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Abstract 

Mortality related to drug abuse, primarily from opioids is very high in Sweden. The increased access 

to opioids have had severe consequences such as abuse, illegal opioid trafficking and overdoses. One 

contributing factor to this development is suggested to be over-prescriptions by physicians. The aim of 

this paper is to examine the effect of increased competition between healthcare providers, caused by 

the healthcare choice system reform, on prescriptions of opioids. This competition inducing reform 

was adopted at different timepoints in different counties between 2007 and 2010. Considering the 

staggered adoption scheme, it is possible to use a difference-in-difference methodology to identify the 

effect of the reform on the number of opioid prescriptions dispensed. The main result shows that 

prescriptions overall declined as a consequence of the reform. Although, during the reform adoption 

year specifically, there is some indication of a positive effect of competition on prescriptions, but this 

effect do not persist. Thus, overall, the reform do not seem to have contributed to increases in opioid 

prescriptions. These results are however not robust across various model specifications, as the 

statistical significance disappears when modifications are made. Therefore, thesis cannot conclude 

anything with certainty on whether the healthcare choice system actually had an effect on prescriptions 

at all. 
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1. Introduction  

In the 1990s the U.S prescriptions of opioid pain relivers increased substantially. During this 

time period, patient-centered policies1 focusing on pain reliving practices were enacted within 

the healthcare sector. These policies did not explicitly encourage the use of opioids, but the 

target on pain control may have affected the prescription rate of opioids (Sarkar & Shojania, 

2016). Moreover, pharmaceutical companies promoted the use of opioids for treatment of 

chronic pain. Following these recommendations, physicians started to prescribe opioids 

more generously (Rhodin 2014; OECD 2019). The total number of opioid prescriptions 

dispensed in the U.S increased from 43.8 million in 2002 to 89.2 million in 2010, and reached 

its peak of over 255 million in 2012 (Sites, Beach & Davis 2014; CDC 2021b). Before it 

became evident that the drug was highly addictive and harmful if used incorrectly,  

misuse and over-prescriptions had already led to a public health crisis (OECD, 2019). 

Opioid abuse is associated with severe health consequences such as e.g stroke, heart attacks, 

an increased mortality risk and overdoses (Erkenborn, 2021). Between 1999 and 2019 in the 

U.S, almost 500,000 overdose deaths had been caused by opioids alone and during 2021 over 

100,000 opioid overdoses were recorded for the first time in a 12-months period (CDC 2021a; 

Wilson 2021). 

The misuse of opioids has culminated into a public health issue not only in the U.S, but also 

in many other parts of the world. Between 2011 and 2016 the average opioid related deaths 

increased in OECD countries by more than 20 percent. Besides the U.S, the mortality rates 

were highest in Canada and Sweden (OECD, 2019). In fact, among young adults in Sweden, 

the dominant cause of death is drug use disorders from opioids which increased by 60 percent 

between 2000 and 2017 (Ågren & Bermberg, 2021). Ågren and Bermberg (2021) suggests 

that one reason for this development could be explained by the structure of the healthcare 

system and the introduction of the so-called healthcare choice system reform. 

The healthcare choice system reform was implemented between 2007 and 2010. The objective 

was to improve the quality and access of healthcare by increasing competition between 

healthcare providers through mainly three channels, as stipulated in the government bill prop. 

2008/09:74: (i) Increasing individuals opportunities to choose freely among healthcare 

providers; (ii) Expand the provision of healthcare by facilitating establishments and (iii); 

Compensating providers according to patients choice of provider (specifically by the number 

of listed patients and patient visits). 

Since compensation to providers are linked to patients choice, providers have financial 

incentives to satisfy patients demands which potentially could affect physicians inclinations to 

prescribe drugs. Increased availability may also cause patients to search for physicians who 

are willing to prescribe. The adoption of the reform means that the patient can just list 

themselves to another healthcare center, if physicians refuse to prescribe a certain drug, 

leading to loss of compensation for the provider. These changes in behaviors by both patients 

and physicians could result in increased use of opioids if providers compete for patients by 

 
1 e.g The Joint Commission's Pain Management Standards 

https://www.ncbi.nlm.nih.gov/pubmed/10904487
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offering the drug to those who demands it in order to attract or retain patients (Albertsson, 

2009; Halldin 2015; Fogelberg 2013). Following the reform adoption, the number of 

healthcare centers increased by 20 percent, which directly contributes to the increased level of 

competition (The Swedish Competition Authority, 2014). Note that from a public health 

perspective, it is problematic that patients’ demand for opioids are not always in alignment 

with their medical needs. In other words, patients do not incorporate the negative externalities 

that is related to opioids, towards themselves or the healthcare. 

Thus, the purpose of this paper is to examine if the higher competition between healthcare 

providers, caused by the healthcare choice system reform, contributed to the increased 

prescriptions of opioids. 

A further motivation for why I examine this relationship is because the Public Health Agency 

(2021b) reported that mortality related to narcotic prescribed drugs-and narcotic poisonings 

have increased by 71 percent between 2006 and 2019. Opioids are the most common cause 

behind these deaths. The fact that this increase overlaps with the rollout period of the 

healthcare reform makes it interesting to investigate the effect of competition on drug 

prescriptions. 

Between 2007 and 2009 eight county councils voluntarily adopted the healthcare choice 

system before it became mandatory for the whole country in 2010. Since the implementation 

of the reform occurred at different timepoints in different counties, a quasi-experimental 

research design, in particular a staggered difference-in-difference (DiD) method, can be 

utilized to identify the effect of the reform on opioid prescriptions. A panel data set covering 

all Swedish municipalities between January 2006 to December 2010 is used. Monthly data of 

the number of opioid prescriptions dispensed have been obtained from the National Board of 

Health and Welfare. I use an approach similar to Fogelberg (2013), who applied a modified 

DiD model to analyze the reforms effect on prescription of antibiotics. 

This paper adds to the literature of the external effects of pro-competition policies in the 

healthcare market. Previous studies have shown that higher competition leads to an increase 

in the number of e.g; antibiotics prescribed (Fogelstrom 2013; Bennet, Hung & Lauderdale 

2015); prescriptions of addictive drugs to elderly (Kann, Biørn & Lurås 2010) and issued sick 

leaves (ISF 2014; Brekke et al. 2019). 

From the results found in this paper, the healthcare choice system do not seem to have 

contributed to increases in opioid prescriptions, but rather the opposite. Prescriptions declined 

on average by around 7,5 percentage points as a consequence of the reform. Although, during 

the reform implementation year specifically, there is some indication of a positive effect of 

competition on prescriptions, but this effect do not persist. Hence, I cannot conclude that the 

increase in opioid prescriptions in Sweden is caused by the reform. An explanation for why 

we observe this overall decline may be because the healthcare sector is heavily regulated. The 

government conducted inspections following the reform and put in remedies to counteract 

unnecessary prescriptions in places where they had increased (IVO 2014; Office of the 

Auditor General 2014). The main results are not robust across different model specifications 

as the statistical significance disappears when various modifications are made. Since the main 
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findings are sensitive, this thesis cannot draw any certain conclusions of whether the 

healthcare choice system actually had an effect on opioid prescriptions at all. 

This thesis overall contribution is that it provides further insights into the specific literature 

that examines the externality effects of pro-competition policies including patients freedom of 

choice within the healthcare system. More specifically, the paper shed light on the potential 

consequences of when providers are made economically dependent on satisfying patients 

demands. 

The paper is arranged as follows; section 2 provides background information about opioid 

prescriptions and the healthcare choice system reform. Section 3 describes theory and 

introduces previous literature on the effects of competition in the healthcare market. The data 

used for the analyzes are found in section 4, while the empirical strategy is explained in 

section 5. The main results are given in section 6. In section 7, an event study analysis is 

conducted, followed by an additional analysis of medicine cost responsibility in section 8. 

Section 9 presents issues with the staggered DiD approach and includes an analysis which 

solves the issue. Section 10 discusses limitations and section 11 concludes the paper. 

 

2. Background 

2.1. Opioids 

Opioids are analgesic drugs which have morphine-like effects. Some of them comes from the 

poppy plant directly and are then called opiates e.g morphine and kodein. Other opioids are 

chemically manufactured and are in that case called semi-synthetic -or fully synthetic opioids 

(NE, n.d). Opioids have a critical function in health care as it is used for treatment of patients 

with severe pain e.g after surgery. Opioids are classified as narcotics and are highly addictive. 

Hence, there exists strict guidelines for prescribing the drug to patients as it can result in 

abuse if used improperly. Abuse of opioids can lead to serious health consequences such a 

deteriorated immune system and an increased mortality risk (Erkenborn, 2021).  

2.1.2. The opioid crisis and prescriptions of opioids 

The consequences of increased access to opioids are many and do not only involve 

dependence and abuse for the individual, but also a greater burden for the healthcare, illegal 

opioid trafficking and an epidemic of overdoses. The source to these problems can be traced 

back to the 1990s in the U.S when opioid manufacturers encouraged the use of opioids for 

treating pain. Not realizing their harmfulness, physicians began to prescribe opioids to a 

higher extent. For example, 75 percent of the individuals who started abusing opioids around 

the year 2000, claimed that their first encounter with the drug was through physician 

prescription. When it became evident that the drug was highly addictive, a public health 

crisis had already emerged (Alexander, Keahey & Dixon 2018; OECD 2019). 

Similar trends are apparent across other OECD countries. Apart from the U.S, overdose death 

rates were highest in Canada and Sweden between 2011 and 2016 (OECD, 2019). Fugelstad 
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et al (2019) found that mortality related to opioid poisonings almost tripled in Sweden 

between 2006 and 2014, with a relative increase of 181 percent. The authors’ result can be 

explained by both an increase in opioid prescriptions for pain treatment during the same 

period and due to increased misuse among individuals with substance use disorders.  

Figure 2.1. shows trends in the number of opioid prescriptions dispensed for young adults 

(age 15-29) in Sweden. We can observe that the number of prescriptions increase over time, 

reaching a peak of 164642 dispensations in 2015, and then the trend start to decline. Reports 

to the Health and Care Inspectorate (IVO) concerning over-prescriptions more than doubled 

between 2014 and 2018. Furthermore, the predominant cause for why IVO reports physicians 

are because of incorrect prescriptions (Hultberg, 2020). 

 

Figure 2.1. Trends in the number of opioid prescriptions dispensed, young adults 

 

Source: The National Board of Health and Welfare (2022a) 

 

It has been shown that physicians sometimes prescribe narcotic drugs too extensively. In 

some cases it can be challenging to determine individuals’ condition and need for treatment 

and in other cases it is difficult for physicians to deny patients what they want (Aronson, 

2003). So, what could explain physicians role behind increases in opioid prescriptions? Three 

potential explanations are (1) financial motives, (2) education quality and (3) observed pain 

behavior. 

Financial incentives may be an important driver behind why physicians prescribe drugs. This 

seems especially noticeable in the U.S. Nguyen, Bradford and Simon (2019) for example, 

found that physicians who receive opioid specific payments from providers, prescribe up to 

8784 opioid doses more each year compared to their colleagues who do not receive similar 

payments. Toy (2019) argues that the “business-like” structure of the U.S healthcare system is 

the source behind over-prescriptions and the opioid epidemics. The author emphasizes that 
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physicians prescribe opioids too extensively in many cases since they receive payments from 

“profit seeking” drug manufacturing companies. 

Improving the quality of education and increasing awareness of alternative treatment options 

for chronic pain in medical schools could be one way to overcome issues with over-

prescriptions. Schnell and Currie (2018) shows that physicians who completed their education 

at top ranked schools prescribed almost three times less opioid doses annually compared to 

physicians who obtained their degree from the lowest ranked schools. This result suggest that 

school quality partly could explain why physicians prescribe more or less. 

Turk and Okifuji (1997) showed that it seems to be observed pain behavior, such as the 

patients expression of suffering or anxiety that influences the decision to prescribe opioids to 

some patients while not to others. 

A natural question that arises in this context is whether opioid prescriptions increased because 

pain prevalence has increased in the population. Opioids are intended to be used for treatment 

of pain, but as Case and Deaton (2015) discusses, both pain prevalence and opioid use 

accelerated fast during the 1990s and thus it can be challenging to confirm which increase 

happed first. 

 

2.2. The Swedish healthcare organization  

The Swedish healthcare is expected to provide medical services and patient care on equal 

terms for all citizens (SFS, 2017:30). The healthcare is governed by national legislation but it 

is the 21 county councils’ responsibility to organize the healthcare such that all residents 

within the county have access to care. The healthcare is mainly managed within the public 

system and the primary care market constitutes of both public and private providers. In 2018 

for example, the share of private providers within the healthcare sector was 19 percent (SCB, 

2020). Private provides that are allowed to operate on the market have been granted contracts 

from the counties which establishes that they shall receive compensation by the same 

principles as public providers (Vetenskapsrådet, 2021). Healthcare expenditures are primarily 

publicly financed through taxes. In 2020, the public sector financed 86 percent of the total 

healthcare expenditures, while subsidized patients fees paid by households accounted for 13 

percent (SCB, 2022d).  

2.2.1. The healthcare choice system reform 

Over the past decades the healthcare system has been reformed considerably and the policy 

measure that is the focus of this thesis is the so-called healthcare choice system reform. The 

government decided to introduce this reform in order to emphasize individuals’ freedom of 

choice within primary care. The objective of the healthcare choice system was to improve the 

quality including access of care by increasing competition in the healthcare market through 

mainly three channels, as stipulated in the government bill prop. 2008/09:74:  

(i) increase individuals’ opportunities to choose freely among healthcare providers, 
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(ii) expand the provision of healthcare by facilitating establishments for providers with public 

funding, 

(iii) compensation to providers should follow the patients choice of provider and private and 

public providers should be treated equally.  

Prior to adoption of the reform, providers received compensation in accordance with the 

counties location, health and poverty level, and various demographic and socioeconomic 

determinants within the county. In other words, compensation to providers was not directly 

tied to individuals’ choices. After the reform, compensation was distributed according to 

patients’ choice of provider, and specifically by the number of listed patients and the number 

of patient visits at the healthcare center. Providers receive a fixed amount of compensation 

annually, depending on how many patients that have listed themselves at the particular 

healthcare provider. In all counties where the reform has been introduced, the largest part of 

income for the providers are determined by the number of listed patients (Anell 2011; 

Fogelberg 2013). This compensation scheme is intended to incentivize providers and give 

greater weight to patients’ preferences. In combination with an increased share of providers 

operating in the market for patients to choose among, patients position in relation to the 

provider is strengthened (Albertsson 2009; ISF 2014). This system was applied to generate 

competition between providers, which in turn should enforce the providers to improve quality 

of care. 

As compensation to healthcare providers are linked to patients’ choice, providers have 

financial incentives to satisfy patients demands. This could potentially affect physicians’ 

inclinations to prescribe drugs such as opioids, as providers are now economically dependent 

on attracting and retaining patients. In other words, providers have higher incentives to 

compete for patients by offering drugs which the patients demand, in order to not risk losing 

compensation. Increased availability could also lead patients to search for physicians who are 

willing to prescribe more easily. These types of changes in behaviors by both physicians and 

patients, as a consequence of the reform, may have resulted in increased use of opioids 

(Goude et al., 2015; Halldin 2015). The procedure to change healthcare center differs 

somewhat between the regions. Although, in most regions, one can either fill in a form via the 

healthcare guides’ online services or visit the healthcare center directly. The ease of switching 

healthcare center also contribute to the higher level of competition (Healthcare Guide 1177, 

2021). Furthermore, most of the patient listings occurred during the year of reform adoption, 

thus we expect a “competition shock” that specific year when the effect on prescriptions may 

be larger (Fogelberg 2013). Since the reform’s effect can vary over time, a modified DiD 

model will be used which can capture possible effects on prescriptions during the reform 

implementation year. In section 5.2, this will be discussed further along with the empirical 

strategy. 

Since 2007, the county councils had the opportunity to voluntarily introduce the reform. In 

February 2009, the parliament adopted the government proposition 2008/09:74 care choice in 

primary care (Vårdval i primärvården) which made it compulsory, by law, for all counties to 

implement the reform by January 1, 2010. The county councils that voluntarily adopted the 

reform were Halland in 2007, Stockholm and Västmanland in 2008, and Kronoberg, Skåne, 
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Uppsala, Östergötland and Västra Götaland in 2009. The other 13 counties implemented the 

reform in 2010 when it became mandatory to introduce health care choice systems (The 

National Board of Health and Welfare, 2009). Table A.1 in appendix shows the dates when 

each county council introduced the reform.  

Additionally, certain counties have a “cost responsibility” which means that healthcare 

providers partly bears the costs of patients’ medicines. Providers have a 50 to 100 percent 

medicine cost responsibility in all county councils besides in Halland, Stockholm, 

Västmanland and Gotland (SKL 2012; Fogelberg 2013). It may be that incentives to prescribe 

opioids differs between the counties where providers have cost responsibilities compared to 

those that have not. For this reason, in section 8, an additional analysis is performed which 

separate the effects of the reform by regions with and without cost responsibility similar to 

Fogelberg (2013).  

 

2.2.2. Privatization and competition 

The share of health care centers owned by private actors in Sweden increased from about 25 

percent in 2007 to 40 percent in 2019. This increase took place mainly between 2007 and 

2010, during the roll out period of the health care choice system (Holmström, 2020). The 

competition inducing reform has resulted in heated debates. Critics worry about the impact on 

individuals with less education and income. These patients typically do not have as much 

knowledge about possible options or provider quality as individuals from stronger 

socioeconomic backgrounds (Goude et al., 2015). Other arguments against privatization and 

competition concerns increasing costs and inferior medical services since providers ambition 

is to generate profit. On the other hand, it is argued that greater freedom to choose among 

different welfare services such as healthcare is the foundation of a democratic society. 

Economic motives for privatization and competition are improved effectiveness, less 

bureaucracy, and better quality and availability (Anell, 2011). With these ambitions in focus, 

many countries have implemented pro-competition reforms in the healthcare market. Cooper 

et al. (2011) for example, examines hospital quality and finds decreases in mortality rates in 

more competitive healthcare markets. Gaynor et al. (2010) also finds that pro-competition 

policies save lives while not increasing costs. The authors of both papers conclude that 

competition improves quality of care for patients in England. Knutsson and Tyrefors (2020) 

however, found that the risk of dying within three years for a patient is 1.4 percent greater if 

appointed to a private, rather than publicly owned ambulance in Sweden. The authors explain 

that this is because private actors sacrifice staff quality in order to cut costs.  

Although there is some evidence in favor of competition improving quality of care, it could 

also have serious negative external effects. In the context of this thesis, these negative effects 

refer to the issues of over-prescriptions of opioids, if physicians prescribe the drug with 

insufficient medical motivation with the purpose of receiving compensation. 
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3. Theory and related studies 2 

Studies have shown that physicians sometimes satisfy patients demands without medical 

motivation (Aronson, 2003). There are different explanations for this behavior, as for the 

mechanism behind it. Increasing competition among healthcare providers enforces them to 

improve quality of care. An aspect of what patients view as better quality is that physicians do 

as the patient demands e.g prescribe a certain drug. Bennet, Hung and Lauderdale (2015) 

studies the effect of competition on antibiotic use in Taiwan. The authors argue that when 

patients can choose among providers, offering to prescribe antibiotics can be regarded as a 

type of quality competition. They find that moving from the 75th percentile of market 

concentration to the 25th, leads to a 6.6 percent increase in antibiotic use. 

It can be challenging to separate the effect of better healthcare quality from opportunistic 

behavior among providers. For example, one of the aims with the healthcare choice system 

was to expand availably which enables a larger share of patients to receive the treatment that 

they need, such as pain killer drugs. On the other hand, opportunistic behavior can imply that 

physicians prescribe e.g opioids instead of offering alternative treatments or therapy, since it 

is cheaper and less time consuming, i.e. providers profit from it (Halldin, 2015). Receiving for 

example therapy, instead of opioids may have treated the patient just as well. This type of 

opportunistic behavior among providers is called Supply induced demand (SID). Since 

patients cannot perfectly determine their health state or which medication that may best treat 

them, while physicians on the other hand have an informational advantage in terms of 

appropriate treatment options, individuals must entrust physicians’ provision of care. The 

presence of information asymmetry between patients and physicians can be exploited by 

providers and creates scope for them to act opportunistically. SID occurs when physicians use 

their expert knowledge for their own purpose and influence patients demand such that a 

greater amount of care is supplied than what is needed, or what the patient would have 

demanded had she had full information. For example, to maximize own profit, physicians can 

provide unnecessary care or influence the use of specific medical services (Gottschalk et al. 

2020; Anell 2011). With higher competition between providers and reimbursement related to 

patient listings and visits, there exists strong financial motives for providers to act 

opportunistically. Incentives to produce unnecessary services in order to generate profits, is 

thus greater with the adoption of the healthcare choice system. For example, Dackehag and 

Ellegård (2019) show that the healthcare choice system lead to increases in registered 

diagnoses among providers in more competitive markets, implicating that they also increased 

their reimbursement. In a study by Iversen and Lurås (2000), they found that physicians in 

Norway, experiencing shortages of patients, administers more medical care to their patients. 

 
2 I found one thesis by Nordlund (2019) who studied the same topic as I intend to do. She did not find any significant effect 

of the reform on opioid prescriptions and I believe that there are room for improvements. Three brief examples on how this 

paper differs are; (1) I managed to get data of opioid prescriptions on municipality level, monthly, whereas Nordlund (2019) 

use data on county level yearly, hence I will be able to exploit more disaggregated data; (2) I use a different model 

specification which allow to specifically estimate the effects of the reform during the implementation year to better capture 

the effects of competition and; (3) I conduct an event study analysis to examine pre-reform trends in opioid prescriptions. 
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The authors argue that having a fee-for-service element in the reimbursement system gives 

these physicians incentives to provide more services.  

On the contrary to SID, prescriptions may also increase due to higher competition if the 

demand for opioids is driven by patients’ preferences, which sometimes is not in line with 

their medical needs. The changes in the structure of the reimbursement system created 

financial incentives for providers to attract and retain patients, and one way to do so is to offer 

patients what they want. Providers may thus have responded to increased competition by 

prescribing opioids to those who demanded the drug, which in turn could have resulted in 

increased use of opioids. Iversen and Ma (2011) for example, shows that general practitioners 

(GPs) exposed to more competitive markets also tend to have higher referral rates. The 

authors explain that competition induces GPs to comply with patients wishes for referrals in 

order to retain them. Other studies have found increases in the number of issued sick leaves 

due to policies that aim to increase competition in healthcare (c.f ISF 2014; Brekke et al. 

2019). 

These types of behaviors can result in negative external effects such as unnecessary 

prescriptions of opioids which can lead to dependence and severe health outcomes for 

patients. Another example is the issue with antibiotic use. The more antibiotics that is used, 

antibiotic resistance increase, making it difficult to treat infections, which in turn causes 

suffering for patients and higher costs for the healthcare (The Public Health Agency, 2021a). 

Fogelberg (2013), examined the effect of the healthcare choice system on prescriptions of 

antibiotics using a DiD strategy. She found that increased competition affected antibiotic 

prescriptions positively. She suggests that this result can be explained by providers having 

incentives to maximize the number of patients and hence they may have offered antibiotics to 

those who requested it. Kann, Biørn and Lurås (2010) studies a similar policy adopted in 

Norway and the effect on prescription of addictive drugs to elderly. The authors find that 

increased competition among GPs increased drug prescriptions.  

 

4. Data 

This section will introduce the data used to estimate the effect of the healthcare choice system 

reform on prescriptions of opioids. The data is collected from the National Board of Health 

and Welfare and Statistics Sweden. Detailed information regarding the specifications of the 

variables is summarized in table A.2. in appendix. 

For the analysis of this paper I use municipality level data of municipal characteristics on a 

monthly basis. A municipality level panel dataset have been constructed, covering monthly 

statistics from January 2006 to December 20103. The panel population is all 290 Swedish 

municipalities, and the outcome variable is the number of opioid prescriptions dispensed in 

these municipalities. A municipality can arguably be considered as a primary care market. It 

is reasonable to assume (with exceptions) that individuals list themselves at healthcare centers 

 
3 The panel data is strongly balanced including 17400 observations. 
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close to their homes, within their residence municipality, as they probably do not want to 

travel too far in case of sickness.  

It would have been valuable, although not necessary, to match individual level data of patients 

to their area of residence, whether they have received opioid prescriptions and for example 

their socioeconomic status. I do not have access to individual data since it is classified, so for 

all drug prescriptions, my observations will be on municipality level. The National Board of 

Health and Welfare (2022a) gives access to data on prescription drugs (drugs prescribed and 

collected by patients at the pharmacy) on county level for public use. Upon my request, they 

kindly provided me with more disaggregated data on the number of opioid prescriptions 

dispensed4 at the municipality level, monthly between 2006 and 2010. Opioids have the ATC-

code N02A which is an aggregate term for all opioid types. The main outcome variable is the 

number of opioid prescriptions dispensed measured per 1000 inhabitants. Opioid prescriptions 

will be used as a measure to approximate changes in behaviors by physicians and patients as a 

result of higher competition in the healthcare market.  

To measure competition, the healthcare choice system reform will be used which is the 

explanatory treatment variable of interest. Thus, the treatment variation occurs at the regional 

level. Dummy variables will indicate reform adoption in a given region, taking the value of 1 

when the reform was implemented and 0 otherwise. In section 5, further details concerning 

the treatment dummies will be explained. Another reasonable variable that also measures 

competition is the share of private healthcare centers. Adopting the reform does not 

necessarily imply increased competition, especially if there are not enough healthcare centers 

in place competing for patients. I would have preferred to also include an analysis using the 

share of private healthcare centers as the explanatory variable. Unfortunately, due to time 

constraints, such analysis will not be performed. 

Relevant covariates, such as socioeconomic and demographic characteristics that could affect 

opioid prescriptions and varies both between municipalities and over time should to be 

controlled for. The control variables that will be included are population density, average 

income, share of high educated and the share of 70 years old or older of the inhabitants within 

each municipality. These variables are available at Statistics Sweden’s website (SCB 2022a; 

SCB 2022b; SCB 2022c; SCB 2022e). 

I include population density since competition most likely, is higher in more populated areas. 

This is because we expect a larger share of healthcare centers to be established for patients to 

choose among in densely populated regions, which in turn likely has a greater effect on 

prescription rates. 

Individuals with higher education and income, typically have more knowledge about 

differences in healthcare quality and treatment options compared to those from lower 

socioeconomic backgrounds (Goude et al., 2015). Patients with higher education and/or 

income may be better informed on the harms of using opioids. They could also potentially 

 
4 Small values, 1, 2 or 3 are replaced with X (missing values) in the dataset that I received from the National Board of Health 

and Welfare. This only applies to the municipality Heby for all months in 2006. 
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more easily manage to obtain the drugs that they want, which could affect the number of 

prescriptions dispensed. The variables average income and share of highly educated are only 

available on yearly level, hence the data has been extrapolated to be consistent with the opioid 

data. 

Older age groups have a higher share of patients who receive drug prescriptions in general, 

which also applies for opioids (The National Board of Health and Welfare, 2022b). Therefore, 

the share of individuals who are 70 years old or above will be used as a control variable.  

Additionally, I preform a county analysis in order to not risk missing the increases in opioid 

prescriptions that occurred after the year 2010, as described in section 2.1.2. I use all the 

variables as described above, but rather than using municipality data, the data is aggregated to 

a county level panel between January 2006 and December 2018, thus adding a longer time 

span. 

Descriptive statistics for all variables are presented in table A.3. in the appendix. 

 

5. Empirical framework 

5.1. Methodology 

The aim of this thesis is to investigate if competition in the primary care market, caused by 

the healthcare choice system could explain increases in prescriptions of opioids. To estimate 

this relationship, the preferred method would have been to measure how the potential 

prescription rates changes in an area, say Stockholm, if the reform was adopted and compare 

it to the potential prescription rate had Stockholm not adopted the reform at a given timepoint. 

But this is impossible, I cannot observe Stockholm at a specific timepoint in both states. 

Either the region had implemented the reform or not, hence I can only observe one of the 

potential prescription rates. The empirical challenge is thus to find an appropriate measure of 

the counterfactual number of opioid prescriptions, to be able to evaluate the causal effect of 

the reform (Stock & Watson, 2012). 

Between 2007 and 2009 eight county councils voluntarily adopted the reform before it 

became mandatory for the whole country in 2010. Since the implementation occurred at 

different timepoints in different regions, an exogenous variation is created, allowing me to use 

a staggered DiD model to evaluate the effect of the reform on prescriptions (given that the 

identifying assumption is satisfied, see following section 5.1.2). For this quasi-experimental 

research design, the staggered timing of reform adoption will make it appear “as if” treatment 

is randomly assigned, where treatment refer to the healthcare choice system reform (Stock & 

Watson 2012; Baker 2019). The analysis is done by comparing changes in opioid 

prescriptions over time, between regions that implemented the healthcare reform (i.e. treated 

groups) and regions that has not yet implemented the reform (i.e. control groups).  

Differences in pre-treatment values of the outcome variable between the treated and control 

groups are adjusted for as I compare changes in the number of opioid prescriptions dispensed 
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before and after treatment. The DiD approach accounts for time invariant differences in 

opioid prescriptions between the regions and it also accounts for general time effects (Stock & 

Watson 2012; Angrist & Pischke 2008). 

 

5.1.2. Identifying assumption 

The validity of the DiD approach hinges on the parallel trend assumption which states that 

trends in prescriptions of opioids would have been similar in treated and control groups in 

absence of the reform. In other words, this assumption holds if the timepoint of the reform 

implementation is exogenous in regard to trends in opioid prescriptions. It is not possible to 

test whether the parallel trend assumption is valid in post-reform periods. But, if trends in 

prescriptions are similar in treated and control groups pre-reform, it is more likely that they 

also are similar post reform. Given that the parallel trend assumption is valid, the estimated 

results can be interpreted as causal. However, the identifying assumption would be invalid if 

treated and control regions exhibit different trends prior to the implementation of the reform. 

Counties that adopted the reform voluntarily might differ from those that did not. But this 

would only be an issue if we believe that they select into treatment based on trends in 

prescription of opioids (would imply that the reform was not adopted randomly over time). If 

for example certain counties experienced a transitory drop in prescriptions in pre-treatment 

periods, also were those that adopted the reform early, the results would be positively biased 

as the DiD estimate would overstate the effect of the reform (Angrist & Pischke 2008; 

Ashenfelter 1978). 

To ensure that the parallel trend assumption hold, and that the concerns mentioned above do 

not bias the estimations, I conduct an event study analysis in section 7 which examines effects 

in pre-treatment periods. It is reassuring if trends in prescriptions are found to be similar pre-

reform, as it suggests that trends would have evolved similarly in absence of the reform. The 

result of the test for the identifying assumption, overall show no increasing or decreasing 

trend in the patterns of the point estimates pre-reform adoption. This implies that trends in 

opioid prescription’s evolved similarly in treated and control groups and thus the parallel 

trend assumption seem to be satisfied.  

5.2. Econometric model 

I will use a modified DiD model which differs somewhat from the classic approach. The 

reform’s effect can vary over time and there are at least two reasons for believing that 

competition and thus also prescriptions, should be the largest during the reform adoption year. 

First, as most of the patient listings occurred during the year of adoption, we expect a 

“competition shock” that specific year. This is likely because the compensation scheme is 

based on free listings of patients and most part of the income for providers are determined by 

the number of listed patients. Hence, providers have motives to maximize patient listings, 

which should be especially important during the adoption year when many new healthcare 

centers were established. Second, the government assessed the effect on prescriptions where 

the reform had been implemented and put in remedies to limit unnecessary prescriptions in 
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places where they had increased. These remedies included counter measures such as stricter 

monitoring of physicians and dispensing fines for inappropriate prescriptions (IVO 2014; 

Office of the Auditor General 2014; Fogelberg 2013). These counter measures could have 

disincentivized providers from prescribing drugs if not necessary or medically motivated. On 

the contrary, it is also possible to imagine an opposite trend where healthcare providers, in a 

learning delay, initially are cautious of over-prescription but then gradually get caught up in 

the competition. Nonetheless, a modified DiD model similar to Fogelberg (2013) will be used, 

which can better capture the impact of the possible “competition shock” by separating effects 

of the treatment year from post treatment years.  

The econometric model used to identify the effect of the reform on prescriptions of opioids 

for municipality m, in county c, at timepoint t (year-month) between January 2006 and 

December 2010 is given by the equation below:  

 

Opioidsmct = β + β1PostReformct + β2ReformYearct + β3Controlsmct+ θm + δt + սmct              

(1) 

 

The outcome variable Opioidsmct measures the logged number of opioid prescriptions 

dispensed per 1000 inhabitants. PostReformct is a dummy variable that equals 1 in treated 

regions from the month in which the reform was adopted and onwards, and zero otherwise. 

The dummy variable ReformYearct equals one for treated regions from the month of reform 

adoption to the turn of the year, and zero otherwise. This reform year dummy measures if 

there are any particular effects on opioid prescriptions during the implementation year. 

The panel data enables me to include municipality fixed effects θm that control for omitted 

variables which are time-invariant but heterogenous across municipalities. I also include time 

(year-month) fixed effects δt which controls for variables that vary over time but are constant 

across municipalities (Stock & Watson, 2012).  

Covariates that correlate with opioid prescription and varies both between municipalities and 

over time are not captured by municipality-and time fixed effects. Hence, I include 

Controlsmct which refers to the control variables described in the data section 4. I cannot 

entirely rule out that the treatment do not affect the composition of the control variables. For 

example, it is possible to imagine that more educated individuals, or those with higher income 

might move to areas which implemented the reform early, although it is not certain. Since it 

can be argued that the controls are potentially endogenous, my main specification will be the 

model excluding covariates. The specification with covariates is used as a model specification 

test. If the estimated results are insensitive to the inclusion of the controls, I can be more 

confident that the analysis is valid.  

For inference to be valid, the standard errors սmct will be clustered at the county level to 

account for arbitrary correlations in opioid prescriptions between municipalities, within 

counties, across time. Cluster standard errors allow for autocorrelation and heteroskedasticity 

within counties, while treating errors as uncorrelated between counties, and thus the 
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assumption that observations must be independent can be relaxed. Clustering at the county 

level is the correct method since the treatment variation occurs at the county level. There 

could exist correlations between the regression errors across municipalities within a given 

county, so ignoring this by clustering on municipality would result in incorrect inference. Not 

correcting for the possible within county correlation can provide estimates with misleading 

small standard errors and narrow confidence intervals (Stock & Watson, 2012). 

The number of clusters in this thesis, i.e. 21 counties can be considered too few. Although, a 

clear definition regarding a sufficient number of clusters does not exist, typically less than 42 

is regarded as few. If the number of clusters are small, it has been shown that the cluster 

robust variance estimator is downward biased and associated with hypothesis tests with too 

high rejection rates. In other words, the risk of making a type 1 error is substantially larger. 

To reduce the bias that occurs when the number of clusters are small, one suggested solution 

first proposed by Bell and McCaffrey (2002) and farther developed by Pustejovsky and 

Tipton (2016) is to use the bias-reduced linearization (BRL) method. The BRL estimator, in 

combination with a degrees of freedom correction, the so-called Satterthwaite approximation, 

produces more accurate tests and confidence intervals leading to better rejection rates. The 

general function of the method is to inflate the residuals in order to reduce the bias and 

improve the approximation of the covariance of the errors (Pustejovsky & Tipton 2016; 

Angrist & Pischke 2008). The cluster adjusted standard errors will be reported with and 

without the BRL correction. Another suggested method to correct for the issue discussed 

above, is to use the wild bootstrap resampling procedure to obtain improved approximations 

of standard errors and p-values (Angrist, & Pischke, 2008). This will be done for the analysis 

in section 9. 

Municipalities differ a lot in population size, I will hence estimate the models using a 

weighted least square (WLS) method with municipality population size as the weight, such 

that greater weight is given to more populous municipalities. Thus, I obtain a people weighted 

average, i.e. average causal estimates of opioid prescriptions over people instead of 

municipalities, providing me with an estimation on prescriptions over the whole country. 

Additionally, results might differ between the county and municipality level analyzes because 

certain counties have many more municipalities. By applying the WLS method with 

population size as the weight, the results from these analyzes will be comparable as I estimate 

an individual parameter (Angrist & Pischke 2014).  

 

6. Main results 

Table 6.1. shows the effect of the healthcare choice system reform on prescriptions of opioids 

and includes results from five different regression specifications. As discussed in section 5.2, 

there are reasons to believe that competition is stronger during the reform adoption year. 

Hence, column (3) to (5) include a separate reform year dummy to measure if there are any 

particular (large or smaller) effects during the year of implementation.  

 

 



18 
 

 

Table 6.1. The effect of the healthcare choice system on prescriptions of opioids 

 

Opioids 

(1) (2) (3) (4) (5) 

PostReform -0.283 -0.0314(*) -0.0758(**) -0.0806(**) -0.0980(**) 

 (0.180)  (0.0159)  (0.0278)  (0.0310)  (0.0416) 

           [0.26]              [0.02]            [0.04]             [0.04]             [0.05] 

      

ReformYear   0.0499(**)   0.0661(**)   0.0683(**) 

           (0.0222) 

          [0.02] 

 (0.0279) 

[0.03] 

 (0.0313) 

[0.03] 

             

Share 70+ year 

old 

   -12.40 

(7.082) 

-12.87 

(7.964) 

    [7.83] [8.90] 

      

Share high 

education 

   -8.039 

(7.623) 

-5.712 

(10.68) 

    [8.92] [12.05] 

      

Income    -0.0136(**) -0.0162(**) 

      (0.00587) 

[0.01] 

  (0.00633) 

[0.01] 

      

Population 

density 

   0.000720(**) 

 (0.000288) 

0.000236 

(0.000417) 

    [0.00] [0.00] 

      

Observations 17400 17400 17400 17400 17220 

Adj. R2 

Fixed effects5 

Time effects6 

Weight 

0.009 

No 

No 

No 

0.867 

Yes 

Yes 

Yes 

0.867 

Yes 

Yes 

Yes 

0.867 

Yes 

Yes 

Yes 

0.770 

Yes 

Yes 

Yes 
Note: Cluster adjusted standard errors at the county level in parentheses. BRL standard errors clustered at the county level in 

brackets. P-values indicated with stars *p < 0.01, **p < 0.05, *** p < 0.001. The dependent variable is the number of dispensed 

opioid prescriptions per 1000 inhabitants (logged). Estimation period with monthly data between January 2006 – December 

2010. 

 

Column (1) estimates a simple ordinary least squares model. There is a negative correlation 

between opioid prescriptions and the healthcare choice system reform, although the estimate 

is statistically insignificant. 

 

Column (2) shows a traditional staggered DiD model including municipality fixed effects, 

time fixed effects and population weights. The estimated treatment effect shows that opioid 

prescriptions decrease by approximately 3 percentage points (per 1000 inhabitants) on 

average as a result of adopting the reform. This estimate becomes statistically insignificant 

when applying the BRL correction. 

 

 
5 When I use county fixed effects instead of municipality fixed effects, the results are essentially unchanged. 
6 When I use month and year fixed effects separately (instead of year-month fixed effects) to adjusts for monthly fluctuations, 

the results are essentially unchanged. 
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In column (3), the reform year dummy is added to measure whether there are any deviating 

effects during the implementation year. First, looking at the coefficient on the post-reform 

dummy, the estimate implies that opioid prescriptions decrease by around 7,5 percentage 

points on average as a consequence of the reform. However, the estimate on the reform year 

dummy indicates a positive effect of competition on opioid prescriptions during the 

implementation year specifically, suggesting that prescriptions increase on average by 5 

percentage points. Both the estimates on the post-reform dummy and the reform year dummy 

goes from being statistically significant, to insignificant when the BRL adjustment is applied.  

 

In column (4), time varying control variables are added to test whether the estimated effects 

of the reform on prescriptions are considerably changed compared to the specification in 

column (3). Ideally, the results from the specification with and without observed 

characteristics should be stable. If the estimated results are insensitive to the inclusion of the 

control variables, it lends credibility for the analysis. On the other hand, if the estimates 

changes substantially when including the observed characteristics, it could indicate presence 

of important unobserved characteristics for which I have not controlled for that are affecting 

the results. The coefficient on the post-reform dummy is reduced to approximately -8 

percentage points compared to the previous estimate of -7,58, and the coefficient on the 

reform year dummy increase from about 5 percentage points to 6,6 percentage points. The 

magnitudes of these coefficients are thus not substantially changed. The values of the 

clustered adjusted standard errors increased somewhat, but the value of R-squared is 

unchanged and the significance level remains the same, hence the results are essentially 

stable. 

 

In certain municipalities, there is a greater probability that competition between healthcare 

providers arise, e.g in sufficiently small geographical areas with large populations. In these 

areas it is more likely that the reform has an effect on prescriptions since we expect a larger 

share of healthcare centers to be established for patients to choose among (ISF, 2014). 

Furthermore, it is not clear whether patients in big cities actually are listed at-or visit 

healthcare centers within their residence municipality. It is possible that people chose to go to 

a healthcare center in a nearby municipality, so e.g if you live in Stockholm municipality you 

might visit a healthcare center in Nacka municipality. For this reason, column (5) drops so-

called big city municipalities with at least 200,000 inhabitants7 as defined by the Swedish 

Association of Local Authorities and Regions. This specification is included to check whether 

these municipalities drive the entire effect and if the results are sensitive to their exclusion. 

Given the minor changes of the coefficients on both the reform dummies in column (5) 

compared to column (4), it indicates that the effect is not solely driven by the big city 

municipalities. Again, the significant effects of the reform on prescriptions disappears when 

the BRL correction is made. 

 

Overall in table 6.1, the effect of the reform on prescriptions are only statistically significant 

with the regular clustered standard errors. When the same regressions are preformed but with 

 
7 Stockholm, Göteborg and Malmö. 
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the BRL procedure the values of the standard errors changes slightly. The similarity in the 

values of the clustered standard errors, with and without the BRL adjustment is reassuring. 

However, using the BRL correction affected inference, it resulted in somewhat wider 

confidence intervals (covers zero), so both the post-reform estimates and the reform year 

estimates become statistically insignificant. This implies that not correcting for the small 

numbers of clusters leads to over rejections. 

Beyond the results in table 6.1, I test how the findings are affected if I instead of monthly 

level data, use yearly data. Given the municipality information that was provided to me by the 

National Board of Health and Welfare, the yearly data only adds up to five years. Thus, the 

choice for the main analysis above was to use disaggregated monthly data in order to exploit 

more variation, but which also gives more noise. The yearly level analysis will nevertheless 

be included as a robustness test. I also test how sensitive the estimations are if I rather than 

using municipality data, instead exploit an aggregated county level panel, covering a longer 

time period (January 2006- December 2018). As the treatment variation occurs at the county 

level, and to be able to capture the increases in opioid prescriptions that occurred after the 

year 2010, the county analysis is performed as a sensitivity test. The results from these 

analyzes are found in appendix table A.4 and A.5. The regressions corresponds to column (2), 

(3) and (4) of table 6.1. Ideally, the results would have been robust in all specifications but 

they are not. When using yearly data, the results in table A.4 column (2) and (3), interestingly 

shows that the effects seems to be reversed i.e. the reform year dummy have a negative sign 

while the post reform dummy have a positive sign, although the effects are statistically 

insignificant. The county level analysis in table A.5 shows negative effects on prescriptions of 

opioids, both during the reform year and for all years post reform adoption, but the results are 

again not significant. One explanation behind the insignificant results from both analyzes 

could be that too little variation is exploited to capture any effects. 

Overall, from the results found in this section, the healthcare choice system do not seem to 

have contributed to increases in opioid prescriptions, but rather the opposite, prescriptions 

declined. During the reform implementation year, when competition is expected to be 

stronger, there is some indication of a positive effect on prescriptions, but this effect do not 

persist. The insignificant results could also imply that the reform did not have an effect on 

opioid prescriptions at all. These results will be discussed further in section 11. 

 

 

7. Event study 

To test the validity of the research design, I conduct an event study analysis which examines 

pre-treatment trends in opioid prescriptions. The event study model is a generalized extension 

of the DiD model including leads and lags of the treatment variable. The event study analysis 

offers two key insights; (1) the event lags provides estimates of dynamic treatment effects, 

displaying e.g if the effect of the reform on prescriptions are increasing or decreasing over 

time; (2) The event leads allows to test for the parallel trend assumption in pre-treatment 

periods (Clarke & Tapia-Schythe 2021; Cunningham 2021). 
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This test cannot prove whether the parallel trend assumption is valid in post-reform periods. 

But, if trends in prescriptions are similar in treated and control groups pre-reform, it is more 

likely that they also are similar post reform. If the coefficients on the leads are close to zero 

and statistically insignificant, i.e. no differences in pre-trends, it is an indication that the 

parallel trend assumption is satisfied. On the other hand, if significant effects are found pre-

reform, it suggests violations of the parallel trend assumption. We do not want to observe any 

effects of the reform on prescriptions in periods prior to when the reform actually was adopted 

(Clarke & Tapia-Schythe 2021; Cunningham 2021). 

The following panel event study model is estimated: 

 

𝑂𝑝𝑖𝑜𝑖𝑑𝑠mct = 𝛼 + ∑ 𝛽j (𝐿𝑒𝑎𝑑 𝑗)ct + 𝐽
𝑗=2 ∑ 𝛾k

𝐾
𝑘=1 (𝐿𝑎𝑔 𝑘)ct + 𝜇m +  𝛿𝑡 + ս𝑚𝑐𝑡                    (2) 

 

The model estimates the effect of the healthcare reform (the event) which is implemented in 

different regions at different timepoints. An event variable records the calendar time t in 

which the reform (event) was adopted in a given county c. The leads and lags of the reform in 

equation (2) are specified as: 

 

(Lead j)ct = 1[t = Reformc − j] for j ∈ {1, . . . , J − 1},                                                             (3) 

(Lag k)ct = 1[t = Reformc + k] for k ∈ {1, . . . , K − 1},                                                           (4) 

 

The set of J (leads) and K (lags) are binary variables of the reform which indicates that a 

certain region is a given number of months away from the reform adoption in each time 

period t. The event time differs from the calendar time t, and refers to the time relative to 

reform adoption. Event time 0 is when the reform was introduced, while event time 1 

represents the first month after reform adoption and so forth. To capture baseline differences 

between treated and control groups, the first lead, j=1 (i.e. one month prior to implementation 

of the reform in each county) is omitted. The reference period is thus set at -1, and all 

estimates are interpreted as the effect relative to the baseline month (Clarke & Tapia-Schythe, 

2021).  

The outcome variable Opioidsmct measures the logged number of opioid prescriptions 

dispensed per 1000 inhabitants in municipality m, county c, time t. μm and δt are municipality- 

and year-month fixed effects respectively and the standard errors umct are clustered at the 

county level. The model is estimated using a WLS method with municipality population size 

as the weight. 

 

 



22 
 

Figure 7.1. Event study estimates of the effect of the healthcare choice system reform on 

prescriptions of opioids. 

 

Note: The graph shows the estimated effects of the healthcare choice system on prescriptions of opioids from the event study 

model. The dependent variable is the number of dispensed opioid prescriptions per 1000 inhabitants (logged). Point estimates 

are shown together with 95-percent confidence intervals. The omitted reference period one month pre implementation of the 

reform is indicated by the vertical line, i.e. at -1 (the reform is implemented at event time 0). The model includes municipality 

fixed effects, year-month fixed effects and is estimated weighted by municipality population. The standard errors are clustered 

at the county level and the number of observations is 17,400. 

 

The effect of the reform on opioids prescriptions from the event study analysis is displayed in 

figure 7.1. Although 1 of 48 leads is significant prior to reform adoption, there is no clear 

increasing or decreasing trend in the patterns of the point estimates, which are nearly around 

zero. This implies that trends in opioid prescription’s evolved similarly in treated and control 

groups pre-reform adoption. The significant coefficient estimate on lead 13 is negative which 

may suggest that the results from the DiD analysis are positively biased and that the effects of 

the reform are being overestimated.  

All the possible lags and leads are included in this event study specification. Observing one 

significant difference in pre-reform periods might be due to the performance of multiple 

hypothesis testing. As the analysis includes 48 leads the risk of making a type 1 error (i.e.  

incorrectly rejecting the null hypothesis of no effect when it is actually true) increases. With 

the significance level set at five percent, there is a 5 in 100 chance of finding a significant 

effect when there actually are not one (Goldman 2008; Kenton 2022). Looking at the figure 

overall, the parallel trend assumption seem to be satisfied as there is no increasing or 

decreasing trend in prescriptions pre-reform, and the results can thus be causally interpreted. 
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Post-reform adoption, there is evidence of reductions in opioids prescriptions, which is not in 

line with the hypothesis that the effect of competition on prescriptions should be positive. It is 

a bit surprising that no positive effects on prescriptions are found at all during the first 12 

months after reform adoption in the event study graph, as the results of the DiD analysis 

suggest for the implementation year in section 6. This may be because the reference points are 

set differently in the event study (one month prior to reform adoption) and the DiD model (the 

whole pre reform period). Furthermore, since the treatment is on a higher level than the 

outcome variable, the treatment variation may be insufficient to perfectly explain the effect on 

prescriptions generally. 

 

8. Cost responsibility 

Each county council has the right to independently determine the setup of the healthcare 

choice system given the principals in the law. Thus, differences arise between the counties in 

terms of e.g financial conditions and the effects on patients. For example, some counties have 

a “cost responsibility” which means that providers partly bears the costs of patients’ 

medicines. It may be that incentives in terms of competition for patients through prescriptions, 

differs between counties where providers are held cost responsible compared to those that are 

not (Fogelberg 2013; SKL 2012). Larger effects of competition on prescriptions could 

potentially be found in counties that are not responsible for the medical costs of their patients. 

For this reason, an additional analysis that separates the effects of treated regions with and 

without cost responsibility is included, similar to the approach of Fogelberg (2013). This 

model tests if there are any particular effects of treatment when some counties are cost 

responsible while others are not. Hereafter, “mixed” treated regions will refer to the areas 

where providers are both medicine cost responsible and subject to higher competition as a 

result of adopting the reform, while “pure” treated regions refer to the areas with no cost 

responsibilities. 

The model specification (1) in section 5.2 is adjusted to equation (5) below: 

 

Opioidsmct  = β + β1PureReformct + β2MixedReformct + β3PureReformPostct + 

β4MixedReformPostct + θm + δt + սmct                                                                                     (5) 

 

The outcome variable Opioidsmct is defined as in section 5.2. The dummy variables 

PureReformct and MixedReformct equals one in treated regions the year of the reform (from 

the month of adoption to the turn of the year), and zero otherwise. The impacts are separated 

by treated regions with no cost responsibility, capturing “pure” competition effects 

(PureReformct) and treated regions with “mixed” effects which incorporates both competition 

and cost responsibility (MixedReformct). For all the years post reform (from month of 

adoption and onwards), the dummy variables PureReformPostct and MixedReformPostct 

equals one for “pure” and “mixed” treated regions respectively (Fogelberg, 2013). The model 
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includes municipality fixed effects θm and time fixed effects δt, and is estimated weighted by 

population size as in the previous sections. 

 

Table 8.1. The effect of the healthcare choice system on prescriptions of opioids, separating the impact 

by regions with and without medicine cost responsibility 

Opioids (1) 

  

  

PureReform 0.0500 

 (0.0436) 

[0.06] 

 

MixedReform 0.0140 

 (0.0274) 

[0.03] 

 

PureReformPost -0.104(***) 

 (0.0306) 

[0.05] 

 

MixedReformPost -0.0205 

 (0.0434) 

[0.06] 

  

Observations 17,400 

R-squared         0.869 

Fixed effects Yes 

Time effects 

Weight 

Yes 

Yes 
Note: Cluster adjusted standard errors at the 

county level in parentheses. BRL standard errors 

clustered at the county level in brackets. P-values 

indicated with stars *p < 0.01, **p < 0.05, 
*** p < 0.001. The dependent variable is the 

number of dispensed opioid prescriptions per 

1000 inhabitants (logged). Estimation period 

with monthly data between January 

2006 – December 2010. 

 

Both the coefficients on the pure reform and mixed reform dummies are positive which 

indicates that during the reform adoption year, opioid prescriptions increase on average, 

regardless of whether the regions are medicine cost responsible or not. In pure treated regions, 

the estimated treatment effect is 3.6 percentage points larger than in mixed treated regions. 

Thus, during the reform adoption year, there is some indication that providers in pure treated 

regions prescribe more compared to those in mixed treated regions. However, neither the 

estimate on the pure reform, nor the mixed reform dummy are statistically significant, so the 

results should be interpreted with caution as this could suggest no effect at all. 

Both estimates on the post-reform dummies for pure and mixed treated regions are negative, 

implicating that opioid prescriptions declined overall as a result of adopting the reform, but 

the decline is notably larger in pure treated regions compared to mixed treated regions. Given 
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the larger decline in prescriptions post-reform in regions where providers are not responsible 

for patients medicine costs, it does not seem like no cost responsibility would contribute more 

to increases in prescriptions. Again the estimates are not statistically significant (the 

significance of the PureReformPost estimate disappears when applying the BRL correction), 

which could mean that there are no effects, hence nothing can be said with certainty. 

In the main analysis, the treatment effect is separated by the reform adoption year and all 

post-reform years. In this analysis, treatment groups are further separated by whether the 

counties are cost responsible. One issue that arise when dividing counties into too many 

groups, is that it could result in insufficient power in the estimations to explain changes in 

prescriptions generally. 

 

9. Issues with the staggered treatment adoption 

Recent literature points out that the staggered DiD approach may produce biased estimates if 

treatment effects are heterogenous across entities and over time. If that is the case, then earlier 

treated entities cannot be considered as appropriate counterfactuals for later treated entities. 

Baker (2019) shows that in some cases, already treated entities are operating as controls for 

not yet treated entities. As the staggered DiD exploit variation across entities and in the timing 

of when the entities receive treatment, we get comparisons of outcomes between: (i) treated 

entities relative to never treated entities, (ii) treated entities relative to not yet treated entities 

and (iii) treated entities relative to already treated entities. The comparisons made in (i) and 

(ii) are considered as good estimators in line with the DiD design, but the last (iii) is not 

because it is comparing the outcomes between two entities that are treated at the timepoint of 

comparison. The DiD estimate produces a weighted average of the different treatment effects 

from each of the “two-entity/two-period DiD” comparisons made in (i), (ii), and (iii). When 

treatment effects are heterogenous, some of these “two-entity/two-period” estimates enters the 

weighted average with a negative sign due to the comparison in (iii), even if the effect of 

treatment is positive. This introduces bias to the DiD estimate. The last comparison (iii) is 

problematic as we are not comparing to the potential outcome of an untreated entity and thus 

the causal interpretation is not as straightforward (Baker 2019; Callaway & Sant’Anna 2022).  

 

In the setting of this paper, with multiple time periods and variation in treatment timing, it 

may be that the effect of healthcare choice system is different between the counties that 

introduced the reform at different timepoints. To adequately capture the effect of the average 

treatment effect of the treated (ATT) when treatment effects are heterogenous, several 

remedies have been suggested to avoid the issue of biases in the DiD estimate discussed 

above. The approach applied here is developed by Callaway and Sant'Anna (2021), 

henceforth CS. The CS (2021) procedure explicitly enforces treated counties to be compared 

with only not yet treated counties as controls, in such way that no comparisons are made like 

in (iii). It estimates all feasible “two-entity/two-period” DiD designs in the sample while only 

using the good designs. The specific disaggregated causal parameter of interest is the Group-

time average treatment effect ATT (g,t), which measures the average treatment effect for a 

group of counties g (defined by the timepoint they first got treated), in calendar time t. To 
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estimate the overall average treatment effect of adopting the health care choice system reform, 

it is possible to aggregate all the ATT (g,t)’s into a single treatment effect summary 

parameter. The aggregated estimate that will be presented in this section is the group 

aggregation. The group aggregation estimates the average treatment effect for each particular 

group of counties across all time periods, and averages together these effects over all groups. 

CS (2021) put forward that the group aggregated treatment effect resembles a multiple time 

period analogue of the ATT in the traditional DiD approach. The ATT is estimated using the 

outcome regression framework based on a fully saturated model. Given that the parallel trends 

assumption is satisfied, this methodology provides a consistent ATT estimator which allows 

treatment effects to be heterogenous (Callaway & Sant’Anna 2021; Callaway & Sant’Anna 

2022). 

 

 

Table 9.1. Classic staggered DiD vs CS (2021) staggered DiD 
Opioids (1) (2) (3) 

    

    

PostReform -0.0314(*) -0.0595(*)  

 (0.0159) 

[0.02] 

(0.0302) 

[0.03] 

 

Group aggregated 

treatment effect 

       -0.0976(***) 

   (0.0327) 
 

Observations 17400 17400 13920 

Weight Yes No No 
Note: P-values indicated with stars *p < 0.01, **p < 0.05, *** p < 0.001. The dependent  

variable is the number of dispensed opioid prescriptions per 1000 inhabitants (logged). 

Estimation period with monthly data between January 2006 – December 2010. Column 

 (1) and (2) shows cluster adjusted standard errors at the county level in parentheses and  

BRL standard errors clustered at the county level in brackets. Column (3) Shows  

bootstrapped standard errors clustered at the county level in parentheses. 

 

 

 

Table 9.1 shows the effect of the healthcare choice system on opioid prescriptions from both a 

classic staggered DiD approach and the CS (2021) methodology to check if results are 

significantly different. The coefficients on the PostReform dummy shows the effect from the 

classic staggered DiD model in column (1) with population weight (i.e. the same regression 

specification as in table 6.1 column (2)), and without the weight in column (2). The group 

aggregated average treatment effect estimated with the CS (2021) methodology is given in 

column 3. The group aggregated effect is not estimated with population weights8 and should 

thus be compared with the estimate in column (2) so that we are comparing municipality 

parameters.  

 

The estimate in column (3) shows that opioid prescriptions decrease by 9,76 percent on 

average in municipalities that belong to a county where the reform has been adopted. The 

 
8 The csdid command in Stata is not compatible with analytical weights, which were used when including the population 

weights. 



27 
 

decline in opioid prescriptions post-reform adoption in column (2) is a smaller and only 

statistically significant without the BRL correction. Thus, there seems to be some difference 

between the results from the classic approach, relative to the CS (2021) approach. Even 

though the significance level and the magnitudes of the estimates differ, at least the pattern in 

regard to the negative sign is consistent in both approaches. 

 

Figure A.6 in appendix provides an event study figure corresponding to the one in section 7, 

but using the CS (2021) procedure. Although one lead is significant, the pre-treatment parallel 

trend assumption seems to be satisfied. There is no increasing or decreasing trend in the 

pattern of the pre-treatment point estimates which are around zero. This suggest that trends in 

opioid prescription’s evolved similarly in treated and control groups pre-reform adoption. 

 

10. Discussion and limitations 

As with most research, the current thesis has some limitations. First, as discussed, a recent 

literature points out that the staggered DiD approach may produce biased estimates if 

treatment effects are heterogenous across entities and over time. If this is the case, then earlier 

treated counties cannot be considered as appropriate counterfactuals for the later treated 

counties (Baker 2019; Callaway & Sant’Anna 2022). To mitigate the issue I applied the CS 

(2021) procedure in order to obtain more accurate control groups (see previous section). As 

the estimated results between the classic staggered DiD and the CS (2021) methodology 

differed somewhat in magnitude and the significance level, it suggest that researchers should 

primarily consider using an approach that is robust to heterogenous treatment effects. 

Moreover, CS (2021) recommends using a double robust approach where the outcome 

regression methodology applied in section 9 is combined with a propensity score matching 

framework. Unfortunately, this goes beyond the content that is included in the current thesis. 

To overcome the issue concerning biases in the DiD estimate, future research could also 

employ other suggested strategies that accounts for treatment effect heterogeneity. Very 

briefly given examples on applicable procedures that have been suggested are (i) correcting 

for the weighting problems; (ii) construct acceptable control groups by e.g using a two-step 

bootstrap estimation approach, or a matching framework and (iii); employ a stacked DiD 

approach (Baker 2019; Callaway & Sant’Anna 2022).  

Second, in regard to the identifying assumption, there are some matters that should be kept in 

mind. The parallel trend assumption cannot be confirmed in practice, but it is more reasonable 

that it is valid if the leads of the event study analysis are statistically insignificant and close to 

zero. As shown in section 7, all leads are insignificant except for lead 13. This would have 

been concerning if the trends in opioid prescriptions were clearly increasing or decreasing 

prior to reform adoption. Observing one significant difference in pre-reform periods could 

likely be caused by a type 1 error due to the performance of multiple hypothesis testing. 

Looking at the trend in figure 7.1, it is quite convincing that the parallel trend assumption is 

satisfied.  

Time trends in opioid prescriptions are likely different in different parts of the country. A 
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common test that can be conducted, to assess if there are significant differences in pre-reform 

prescription trends is to include area-specific time trends in the regression (Angrist & Pischke 

2008). For future research, an option could be to add region-specific time trends for different 

groups of counties. Sweden has six healthcare regions which are composed of a number of 

counties each. Including healthcare region-specific time trends, would control for the potential 

differences in prescription trends of these areas. 

 

A threat to identification arises if treated and control groups would be affected differently by 

some common external macro shock or e.g another reform which is unrelated to the 

healthcare reform but affects prescriptions of opioids. If this other potential reform was 

introduced simultaneously as the healthcare reform, the estimations could capture variations 

from this too, which then possibly instead could explain the results (ISF, 2014). 

A general weakness of this paper, related to the estimated results, is that I was not able to 

access, and thus not exploit treatment variation at the municipality level (the reform is 

adopted at the county level). Hence, the treatment may not produce enough power to perfectly 

explain the effect on prescriptions. 

Lastly, an overall limitation of this thesis is the short time span, especially in regard to pre-

reform data. The National Board of Health and Welfare’s statistical database contains data on 

prescribed drugs from earliest 2006, thus more data could not be collected. If I had received 

data for additional time periods, the estimations would have captured more variation and the 

results would have been more reliable. 

 

11. Concluding remarks 

Considering the issues with over-prescriptions of opioids, associated with misuse and 

dependence, the aim of this thesis has been to examine if higher competition in the healthcare 

market could explain increases in opioid prescriptions. The Swedish government introduced 

the competition inducing healthcare choice system reform with the objective to improve 

quality of care. Competition to attract patients was intensified as providers now receive 

compensation based on patients choice of provider. This type of compensation scheme puts 

pressure on providers to comply with patients demands, which could affect physicians’ 

incentives to prescribe drugs. The hypothesis was that prescriptions increase as providers may 

have responded to higher competition by offering opioids to patients who demands the drug, 

in order to retain patient listings at their healthcare center and thus obtain compensation. 

Furthermore, related studies have shown that competition affect providers incentives to 

prescribe medications such as; antibiotics (Bennet, Hung and Lauderdale 2015; Fogelberg 

2013) and addictive drugs to elderly (Kann, Biørn and Lurås, 2010). 

To examine the relationship between prescriptions and the healthcare choice system, a panel 

data set based on the 290 Swedish municipalities with monthly data between 2006 and 2010 

have been used. Since the adoption of the reform occurred at different timepoints in different 
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counties, a staggered DiD model could be utilized to evaluate the reforms effect on opioid 

prescriptions.  

The main result shows an average decline in opioids prescriptions by around 7,5 percentage 

points post-reform adoption, which is not in line with the hypothesis that the effect of 

competition on prescriptions should be positive. An explanation for why the reform is 

associated with overall decreases in prescriptions, could be because the Swedish healthcare 

sector is heavily regulated. The government performed inspections following the reform and 

put in remedies to counteract unnecessary prescriptions in regions where they had increased 

(IVO 2014; Office of the Auditor General 2014; Fogelberg 2013). It could be that higher 

competition actually reduce opioid prescriptions when there exist strong regulations, due to 

reputational matters if individuals avoid providers that have been penalized for misbehavior 

such as e.g over-prescriptions. It may also be the case that the reform contributed to efficiency 

and quality improvements which in turn hampered unnecessary prescriptions. 

During the year in which the different counties adopted the reform (i.e. specifically the reform 

implementation year), when competition is expected to be stronger, the estimate shows that 

opioid prescriptions increase by 5 percentage points on average. This finding is in line with 

previous studies, suggesting that competition indeed has a positive effect on prescriptions. 

Since physicians and patients were influenced by the reform at the same time, the analysis 

cannot isolate whether effects of the reform is a result of patient mobility or if physicians 

change behavior in terms of prescribing opioids. Increases in opioid prescriptions, could be a 

result of either patients “shopping” for physicians who are willing to prescribe, or/and that 

physicians prescribe opioids to attract patients (ISF, 2014). On the contrary, it may also be the 

case that a larger share of patients received the drugs that they actually need, such as opioids.  

The indication of a positive effect of competition on prescriptions that is found particularly 

during the reform adoption year do however not persist and could also depend on other things. 

Thus, overall from the findings of this paper, it does not seem like the healthcare choice 

system have contributed to increases in opioid prescriptions, but rather the opposite, 

prescriptions declined as a consequence of the reform. This does not have to be the definitive 

answer. A limitation of this paper is that I do not have access to treatment variation at the 

municipality level, and thus the effect of the treatment may be insufficient to perfectly explain 

variations in opioid prescriptions. But, based on the data that is available to me, and within the 

framework of the thesis, I cannot conclude that the increase in opioid prescriptions in Sweden 

is caused by the reform. 

Furthermore, the main results are not robust to various modifications of the model 

specification. For example, throughout the paper, the significant effects of the reform on 

prescriptions consistently disappears when the BRL correction is applied. The insignificant 

results could imply that the reform did not have an influence on opioid prescriptions, or if it 

did, the data was not able to detect any effects. Nonetheless, this thesis cannot conclude 

anything with certainty on whether the healthcare choice system actually had an effect on 

prescriptions at all. 



30 
 

To investigate the impact of the reform on prescriptions, there is also an interest of 

considering other narcotic prescribed drugs such as medication for attention deficit 

hyperactivity disorder and antidepressants. For example, The National Board of Health and 

Welfare (2019) reports that prescriptions of antidepressants have increased by 25 percent 

between 2006 and 2018. This increase overlaps with the rollout period of the healthcare 

reform. As improper use of narcotic prescribed drugs not only leads to negative health 

outcomes, but also has economic consequences such illegal drug trafficking, it is of policy 

interest to examine if competition for patients potentially affect prescription rates. If 

competition in the healthcare market affects physicians incentives to prescribe drugs, it 

suggests that the structure of the healthcare system partly could explain unnecessary 

prescriptions. Although, I do not find any conclusive evidence, further research may be able 

to provide more insights and solid findings of the impact of the reform. To identify the effects 

of competition on prescriptions, future research may find a more robust identification strategy 

and also have access to better data.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



31 
 

Reference list 

Albertsson, M. (2009). Införandet av vårdval i primärvården - delredovisning. Stockholm: The National Board 

of Health and Welfare. 

Alexander, L. M., Keahey, D., & Dixon, K. (2018). Opioid use disorder: a public health emergency. Journal of 

the American Academy of PAs, 31(10), 47-52. 

Anell, A. 2011. Konkurrensens konsekvenser – Hälso- och sjukvårdens tjänster i privat regi. Report/SNS Förlag: 

2nd edition. Stockholm: SNS Förlag. 

Angrist, J. D., & Pischke, J. S. (2014). Mastering'metrics: The path from cause to effect. Princeton university 

press. 

Angrist, J. D., & Pischke, J. S. (2008). Mostly harmless econometrics. Princeton university press. 

Aronson, Marita. (2003). Medicinering med narkotikaklassade läkemedel. Interpellation 2003/04:311. 

Riksdagen. https://www.riksdagen.se/sv/webb-tv/video/interpellationsdebatt/medicinering-med-

narkotikaklassade-lakemedel_GR10311 [Accessed: 2022-02-28] 

Ashenfelter, O. (1978). Estimating the effect of training programs on earnings. The Review of Economics and 

Statistics, 47-57. 

Baker, A. (2019). Difference-in-Differences Methodology. [Blog]. 25 September. 

https://andrewcbaker.netlify.app/2019/09/25/difference-in-differences-methodology/[Accessed: 2022-02-28] 

Bennet, D., Hung, C-L & Lauderdale T-L. (2015). Health Care Competition And Antibiotic Use In Taiwan. The 

Journal of Industrial Economics 63 (2): 371-393 

Bern, A.B., Jönsson, S., Larsson, K., Lind, H. & Nordqvist, L. (2014). Etablering och konkurrens bland 

vårdcentraler – om kvalitetsdriven konkurrens och ekonomiska villkor. Swedish Competition Authorithy: 

2014:2. Stockholm: Swedish Competition Authorithy. 

Brekke, K. R., Holmås, T. H., Monstad, K., & Straume, O. R. (2019). Competition and physician behaviour: 

Does the competitive environment affect the propensity to issue sickness certificates? Journal of Health 

Economics, 66, 117–135.  

Callaway, B., & Sant’Anna, P. H (CS). (2021). Difference-in-differences with multiple time periods. Journal of 

Econometrics, 225(2), 200-230. 

Callaway, B. and H.C. Sant’Anna (CS). (2022). Introduction to DiD with Multiple Time Periods. https://cran.r-

project.org/web/packages/did/vignettes/multi-period-did.html [Accessed: 2022-02-28] 

Case, A., & Deaton, A. (2015). Rising morbidity and mortality in midlife among white non-Hispanic Americans 

in the 21st century. Proceedings of the National Academy of Sciences, 112(49), 15078-15083.  

Centers for disease control and prevention (CDC). (2021a). Opioid Data Analysis Resources. 

https://www.cdc.gov/opioids/data/analysis-resources.html[Accessed: 2022-05-01] 

Centers for disease control and prevention (CDC). (2021b). U.S Opioid Dispensing Rate Maps. 

https://www.cdc.gov/drugoverdose/rxrate-maps/index.html[Accessed: 2022-05-01] 

Clarke, D., & Tapia-Schythe, K. (2021). Implementing the panel event study. The Stata Journal, 21(4), 853-884. 

Cooper, Z., Gibbons, S., Jones, S. and McGuire, A., (2011), “Does Hospital Competition Save Lives? Evidence 

From the English NHS Patient Choice Reforms”, Economic Journal, Royal Economic Society, 121(554): 228-

260. 

Cunningham, S. (2021). Causal inference. In Causal Inference. Yale University Press. 

https://www.riksdagen.se/sv/webb-tv/video/interpellationsdebatt/medicinering-med-narkotikaklassade-lakemedel_GR10311
https://www.riksdagen.se/sv/webb-tv/video/interpellationsdebatt/medicinering-med-narkotikaklassade-lakemedel_GR10311
https://andrewcbaker.netlify.app/2019/09/25/difference-in-differences-methodology/
https://cran.r-project.org/web/packages/did/vignettes/multi-period-did.html
https://cran.r-project.org/web/packages/did/vignettes/multi-period-did.html
https://www.cdc.gov/opioids/data/analysis-resources.html
https://www.cdc.gov/drugoverdose/rxrate-maps/index.html


32 
 

Dackehag, M., & Ellegård, L. M. (2019). Competition, capitation and coding: Do public primary care providers 

respond to increased competition? CESifo Economic Studies, 65, 402–423 

Enheten för kliniska studier, vetenskapsrådet (2021). Det svenska sjukvårdssystemet. 

https://www.kliniskastudier.se/forskningslandet-sverige/det-svenska-sjukvardssystemet.html[Accessed: 2022-

02-28] 

Erkenborn, K. (2021). Långvarigt bruk av opioider oroar forskare. Dagens Medicin. 3 februari. 

https://www.dagensmedicin.se/alla-nyheter/lakemedel/langvarigt-bruk-av-opioider-oroar-forskare/ [Accessed: 

2022-02-28] 

Fogelberg, S. (2013). Effects of competition between healthcare providers on prescription of antibiotics. 

Research Institute of Industrial Economics. IFN Working Paper No. 949, Stockholm University. 

Fugelstad, A., Thiblin, I., Johansson, L. A., Ågren, G., & Sidorchuk, A. (2019). Opioid-related deaths and 

previous care for drug use and pain relief in Sweden. Drug and alcohol dependence, 201, 253-259. 

Gaynor, M., Moreno-Serra, R. and Propper, C., (2010), “Death by Market Power: Reform, Competition and 

Patient Outcomes in the National Health Service”, NBER Working Papers 16164, National Bureau of Economic 

Research Inc 

Goldman, M. (2008). Multiple Hypothesis Testing and False Discovery Rate. 

https://www.stat.berkeley.edu/~hhuang/STAT141/Lecture-FDR.pdf[Accessed: 2022-05-06] 

Gottschalk, F., Mimra, W., & Waibel, C. (2020). Health services as credence goods: A field experiment. The 

Economic Journal, 130(629), 1346-1383. https://doi.org/10.1093/ej/ueaa024 

Goude, F., Janlöv, N., Lunnerdal, R., Rehnberg, C & Sveréus, S. (2015). Vårdval och jämlik vård inom 

primärvården – En jämförande analys mellan tre landsting före och efter vårdvalets införande. The Swedish 

Agency for Health and Care Services Analysis. 

Halldin, J. (2015). Läkaren, receptblocket och missbrukarna. Socialmedicinsk tidskrift. 92 (4): 450-453. 

Healthcare Guide 1177. (2021). Välja vårdmottagning. https://www.1177.se/sa-fungerar-varden/att-valja-

vardmottagning/valja-vardmottagning/[Accessed: 2022-06-03] 

Holmström, C. (2020). Vårdcentraler i privat regi. Ekonomifakta. https://www.ekonomifakta.se/Fakta/Valfarden-

i-privatregi/Vard-och-omsorg-i-privat-regi/vardcentraler-i-privat-regi/[Accessed: 2022-05-28] 

Hultberg, J. (2020). Överförskrivning och missbruk av narkotikaklassade läkemedel. Interpellation 2020/21:180. 

Riksdagen. https://riksdagen.se/sv/dokument-lagar/dokument/interpellation/overforskrivning-och-missbruk-

av_H810180 [Accessed: 2022-02-28] 

Iversen, T., & Lurås, H. (2000). Economic motives and professional norms: The case of general medical 

practice. Journal of Economic Behavior and Organization, 43(4), 447–470.  

Iversen, T., & Ma, C.-T. A. (2011). Market conditions and general practitioners' referrals. International Journal 

of Health Care Finance and Economics, 11(4), 245–265.  

Kann, I. C., Biørn, E., & Lurås, H. (2010). Competition in general practice: Prescriptions to the elderly in a list 

patient system. Journal of Health Economics, 29(5), 751–764.  

Kenton, W (2022). Type 1 Error. Investopedia. https://www.investopedia.com/terms/t/type_1_error.asp 

[Accessed: 2022-05-06] 

Knutsson, D., & Tyrefors, B. (2020). Quality and Efficiency Between Public and Private Firms: Evidence From 

Ambulance Services. 

Nationalencyklopedin (NE). (n.d). Opioider https://www-ne-

se.ezproxy.its.uu.se/uppslagsverk/encyklopedi/enkel/opioider[Accessed: 2022-02-28] 

https://doi.org/10.1093/ej/ueaa024
https://riksdagen.se/sv/dokument-lagar/dokument/interpellation/overforskrivning-och-missbruk-av_H810180
https://riksdagen.se/sv/dokument-lagar/dokument/interpellation/overforskrivning-och-missbruk-av_H810180
https://www.investopedia.com/terms/t/type_1_error.asp
https://www-ne-se.ezproxy.its.uu.se/uppslagsverk/encyklopedi/enkel/opioider
https://www-ne-se.ezproxy.its.uu.se/uppslagsverk/encyklopedi/enkel/opioider


33 
 

Nguyen, T. D., Bradford, W. D., & Simon, K. I. (2019). Pharmaceutical payments to physicians may increase 

prescribing for opioids. Addiction, 114(6), 1051-1059. 

Nordlund, H. (2019). The effect of competition on the number of opioids prescribed (master thesis). Uppsala 

University. 

OECD (2019), Addressing Problematic Opioid Use in OECD Countries, OECD Health Policy Studies, OECD 

Publishing, Paris, [Available at: https://doi.org/10.1787/a18286f0-en] 

Office of the Auditor General. (2014). RiR 2014:22. Primärvårdens styrning – efter behov eller efterfrågan?. 

Riksrevisionen granskar: staten och vården. 

https://www.riksrevisionen.se/download/18.78ae827d1605526e94b2fc81/1518435446126/RIR_2014_22_%20v

%C3%A5rdval_Anpassad_2.pdf [Accessed: 2022-05-02] 

Proposition 2008/09:74. Vårdval i primärvården. 

Pustejovsky, James E. & Elizabeth Tipton (2016).  Small sample methods for cluster-robust variance estimation 

and hypothesis testing in fixed effects models. Journal of Business and Economic Statistics. In Press. DOI: 

10.1080/07350015.2016.1247004  

Rhodin, A. 2014. Ökad användning av opioider kan leda till toleransutveckling. Läkartidningen 111 (44-45).   

Sarkar, U., & Shojania, K. (2016). Patient Safety and Opioid Medications. Agency for Healthcare Research and 

Quality: Patient Safety Network. https://psnet.ahrq.gov/perspective/patient-safety-and-opioid-

medications[Accessed: 2022-05-22] 

Schnell, M., & Currie, J. (2018). Addressing the opioid epidemic: is there a role for physician 

education?. American journal of health economics, 4(3), 383-410. 

SFS 2017:30. Hälso- och sjukvårdslag (2017:30) 

Sites, B. D., Beach, M. L., & Davis, M. A. (2014). Increases in the use of prescription opioid analgesics and the 

lack of improvement in disability metrics among users. Regional Anesthesia & Pain Medicine, 39(1), 6-12. 

Statistics Sweden (SCB). (2022a). Befolkning 16-74 år efter region, utbildningsnivå, ålder och kön. År 1985 – 

2020. https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__UF__UF0506/Utbildning/ [Accessed: 2022-

03-01] 

Statistics Sweden (SCB). (2022b). Befolkningstäthet (invånare per kvadratkilometer), folkmängd och landareal 

efter region och kön. År 1991 – 2021. 

https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__BE__BE0101__BE0101C/BefArealTathetKon/ 

[Accessed: 2022-03-01] 

Statistics Sweden (SCB). (2022c). Folkmängden per månad efter region, ålder och kön. År 2000M01 - 

2021M10. https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__BE__BE0101__BE0101A/BefolkMana 

d/[Accessed: 2022-03-01] 

Statistics Sweden (SCB). (2022d). Hälsoräkenskaper. https://www.scb.se/hitta-statistik/statistik-efter-

amne/nationalrakenskaper/nationalrakenskaper/halsorakenskaper/[Accessed: 2022-05-24] 

Statistics Sweden (SCB). (2020). Privata företag utför 18 procent av verksamheten inom vård, skola och omsorg. 

https://www.scb.se/hitta-statistik/statistik-efter-amne/offentlig-ekonomi/finanser-for-den-kommunala-

sektorn/finansiarer-och-utforare-inom-varden-skolan-och-omsorgen/pong/statistiknyhet/finansiarer-och-utforare-

inom-vard-skola-och-omsorg-2018/[Accessed: 2022-05-24] 

Statistics Sweden (SCB). (2022e). Sammanräknad förvärvsinkomst för boende i Sverige hela året efter region, 

kön, ålder och inkomstklass. År 1999 – 2020. 

https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__HE__HE0110__HE0110A/SamForvInk1/ 

[Accessed: 2022-03-01] 

https://doi.org/10.1787/a18286f0-en
https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__UF__UF0506/Utbildning/
https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__BE__BE0101__BE0101C/BefArealTathetKon/
https://www.scb.se/hitta-statistik/statistik-efter-amne/nationalrakenskaper/nationalrakenskaper/halsorakenskaper/
https://www.scb.se/hitta-statistik/statistik-efter-amne/nationalrakenskaper/nationalrakenskaper/halsorakenskaper/
https://www.statistikdatabasen.scb.se/pxweb/sv/ssd/START__HE__HE0110__HE0110A/SamForvInk1/


34 
 

Stock, J. H., & Watson, M. W. (2012). Introduction to econometrics (Vol. 3). New York: Pearson. 

The Health and Social Care Inspectorate (IVO). (2014). Överförskrivning: Rapport 2: Tillsyn av apotek – 

apotekspersonalens skyldighet att anmäla misstänka överförskrivare. https://www.ivo.se/publicerat-

material/rapporter/overforskrivning/[Accessed: 2022-05-28] 

The National Board of Health and Welfare. (2019). Allt fler får antidepressiva läkemedel. 

https://www.socialstyrelsen.se/omsocialstyrelsen/pressrum/press/allt-fler-far-antidepressiva-lakemedel/ 

[Accessed: 2022-01-02] 

The National Board of Health and Welfare (2022a). Statistikdatabas för läkemedel. 

https://sdb.socialstyrelsen.se/if_lak/val.aspx [Accessed: 2022-03-01] 

The National Board of Health and Welfare. (2022b). Statistik om läkemedel. 

https://www.socialstyrelsen.se/statistik-och-data/statistik/alla-statistikamnen/lakemedel/ 

The Public Health Agency. (2021a). Antibiotika och antibiotikaresistens. 

https://www.folkhalsomyndigheten.se/smittskydd-beredskap/antibiotika-och-antibiotikaresistens/[Accessed: 

2022-05-03] 

The Public Health Agency. (2021b). Dödlighet i läkemedels- och narkotikaförgiftningar. 

https://www.folkhalsomyndigheten.se/folkhalsorapportering-statistik/tolkad-rapportering/folkhalsans-

utveckling/resultat/halsa/narkotikarelaterad-dodlighet/[Accessed: 2022-02-28] 

The Swedish association of local authorities and regions (SKL). (2012): Vårdval i primärvården. Jämförelse av 

uppdrag, ersättningsprinciper och kostnadsansvar. Sveriges Kommuner och Landsting. ISBN: 978-91-7164-826-

6. 

The Swedish Social Insurance Inspectorate (ISF). (2014). Vårdvalets effekter på sjukskrivningarna. Stockholm: 

Inspektionen för socialförsäkringen. 

Toy, Emily, "The Over Prescription of Opioids and Barriers to Alternative Treatment Options for Patients with 

Spinal Cord Injuries". (2019). Papers, Posters, and Recordings. 13. https://knightscholar.geneseo.edu/great-day-

works/13 

Turk, D. C., & Okifuji, A. (1997). What factors affect physicians' decisions to prescribe opioids for chronic 

noncancer pain patients?. The Clinical journal of pain, 13(4), 330-336. 

Wilson, M. (2021). Opioidkris i USA – flera rättsprocesser pågår. Sverigesradio. 

https://sverigesradio.se/artikel/opiodkris-i-usa-flera-rattsprocesser-pagar[Accessed: 2022-05-01] 

Ågren, G., & Bremberg, S. (2021). Mortality trends for young adults in Sweden in the years 2000– 2017. 

Scandinavian journal of public health, 14034948211000836. 

 

 

 

 

 

 

 

https://www.ivo.se/publicerat-material/rapporter/overforskrivning/
https://www.ivo.se/publicerat-material/rapporter/overforskrivning/
https://www.socialstyrelsen.se/statistik-och-data/statistik/alla-statistikamnen/lakemedel/
https://www.folkhalsomyndigheten.se/smittskydd-beredskap/antibiotika-och-antibiotikaresistens/
https://knightscholar.geneseo.edu/great-day-works/13
https://knightscholar.geneseo.edu/great-day-works/13
https://sverigesradio.se/artikel/opiodkris-i-usa-flera-rattsprocesser-pagar


35 
 

APPENDIX 

 

 

Table A.1. Adoption of the healthcare choice system 

County (Region)        Adoption 

 

Halland 

 

       2007-01-01 

Västmanland        2008-01-01 

Stockholm        2008-01-01 

Gotland        2009-01-01 

Kronoberg        2009-03-01 

Region Skåne        2009-05-01 

Uppsala        2009-07-01 

Östergötland        2009-09-01 

Västra Götaland        2009-10-01 

Södermanland        2010-01-01 

Jönköping        2010-01-01 

Kalmar        2010-01-01 

Blekinge        2010-01-01 

Värmland        2010-01-01 

Örebro        2010-01-01 

Dalarna        2010-01-01 

Gävleborg        2010-01-01 

Västernorrland        2010-01-01 

Jämtland        2010-01-01 

Västerbotten        2010-01-01 

Norrbotten        2010-01-01 

 
Source: The National Board of health and Welfare (2009) 
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Table A.2. Variable specifications 

Variable Specification Source 

Outcome variable   

 

Opioid prescriptions 

 

 

The number of dispensations 

defined per 1000 inhabitants. 

 

ATC-code=N02A 

Age 0-85+ 

Both genders 

 

 

The National Board of 

Health and Welfare 

Explanatory variables   

 

Reform year 

 

Indicator variable equal to 1 

from the month of 

implementation of the 

healthcare choice system to the 

turn of the year, 0 otherwise 

 

 

The National Board of 

Health and Welfare 

 

Post Reform 

 

Indicator variable equal to 1 

from the month of 

implementation of the 

healthcare choice system 

and onwards, 0 otherwise 

 

 

The National Board of 

Health and Welfare 

Control variables   

 

Population density 

 

 

The number of inhabitants 

per square kilometers 

 

 

Statistics Sweden 

 

Income 

 

 

The average income in 

municipalities/counties 

 

Age 20+ 

In thousands of SEK 

 

 

Statistics Sweden 

 

High education 

 

 

The share of population with 

high education. 

Refers to those who have at 

least three years of education 

after completing high school. 

 

 

Statistics Sweden 

 

Age 70 + years old 

 

 

The share of population who 

are 70 years old or above. 

 

 

Statistics Sweden 

                           Municipality level data covers the time period January 2006 - December 2010. County level 

                        data covers the time period January 2006 - December 2018. 
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Table A.3. Descriptive Statistics  

 Variable  Obs  Mean  Std. Dev.  Min  Max 

 

Number of opioid 

prescriptions 
Dispensations per 1000 

inhabitants 

 

 

17400 

 

129.555 

 

99.306 

 

.047 

 

1158.856 

Population density 

 

 

17400 132.082 447.981 .24 4504.27 

Share of population with 

high education 

 

 

17400 .088 .038 .041 .272 

Share of population 70 

years old or older 

 

 

17400 .148 .031 .064 .239 

Average income   
Thousands of SEK 

 

17400 232.582 31.096 185.7 476.4 
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Table A.4. The effect of the healthcare choice system on prescriptions of opioids using yearly 

level data 

Opioids (1) (2) (3) 

PostReform -0.000694 0.0474 0.0299 

 (0.0444) (0.0882) (0.0731) 

              [0.04] 

 

             [0.09]              [0.07] 

ReformYear  -0.0441 -0.0295 

  (0.0640) (0.0546) 

               [0.07] 

 

             [0.06] 

Share 70+ year 

old 

  -4.704 

(14.68) 

   [13.67] 

    

Share high 

education 

  -15.08 

(19.73) 

   [18.39] 

    

Income   0.00378 

   (0.00412) 

                [0.00] 

 

Population 

density 

  0.000551 

(0.000344) 

   [0.00] 

    

Observations 1450 1450 1450 

Adj. R2 

Fixed effects 

Time effects 

Weight 

0.904 

Yes 

Yes 

Yes 

0.904 

Yes 

Yes 

Yes 

0.904 

Yes 

Yes 

Yes 
Note: Cluster adjusted standard errors at the county level in parentheses. BRL standard errors clustered at 

the county level in brackets. P-values indicated with stars *p < 0.01, **p < 0.05, *** p < 0.001. The 

dependent variable is the number of dispensed opioid prescriptions per 1000 inhabitants (logged). 

Estimation period with yearly data between 2006 – 2010. 
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Table A.5. The effect of the healthcare choice system on prescriptions of opioids using county 

level data 

Opioids (1) (2) (3) 

PostReform -0.0117 -0.00498 -0.0135 

 (0.0201) (0.0282) (0.0305) 

              [0.02]              [0.03] 

 

             [0.04] 

ReformYear  -0.00962 -0.00204 

  (0.0130) (0.0133) 

                [0.01] 

 

             [0.02] 

Share 70+ year 

old 

  -0.791 

(3.983) 

   [4.42] 

    

Share high 

education 

  -8.222 

(5.599) 

   [6.79] 

    

Income   -0.00118 

   (0.00328) 

                [0.00] 

 

Population 

density 

  0.00142 

(0.00137) 

                [0.00] 

 

Observations 3276 3276 3276 

Adj. R2 

Fixed effects 

Time effects 

Weight 

0.898 

Yes 

Yes 

Yes 

0.898 

Yes 

Yes 

Yes 

0.909 

Yes 

Yes 

Yes 
Note: Cluster adjusted standard errors at the county level in parentheses. BRL standard errors clustered at 

the county level in brackets. P-values indicated with stars *p < 0.01, **p < 0.05, *** p < 0.001. The 

dependent variable is the number of dispensed opioid prescriptions per 1000 inhabitants (logged). 

Estimation period with monthly data between January 2006 – December 2018. 
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Figure A.6. Event study estimates of the effect of the healthcare choice system reform on 

prescriptions of opioids using the CS (2021) approach 

 

Note: The graph shows the estimated ATTs of the healthcare choice system on prescriptions of opioids from an event study 

approach. The dependent variable is the number of dispensed opioid prescriptions per 1000 inhabitants (logged). The lines 

show point estimates together with 95-percent confidence intervals. Pre-treatment period point estimates are given in blue and 

red point estimates show post-treatment effects of implementing the health care choice system. The bootstrapped standard 

errors are clustered at the county level. 

 

 

 

 

 

 

 

 


