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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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. Introduction 

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

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

We examine a large-scale public policy of health information technology adoption
esigned to improve access to medication while simultaneously limiting overuse:
he adoption of a nationwide and fully interoperable electronic prescribing (e-
rescribing) system that digitizes all prescriptions and their renewal requests in
inland. E-prescribing improves medication access by making it easier for patients
o renew prescriptions without necessarily having to visit a physician in-person.
y reducing patients’ hassle costs in prescription renewal, e-prescribing lowers the
arriers for obtaining essential medications but can also expose some patients to
edication overuse and unintended health harms. However, as e-prescribing also
rovides physicians with better information on a patient’s prescription history through
 centralized e-prescription database, it can prevent medication overuse and related
ealth harms. 

We study how the information technology adoption balances the access-overuse
rade-off for patients treated with benzodiazepines, which are commonly prescribed,
ffective, but also potentially addictive mental health and insomnia medications. We
se the plausibly exogenous rollout of the nationwide e-prescribing system across
ll Finnish municipalities over the years 2010–2013 and population-wide, individual-
evel administrative data sets on benzodiazepine prescriptions and hospital discharges
n Applied Microeconomics, EEA/ESEM 2019, EALE 2019, 8th Annual LDI Health Policy Retreat, 
outhern Economic Association Annual Meeting 2020, VATT Institute for Economic Research and Labour 
nstitute for Economic Research weekly seminars, 74th IIPF conference, Oulu Business School, Annual 
eetings of the Finnish Society for Health Economics, the Association of Finnish Pharmacies, the Finnish 

nstitute for Health and Welfare seminars, and the Annual Summer Meeting of Finnish Economists for 
heir comments and suggestions. The authors gratefully acknowledge the funding of the Yrjö Jahnsson 
oundation for this research (research grant No. 6701). Laine is grateful to the Yrjö Jahnsson Foundation 
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uring 2007–2014. Using a difference-in-differences (DiD) strategy, we estimate the
ffects of the access-improving technology on benzodiazepine use and downstream
ealth outcomes. 

Benzodiazepines have characteristics that make them relevant for studying the
ccess-overuse trade-off in medical services. Benzodiazepines are included in the
orld Health Organization’s (WHO) 2021 Model List of Essential Medicines and
re therefore intended to be always accessible in well-functioning health care
ystems. Accordingly, and reflecting the high prevalence of mental disorders and
nsomnia, benzodiazepines are among the most widely used psychotropics in high-
ncome countries (Olfson, King, and Schoenbaum 2015 ; Votaw et al. 2019 ). When
ppropriately prescribed and used, benzodiazepines can provide health benefits
ecause they are a highly effective treatment for often disabling disorders, such as
nxiety, panic disorder, and insomnia (Hirschtritt, Olfson, and Kroenke 2021 ). When
verused or misused, benzodiazepines can cause adverse drug effects such as poisoning
nd physical dependence, with increased tolerance over time. 1 Long-term use of
enzodiazepines increases the risk of these health harms (Hirschtritt, Olfson, and
roenke 2021 ), and this is what prescription renewals can facilitate. 
Our intention-to-treat (ITT) estimates show that the nationwide e-prescribing

ystem has little effect on the probability of initiating benzodiazepine treatment at the
xtensive 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%
ncrease in the long-term use of benzodiazepines after the adoption of e-prescribing.
hese increases at the intensive margin of benzodiazepine use result from increased
rescription renewals, consistent with e-prescribing improving access to medication
hrough easier renewal. 

We also find substantial response heterogeneity in the effects of the technology
doption across different age groups. The quantitative magnitude of the increase in the
otal amount of benzodiazepine use is over twice as large for younger patients (aged
8–39) as for the elderly (age over 65). Despite the improved access, we find little
ubstantive evidence of improvements in patients’ general health outcomes such as
mergency department visits and mental health outcomes. 3 Rather, we demonstrate
hat hospitalizations for certain adverse drug effects—which measure health harms
elated to overuse or misuse—increase substantially in the younger population, but
ecrease among the elderly. 

Overall, we find that e-prescribing is particularly effective in improving access to
edication for younger patients, who have higher rates of unmet health needs and
. Non-adherence (not following the recommendations from a health care provider) refers to taking 
edication more or less than recommended by a physician and it also includes prescription drug misuse. 
on-adherence is common for patients with major psychiatric disorders (Semahegn et al. 2018 ). 

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

. There is a temporary decrease in hospitalizations for younger patients during the first year of adoption 
hen the increase in their benzodiazepine use was still relatively small. 
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ental health disorders (Alonso et al. 2007 ; Kessler et al. 2010 ; Kullgren et al. 2012 ).
owever, 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
nintended health harms. In contrast, for the elderly, we find that e-prescribing can
revent health harms from adverse drug effects, consistent with an improvement in
nformation provision and potential success in balancing the access-overuse trade-off.

We contribute to the literature studying the effects of health information
echnologies. Only little large-scale evidence of these effects exists, since nationwide
ealth information systems are rare and costly to implement, and high-quality
dministrative data are often limited to a specific region, payer, or policy program, such
s Medicare fee-for-service. Existing research has evaluated the effects of electronic
edical records (EMRs) (Miller and Tucker 2011 ; Agha 2014 ; McCullough, Parente,
nd Town 2016 ; Atasoy, Chen, and Ganju 2017 ; Atasoy, Greenwood, and McCullough
019 ) and prescription drug monitoring programs (PDMPs) (Buchmueller and Carey
018 ; Grecu, Dave, and Saffer 2019 ; Kim 2021 ; Ellyson, Grooms, and Ortega 2022 ).
MRs and PDMPs are, however, information-improving technologies. In contrast, we
tudy a nationwide, interoperable e-prescribing system that improves both medication
nformation and access. Our paper complements an earlier study on the nationwide
-prescribing system showing how information integration enhances physician
oordination in the co-prescribing of harmful non-addictive drug combinations
Böckerman et al. 2023 ). Our paper focuses on a distinct economic question: how
echnology adoption balances the access-overuse trade-off, which is particularly salient
or patients treated with psychotropics and addictive medications. When considered
n combination, these two papers allow us to draw broader policy conclusions on e-
rescribing and health information technologies. 

More broadly, our findings on the relative importance of access and information are
ovel contributions to the literature on health care and welfare program design, access,
nd targeting. Research on health care access has mainly focused on the impacts of
rices, 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.
018 ). In contrast, we study the impacts of health information technology affecting
ccess, overuse, and targeting through reductions in hassle costs and improvements in
nformation provision. Thus, we also contribute to the literature on ordeal mechanisms
xamining how transaction or hassle costs borne by participants can help with
rogram targeting (Nichols and Zeckhauser 1982 ; Finkelstein and Notowidigdo 2019 ;
eckhauser 2021 ; Iizuka and Shigeoka 2022 ). As suggested by our results, reducing
he hassle costs of prescription renewal without an in-person physician visit improves
edication access but may weaken monitoring and targeting for some patients using
igh-risk medications—despite of better prescription information. 

. Institutional Background 

.1. Finnish Health Care System 

inland has a decentralized, tax-financed health care system, in which the
ational Health Insurance Scheme (NHI) covers all Finnish residents. The public
 024
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ector overwhelmingly dominates the provision of health care services. 4 By law,
unicipalities ( N D 304 in 2014) are responsible for organizing primary care for their
esidents at the local level. Each municipality also belongs to one of the 20 hospital
istricts that organize specialized (hospital) health care. The resources for public sector
ealth care services are rationed and waiting times are typically long (Keskimäki et al.
019 ). 

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

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

.2. Mechanisms Related to E-prescribing 

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

.2.1. E-prescribing and Access. E-prescribing systems can improve medication
ccess by making it easier for patients to renew their existing prescriptions. Before
. In 2014, public primary and specialized health care accounted for approximately 50% of Finland’s 
ealth care expenditures. In contrast, private health care covered by NHI accounted for only 5% of health 
are expenditure, and employer-sponsored health care provided by the private sector accounted for 3% 

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

. A renewal is the generation of a new prescription based on a previous prescription. Prescriptions can be 
enewed without an in-person physician visit and e-prescribing made this much easier. In some countries, 
atients can also electronically request prescription refills. This means that they can order a new supply 
f medication without an in-person physician visit for an existing prescription. When a prescription has 
xpired or has no medication or refills left, it has to be renewed. In Finland, patients can renew, but not 
efill, prescriptions. 
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-prescribing, a patient had to deliver an existing paper prescription at a health care
nit or pharmacy for prescription renewals and renewed prescriptions were transferred
etween physicians and pharmacies, for example, by fax or mail. 

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

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

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

.2.2. E-prescribing and Information. Interoperable nationwide e-prescribing sys-
ems also improve the exchange of prescription information both within and across
rovider organizations. In contrast to providers’ pre-existing incompatible and incom-
lete health information (such as EMR) systems, the nationwide e-prescribing system
rovides physicians with access to a patient’s complete e-prescription history. 7 Thus,
he system reduces the likelihood of a physician not knowing about the patient’s
revious prescriptions. The benefit of improved information can, however, be relatively
mall in the first year after the adoption of the e-prescribing system, because the system
. Some e-prescribing systems or online pharmacies in other countries permit patients themselves to make 
lectronic renewal requests. In Finland, electronic renewal requests were introduced into the e-prescribing 
ystem in 2015, which is outside of our observation period. 

. The Finnish e-prescribing system does not record past paper prescriptions or information on diagnostic 
nd related notes taken by physicians during the appointment. The information about diagnostic and related 
otes taken by physicians is recorded and available only locally in the health care unit treating the patient. 
otably, the e-prescribing system does not contain warnings on controlled substances or other decision- 
upporting tools for physicians. Online Appendix Figure A2 in Böckerman et al. (2023 ) illustrates the 
rescription information available in the Finnish health care provider setting. 
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nly includes information on the e-prescription history and it takes time for the e-
rescription data to accumulate in the system. 

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

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

.3. Staggered Adoption of Nationwide E-prescribing System 

e evaluate the rollout of the nationwide e-prescribing system across all municipalities
n Finland. The unified standards and interoperability of the fully integrated nationwide
ystem enable access to a centralized prescription database that has the records of
ll filled and unfilled e-prescriptions for all physicians and pharmacies involved in
 patient’s care. This access, however, requires a patient’s permission. 9 The system
ncludes all pharmacies and providers (public or private), and enables them to
lectronically prescribe and renew prescriptions. 

We focus on the adoption of e-prescribing in primary care for three reasons.
irst, prescription renewal and related preventable harms are pertinent in primary
are settings worldwide (Duncan, Zermansky, and Alldred 2014 ; Price et al. 2017 ).
econd, the literature has shown that primary care physicians write most prescriptions,
specially for benzodiazepines (Cascade and Kalali 2008 ). Third, in Finland, there was
ubstantial regional variation in the adoption time of e-prescribing in (public) primary
are, stemming in part from the fragmented nature of the primary care system and the
ecentralization of its organization across municipalities (Section 2.1 ). 
. Physicians may use information in deciding whether to renew an existing prescription, switch to a 
ifferent medication or initiate a new medical treatment. 

. The Finnish law enacted on April 2014 made it possible for physicians to access information on 
rescriptions for central nervous system drugs without a patient’s permission. In practice, physicians were 
bligated to act in accordance with the law from November 1, 2015 onward, which is outside of our 
bservation 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. 
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Figure 1 documents the staggered adoption of the e-prescribing system across
ll municipalities and over the course of four years (2010–2013) before the system
ecame mandatory in public health care in 2014. The figure shows the earliest
unicipality adoption time at the half-year level, and we also use this level of
recision in our estimations. Even though there was some geographical clustering in
he policy adoption, the adoption time still varied substantially across regions. 10 The
-prescribing system was first adopted in 2010 by the sixth largest municipality in
inland, 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

doption time was driven mainly by difficulties in integrating the e-prescribing system
ith the pre-existing information technology systems in local health care units,
ot by regional differences in patient outcomes. The adoption was gradual across
unicipalities, because the implementation of a national and fully standardized system
equired substantial investments in information technology infrastructure, tailoring
0. In practice, these clusters are caused by municipalities being affiliated with one of the hospital districts 
hat coordinate some of their specialized care activities. This clustering is not a threat for identification of 
he effects, because there is also relevant variation for identification within hospital districts. The clustering 
an, however, affect statistical inference. For this reason, we show the robustness of our standard error 
stimates for the geographic clustering of the policy adoption at the hospital district level (Section 6.3 ). 
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oftware, and a skilled workforce in each municipality. To support the findings from the
overnment expert interviews and the credibility of our research design, Böckerman
t al. (2023 ) show that the adoption time is unrelated to municipality-level covariates
uch as measures of prescription drug use and morbidity in the pre-adoption period. 

.4. Benzodiazepine Market 

enzodiazepines are one of the most widely used psychotropics in high-income
ountries (Olfson, King, and Schoenbaum 2015 ). They are commonly used in the
dult population to treat mental health disorders and insomnia. In Finland, the top five
ctive ingredients (benzodiazepine drugs) based on 2014 sales measured in euros were
lprazolam (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 

otably, nearly 10% of all Finnish adults had used benzodiazepines in 2014 (Kurko
t al. 2018 ). For comparison, the prevalence of benzodiazepine use within a year has
eached 20% in France (Airagnes et al. 2019 ), approximately 10% in Norway (Holm
t al. 2012 ), and 5% for U.S. adults (Olfson, King, and Schoenbaum 2015 ). 

Benzodiazepines are effective medications for treating often disabling disorders
uch as anxiety, panic attacks, insomnia or sleeping disorders, as well as depression
hen anxiety is involved (Quagliato, Freire, and Nardi 2018 ; Hirschtritt, Olfson,
nd Kroenke 2021 ). 12 Thus, the appropriate use of benzodiazepines can improve
atient health outcomes, for example, reducing hospital admissions related to mental
isorders. 

Health harms through adverse drug effects indicate medication overuse.
enzodiazepines may cause sedation, a decline in cognitive functions and delirium
Lader 2011 ). Benzodiazepine poisoning is characterized by excessive sedation for
xample, and may result after an overdose and the use of medication in large amounts.
oreover, long-term use of benzodiazepines may lead to physical dependence and
buse, with strong withdrawal symptoms and increased tolerance over time (Lader
011 ; Votaw et al. 2019 ). Clinical treatment guidelines generally recommend not using
enzodiazepines for more than 2–4 weeks (FCCG 2020 ). Despite these guidelines and
ealth harms, long-term use of benzodiazepines is common in Finland (Kurko et al.
018 ) and generally in Europe (Huerta et al. 2016 ). 

Because mental and behavioral health disorders are on the rise globally,
enzodiazepines are a relevant drug class for studying how a public policy of health
nformation technology adoption succeeds in balancing the access-overuse trade-off
n medical services. Misuse of benzodiazepines is prevalent in Europe and the U.S.,
nd these medications are commonly involved in poisonings, overdose deaths, and
mergency department visits related to non-medical misuse of prescription drugs
1. The wholesale value of benzodiazepines was EUR 13.7 million in that year, with a market share of 
pproximately 17% of the wholesale value of all psycholeptics. 

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

owever, research on medication misuse has mostly focused on the opioid epidemic in
he U.S. and policies such as the adoption of information technologies aimed at curbing
t (Buchmueller and Carey 2018 ; Ellyson, Grooms, and Ortega 2022 ; Maclean et al.
022 ). 

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

. Data 

e use comprehensive, individual-level de-identified administrative data sets for
atients treated with benzodiazepines to analyze their prescription drug use, renewals,
nd downstream health outcomes at the intensive margin. We also use de-identified
ndividual-level data on the entire Finnish adult population to study their first-time
enzodiazepine use at the extensive margin. We define benzodiazepine patients as
hose who have at least one dispensed benzodiazepine prescription in the years 2007–
014. 14 We focus on adults who are at least 18 years of age because the prevalence
f benzodiazepine use is remarkably low among individuals younger than 18 years of
ge, who only represent approximately 2% of all of our observations. We construct
ll our variables for each individual (patient) and half-year period to find a balance
etween the accuracy of the adoption time of e-prescribing and observing variation in
enzodiazepine use and downstream health outcomes. 15 Next, we provide an overview
f our data sets and describe the main variable construction. Details on the drug classes
nd ICD-10 diagnosis codes used for variable construction are in Online Appendix A.
3. 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 
otal number of seized benzodiazepine tablets was 517,000 in 2021, and there has been an increase in 
he total number of seized tablets in recent years. To date, a substantial and increasing fraction of seized 
enzodiazepine tablets come from unofficial online purchases. Thus, the regional availability of illicit 
rugs is much less important now. We show later the robustness of our baseline results to controlling for 
unicipality-specific linear time trends that capture, for example, the general changes in regional illicit 
arkets (Section 6.3 ). 

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

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

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

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

We measure the effects of e-prescribing at the intensive margin of benzodiazepine
se, that is, the total amount (duration) of medication use per patient. However, this
easurement is challenging because the amount of a medication needed to produce

 given effect varies across benzodiazepine drugs. For example, 15 mg of diazepam
s approximately equivalent to 3 mg of lorazepam, according to the national treatment
uidelines (FCCG 2020 ). To address this challenge, we use the WHO’s DDD measure.
DD is defined as the assumed average maintenance dose per day of a drug used for
ts main indication in adults, providing us with a standardized unit of measurement for
ifferent types of benzodiazepines. We calculate the number of dispensed DDDs of
enzodiazepine prescriptions, which is our primary measure of benzodiazepine use at
he intensive margin. 

We also calculate the number of dispensed prescriptions. In contrast to the number
f dispensed DDDs, this measure is rather coarse because it does not capture changes
n an important aspect of medication use at the intensive margin: the total amount of
edication use. 18 We calculate these two measures separately for renewed and new
rescriptions. To better understand the adjustment at the intensive margin, we also
6. Our prescription data do not, however, include prescriptions given in hospitals, nursing homes, and 
ther institutions such as palliative care clinics, where benzodiazepines are also commonly used (Finnish 
edicines Agency (Fimea) 2015 ; Malagaris, Mehta, and Goodwin 2022 ; Peralta et al. 2022 ). 

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

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

 - kausijulkaisut user on 07 O
ctober 2024



12 Journal of the European Economic Association

u  

(
 

p  

c  

a  

b  

s  

i  

fi  

t  

t  

f

3

W  

w  

a  

c  

t  

i  

b  

p
 

a  

b  

c  

d  

C  

r  

m  

d  

v  

h  

m
 

f  

i  

7
d
r
d

D
ow

nloaded from
 https://academ

ic.oup.com
/jeea/advance-article/doi/10.1093/jeea/jvae034/7660568 by Jyvaskylan yliopisto / Kirjasto - kausijulkaisu
se 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
rescription data with another data set from Statistics Finland using commonly
oded individual identifiers. This another data set contains information on the entire
dult population in Finland, also including those individuals who did not have a
enzodiazepine prescription during the observation period. Using the combined data
ets, we calculate the indicator of having a benzodiazepine prescription and the
ndicator of first-time benzodiazepine use in the entire adult population. We define a
rst-time user as an individual who did not have a benzodiazepine prescription during
he previous 16 month-period in the prescription data. To account for left censoring,
he first 16 months are excluded from the data, implying that the first biannual period
or this variable is the second half of 2008 (H2:2008). 

.2. Measures for Patient Health Outcomes 

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

However, even with our rich data, it is challenging to comprehensively measure
nd distinguish downstream health outcomes related to appropriate use or overuse of
enzodiazepines, in part, because mental and behavioral health disorders generally
annot be fully cured and thus the focus of the treatment is on management of the
isorder and its symptoms (Maclean 2019 ). We rely on the literature (Buchmueller and
arey 2018 ; Chen, Persson, and Polyakova 2022 ) to construct several medical service-
elated health outcomes, which are potentially associated with appropriate use and
edication overuse in our setting. To gain an overview of the benzodiazepine patients’
ownstream health outcomes, we calculate the number of their emergency department
isits, the total number of hospital visits, and an indicator of hospitalization for specific
ealth conditions, including diagnoses of mental and behavioral disorders (henceforth
ental disorders for brevity). 
In addition to these general and mental health outcomes, we construct proxies

or health harms from adverse drug effects and medication overuse. We calculate the
ndicators of the diagnoses of prescription drug abuse (PDA) disorder and prescription
.5 DDDs (5 days multiplied by 1.5 DDDs), corresponding to 7.5 days of theoretical use (10 mg per 
ay). The number of DDDs also reflects the actual duration of medication use (5 days) as well as its 
elative amount (daily dose intensity of medical therapy), that is, the ratio of actual to theoretical daily 
ose (15 mg/10 mg). 
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rug poisoning for hospitalizations. Prescription drug poisoning may result from an
nintentional or intentional overdose. Prescription drug abuse is more specifically
elated to physical dependence and can be prevented by investigating patients’
rescription histories (NIDA 2023 ). Although hospitalizations for prescription drug
oisonings and abuse might not be exclusively attributed to benzodiazepine use, 19 both
re positively correlated with the number of DDDs of benzodiazepine prescriptions
 Online Appendix Figure B.1). We supplement these two measures with an indicator
f hospitalization with a diagnosis of other possible side effects of benzodiazepines,
uch as sedation, poor coordination, and cognitive function decline. 

. Evidence on Prescribing and Health Patterns 

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

Panel C shows benzodiazepine patients’ health patterns. Patient mortality
s 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
alliative care as opposed to mental health care. Moreover, 26% of benzodiazepine
atients receive hospital diagnoses of mental disorders at least once during the
bservation period. Panel D shows that the average age of benzodiazepine patients
s only a little higher (55 years) than the average age of the general Finnish adult
opulation (49 years). 21 

ge Heterogeneity. We study differences in the use of benzodiazepines and
ownstream health outcomes in the different age groups. Figure 2 documents the
9. These hospitalizations might result from a combination of factors such as the concurrent use of 
lcohol and prescription drugs. 

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

1. Compared with benzodiazepines, the use of hypertension and cholesterol-lowering medications, 
or example, is even more concentrated among the elderly population (Jackson et al. 2005 ), making it 
hallenging to generalize the results to the broader (non-elderly) population. 

aisut user on 07 O
ctober 2024

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


14 Journal of the European Economic Association

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

Figure 2 shows that the use of benzodiazepines, as measured by the number of
DDs, is more concentrated among older patients, consistent with earlier findings
Olfson, King, and Schoenbaum 2015 ). For patients above age 55, there also was
 substantial decrease in the use of benzodiazepines between 2010 and 2014, the
wo years between which e-prescribing was rolled out. A decline in long–term
enzodiazepine use has also been documented in previous research in Finland (Kurko
t al. 2018 ). Prescribing behavior for benzodiazepines has evolved over time, and that
ould be because of changes to mental health prescribing practices. However, Figure 2
lso shows that the decrease in benzodiazepine use was much smaller among younger
atients. In fact, we find that for those aged under 20, the number of DDDs increased
ver time. 

Figure 3 documents the age profiles for the selected adverse health outcomes and
hows that younger patients have much higher rates of hospitalizations for mental and
 er 2024
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ehavioral disorders, PDA, and prescription drug poisoning than other age groups
panels B–D). Moreover, younger patients (under 40 years of age) also experienced
 substantial increase in the prevalence of these adverse health outcomes and the
umber of emergency department visits from 2007 to 2014. Emergency department
isits increased also for elderly patients (age over 65), but not as much as for younger
dults. 

Mental disorders are one of the highest disease burdens in Finland, and they
isproportionally affect younger adults (Patana 2014 ). We document that younger adult
atients use benzodiazepines less, despite their higher rates of mental and behavioral
ealth disorders. Younger adults have higher rates of unmet health needs and face major
arriers in accessing health and mental care despite the universal health insurance
ystem and low financial barriers to health care access (Alonso et al. 2007 ; Vanheusden
t al. 2008 ; Kullgren et al. 2012 ; Patana 2014 ). As a result, younger adults may more
requently underuse medications, which could worsen their mental health. However,
he long-term use of potentially addictive drugs can lead to medication overuse or
isuse, which can cause health harms. This can be particularly concerning for the
ounger 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
lready more commonly use medications and thus we expect the information channel
o have a larger effect for them than for the younger patients. These descriptive patterns
otivate the analyses of response heterogeneity in the effects of e-prescribing in
ifferent age groups. 

. Empirical Approach and Identification 

aseline Specification. We estimate the effects of a nationwide e-prescribing system
n benzodiazepine use and downstream health outcomes, using comprehensive
ndividual (patient) biannual-level administrative data and a DiD design based on the
taggered rollout of the system across all municipalities over four years. Because e-
rescribing was adopted at different times across municipalities, and all municipalities
ventually adopted the technology, individuals in later-treated municipalities are used
s controls for individuals in early-treated municipalities in estimating the average
reatment 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) 
2. We follow individuals in the relevant population over time, starting after they turn 18 years until 
hey die, making the data an unbalanced panel. Note that for benzodiazepine use and health outcomes 
t the intensive margin, we use all Finnish adults with at least one benzodiazepine prescription over 
he observation period as the relevant population (“benzodiazepine patients”). For the extensive margin 
utcomes, we use all Finnish adults as the relevant population (Section 3 ). 
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here yimt is a benzodiazepine-related outcome such as the number of DDDs for
ndividual i in municipality m at time t (a period of 6 months). t � Em 

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

, and 1 Œt � Em 

� 0� denotes the post-adoption
ndicator. We include individual and time fixed effects, ˛i and �t , to control for
ndividual- and time-specific factors such gender, age, and general trends in prescribing
ehavior. 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
uring the 2007–2014 observation period. Hence, our approach identifies the ITT effect
f the e-prescribing policy ( � in equation ( 1 )) using variation across municipalities in
he adoption time. This holds to the extent that in the absence of the e-prescribing
ollout, the outcomes would have evolved under parallel trends in municipalities
dopting the technology at different times. 

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

yimt D
X 

k 

ık 1 Œt � Em 

D k� C ̨ i C �t C "imt ; (2)

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

Following Sun and Abraham (2021 ), we trim the event study graphs by analyzing
he data up to five relative time periods prior to the adoption ( k D �5 ) and three periods
3. The results do not change much if we use municipality instead of individual fixed effects. 

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

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

ake-up of E-prescriptions. The estimated ITT effect of the e-prescribing policy
ay underestimate the average treatment effect on treated (ATT) because the take-
p of the new technology by individuals was voluntary. Fortunately, we can use our
rescription-level data to study the take-up rate of e-prescriptions by individual patients
r their physicians after the patients’ municipality of residence adopted e-prescribing
n 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
re issued electronically, after which the number grows gradually to around 60%–
0%. The take-up rate is also very similar in the three age groups, with only a slightly
igher take-up among the elderly patients (panel b). We conclude that low take-up
ates or differences in take-up rates across age groups are unlikely to explain our
ndings. 
5. Trimming also implies that the post-treatment (the pre-treatment) periods are relatively short for the 
rst (the last) treatment units. 

6. Similar to other DiD and event study estimators developed for staggered research designs, such as 
allaway and Sant’Anna (2021 ) and de Chaisemartin and D’Haultfœuille (2020 ), the estimator by Roth 
nd 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. 
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. Results 

e report our results on the effects of e-prescribing on benzodiazepine use in
ection 6.1 and downstream health outcomes in Section 6.2 based on the baseline
WFE specification presented in equation ( 1 ). We present only the most relevant
ynamic patterns using the event study plots from equation ( 2 ) in the main text and,
or brevity, include the remaining figures in the Online Appendix. In addition to the
verage effects, we also explore the response heterogeneity of e-prescribing across
ifferent age groups (18–39, 40–64, and 65 years and older). 27 Finally, we show the
obustness of our results for alternative specifications and estimators, study additional
echanisms, and conduct a placebo test (Section 6.3 ). 
7. Note that we do not include age as a control variable in our baseline specification because the variation 
n it is absorbed by individual and time fixed effects. Nevertheless, we checked that the age composition 
id 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 
ndicator 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. 
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.1. Effects on Prescription Drug Use 

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

Panels B–D of Table 2 reveal a substantial response heterogeneity in the effects
f e-prescribing. The quantitative magnitude of the increase in benzodiazepine use is
ver twice as large for the younger as for the elderly patients (2.4 versus 1 DDDs
r 8% versus 1%). The estimated event study coefficients in Figure 5 show that the
ncrease is gradual in each age group, coinciding with the increasing take-up rate of
8. Recall that benzodiazepine patients are defined as those who have at least one dispensed 
enzodiazepine 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. 
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-prescribing over time (Figure 4 ). Importantly, they show little evidence of deviations
rom the parallel trends assumption. 

.1.2. Mechanism: Improved Access through Easier Renewal. Consistent with e-
rescribing improving access to medication through easier renewal, we find that the
 er 2024
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ncrease in the total amount of benzodiazepine use per patient results from renewed,
s opposed to new prescriptions (columns (3)–(4) of Table 2 and Online Appendix
igure B.3). 29 We also find that the increase in the number of renewed DDDs is much
arger for the younger patient group (8%) than for the age groups of 40–64 years (4%)
nd over 65 years (2%). This finding is expected because benzodiazepine use is already
ore widespread among older patients. 

.1.3. Number of Prescriptions at the Intensive Margin. Next, we present the results
n the alternative measure of benzodiazepine use at the intensive margin: the number
f prescriptions per patient. We find that the number of prescriptions increases
radually over time for younger patients, with an increase of 4% 1 year after the
doption ( Online Appendix Figure B.4). The corresponding DiD estimate is, however,
tatistically insignificant, ruling out an effect larger than 3% based on the 95%
onfidence intervals (column (4) of Table 2 ). For the elderly patients, the estimated
ffect is negative (2%) and statistically significant despite the increase in the number
f DDDs. Next, we study changes in individual prescriptions to explain these patterns
nd to provide more comprehensive evidence of the effects of e-prescribing. 

.1.4. Long-term Use and Prescribing Interval Using Prescription-level Data. In
nline Appendix Table B.2, we present additional results on the long-term use of
enzodiazepines and prescribing interval, using raw prescription-level data. We follow
urko et al. (2015 ) and the definition used by the WHO (1996) and define long-term
se of benzodiazepines as at least 6 months’ theoretical use (180 dispensed DDDs)
nd at least two separate drug purchases dispensed at a pharmacy per prescription.
long with a high number of DDDs, multiple purchases per prescription indicate long-
erm use and the need for additional doses of benzodiazepines, despite potential health
arms. 

We find that e-prescribing increases the long-term use of benzodiazepines by 14%
or younger patients (column (4)) and by 6%–7% for the groups of 40–64 years
nd 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,
s shown by a 2% decrease in the prescribing interval (column (7)). In contrast, for
he elderly, physicians issued longer prescriptions (an increase of 2% in the number of
DDs) and less frequently (an increase of 1% in the prescribing interval), with a fewer
umber of new DDDs (a decrease of 4%), leading to a smaller number of prescriptions

hown in Table 2 . 

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

0. Using prescription-level data, we also show that the estimated effects on the number of DDDs of 
ll, renewed, and new prescriptions are similar and even more precisely estimated to those obtained using 
he patient biannual-level panel data (columns (1)–(3)). We also confirm that our effect estimates on the 
ong-term use of benzodiazepines are very similar to those obtained using the patient biannual-level data, 
nd both estimates are also statistically significant ( Online Appendix Table B.3). 
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.1.5. Extensive Margin Adjustment. E-prescribing can also lead to adjustments
t the extensive margin of benzodiazepine use through the information channel
Section 2.2 ); improved information on the patient’s prescription history of other drugs
han benzodiazepines might help the physician to learn about the potential harms
benefits) of benzodiazepines, and thus negatively (positively) impact the physician’s
ecision to initiate benzodiazepine treatment. We combine our prescription data with
he entire Finnish adult population data, including also all individuals who did not have
 benzodiazepine prescription during the observation period, to study the potential
ffects on benzodiazepine use and first-time use at the extensive margin. This type
f analysis, only rarely conducted at the individual level in the literature because of
ata limitations, complements our intensive margin results by using comprehensive
ndividual-level data on benzodiazepine users and non-users who potentially become
rst-time users. 
We find that benzodiazepine use increases by 2% in the younger Finnish adult

opulation; however, the point estimate for first-time use is statistically insignificant.
or the elderly, the extensive margin point estimates are negative, statistically
nsignificant and are small in magnitude (decreases of less than 1%). (Table 3 and
nline Appendix Figures B.5 and B.6.) 

.2. Effects on Health Outcomes 

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

.2.1. General and Mental Health Outcomes. We first focus our attention on the
eneral and mental health outcomes. Column (2) of Table 4 shows that e-prescribing
ecreases the total number of hospital visits by 7% and 3% for the age groups
f 18–39 and 40–64 years, respectively. However, the corresponding event study
lots in Figure 6 show that this decrease is detected only in the short term, during
he first year of adoption. The estimated DiD effect on the number of emergency
epartment visits is statistically insignificant (column (1) of Table 4 ), similar to the
orresponding event study estimates, which are noisy with wide confidence intervals
 Online Appendix Figure B.7). 31 The estimates for the probability of hospitalization
or mental or behavioral health disorders are, however, less noisy, but statistically
1. The 95% confidence intervals of the DiD estimates, for example, for all patients on average allow us 
o 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. 
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nsignificant ( Online Appendix Figure B.8), similar to the results for most of the other
eneral health outcomes. 32 

.2.2. Health Harms from Adverse Drug Effects. We then focus our attention on
roxy measures for health harms from adverse drug effects and medication overuse.
e find that e-prescribing increases younger patients’ probability of hospitalization

or PDA and prescription drug poisoning by approximately 11%–12% compared with
he mean, showing that e-prescribing had unintended health harms for younger patients
2. 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 
utcome and quite rare in age groups other than the elderly. However, we also find statistically insignificant 
ffects on more specific health outcomes of hospitalizations for anxiety, panic disorder, depression, and 
leeping disorders (columns (2)–(5)). The only exception is a statistically significant 35% decrease in the 
robability 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. 
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columns (4) and (5) in Table 4 ). The effects on PDA and poisonings are consistent with
ach other, but the latter effect is more precisely estimated. The increase in poisonings
s also gradual and approximately twice as large after the first year of adoption based
n the event study estimates (Figure 7 ). 
er 2024
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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. 
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In contrast, for the elderly, we find that e-prescribing reduces the probability of
DA 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
rescription drug poisonings are, however, positive and statistically insignificant for
he elderly. The possible increase in prescription drug poisonings might reflect a
 er 2024
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odest increase in the total amount of their benzodiazepine use after e-prescribing,
hereas hospitalizations more specifically related to physical dependence and PDA
ppear to be more easily prevented with better prescription information. Although
mprecisely estimated, our results on hospitalizations related to other side effects
f benzodiazepines (e.g. sedation and a decline in cognitive functions) also suggest
 gradual decrease in these relatively prevalent health harms for the elderly
 Online Appendix Figure B.10). However, it is difficult to make strong conclusions
ased on the statistically insignificant estimates. 

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

.3. Robustness and Additional Mechanisms 

.3.1. Alternative Specifications. We test the robustness of our results by using
lternative specifications in both the estimations and samples. First, we exclude
hose who die during the observation period. Second, we restrict our data to periods
hen the last-treated municipalities had not yet adopted e-prescribing and thus act
s “clean controls” for early-treated municipalities. 34 ( Online Appendix Tables C.1
nd C.2.) Third, we cluster standard errors at the hospital district, rather than at
he municipality level (see Section 2.3 ). Fourth, we exclude patients who switched
unicipalities during the observation period and could cause contamination bias in the

reatment effect estimates. ( Online Appendix Tables C.3 and C.4.) Fifth, we estimate
pecifications using physician fixed effects as in Dubois and Tunçel (2021 ), based on
ur prescription-level data, to evaluate the role of unobserved heterogeneity across
hysicians in their prescribing decisions ( Online Appendix Table C.5). Sixth, we use
n alternative definition of new versus renewed prescription without the 16-month
utoff ( Online Appendix Table C.6, Online Appendix Figures C.1 and C.2). Our results
emain similar to our baseline results in all these alternative specifications. 
3. However, we find that e-prescribing led to fewer hospital visits for younger patients during the first 
ear of adoption when the increase in their benzodiazepine use was still relatively small (Figure 5 ). In the 
econd year, their benzodiazepine use increased further, leading to health harms from medication overuse 
Figure 7 ). 

4. Some of the estimates are more imprecisely estimated than in the baseline specifications. This is 
o be expected because the specification shortens the post-adoption period and thus puts more weight on 
hort-term effects, even though the estimated long-term effects are often larger. 
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.3.2. Potential Biases in TWFE models and Robustness for Treatment Effect
eterogeneity. We evaluate potential biases and assumptions in the TWFE models

 Online Appendix Section D). First, using the decomposition method of Goodman-
acon (2021 ), we show that possible negative weighting does not bias the treatment
ffect estimates in our setting and that the DiD estimates are similar for the
arly- and late-treated units ( Online Appendix Tables D.1 and D.2). Second, we
se the efficient DiD estimator proposed by Roth and Sant’Anna (2023 ) to show
he robustness of our results to treatment effect heterogeneity and to address low-
ower concerns in the baseline estimates ( Online Appendix Tables D.3 and D.4
nd Online Appendix Figures D.1–D.4). Our results are not sensitive to using
lternative heterogeneity-robust DiD estimators. 35 Third, we establish the robustness
egarding undetected parallel trends and noise by controlling for municipality-specific
inear 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
ue to low statistical power is an unlikely explanation of our results. 

.3.3. Further Age-based Heterogeneity. Online Appendix Table E.1 shows no
ajor differential responses to e-prescribing when patients under 40 years of age are
eparated into two additional age groups (aged 18–25 and 26–39). Compared to the
eans, the increases in the number of DDDs and the probability of prescription drug
oisoning are slightly larger for those aged 18–25 than for those aged 26–39 (increases
f 11% versus 7% and 14% versus 9%, respectively). Moreover, there is a similar 7%
ecrease in patient hospitalizations in both age groups. 36 

.3.4. Additional Mechanism: Potential Role of Improved Diagnosing. Improved
nformation on a patient’s prescription history after the adoption of e-prescribing in
rimary care may enhance the prescribing physician’s ability to diagnose mental health
isorders and identify adverse drug effects. Thus, referrals and hospitalizations for
hese conditions might also increase, which could cause upward bias in our health
ffect estimates. 37 Online Appendix Table F.1 shows the results excluding diagnoses
or hospital visits where the referrals are obtained on the same day, and potentially
rom the same physicians, as the benzodiazepine prescriptions (less than 1% of all
5. We find that the estimated effects are similar or somewhat larger and more precise than those obtained 
sing the baseline TWFE specifications. 

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

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

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

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

. Conclusion 

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

Our results are consistent with e-prescribing improving access to medication
hrough easier renewal. We find that e-prescribing increases the total amount of
enzodiazepine use per patient due to increased prescription renewals. The increase
n benzodiazepine use is over twice as large for younger patients (aged 18–39) as for
he elderly (age over 65). We provide further suggestive evidence that the information
echnology adoption can benefit the health of the elderly due to improved information
rovision, but it can also increase the risk of medication overuse and health harms for
ounger patients due to improved medication access. Thus, the ability of e-prescribing
o balance the access-overuse trade-off depends on whether the improved access to
 024
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edication, characterized by easier renewals without an in-person physician visit,
ffsets the benefits of improved information provision for physicians. 38 

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

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

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