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Abstract 
We estimate the effects of health information technology designed to improve access to medication 
while limiting overuse through easier prescription renewal and improved information provision. We 
focus on benzodiazepines, a commonly prescribed class of mental health and insomnia medications, 
which are highly effective but potentially addictive. We study the staggered rollout of a nationwide 
electronic prescribing system over four years in Finland and use population-wide, individual-level 
administrative data sets. We find that e-prescribing increases average benzodiazepine use due to 
increased prescription renewals. The increase is most pronounced for younger patients. E-prescribing 
can improve the health of elderly patients and may help to balance the access-overuse trade-off. 
Without additional monitoring for addiction in place, it may, however, also have unintended health 
consequences for younger patients, who are more likely to develop mental and behavioral health 
disorders. (JEL: H51, H75, I12, I18) 
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1. Introduction 

Ensuring access to health care is a central policy goal worldwide (WHO Human Rights 
2022 ). Policy measures to improve access include lowering out-of-pocket costs and 
non-financial barriers that prevent patients from seeking the care they need. Such unmet 
needs for care are common in European and other high-income countries, particularly 
among population groups at a higher risk of poor health and lower social status (Patel 
and Prince 2010 ; Hawks et al. 2020 ; Eurostat 2021 ). 

Although access-improving policies are intended to mitigate unmet care needs, 
they can also expose some patients to the overuse of medical services, with fewer health 
benefits than health harms. The overuse of medical services is a widely recognized 
problem worldwide (Brownlee et al. 2017 ). This is particularly true in the context 
of prescription medications with the potential for addiction and misuse—a pressing 
public health concern in Europe (Novak et al. 2016 ; Hockenhull et al. 2021 ) and the 
U.S. (United Nations Office on Drugs and Crime (UNODC) 2017 ). Hence, improving 
access to medical services without exposing patients to overuse is a challenging but 
important trade-off to balance. 

We examine a large-scale public policy of health information technology adoption 
designed to improve access to medication while simultaneously limiting overuse: 
the adoption of a nationwide and fully interoperable electronic prescribing (e- 
prescribing) system that digitizes all prescriptions and their renewal requests in 
Finland. E-prescribing improves medication access by making it easier for patients 
to renew prescriptions without necessarily having to visit a physician in-person. 
By reducing patients’ hassle costs in prescription renewal, e-prescribing lowers the 
barriers for obtaining essential medications but can also expose some patients to 
medication overuse and unintended health harms. However, as e-prescribing also 
provides physicians with better information on a patient’s prescription history through 
a centralized e-prescription database, it can prevent medication overuse and related 
health harms. 
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We study how the information technology adoption balances the access-overuse 
trade-off for patients treated with benzodiazepines, which are commonly prescribed, 
effective, but also potentially addictive mental health and insomnia medications. We 
use the plausibly exogenous rollout of the nationwide e-prescribing system across 
all Finnish municipalities over the years 2010–2013 and population-wide, individual- 
level administrative data sets on benzodiazepine prescriptions and hospital discharges 
during 2007–2014. Using a difference-in-differences (DiD) strategy, we estimate the 
effects of the access-improving technology on benzodiazepine use and downstream 

health outcomes. 
Benzodiazepines have characteristics that make them relevant for studying the 

access-overuse trade-off in medical services. Benzodiazepines are included in the 
World Health Organization’s (WHO) 2021 Model List of Essential Medicines and 
are therefore intended to be always accessible in well-functioning health care 
systems. Accordingly, and reflecting the high prevalence of mental disorders and 
insomnia, benzodiazepines are among the most widely used psychotropics in high- 
income countries (Olfson, King, and Schoenbaum 2015 ; Votaw et al. 2019 ). When 
appropriately prescribed and used, benzodiazepines can provide health benefits 
because they are a highly effective treatment for often disabling disorders, such as 
anxiety, panic disorder, and insomnia (Hirschtritt, Olfson, and Kroenke 2021 ). When 
overused or misused, benzodiazepines can cause adverse drug effects such as poisoning 
and physical dependence, with increased tolerance over time. 1 Long-term use of 
benzodiazepines increases the risk of these health harms (Hirschtritt, Olfson, and 
Kroenke 2021 ), and this is what prescription renewals can facilitate. 

Our intention-to-treat (ITT) estimates show that the nationwide e-prescribing 
system has little effect on the probability of initiating benzodiazepine treatment at the 
extensive margin. 2 In contrast, at the intensive margin, we find that the total amount 
(duration) of benzodiazepine use per patient increases by 3% and there is also a 7% 

increase in the long-term use of benzodiazepines after the adoption of e-prescribing. 
These increases at the intensive margin of benzodiazepine use result from increased 
prescription renewals, consistent with e-prescribing improving access to medication 
through easier renewal. 

We also find substantial response heterogeneity in the effects of the technology 
adoption across different age groups. The quantitative magnitude of the increase in the 
total amount of benzodiazepine use is over twice as large for younger patients (aged 
18–39) as for the elderly (age over 65). Despite the improved access, we find little 
substantive evidence of improvements in patients’ general health outcomes such as 
emergency department visits and mental health outcomes. 3 Rather, we demonstrate 

1. Non-adherence (not following the recommendations from a health care provider) refers to taking 
medication more or less than recommended by a physician and it also includes prescription drug misuse. 
Non-adherence is common for patients with major psychiatric disorders (Semahegn et al. 2018 ). 

2. The take-up of e-prescriptions was voluntary during our observation period. Approximately 50% of 
benzodiazepine prescriptions were issued electronically on average one year after the technology adoption. 

3. There is a temporary decrease in hospitalizations for younger patients during the first year of adoption 
when the increase in their benzodiazepine use was still relatively small. 
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that hospitalizations for certain adverse drug effects—which measure health harms 
related to overuse or misuse—increase substantially in the younger population, but 
decrease among the elderly. 

Overall, we find that e-prescribing is particularly effective in improving access to 
medication for younger patients, who have higher rates of unmet health needs and 
mental health disorders (Alonso et al. 2007 ; Kessler et al. 2010 ; Kullgren et al. 2012 ). 
However, as younger patients are also at a higher risk of prescription drug misuse 
(CDC 2019 ), improved access may expose some of them to medication overuse and 
unintended health harms. In contrast, for the elderly, we find that e-prescribing can 
prevent health harms from adverse drug effects, consistent with an improvement in 
information provision and potential success in balancing the access-overuse trade-off. 

We contribute to the literature studying the effects of health information 
technologies. Only little large-scale evidence of these effects exists, since nationwide 
health information systems are rare and costly to implement, and high-quality 
administrative data are often limited to a specific region, payer, or policy program, such 
as Medicare fee-for-service. Existing research has evaluated the effects of electronic 
medical records (EMRs) (Miller and Tucker 2011 ; Agha 2014 ; McCullough, Parente, 
and Town 2016 ; Atasoy, Chen, and Ganju 2017 ; Atasoy, Greenwood, and McCullough 
2019 ) and prescription drug monitoring programs (PDMPs) (Buchmueller and Carey 
2018 ; Grecu, Dave, and Saffer 2019 ; Kim 2021 ; Ellyson, Grooms, and Ortega 2022 ). 
EMRs and PDMPs are, however, information-improving technologies. In contrast, we 
study a nationwide, interoperable e-prescribing system that improves both medication 
information and access. Our paper complements an earlier study on the nationwide 
e-prescribing system showing how information integration enhances physician 
coordination in the co-prescribing of harmful non-addictive drug combinations 
(Böckerman et al. 2023 ). Our paper focuses on a distinct economic question: how 

technology adoption balances the access-overuse trade-off, which is particularly salient 
for patients treated with psychotropics and addictive medications. When considered 
in combination, these two papers allow us to draw broader policy conclusions on e- 
prescribing and health information technologies. 

More broadly, our findings on the relative importance of access and information are 
novel contributions to the literature on health care and welfare program design, access, 
and targeting. Research on health care access has mainly focused on the impacts of 
prices, information, and changes in the availability of health care and treatment options 
(Cohen, Dupas, and Schaner 2015 ; Alpert, Powell, and Pacula 2018 ; Hamilton et al. 
2018 ). In contrast, we study the impacts of health information technology affecting 
access, overuse, and targeting through reductions in hassle costs and improvements in 
information provision. Thus, we also contribute to the literature on ordeal mechanisms 
examining how transaction or hassle costs borne by participants can help with 
program targeting (Nichols and Zeckhauser 1982 ; Finkelstein and Notowidigdo 2019 ; 
Zeckhauser 2021 ; Iizuka and Shigeoka 2022 ). As suggested by our results, reducing 
the hassle costs of prescription renewal without an in-person physician visit improves 
medication access but may weaken monitoring and targeting for some patients using 
high-risk medications—despite of better prescription information. 
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2. Institutional Background 

2.1. Finnish Health Care System 

Finland has a decentralized, tax-financed health care system, in which the 
National Health Insurance Scheme (NHI) covers all Finnish residents. The public 
sector overwhelmingly dominates the provision of health care services. 4 By law, 
municipalities ( N D 304 in 2014) are responsible for organizing primary care for their 
residents at the local level. Each municipality also belongs to one of the 20 hospital 
districts that organize specialized (hospital) health care. The resources for public sector 
health care services are rationed and waiting times are typically long (Keskimäki et al. 
2019 ). 

Public primary care is provided by municipalities, and every resident of the 
municipality is entitled to its primary care services. Patients usually visit the 
geographically closest primary care units in their municipality rather than those more 
distant. Unlike health care systems in some other countries, no law requires or enables 
physician choice in primary care in Finland. Consequently, patients have limited 
influence on which physician they are assigned to and are limited in choosing the 
physician who treats them and prescribes medication. 

Because service delivery and decisions related to organizing health care services 
are distributed across distinct regional providers (municipalities), the health care 
system in Finland is highly fragmented. Fragmentation led to health information 
systems that were incompatible with each other and operated independently within 
a region or even a single health care unit. In 1995, the Finnish government set an 
ambitious policy goal of integrating and digitizing health care services nationwide 
(Hyppönen, Hämäläinen, and Reponen 2015 ). A nationwide fully interoperable e- 
prescribing system with easier renewal of prescriptions and e-prescription information 
accessible by all health care providers was a central element of this policy. 

2.2. Mechanisms Related to E-prescribing 

E-prescribing is widely used but understudied health information technology that 
digitizes prescriptions and transfers information between physicians and pharmacies 
and allows them to electronically request prescription renewals. 5 Below, we describe 
the key mechanisms through which interoperable nationwide e-prescribing systems 
can affect prescription drug use and downstream health outcomes. 

4. In 2014, public primary and specialized health care accounted for approximately 50% of Finland’s 
health care expenditures. In contrast, private health care covered by NHI accounted for only 5% of health 
care expenditure, and employer-sponsored health care provided by the private sector accounted for 3% 

ofexpenditure. (THL 2021 ). The remaining 42% of expenditure comes mainly from pharmaceuticals and 
long-term care for the elderly. 

5. A renewal is the generation of a new prescription based on a previous prescription. Prescriptions can be 
renewed without an in-person physician visit and e-prescribing made this much easier. In some countries, 
patients can also electronically request prescription refills. This means that they can order a new supply 
of medication without an in-person physician visit for an existing prescription. When a prescription has 
expired or has no medication or refills left, it has to be renewed. In Finland, patients can renew, but not 
refill, prescriptions. 
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2.2.1. E-prescribing and Access. E-prescribing systems can improve medication 
access by making it easier for patients to renew their existing prescriptions. Before 
e-prescribing, a patient had to deliver an existing paper prescription at a health care 
unit or pharmacy for prescription renewals and renewed prescriptions were transferred 
between physicians and pharmacies, for example, by fax or mail. 

After e-prescribing, the patient did not have to schedule an in-person physician 
visit for a prescription renewal; instead the patient could make a renewal request by 
contacting a health care unit by phone. The request can be also made via a pharmacy, 
which automatically transmits it to the health care unit through a computer interface. 6 

In Finland, the patient cannot influence which physician the renewal request is passed 
to in a health care unit, and the request may be received by someone other than 
the physician who originally issued the prescription (Kanta 2022 ). After physician 
approval, the digital prescription is readily available and the patient can fill the 
prescription at any pharmacy in the country. The patient can also receive a text message 
informing them when the renewed prescription is available. E-prescribing therefore 
reduces the time and other hassle costs of prescription renewal, such as eliminating 
the risk of lost (paper) prescriptions. We expect the access channel to be stronger for 
patients who would not renew their prescriptions because the higher hassle costs are 
too high. 

Health care systems generally permit prescription renewals for psychotropics and 
some controlled substances such as benzodiazepines. For example, the U.K. health care 
system permits prescription renewals for Schedule IV controlled substances, such as 
most benzodiazepines, with the normal periods of prescription validity (PSNC 2019 ). 
In Finland, benzodiazepine prescriptions can be renewed within 16 months from the 
issue date (Kanta 2018 ). Importantly, the evidence from Finnish primary care shows 
that issuing or renewing prescriptions without an in-person physician consultation is 
more common for psychotropics compared to many other groups of prescription drugs 
(Saastamoinen, Enlund, and Klaukka 2008 ). 

2.2.2. E-prescribing and Information. Interoperable nationwide e-prescribing sys- 
tems also improve the exchange of prescription information both within and across 
provider organizations. In contrast to providers’ pre-existing incompatible and incom- 
plete health information (such as EMR) systems, the nationwide e-prescribing system 

provides physicians with access to a patient’s complete e-prescription history. 7 Thus, 
the system reduces the likelihood of a physician not knowing about the patient’s 
previous prescriptions. The benefit of improved information can, however, be relatively 

6. Some e-prescribing systems or online pharmacies in other countries permit patients themselves to make 
electronic renewal requests. In Finland, electronic renewal requests were introduced into the e-prescribing 
system in 2015, which is outside of our observation period. 

7. The Finnish e-prescribing system does not record past paper prescriptions or information on diagnostic 
and related notes taken by physicians during the appointment. The information about diagnostic and related 
notes taken by physicians is recorded and available only locally in the health care unit treating the patient. 
Notably, the e-prescribing system does not contain warnings on controlled substances or other decision- 
supporting tools for physicians. Online Appendix Figure A2 in Böckerman et al. (2023 ) illustrates the 
prescription information available in the Finnish health care provider setting. 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025

https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvae034#supplementary-data


402 Journal of the European Economic Association

small in the first year after the adoption of the e-prescribing system, because the system 

only includes information on the e-prescription history and it takes time for the e- 
prescription data to accumulate in the system. 

2.2.3. Net Effects of E-prescribing. The net effects of e-prescribing (improved access 
and information) on prescription drug use and downstream health outcomes are 
ambiguous ex ante. Improved access through easier renewal should increase the total 
amount or duration of medication use per patient at the intensive margin. By increasing 
persistence with essential medical treatment, e-prescribing can improve patient health. 
Easier renewal without an in-person physician visit can, however, also expose some 
patients to medication overuse and unintended health harms. 

Improved information on a patient’s prescription history through a centralized e- 
prescription database can, on the other hand, reduce the risk of medication overuse. 
Prescription information can help physicians to pay attention to the health benefits 
and harms of medications such as adverse drug effects. Consequently, physicians may 
prescribe more medication to patients who are expected to benefit from additional 
medication, and less medication to those at risk of medication overuse and health 
harms. 8 Thus, improved information can improve health outcomes and prevent health 
harms from adverse drug effects, with ambiguous effects on medication use ex ante. 

2.3. Staggered Adoption of Nationwide E-prescribing System 

We evaluate the rollout of the nationwide e-prescribing system across all municipalities 
in Finland. The unified standards and interoperability of the fully integrated nationwide 
system enable access to a centralized prescription database that has the records of 
all filled and unfilled e-prescriptions for all physicians and pharmacies involved in 
a patient’s care. This access, however, requires a patient’s permission. 9 The system 

includes all pharmacies and providers (public or private), and enables them to 
electronically prescribe and renew prescriptions. 

We focus on the adoption of e-prescribing in primary care for three reasons. 
First, prescription renewal and related preventable harms are pertinent in primary 
care settings worldwide (Duncan, Zermansky, and Alldred 2014 ; Price et al. 2017 ). 
Second, the literature has shown that primary care physicians write most prescriptions, 
especially for benzodiazepines (Cascade and Kalali 2008 ). Third, in Finland, there was 
substantial regional variation in the adoption time of e-prescribing in (public) primary 
care, stemming in part from the fragmented nature of the primary care system and the 
decentralization of its organization across municipalities (Section 2.1 ). 

8. Physicians may use information in deciding whether to renew an existing prescription, switch to a 
different medication or initiate a new medical treatment. 

9. The Finnish law enacted on April 2014 made it possible for physicians to access information on 
prescriptions for central nervous system drugs without a patient’s permission. In practice, physicians were 
obligated to act in accordance with the law from November 1, 2015 onward, which is outside of our 
observation period. 
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Half−Year   N     Cum. population−%

2010      1      0.03

2011      10    0.06

2011.5   24    0.12

2012      100  0.45

2012.5   68    0.80

2013      101  1.00

FIGURE 1. E-prescribing adoption half-year in municipalities. The figure plots the half-year when 
e-prescribing was adopted by a municipality in the primary care setting. The figure also shows the 
number of municipalities and the cumulative population share by adoption half-year. Source: Finnish 
Institute for Health and Welfare, and Statistics Finland: Population Statistics. 

Figure 1 documents the staggered adoption of the e-prescribing system across 
all municipalities and over the course of four years (2010–2013) before the system 

became mandatory in public health care in 2014. The figure shows the earliest 
municipality adoption time at the half-year level, and we also use this level of 
precision in our estimations. Even though there was some geographical clustering in 
the policy adoption, the adoption time still varied substantially across regions. 10 The 
e-prescribing system was first adopted in 2010 by the sixth largest municipality in 
Finland, and by the first half of 2013 all municipalities had adopted the new system. 

According to our government expert interviews, the regional variation in the 
adoption time was driven mainly by difficulties in integrating the e-prescribing system 

with the pre-existing information technology systems in local health care units, 
not by regional differences in patient outcomes. The adoption was gradual across 
municipalities, because the implementation of a national and fully standardized system 

required substantial investments in information technology infrastructure, tailoring 

10. In practice, these clusters are caused by municipalities being affiliated with one of the hospital districts 
that coordinate some of their specialized care activities. This clustering is not a threat for identification of 
the effects, because there is also relevant variation for identification within hospital districts. The clustering 
can, however, affect statistical inference. For this reason, we show the robustness of our standard error 
estimates for the geographic clustering of the policy adoption at the hospital district level (Section 6.3 ). 
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software, and a skilled workforce in each municipality. To support the findings from the 
government expert interviews and the credibility of our research design, Böckerman 
et al. (2023 ) show that the adoption time is unrelated to municipality-level covariates 
such as measures of prescription drug use and morbidity in the pre-adoption period. 

2.4. Benzodiazepine Market 

Benzodiazepines are one of the most widely used psychotropics in high-income 
countries (Olfson, King, and Schoenbaum 2015 ). They are commonly used in the 
adult population to treat mental health disorders and insomnia. In Finland, the top five 
active ingredients (benzodiazepine drugs) based on 2014 sales measured in euros were 
alprazolam (e.g. Xanax), diazepam (e.g. international brand name Valium), oxazepam 

(e.g. Serax), temazepam (e.g. Restoril), and zopiclone (e.g. Imovane) (Fimea 2015 ). 11 

Notably, nearly 10% of all Finnish adults had used benzodiazepines in 2014 (Kurko 
et al. 2018 ). For comparison, the prevalence of benzodiazepine use within a year has 
reached 20% in France (Airagnes et al. 2019 ), approximately 10% in Norway (Holm 

et al. 2012 ), and 5% for U.S. adults (Olfson, King, and Schoenbaum 2015 ). 
Benzodiazepines are effective medications for treating often disabling disorders 

such as anxiety, panic attacks, insomnia or sleeping disorders, as well as depression 
when anxiety is involved (Quagliato, Freire, and Nardi 2018 ; Hirschtritt, Olfson, 
and Kroenke 2021 ). 12 Thus, the appropriate use of benzodiazepines can improve 
patient health outcomes, for example, reducing hospital admissions related to mental 
disorders. 

Health harms through adverse drug effects indicate medication overuse. 
Benzodiazepines may cause sedation, a decline in cognitive functions and delirium 

(Lader 2011 ). Benzodiazepine poisoning is characterized by excessive sedation for 
example, and may result after an overdose and the use of medication in large amounts. 
Moreover, long-term use of benzodiazepines may lead to physical dependence and 
abuse, with strong withdrawal symptoms and increased tolerance over time (Lader 
2011 ; Votaw et al. 2019 ). Clinical treatment guidelines generally recommend not using 
benzodiazepines for more than 2–4 weeks (FCCG 2020 ). Despite these guidelines and 
health harms, long-term use of benzodiazepines is common in Finland (Kurko et al. 
2018 ) and generally in Europe (Huerta et al. 2016 ). 

Because mental and behavioral health disorders are on the rise globally, 
benzodiazepines are a relevant drug class for studying how a public policy of health 
information technology adoption succeeds in balancing the access-overuse trade-off 
in medical services. Misuse of benzodiazepines is prevalent in Europe and the U.S., 
and these medications are commonly involved in poisonings, overdose deaths, and 
emergency department visits related to non-medical misuse of prescription drugs 

11. The wholesale value of benzodiazepines was EUR 13.7 million in that year, with a market share of 
approximately 17% of the wholesale value of all psycholeptics. 

12. Benzodiazepines are also used to treat other conditions and disorders such as epilepsy, alcohol 
withdrawal, and chronic pain (Cheatle and Shmuts 2015 ). 
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(Jones and McAninch 2015 ), especially when combined with alcohol and opioids. 13 

However, research on medication misuse has mostly focused on the opioid epidemic in 
the U.S. and policies such as the adoption of information technologies aimed at curbing 
it (Buchmueller and Carey 2018 ; Ellyson, Grooms, and Ortega 2022 ; Maclean et al. 
2022 ). 

Notably, global consumption of opioids is concentrated in the U.S. (Organisation 
for Economic Cooperation and Development (OECD) (2019 ). In Finland, opioid 
prescribing is heavily regulated and opioid consumption is much smaller compared 
with benzodiazepines (Fimea 2015 ). More generally, less focus has been placed on 
other important potentially addictive psychotropics such as benzodiazepines, their 
impact in countries other than the U.S., and the role of access-improving policies in 
causing the overuse or misuse of these medications. 

3. Data 

We use comprehensive, individual-level de-identified administrative data sets for 
patients treated with benzodiazepines to analyze their prescription drug use, renewals, 
and downstream health outcomes at the intensive margin. We also use de-identified 
individual-level data on the entire Finnish adult population to study their first-time 
benzodiazepine use at the extensive margin. We define benzodiazepine patients as 
those who have at least one dispensed benzodiazepine prescription in the years 2007–
2014. 14 We focus on adults who are at least 18 years of age because the prevalence 
of benzodiazepine use is remarkably low among individuals younger than 18 years of 
age, who only represent approximately 2% of all of our observations. We construct 
all our variables for each individual (patient) and half-year period to find a balance 
between the accuracy of the adoption time of e-prescribing and observing variation in 
benzodiazepine use and downstream health outcomes. 15 Next, we provide an overview 

of our data sets and describe the main variable construction. Details on the drug classes 
and ICD-10 diagnosis codes used for variable construction are in Online Appendix A. 

13. There is no systematic information on the size of the illicit market for benzodiazepines in Finland 
(Rönkä and Markkula 2020 ). According to our interview with an expert at the Police of Finland, the 
total number of seized benzodiazepine tablets was 517,000 in 2021, and there has been an increase in 
the total number of seized tablets in recent years. To date, a substantial and increasing fraction of seized 
benzodiazepine tablets come from unofficial online purchases. Thus, the regional availability of illicit 
drugs is much less important now. We show later the robustness of our baseline results to controlling for 
municipality-specific linear time trends that capture, for example, the general changes in regional illicit 
markets (Section 6.3 ). 

14. We use this rather loose definition of benzodiazepine patients because prescription renewal and health 
outcomes can sometimes materialize long after the initial prescription (e-prescriptions for benzodiazepines 
must be renewed within 16 months). However, this loose definition comes at the expense of precision (in 
our data, 8% of patients fill only a single prescription and the average number of prescriptions is 10). 

15. Note that the time difference between two subsequent benzodiazepine prescriptions is 129 days on 
average. Moreover, our benzodiazepine use (health) outcomes include zeros from half-year periods in 
which a patient does not have a benzodiazepine prescription (hospitalization). 
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3.1. Measures for Benzodiazepine Use 

We use prescription data from the Social Insurance Institution of Finland. The 
data include all benzodiazepine prescriptions dispensed at Finnish pharmacies and 
covered by NHI over the period 2007–2014. 16 The de-identified data record for 
each patient includes the date of birth (age), the date of death (mortality), and 
the municipality of residence based on the 2014 municipality classification. These 
data also include records for each dispensed prescription, with the coded patient 
and physician identifiers, the Anatomical Therapeutic Chemical (ATC) code, the 
prescription date, the strength of the drug, the route of administration, and the number 
of defined daily doses (DDD) dispensed. 

We identify individual prescriptions based on the unique patient and physician 
identifiers, the ATC code (active ingredient), and the prescription date. We define 
a prescription as renewed if the prescribed drug is essentially the same as the two 
previous prescriptions with the same ATC code, strength, and adminstrative route, 
and the renewal is made within 16 months (renewal of an electronic prescription for 
benzodiazepines must be requested within this time period in Finland). If a prescription 
is not renewed, we define it as new. Our results are robust to the exclusion of the 16- 
month interval rule (Section 6.3 ). 17 

We measure the effects of e-prescribing at the intensive margin of benzodiazepine 
use, that is, the total amount (duration) of medication use per patient. However, this 
measurement is challenging because the amount of a medication needed to produce 
a given effect varies across benzodiazepine drugs. For example, 15 mg of diazepam 

is approximately equivalent to 3 mg of lorazepam, according to the national treatment 
guidelines (FCCG 2020 ). To address this challenge, we use the WHO’s DDD measure. 
DDD is defined as the assumed average maintenance dose per day of a drug used for 
its main indication in adults, providing us with a standardized unit of measurement for 
different types of benzodiazepines. We calculate the number of dispensed DDDs of 
benzodiazepine prescriptions, which is our primary measure of benzodiazepine use at 
the intensive margin. 

We also calculate the number of dispensed prescriptions. In contrast to the number 
of dispensed DDDs, this measure is rather coarse because it does not capture changes 
in an important aspect of medication use at the intensive margin: the total amount of 
medication use. 18 We calculate these two measures separately for renewed and new 

prescriptions. To better understand the adjustment at the intensive margin, we also 

16. Our prescription data do not, however, include prescriptions given in hospitals, nursing homes, and 
other institutions such as palliative care clinics, where benzodiazepines are also commonly used (Finnish 
Medicines Agency (Fimea) 2015 ; Malagaris, Mehta, and Goodwin 2022 ; Peralta et al. 2022 ). 

17. We also confirmed the robustness to defining a renewal based on the previous prescription or three 
previous prescribing events within a 16-month interval. 

18. For example, assume that a patient fills one prescription at a pharmacy (the number of prescriptions 
is one). If the prescription contains one tablet of 5 mg diazepam to be taken three times a day for 5 days, the 
actual daily dose is 15 mg (3 is multiplied by 5 mg). As the theoretical DDD of the drug per day is 10 mg, 
then each day we have 1.5 DDDs per day ( D 15 mg/10 mg). In total, the number of DDDs dispensed is 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025



Böckerman et al. Improved Access and Use of Prescription Drugs 407

use additional outcomes such as those related to the long-term use of benzodiazepines 
(Section 6.1 ). 

To measure the extensive margin of benzodiazepine use, we combine the 
prescription data with another data set from Statistics Finland using commonly 
coded individual identifiers. This another data set contains information on the entire 
adult population in Finland, also including those individuals who did not have a 
benzodiazepine prescription during the observation period. Using the combined data 
sets, we calculate the indicator of having a benzodiazepine prescription and the 
indicator of first-time benzodiazepine use in the entire adult population. We define a 
first-time user as an individual who did not have a benzodiazepine prescription during 
the previous 16 month-period in the prescription data. To account for left censoring, 
the first 16 months are excluded from the data, implying that the first biannual period 
for this variable is the second half of 2008 (H2:2008). 

3.2. Measures for Patient Health Outcomes 

We also use hospital discharge data from the Finnish Institute for Health and Welfare, 
which contain comprehensive information on Finnish public hospital admissions 
and discharges from 2007 through 2014. The de-identified data record includes 
coded patient identifiers, the diagnosis (ICD-10 code), the date of discharge, and 
the patient’s municipality of residence. Using the uniquely coded patient identifiers 
in both the hospital discharge and prescription data, we identify hospitalizations for 
benzodiazepine patients to analyze their downstream health outcomes in each biannual 
period. 

However, even with our rich data, it is challenging to comprehensively measure 
and distinguish downstream health outcomes related to appropriate use or overuse of 
benzodiazepines, in part, because mental and behavioral health disorders generally 
cannot be fully cured and thus the focus of the treatment is on management of the 
disorder and its symptoms (Maclean 2019 ). We rely on the literature (Buchmueller and 
Carey 2018 ; Chen, Persson, and Polyakova 2022 ) to construct several medical service- 
related health outcomes, which are potentially associated with appropriate use and 
medication overuse in our setting. To gain an overview of the benzodiazepine patients’ 
downstream health outcomes, we calculate the number of their emergency department 
visits, the total number of hospital visits, and an indicator of hospitalization for specific 
health conditions, including diagnoses of mental and behavioral disorders (henceforth 
mental disorders for brevity). 

In addition to these general and mental health outcomes, we construct proxies 
for health harms from adverse drug effects and medication overuse. We calculate the 
indicators of the diagnoses of prescription drug abuse (PDA) disorder and prescription 

7.5 DDDs (5 days multiplied by 1.5 DDDs), corresponding to 7.5 days of theoretical use (10 mg per 
day). The number of DDDs also reflects the actual duration of medication use (5 days) as well as its 
relative amount (daily dose intensity of medical therapy), that is, the ratio of actual to theoretical daily 
dose (15 mg/10 mg). 
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drug poisoning for hospitalizations. Prescription drug poisoning may result from an 
unintentional or intentional overdose. Prescription drug abuse is more specifically 
related to physical dependence and can be prevented by investigating patients’ 
prescription histories (NIDA 2023 ). Although hospitalizations for prescription drug 
poisonings and abuse might not be exclusively attributed to benzodiazepine use, 19 both 
are positively correlated with the number of DDDs of benzodiazepine prescriptions 
( Online Appendix Figure B.1). We supplement these two measures with an indicator 
of hospitalization with a diagnosis of other possible side effects of benzodiazepines, 
such as sedation, poor coordination, and cognitive function decline. 

4. Evidence on Prescribing and Health Patterns 

General Patterns. Table 1 reports the summary statistics on total benzodiazepine use 
and downstream health outcomes during our observation period 2007–2014. Panel 
A shows total benzodiazepine use and renewals per patient at the intensive margin. 
Adult patients purchased in total over 800 DDDs on average during the observation 
period. This corresponds to a theoretical use of benzodiazepines for over 800 days per 
patient in total or 800/8 D 100 days per patient and year. 20 The average total number 
of dispensed prescriptions per patient was 10. Renewed prescriptions constitute an 
overwhelming fraction (77%) of all dispensed benzodiazepine prescriptions. For 
comparison, prescription renewals are commonly issued and account for as much 
as 80% of prescription drug use in the U.K. (Avery 2011 ; Duncan, Zermansky, and 
Alldred 2014 ). Panel B shows total benzodiazepine use at the extensive margin and 
reveals that the use of benzodiazepines is very common in the Finnish adult population: 
21% of the total adult population had at least one benzodiazepine drug prescription 
during our observation period. 

Panel C shows benzodiazepine patients’ health patterns. Patient mortality 
is 16% on average. As expected, mortality is much higher for older patients 
( Online Appendix Table B.1), which is likely most directly related to pain treatment in 
palliative care as opposed to mental health care. Moreover, 26% of benzodiazepine 
patients receive hospital diagnoses of mental disorders at least once during the 
observation period. Panel D shows that the average age of benzodiazepine patients 
is only a little higher (55 years) than the average age of the general Finnish adult 
population (49 years). 21 

Age Heterogeneity. We study differences in the use of benzodiazepines and 
downstream health outcomes in the different age groups. Figure 2 documents the 

19. These hospitalizations might result from a combination of factors such as the concurrent use of 
alcohol and prescription drugs. 

20. In the prescription-level data, the average DDD per prescription is 86 (SD 99). 

21. Compared with benzodiazepines, the use of hypertension and cholesterol-lowering medications, 
for example, is even more concentrated among the elderly population (Jackson et al. 2005 ), making it 
challenging to generalize the results to the broader (non-elderly) population. 
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TABLE 1. Summary statistics for overall outcomes among benzodiazepine patients and all Finnish 
adults. 

Mean SD 

Panel A. Intensive margin of benzodiazepine use (N D 1,019,405 patients) 
Total DDDs 828.64 1,666.342 
Total renewed DDDs 678.654 1,439.961 
Total new DDDs 149.986 355.212 
Total number of rx 9.584 14.431 
Total number of renewed rx 7.405 12.824 
Total number of new rx 2.18 2.703 
Share taking benzodiazepines 1 

Panel B. Extensive margin of benzodiazepine use (N D 4,802,180 individuals) 
Share taking benzodiazepines at any time 0.212 
Share taking benzodiazepines only once 0.058 

Panel C. Health outcomes (N D 1,019,405 patients) 
Share of patients who die 0.156 
Total ED visits 5.048 10.11 
Total hospital visits 24.515 49.223 
Share with a mental or behavioral disorder 0.255 
Share with PDA diagnosis 0.012 
Share with rx poisoning 0.024 
Share with other side effects 0.115 

Panel D. Characteristics (2007) 
Age (benzodiazepine patients) 55 18 
Age (all Finnish individuals) 49 18 

Notes: “Benzodiazepine patients” refers to all adult patients who fill at least one benzodiazepine prescription 
during the observation period 2007–2014. Note that 27% of patients fill only a single prescription during the 
observation period (the average number of prescriptions is 10). “All Finnish adults” refers to all Finnish residents 
older than 18 years of age. The values depict the overall values during 2007–2014 with the exception of age, 
which was the age measured in 2007. 
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FIGURE 2. Yearly benzodiazepine use-age relationships at intensive margin: Number of defined 
daily doses. The figure is based on aggregated patient biannual-level panel data. The mean number 
of defined daily doses is calculated for each year (2007, 2010, and 2014). 
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FIGURE 3. Yearly health outcome-age relationships among benzodiazepine patients. The figures are 
based on aggregated patient biannual-level panel data. The mean number of emergency department 
visits (panel a) and the probability of a hospital diagnosis (panels b–d) are calculated for each year 
(2007, 2010, and 2014). “Mental disorder” refers to the diagnosis of mental and behavioral disorders. 
“Rx poisoning” refers to prescription drug poisoning. 

flexible age profiles for our main measure of benzodiazepine use at the intensive 
margin: the mean biannual number of dispensed DDDs per patient and by age for three 
years (2007, 2010, and 2014) to detect possible changes in consumption patterns over 
time before and after the e-prescribing rollout ( Online Appendix Figure B.2 shows the 
profile for the number of prescriptions). 

Figure 2 shows that the use of benzodiazepines, as measured by the number of 
DDDs, is more concentrated among older patients, consistent with earlier findings 
(Olfson, King, and Schoenbaum 2015 ). For patients above age 55, there also was 
a substantial decrease in the use of benzodiazepines between 2010 and 2014, the 
two years between which e-prescribing was rolled out. A decline in long–term 

benzodiazepine use has also been documented in previous research in Finland (Kurko 
et al. 2018 ). Prescribing behavior for benzodiazepines has evolved over time, and that 
could be because of changes to mental health prescribing practices. However, Figure 2 
also shows that the decrease in benzodiazepine use was much smaller among younger 
patients. In fact, we find that for those aged under 20, the number of DDDs increased 
over time. 

Figure 3 documents the age profiles for the selected adverse health outcomes and 
shows that younger patients have much higher rates of hospitalizations for mental and 
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behavioral disorders, PDA, and prescription drug poisoning than other age groups 
(panels B–D). Moreover, younger patients (under 40 years of age) also experienced 
a substantial increase in the prevalence of these adverse health outcomes and the 
number of emergency department visits from 2007 to 2014. Emergency department 
visits increased also for elderly patients (age over 65), but not as much as for younger 
adults. 

Mental disorders are one of the highest disease burdens in Finland, and they 
disproportionally affect younger adults (Patana 2014 ). We document that younger adult 
patients use benzodiazepines less, despite their higher rates of mental and behavioral 
health disorders. Younger adults have higher rates of unmet health needs and face major 
barriers in accessing health and mental care despite the universal health insurance 
system and low financial barriers to health care access (Alonso et al. 2007 ; Vanheusden 
et al. 2008 ; Kullgren et al. 2012 ; Patana 2014 ). As a result, younger adults may more 
frequently underuse medications, which could worsen their mental health. However, 
the long-term use of potentially addictive drugs can lead to medication overuse or 
misuse, which can cause health harms. This can be particularly concerning for the 
younger adult population because they are at a higher risk of prescription drug misuse 
(CDC 2019 ). Access barriers seem to be less of an issue for older patients as they 
already more commonly use medications and thus we expect the information channel 
to have a larger effect for them than for the younger patients. These descriptive patterns 
motivate the analyses of response heterogeneity in the effects of e-prescribing in 
different age groups. 

5. Empirical Approach and Identification 

Baseline Specification. We estimate the effects of a nationwide e-prescribing system 

on benzodiazepine use and downstream health outcomes, using comprehensive 
individual (patient) biannual-level administrative data and a DiD design based on the 
staggered rollout of the system across all municipalities over four years. Because e- 
prescribing was adopted at different times across municipalities, and all municipalities 
eventually adopted the technology, individuals in later-treated municipalities are used 
as controls for individuals in early-treated municipalities in estimating the average 
treatment effects. We estimate DiD models using the following two-way fixed effects 
(TWFE) specification 22 : 

yimt D �1 Œt � Em 

� 0� C ̨ i C �t C "imt ; (1) 

22. We follow individuals in the relevant population over time, starting after they turn 18 years until 
they die, making the data an unbalanced panel. Note that for benzodiazepine use and health outcomes 
at the intensive margin, we use all Finnish adults with at least one benzodiazepine prescription over 
the observation period as the relevant population (“benzodiazepine patients”). For the extensive margin 
outcomes, we use all Finnish adults as the relevant population (Section 3 ). 
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where yimt is a benzodiazepine-related outcome such as the number of DDDs for 
individual i in municipality m at time t (a period of 6 months). t � Em 

denotes the half- 
year periods relative to the time period of adopting e-prescribing in the individual’s 
municipality of residence m , Em 

, and 1 Œt � Em 

� 0� denotes the post-adoption 
indicator. We include individual and time fixed effects, ˛i and �t , to control for 
individual- and time-specific factors such gender, age, and general trends in prescribing 
behavior. 23 We cluster the standard errors at the municipality level ( N D 304 ). 

The take-up of e-prescriptions by individual patients and physicians was voluntary 
during the 2007–2014 observation period. Hence, our approach identifies the ITT effect 
of the e-prescribing policy ( � in equation ( 1 )) using variation across municipalities in 
the adoption time. This holds to the extent that in the absence of the e-prescribing 
rollout, the outcomes would have evolved under parallel trends in municipalities 
adopting the technology at different times. 

Parallel Trends Assumption and Dynamic Patterns. One might worry about the 
plausibility of the parallel trends assumption in our setting, as the outcomes might have 
evolved differently across municipalities depending on their adoption time. Based on 
the descriptive and institutional evidence, the adoption time is unrelated to pre-existing, 
time-varying outcomes at the municipality level (Section 2.3 ). To conduct further 
visual inspections of potential pre-trends and the dynamic effects of e-prescribing, we 
also estimate the following event study specification for individual i in municipality 
m in period t : 

yimt D
X 

k 

ık 1 Œt � Em 

D k� C ̨ i C �t C "imt ; (2) 

where the negative values of k indicate the pre-adoption periods and the positive 
values indicate the post-adoption periods. The coefficients ık for the pre-adoption 
periods k < 0 capture a possible pre-existing trend in the outcome variable, while 
the coefficients ık for the post-adoption periods k � 0 represent the period-specific 
dynamic effects of e-prescribing on the outcome. We normalize the coefficient for 
the indicator one period before adoption to zero, ı�1 D 0 . When there are no never- 
treated units in the sample, two relative time coefficients have to be normalized to avoid 
multicollinearity between t and Ei (Borusyak, Jaravel, and Spiess 2024 ). Hence, in 
addition to ı�1 D 0 , we normalize the coefficient for the most negative (minimum) 
relative time indicator to zero, ı�5 D 0 , so that the coefficients for the relative time 
indicators can be interpreted as the mean differences from the average values of the 
outcomes in two specific relative periods ( �1 and �5 ) prior to the treatment (Baker, 
Larcker, and Wang 2022 ). 24 

Following Sun and Abraham (2021 ), we trim the event study graphs by analyzing 
the data up to five relative time periods prior to the adoption ( k D �5 ) and three periods 

23. The results do not change much if we use municipality instead of individual fixed effects. 

24. Binning the endpoints in the event study is an alternative approach to dropping an additional pre- 
treatment indicator (Borusyak, Jaravel, and Spiess 2024 ; Schmidheiny and Siegloch 2024 ). 
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after the adoption ( k D 3 ), since our data are unbalanced in relative time for some 
treatment units. Following a fairly balanced set of municipalities over time around the 
adoption mitigates changes in the composition of municipalities in distant periods and 
the effect of individual municipalities (early- and late-treated municipalities) on the 
event study coefficients. 25 

Potential Biases in TWFE models and Robustness for Treatment Effect Heterogeneity. 
Although the TWFE regression similar to the one in equation ( 1 ) is the workhorse 
model in the staggered DiD settings, it is not guaranteed to be a consistent 
estimator without a relatively strong assumption about the constant treatment effect 
(de Chaisemartin and D’Haultfœuille 2020 ; Callaway and Sant’Anna 2021 ; Borusyak, 
Jaravel, and Spiess 2024 ). Specifically, if the treatment effect varies over time, negative 
weights could arise for later-treated units, potentially biasing the average treatment 
effect estimate downward or upward (Goodman-Bacon 2021 ; Baker, Larcker, and 
Wang 2022 ). We address the concerns regarding potential negative weights by 
performing robustness checks and conclude that negative weighting is not an issue 
in our application (Section 6.3 ). We also address the concerns about the reliability 
(and precision) of the TWFE estimator by employing the efficient estimator proposed 
by Roth and Sant’Anna (2023 ). Besides being efficient and robust for treatment 
effect heterogeneity, the estimator is computationally less demanding than many other 
heterogeneity-robust estimators in our application based on large individual-level data 
sets containing millions of observations. 26 

Take-up of E-prescriptions. The estimated ITT effect of the e-prescribing policy 
may underestimate the average treatment effect on treated (ATT) because the take- 
up of the new technology by individuals was voluntary. Fortunately, we can use our 
prescription-level data to study the take-up rate of e-prescriptions by individual patients 
or their physicians after the patients’ municipality of residence adopted e-prescribing 
in primary care. Figure 4 shows that the take-up rate increases sharply after adoption 
(panel a): 1 year after adoption, approximately 50% of benzodiazepine prescriptions 
are issued electronically, after which the number grows gradually to around 60%–
70%. The take-up rate is also very similar in the three age groups, with only a slightly 
higher take-up among the elderly patients (panel b). We conclude that low take-up 
rates or differences in take-up rates across age groups are unlikely to explain our 
findings. 

25. Trimming also implies that the post-treatment (the pre-treatment) periods are relatively short for the 
first (the last) treatment units. 

26. Similar to other DiD and event study estimators developed for staggered research designs, such as 
Callaway and Sant’Anna (2021 ) and de Chaisemartin and D’Haultfœuille (2020 ), the estimator by Roth 
and Sant’Anna (2023 ) is based on comparisons between newly treated and not-yet or never-treated units. 
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0

FIGURE 4. Conditional take-up rate of e-prescriptions. The figures plot the coefficient estimates 
from different event study regressions using prescription-level data. Panel (a) shows the results for 
all ages and panel (b) by age group (18–39, 40–64, and at least 65 years old). The outcome is a 
binary variable equal to one if the benzodiazepine prescription is issued electronically. Event time 
is the biannual period relative to the period of e-prescribing adoption by the patient’s municipality 
of residence. The omitted period is �1 . The regressions include only event dummies and do not use 
any additional controls. The dashed lines (panel a) are pointwise 95% confidence intervals based on 
standard errors clustered at the municipality level. 

6. Results 

We report our results on the effects of e-prescribing on benzodiazepine use in 
Section 6.1 and downstream health outcomes in Section 6.2 based on the baseline 
TWFE specification presented in equation ( 1 ). We present only the most relevant 
dynamic patterns using the event study plots from equation ( 2 ) in the main text and, 
for brevity, include the remaining figures in the Online Appendix. In addition to the 
average effects, we also explore the response heterogeneity of e-prescribing across 
different age groups (18–39, 40–64, and 65 years and older). 27 Finally, we show the 
robustness of our results for alternative specifications and estimators, study additional 
mechanisms, and conduct a placebo test (Section 6.3 ). 

27. Note that we do not include age as a control variable in our baseline specification because the variation 
in it is absorbed by individual and time fixed effects. Nevertheless, we checked that the age composition 
did not change after e-prescribing by regressing patient age on post-adoption indicator and municipality 
(instead of patient) fixed effects and time fixed effects. The coefficient estimate for the post-adoption 
indicator was equal to zero ( �0.000) and statistically insignificant (SE: 0.024, mean age: 56.654). 
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TABLE 2. Effects of e-prescribing on intensive margin of benzodiazepine use. 

DDDs Renewed DDDs New DDDs Number of rx 
(1) (2) (3) (4) 

Panel A. All ages 
Post-adoption 1.838 ��� 1.764 ��� 0.074 �0.005 

(0.421) (0.463) (0.113) (0.004) 
Mean outcome 55.694 45.614 10.081 0.644 
Observations 15,167,056 15,167,056 15,167,056 15,167,056 

Panel B. Age 18–39 
Post-adoption 2.396 ��� 1.974 ��� 0.422 �� 0.007 

(0.684) (0.577) (0.197) (0.005) 
Mean outcome 30.342 23.307 7.035 0.445 
Observations 3,084,187 3,084,187 3,084,187 3,084,187 

Panel C. Age 40–64 
Post-adoption 2.093 ��� 1.934 �� 0.159 �0.003 

(0.680) (0.802) (0.175) (0.004) 
Mean outcome 57.504 47.085 10.419 0.680 
Observations 6,742,280 6,742,280 6,742,280 6,742,280 

Panel D. Age over 65 
Post-adoption 1.018 �� 1.267 ��� �0.249 �0:013���

(0.415) (0.371) (0.161) (0.005) 
Mean outcome 68.051 56.638 11.414 0.714 
Observations 5,340,589 5,340,589 5,340,589 5,340,589 

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual- 
level panel data. Panel A shows the results for all ages, panel B for the age group under 18–39, panel C for the 
age group 40–64, and panel D for the age group 65 and older. Each regression controls for calendar time (half- 
year) fixed effects and patient fixed effects. Standard errors are clustered at the municipality level and shown in 
parentheses. �p < 0.1; ��p < 0.05; ���p < 0.01. 

6.1. Effects on Prescription Drug Use 

6.1.1. Defined Daily Doses at the Intensive Margin. Table 2 reports the effect 
estimates on the total amount of benzodiazepine use per patient at the intensive 
margin. 28 We find that the use of benzodiazepines, as measured by the number of 
DDDs increases by 3% on average compared with the outcome mean after the adoption 
of e-prescribing (column (1) of panel A). In absolute terms, the average increase is 
approximately 2 DDDs, corresponding to 2 days of theoretical use. 

Panels B–D of Table 2 reveal a substantial response heterogeneity in the effects 
of e-prescribing. The quantitative magnitude of the increase in benzodiazepine use is 
over twice as large for the younger as for the elderly patients (2.4 versus 1 DDDs 
or 8% versus 1%). The estimated event study coefficients in Figure 5 show that the 
increase is gradual in each age group, coinciding with the increasing take-up rate of 

28. Recall that benzodiazepine patients are defined as those who have at least one dispensed 
benzodiazepine prescription in the years 2007–2014. 
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FIGURE 5. Intensive margin adjustment: Number of defined daily doses. The figures plot the 
coefficient estimates using two-way fixed effects (TWFE) event study regressions using aggregated 
patient biannual-level panel data trimmed between relative time periods �5 and 3. The coefficients 
for the relative time indicators can be interpreted as the mean differences from the average value of 
the outcomes in two specific relative periods ( �1 and �5 ) prior to the treatment. Each regression 
controls for calendar time (half-year) fixed effects and patient fixed effects. The dashed lines are 
pointwise 95% confidence intervals based on standard errors clustered at the municipality level. 

e-prescribing over time (Figure 4 ). Importantly, they show little evidence of deviations 
from the parallel trends assumption. 

6.1.2. Mechanism: Improved Access through Easier Renewal. Consistent with e- 
prescribing improving access to medication through easier renewal, we find that the 
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increase in the total amount of benzodiazepine use per patient results from renewed, 
as opposed to new prescriptions (columns (3)–(4) of Table 2 and Online Appendix
Figure B.3). 29 We also find that the increase in the number of renewed DDDs is much 
larger for the younger patient group (8%) than for the age groups of 40–64 years (4%) 
and over 65 years (2%). This finding is expected because benzodiazepine use is already 
more widespread among older patients. 

6.1.3. Number of Prescriptions at the Intensive Margin. Next, we present the results 
on the alternative measure of benzodiazepine use at the intensive margin: the number 
of prescriptions per patient. We find that the number of prescriptions increases 
gradually over time for younger patients, with an increase of 4% 1 year after the 
adoption ( Online Appendix Figure B.4). The corresponding DiD estimate is, however, 
statistically insignificant, ruling out an effect larger than 3% based on the 95% 

confidence intervals (column (4) of Table 2 ). For the elderly patients, the estimated 
effect is negative (2%) and statistically significant despite the increase in the number 
of DDDs. Next, we study changes in individual prescriptions to explain these patterns 
and to provide more comprehensive evidence of the effects of e-prescribing. 

6.1.4. Long-term Use and Prescribing Interval Using Prescription-level Data. In 
Online Appendix Table B.2, we present additional results on the long-term use of 
benzodiazepines and prescribing interval, using raw prescription-level data. We follow 

Kurko et al. (2015 ) and the definition used by the WHO (1996) and define long-term 

use of benzodiazepines as at least 6 months’ theoretical use (180 dispensed DDDs) 
and at least two separate drug purchases dispensed at a pharmacy per prescription. 
Along with a high number of DDDs, multiple purchases per prescription indicate long- 
term use and the need for additional doses of benzodiazepines, despite potential health 
harms. 

We find that e-prescribing increases the long-term use of benzodiazepines by 14% 

for younger patients (column (4)) and by 6%–7% for the groups of 40–64 years 
and over 65 years. 30 The increase in long-term use results from increased renewals 
(columns (5) and (6)). For younger patients, prescribing also became more frequent, 
as shown by a 2% decrease in the prescribing interval (column (7)). In contrast, for 
the elderly, physicians issued longer prescriptions (an increase of 2% in the number of 
DDDs) and less frequently (an increase of 1% in the prescribing interval), with a fewer 
number of new DDDs (a decrease of 4%), leading to a smaller number of prescriptions 
shown in Table 2 . 

29. New (non-renewed) prescriptions include, for example, prescriptions for a new strength of medication 
or new treatment episode (no previous prescriptions or previous prescription written more than 16 months 
ago). 

30. Using prescription-level data, we also show that the estimated effects on the number of DDDs of 
all, renewed, and new prescriptions are similar and even more precisely estimated to those obtained using 
the patient biannual-level panel data (columns (1)–(3)). We also confirm that our effect estimates on the 
long-term use of benzodiazepines are very similar to those obtained using the patient biannual-level data, 
and both estimates are also statistically significant ( Online Appendix Table B.3). 
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6.1.5. Extensive Margin Adjustment. E-prescribing can also lead to adjustments 
at the extensive margin of benzodiazepine use through the information channel 
(Section 2.2 ); improved information on the patient’s prescription history of other drugs 
than benzodiazepines might help the physician to learn about the potential harms 
(benefits) of benzodiazepines, and thus negatively (positively) impact the physician’s 
decision to initiate benzodiazepine treatment. We combine our prescription data with 
the entire Finnish adult population data, including also all individuals who did not have 
a benzodiazepine prescription during the observation period, to study the potential 
effects on benzodiazepine use and first-time use at the extensive margin. This type 
of analysis, only rarely conducted at the individual level in the literature because of 
data limitations, complements our intensive margin results by using comprehensive 
individual-level data on benzodiazepine users and non-users who potentially become 
first-time users. 

We find that benzodiazepine use increases by 2% in the younger Finnish adult 
population; however, the point estimate for first-time use is statistically insignificant. 
For the elderly, the extensive margin point estimates are negative, statistically 
insignificant and are small in magnitude (decreases of less than 1%). (Table 3 and 
Online Appendix Figures B.5 and B.6.) 

6.2. Effects on Health Outcomes 

Our results above reveal that e-prescribing increased the total amount of 
benzodiazepine use, with a larger impact for younger patients than for the elderly. 
If e-prescribing increased the appropriate use of benzodiazepines and succeeded in 
balancing the access-overuse trade-off, we would expect patients’ downstream health 
outcomes to improve, alongside with the increased benzodiazepine use. On the other 
hand, if e-prescribing increased the overuse of benzodiazepines and the health harms 
outweighed the health benefits through adverse drug effects, patients’ health outcomes 
may have deteriorated. 

6.2.1. General and Mental Health Outcomes. We first focus our attention on the 
general and mental health outcomes. Column (2) of Table 4 shows that e-prescribing 
decreases the total number of hospital visits by 7% and 3% for the age groups 
of 18–39 and 40–64 years, respectively. However, the corresponding event study 
plots in Figure 6 show that this decrease is detected only in the short term, during 
the first year of adoption. The estimated DiD effect on the number of emergency 
department visits is statistically insignificant (column (1) of Table 4 ), similar to the 
corresponding event study estimates, which are noisy with wide confidence intervals 
( Online Appendix Figure B.7). 31 The estimates for the probability of hospitalization 
for mental or behavioral health disorders are, however, less noisy, but statistically 

31. The 95% confidence intervals of the DiD estimates, for example, for all patients on average allow us 
to rule out effects larger than 14%. 
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TABLE 4. Effects of e-prescribing on benzodiazepine patients’ health outcomes (multiplied by 100). 

ED visits Hospital Mental PDA Rx Other 
visits disorder diagnosis poisoning side effects 

(1) (2) (3) (4) (5) (6) 

Panel A. All ages 
Post-adoption �0 .517 �6 .103 �� �0 .327 0 .010 0 .015 � �0 .008 

(2 .142) (2 .594) (0 .329) (0 .009) (0 .009) (0 .058) 
Mean outcome 33 .925 164 .768 6 .363 0 .166 0 .240 1 .157 
Observations 15,167,056 15,167,056 15,167,056 15,167,056 15,167,056 15,167,056

Panel B. Age 18–39 
Post-adoption 1 .085 �12 .101 ��� �0 .837 0 .067 0 .062 ��� 0 .012 

(2 .955) (4 .052) (0 .742) (0 .044) (0 .024) (0 .023) 
Mean outcome 32 .984 182 .878 11 .174 0 .603 0 .529 0 .299 
Observations 3,084,187 3,084,187 3,084,187 3,084,187 3,084,187 3,084,187 

Panel C. Age 40–64 
Post-adoption �0 .131 �5 .162 � �0 .312 �0 .004 �0 .000 0 .002 

(1 .976) (2 .661) (0 .354) (0 .006) (0 .012) (0 .031) 
Mean outcome 26 .297 151 .715 6 .615 0 .082 0 .245 0 .583 
Observations 6,742,280 6,742,280 6,742,280 6,742,280 6,742,280 6,742,280 

Panel D. Age over 65 
Post-adoption �1 .709 �3 .462 �0 .064 �0 .006 � 0 .006 �0 .026 

(1 .938) (2 .279) (0 .084) (0 .003) (0 .008) (0 .115) 
Mean outcome 44 .100 170 .789 3 .268 0 .020 0 .066 2 .378 
Observations 5,340,589 5,340,589 5,340,589 5,340,589 5,340,589 5,340,589 

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual- 
level panel data. Panel A shows the results for all ages, panel B for the age group under 18–39, panel C for the 
age group 40–64, and panel D for the age group 65 and older. Each regression controls for calendar time (half- 
year) fixed effects and patient fixed effects. Standard errors are clustered at the municipality level and shown in 
parentheses. For scaling purposes, all coefficients, standard errors, and means have been multiplied by 100. �p < 

0.1; ��p < 0.05; ���p < 0.01. 

insignificant ( Online Appendix Figure B.8), similar to the results for most of the other 
general health outcomes. 32 

6.2.2. Health Harms from Adverse Drug Effects. We then focus our attention on 
proxy measures for health harms from adverse drug effects and medication overuse. 
We find that e-prescribing increases younger patients’ probability of hospitalization 
for PDA and prescription drug poisoning by approximately 11%–12% compared with 
the mean, showing that e-prescribing had unintended health harms for younger patients 

32. We also explored the effects on mortality and the effect estimates are statistically insignificant 
(column (1) of Online Appendix Table B.4). These results are as expected, given that death is an extreme 
outcome and quite rare in age groups other than the elderly. However, we also find statistically insignificant 
effects on more specific health outcomes of hospitalizations for anxiety, panic disorder, depression, and 
sleeping disorders (columns (2)–(5)). The only exception is a statistically significant 35% decrease in the 
probability of a hospitalization for panic disorders in the elderly population. 
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FIGURE 6. Hospital visits. The figures plot the coefficient estimates using two-way fixed effects 
(TWFE) event study regressions using aggregated patient biannual-level panel data trimmed between 
relative time periods �5 and 3. The coefficients for the relative time indicators can be interpreted as 
the mean differences from the average value of the outcomes in two specific relative periods ( �1 

and �5 ) prior to the treatment. Each regression controls for calendar time (half-year) fixed effects 
and patient fixed effects. The dashed lines are pointwise 95% confidence intervals based on standard 
errors clustered at the municipality level. 

(columns (4) and (5) in Table 4 ). The effects on PDA and poisonings are consistent with 
each other, but the latter effect is more precisely estimated. The increase in poisonings 
is also gradual and approximately twice as large after the first year of adoption based 
on the event study estimates (Figure 7 ). 
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FIGURE 7. Prescription drug poisoning. The figures plot the coefficient estimates using TWFE event 
study regressions using aggregated patient biannual-level panel data trimmed between relative time 
periods �5 and 3. The coefficients for the relative time indicators can be interpreted as the mean 
differences from the average value of the outcomes in two specific relative periods ( �1 and �5 ) prior 
to the treatment. Each regression controls for calendar time (half-year) fixed effects and patient fixed 
effects. The dashed lines are pointwise 95% confidence intervals based on standard errors clustered 
at the municipality level. 

In contrast, for the elderly, we find that e-prescribing reduces the probability of 
PDA by 30% and the estimated effect is statistically significant at the 10% level 
(column (4) in Table 4 and Online Appendix Figure B.9). The point estimates for 
prescription drug poisonings are, however, positive and statistically insignificant for 
the elderly. The possible increase in prescription drug poisonings might reflect a 
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modest increase in the total amount of their benzodiazepine use after e-prescribing, 
whereas hospitalizations more specifically related to physical dependence and PDA 

appear to be more easily prevented with better prescription information. Although 
imprecisely estimated, our results on hospitalizations related to other side effects 
of benzodiazepines (e.g. sedation and a decline in cognitive functions) also suggest 
a gradual decrease in these relatively prevalent health harms for the elderly 
( Online Appendix Figure B.10). However, it is difficult to make strong conclusions 
based on the statistically insignificant estimates. 

In conclusion, we find a few statistically significant improvements in the 
general and mental health outcomes of benzodiazepine patients after e-prescribing. 
Nevertheless, the health information technology decreased hospitalizations for certain 
adverse drug effects among the elderly, indicating that improved information provision 
can mitigate health harms from medication overuse. Conversely, for younger patients, 
hospitalizations for certain adverse drug effects increased gradually after e-prescribing, 
coinciding with a disproportionate rise in their benzodiazepine use due to improved 
medication access after e-prescribing (Section 6.1 ). 33 

6.3. Robustness and Additional Mechanisms 

6.3.1. Alternative Specifications. We test the robustness of our results by using 
alternative specifications in both the estimations and samples. First, we exclude 
those who die during the observation period. Second, we restrict our data to periods 
when the last-treated municipalities had not yet adopted e-prescribing and thus act 
as “clean controls” for early-treated municipalities. 34 ( Online Appendix Tables C.1 
and C.2.) Third, we cluster standard errors at the hospital district, rather than at 
the municipality level (see Section 2.3 ). Fourth, we exclude patients who switched 
municipalities during the observation period and could cause contamination bias in the 
treatment effect estimates. ( Online Appendix Tables C.3 and C.4.) Fifth, we estimate 
specifications using physician fixed effects as in Dubois and Tunçel (2021 ), based on 
our prescription-level data, to evaluate the role of unobserved heterogeneity across 
physicians in their prescribing decisions ( Online Appendix Table C.5). Sixth, we use 
an alternative definition of new versus renewed prescription without the 16-month 
cutoff ( Online Appendix Table C.6, Online Appendix Figures C.1 and C.2). Our results 
remain similar to our baseline results in all these alternative specifications. 

33. However, we find that e-prescribing led to fewer hospital visits for younger patients during the first 
year of adoption when the increase in their benzodiazepine use was still relatively small (Figure 5 ). In the 
second year, their benzodiazepine use increased further, leading to health harms from medication overuse 
(Figure 7 ). 

34. Some of the estimates are more imprecisely estimated than in the baseline specifications. This is 
to be expected because the specification shortens the post-adoption period and thus puts more weight on 
short-term effects, even though the estimated long-term effects are often larger. 
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6.3.2. Potential Biases in TWFE models and Robustness for Treatment Effect 
Heterogeneity. We evaluate potential biases and assumptions in the TWFE models 
( Online Appendix Section D). First, using the decomposition method of Goodman- 
Bacon (2021 ), we show that possible negative weighting does not bias the treatment 
effect estimates in our setting and that the DiD estimates are similar for the 
early- and late-treated units ( Online Appendix Tables D.1 and D.2). Second, we 
use the efficient DiD estimator proposed by Roth and Sant’Anna (2023 ) to show 

the robustness of our results to treatment effect heterogeneity and to address low- 
power concerns in the baseline estimates ( Online Appendix Tables D.3 and D.4 
and Online Appendix Figures D.1–D.4). Our results are not sensitive to using 
alternative heterogeneity-robust DiD estimators. 35 Third, we establish the robustness 
regarding undetected parallel trends and noise by controlling for municipality-specific 
linear time trends in the TWFE model, following Freyaldenhoven et al. (2024 ) 
( Online Appendix Tables D.5 and D.6), and by applying the tools proposed by Roth 
(2022 ) ( Online Appendix Figures D.5– D.8). We conclude that an undetected pre-trend 
due to low statistical power is an unlikely explanation of our results. 

6.3.3. Further Age-based Heterogeneity. Online Appendix Table E.1 shows no 
major differential responses to e-prescribing when patients under 40 years of age are 
separated into two additional age groups (aged 18–25 and 26–39). Compared to the 
means, the increases in the number of DDDs and the probability of prescription drug 
poisoning are slightly larger for those aged 18–25 than for those aged 26–39 (increases 
of 11% versus 7% and 14% versus 9%, respectively). Moreover, there is a similar 7% 

decrease in patient hospitalizations in both age groups. 36 

6.3.4. Additional Mechanism: Potential Role of Improved Diagnosing. Improved 
information on a patient’s prescription history after the adoption of e-prescribing in 
primary care may enhance the prescribing physician’s ability to diagnose mental health 
disorders and identify adverse drug effects. Thus, referrals and hospitalizations for 
these conditions might also increase, which could cause upward bias in our health 
effect estimates. 37 Online Appendix Table F.1 shows the results excluding diagnoses 
for hospital visits where the referrals are obtained on the same day, and potentially 
from the same physicians, as the benzodiazepine prescriptions (less than 1% of all 

35. We find that the estimated effects are similar or somewhat larger and more precise than those obtained 
using the baseline TWFE specifications. 

36. Moreover, the take-up rate of e-prescriptions does not differ between the two age groups 
( Online Appendix Figure E.1). 

37. After e-prescribing, mental health-related hospital visits might also increase with the increased use 
of benzodiazepines because benzodiazepines are used to treat these conditions. On the other hand, as the 
patient can receive prescriptions more easily (from primary care and/or without an in-person visit), e- 
prescribing can also lower their need to show up at a hospital and be diagnosed with a mental health 
condition to receive a prescription. If this were the case, our point estimate for mental health effects would 
likely be conservative and lower than the true effect. 
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diagnoses). The results remain intact and they are clearly not driven by potential 
improvements in the diagnosing of medical conditions. 

6.3.5. Additional Mechanism: Use of Other Medications. E-prescribing can also 
affect the use of other medications by benzodiazepine patients that could affect their 
downstream health outcomes. We use additional data on benzodiazepine patients’ 
prescriptions for a group of widely used antidepressants SSRIs (selective serotonin 
reuptake inhibitors). These are non-addictive medications and can be either substitutes 
or complements for benzodiazepines in treating anxiety, for example. We hypothesize 
that SSRI use decreases and benzodiazepine use increases if physicians substitute 
SSRIs for benzodiazepines and both SSRI and benzodiazepine use increase if these 
two drugs are used as complements. We find that there are no significant effects for the 
use of SSRIs on average ( Online Appendix Table F.2). For the patients aged 18–39, 
there is a small statistically significant increase in the number of SSRI prescriptions 
(2%), but not in the number of DDDs. 

6.3.6. Placebo Regressions. We estimate placebo regressions for a health outcome 
that should not have been affected by e-prescribing or improved diagnosing: diagnosis 
of diseases of the appendix. This condition is quite prevalent, especially among 
younger individuals, and not correlated with socioeconomic status, making it a good 
candidate for placebo regressions. We find that the effect estimates for these placebo 
regressions are not statistically significant and the point estimates are close to zero 
( Online Appendix Table G.1). 

7. Conclusion 

This paper studies a large-scale public policy designed to improve medication access 
while limiting overuse. Our analysis is based on the staggered rollout of a nationwide, 
fully standardized, and interoperable e-prescribing system across all municipalities in 
Finland. We use comprehensive administrative data sets on hospital discharges and 
prescriptions for effective but also potentially addictive medications, benzodiazepines. 
Our empirical approach allows us to provide evidence on how the adoption of health 
information technology balances the access-overuse trade-off by making prescription 
renewal easier for patients, while providing physicians with better prescription 
information through a centralized e-prescription database. 

Our results are consistent with e-prescribing improving access to medication 
through easier renewal. We find that e-prescribing increases the total amount of 
benzodiazepine use per patient due to increased prescription renewals. The increase 
in benzodiazepine use is over twice as large for younger patients (aged 18–39) as for 
the elderly (age over 65). We provide further suggestive evidence that the information 
technology adoption can benefit the health of the elderly due to improved information 
provision, but it can also increase the risk of medication overuse and health harms for 
younger patients due to improved medication access. Thus, the ability of e-prescribing 
to balance the access-overuse trade-off depends on whether the improved access to 
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medication, characterized by easier renewals without an in-person physician visit, 
offsets the benefits of improved information provision for physicians. 38 

Easier renewal and improved information are the core features of e-prescribing 
systems globally and relevant for any repeat users of prescription drugs. Our findings 
based on benzodiazepines, a drug class that is widely prescribed in most high- 
income countries, are most directly relevant to users of psychotropics and potentially 
addictive medications, for whom balancing the access-overuse trade-off is particularly 
challenging. 

However, our study has some important limitations. We estimate the reduced- 
form health effects of e-prescribing for benzodiazepine patients, which may result 
from changes in the use of other prescription drugs. Because we focus on high-risk 
medical treatments, benzodiazepines, it is unclear whether our conclusions on the 
health effects of e-prescribing apply to other types of drug classes. In this regard, easier 
renewal could lead to improvements in managing the long-term medical treatment of 
chronic diseases, with a low risk of medication overuse and potential health benefits 
that substantially outweigh any health harms. Further research on other drug classes is 
needed to fully understand the effects of e-prescribing technology. 

Empirical research in economics has largely overlooked factors that influence joint 
physician-patient decisions. Our results suggest that the conditions under which joint 
decisions are taken may critically affect patient outcomes. Information technology 
improves access and patient convenience but may impair communication and 
interaction between physicians and patients and expose some patients to medication 
overuse. Studies of other emerging technologies and markets from the perspective of 
optimal policy design, along with studies focusing on physician prescribing behavior, 
are other key areas for future research. 

References 

Agha, Leila (2014). “The Effects of Health Information Technology on Costs and Quality of Medical 
Care.” Journal of Health Economics , 34, 19–30. 

Airagnes, Guillaume , Cédric Lemogne, Adeline Renuy, Marcel Goldberg, Nicolas Hoertel, Yves 
Roquelaure, Frédéric Limosin, and Marie Zins (2019). “Prevalence of Prescribed Benzodiazepine 
Long-Term use in the French General Population According to Sociodemographic and Clinical 
Factors: Findings from the CONSTANCES cohort.” BMC Public Health , 19, 1–9. 

Alonso, Jordi et al. (2007). “Population Level of Unmet need for Mental Healthcare in Europe.” The 
British Journal of Psychiatry , 190, 299–306. 

Alpert, Abby , David Powell, and Rosalie Liccardo Pacula (2018). “Supply-Side Drug Policy in the 
Presence of Substitutes: Evidence from the Introduction of Abuse-Deterrent Opioids.” American 
Economic Journal: Economic Policy , 10, 1–35. 

38. Medication overuse or over-prescribing might be related to insufficient patient monitoring, 
communication, and health status examination when authorizing prescriptions without in-person patient 
contact (Mehrotra et al. 2013 ; U.S. Drug Enforcement Administration 2023 ). Moreover, physicians 
may not use new e-prescription information in health harm prevention because the time and hassle 
costs of information acquisition may be too large (Woodford 2012 ; Gabaix 2014 ) or because they 
undervalue the expected benefits of using new information (Schwartzstein 2014 ; Gagnon-Bartsch, Rabin, 
and Schwartzstein 2017 ). 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025



Böckerman et al. Improved Access and Use of Prescription Drugs 427

Atasoy, Hilal , Pei-Yu Chen, and Kartil K. Ganju (2017). “The Spillover Effects of Health IT 

Investments on Regional Health Care Costs.”Management Science , 106, 2473–2972. 
Atasoy, Hilal , Brad N. Greenwood, and Jeffrey S. McCullough (2019). “The Digitization of Patient 

Care: A Review of the Effects of Electronic Health Records on Health Care Quality and 
Utilization.” Annual Review of Public Health , 40, 1–14. 

Avery, Anthony J. (2011). “Repeat Prescribing in General Practice.” British Medical Journal , 343, 
d7089. 

Baker, Andrew , David F. Larcker, and Charles C. Y. Wang (2022). “How Much Should We Trust 
Staggered Difference-In-Differences Estimates?” Journal of Financial Economics , 122, 370–395. 

Böckerman, Petri , Liisa T. Laine, Mikko Nurminen, and Tanja Saxell (2023). “Information 
Integration, Coordination Failures, and Quality of Prescribing.” Journal of Human Resources , 
forthcoming. https://doi.org/10.3368/jhr.0921-11910R2. 

Borusyak, Kirill , Xavier Jaravel, and Jann Spiess (2024). “Revisiting Event Study Designs: Robust 
and Efficient Estimation.” Review of Economic Studies , forthcoming. https://doi.org/10.1093/
restud/rdae007. 

Brownlee, Shannon , Kalipso Chalkidou, Jenny Doust, Adam G. Elshaug, Paul Glasziou, Iona Heath, 
Somil Nagpal, Vikas Saini, Divya Srivastava, Kelsey Chalmers, and Deborah Korestein (2017). 
“Evidence for Overuse of Medical Services Around the World.” Lancet , 8, 156–168. 

Buchmueller, Thomas C. and Colleen Carey (2018). “The Effect of Prescription Drug Monitoring 
Programs on Opioid Utilization in Medicare.” American Economic Journal: Economic Policy , 
10, 77–112. 

Callaway, Brantly and Pedro H.C. Sant’Anna (2021). “Difference-in-Differences with Multiple Time 
Periods.” Journal of Econometrics , 225, 200–230. 

Cascade, Elisa and Amir Kalali (2008). “Use of Benzodiazepines in the Treatment of Anxiety.”
Psychiatry , 5, 21–22. 

Cheatle, Martin D. and Rachel Shmuts (2015). “The Risk and Benefit of Benzodiazepine use in 
Patients with Chronic Pain.” Pain Medicine , 16, 219–221. 

Chen, Yiqun , Petra Persson, and Maria Polyakova (2022). “The Roots of Health Inequality and the 
Value of Intrafamily Expertise.” American Economic Journal: Applied Economics , 14, 185–223. 

Cohen, Jessica , Pascaline Dupas, and Simone Schaner (2015). “Price Subsidies, Diagnostic Tests, 
and Targeting of Malaria Treatment: Evidence from a Randomized Controlled Trial.” American 
Economic Review , 105(2), 609–45. 

de Chaisemartin, Clément and Xavier D’Haultfœuille (2020). “Two-Way Fixed Effects Estimators 
with Heterogeneous Treatment Effects.” American Economic Review , 110(9), 2964–96. 

Dubois, Pierre and Tuba Tunçel (2021). “Identifying the Effects of Scientific Information and 
Recommendations on Physicians’ Prescribing Behavior.” Journal of Health Economics , 78, 
102461. 

Ellyson, Alice M. , Jevay Grooms, and Alberto Ortega (2022). “Flipping the Script: The Effects of 
Opioid Prescription Monitoring on Specialty-Specific Provider Behavior.”Health Economics , 31, 
297–341. 

Eurostat (2021). “Unmet Health Care Needs Statistics—Statistics Explained.” https://ec.europa.
eu/eurostat/statistics-explained/index.php?title=Unmet_health_care_needs_statistics. Accessed 
December 5, 2023. 

Finkelstein, Amy and Matthew J. Notowidigdo (2019). “Take-Up and Targeting: Experimental 
Evidence from SNAP.” The Quarterly Journal of Economics , 134, 1505–556. 

Finnish Current Care Guidelines (FCCG) (2020). “Bentsodiatsepiinien käyttöön liittyvät 
hoitokäytännöt (in Finnish).” https://www.kaypahoito.fi/nix02647. Accessed December 5, 
2023. 

Finnish Institute for Health and Welfare (THL) (2021). “Health Expenditure and Financing in 2019.”
Working Paper No. 15. 

Finnish Medicines Agency (Fimea) (2015). “Drug Consumption Statistics 2014.” https://fimea.fi/en/
databases_and_registeries/consumption. Accessed December 5, 2023. 

Freyaldenhoven, Simon , Christian Hansen, Jorge Perez Perez, and Jesse Shapiro (2024). 
“Visualization, Identification, and Estimation in the Linear Panel Event Study Design.” Advances 
in Economics and Econometrics: Twelfth World Congress , forthcoming. 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025

https://doi.org/10.3368/jhr.0921-11910R2
https://doi.org/10.1093/restud/rdae007
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Unmet_health_care_needs_statistics
https://www.kaypahoito.fi/nix02647
https://fimea.fi/en/databases_and_registeries/consumption


428 Journal of the European Economic Association

Gabaix, Xavier (2014). “A Sparsity-Based Model of Bounded Rationality.” The Quarterly Journal 
of Economics , 129, 1661–1710. 

Gagnon-Bartsch, Tristan , Matthew Rabin, and Joshua Schwartzstein (2017). “Channeled Attention 
and Stable Error.” Harvard Business School Working Paper Series. https://www.hks.harvard.edu/
centers/cid/publications/channeled-attention-and-stable-errors-0. Accessed December 5, 2023. 

Goodman-Bacon, Andrew (2021). “Difference-in-Differences with Variation in Treatment Timing.”
Journal of Econometrics , 225, 254–277. 

Grecu, Anca M. , Dhaval M. Dave, and Henry Saffer (2019). “Mandatory Access Prescription Drug 
Monitoring Programs and Prescription Drug Abuse.” Journal of Policy Analysis and Management , 
38, 181–209. 

Hamilton, Barton H. , Emily Jungheim, Brian McManus, and Juan Pantano (2018). “Health Care 
Access, Costs, and Treatment Dynamics: Evidence from In Vitro Fertilization.” American 
Economic Review , 108(12), 3725–77. 

Hawks, Laura , David U. Himmelstein, Steffie Woolhandler, David H. Bor, Adam Gaffney, and Danny 
McCormick (2020). “Trends in Unmet Need for Physician and Preventive Services in the United 
States, 1998-2017.” JAMA Internal Medicine , 180, 439–448. 

Hirschtritt, Matthew E. , Mark Olfson, and Kurt Kroenke (2021). “Balancing the Risks and Benefits 
of Benzodiazepines.” Journal of the American Medical Association , 325, 347–348. 

Hockenhull, Joanna , Elise Amioka, Joshua C. Black, Alyssa Forber, Colleen M. Haynes, David M. 
Wood, Richard C. Dart, and Paul I. Dargan (2021). “Non-Medical use of Benzodiazepines and 
GABA Analogues in Europe.” British Journal of Clinical Pharmacology , 87, 1684–1694. 

Holm, E. , E. Fosbol, H. Pedersen, T. B. Jensen, M. Nielsen, P. Weeke, L. Brinth, and C. Torp-Pedersen 
(2012). “Benzodiazepine use in Denmark 1997–2008.” European Geriatric Medicine , 3, 299–
303. 

Huerta, Consuelo et al. (2016). “Exposure to Benzodiazepines (Anxiolytics, Hypnotics and Related 
Drugs) in Seven European Electronic Healthcare Databases: A Cross-National Descriptive Study 
from the PROTECT-EU Project.” Pharmacoepidemiology and Drug Safety , 25, 56–65. 

Hyppönen, Hannele , Päivi Hämäläinen, and Jarmo Reponen (2015). “E-Health and E-Welfare of 
Finland. Checkpoint 2015.” Working Paper No. 18/2015, National Institute for Health and 
Welfare. 

Iizuka, Toshiaki and Hitoshi Shigeoka (2022). “Is Zero a Special Price? Evidence from Child 
Healthcare.” American Economic Journal: Applied Economics , 14, 381–410. 

Jackson, Rod , Carlene M. M. Lawes, Derrick A. Bennett, Richard J. Milne, and Anthony Rodgers 
(2005). “Treatment with Drugs to Lower Blood Pressure and Blood Cholesterol Based on an 
Individual’s Absolute Cardiovascular Risk.” The Lancet , 365, 434–441. 

Jones, Christopher M. and Jana K. McAninch (2015). “Emergency Department Visits and Overdose 
Deaths From Combined Use of Opioids and Benzodiazepines.” American Journal of Preventive 
Medicine , 49, 493–501. 

Kanta (2018). “Electronic Prescription in the Healthcare System.” https://www.kanta.fi/en/
professionals/prescription-in-the-healthcare-services. Accessed December 5, 2023. 

Kanta (2022). “Renewing a Prescription.” https://www.kanta.fi/en/professionals/
renewing-a-prescription-healthcare-services. Accessed December 5, 2023. 

Keskimäki, Ilmo , Liina-Kaisa Tynkkynen, Eeva Reissell, Meri Koivusalo, Vesa Syrjä, Lauri 
Vuorenkoski, Rechel Bernd, and Marina Karanikolos (2019). “Finland: Health System Review.”
Health Systems in Transition , 21. https://apps.who.int/iris/handle/10665/327538. Accessed 
December 5, 2023. 

Kessler, Ronald C. et al. (2010). “Age Differences in the Prevalence and Co-Morbidity of DSM- 
IV Major Depressive Episodes: Results from the WHO World Mental Health Survey Initiative.”
Depression and Anxiety , 27, 351–364. 

Kim, Bokuyng (2021). “Must-Access Prescription Drug Monitoring Programs and the Opioid 
Overdose Epidemic: The Unintended Consequences.” Journal of Health Economics , 75, 102408. 

Kullgren, Jeffrey , Catherine McLaughlin, Nandita Mitra, and Katrina Armstrong (2012). 
“Nonfinancial Barriers and Access to Care for U.S. Adults.” Health Services Research , 47, 462–
485. 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025

https://www.hks.harvard.edu/centers/cid/publications/channeled-attention-and-stable-errors-0
https://www.kanta.fi/en/professionals/prescription-in-the-healthcare-services
https://www.kanta.fi/en/professionals/renewing-a-prescription-healthcare-services
https://apps.who.int/iris/handle/10665/327538


Böckerman et al. Improved Access and Use of Prescription Drugs 429

Kurko, T. A. T. , L. K. Saastamoinen, S. Tähkäpää, A. Tuulio-Henriksson, T. Taiminen, J. Tiihonen, M. 
S. Airaksinen, and J. Hietala (2015). “Long-term use of Benzodiazepines: Definitions, Prevalence 
and Usage Patterns – A Systematic Review of Register-Based Studies.” European Psychiatry , 30, 
1037–1047. 

Kurko, Terhi , Leena K. Saastamoinen, Annamari Tuulio-Henriksson, Tero Taiminen, Jari Tiihonen, 
Marja Airaksinen, and Jarmo Hietala (2018). “Trends in the Long-Term use of Benzodiazepine 
Anxiolytics and Hypnotics: A National Register Study for 2006 to 2014.”Pharmacoepidemiology 
and Drug Safety , 27, 674–682. 

Lader, Malcolm (2011). “Benzodiazepines Revisited—will We Ever Learn?” Addiction , 106, 2086–
2109. 

Maclean, J. C. (2019). “Economics and Behavioral Health.” NBER Reporter No. 2019:4. 
Maclean, Johanna Catherine , Justine Mallatt, Christopher J. Ruhm, and Kosali I. Simon (2022). 

“The Opioid Crisis, Health, Healthcare, and Crime: A Review of Quasi-Experimental Economic 
Studies.” Working Paper No. 29983, NBER. 

Malagaris, Ioannis , Hemalkumar Mehta, and James Goodwin (2022). “Trends and Variation in 
Benzodiazepine use in Nursing Homes in the USA.”European Journal of Clinical Pharmacology , 
78, 1–8. 

McCullough, Jeffrey S. , Stephen T. Parente, and Robert Town (2016). “Health Information 
Technology and Patient Outcomes: The Role of Information and Labor Coordination.” RAND 

Journal of Economics , 47, 207–236. 
Mehrotra, Ateev , Suzanne Paone, G. Daniel Martich, Steven M. Albert, and Grant J. Shevchik (2013). 

“A Comparison of Care at E-visits and Physician Office Visits for Sinusitis and Urinary Tract 
Infection.” JAMA Internal Medicine , 173, 72–74. 

Miller, Amalia R. and Catherine E. Tucker (2011). “Can Health Care Information Technology Save 
Babies?” Journal of Political Economy , 119, 289–324. 

National Institute on Drug Abuse (NIDA) (2023). “How can Prescription Drug Misuse 
be Prevented?” Research Report. https://nida.nih.gov/publications/research-reports/
misuse-prescription-drugs/how-can-prescription-drug-misuse-be-prevented. Accessed 
December 5, 2023. 

Nichols, Albert R. and Richard J. Zeckhauser (1982). “Targeting Transfers Through Restrictions on 
Recipients.” American Economic Review: Papers and Proceedings , 72(2), 372–377. 

Novak, Scott P. , Anders Håkansson, José Martínez-Raga, Jens Reimer, Karol Krotki, and Sajan 
Varughese (2016). “Nonmedical use of Prescription Drugs in the European Union.” BMC 

Psychiatry , 16, 274. 
Olfson, Mark , Marissa King, and Michael Schoenbaum (2015). “Benzodiazepine Use in the United 

States.” JAMA Psychiatry , 72, 136–142. 
Organisation for Economic Cooperation and Development (OECD) (2019). “Addressing Problematic 

Opioid Use in OECD Countries, OECD Health Policy Studies, OECD Publishing, Paris.” https://
www.oecd-ilibrary.org/sites/a18286f0-en/index.html?itemId=/content/publication/a18286f0-en. 
Accessed May 8, 2024. 

Patana, Pauliina (2014). “Mental Health Analysis Profiles (MhAPs): Finland.” OECD Health 
Working Paper No. 72. 

Patel, Vikram and Martin Prince (2010). “Global Mental Health: A New Global Health Field Comes 
of Age.” Journal of the American Medical Association , 303, 1976–1977. 

Peralta, Tatiana , Maria Castel-Branco, Paulo Reis-Pina, Isabel Figueiredo, and Marília Dourado 
(2022). “Prescription Trends at the end of Life in a Palliative Care Unit: Observational Study.”
BMC Palliative Care , 21, 65. 

Petty Duncan, R. , Arnold G. Zermansky, and David P. Alldred (2014). “The Scale of Repeat 
Prescribing – Time For An Update.” BMC Health Services Research , 14, 76. 

Pharmaceutical Services Negotiating Committee (PSNC) (2019). “Controlled Drug Prescription 
forms and Validity— Prescriptions for Controlled Drugs.” https://www.cdc.gov/drugoverdose/
pdf/pubs/2019-cdc-drug-surveillance-report.pdf. Accessed December 5, 2023. 

Pratt, Laura A. , Debra J. Brody, and Qiuping Gu (2019). “Annual Surveillance Report of Drug- 
Related Risks and Outcomes—United States, 2019.” Centers for Disease Control and Prevention 
(CDC) . 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025

https://nida.nih.gov/publications/research-reports/misuse-prescription-drugs/how-can-prescription-drug-misuse-be-prevented
https://www.oecd-ilibrary.org/sites/a18286f0-en/index.html?itemId=/content/publication/a18286f0-en
https://www.cdc.gov/drugoverdose/pdf/pubs/2019-cdc-drug-surveillance-report.pdf


430 Journal of the European Economic Association

Price, Julie , Shu Ling Man, Stephen Bartlett, Kate Taylor, Mark Dinwoodie, and Paul Bowie (2017). 
“Repeat Prescribing of Medications: A System-Centred Risk Management Model for Primary 
Care Organisations.” Journal of Evaluation in Clinical Practice , 23, 779–796. 

Quagliato, Laiana A. , Rafael C. Freire, and Antonio E. Nardi (2018). “Risks and Benefits of 
Medications for Panic Disorder: A Comparison of SSRIs and Benzodiazepines.” Expert Opinion 
on Drug Safety , 17, 315–324. 

Rönkä, Sanna and Jaana Markkula (2020). “Huumetilanne Suomessa 2020 (in Finnish).” Online 
Publication Report No. 13, Finnish Institute for Health and Welfare (THL). 

Roth, Jonathan (2022). “Pretest with Caution: Event-Study Estimates after Testing for Parallel 
Trends.” American Economic Review: Insights , 4(3), 305–22. 

Roth, Jonathan and Pedro Sant’Anna (2023). “Efficient Estimation for Staggered Rollout Designs.”
Journal of Political Economy Microeconomics , 1, 669–709. 

Saastamoinen, Leena , Hannes Enlund, and Timo Klaukka (2008). “Repeat Prescribing in Primary 
Care: A Prescription Study.” Pharmacy World & Science , 30, 605–609. 

Schmidheiny, Kurt and Sebastian Siegloch (2024). “On Event Studies and Distributed-Lags in 
Two-Way Fixed Effects: Identification, Equivalence, and Generalization.” Journal of Applied 
Econometrics , 9, 1–17. 

Schwartzstein, Joshua (2014). “Selective Attention and Learning.” Journal of the European 
Economic Association , 12, 1423–1452. 

Semahegn, Agumasie , Kwasi Torpey, Abubakar Manu, Nega Assefa, Gezahegn Tesfaye, and 
Augustine Ankomah (2018). “Psychotropic Medication Non-Adherence and Associated Factors 
Among Adult Patients with Major Psychiatric Disorders: A Protocol for a Systematic Review.”
Systematic Reviews , 7, 10. 

Sun, Liyang and Sarah Abraham (2021). “Estimating Dynamic Treatment Effects in Event Studies 
with Heterogeneous Treatment Effects.” Journal of Econometrics , 225, 175–199. 

United Nations Office on Drugs and Crime (UNODC) (2017). “Non-Medical use of Benzodiazepines: 
A Growing Threat to Public Health?” Global Smart Update , 18, 1–11. 

U.S. Drug Enforcement Administration (2023). “Telemedicine Prescribing of Controlled Sub- 
stances when the Practitioner and the Patient Have not had a Prior in-Person Medical Evalu- 
ation.” Proposed Rule, 2023-04248. https://www.govinfo.gov/content/pkg/FR-2023-03-01/pdf/
2023-04248.pdf. Accessed December 5, 2023. 

Vanheusden, Kathleen , Cornelis L. Mulder, Jan van der Ende, Frank J. van Lenthe, Johan P. 
Mackenbach, and Frank C. Verhulst (2008). “Young Adults face Major Barriers to Seeking help 
from Mental Health Services.” Patient Education and Counseling , 73, 97–104. 

Votaw, Victoria R. , Rachel Geyerb, Maya M. Rieselbach, Pavel Kramata, and Kathryn R. McHugh 
(2019). “The Epidemiology of Benzodiazepine Misuse: A Systematic Review.”Drug and Alcohol 
Dependence , 200, 95–114. 

Woodford, Michael (2012). “Inattentive Valuation and Reference-Dependent Choice.” Working 
paper, Columbia University. http://www.columbia.edu mw2230/InattentiveValue%20Harvard%
20Seminar.pdf. Accessed December 5, 2023. 

World Health Organization (2022). “Human Rights.” https://www.un.org/sites/un2.un.org/files/
2021/03/udhr.pdf. Accessed December 5, 2023. 

Zeckhauser, Richard J. (2021). “Strategic Sorting: The Role of Ordeals in Health Care.” Economics 
& Philosophy , 37, 64–81. 

Supplementary Data 

Supplementary data are available at JEEA online. 

Journal of the European Economic Association 2025 23(1):396–430 
https://doi.org/10.1093/jeea/jvae034
©The Author(s) 2024. Published by Oxford University Press on behalf of European Economic Association. 
This is an Open Access article distributed under the terms of the Creative Commons Attribution License 
( https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction 
in any medium, provided the original work is properly cited. 

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/article/23/1/396/7660568 by Jyvaskyla U

niversity user on 11 February 2025

https://www.govinfo.gov/content/pkg/FR-2023-03-01/pdf/2023-04248.pdf
http://www.columbia.edu mw2230/InattentiveValue%20Harvard%20Seminar.pdf
https://www.un.org/sites/un2.un.org/files/2021/03/udhr.pdf
https://academic.oup.com/jeea/article-lookup/doi/10.1093/jeea/jvae034#supplementary-data
https://doi.org/10.1093/jeea/jvae034
https://creativecommons.org/licenses/by/4.0/


ONLINE APPENDIX: INFORMATION
TECHNOLOGY, IMPROVED ACCESS, AND USE
OF PRESCRIPTION DRUGS

Petri Böckerman
University of Jyväskylä, Labour Institute
for Economic Research, and IZA Institute
of Labor Economics

Mika Kortelainen
University of Turku, and Finnish Institute
for Health and Welfare

Liisa T. Laine
University of Missouri

Mikko Nurminen
Social Insurance Institution of Finland

Tanja Saxell
Aalto University, VATT Institute for
Economic Research, and Helsinki GSE

Appendix A: ATC and ICD-10 Codes for Variable Constructions

A.1. Prescribing outcomes

Benzodiazepine and SSRI ATC codes used from the Prescription Data:

• Benzodiazepines: N05BA01, N05BA02, N05BA04, N05BA06, N05BA09,
N05BA12, N05CD02, N05CD07, N05CD08, N05CF

• SSRI: N06AB03, N06AB04, N06AB05, N06AB06, N06AB08, N06AB10.

A.2. Health Outcomes

We construct our medical service-related health outcomes from hospital discharge data
and diagnoses associated with hospital visits.1 We list Finnish ICD-10 diagnosis codes
and other details for the health outcome construction below.

• Emergency department visit is identi�ed based on the following information
associated with each hospital visit:
– Type of admission: emergency duty

E-mail: petri.bockerman@labore.� (Böckerman); mika.kortelainen@utu.� (Kortelainen); Corresponding
author: lainel@missouri.edu (Laine); mikko.nurminen@kela.� (Nurminen); tanja.saxell@vatt.�
(Saxell)

1. We use primary diagnoses in the hospital discharge data because they are recorded accurately and the
quality of the recording of secondary diagnoses has raised some concerns in validation studies (Sund 2012).
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– Referral type: the patient arrived at care without a referral, such as emergency
duty

– Reason for seeking care: emergency duty or acute care
– Service branch: emergency duty visit
– Procedures and interventions: intensive care
– Specialty of care: emergency medicine

• Hospital visits include all hospital visits regardless of the diagnosis.
• Mental disorder is based on the �fth chapter of ICD-10 “Mental and behavioral

disorders" containing the ICD-10 codes F00–F99.
• Prescription drug abuse disorder (PDA) diagnosis is constructed by grouping

multiple diagnosis codes measuring prescription drug abuse (such as abuse of
benzodiazepines and opioids). We consider diagnoses with the following ICD-10
codes:
– Opioid-related disorders (F11)
– Sedative-, hypnotic-, or anxiolytic-related disorders (F13)
– Other stimulant-related disorders (F15)
– Other psychoactive substance-related disorders (F19)
However, not all of the aforementioned diagnoses measure active prescription drug
misuse or abuse. The Finnish ICD-10 classi�cation contains codes that indicate
that the patient is currently participating in a controlled rehabilitation program, or
uses drug withdrawal medication. Therefore, we exclude the following diagnoses
from the group of prescription drug abuse disorders:
– Opioid dependence, uncomplicated (F11.20); Opioid dependence, in remission

(F11.21); Opioid dependence with intoxication (F11.22); Opioid dependence
with withdrawal (F11.23)

– Sedative, hypnotic or anxiolytic dependence, uncomplicated (F13.20); Seda-
tive, hypnotic or anxiolytic dependence, in remission (F13.21); Sedative, hyp-
notic or anxiolytic dependence with intoxication (F13.22); Sedative, hypnotic
or anxiolytic dependence with withdrawal (F13.23)

– Other psychoactive substance dependence, uncomplicated (F19.20); Other psy-
choactive substance dependence, in remission (F19.21); Other psychoactive
substance dependence with intoxication (F19.22); Other psychoactive sub-
stance dependence with withdrawal (F19.23)

• Prescription drug poisoning diagnosis is identi�ed using the (Finnish) ICD-10
code T36.

This diagnosis code includes any poisoning from prescription drugs. A
prescription drug poisoning including adverse effect of and underdosing (or
overdosing) of drugs, medicaments and biological substances.

• Other side effects are measured based on diagnoses with the following ICD-10
codes:
– Hypersomnia (G47.1)
– Ataxia, unspeci�ed (R27.0); Other lack of coordination (R27.8)
– Somnolence (R40.0); Stupor (R40.1); Anterograde amnesia (R41.1); Other

amnesia (R41.3); Other and unspeci�ed symptoms and signs involving
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cognitive functions and awareness (R41.8); Dizziness and giddiness (R42);
Malaise and fatigue (R53)

– Fracture of neck of femur (S72.0); Pertrochanteric fracture (S72.1); Sub-
trochanteric fracture (S72.2)
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Appendix B: Main Specification: Additional Figures and Tables

B.1. Figures
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Figure B.1. De�ned daily doses and their relationship with prescription drug abuse and poisoning.
Panel (a) of the �gure plots a smoothed density of the biannual number of de�ned daily doses (here,
zeros are excluded to better illustrate variation in the outcome). Panel (b) plots the mean probabilities
of prescription drug abuse and poisoning (y-axis) by the bin of de�ned daily doses shown on the x-
axis.
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Figure B.2. Yearly benzodiazepine use-age relationships at intensive margin: Number of all
prescriptions. The �gures are based on aggregated patient biannual-level panel data. The mean
number of prescriptions is calculated for each year (2007, 2010, 2014).
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Figure B.3. Renewed de�ned daily doses. The �gures plot the coef�cient estimates using two-way
�xed effects (TWFE) event study regressions using aggregated patient biannual-level panel data
trimmed between relative time periods �5 and 3. The coef�cients for the relative time indicators
can be interpreted as the mean differences from the average value of the outcomes in two speci�c
relative periods (�1 and �5) prior to the treatment. Each regression controls for calendar time (half-
year) �xed effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals
based on standard errors clustered at the municipality level.
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Figure B.4. Intensive margin adjustment: Number of prescriptions. The �gures plot the coef�cient
estimates using two-way �xed effects (TWFE) event study regressions using aggregated patient
biannual-level panel data trimmed between relative time periods �5 and 3. The coef�cients for the
relative time indicators can be interpreted as the mean differences from the average value of the
outcomes in two speci�c relative periods (�1 and�5) prior to the treatment. Each regression controls
for calendar time (half-year) �xed effects and patient �xed effects. The dashed lines are pointwise
95% con�dence intervals based on standard errors clustered at the municipality level.
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Figure B.5. Extensive margin adjustment: Probability of benzodiazepine use. The �gures plot the
coef�cient estimates using two-way �xed effects (TWFE) event study regressions using aggregated
individual biannual-level panel data for the Finnish adult population trimmed between relative time
periods �5 and 3. The coef�cients for the relative time indicators can be interpreted as the mean
differences from the average value of the outcomes in two speci�c relative periods (�1 and�5) prior
to the treatment. Each regression controls for calendar time (half-year) �xed effects and individual
�xed effects. The dashed lines are pointwise 95% con�dence intervals based on standard errors
clustered at the municipality level.
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Figure B.6. Extensive margin adjustment: Probability of �rst-time benzodiazepine use. The �gures
plot the coef�cient estimates using two-way �xed effects (TWFE) event study regressions using
aggregated individual biannual-level panel data for the Finnish adult population trimmed between
relative time periods �5 and 3. The data used in the estimations are from 2008h2 to 2014h2 because
of left censoring. The coef�cients for the relative time indicators can be interpreted as the mean
differences from the average value of the outcomes in two speci�c relative periods (�1 and�5) prior
to the treatment. Each regression controls for calendar time (half-year) �xed effects and individual
�xed effects. The dashed lines are pointwise 95% con�dence intervals based on standard errors
clustered at the municipality level.
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Figure B.7. Emergency department visits. The �gures plot the coef�cient estimates using two-way
�xed effects (TWFE) event study regressions using aggregated patient biannual-level panel data
trimmed between relative time periods �5 and 3. The coef�cients for the relative time indicators
can be interpreted as the mean differences from the average value of the outcomes in two speci�c
relative periods (�1 and �5) prior to the treatment. Each regression controls for calendar time (half-
year) �xed effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals
based on standard errors clustered at the municipality level.
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Figure B.8. Mental and behavioral health. The �gures plot the coef�cient estimates using two-way
�xed effects (TWFE) event study regressions using aggregated patient biannual-level panel data
trimmed between relative time periods �5 and 3. The coef�cients for the relative time indicators
can be interpreted as the mean differences from the average value of the outcomes in two speci�c
relative periods (�1 and �5) prior to the treatment. Each regression controls for calendar time (half-
year) �xed effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals
based on standard errors clustered at the municipality level.
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Figure B.9. Prescription drug abuse diagnosis. The �gures plot the coef�cient estimates using two-
way �xed effects (TWFE) event study regressions using aggregated patient biannual-level panel data
trimmed between relative time periods �5 and 3. The coef�cients for the relative time indicators can
be interpreted as the mean differences from the average value of the outcomes in two speci�c relative
periods (�1 and �5) prior to the treatment. Each regression controls for calendar time (half-year)
�xed effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals based
on standard errors clustered at the municipality level.
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Figure B.10. Other side effects. The �gures plot the coef�cient estimates using two-way �xed
effects (TWFE) event study regressions using aggregated patient biannual-level panel data trimmed
between relative time periods �5 and 3. The coef�cients for the relative time indicators can be
interpreted as the mean differences from the average value of the outcomes in two speci�c relative
periods (�1 and �5) prior to the treatment. Each regression controls for calendar time (half-year)
�xed effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals based
on standard errors clustered at the municipality level.
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B.2. Tables of Additional Outcomes

Table B.1. Mortality rates among benzodiazepine patients.

All ages Ages 18–39 Age 40–64 Age over 65
(1) (2) (3) (4)

Share of patients who die 0.156 0.015 0.054 0.279
Unique individuals 1,019,405 247,168 536,328 452,041

Notes: Values depict the overall values for benzodiazepine patients during the observation period 2007–2014.

Table B.2. Effects of e-prescribing on composition and duration of individual prescriptions.

Main outcomes Additional outcomes

DDDs Renewed DDDs New DDDs Long-term use Long-term use, Long-term use, Prescribing
renewed rx new rx interval

(1) (2) (3) (4) (5) (6) (7)

Panel A. All ages
Post-adoption 2.543��� 2.586��� �0.043 0.007��� 0.008��� �0.001 0.849

(0.360) (0.381) (0.165) (0.001) (0.001) (0.000) (0.543)
Mean outcome 86.466 70.817 15.649 0.097 0.081 0.016 128.893
Observations 9,768,925 9,768,925 9,768,925 9,768,925 9,768,925 9,768,925 8,754,560

Panel B. Age 18-39
Post-adoption 3.661��� 3.008��� 0.653� 0.008�� 0.007�� 0.001 �2.435�

(1.061) (0.991) (0.356) (0.004) (0.003) (0.001) (1.439)
Mean outcome 68.316 52.497 15.818 0.058 0.048 0.010 112.649
Observations 1,396,770 1,396,770 1,396,770 1,396,770 1,396,770 1,396,770 1,181,859

Panel C. Age 40-64
Post-adoption 2.110��� 2.111��� �0.001 0.005��� 0.005��� 0.000 0.826

(0.444) (0.526) (0.245) (0.001) (0.001) (0.000) (0.648)
Mean outcome 84.466 69.137 15.328 0.087 0.072 0.014 119.778
Observations 4,510,421 4,510,421 4,510,421 4,510,421 4,510,421 4,510,421 4,063,208

Panel D. Age over 65
Post-adoption 2.142��� 2.717��� �0.575�� 0.008��� 0.010��� �0.002��� 1.156�

(0.416) (0.426) (0.227) (0.002) (0.002) (0.001) (0.663)
Mean outcome 95.366 79.404 15.963 0.122 0.103 0.020 144.917
Observations 3,861,734 3,861,734 3,861,734 3,861,734 3,861,734 3,861,734 3,509,493

Notes: Each column shows parameter estimates from a separate regression using prescription-level data. The
outcomes are the number of de�ned daily doses (column 1), the number of renewed de�ned daily doses (column
2), the number of new de�ned daily doses (column 3), the indicator of long-term use, de�ned as the number of
de�ned daily doses at least 180 and at least 2 separate drug purchases per prescription (column 4), the indicator of
long-term use for a renewed prescription (column 5), the indicator of long-term use for a new prescription (column
6), and the prescribing interval, de�ned as the number of days between the focal and previous prescription (from
the second prescription onward) (column 7). Panel A shows the results for all ages, Panel B for the age group
under 18–39, Panel C for the age group 40–64, and Panel D for the age group 65 and older. Each regression
controls for calendar time (half-year) �xed effects and patient �xed effects. Standard errors are clustered at the
municipality level and shown in parentheses. �p<0.1; ��p<0.05; ���p<0.01.
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Table B.3. Effects of e-prescribing on long-term use of benzodiazepine at intensive margin, using
patient-biannual level data.

All ages Age 18–39 Age 40–64 Age over 65
(1) (2) (3) (4)

Post-adoption 0.004��� 0.003��� 0.003��� 0.005���

(0.001) (0.001) (0.001) (0.001)
Mean outcome 0.052 0.017 0.046 0.079
Observations 15,167,056 3,084,187 6,742,280 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-
level panel data. The outcome is the indicator of long-term use, de�ned as the number of de�ned daily doses
at least 180 and at least 2 separate drug purchases per prescription. Each regression controls for calendar time
(half-year) �xed effects and patient �xed effects. Standard errors are clustered at the municipality level and shown
in parentheses. �p<0.1; ��p<0.05; ���p<0.01.

Table B.4. Effects of e-prescribing on benzodiazepine patients’ additional health outcomes
(multiplied by 100).

Mortality Anxiety Panic disorder Depression Sleep disorder
(1) (2) (3) (4) (5)

Panel A. All ages
Post-adoption �0.024 �0.053 �0.012 �0.095 �0.007

(0.027) (0.063) (0.011) (0.134) (0.008)
Mean outcome 1.046 1.152 0.132 2.264 0.088
Observations 15,167,056 15,167,056 15,167,056 15,167,056 15,167,056

Panel B. Age 18-39
Post-adoption 0.017 �0.130 �0.030 �0.258 �0.017

(0.013) (0.176) (0.036) (0.293) (0.016)
Mean outcome 0.118 2.858 0.391 4.206 0.140
Observations 3,084,187 3,084,187 3,084,187 3,084,187 3,084,187

Panel C. Age 40-64
Post-adoption �0.003 �0.038 �0.005 �0.091 �0.007

(0.016) (0.054) (0.009) (0.159) (0.010)
Mean outcome 0.429 1.010 0.099 2.581 0.094
Observations 6,742,280 6,742,280 6,742,280 6,742,280 6,742,280

Panel D. Age over 65
Post-adoption �0.053 �0.021 �0.008�� 0.003 �0.001

(0.034) (0.022) (0.003) (0.039) (0.006)
Mean outcome 2.361 0.345 0.023 0.744 0.049
Observations 5,340,589 5,340,589 5,340,589 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-
level panel data. The outcomes are the mortality indicator (column 1) and the indicators of hospitalizations for
particular health conditions (diagnoses): anxiety (ICD-10 F40-F48; column 2), panic disorder (ICD-10 F410;
column 3), depression (ICD-10 F32, F33; column 4), and sleep disorder (ICD-10 G470, G472, G478, G479, F51;
column 5). Each regression controls for calendar time (half-year) �xed effects and patient �xed effects. Standard
errors are clustered at the municipality level and shown in parentheses. For scaling purposes, all coef�cients,
standard errors, and means have been multiplied by 100. �p<0.1; ��p<0.05; ���p<0.01.
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Appendix C: Additional Specifications, Robustness, Mechanisms, and Placebo
Regression Test

C.1. Exclusion of Deceased Patients and Last-Treated Municipalities

Table C.1. Robustness of effects on benzodiazepine use for excluding deceased patients and last-
treated municipalities.

DDDs Renewed DDDs New DDDs Number of rx
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. All ages
Post-adoption 1.868��� 1.631��� 1.762��� 1.675��� 0.106 �0.044 �0.006 �0.004

(0.448) (0.388) (0.486) (0.458) (0.107) (0.206) (0.004) (0.005)
Mean outcome 52.724 59.993 43.620 48.355 9.104 11.638 0.624 0.681
Observations 13,650,613 11,604,223 13,650,613 11,604,223 13,650,613 11,604,223 13,650,613 11,604,223

Panel B. Age 18-39
Post-adoption 1.868��� 2.143��� 1.762��� 1.906��� 0.106 0.237 �0.006 0.005

(0.448) (0.693) (0.486) (0.632) (0.107) (0.193) (0.004) (0.006)
Mean outcome 52.724 31.607 43.620 24.033 9.104 7.573 0.624 0.456
Observations 13,650,613 2,423,853 13,650,613 2,423,853 13,650,613 2,423,853 13,650,613 2,423,853

Panel C. Age 40-64
Post-adoption 1.756��� 1.881��� 1.736��� 1.795�� 0.021 0.086 �0.009�� �0.002

(0.455) (0.514) (0.546) (0.717) (0.157) (0.294) (0.004) (0.005)
Mean outcome 59.532 61.996 49.736 50.012 9.797 11.984 0.679 0.722
Observations 10,604,738 5,190,270 10,604,738 5,190,270 10,604,738 5,190,270 10,604,738 5,190,270

Panel D. Age over 65
Post-adoption 1.086�� 0.739 1.225��� 1.149�� �0.138 �0.410 �0.017��� �0.009

(0.428) (0.579) (0.398) (0.450) (0.145) (0.274) (0.005) (0.006)
Mean outcome 66.470 74.632 56.585 60.975 9.885 13.657 0.709 0.764
Observations 4,173,112 3,990,100 4,173,112 3,990,100 4,173,112 3,990,100 4,173,112 3,990,100

Exclude died patients X X X X
Exclude last-treated X X X X
municipalities

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Columns 1, 3, 5, and 7 exclude patients who died during the observation period 2007–2014. Columns 2,
4, 6, and 8 use data from periods when the last-treated municipalities have not yet adopted e-prescribing (H1:2007-
H2:2012). Each regression controls for calendar time (half-year) �xed effects and patient �xed effects. �p<0.1;
��p<0.05; ���p<0.01.
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C.2. Clustering Standard Errors at Hospital District Level and Excluding
Patients Who Switch Municipalities

Table C.3. Robustness of effects on benzodiazepine use for standard errors clustering at hospital
district level and excluding patients with multiple municipalities.

DDDs Renewed DDDs New DDDs Number of rx
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A. All ages
Post-adoption 1.838��� 1.723��� 1.764��� 1.714��� 0.074 0.009 �0.005 �0.007

(0.459) (0.423) (0.529) (0.479) (0.148) (0.124) (0.005) (0.004)
Mean outcome 55.694 56.548 45.614 46.391 10.081 10.158 0.644 0.644
Observations 15,167,056 13,242,972 15,167,056 13,242,972 15,167,056 13,242,972 15,167,056 13,242,972

Panel B. Age 18-39
Post-adoption 2.396��� 2.490��� 1.974��� 2.096��� 0.422��� 0.393� 0.007 0.007

(0.582) (0.712) (0.522) (0.614) (0.144) (0.207) (0.005) (0.005)
Mean outcome 30.342 29.380 23.307 22.663 7.035 6.717 0.445 0.424
Observations 3,084,187 2,165,200 3,084,187 2,165,200 3,084,187 2,165,200 3,084,187 2,165,200

Panel C. Age 40-64
Post-adoption 2.093��� 1.899��� 1.934�� 1.771�� 0.159 0.128 �0.003 �0.004

(0.759) (0.669) (0.910) (0.799) (0.211) (0.188) (0.005) (0.004)
Mean outcome 57.504 56.677 47.085 46.376 10.419 10.301 0.680 0.667
Observations 6,742,280 5,980,332 6,742,280 5,980,332 6,742,280 5,980,332 6,742,280 5,980,332

Panel D. Age over 65
Post-adoption 1.018�� 1.009�� 1.267��� 1.276��� �0.249 �0.267 �0.013�� �0.014���

(0.470) (0.405) (0.466) (0.358) (0.175) (0.167) (0.006) (0.005)
Mean outcome 68.051 67.937 56.638 56.486 11.414 11.451 0.714 0.711
Observations 5,340,589 5,097,440 5,340,589 5,097,440 5,340,589 5,097,440 5,340,589 5,097,440

Hospital district level
clustering X X X X
Patients with multiple X X X X
municipalities excluded

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Columns 1, 3, 5, and 7 cluster standard errors at the hospital district level and show them in parentheses.
Columns 2, 4, 6, and 8 exclude patients with multiple municipalities and show standard errors clustered at the
municipality level in parentheses. Each regression controls for calendar time (half-year) �xed effects and patient
�xed effects. �p<0.1; ��p<0.05; ���p<0.01.
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C.3. Specification with Physician Fixed Effects

Table C.5. Robustness for physician �xed effects: Effects of e-prescribing on composition of
individual prescriptions.

DDDs Renewed DDDs New DDDs

(1) (2) (3) (4) (5) (6)

Panel A. All ages
Post-adoption 2.962��� 2.207��� 2.834��� 2.254��� 0.129 �0.047

(0.405) (0.354) (0.420) (0.379) (0.169) (0.172)
Mean outcome 86.466 86.466 70.817 70.817 15.649 15.649
Observations 9,768,925 9,768,925 9,768,925 9,768,925 9,768,925 9,768,925

Panel B. Age 18-39
Post-adoption 3.220��� 3.481��� 2.737��� 2.884��� 0.484 0.597

(0.989) (1.132) (0.971) (0.970) (0.383) (0.477)
Mean outcome 68.316 68.316 52.497 52.497 15.818 15.818
Observations 1,396,770 1,396,770 1,396,770 1,396,770 1,396,770 1,396,770

Panel C. Age 40-64
Post-adoption 2.715��� 1.776��� 2.551��� 1.818��� 0.165 �0.042

(0.500) (0.413) (0.570) (0.501) (0.192) (0.247)
Mean outcome 84.466 84.466 69.137 69.137 15.328 15.328
Observations 4,510,421 4,510,421 4,510,421 4,510,421 4,510,421 4,510,421

Panel D. Age over 65
Post-adoption 2.834��� 1.833��� 3.119��� 2.333��� �0.286 �0.500��

(0.383) (0.365) (0.403) (0.420) (0.209) (0.254)
Mean outcome 95.366 95.366 79.404 79.404 15.963 15.963
Observations 3,861,734 3,861,734 3,861,734 3,861,734 3,861,734 3,861,734

Physician FE X X X X X X
Patient FE X X X

Notes: Each column shows parameter estimates from a separate regression using prescription-level data. The
outcomes are the number of de�ned daily doses (columns 1 and 2), the number of renewed de�ned daily doses
(columns 3 and 4), and the number of new de�ned daily doses (columns 5 and 6). Panel A shows the results for all
ages, Panel B for the age group under 18–39, Panel C for the age group 40–64, and Panel D for the age group 65
and older. Each regression controls for calendar time (half-year) �xed effects and physician �xed effects. Columns
2, 4 and 6 additionally control for patient �xed effects. Standard errors are clustered at the municipality level and
shown in parentheses. �p<0.1; ��p<0.05; ���p<0.01.
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C.4. Alternative Definition of Renewed versus New Prescriptions

Table C.6. Robustness of effects at intensive margin for alternative de�nition of renewed versus
new prescriptions and timing of renewal.

All ages Age 18–39 Age 40–64 Age over 65

Renewed DDDs New DDDs Renewed DDDs New DDDs Renewed DDDs New DDDs Renewed DDDs New DDDs
(1) (2) (3) (4) (5) (6) (7) (8)

Post-adoption 1.817��� 0.022 2.004��� 0.397�� 1.983�� 0.110 1.336��� �0.319�

(0.475) (0.122) (0.588) (0.177) (0.803) (0.172) (0.376) (0.192)
Mean outcome 46.566 9.126 23.709 6.618 48.020 9.484 57.929 10.122
Observations 15,167,056 15,167,056 3,084,187 3,084,187 6,742,280 6,742,280 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-
level panel data. In calculating the number of renewed and new DDDs, we use an alternative de�nition of renewal
without the 16-month cutoff (in Finland, benzodiazepine prescriptions can be renewed within 16 months from
the issue date). In this case, we de�ne a prescription as renewed if the prescribed drug is essentially the same
as measured by the ATC code, strength, and the route of administration as that in any of the two previous
prescriptions. Otherwise, we de�ne a prescription as new. Each regression controls for calendar time (half-
year) �xed effects and patient �xed effects. Standard errors are clustered at the municipality level and shown
in parentheses. �p<0.1; ��p<0.05; ���p<0.01.
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(d) Renewed DDDs, Over 65

Figure C.1. Robustness for alternative de�nition of renewed versus new prescriptions: Renewed
DDDs. The �gures plot the coef�cient estimates using two-way �xed effects (TWFE) event study
regressions using aggregated patient biannual-level panel data trimmed between relative time periods
�5 and 3. The coef�cients for the relative time indicators can be interpreted as the mean differences
from the average value of the outcomes in two speci�c relative periods (�1 and �5) prior to the
treatment. In calculating the number of renewed DDDs, we use an alternative de�nition of renewal
without the 16-month cutoff (in Finland, benzodiazepine prescriptions can be renewed within 16
months from the issue date). In this case, we de�ne a prescription as renewed if the prescribed drug
is essentially the same as measured by the ATC code, strength, and the route of administration as that
in any of the two previous prescriptions. Each regression controls for calendar time (half-year) �xed
effects and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals based on
standard errors clustered at the municipality level.
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-0.51

-0.23

0.06

0.34

0.63

0.91

1.2

1.48

1.77

2.05

-4 -3 -2 -1 0 1 2 3
Half year to event

E
st

im
at

e

(d) New DDDs, Over 65

Figure C.2. Robustness for alternative de�nition of renewed versus new prescriptions: New DDDs.
The �gures plot the coef�cient estimates using two-way �xed effects (TWFE) event study regressions
using aggregated patient biannual-level panel data trimmed between relative time periods �5 and 3.
The coef�cients for the relative time indicators can be interpreted as the mean differences from the
average value of the outcomes in two speci�c relative periods (�1 and �5) prior to the treatment.
In calculating the number of new DDDs, we use an alternative de�nition of renewal without the
16-month cutoff (in Finland, benzodiazepine prescriptions can be renewed within 16 months from
the issue date). In this case, we de�ne a prescription as renewed if the prescribed drug is essentially
the same as measured by the ATC code, strength, and the route of administration as that in any of
the two previous prescriptions. Each regression controls for calendar time (half-year) �xed effects
and patient �xed effects. The dashed lines are pointwise 95% con�dence intervals based on standard
errors clustered at the municipality level.
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Appendix D: Robustness for Treatment Effect Heterogeneity and Possible
Violations of Parallel Trends Assumption

Two-way �xed effects (TWFE) regression is widely used for difference-in-differences
designs, but in staggered settings it is a consistent estimator only under the assumption
of constant treatment effect. We next evaluate the sensitivity of our baseline results
for heterogeneity-robust estimation. We also implement test statistics and tools to
investigate the parallel trends assumption in more detail.

Goodman-Bacon Decomposition. Goodman-Bacon (2021) shows that, in the case of
a staggered adoption where the treatment occurs at different times across units, the
TWFE DiD estimator is a weighted average of all possible individual two-period/two-
group DiD estimators in the data. In our setting, patients in later-treated municipalities
are used as controls before the treatment for patients in early-treated municipalities,
and patients in early-treated municipalities after the treatment are used as controls for
patients in later-treated municipalities. This leads to a potential concern regarding the
estimation of treatment effects for later-treated municipalities in the case of the time-
varying treatment effects. This feature could induce negative weights for later-treated
groups as those units are compared to already-treated units, potentially biasing the DiD
estimates even away from the true sign of the estimates. To mitigate these concerns,
we conduct several robustness checks that are set out below.

First, as described in the main text (Section 6.3), we estimated the DiD regressions
for benzodiazepine use and downstream health outcomes using data for periods when
the last-treated municipalities have not yet adopted e-prescribing (thereby using the
last-treated municipalities as “clean controls"). This helps us to mitigate potential bias
in the DiD estimates as some of the later versus early comparisons are excluded from
the data. The shortcoming of this approach, however, is that it narrows the comparison
window of early-treated units after the treatment takes place and thus puts more weight
on short-term effects (Callaway and Sant’Anna 2021). We still �nd that the results are
similar to the baseline results (Online Appendix Tables C.1 and C.2, Section C.1).

Second, we perform an explicit decomposition of the summed weights and average
DiD estimates for early- versus later-treated groups and later- versus early-treated
groups as described by Goodman-Bacon (2021) to evaluate how much weight is being
placed on “forbidden” comparison groups of already-treated units and how removing
these comparisons would change the results.2 Instead of using patient biannual-level
data, we compute all 2 � 2 DiD estimates separately for each age group and adoption
time using data aggregated to the municipality biannual-level averages in order to
reduce computational burden. We control for half-year �xed effects and municipality,
instead of patient �xed effects. As the current software package for the actual empirical
implementation of Goodman-Bacon (2021) does not allow for population weights
in the regressions when performing the full decomposition, our estimates are not

2. We use the bacondecomp package available for R and Stata for estimation.
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fully comparable to the baseline estimates obtained using patient biannual-level data.
Nevertheless, the results should give an idea of whether using early-treated units as a
control group is a concern in our setting.

Online Appendix Tables D.1 and D.2 show the results for the municipality-level
DiD estimates and the decompositions of the summed weights. Based on these results,
we conclude that negative weighting is not a concern in our application, as the estimates
for earlier versus later are very similar to later versus earlier for most outcomes and
samples. This is especially the case for the outcomes on benzodiazepine use (DDDs,
renewed DDDs, new DDDs, number of prescriptions) and health (mental disorder,
PDA diagnosis, other side effects). Although not fully comparable, our conclusions on
the effects of e-prescribing based on these alternative treatment groups and aggregated
data remain fairly similar to those drawn from the baseline estimates using patient
biannual-level data. Thus, the results are not sensitive to the aggregation of the patient-
level data to the municipality level.

Table D.1. Goodman-Bacon decomposition of equally weighted TWFE estimates of
benzodiazepine use at the intensive margin.

DDDs Renewed DDDs New DDDs Number of rx
(1) (2) (3) (4)

Weight Est. Weight Est. Weight Est. Weight Est.

Panel A. All ages
Earlier vs Later Treated 0.683 1.623 0.683 1.444 0.683 0.18 0.683 -0.015
Later vs Earlier Treated 0.317 1.883 0.317 1.698 0.317 0.184 0.317 -0.014
Mean outcome 58.987 58.987 48.975 48.975 10.013 10.013 0.681 0.681
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel B. Age 18–39
Earlier vs Later Treated 0.683 3.637 0.683 3.174 0.683 0.463 0.683 0.018
Later vs Earlier Treated 0.317 4.687 0.317 3.696 0.317 0.991 0.317 0.023
Mean outcome 29.252 29.252 22.704 22.704 6.548 6.548 0.424 0.424
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel A. Age 40–64
Earlier vs Later Treated 0.683 2.255 0.683 1.565 0.683 0.69 0.683 -0.011
Later vs Earlier Treated 0.317 1.984 0.317 1.606 0.317 0.377 0.317 -0.013
Mean outcome 59.190 59.190 48.949 48.949 10.241 10.241 0.697 0.697
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel A. Age over 65
Earlier vs Later Treated 0.683 0.245 0.683 0.845 0.683 -0.6 0.683 -0.025
Later vs Earlier Treated 0.317 1.565 0.317 1.706 0.317 -0.141 0.317 -0.021
Mean outcome 68.554 68.554 57.462 57.462 11.092 11.092 0.747 0.747
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Notes: Each model shows a Goodman-Bacon decomposition of two-way �xed effects (TWFE) estimates from
a separate regression using aggregated municipality biannual-level balanced data on benzodiazepine patients. In
TWFE, each observation is weighted equally (currently, the method does not allow for population weighting).
Each regression controls for calendar time (half-year) �xed effects and municipality �xed effects.
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Table D.2. Goodman-Bacon decomposition of equally weighted TWFE estimates of
benzodiazepine patients’ health outcomes (multiplied by 100).

ED visits Hospital Mental PDA Rx Other
visits disorder diagnosis poisoning side effects

(1) (2) (3) (4) (5) (6)
Weight Est. Weight Est. Weight Est. Weight Est. Weight Est. Weight Est.

Panel A. All ages
Earlier vs Later Treated 0.683 -2.413 0.683 -6.108 0.683 -0.119 0.683 0.008 0.683 0.015 0.683 -0.006
Later vs Earlier Treated 0.317 -0.816 0.317 -2.749 0.317 -0.104 0.317 0.004 0.317 -0.007 0.317 -0.108
Mean outcome 35.462 35.462 157.572 157.572 5.632 5.632 0.092 0.092 0.192 0.192 1.323 1.323
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel B. Age 18–39
Earlier vs Later Treated 0.683 -3.36 0.683 -10.168 0.683 0.287 0.683 0.079 0.683 0.036 0.683 -0.078
Later vs Earlier Treated 0.317 3.575 0.317 1.984 0.317 -0.086 0.317 0.074 0.317 -0.021 0.317 -0.069
Mean outcome 33.700 33.700 174.207 174.207 10.707 10.707 0.445 0.445 0.502 0.502 0.336 0.336
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel A. Age 40–64
Earlier vs Later Treated 0.683 -2.644 0.683 -11.241 0.683 -0.243 0.683 0 0.683 0.012 0.683 -0.016
Later vs Earlier Treated 0.317 0.319 0.317 -4.375 0.317 -0.069 0.317 -0.001 0.317 -0.018 0.317 -0.035
Mean outcome 26.837 26.837 149.143 149.143 6.553 6.553 0.055 0.055 0.228 0.228 0.586 0.586
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Panel A. Age over 65
Earlier vs Later Treated 0.683 -1.885 0.683 -0.624 0.683 -0.109 0.683 -0.009 0.683 0.002 0.683 0.029
Later vs Earlier Treated 0.317 -2.951 0.317 -0.58 0.317 -0.08 0.317 -0.008 0.317 0.001 0.317 -0.165
Mean outcome 44.648 44.648 161.329 161.329 3.069 3.069 0.016 0.016 0.059 0.059 2.374 2.374
Observations 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864 4,864

Notes: Each model shows a Goodman-Bacon decomposition of two-way �xed effects (TWFE) estimates from
a separate regression using aggregated municipality biannual-level balanced data. In TWFE, each observation is
weighted equally (currently, the method does not allow for population weighting). Each regression controls for
calendar time (half-year) �xed effects and municipality �xed effects. For scaling purposes, all coef�cients ("Est.")
and means are multiplied by 100.

Roth and Sant’Anna (2023) Efficient Estimator. We use the ef�cient DiD estimator
proposed by Roth and Sant’Anna (2023), because it has three important advantages
in our application. First, it is robust to potential treatment effect heterogeneity across
treatment units and over time in staggered designs. Second, the ef�cient estimator can
provide more precise estimates than those based on TWFE models and other DiD-
based methods. Third, its algorithm is computationally less demanding than many
other heterogeneity-robust estimators in our application, which uses large individual-
level data sets with millions of observations.

The ef�cient estimator by Roth and Sant’Anna (2023) also has relevant
disadvantages and limitations. First, the ef�cient estimator relies on the assumption
that the timing of the treatment assignment is random or quasi-random. Note that this
is a stronger identi�cation assumption than the standard parallel trends assumption.
Second, the current software package (staggered in R) for the actual empirical
implementation of the ef�cient estimator requires a balanced panel; that is, estimation
requires that all 16 periods are observed for all individuals in each age group. This
restriction implies that in age group 18–39, for example, an individual is excluded
from the age group-speci�c balanced data if the individual is younger than 18 or
older than 39 at any time during our observation period. Third, the software package
does not allow for the clustering of standard errors at the municipality level. This
implies that in our application, the (non-clustered) standard errors are most likely
underestimated. In contrast, using TWFE we are able to cluster the standard errors
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at the municipality level, which is also the level of relevant policy variation in our
application. Online Appendix Tables D.3 and D.4 show the point estimates using the
ef�cient estimator by Roth and Sant’Anna (2023). The effects are similar or even larger
(and more precisely estimated) than those obtained using TWFE. For example, for
younger patients, the number of DDDs increases by 12% and this increase is driven
by renewed prescriptions (Online Appendix Table D.3, Figure D.1).3 We �nd that
there is only little improvement in their general health outcomes, most notably a short-
term reduction in hospitalizations for younger patients (Online Appendix Figure D.2).
However, we also �nd signi�cant increases in adverse effects related to prescription
drug abuse and poisonings (Online Appendix Table D.4, Figures D.3 and D.4).

3. We estimate the event study coef�cients using Roth and Sant’Anna (2023) for the relative time periods
between �5 and 2 to have a suf�ciently large number of treatment and comparison groups in every period.
Note that in this case, not yet treated municipalities act as clean controls, and thus the estimation relies on
data from periods before the last treated municipalities adopted e-prescribing (H1:2007-H2:2012). For this
reason, we can follow many municipalities (or their individuals) for a relatively short period of time during
post-adoption. Also, only one normalization is needed in this event study speci�cation, in contrast to the
baseline speci�cation based on two normalizations in relative time periods �5 and �1 (Equation (2)).
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Table D.3. Roth and Sant’Anna (2023) estimator for evaluating effects of e-prescribing on intensive
margin of benzodiazepine use.

DDDs Renewed DDDs New DDDs Number of rx
(1) (2) (3) (4)

Panel A. All ages
Post-adoption 1.656 1.419 0.42 -0.012

(0.203) (0.186) (0.075) (0.002)
Mean outcome 56.548 46.391 10.158 0.644
Observations 13,242,972 13,242,972 13,242,972 13,242,972

Panel B. Age 18–39
Post-adoption 3.458 2.643 1.096 0.015

(0.597) (0.519) (0.229) (0.006)
Mean outcome 29.380 22.663 6.717 0.424
Observations 2,165,200 2,165,200 2,165,200 2,165,200

Panel C. Age 40–64
Post-adoption 1.474 1.251 0.382 -0.006

(0.373) (0.34) (0.145) (0.003)
Mean outcome 55.864 45.601 10.263 0.664
Observations 5,585,941 5,585,941 5,585,941 5,585,941

Panel D. Age over 65
Post-adoption 1.39 1.329 0.328 -0.025

(0.337) (0.319) (0.109) (0.003)
Mean outcome 67.937 56.486 11.451 0.711
Observations 5,097,440 5,097,440 5,097,440 5,097,440

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
balanced panel data and the econometric approach by Roth and Sant’Anna (2023). The data include only those
patients for whom we observe all periods (balanced data) and who have only one municipality (adoption date).
Fixed effects for patients and half-years are included in all models. Note that the current software package for
the empirical implementation of the estimation algorithm does not allow clustering for standard errors. Standard
errors are shown in parentheses.
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Table D.4. Roth and Sant’Anna (2023) estimator for evaluating effects of e-prescribing on
benzodiazepine patients’ health outcomes (multiplied by 100).

ED visits Hospital Mental PDA Rx Other
visits disorder diagnosis poisoning side effects

(1) (2) (3) (4) (5) (6)

Panel A. All ages
Post-adoption 0.766 -2.495 0.015 0.04 0.022 -0.08

(0.179) (0.695) (0.035) (0.005) (0.008) (0.019)
Mean outcome 33.210 160.332 5.701 0.118 0.188 1.224
Observations 13,242,972 13,242,972 13,242,972 13,242,972 13,242,972 13,242,972

Panel B. Age 18–39
Post-adoption 1.668 -2.806 0.442 0.261 0.067 0.019

(0.577) (3.319) (0.13) (0.032) (0.035) (0.027)
Mean outcome 28.937 168.818 9.954 0.487 0.410 0.271
Observations 2,165,200 2,165,200 2,165,200 2,165,200 2,165,200 2,165,200

Panel C. Age 40–64
Post-adoption 1.992 -4.018 -0.033 0.004 0.009 -0.005

(0.308) (1.076) (0.066) (0.007) (0.015) (0.024)
Mean outcome 25.091 147.822 6.417 0.072 0.220 0.549
Observations 5,585,941 5,585,941 5,585,941 5,585,941 5,585,941 5,585,941

Panel C. Age over 65
Post-adoption -0.977 0.301 -0.108 -0.001 0.012 -0.221

(0.327) (0.981) (0.055) (0.005) (0.007) (0.052)
Mean outcome 44.204 170.591 3.256 0.019 0.065 2.394
Observations 5,097,440 5,097,440 5,097,440 5,097,440 5,097,440 5,097,440

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
balanced panel data and the econometric approach by Roth and Sant’Anna (2023). The data include only those
patients for whom we observe all periods (balanced data) and who have only one municipality (adoption date).
Fixed effects for patients and half-years are included in all models. Note that the current software package for
the empirical implementation of the estimation algorithm does not allow clustering for standard errors. Standard
errors are shown in parentheses.
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Figure D.1. Robustness to treatment effect heterogeneity at intensive margin: Number of de�ned
daily doses. The �gures plot the ef�cient Roth and Sant’Anna (2023) estimates from event study
regressions using aggregated patient biannual-level balanced panel data. The data include only those
patients for whom we observe all periods (balanced data) and who have only one municipality
(adoption date). Fixed effects for patients and half-years are included in all models. Note that the
current software package for the empirical implementation of the estimation algorithm does not allow
clustering for standard errors.
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Figure D.2. Robustness to treatment effect heterogeneity at intensive margin: Hospital visits. The
�gures plot the ef�cient Roth and Sant’Anna (2023) estimates from event study regressions using
aggregated patient biannual-level balanced panel data. The data include only those patients for whom
we observe all periods (balanced data) and who have only one municipality (adoption date). Fixed
effects for patients and half-years are included in all models. Note that the current software package
for the empirical implementation of the estimation algorithm does not allow clustering for standard
errors.
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FigureD.3. Robustness to treatment effect heterogeneity: Prescription Drug Abuse (PDA) diagnosis
(multiplied by 100). The �gures plot the ef�cient Roth and Sant’Anna (2023) estimates from event
study regressions using aggregated patient biannual-level balanced panel data. The data include only
those patients for whom we observe all periods (balanced data) and who have only one municipality
(adoption date). We normalize coef�cients for one relative time period to zero (�1). Fixed effects
for patients and half-years are included in all models. Note that the current software package for the
empirical implementation of the estimation algorithm does not allow clustering for standard errors.
effects.

Journal of the European Economic Association
Preprint prepared on 16 April 2024 using jeea.cls v1.0.



Online Appendix: Information Technology, Improved Access, and Use of Prescription Drugs33

-0.02

0.04

0.1

0.15

0.21

0.27

0.33

0.38

0.44

0.5

-5 -4 -3 -2 -1 0 1 2
Half year to event

E
st

im
at

e 
(s

ca
le

d 
by

 1
00

)

(a) Rx poisoning, All ages

-0.02

0.04

0.1

0.15

0.21

0.27

0.33

0.38

0.44

0.5

-5 -4 -3 -2 -1 0 1 2
Half year to event

E
st

im
at

e 
(s

ca
le

d 
by

 1
00

)

(b) Rx poisoning, Age 18–39

-0.02

0.04

0.1

0.15

0.21

0.27

0.33

0.38

0.44

0.5

-5 -4 -3 -2 -1 0 1 2
Half year to event

E
st

im
at

e 
(s

ca
le

d 
by

 1
00

)

(c) Rx poisoning, Age 40–64

-0.02

0.04

0.1

0.15

0.21

0.27

0.33

0.38

0.44

0.5

-5 -4 -3 -2 -1 0 1 2
Half year to event

E
st

im
at

e 
(s

ca
le

d 
by

 1
00

)

(d) Rx poisoning, Age over 65

Figure D.4. Robustness to treatment effect heterogeneity: Prescription drug poisoning (multiplied
by 100). The �gures plot the ef�cient Roth and Sant’Anna (2023) estimates from event study
regressions using aggregated patient biannual-level balanced panel data. The data include only those
patients for whom we observe all periods (balanced data) and who have only one municipality
(adoption date). We normalize coef�cients for one relative time period to zero (�1). Fixed effects
for patients and half-years are included in all models. Note that the current software package for the
empirical implementation of the estimation algorithm does not allow clustering for standard errors.
effects.
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Addressing Limitations of Pre-trends Testing. —The econometric literature has
highlighted that even though visual and statistical tests for evaluating the validity of
the parallel trends assumption are simple and widely used in empirical research, these
tests also have notable limitations. For example, because of low statistical power it is
possible that the pre-trend tests (visual or statistical) fail to reject differences in trends
(Freyaldenhoven et al. 2024; Roth 2022). For this reason, we implement the following
two procedures to address the potential limitations of standard pre-trends testing.

First, following Freyaldenhoven et al. (2024) and Jacobson et al. (1993), we
estimate the DiD parameters by further controlling for a municipalitym-speci�c linear
time trend, !mt . Speci�cally, we estimate the following TWFE DiD speci�cation:

yimt D �1Œt �Em � 0�C ˛i C 
t C !mt C "imt : (D.1)

The estimated speci�cation (D.1) is otherwise the same as our baseline TWFE
speci�cation (1) with the individual and time �xed effects (˛i and 
t ), but the model
now also includes the municipality-speci�c linear time trends, which are added as
an interaction between munici-pality �xed effects and calendar time as a continuous
variable (!mt ). Because !mt allows for arbitrary permanent heterogeneity between
municipalities in both the levels and linear trends of their unobserved characteristics,
we can use it to adjust for the counterfactual difference in trends. Therefore, nonzero
pre-trends are not required.

The results in Online Appendix Tables D.5 and D.6 reveal that our conclusions
for the effects of e-prescribing remain mainly intact. Even the changes in the point
estimates for both benzodiazepine use and health outcomes are small compared to our
baseline estimates.
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Table D.5. Robustness for controlling municipality-speci�c linear time trend: Effects of
e-prescribing on intensive margin of benzodiazepine use.

DDDs Renewed DDDs New DDDs Number of rx
(1) (2) (3) (4)

Panel A. All ages
Post-adoption 1.662��� 1.623��� 0.04 -0.007

(0.444) (0.43) (0.09) (0.004)
Mean outcome 55.694 45.614 10.081 0.644
Observations 15,167,056 15,167,056 15,167,056 15,167,056

Panel B. Age 18–39
Post-adoption 2.034��� 1.617��� 0.417�� 0.004

(0.62) (0.489) (0.201) (0.005)
Mean outcome 30.342 23.307 7.035 0.445
Observations 3,084,187 3,084,187 3,084,187 3,084,187

Panel C. Age 40–64
Post-adoption 1.934�� 1.855�� 0.078 -0.003

(0.758) (0.827) (0.159) (0.004)
Mean outcome 56.744 46.353 10.392 0.677
Observations 6,311,289 6,311,289 6,311,289 6,311,289

Panel D. Age over 65
Post-adoption 1.061��� 1.24��� -0.179 -0.014���

(0.367) (0.33) (0.144) (0.005)
Mean outcome 68.051 56.638 11.414 0.714
Observations 5,340,589 5,340,589 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Panel A shows the results for all ages, Panel B for the age group under 18–39, Panel C for the age
group 40–64, and Panel D for the age group 65 and older. Each regression controls for calendar time (half-year)
�xed effects, patient �xed effects and the municipality-speci�c linear trend. Standard errors are clustered at the
municipality level and shown in parentheses. �p<0.1; ��p<0.05; ���p<0.01.
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Table D.6. Robustness for controlling for municipality-speci�c linear time trend: Effects of
e-prescribing on benzodiazepine patients’ health outcomes (multiplied by 100).

ED visits Hospital Mental PDA Rx Other
visits disorder diagnosis poisoning side effects

(1) (2) (3) (4) (5) (6)

Panel A. All ages
Post-adoption -0.354 -6.856��� -0.307 0.004 0.005 -0.024

(1.88) (2.559) (0.343) (0.008) (0.008) (0.042)
Mean outcome 33.925 164.768 6.363 0.166 0.240 1.157
Observations 15,167,056 15,167,056 15,167,056 15,167,056 15,167,056 15,167,056

Panel B. Age 18–39
Post-adoption 1.682 -13.47�� -0.718 0.044 0.037 0.006

(2.997) (5.38) (0.811) (0.041) (0.025) (0.019)
Mean outcome 32.984 182.878 11.174 0.603 0.529 0.299
Observations 3,084,187 3,084,187 3,084,187 3,084,187 3,084,187 3,084,187

Panel C. Age 40–64
Post-adoption 0.226 -5.816��� -0.35 -0.005 -0.011 -0.01

(1.758) (2.229) (0.377) (0.008) (0.012) (0.025)
Mean outcome 26.064 151.281 6.805 0.086 0.255 0.561
Observations 6,311,289 6,311,289 6,311,289 6,311,289 6,311,289 6,311,289

Panel C. Age over 65
Post-adoption -2.061 -4.559�� -0.054 -0.006 0.005 -0.052

(1.759) (2.037) (0.084) (0.003) (0.008) (0.086)
Mean outcome 44.100 170.789 3.268 0.020 0.066 2.378
Observations 5,340,589 5,340,589 5,340,589 5,340,589 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Panel A shows the results for all ages, Panel B for the age group under 18–39, Panel C for the age
group 40–64, and Panel D for the age group 65 and older. Each regression controls for calendar time (half-year)
�xed effects, patient �xed effects and the municipality-speci�c linear trend. Standard errors are clustered at the
municipality level and shown in parentheses. For scaling purposes, all coef�cients, standard errors, and means
have been multiplied by 100. �p<0.1; ��p<0.05; ���p<0.01.
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Second, we apply the tools proposed by Roth (2022) to evaluate potential low-
power issues in the pre-trend tests and calculate the likely distortions from pre-
testing under the researcher-hypothesized violations of parallel trends. To empirically
implement these tools, we use a pretrends R package for Roth (2022) and test
statistics based on our baseline TWFE event study estimates. We �rst hypothesized
the existence of a pre-trend as a linear violation of the parallel trend that a pre-trends
test would detect a speci�ed fraction of the time (50% power). Online Appendix
Figures D.5-D.8 visualize the hypothesized linear trends in dark gray. Along with
the hypothesized trend, the �gures also show the estimated coef�cients and their
con�dence intervals (dark dots and dashed lines), as well as the expected value of
the coef�cients conditional on passing the pre-test under the hypothesized trend (light
gray). Graphical inspection of the selected main estimated event study coef�cients
and the hypothesized trends points to the conclusion that an undetected linear pre-
trend due to low power is unlikely. Importantly, the estimated coef�cients based on our
TWFE model follow a different pattern than the coef�cients estimated conditionally
on passing the hypothesized pre-trend.
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Figure D.5. Baseline TWFE estimates and hypothesized trend: Number of de�ned daily doses. The
�gures plot the baseline TWFE estimates and their con�dence intervals from event study regressions
using aggregated patient biannual-level panel data against the hypothesized trend (50% power).
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Figure D.6. Baseline TWFE estimates and hypothesized trend: Hospital visits. The �gures plot
the baseline TWFE estimates and their con�dence intervals from event study regressions using
aggregated patient biannual-level panel data against the hypothesized trend (50% power).
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(c) PDA diagnosis, Age 40–64
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Figure D.7. Baseline TWFE estimates and hypothesized trend: Prescription Drug Abuse (PDA)
diagnosis (multiplied by 100). The �gures plot the baseline TWFE estimates and their con�dence
intervals from event study regressions using aggregated patient biannual-level panel data against the
hypothesized trend (50% power).
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Figure D.8. Baseline TWFE estimates and hypothesized trend: Prescription drug poisoning
(multiplied by 100). The �gures plot the baseline TWFE estimates and their con�dence intervals from
event study regressions using aggregated patient biannual-level oanel data against the hypothesized
trend (50% power).
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Appendix E: Additional Age Heterogeneity

Table E.1. Effects of e-prescribing on selected benzodiazepine use and health outcomes at intensive
margin, ages 18–25 and 26–39.

DDDs Renewed DDDs ED visits Hospital PDA Rx
visits diagnosis poisoning

(1) (2) (3) (4) (5) (6)

Panel A. Age 18-25
Post-adoption 2.050�� 1.458� 1.105 �14.541�� 0.064 0.109�

(0.933) (0.771) (3.898) (7.320) (0.068) (0.066)
Mean outcome 17.994 12.541 37.100 201.200 0.800 0.800
Observations 752,758 752,758 752,758 752,758 752,758 752,758

Panel B. Age 26-39
Post-adoption 2.476��� 2.120��� 1.011 �11.983��� 0.050 0.034

(0.748) (0.643) (2.589) (3.925) (0.049) (0.024)
Mean outcome 34.328 26.783 31.700 177.000 0.500 0.400
Observations 2,331,429 2,331,429 2,331,429 2,331,429 2,331,429 2,331,429

Multiplied by 100 X X X X

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Each regression controls for calendar time (half-year) �xed effects and patient �xed effects. Standard
errors are clustered at the municipality level and shown in parentheses. For scaling purposes, the coef�cients,
standard errors, and means in columns 3–6 are multiplied by 100. �p<0.1; ��p<0.05; ���p<0.01.
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Figure E.1. Conditional take-up rate of e-prescriptions, ages 18–25 and 26–39. The �gure plots
the coef�cient estimates from different event study regressions using prescription-level data. The
outcome is a binary variable equal to one if the benzodiazepine prescription is issued electronically.
Event time is the biannual period relative to the period of e-prescribing adoption by the patient’s
municipality of residence. The omitted period is �1. The regressions include only event dummies
and do not use any additional controls.
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Appendix F: Additional Mechanisms

F.1. Potential Role of Improved Diagnosing

Table F.1. Robustness for improved diagnoses: Effects of e-prescribing on benzodiazepine patients’
selected health outcomes, hospital referral arrival dates with coincidental benzodiazepine prescribing
dates excluded from outcomes (multiplied by 100).

Mental PDA Rx Other
disorder diagnosis poisoning side effects

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

Panel A. All ages
Post-adoption �0.331 0.009 0.015� �0.009

(0.328) (0.009) (0.009) (0.057)
Mean outcome 6.338 0.165 0.240 1.155
Observations 15,167,056 15,167,056 15,167,056 15,167,056

Panel B. Age 18-39
Post-adoption �0.851 0.065 0.062��� 0.014

(0.736) (0.043) (0.024) (0.022)
Mean outcome 11.122 0.599 0.529 0.299
Observations 3,084,187 3,084,187 3,084,187 3,084,187

Panel C. Age 40-64
Post-adoption �0.313 �0.004 0.000 0.001

(0.353) (0.006) (0.012) (0.030)
Mean outcome 6.588 0.082 0.245 0.581
Observations 6,742,280 6,742,280 6,742,280 6,742,280

Panel D. Age over 65
Post-adoption �0.065 �0.006� 0.006 �0.028

(0.083) (0.003) (0.008) (0.114)
Mean outcome 3.259 0.020 0.066 2.375
Observations 5,340,589 5,340,589 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-
level panel data. For these outcomes, diagnoses with referral arrival dates to hospital care that are coincidental
with benzodiazepine prescribing dates are marked as zero instead of one. Each regression controls for calendar
time (half-year) �xed effects and patient �xed effects. Standard errors are clustered at the municipality level and
shown in parentheses. For scaling purposes, all coef�cients, standard errors, and means have been multiplied by
100. �p<0.1; ��p<0.05; ���p<0.01.
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F.2. Use of Other Medications

Table F.2. Effects of e-prescribing on benzodiazepine patients’ SSRI use.

All ages Age 18–39 Age 40–64 Age over 65

DDDs Number of rx DDDs Number of rx DDDs Number of rx DDDs Number of rx
(1) (2) (3) (4) (5) (6) (7) (8)

Post-adoption 0.238 0.001 0.488 0.005��� 0.170 �0.000 0.239 0.000
(0.159) (0.001) (0.336) (0.002) (0.259) (0.001) (0.168) (0.001)

Mean outcome 24.444 0.141 31.905 0.213 28.616 0.152 14.869 0.086
Observations 15,167,056 15,167,056 3,084,187 3,084,187 6,742,280 6,742,280 5,340,589 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-
level panel data. The number of de�ned daily doses of SSRI prescriptions (“DDDs") and the number of SSRI
prescriptions (“Number of rx") are outcomes for benzodiazepine patients. Each regression controls for calendar
time (half-year) �xed effects and patient �xed effects. Standard errors are clustered at the municipality level and
shown in parentheses. �p<0.1; ��p<0.05; ���p<0.01.

Appendix G: Placebo Regressions

Table G.1. Placebo regressions: Effects of e-prescribing on benzodiazepine patients’ appendix
disease diagnosis (multiplied by 100).

All ages Ages 18–39 Age 40–64 Age over 65
(1) (2) (3) (4)

Post-adoption 0.004 0.014 0.001 0.000
(0.004) (0.010) (0.007) (0.005)

Mean outcome 0.073 0.126 0.073 0.041
Observations 15,167,056 3,084,187 6,742,280 5,340,589

Notes: Each column shows parameter estimates from a separate regression using aggregated patient biannual-level
panel data. Each regression controls for calendar time (half-year) �xed effects and patient �xed effects. Standard
errors are clustered at the municipality level and shown in parentheses. For scaling purposes, all coef�cients,
standard errors, and means have been multiplied by 100. �p<0.1; ��p<0.05; ���p<0.01.
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