervals. Standard errors are clustered at the individual
level, adjusted for within-cluster correlation.
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5.2

Event Study

Figure 3 shows the results of the regression model in equation 2. The sample consists of patients with at least six leading opposed substitutions. The reference group is the time before
substitution, which is an opposed substitution. After the initial first substitution of any product,
the probability of opposed substitution decreases substantially by around 15 to 25 percentage
points compared with the time before the initial substitution. Further, coefficients of β̂d for
d > 1 vary within this interval but do not show any trend. Following a first substitution, the
probability of opposed substitution is around 20 percentage points lower than before the initial
substitution. Thus, we observe that individuals reduce their resistance to substitution after a first
substitution. This effect is a very large permanent effect, in the sense that we do not observe
further reduction after subsequent purchase occasions.14

5.3

Instrumental Variable Design

Next we turn to the instrumental variable design. Results of the regression are presented in
Table 3. Again, we consider a sample of patients with at least six leading opposed substitutions.
Panel A refers to the naive OLS regression.15 Panel B describes the first stage, while Panel
C shows results of the second stage. Considering the instrumental variable approach, we use
a single instrument, a dummy that takes the value 1 for individuals with a current or previous
prescription for a product that exited the Swedish market and is not available even if the patient
wishes to oppose substitution. The F-test allows us to evaluate if the instrument is weak. In all
specifications of the first stage, the instrument shows a strong correlation with the endogenous
regressor. The second stage confirms a strong effect of the first substitution on the probability
of opposing substitution. In detail, a first substitution experience decreases the probability of
opposing substitution in the following choices in all specifications. Using individual and substitution group × year-month fixed effects, a previous first substitution decreases the probability
of opposing substitution in the following choices by 39 percentage points.16 The effect size is
larger than the one in the naive regression. Overall, the instrumental variable suggests that the
14 As for section 5.1, we show robustness for the two-way-fixed effect regression in Appendix D. As econometric

literature shows that linear least square regressions that include two-way-fixed effects such as year-month and
individual fixed effects could suffer from bias in case of a staggered treatment design and heterogeneous treatment
effects across the cohorts, we use an estimator based on Sun and Abraham (2020) to show that results are stable.
15 Note that the sample of this naive regression differs slightly to the sample of the average treatment effect
in Appendix C as we only consider the first observation of a forced substitution to avoid an upward bias of our
estimate. We show the instrumental variable regression for the sample without excluding following observations
of forced substitution in Appendix E. The effect of the first substitution increases.
16 As we consider patients that have never have substituted before the initial change the 39-percentage-point
decrease is equivalent to a change of 39% on average.
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Figure 3: Event Study: Opposed Substitutions Before and After First Substitution

Notes: The graph shows the results of the regression presented in equation 2. One observation
corresponds to an individual pharmaceutical decision where an individual either substitutes or
opposes substitution. Each patient in the sample has at least six leading decisions with opposed
substitution. The outcome variable takes the value 1 if an individual opposed a substitution
conditional on facing a substitution decision. Thus, we exclude cases where substitution is not
an option, either because the prescription was for the cheapest available product or because the
prescriber or pharmacist opposed substitution. In the graph, we show coefficient estimates of
β̂d , The estimates show the probability of opposing substitution for the dth purchase occasions
after the first substitution, which is excluded. The regression includes substitution group ×
year-month as well as individual fixed effects. The default is an opposed substitution during
the months before the initial substitution. The error bars represent 95% confidence intervals.
Standard errors are clustered at the individual level, adjusted for within-cluster correlation.

naive regression was downwards biased in absolute effect size. In particular, patients with a first
substitution are not selected randomly but in a way that makes long-run behavioral changes less
likely. Thus, we underestimate the causal effect in the naive regression.

15

Table 3: Instrumental Variable Regression
Panel A: OLS Regression
Oppist

1{A f terFirstSubit }
Constant

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
N
R2

(1)

(2)

(3)

(4)

−0.367∗∗∗

−0.290∗∗∗

−0.198∗∗∗

(0.021)

(0.018)

(0.015)

−0.168∗∗∗
(0.013)

No
No
No
No

Yes
Yes
No
No

Yes
Yes
Yes
No

No
No
Yes
Yes

11,129
0.274

11,129
0.500

11,129
0.672

11,129
0.805

1.000

Panel B: First Stage

1{A f terFirstSubit }
1{PrescA f terExitist }
Constant

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE

(1)

(2)

(3)

(4)

0.676∗∗∗

0.436∗∗∗

0.274∗∗∗

(0.018)

(0.026)

(0.040)

0.274∗∗∗
(0.041)

Yes
Yes
No
No

Yes
Yes
Yes
No

No
No
Yes
Yes

0.302∗∗∗
(0.017)
No
No
No
No

F-statistics

1420.6

278.2

47.3

44

N
R2

11,303
0.135

11,303
0.388

11,303
0.724

11,303
0.816

Panel C: Second Stage
Oppist

1{A f terFirstSubit }
Constant

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
N
R2

(1)

(2)

(3)

(4)

−0.691∗∗∗
(0.070)

−0.665∗∗∗
(0.089)

−0.391∗∗∗
(0.102)

−0.388∗∗∗
(0.097)

No
No
No
No

Yes
Yes
No
No

Yes
Yes
Yes
No

No
No
Yes
Yes

11,129
0.061

11,129
0.313

11,129
0.650

11,129
0.787

1.113∗∗∗
(0.023)

* p < 0.1, ** p < 0.05, *** p < 0.01
Notes: Results of the OLS and instrumental variable regression. An observation is a substitution decision of an individual when substitution
is possible. We exclude cases where substitution is not an option, either because the prescription was for the cheapest available product or
because the prescriber or pharmacists opposed substitution. Each patient in the sample has at least six leading purchase occasions with
opposed substitution. Further, we only consider the first observation of a forced substitution due to an exiting product. Panel A shows an OLS
regression. Panel B shows the first stage of the two-stage least square estimation. Here, the instrument 1{PrescA f terExitist } takes the value
1 for individuals with a current or previous prescription for a product that exited the Swedish market and is not available even if the patient
wishes to oppose substitution. The F-statistics refer to the test statistics of testing significance of the instrument. Panel B shows results of the
second stage. The outcome variable takes the value 1 if an individual
16opposed a substitution conditional on facing a substitution decision.
Standard errors are clustered at the individual level, adjusted for within-cluster correlation, and reported in parentheses.

6

Heterogeneity Analysis

In the following heterogeneity analysis we shed light on differences across gender and age of
patients. We therefore subsample our population according to gender and four equally sized
age brackets. For each sample we show regression evidence of the naive regression described in
equation 1, considering patients with at least six leading decisions with opposed substitution.17
We show the results in Figure 4. As in our general analysis we observe that the results of
the instrumental regression are stronger than those of the naive regression. We do not find any
clear differences across gender. However, when considering age brackets, the results show that
individuals older than 71 years, the top 25% of our sample, have an especially large effect size.
The impact of a first substitution on the decrease in the probability of opposing substitutions
in subsequent substitution decisions is more than 10 percentage points larger for individuals
over 71 years of age compared with those between 59 and 71 years (the second oldest 25% of
the sample). Considering only those over 71 years, an initial substitution decision decreases
subsequent probabilities that an individual will oppose substitution and pay more to receive the
specific product that was prescribed by 24 percentage points. In comparison, we see smaller but
stable results for the other age brackets. Thus, we conclude that patients in the oldest age group
benefit financially from the first experience with a substitution decision. One potential reason
for the effect is that older patients are more risk averse. After having a positive experience of
substitution to a cheaper product, they are more likely to stay with the cheapest options in the
market.

7

Discussion

We have shown that an initial substitution has a long-lasting effect on further substitution decisions. In detail, the probability of opposing substitution reduces significantly after an initial
experience with a substitution. The general decrease in the probability can be rationalized with
one-time learning. Patients stick to a pharmaceutical product over longer periods. Such a behavior of state dependence is well documented for the Swedish pharmaceutical market (Granlund,
2021; Janssen, 2020). While we do not distinguish between the reasons for an initial substitution, we document a fundamental change in behavior due to the first substitution. Indeed, the
stability of the effect could be due to induced state dependence due to substitution: It may be
possible that after an initial substitution a patient now sticks with a newly experienced product.
17 Note

that a sample analysis following the instrumental variable regression of equation 3 is infeasible as we
observe insufficient observations of the instrument, meaning that across all samples we do not observe a sufficient
number of patients with prescribed products that have exited.

17

Figure 4: Heterogeneity Analysis: Demographics

Notes: The figure shows estimates of β for a least square regression described in equation 1. An observation
is a substitution decision of an individual when substitution is possible. Each patient in the sample has at least
six leading decisions with opposed substitution. The outcome variable takes the value 1 if an individual opposed
a substitution conditional on facing a substitution decision. Each coefficient refers to an individual regression,
divided according to gender or age group. Results for gender are shown for male and female, while we group age
according to quartiles. The error bars represent 95% confidence intervals. Standard errors are clustered at the
individual level, adjusted for within-cluster correlation.
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If the product the patient has substituted to is always the product of the month, state dependence
would explain that the patient therefore accepts substitution after an initial substitution. State
dependence would then drive our estimate. In Appendix F we control for state dependence and
show that all our results – the average treatment effect, the event study and the instrumental
variable results – are decreasing in absolute size but are still considerable and large. Thus, we
see that part but not all of the effect is due to newly induced state dependence.

7.1

Back-of-the-Envelope Calculation

Our causal estimate using the instrumental variable approach shows that after an initial substitution, patients are approximately 38.8 percentage points less likely to oppose substitution
in future decisions. A back-of-the-envelope calculation reveals the strong impact on patients’
spending. Considering the sample of those individuals with six leading purchase occasions with
opposed substitution, on average the monthly costs of additional co-payments due to opposed
substitution are 23.9 SEK (2.39 USD). Compared to the average of 69.5 SEK (6.95 USD) for
all co-payments, those excess co-payments account for 34.43%. Considering the reduction of
the opposed substitution probability by 38.8 percentage points, a first substitution would reduce
the monthly co-payments due to opposed substitution to 14.65 SEK (1.47 USD) on average.
Thus the share of co-payments due to opposed substitution would reduce to only 26.7% of all
co-payments.18
In general, reducing opposed substitution offers the possibility of considerable out-of-pocket
savings for patients. Considering the full population of Västerbotten, we observe 2.2 million
SEK (200,000 USD) in yearly costs due to opposed substitution. Extrapolating the effect of
a 38.8-percentage-point decrease in opposed substitution to all 10 million Swedish patients,
yearly cost savings could account for 61 million SEK (6.1 million USD). While the potential
effect is relatively small compared to the overall costs for all prescription pharmaceuticals (because prescription pharmaceuticals under patent and without a substitution group are especially
high in costs for the public sector), the cost savings could be considerable for co-payments.
This basic calculation also does not consider the reaction of firms. It is possible that a higher
share of substitution would increase competitive pressure and therefore reduce prices, thereby
decreasing the health care costs that patients and health care institutions bear.
18 In

detail, the new co-payments due to opposed substitution would be 14.65 SEK, while all co-payments
would account for 54.86 SEK. The counterfactual share of co-payments due to opposed substitution is therefore
14.65/54.86 = 0.267.
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7.2

Policy Implications

An individual patient only pays a small additional sum to get a prescribed product instead of a
substitution. While one opposed substitution results only in small costs, repeated purchases over
months and years increase out-of-pocket expenses and decrease patients’ welfare considerably.
The brief back-of-the-envelope calculation revealed a large savings potential. The change in
behavior after the first substitution leads to the question of how policy makers could encourage
the initial substitution.
As the first substitution has such a large effect, we argue that policy makers could further
incentivize patients’ first substitution. While the most obvious change would be mandatory
substitution, we consider in the following only those possible policy changes that still allow
consumers to make independent decisions.
A first policy change would be to increase savings for patients for a first substitution, by
reducing the co-payment for the cheapest available product. Given a negative price elasticity
of demand, this would increase the initial generic uptake. Targeting solely the first substitution reduces the governmental costs and has a long-lasting effect on future substitutions, as
our analysis has revealed. The Swedish example allows the implementation of such a policy.
Data on individual substitutions are available to governmental institutions and insurers. More
than 90% of prescriptions in Sweden are handled electronically (eHälsomyndigheten, 2022),
which further facilitates the implementation. In practice, co-payment waivers for the cheapest alternative could be sent to specific patients that have a history of opposed substitution.
Those patients would then face larger price differences which would increase the probability of
substitution. Also, reducing the co-payment to zero should give an extra strong effect on the
probability of substitution according to Ching et al. (2021), who showed that for given absolute
price-differences, patients are more likely to choose the cheapest alternative if the co-payment
for this product is zero.
Similar to the first proposed policy change, it may be also possible to flag those patients
with history of opposed substitution for the attention of pharmacists or physicians. Both could
spend additional effort in providing information about the equivalence of drugs. Thereby, the
pharmacist or physician would be able to target their efforts and information provision effectively.
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Appendix
A

Exits of Products

In our instrument variable estimation we use a dummy 1{PrescA f terExitist } that takes the value
1 for individuals with a current or previous prescription for a product that exited the Swedish
market and is not available even if the patient wishes to oppose substitution. Thus, we assume
that exits of products are as good as random and unrelated to other factors that impact patients’
substitution decisions except the first, forced substitution from the exiting product to a new
product. In the following we show some results from an analysis on the product level that
exiting products are not different to non-exiting products before exiting. Further, substitution
groups of exiting products are similar to those without exits. Finally, we also do not observe
clear changes of prices or market shares of exiting products before the actual exit. Thus we do
not expect that the exit itself is correlated with other changes in patients’ behavior.
To analyze if exiting products or substitution groups of exiting products differ, we evaluate
within an event study if the behavior of exiting products or substitution groups of exiting products change in key parameters in the months before an exit. The event study thereby allows us
further to assess if exiting products or those substitution groups with exiting products change in
the months before an exit.
Considering product j in substitution group s in month t, we show the following dynamic
event study designs for the product and substitution group level respectively:
d=0

y jst =

∑
d=−18
d=0

yst =

∑

βd 1{PeriodsBe f oreExit jt = d} + ρ j + ξt + ε jt

(4)

βd 1{PeriodsBe f oreExitst = d} + µs + ξt + εst

(5)

d=−18

where y jt and yst are sets of outcome variables on the product or substitution group level, such as
(1) the price of a product, (2) the market share of a product, (3) the market size of a substitution
group, or (4) the number of competitors in a substitution group. 1{PeriodsBe f oreExit jt = d}
is a dummy that takes the value 1 if product d is d months before the exit. The same holds
for 1{PeriodsBe f oreExitst = d}, considering substitution groups with one exiting product. We
take month d = 0 as the reference level. ρ j are product fixed effects, µs are substitution group
fixed effects, and ξt are year-month fixed effects.
We show the results of the four different event studies in Figure A.1. For none of the four
different outcomes do we observe a significant tendency of exiting products before their time
25

of exit in comparison to non-exiting products. As we do not observe any significant trends, we
think it is also unlikely that patients would change their behavior suddenly.

B

Leading Decisions of Opposed Substitution

Our empirical analysis is based on a selective sample where we observe at least six purchase
occasions with opposed substitution. Our intention is to ensure that we find an effect for those
individuals that consistently choose to oppose substitution. Figure 2 shows that fewer purchase
occasions usually lead to a larger effect. However, it is possible that some individuals are
not consistently choosing to oppose substitution. Instead, it is possible either that six leading
decisions with opposed substitution are not sufficient or that the requirement of six leading
periods is too strict.
In this section we show that the event study of equation 2 with fewer leading purchase occasions with opposed substitution would increase not only the sample size but also the results.
Thus, the results of this paper are a lower bound of the effect size. In Figure B.1 we show the
event study after the first substitution for four different requirements: (a) one leading purchase
occasion, (b) three leading purchase occasions, (c) six leading purchase occasions, or (d) nine
leading purchase occasions with opposed substitution. We observe that results differ and are
similar to the average treatment effects shown in Figure 2. The stronger the requirements, the
smaller the effect from the first substitution. However, the differences vanish for higher numbers of opposed substitutions, such that we observe almost no differences when comparing the
results when restricting the sample to six or when requiring nine leading purchase occasions
with opposed substitution. We therefore believe that we use the sample of individuals that are
in a steady state of opposed substitution and we measure how the initial observed opposed
substitution affects future decisions. In the trade-off between a large sample and a high probability of observing individuals without previous active substitution decisions, we decide to use
a requirement of six leading decisions with opposed substitution.

C

Average Treatment Effect

In this section we present evidence of the average treatment effect of the least square regression
using different fixed effects. In detail, we follow the naive OLS regression presented in equation
1 and evaluate results with different fixed effects. Our sample is the same as the one we use
in our event study (equation 2) and the instrumental variable approach (equation 3). Thus, we
only consider patients with six preceding purchase occasions with opposed substitution. The
26

Figure A.1: Event Study: Exiting Products

(a) Effect on Prices

(b) Effect on Market Share

(c) Effect on Market Size

(d) Effect on Number of Competitors

Notes: The figures present coefficients from the event study on the product group level. One
observation corresponds to a product within a month for the event study in A.1a and A.1b and
to a substitution group within a month for the event study in A.1c and A.1d. We consider four
different outcome variables: (1) the price of a product, (2) the market share of a product, (3)
the market size of a substitution group, or (4) the number of competitors in a substitution group.
The plotted coefficients from d = −18 to d = 0 correspond to months before the exit. The event
study regressions include product and year-month or substitution group and year-month fixed
effects. The period d = 0 is the reference period. The error bars represent 95% confidence
intervals. Standard errors are clustered on the product or substitution group level and adjusted
for within-cluster correlation.
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Figure B.1: Event Study, Different Number of Leading Decisions of Opposed Substitution

Notes: The graph shows the results of the regression presented in equation 2 for four different
samples. For each we require a different number of leading decisions with opposed substitution.
One observation corresponds to an individual pharmaceutical decision where an individual either substitutes or opposes substitution. The outcome variable takes the value 1 if an individual
opposed a substitution conditional on facing a substitution decision. Thus, we exclude cases
where substitution is not an option, either because the prescription was for the cheapest available product or because the prescriber or pharmacist opposed substitution. In the graph, we
show coefficient estimates of β̂d , The estimates show the probability of opposing substitution
for the dth purchase occasions after the first substitution, which is excluded. The regression
includes substitution group × year-month as well as individual fixed effects. The error bars
represent 95% confidence intervals. Standard errors are clustered at the individual level, adjusted for within-cluster correlation.

evaluation with different fixed effects allows us to assess whether the treatment effect of a first
substitution is stable across specifications.
Considering the decision by patient i for a product in substitution group s in month t, the
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final model looks like the following:
Oppist = β 1{A f terFirstSubit } + ψist + εist ,

(6)

where Oppist is a dummy variable that takes the value 1 if a patient opposed substitution.
1{A f terFirstSubit } is an indicator that takes the value 1 if an individual substituted in the
last purchase occasion for the first time. ψist are a variety of fixed effects. We show models (1)
without any fixed effects, (2) substitution group fixed effects, (3) substitution and year-months
(i.e., price period) fixed effects, (4) substitution, year-months, and individual fixed effects, (5)
individual and substitution group × year-month fixed effects, and (6) individual and substitution
group × year-month fixed effects where we additionally control if a patient was prescribed an
original.
We show results in Table C.1. The average treatment effect over models (1) to (5) decreases with the number of fixed effects. However, despite a high model fit, we observe a strong
treatment effect of almost β̂ = −0.2, meaning that a first substitution reduces the subsequent
possibility of substitution by 20 percentage points. Controlling for the original prescriptions,
we still see an effect size of 15.5 percentage points. Overall, we conclude that the effect of a
first substitution is stable.

D

Robustness of Two-Way-Fixed-Effect Models

When estimating the average treatment effect of a first substitution, we use a linear least square
regression and use two-way-fixed effects. Recent econometric articles show that average treatment effects from linear regressions with individual and time fixed effects could be biased in
case of a staggered treatment design and heterogeneous treatment effects (Athey and Imbens
2021; Baker et al. 2021; Borusyak et al. 2021; Callaway and Sant’Anna 2020; De Chaisemartin
and d’Haultfoeuille 2020; Goodman-Bacon 2021). To show that our estimates in equation 1 do
not suffer from a bias, we therefore also estimate a robust estimator based on De Chaisemartin
and d’Haultfoeuille (2020).
Consider for simplicity that we estimate the regression model of equation 1 with individual
and year-month fixed effects. We do so by (1) using a standard linear least square estimator
and (2) using the estimator of De Chaisemartin and d’Haultfoeuille (2020). Both estimations
are based on the sample of patients with at least six preceding purchase occasions of opposed
substitution. The average treatment effect of the initial substitution of subsequent substitutions
using a two-way-fixed linear regression is equal to β̂ TW FE = −0.334 (s.e. = 0.016), and the
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Table C.1: Linear Regression Results
Oppist

1{A f terFirstSubit }
Substitution Group FE
Year-Month FE
Individual FE
Subst. × Year-Month FE
Original Prescribed
N
R2

(1)

(2)

(3)

(4)

(5)

(6)

−0.371∗∗∗

−0.296∗∗∗

−0.292∗∗∗

−0.241∗∗∗

−0.197∗∗∗

(0.019)

(0.015)

(0.016)

(0.014)

(0.012)

−0.155∗∗∗
(0.012)

No
No
No
No
No
13,490
0.261

Yes
No
No
No
No
13,490
0.482

Yes
Yes
No
No
No
13,490
0.485

Yes
Yes
Yes
No
No
13,490
0.608

No
No
Yes
Yes
No
13,490
0.749

No
No
Yes
Yes
Yes
13,195
0.778

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Results of a linear least square regression. An observation is a substitution decision of
an individual when substitution is possible. Each patient in the sample has at least six leading
decisions with opposed substitution. The outcome variable takes the value 1 if an individual
opposed a substitution conditional on facing a substitution decision. Thus, we exclude cases
where substitution is not an option, either because the prescription was for the cheapest available product or because the prescriber or pharmacist opposed substitution. 1{A f terFirstSubit }
is an indicator that takes the value 1 if an individual has substituted in the last period for the
first time. Standard errors are clustered at the individual level, adjusted for within-cluster correlation, and reported in parentheses.
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estimate of De Chaisemartin and d’Haultfoeuille (2020) is equal to β̂ DID−M − 0.224 (s.e. =
0.0345). Thus the effect size is smaller but results are still strong, negative and significant.
The potential threat to identification also relates to the estimation of the event study, where
we observe staggered treatment on the individual level. We therefore also estimate a robust estimator based on Sun and Abraham (2020). Consider for simplicity the regression as in equation
2 with individual and year-month fixed effects. Figure D.1 shows results from a linear least
square regression and a robustness check based on Sun and Abraham (2020). Visually, results
are almost identical. Indeed, the coefficients only differ slightly; for example, the coefficient of
the purchase occasion after the first substitution in the case of two-way fixed effects is equal to
−0.296, while the estimate based on Sun and Abraham (2020) is equal to −0.302. Thus, we
conclude that the results do not indicate that the main results are affected by biased estimators.

E

Instrumental Variable Regression Including Repeated Forced
Substitutions

Our main analysis excludes repeated observations of forced substitutions due to exiting products. Thus, for a patient who receives multiple prescriptions for a product exiting the Swedish
market, we only consider the first forced substitution. The intuition for reducing the sample is
that we do want to avoid overestimating the impact of a first substitution.
In the following, we show robustness for the case without excluding multiple forced substitutions. We, therefore, consider the same sample as in the naive regression presented in
Appendix C. Figure E.1 shows the results of the instrumental variable regression. Panel A considers the first stage, and Panel B the second stage. We observe that second stage results are
stronger than in the main paper. The difference between the effect in the main analysis and the
effect in this robustness check is driven by repeated forced substitutions.

F

State Dependence

Another factor that may influence the interpretation of our estimate is habit persistence or state
dependence. State dependence describes the behavioral persistence of patients to stick to a pharmaceutical product they know. In our example it is possible that individuals oppose substitution
in repeated purchases to receive the product of the previous purchase occasions. At some time,
the patient substitutes to a different product, the product of the month. It may be possible that
the patient’s behavior with regard to substitution does not change and that the individual now
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Figure D.1: Event Study: Opposed Substitutions Before and After First Substitution, Robustness

(a) Probability of Opposed Substitution, TwoWay Fixed Effects

(b) Probability of Opposed Substitution, Sun
and Abraham (2020)

Notes: The graphs show the results of the regression presented in equation 2. The left graph
is based on a linear least square regression. One observation corresponds to an individual
pharmaceutical decision where an individual either substitutes or opposes substitution. Each
patient in the sample has at least six leading decisions with opposed substitution. The outcome
variable takes the value 1 if an individual opposed a substitution conditional on facing a substitution decision. Thus, we exclude cases where substitution is not an option, either because
the prescription was for the cheapest available product or because the prescriber or pharmacist
opposed substitution. In the graph, we show coefficient estimates of β̂d . The estimates show the
probability of opposing substitution for the dth purchase occasions after the first substitution,
which is excluded. The regression includes year-month as well as individual fixed effects. The
default is an opposed substitution during the months before the initial substitution. The error
bars represent 95% confidence intervals. The second subfigure shows results from the method
based on Sun and Abraham (2020). Standard errors are clustered at the individual level to
control for within-cluster correlation.
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Table E.1: Instrumental Variable Regression, Considering Repeated Forced Substitutions
Panel A: First Stage

1{A f terFirstSubit }
(1)

(2)

(3)

(4)

1{PrescA f terExitist }

0.667∗∗∗
(0.017)

0.454∗∗∗
(0.025)

0.261∗∗∗
(0.037)

0.259∗∗∗
(0.032)

Constant

0.320∗∗∗
(0.017)
No
No
No
No

Yes
Yes
No
No

Yes
Yes
Yes
No

No
No
Yes
Yes

1522.5
13,490
0.202

330.8
13,490
0.423

48.6
13,490
0.731

63.9
13,490
0.814

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
F-statistics
N
R2

Panel B: Second Stage
Oppist

1{A f terFirstSubit }
Constant

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
N
R2

(1)

(2)

(3)

(4)

−0.608∗∗∗
(0.051)

−0.573∗∗∗
(0.062)

−0.681∗∗∗
(0.096)

−0.699∗∗∗
(0.101)

Yes
Yes
No
No
13,490
0.389

Yes
Yes
Yes
No
13,490
0.505

No
No
Yes
Yes
13,490
0.657

1.095∗∗∗
(0.018)
No
No
No
No
13,490
0.155

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Results of the instrumental variable regression. An observation is a substitution decision
of an individual when substitution is possible. Each patient in the sample has at least six
leading decisions with opposed substitution. Thus, we exclude cases where substitution is not
an option, either because of a prescription was for the cheapest available product or because
the prescriber or pharmacist opposed substitution. For this robustness we consider all and not
only the first observation of a forced substitution. Panel A shows the first stage of the twostage least square estimation. Here, the instrument 1{PrescA f terExitist } takes the value 1 for
individuals with a current or previous prescription for a product that exited the Swedish market
and is not available even if a patient wishes to oppose substitution. The F-statistics refers to the
test statistics of testing significance of the instrument. Panel B shows results of the second stage.
The outcome variable takes the value 1 if an individual opposed a substitution conditional on
facing a substitution decision. Standard errors are clustered at the individual level, adjusted for
within-cluster correlation, and reported in parentheses.
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sticks with the new product. If the new product is always the product of the month and the
patient therefore accepts the substitution, state dependence drives our estimate.
State dependence is therefore one mechanism that could drive the estimates. We show this in
a robustness check of the average treatment effect, the event study and the instrumental variable
approach when controlling for state dependence. In practice we include an indicator that takes
the value 1 if the prescribed product is the same as the product that the individual bought the
last time the individual made a purchase in a specific substitution group. If an individual only
substitutes more often due to state dependence and we assume a persistence in preference for
the product of the month, we would expect a reduction of the effect size.
We start by showing the average treatment effect, which corresponds to the results of equation 6. Considering the decision of patient i for a product in substitution group s in month t, the
final model looks like the following:
Oppist = β 1{A f terFirstSubit } + SDist + ψist + αi + εist ,

(7)

where Oppist is a dummy variable that takes the value 1 if a patient opposes substitution.
1{A f terFirstSubit } is an indicator that takes the value 1 if an individual has substituted in
the last purchase occasion for the first time.19 In comparison to the average treatment effect of
equation 6, we now include a dummy SDist which takes the value 1 if the prescribed product is
the same as the product that the individual bought the last time the individual made a purchase
in a specific substitution group. ψist are a variety of fixed effects. As before, we show models
(1) without any fixed effects, (2) with substitution group fixed effects, (3) with substitution and
year-months (i.e., price period) fixed effects, (4) with substitution, year-months and individual
fixed effects, (5) with individual and substitution group × year-month fixed effects, (6) and with
individual and substitution group × year-month fixed effects where we additionally control if a
patient was prescribed an original.
We show results in Table F.1. In all specifications we see that the state dependence dummy
is positive and significant, meaning that the product the consumer bought last time positively
affects the probability of opposed substitution. Importantly, our estimated effect of a first substitution on subsequent substitutions, 1{A f terFirstSubit }, remains negative and significant but
is smaller in size. Thus, part but not all of the effect of the first substitution is driven by introduction of a new state dependence. In detail, using full fixed effects in model (5), we show
that even after controlling for state dependence, a first substitution decreases the probability of
opposed substitution by 11 percentage points. Overall we conclude that state dependence is one
19 Note that we exclude the first substitution as it does not provide any variation.

purchase occasions with opposed substitution before the initial substitution.
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We require at least six preceding

mechanism; however, it does not explain the entire average treatment effect.

Table F.1: Linear Regression Results, Controlling for State Dependence
Oppist

1{A f terFirstSubit }
SDist

Substitution Group FE
Year-Month FE
Individual FE
Subst. × Year-Month FE
Original Prescribed
N
R2

(1)

(2)

(3)

(4)

(5)

(6)

−0.280∗∗∗

−0.252∗∗∗

−0.188∗∗∗

−0.138∗∗∗

−0.110∗∗∗

(0.011)

(0.010)

(0.010)

(0.011)

(0.009)

−0.095∗∗∗
(0.009)

0.390∗∗∗
(0.016)

0.303∗∗∗
(0.013)

0.364∗∗∗
(0.014)

0.318∗∗∗
(0.012)

0.328∗∗∗
(0.013)

0.264∗∗∗
(0.013)

No
No
No
No
No
13,490
0.506

Yes
No
No
No
No
13,490
0.601

Yes
Yes
No
No
No
13,490
0.626

Yes
Yes
Yes
No
No
13,490
0.697

No
No
Yes
Yes
No
13,490
0.812

No
No
Yes
Yes
Yes
13,195
0.820

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Results of a linear least square regression. An observation is a substitution decision of
an individual when substitution is possible. Each patient in the sample has at least six leading
decisions with opposed substitution. The outcome variable takes the value 1 if an individual
opposed a substitution conditional on facing a substitution decision. Thus, we exclude cases
where substitution is not an option, either because the prescription was for the cheapest available product or because the prescriber opposed substitution. 1{A f terFirstSubit } is an indicator that takes the value 1 if an individual has substituted in the last period for the first time.
SDist takes the value 1 if the prescribed product is the same as the product that the individual
bought the last time the individual made a purchase in a specific substitution group. Standard
errors are clustered at the individual level, adjusted for within-cluster correlation, and reported
in parentheses.

In a second step, we turn to the analysis in section 4.1. In detail, we show that independent
of the requirements of leading purchase occasions with opposed substitution, the impact of state
dependence does not eliminate the general average treatment effects of a first substitution. In
Figure F.1 we show the results of a naive regression as described in equation 1 for different
numbers of preceding purchase occasions of opposed substitution. We show results with and
without the state dependence dummy. The results are in line with the average treatment effects
of the models in Table F.1. The control of state dependence decreases the effect size, but independent of the number of leading purchase occasions with opposed substitution, the effect on
the probability of opposed substitution is negative and significant.
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Figure F.1: Naive Regression with Different Numbers of Leading Decisions of Opposed Substitution, Controlling for State Dependence

Notes: The graph shows the coefficients of β for OLS regressions in equation 1. An observation is a substitution decision of an individual when substitution is possible. We differentiate
between results with and without controlling for state dependence. When controlling for state
dependence we include a dummy that takes the value 1 if the prescribed product is the same as
the product that the individual bought the last time the individual made a purchase in a specific substitution group. Each coefficient refers to a sample with different minimum numbers
of leading purchase occasions with opposed substitution. The regression includes substitution
group × month and individual fixed effects. The error bars represent 95% confidence intervals.
Standard errors are clustered at the individual level, adjusted for within-cluster correlation.

We now turn to the event study with a state dependence control. The model is identical to
the one in equation 2 except for the introduction of a state dependence dummy. Considering a
sample with at least six leading purchase occasions with opposed substitution, we estimate:

d=11

Oppist =

∑

βd 1{PurchOccToFirstSubit = d} + SDist + ψst + αi + εist ,

(8)

d=2

where Oppist is a dummy variable that takes the value 1 if a patient opposed substitution.
1{PurchOccToFirstSubit = d} is an indicator that takes the value of d occasions before or
after the first observed substitution. SDist takes the value 1 if the prescribed product is the same
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as the product that the individual bought the last time the individual made a purchase in a specific substitution group. ψst are substitution group × year-month fixed effects. Further, αi are
individual fixed effects.
The results in Figure F.2 in comparison to Figure 3 show that the impact for purchase occasions after the first substitution decreases, but remains negative and significant when including
the state dependence dummy.
Finally we turn to the instrumental variable regression. Using the same instrument as described in equation 3, we add a dummy 1{PrescA f terExitist } that takes the value 1 for individuals with a current or previous prescription for a product that exited the Swedish market and
is not available even if a patient wishes to oppose substitution. In comparison to the model in
equation 3 we additionally add the control SDist .
We present the results in Table F.2. The first stage shows that the instruments are still
strong. The second stage again confirms the results of the OLS regressions. Controlling for
state dependence decreases the effect size of the impact of a first substitution. However, results
remain strong and significant. For example, model (4) of the instrumental variable estimation
reveals that a first substitution decreases the probability of following opposed substitutions by
49.9 percentage points.
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Table F.2: Instrumental Variable Regression, Controlling for State Dependence
Panel A: First Stage

1{A f terFirstSubit }
1{PrescA f terExitist }
SDist

(1)

(2)

(3)

(4)

0.613∗∗∗

0.351∗∗∗

0.215∗∗∗

(0.021)

(0.028)

(0.040)

0.218∗∗∗
(0.041)

−0.194∗∗∗
(0.018)

−0.285∗∗∗
(0.016)

−0.179∗∗∗
(0.010)

−0.156∗∗∗
(0.011)

No
No
No
No

Yes
Yes
No
No

Yes
Yes
Yes
No

No
No
Yes
Yes

858
11,129
0.160

160.4
11,129
0.433

29.5
11,129
0.739

28.5
11,129
0.824

0.445∗∗∗
(0.021)

Constant

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
F-statistics
N
R2

Panel B: Second Stage
Oppist
(1)

(2)

(3)

(4)

−0.546∗∗∗
(0.059)

−0.529∗∗∗
(0.088)

−0.275∗∗∗
(0.093)

−0.280∗∗∗
(0.080)

SDist

0.284∗∗∗
(0.021)

0.221∗∗∗
(0.029)

0.224∗∗∗
(0.023)

0.229∗∗∗
(0.019)

Constant

0.865∗∗∗
(0.030)
Yes
Yes
No
No
11,129
0.486

Yes
Yes
Yes
No
11,129
0.717

No
No
Yes
Yes
11,129
0.832

1{A f terFirstSubit }

Substitution Group FE
Year-Month FE
Individual FE
Substitution × Year-Month FE
N
R2

No
No
No
No
11,129
0.360

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Results of the instrumental variable regression. An observation is a substitution decision
of an individual when substitution is possible. Each patient in the sample has at least six
leading decisions with opposed substitution. Thus, we exclude cases where substitution is not
an option, either because of a prescription was for the cheapest available product or because the
prescriber or pharmacist opposed substitution. Further, we only consider the first observation
of a forced substitution. Panel A shows the first stage of the two-stage least square estimation.
Here, the instrument 1{PrescA f terExitist } takes the value 1 for individuals with a current or
previous prescription for a product that exited the Swedish market and is not available even if
a patient wishes to oppose substitution. The F-statistics refers to the test statistics of testing
significance of the instrument. SDist takes the value 1 if the prescribed product is the same as
the product that the individual bought the last time the individual made a purchase in a specific
substitution group. Panel B shows results of the second stage. The outcome variable takes the
value 1 if an individual opposed a substitution conditional on facing a substitution decision.
Standard errors are clustered at the individual level, adjusted for within-cluster correlation,
and reported in parentheses.
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Figure F.2: Event Study: Opposed Substitutions Before and After First Substitution, Controlling
for State Dependence

Notes: The graph shows the results of the regression presented in equation 8. One observation
corresponds to an individual pharmaceutical decision where an individual either substitutes or
opposes substitution. Each patient in the sample has at least six leading decision of opposed
substitutions. The outcome variable takes the value 1 if an individual opposed a substitution
conditional on facing a substitution decision. Thus, we exclude cases where substitution is not
an option, either because the prescription was for the cheapest available product or because the
prescriber or pharmacist opposed substitution. In the graph, we show coefficient estimates of
β̂d . The estimates show the probability of opposing substitution for the dth purchase occasions
after the first substitution, which is excluded. The regression includes substitution group ×
year-month as well as individual fixed effects as well as a dummy SDist that takes the value
1 if the prescribed product is the same as the product that the individual bought the last time
the individual made a purchase in a specific substitution group. The default is an opposed
substitution during the months before the initial substitution. The error bars represent 95%
confidence intervals. Standard errors are clustered at the individual level, adjusted for withincluster correlation.
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