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ABSTRACT
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knowledge into medical practice. We investigate how a technological advance, in the form of a
large and influential 2010 randomized controlled study, changed physician practice in statin (a
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of the Italian population for the period 2003-2014. Our analysis accounts for possible non-
random sorting of patients into treatment. We show that both doctors and patients responded
promptly to this technological shock, changing the mix of patients who received therapy, drug
dosing, and frequency of testing for side effects, as well as patient adherence to therapy. The
results show that investments in scientific knowledge can rapidly diffuse into practice in
professions where continuing education is the norm.
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1 Introduction

In every professional occupation (e.g. physicians, engineers, lawyers, accountants, etc.) new developments
or events sometimes contradict previously held beliefs or norms. Such advancements could include the
development of new technologies, the release of scientific studies, the promulgation of new regulations, or
the passage of new laws, among countless other possibilities. Every occupation where such developments
are common require continuing education efforts to maintain a good professional standing. Practitioners
who fall behind, or who do not internalize the new information, risk practicing based on obsolete knowledge,
harming their clients and the economy at large.

In this paper, we focus on the particularly important case of medical professionals. This case is important
for at least two reasons: 1) if doctors do not keep up with the latest developments in their profession, they
may harm their patients health and waste substantial sums of both public and private money; and 2) public
support for health research is, in part, premised on the adoption of new discoveries into medical practice.
We focus on a common but understudied form of technological advance — a randomized evaluation of an
already existing product. This case is interesting because new information may influence the behavior of both
physicians and patients. For physicians, important new technological developments should, in principle, lead
to changes in optimal medical practice, especially when new evidence convincingly contradicts prior common
medical wisdom. To the extent that patients are aware of this changing evidence, they may change their
behavior (i.e. adherence to prescribed therapy) in response as well. The learning process may happen either
because patients themselves become aware of the new evidence, or because changes in prescribed therapy
induced by new information may improve clinical outcomes, or make side effects less likely or less severe. In
short, important new technologies and new medical information should disrupt previous and current medical
practice.

The primary aim of this study is to analyze the effects of a new technology in the form of an “information
shock” that altered the scientific consensus on the side effect profile associated with statin medication, an
important pharmaceutical product used to manage hypercholesterolemia (high serum cholesterol). We test
how this new information diffused among physicians, and how this affected patient adherence to prescribed
medication and health status.

Statins are among the most commonly prescribed medications around the world and a key tool that doc-
tors use to prevent cardiovascular disease. However, statins have been historically seen to cause a potentially

deadly side-effect — liver damage among a small fraction of the patients who take statins regularly. When



statins were first introduced in the mid-1990s, standard practice (encoded in practice guidelines promulgated
by professional societies) recommended conducting quarterly liver function tests (LFTs) for early evidence
of liver damage. If the LFTs were found to be high, physicians reduced the statin dose, prescribed a different
statin or even discontinued the drug. Some observational evidence in the mid-2000s suggested that this fear
of liver damages was overstated, and some physicians started testing for liver side effects less frequently.

In late 2010, the GREACE randomized study confirmed that statins do not commonly cause mild liver
damage, and in fact, improve liver function in a population of people who have liver disease from other
causes. Since 2011, scientific societies modified guidelines to recommend that patients on statins do not need
to have their liver enzyme levels routinely checked (Gillett and Norrell, [2011)). Instead, guidelines suggest
that liver function tests should be prescribed only when statin therapy on initiation or when the statin dose
or type of statin prescribed is changed.

We take advantage of these discrete changes in information to measure how physician prescription and
testing behaviors changed in response to changing evidence about the side effect profiles of statin medication
in Italy. We also seek to understand how patient adherence to therapy changed in response to this changing
evidence. To reach these goals, we first develop a simple theoretical model of technology adoption by
physicians that allows us to derive testable implications and to conduct some comparative statics. We test
the predictions of the model using observational data from a large longitudinal representative sample of
Italian patients diagnosed with hypercholesterolemia between 2003 and 2014.

Given the history of the cholesterol treatment events, we focus on three distinct periods: 1) an early
period (before 2006) when most physicians believed that statins might cause liver damage, and hence regular
liver function testing was necessary; 2) a middle period (2006 - 2010 inclusive) where some observational
studies suggested that statins might not be the cause of liver function abnormalities in patients taking statins;
and 3) a later period (2010+) after the publication of the GREACE trial in 2010, which established that
statins may actually help patients with liver function abnormalities. We discuss evidence that supports this
division into three periods in the next section.

Our paper contributes to a growing literature that evaluates how scientific and technological advance
alter physicians’ practice (Currie and MacLeod, [2018; |Avdic et al.}|2018). In particular,|Currie and MacLeod
(2018) investigate the variations in physician decision making in the context of depression, a pathology where
finding an optimal treatment involves experimentation with different drugs over time and where physician
diagnostic skills are crucial. They conclude that the optimal management of health care should consist

of a combination of constraints upon some choices, while allowing or even promoting discretion over a



set of patient-specific treatments. Using data on percutaneous transluminal coronary angioplasty (PTCA)
from Swedish hospitals, [Avdic et al.| (2018) investigate the physician adaptability to changes in treatment
guidelines and the effects on patient outcomes, by exploiting unexpected information on the potentially
adverse effects of using drug-eluting stents in cardiovascular diseases. They find substantial variation across
providers in response to new information, with negative information generating more heterogeneous responses
than positive information.

Unlike |Currie and MacLeod| (2018]), the decision making in our paper is affected by an exogenous infor-
mational shock and by physician diagnostic skill. Unlike |Avdic et al.|(2018), who focus on stent implantation
(a procedure that typically does not recur), we consider an asymptomatic (though potentially lethal) chronic
condition managed over a prolonged period. In our case, the adherence of patients to recommended therapy
(and hence clinical outcomes) depends upon the quality of the ongoing interaction between the doctor and
the patient.

We organize the rest of the paper as follows. Section [2] discusses the changing evidence on statins;
Section [3] presents our data set; Section [] illustrates a simple model to guide our interpretation of our
empirical results; Section [5] provides a description of our methods; Section [6] presents the empirical results;

and finally, Section [7] offers concluding remarks.

2 The changing evidence on statins

Hypercholesterolemia is defined as a high level of cholesterol in the bloodstream. A high level of low-density
lipoprotein (LDL) cholesterol is of medical concern because patients with high LDL levels are more likely
to develop atherosclerosis, coronary artery disease, and associated heart diseases. Randomized trials have
demonstrated that statin medications are a safe and effective way to reduce serum LDL levels and mortality
risk. For instance, the 4S5 Study (Scandinavian Simvastatin Survival Study Group)|1994), among the earliest
large statin randomized controlled trials (RCT), found that patients randomized to statins enjoyed a 35%
reduction in LDL cholesterol and a 30% reduction in mortality hazard relative to placebo-controlled patients.

However, like every drug, statin medications can cause adverse side effects. In the case of statins, an
increase in blood levels of liver enzymes like alanine aminotransferase (ALT) — which in some cases indicate
liver damage — was historically seen as the most common side effect. An early randomized study found
fifteen times higher rates of elevated liver enzymes among patients assigned to high dose statins relative to

placebo or low dose statins (Bradford et al., [1991)). Physicians viewed this evidence of side effects as salient,



and in studies of statin initiation they were found to be reluctant to prescribe statin therapy because of the

risk of hepatotoxicity (Rzouq et all [2010). Therefore, a finding of elevated LFTs might lead a physician to

lower statin doses, change the prescribed statin molecule, or even recommend discontinuing statin therapy

(Calderon et al.| [2010). Given the concern about liver damage, until 2011 clinical guidelines suggested that

physicians who prescribe statins for their patients should regularly test for changes in liver enzyme levels

(McKenney et al., 2006; |Gillett and Norrell, 2011)), to help detect liver damage in patients on statins.

Evidence from around the world raised the idea that the link between statins, elevated liver enzyme
levels, and permanent liver damage was not well established. Indeed in the early days of statin medications
there were observational studies that found that elevated liver function tests did not necessarily indicate
permanent liver damage and that a finding of elevated liver enzymes was often readily reversible (Molgaard
. Some further observational evidence published in the mid-2000s suggested that this fear of liver

damage was probably overstated. A 2004 literature review concluded that routine liver function tests were

often not ordered and that most cases of elevated liver enzymes were simply transitory (Sniderman, 2004).

A series of observational studies of statin use among patients with pre-existing liver disease found the drug

to be safe and effective, with no evidence of hepatotoxicity (Khorashadi et al.,|2006; Segarra-Newnham et al.,

[2007; [Lewis et al., [2007; Bhardwaj and Chalasani, 2007). A 2006 Italian study reviewed the evidence that

statins cause liver damage, and concluded that, though the authors found some evidence for a relationship,

there was not enough to support a causal link (Conforti et al. 2006). A 2006 American expert panel of

hepatologists concluded that statin use was largely safe in terms of liver side effects (Cohen et al., |2006]).

However, given the evidence from the early statin RCTs the evidence was still mixed, the medical community

continued to recommend testing to check for this type of side effects (Bays| [2006; |Clarke and Mills, 2006).

This belief changed when, in late 2010, the GREACE study of statin medication use in a large population
of Greek patients with abnormal liver tests was published in Lancet, a leading medical journal
2010). The study showed that despite elevated liver enzyme levels, patients randomized to statin medications
experienced lower rates of elevated liver enzymes relative to control patients, with a better cardiovascular
response. This study was striking because its results were so unexpected given what most physicians believed
about the effects of statins. If patients with liver disease show improvements in liver function after statin
therapy, then the prior conventional wisdom that statins can cause low-grade liver damage in patients without
liver disease is most likely incorrect. This, in turn, means that a finding of elevated liver function tests in
the context of statin therapy is not evidence that the statin medication is leading to liver damage. The

GREACE results suggested that statin medications could be continued despite elevated liver enzymes, and



hence that patients on statins need not be tested regularly with LFTs (Pastori et al., 2015)E|

Ultimately, this reasoning led experts to reverse the recommendations in previous guidelines. Between
2011 and 2014, multiple American practice guidelines were modified to recommend that patients on statins
did not need to have their liver enzyme levels checked regularly. They suggest instead that liver function
tests are needed on initiation or when the statin dose or type of statin prescribed is changed (Gillett and
Norrell, 2011} Bays et al. [2014). Though the Italian guideline for ordering liver function tests in the
context of statin therapy has not changed, the GREACE study was widely known among Italian physicians,
because pharmaceutical companies put considerable effort into spreading this information among primary

care physicians through their commercial representativesﬂ

3 Data and Summary Statistics

In this section, we describe the dataset, the selection criteria for our sample, our measures of drug potency
and patient adherence to therapy and, finally, we present the sample summary statistics for all the variables

we use in this study.

3.1 The Italian Health Search Database

Our data are drawn from the Health Search Database (HSD), a longitudinal observational database collected
by the Italian College of General Practitioners (SIMG) since 1998. The HSD contains patient-level data from
computer-based patient records reported by General Practitioners (GPs) throughout Italy. Every individual
who is under the management of a participating GP is included in the HSD database even if he/she has no
doctor visits in any given year.

Although GP participation is voluntary, GPs in the HSD are representative of the National Health
Service (NHS) regional organization. PThe HSD tracks patients in proportion to the size of the Italian adult
population within each region (Fabiani et al.) 2004)E|

Crucially for our analysis, in Italy, patients are matched to physicians via a largely exogenous process.

The choice of physician by a patient is primarily influenced by the geographical location of patients and

1The GRAECE study did not contradict a previous finding that in some rare cases, statins can cause rhabdomyolysis, a
serious condition involving muscle degradation that can lead to extensive liver and kidney damage. This rare side effect cannot
typically be prevented or detected early with regular liver function tests.

2Personal communication with Dr. Claudio Cortese, lipidologist at the University of Rome Tor Vergata.

3Data have been collected routinely since 2000. More details on the extent to which the database represents the adult Italian
population can be found at https://www.healthsearch.it/ (Official website of the HSD project). Data from HSD have been
used in several publications, both in clinical and social sciences peer-reviewed journals (see Mazzaglia et al., [2009; |Atella and
Kopinskaj, [2014} |Atella and Conti 2014; |Atella and D’Amico, [2015} |Atella et al., [2017} 2019, among others).


https://www.healthsearch.it/

physicians. Physicians are not allowed to reject a patient for service based on the patient’s medical condition
severity, nor they can select patients when they first register. Furthermore, there is no financial incentive
that might induce physicians to select healthier or sicker patients.

Patient data are linked through a unique anonymous identifier to drug prescriptions, clinical events and
diagnoses, hospital admissions, and causes of death. The information available includes the prescription
dispensing date and drug characteristics (Anatomical Therapeutic Chemical or ATC code, which indicates
the quantity and type of active ingredient and number of pills). Other observable characteristics are discussed
in Section GPs have routinely collected the data for the HSD since 2003, and our sample includes all
data through 2014, the latest date available to us.

We selected patients based on two main inclusion criteria: 1) patients who receive a diagnosis of “pure
hyper-cholesterolemia” (or familial hypercholesterolemia) and received at least one dose of statin between
2003 to 2014; and 2) patients born between 1925 and 1975, inclusive. We thus have an unbalanced panel
of twelve years, with 11 years of follow-up for the cohort of patients who were observed to be on statins in
2003 and two years of follow-up for the 2012 cohort (that is, 2013 and 2014).

We analyze the data at the patient-quarter level. This choice represents a compromise aimed at reducing
the number of observations with zero values in drug consumption, while permitting frequent changes in
treatment and outcomes. The final sample consists of 103,737 patients (57,244 women and 46,493 men)
for a total of 1,792,595 observations.

We do not exclude patients who initiated statin therapy before 2003. First, the half-life of statins in
humans depends on the molecule, but for all the statins we consider, it is less than 20 hours (Plakogiannis
and Cohen, 2007)E| Since the half-life of statin medications are so short, the effect of the drug on cholesterol
levels for a patient who initiates therapy before 2003 will depend primarily on patient adherence during 2003
and not on drug-taking behavior before then. Second, including people who are already on therapy in 2003
may lead us to underestimate the effect of statin medications on cholesterol levels. Patients who routinely
took statin medications before the start of our observation window in 2003 are likely to have already reached
their statin-influenced equilibrium cholesterol level at the start of our observation window. Continuing to take
the statin medications after 2003 is unlikely to lead to further lowering for patients already in physiological
equilibrium. The results we present in this paler, are thus a conservative estimate of the effect of statin

therapy on treatment outcomes.

4Half-life here indicates the amount of time it takes for half of the initial dose to be excreted from the body or metabolized
into an inactive form.



3.2 Measuring Drug Potency and Patient Adherence

We characterize the prescribed treatment regime using a univariate measure called the ‘equipotency score.’
This score accounts for the heterogeneous effect of different statin molecules in blocking cholesterol synthesis
in the liver, and for the fact that higher doses of the same molecule will have a more powerful cholesterol
synthesis blocking effect than lower doses [Maron et al. (2000). Table |1| shows this conversion formula for
the three statin molecules that we analyze in this study (simvastatin, atorvastatin, and rosuvastatin)ﬂ We
choose these three molecules because they were the most prescribed by Italian physicians.

The effect of the statin also depends upon the patient’s adherence with the prescribed treatment regimen;
a drug cannot affect if a patient decides not to take itﬁ We measure patient adherence by the Mean Possession
Ratio (MPR) (Cramer et all 2008; |Atella et al.| [2017). The MPR is the fraction of days over a quarter

covered by all prescriptions for a drug:

(1)

MPR — (Sum of days’ supply for all fills in quarter) .

Number of days in quarter

The idea is that a patient who is poorly adherent to therapy does not need a refill prescription, and will
consequently have a low MPR. The numerator of MPR is derived from the exact day when a refill occurs.
However, patients need not wait until their statin supply is finished to order a refill; hence there might be
some “overlap.” To avoid an adherence indicator greater than 100%, whenever a patient has some days of
medications left from a previous refill, we add these extra days of medication to the next period, unless the

covered days of the next refill are enough to be 100% adherent.

3.3 Other Observable characteristics

The Health Search Database includes detailed information on patients clinical histories. We calculate the
Charlson Index, which is a standard summary measure of the number and severity of a patients health
conditions, and a good predictor of a patients 10-year mortality risk (Charlson et al., [1987)). The index

takes on higher values for older patients and for each health condition a patient has. For example, a healthy

5 According to this table, going from 20 mg to 40mg of Simvastatin increases the expected LDL cholesterol reduction by
one equipotency unit. Similarly, switching from 20mg of simvastatin to 20mg of atorvastatin or 10mg of rosuvastatin leads
to an increase in the equipotency score because rosuvastatin is more biologically active than atorvastatin, and atorvastatin is
more biologically active than simvastatin. Switching from 40mg of simvastatin to 20mg of atorvastatin or 5mg of rosuvastatin
maintains the same equipotency level.

6 According to the International Society for Pharmacoeconomics and Outcomes Research (ISPOR), medication compliance is
commonly measured by persistent adherence to prescribed medical treatment. Adherence refers to the proportion of prescribed
doses taken in the prescribed time interval, while persistence refers to the continued use of a prescribed therapy over time
(Hughes et al.l 2001)).



patient with no comorbidities has a Charlson score of zero, a patient with a history of acute myocardial
infarction has a score of one, and a patient with a history of AIDS has a score of six. We aggregate scores
above 4 in a unique category to avoid cells with a small sample size.

In addition to the Charlson Index, for each patient, we have available time-varying indicators of many
important conditions including diabetes, hypertension, congestive heart failure, atrial fibrillation, vascular
diseases, a history of cardiac bypass surgery or percutaneous coronary intervention (PCI), ischemic heart
disease, or other cardiac conditions. In terms of diagnostic tests, we observe the number of times each
patient is prescribed liver function tests by each physician, including alkaline phosphatase (ALP), aspartate
aminotransferase (AST), alanine aminotransferase (ALT), albumin and bilirubin. Finally, we have a set of

patient socio-demographic indicators, including age, sex, and the geographical region of residence.

3.4 Summary Statistics

Table [2|reports the list of variables we use in this paper, alongside descriptive statistics by sex. The table, in
particular, reports the average yearly reduction in LDL-cholesterol, which is measured in SI units (mmol per
liter) rather than in mg per dL (which are the standard units typically reported in the US)E] Using yearly
change in LDL levels purges the statistic of variation due to seasonal effects (e.g., Christmas holiday diets
may produce a high LDL-cholesterol level). In sensitivity checks, we define the change in LDL cholesterol at
a quarterly level, with no qualitative change in our main results. As we can see in the table, females represent
55.0% of the sample, and the mean age is around 69 years for women and 65 for men. In accordance with
the distribution of the Italian population, the majority of the patients are concentrated in the north of Italy
(25.0% North-west, 20.0% North-east), with the center accounting for about 18.0%, and the south and the
islands (Sardinia and Sicily) accounting for another 25%.

The initial level of cholesterol (that is, the first observed cholesterol level for a patient in our sample) is
higher for women (120 mmol/L) than for men (110 mmol/L). Men and women reduce their LDL cholesterol
levels in a similar amount, by an average of 3.8% per year. The reduction of cholesterol is achieved thanks
to statins, with an equipotency strength index (equip.) in the range of 4.5-4.6. The adherence rate (MPR)
is high and larger for men (70%) than for women (65%).

The Charlson index is similar by gender (about 1.0). In about one-third of the sample, diabetes is present,
and in about two thirds hypertension is present. Tests for liver dysfunction (aspartate aminotransferase and

alanine aminotransferase levels in the blood) are prescribed about once per year (or 0.25 per quarter) on

"The reader can convert from mmol/L to mg/dL by multiplying by 38.67.



average.

Table [3] reports the number of prescriptions recorded between 2003 and 2014 in our dataset by sex,
dosage, and active ingredient. These numbers reflect specific physician prescribing patterns for simvastatin
(Simva), atorvastatin (Ator), and rosuvastatin (Rosa) in Italy. The most prescribed active ingredients/dose

combinations are Simvastatin 40mg, Atorvastatin 20mg, and Rosuvastatin 10mg.

4 Theoretical model

In this section, we propose a stylized model of physicians forming their beliefs about the efficacy and side
effects of cholesterol medication, their optimal recommended choice of therapy given those beliefs and, finally,
patients deciding about their adherence behavior in response to those recommendations. Our main aim is
to generate simple comparative static predictions about the effects of an information shock on physician
beliefs and patient outcomes. We use this model to guide the interpretation of our empirical analysis in later

sections of the paper.

4.1 Physician Objectives

We model physician beliefs about the effects of statin medication along two dimensions — the effect of statins
on the cholesterol level (C) of a patient, and the occurrence of side effects (SE) produced by the medication
(such as liver or muscle damage). To simplify the notation and the algebra of our theoretical model, but
without loss of generality, we impose that physicians take into account only the equipotency dose (Q) in
forming their prescription recommendation so that the model does not distinguish between switching to
a more potent molecule and switching to a higher dose of the same molecule. We also assume that SE
can be measured by a single positive real-valued number, where larger values indicate either more or worse
side effects for the patient (or both). For notational convenience, we leave implicit that all the beliefs and
objective functions we consider are conditioned on observable characteristics (X).

Higher serum cholesterol levels and more side effects are bad outcomes that physicians and patients
want to minimize. To fit our discussion into the usual maximization framework, we introduce the following
notation: C = —C and SE = —SFE and, whenever it will improve the clarity of the presentation, will refer
to it rather than to C' and SE.

Our focus in most of this discussion is on the decisions of doctors to recommend therapy. Therefore,

we start with the physician utility function, with physicians serving as perfect agents for patients, which is



common in this setting (Scott and Vick, [1999; |Gafni et al.| [1998]). In Sectionwe allow patient behavior to
deviate from physician recommendations. Physicians evaluate a combination of cholesterol and side effects
outcomes with a von-Neumann-Morgenstern utility function u(C, SE|Q), which is a nondecreasing function
of both arguments. As a consequence, physician utility does not decrease when a patient’s cholesterol or

side effect levels decline:

4.2 Physician Beliefs

From a physician’s (and patient’s) point of view, prescribing (and taking) statin medications does not
produce a certain outcome; rather, it produces a range of possible outcomes which are uncertain at the time
of prescription. This uncertainty is a key feature of decision making by doctors, and so decisions will be based
on physician beliefs about the probability of cholesterol control and side effects, for a given equipotency dose
Q: F(c,5€|Q) = P(C < ¢,SE < se|Q). These beliefs, F(-), incorporate the scientific evidence regarding
the clinical effects of statins as well as all other relevant information available to the doctor, such as patient
clinical characteristics (X). In particular, F(-) can be interpreted as incorporating physician beliefs about
patient adherence to recommended therapy. We explore this issue further in Section

Based on the randomized clinical trial evidence we cite in Section [2| we assume that physicians believe
that a higher equipotency dose will increase the probability of side effects and reduce the probability of a

high cholesterol level (for a given side effect level). We formalize this assumption as:

F(SE|Q) < F(SEIQ) YQ'=Q (3)
E /

F(C|SE,Q) > F(C|SE, Q') Y@ > Q. (4)

Equations (3) and (4)) imply that, in expectation, an increase in the equipotency dose @ reduces cholesterol

levels and increase side effects. Applying our notational convention, we have YQ' > Q:

E[SE|Q] > E[SE|Q'] (5)

E[C|SE, Q] < E[C|SE,Q']. (6)

10



In what follows, we will mostly rely on equations( |5)) and @, which we view as mild restrictions (as they
make a statement only about the first moment of the (C, SE) distribution) that are based on RCT evidence.
Equations( and @ generate testable implications regarding the effect of statins on serum cholesterol

levels.

4.3 Changing Evidence and Changing Beliefs

The next step consists in modeling how the release of new information could change physician beliefs. The
evidence produced by the GREACE trial (primarily) revised the scientific view about the effect of statins on
liver function damage, rather than the effect of statins on cholesterol. The latter effect was well established
based on prior studies conducted in the 1990s and earlier, and the relation was accepted unanimously over
time. The belief shock we are interested in, then, is the change in the probability of a side effect, for any given
quantity Q). By definition of joint cumulative distribution function applied to the von-Neumann-Morgenstern

utility function, for any belief, F'(-) (hereafter F for simplicity), we have:

F(C,SE|Q) = F(C|SE, Q) F(SE|Q). (7)

Here, for a given dose Q, F(C|SFE, Q) is the conditional c.d.f. implied by F on serum cholesterol for
given side effects SE, and F(SE|Q) is the marginal c.d.f. of side effects implied by F

Let FPEE and FPOST represent beliefs about the relationship between equipotency dose, cholesterol
levels, and side effect profiles that a well-informed physician will hold before and after the release of the
GREACE trial. The fact that the GREACE trial did not change beliefs about the effect of statins on serum

cholesterol levels can be formalized as:

FPOST(CISE,Q) = FP'E(C|SE, Q). (8)

On the contrary, as the main findings of GREACE were focused on the hepatic side effects of statins, and

in particular that statins are less likely to cause hepatic side effects than was previously believed, we have:

FPOST(SE|Q) < FPRE(SE|Q), (9)

which implies a first-order stochastic dominance relationship (F?°7 dominates FF®F). By combining the

8There is a little abuse of terminology, because both F(SE|C, Q) and F(C|Q) are conditional c.d.f.s. However, we think
that our terminology helps our exposition, while being innocuous for the rest of the paper.

11



results in equation (§) and (9)), from equation (7)) it follows:

FPOST(C SE|Q) < FPRE(C,SE|Q). (10)
Equation [9] implies that physician beliefs before the GREACE study is such that a given dose of statins
would produce more side effects than a physician whose beliefs are based on the post-GREACE consensus:
EPRESE|Q] < EPOSTSE|Q). (11)

which should, in turn, be reflected in different patterns of diagnostic test prescriptions.
For this paper, we assume that GREACE unveiled the true relationship between LDL cholesterol levels,

side effects and quantity of drugsﬂ

FPOST — FO, (12)

where F0 is the true relationship between @, C and SEH

9The natural question that arises in this context is whether the results of the GREACE trial reflect the true relationship
between statin dose, cholesterol levels, and side effects. Given the results of the GREACE trial, it should be clear that the
pre-existing literature did not reflect reality, or else the results of the GREACE trial would have been quite different. In
principle, though, the GREACE study is not necessarily definitive, and future studies could further refine scientific knowledge
about these relationships.

10We believe it is reasonable to assume FFOST = FO because, based on the current scientific consensus, the GREACE trial
represents a closer approximation to FO than did beliefs engendered by the evidence base prior to GREACE (FFEE) We
recognize that equation @ is a strong assumption that simplifies our theoretical analysis considerably. This assumption could
be wrong in two distinct ways. First, it is possible that in truth, there are fewer side effects from statin use than were measured

in the GREACE trial, so that:
FPRE > FPOST > FO.

In this case, the results of our theoretical analysis still hold with minimal modification, and the empirical results we report
regarding the effect of practice size on physician practice are conservative (that is, the expectation based on GREACE may be
an underestimate of the true effect). Alternatively, it is possible that future studies will conclude that the GREACE study was
incorrectly optimistic about the side effect profile of statins. In that case, either

FPRE > FO > FPOST

or even,
FO ~ pPRE | pPOST

In the former case, the qualitative results of the model will still be valid, although the quantitative results would be overly
optimistic. In the latter, the interpretation of our result comparing doctors who treat many patients against doctors who treat
fewer patients would need to be modified. If a future study were to find that the GREACE was incorrect and that statins do
cause hepatic side effects, we would then be forced to conclude that physicians with large practices are currently behaving (and
have been behaving even before GREACE) based on false beliefs about the side effect profiles of statins. They have learned
nothing from their more extensive clinical practice and are not updating their beliefs in response to the evidence in front of
them.
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4.4 Physician Learning

So far, we have modeled the effect of a large one-time shock in beliefs generated by the GREACE trial. In
fact, physicians always update their beliefs based on their private knowledge. There are various channels
to acquire private knowledge. In our case, we model this aspect as a process of learning by doing, where
the more patients a physician treats for hypercholesterolemia, the higher is the knowledge the physician
accumulates. It then follows that the more patients a physician treats, the closer that physician beliefs will
be to reality. We model the physician learning process as a function of the number of patients treated using
a Bayesian framework.

Let N be the number of patients that a physician has treated for this condition and let g(NN') be a function

with the following propertiesﬂ

9(0) = 0
WO =
g(N) = 0
We model physician beliefs, F9°¢, as follows:
F¢(SE|C,Q) = g(N)F°(SE|C,Q) + (1 — g(N))F'™(SE|C, Q). (13)

As the number of patients increases (N — 00), physician beliefs come closer to the true effects of
prescribing statins. If physicians could observe the entire population, their belief would coincide with F°
(by our assumptions about g(N)). As this is not possible, we should expect an effect on the prescription
behavior of all physicians.

However, even before the GREACE trial was published physicians who treated a larger number of patients
should have behaved as if statins did not produce liver side effects: for those physicians, the publication of
the GREACE trial should have had a smaller effect in changing their practice. By contrast, the GREACE

study should have sharply changed the beliefs of physicians who were treating fewer patients (and thus had

H1n principle, doctors update their beliefs based on the outcomes experienced by their patients that adhere to the therapy
recommended by the doctor. If a doctor has many patients, most of whom ignore physician advice, the doctor will not learn very
much. The reader should think of N as the number of patients seen by the doctor who comply with doctor recommendations.
Doctors who are better at convincing their patients to adhere to therapy will then have a larger N, despite seeing fewer patients
than doctors who do a poor job communicating the importance of adherence.
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beliefs closer to FPTF); for these physicians, we should observe sharper decreases in rates of liver function

testing after GREACE than in larger practices.

4.5 Optimal Prescribing

We assume that doctors’ utility follows the standard von-Neumann-Morgenstern assumptions, with the
doctor taking the expectation given their own belief, F%¢ about the efficacy and side effects of statins.

Doctors choose @ in a way that solves:

max U= B0 SE) (14)

where the expectation is taken relative to the doctor’s beliefs (Equation 13).
The optimal Q7. is chosen to maximize U with expectations set based on F' doc wwhich we assume is fixed
near the optimum. The first order condition is given by:
U Ou  OE™[C] ou  OE%Y°[SE]

Q= spid 00 + om0 =0, (15)

which, in the expectations of the GP, balances the marginal decrease in cholesterol level from a higher statin
equipotency dose against the marginal increase in side effects.

While this procedure identifies the optimal dose given the doctor’s expectations about the safety and
efficacy of statin medication, if the doctor’s beliefs do not match the truth (F9°¢ # F°), then the observed
cholesterol levels and side effect patterns will differ from what the doctor expects. In particular, the doctor
expects to find side effect levels equal to £%°° [SE|Q3,.) in response to prescribing the optimal dose, but in fact
— FPOST < pPRE

observes E° [57E|Q§OC], where the latter expectation is taken with respect to F°. Since F°

(see equations |§| and , we have:

E°[SE|Qioc) > E**[SE|Qip)- (16)

In our empirical analysis, we indirectly test this implication by analyzing the frequency at which doctors
order a test for liver damage. The rationale behind our approach is that as physician beliefs come closer to
F° we expect them to order fewer liver function tests since, as GREACE demonstrated, statins are unlikely
to have such side effects.

Likewise, as doctor’s beliefs tend toward F° — either because GREACE has been released or a doctor sees
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7FPOST < FPRE

a large number of patients — so that the expected cost in terms of side effects decreases

and therefore the optimal dose will increase, which implies:

Qpre < Qprost- (17)

Since the optimal equipotency dose is predicted to be higher in the post-GREACE period (and for doctors
whose beliefs are closer to F°), we also predict lower cholesterol levels in the treated population relative to
the pre-GREACE period.

This theoretical framework implies changes in physician prescribing on both the intensive and extensive
margins, on an individual patient basis. That is, the GREACE shock should have increased both the optimal
dose for patients already on a statin (intensive margin), and expanded the set of patients who optimally
should be on statin therapy (extensive margin).

A testable implication for the intensive margin is simple. If our theory is correct, we should observe a
rightward shift in the equipotency dose distribution of statin prescriptions over time, since post-GREACE
physicians are less likely to think that a high dose will lead to liver harm.

A testable implication on the extensive margin for our theory is that sicker patients are selected for
high dose statin therapy in the post-GREACE period than were selected during the pre-GREACE period.
The reasoning is analogous to the intensive margin case. If our theory is right, prior to 2006 and prior to
GREACE, the perceived risk of hepatic side effects limited physicians’ willingness to try statins on their
high risk patients. If the side effects were to occur, sicker would be in worse position to recover from them
than healthier patients. After the information shock, the perceived risk of hepatic side effects diminished,

which in turn made physicians more comfortable prescribing statins to their sicker patients.

4.6 Patient Adherence

Up to now, our modeling effort has emphasized the role that doctors play in prescribing therapy. Of course,
patients play a crucial role in therapeutic decision making as well. If a patient decides against taking a
medication, it does not matter how wise or well-informed the physician’s prescription recommendation was,
the therapy will not affect the patient’s outcomes. So, to correctly model the relationship between statin dose
and the response of cholesterol levels, it is crucial to consider how the recommended drug/dose combination,
the potential side effects, and patient adherence interact with each other.

Lack of adherence is particularly salient when considering treatment for a condition like hypercholes-
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terolemia. As we discussed in Section 2, high serum cholesterol is an asymptomatic condition, and outside
of a health care setting where serum cholesterol levels are measured, patients may never see any tangible or
visible benefit from adhering to the prescribed therapy. By contrast, though rare, some of the side effects
that are caused by statin medication —such as muscle pain— may be painful and easily observable. Patients
may also incorrectly attribute other symptoms they are experiencing to a prescribed statin, even if the med-
ical literature does not support such a relationship. In situations like this, adherence to prescribed statin
medications is likely to be low.

Lack of adherence arises because patients have their own preferences and beliefs that physicians only
imperfectly reflect. Though physicians in principle have more knowledge about the evidence regarding the
effects of medications, patients certainly have their own ideas. Along these lines, patient adherence to
therapy depends on how much patients trust the recommendations of their doctor. If doctors do a poor job
in communicating with their patients, they will be less likely to adhere to the doctors’ recommendations.
Of course, some doctors are better than others in communicating with their patients (Fichera et al., 2018
Depalol 2018). It shall be clear that this evidence has important empirical implications in terms of our
identification strategy that we discuss at length in Section [5.2

A higher recommended dose by a doctor who is good at eliciting adherence will, according to our theory,
reduce a patient’s cholesterol level. Information shocks like GREACE can intensify the incentives that
physicians have to increase the dose or push to increased adherence. We examine these issues directly in the

empirical section of the paper.

4.7 Testable Aspects of the Model

In this section, we list the testable implications of our model, along with two testable assumptions on which
the model is built. We intend this summary to guide the presentation of our empirical results in the rest of
the paper.

We start with the list of necessary conditions (NC), which must hold for our model:
NC1 Increased adherence to prescribed statin therapy reduces serum cholesterol (see Section [4.2));

NC2 Increases in the prescribed equipotency dose of statins (@) reduces serum cholesterol levels (across

different periods; see equations and @)

Provided these conditions are satisfied, our model generates the following testable implications. As physician

beliefs come closer to the true effect of statins (F°):
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TI1

TI2

TI3

TI4

Physicians who treat more patients with statins (even in the pre-GREACE period) are likely to have

beliefs closer to F than physicians who treat fewer patients (Section [4.4));

Physicians will be willing to prescribe statins to sicker patients since the side effects of statins are

less likely to occur or less serious than the physicians believed under FPR¥ (see discussion extensive

margins in Section |4.5));

After 2010, the number of liver tests prescribed by physicians has decreased relative to the pre-
GREACE period (see equation [16|in Section ;

When new information arrives, physicians will be willing to prescribe higher equipotency doses holding

fixed patient disease severity (see eq[17|in Section |4.5)).

In addition to these testable implications on the physician side, our model allows us to make predictions

on patient outcomes:

TI5

5}

GREACE will increase the adherence to medication (see Section . Since the optimal equipotency
dose is predicted to be higher in the post-GREACE period, the model predicts lower cholesterol levels

in the treated population in the post-GREACE period relative to the pre-GREACE period (see Section

19).

Empirical Methods

In this section, we present our econometric approach to testing the hypotheses arising from our theoretical

model presented in Section [} In Section [5.I} we show that the change in the information set available to

doctors about the side effect profiles of statins over time is exogenous and, therefore, can be used to identify

causal treatment effects.

In Section we discuss our approach to addressing the possibility that health status differences across

patients and treatment are due to unobservable characteristics of the patients. In particular, we use physi-

cian propensity to prescribe statins for other patients in the physician’s practice. Our argument for this

instrumenting strategy relies on the process by which patients and physicians match with each other in the

Italian healthcare system.
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5.1 Identification of Changing Cholesterol Management Patterns

Our model implies that physicians learn either through the dissemination of new scientific results or by
treating more patients. If the GREACE trial altered the scientific consensus about the side-effect patterns
of statin medications, then the clinical characteristics of the treated population should have changed in
the post-GREACE era (with sicker patients under treatment), as should the relationship between diagnostic
testing and drug switching behavior. Our model also predicts that physicians who had a high patient volume
in the pre-GREACE period should have been less affected in their prescribing behavior by the release of
GREACE because their beliefs were already closer to the truth.

To test these predictions, we divide our analysis into three periods (before 2006, 2006-2010 inclusive,
and 20114). During the early period, the conventional wisdom was that statins might cause liver damage
in some cases. In the middle period, there was some non-randomized evidence that the effect of statins on
liver function might not be directly causal. While this evidence was available before 2006, we chose this
threshold as it coincides with a publication on the topic specific to Italy (Conforti et al., |2006)). Finally, in
the late period after the publication of the GREACE randomized trial, statins were presumed not to cause
liver dysfunction. Therefore, we conduct all our analyses separately for those three periods.

The fact that this information shock could not be anticipated and is thus exogenous (see Section [1)) is a
primary argument for the identification of separate effects in the three periods. We permit the possibility
that some physicians may have anticipated the results of the GREACE trial by exploring the behavior of
physicians in high volume practices.

Our conditioning set includes the Charlson index (a composite comorbidity score explained in Section ,
age, sex, region of residence, and indicators for the presence of chronic diseases like diabetes, hypertension,
congestive heart failure, atrial fibrillation, vascular diseases, a history of cardiac bypass surgery or percu-
taneous coronary intervention (PCI), ischemic heart disease, or other cardiac conditions. The use of such
an extensive set of covariates in these regressions reduces the chance of bias due to observable differences
between patients assigned to different statin molecule/dose combinations, though we relax the assumption

of no unobserved differences by employing instrumental variable methods.

5.2 Physician Habits and Persuasiveness as Instrumental Variables

In an observational study such as this, there is always the possibility of unobserved health differences between

patients on different treatment. Health status may depend on a variety of clinical and economic factors known
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to both patients and physicians, but not to us. To address this possibility, we employ the physician-specific
statin adherence rates (MPR) and physician-specific statin equipotency switches as instrumental variables
(IV). These choices of IVs are consistent with our theoretical model (see Section and justified by the
idea that physician experience using the drug on other patients may lead them to change their beliefs about
its efficacy and side effect profile, which in turn will influence both the recommended prescription dose and
how effective physicians are in encouraging their patients to adhere to the drug.

The physician-level adherence variable is a measure of the effectiveness of a physician’s communication
and persuasion abilities. The economic argument for this instrument is thus that a physician’s communication
skills should correlate strongly with a patient’s own adherence to the physician’s recommended therapy, but
should have no direct effect on medical outcomes such as serum LDL level except through adherence. For a
given patient, we calculate this instrument by calculating the average MPR over all the other statin patients
seen by the physician. We use this IV in models where the endogenous right-hand-side variable is related to
a patient’s adherence to therapy.

The physician-level dosing variable is a measure, in part, of a physician’s belief about the safety of
prescribing high dose statins. One implication of our model is that, holding fixed a patient’s health status, a
physician whose prior is that statins are not likely to cause liver side-effects will be less likey to switch statin
dosing for their patients in response to concerns about those side effects. The idea behind this instrument,
then is that a patient with hypercholestrolemia who sees a doctor who tends, all else equal, to switch dosing
more frequently for their other patients should be more likely to receive a recommendation of dose switching
for reasons that have nothing to do with non-liver related health outcomes. We use this IV in models where
the endogenous right-hand-side variable is related to the statin dose a patient is taking.

We purge our calculation of both IVs of all mechanically induced correlation between the instrument
and the outcome by excluding each patient’s own contribution to his or her physician’s IV value. This
construction guarantees that our instruments are consistent with the SUTVA assumption of Imbens and
Angrist] (1994) ]

We use a binary version of our instrumental variable. To generate this binary instrument, we calculate
the average value of the instrument as described above, and then assign a value of one if the physician’s
value is above the overall average and zero otherwise. This approach may be understood as a comparison of

each physician’s value relative to the community norm. We find that empirically, our IVs correlate strongly

12The SUTVA implies that potential outcomes for each person i are unrelated to the treatment status of other individuals
(Angrist et al.} [1996).
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with a patient’s own behavior (the F-stat from first-stage suggested in Bound et al.| (1995]) is much greater
than 10 for both our IVs).

One possible concern about the instruments are that the selection process that matches patients to
physicians is not random, so perhaps patients with worse hypercholesterolemia choose physicians who, for
instance, are known to provide higher dose statins. However, in the Italian primary care medical system,
this sort of selection process is not plausible because the choice of GP is based on geographic proximity (see
Section . The local health authority assigns patients to GPs on the basis of proximity, and GPs cannot
(and do not have any financial motive to) reject a patient assigned to them. Therefore, different values
of our instrument are more likely to reflect practitioner ability and practice style, rather than unobserved

differences in physician behavior due to the underlying health condition of the patient@

6 Results

In this section, we present our empirical test of the necessary conditions (NCs) and the testable implications

(TIs) summarized in Section

6.1 Does Patient Adherence to Therapy Reduce Serum Cholesterol? - NC1

In Table 4] we present the relationship between adherence to prescribed therapy (measured by the MPR)
and the change in a patient’s cholesterol level over a year. We estimate yearly log changes in LDL cholesterol
(Y) conditional on adherence above and below 75% (D = 1(MPR > 0.75))@ Clinically, physicians use
an LDL level above 2.58 mmol/L as a threshold to consider starting statin therapy, and reductions in LDL
levels tend to reduce the risk of myocardial infarction, so even a change in Y of 0.05 units can be clinically
meaningful.

We estimated these effects for each statin molecule (rosuvastatin, simvastatin, and atorvastatin), as well
as for each of the three treatment periods. Each cell in the table presents the key result (the coefficient
on D) from each regressionE We present both OLS and IV results, where the IV regressions employ the
physician-level statin adherence variable that we describe in Section [5:2 Each cell in the OLS column

reports fp = E[Y|D = 1] — E[Y|D = 0] from each regression, while each cell in the IV column should be

13Depalo| (2018) provides further evidence in favor of this instrument and runs several falsification tests using a different
vintage of the same dataset.

4Monaldi et al.|(2015) suggests this threshold. Based on similar data, |Atella et al. (2017)) provides evidence on the robustness
of our result to changes in this threshold.

15Full regression results are available upon request.
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interpreted as the local average treatment effect (LATE) of adherence on the change in LDL levels (please
see Appendix . Although potentially biased because of the endogeneity of adherence behavior, the OLS
results are interesting because they represent an estimate of the population-level average treatment effect.

Overall, the results in Table [f] are consistent with our hypothesis NC1 that adherence to therapy leads
to lower LDL cholesterol levels in the population at large. As expected given the randomized trial evidence,
patients who more consistently adhere to statin therapy experience larger reductions in LDL cholesterol levels
than patients who do not. All the results are statistically significant at the p < 0.05 level, so we suppress
the reporting of standard errors to reduce clutter in the table (these are available upon request). The OLS
treatment effect is smaller during the last treatment period (3.5% before 2006, about 2.5% between 2006
and 2011 and 1.5% after 2011). This result is interesting because it is consistent with the idea that the share
of patients under statin treatment expanded among those in worse unobservable (to us) health condition as
the fear of liver damage diminished.

As with the OLS results, the IV results show that adherent patients see a greater decrease in their LDL
cholesterol than non-adherent patients. The LDL reduction from IV is never smaller than that obtained with
OLS, thus supporting the idea that the latter is negatively biased due to self-selection. Under the LATE
interpretation, this treatment effect estimate applies to the set of patients who adhere to therapy because
they are seeing a doctor whose other patients adhere at a rate higher than the overall adherence rate in the
population, but would not adhere otherwise. As a consequence, when we test the predictions of our model

we should properly distinguish among various subpopulations (see Section [6.4) E

6.2 Do Higher Prescribed Doses Reduce Serum Cholesterol? - NC2

In this section, we explore the effect of an increase in the statin dose on serum LDL cholesterol levels. In
particular, we compare the change in serum LDL among patients who had an increase in their prescribed dose
relative to the set of patients how had no change in their prescribed dose. Hence, we exclude patients who
had a decrease in dose from the analyses we report in this subsection. Our results are presented in Table
which is structured similarly to Table 4] except that the key right-hand side variable is a dummy variable
indicating whether the equipotency dose of the statin was increased during the year. Each entry in Table
represents the treatment effect of a higher prescribed dose on serum LDL levels measured in mmol/L (with

the OLS results showing a biased estimate of the population average treatment effect and the IV showing

161n order to obtain the population average treatment effect we also repeat the analysis using bounds robust to endogeneity,
and valid for the entire population (Manskil |1990; |Bhattacharya et al.l |2008). For simplicity, we do not present these results,
but they are available upon request and are consistent with those discussed here.
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a consistent estimate of the local average treatment effect). We do not report standard errors in this table
because all the results are statistically significant at the p < 0.05 level for all the entries in the table. |Z|
In one sense, one might think that the answer to this question is available from the numerous randomized
trial data, which show that increasing statin dose leads to substantial reductions in serum cholesterol levels
reported in Table [Il However, the real-world evidence is complicated by two phenomena not tackled by the
RCTs. First, the set of people who are treated in the population include many patients who have health
conditions that were not included in the trials (Deaton and Cartwright, 2018]). Though subsequent RCTs
may be conducted that expand the set of patients exposed to treatment (such as the GREACE trial which
included patients with liver disease), physicians are free to prescribe statins to patient groups not represented
in the trial (and often do). Thus, the treatment effect in the population may differ from what the randomized
trials report.

Second, the set of people who participate in the randomized trials are typically much more likely to
adhere to prescribed therapy than are patients in the population at large (Frolkis et al.l [2002). In trials,
investigators regularly remind patients to stick to the therapy they have been randomly assigned. Low
adherence presents problems for investigators in calculating the treatment effect of the drug, so they take
actions to increase adherence. This is less common in real-world treatment settings, where patients make
their own decisions about whether to follow their doctors’ recommendations. Analogously, in real-world
settings, patients may engage in a form of moral hazard. In particular, they may respond to an increase in
statin dose by consuming a worse diet or decreasing their exercise regimen since they feel more protected
against heart disease due to the statin.

Except for simvastatin (the oldest of the statin molecules), in Tablethe OLS results before 2011 show an
increase in mean LDL cholesterol levels after an increase in the dose of statins. These results are inconsistent
with the conclusions from the RCT evidence, which show a decrease in LDL levels following increases in
statin dose. By contrast, the OLS result shows the expected decline in LDL levels after 2011 for all three
molecules. One possible interpretation of these pre 2011 results is that the OLS coefficients are biased. A
second possible interpretation is that before 2011, patients responded on average to a recommendation of
increasing dose by reducing their adherence to the medication due to fear of worse side effects. A third
possible interpretation is that before 2011, Italian doctors only prescribed higher doses of statins to patients

in worse initial unobserved health.

17"We use a physician-level propensity to recommend dose switches to their other patients as an instrumental variable. In
particular, we use a dummy indicator equal to one when the physician has a dose switching frequency higher than the average
across all physicians, where the specific physician’s average is computed net of the effect of the single patient.
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By contrast, the IV results, which are robust to unobserved health differences between patients on higher
and lower statin doses, confirm for the RCT evidence. When physicians change the prescribed dose, then,
compliers (in the LATE sense) enjoy decreases in serum LDLE

Over time, the IV results in Table[5| are remarkably stable. Notice, though that the effectiveness of chang-
ing the dosage as estimated by IV decreases slightly over time. This fact may imply that the subpopulation
of compliers includes patients with worse health characteristics in later periods. Since physicians prescribe
the medication, having an in-depth look into the subpopulation of compliers is a first important test on how
practitioners changed their behavior, based upon the new evidence. We present this analysis in the next
section. The results in Table [5| do not necessarily imply that increasing the effective dose would always be
effective, thus suggesting that all physicians should prescribe higher doses to their patients. Rather, these
results imply that physicians are good at predicting when an increase in the prescribed dose would not lead
a patient to adhere less to therapy, thus gaining the full benefit from switching to a higher dose.

Tables 4] and [5| together imply that the necessary conditions for our model are met. We turn next to the

testable implications (TT).

6.3 Do Physicians Learn Through Their Patients? - TI1

To test whether doctors learn from their practice, we examine whether doctors who treat larger numbers
of patients with high LDL levels show evidence of updating their beliefs about the side effects of statins,
such that these beliefs become closer to the truth even before the GREACE and the revision of the scientific
evidence. The key idea behind our test is that, if physicians do exhibit this type of learning, physicians with
large practices should be less willing to attribute an abnormal liver function test in their patients to statins.
Thanks to their learning they understand that the abnormal values are not the consequence of the statins
(from Section [4] recall that ¢'(N) > 0).

To check this prediction, we divide up the physicians in our samples based upon the quartiles of the
number of patients treated with statins in 2014. Doctors in the first quartiles treat the fewest patients, while
doctors in the fourth quartile treat the most. In Table [6] we report the mean number of liver function tests

per patient per quarter, by treatment period and by quartile of practice size. We limit the sample in this

18Even if the reader is skeptical about our choice of instrument, we argue that a violation of the IV assumption would likely
tend to produce an attenuation bias on our results in this specific analysis. Suppose that the physician’s propensity to change
the dose is correlated with a patient’s unobserved health status. In the case of statins, one of the few reasons why a physician
might recommend switching to an alternate therapy is that the current molecule and dose is not producing a sufficient reduction
in LDL cholesterol level. Thus switches will be most likely to occur (and physician propensity to switch will be the highest)
when the observed change in cholesterol level is the smallest. Even in this case, our results are confirmed for the population at
large, using bounds as in |Bhattacharya et al.| (2008]). These are available upon request.
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subsection to the set of patients who were prescribed either a higher or lower dose of statins over the year
and exclude those who had no change in dose since practice guidelines suggested liver function testing with
an increase in dose or switch of molecule. We analyze the set of patients who were prescribed a higher dose
separately from those prescribed a lower dose. Moving from the first to the fourth quartile, we find that the
number of prescribed tests decreases across all periods.

The first thing to notice in this table is that the number of liver function tests is substantially lower
than one might expect from reading practice guidelines from the 2010 era and before. The highest value
among the averages presented is only 0.282 tests among patients prescribed an increase in dose in 2006, which
means most such patients received fewer than a single liver function test every quarter. Clearly, the guideline
recommendations on liver function testing were not followed to the letter. Second, the rate of testing among
patients whose dose was increased during the year was between 15 to 20 times than it was among patients
whose dose was decreased. This fact is entirely consistent with the idea that physicians worried more about
hepatic side effects from increasing statin dose than they did from decreasing it. This remains true even
after 2010 after the release of the GREACE trial. Third, the testing rate declined over time in all quartiles of
physician volume. This result again is consistent with physicians following the implications of the evolving
statin literature, even before guidelines changed.

Finally, when we compare the number of tests per patient in smaller versus larger practices (i.e. move
from the first to the fourth quartile), we find — consistent with TI1 of our theoretical model — that physicians
who treated more patients tended to order fewer liver function tests for patients who were prescribed an
increase in dose. This was true even before 2006, before GREACE and the observational studies that
established the hepatic safety of statin medications. This result is consistent with physician learning-by-
doing. To make a step further with respect to our model, it is interesting to compare the magnitude of this
learning-by-doing effect with the magnitude of the effect of the GREACE study. We go horizontally across
the table to explore the learning-by-doing effect: before 2006, the smallest practices ordered 0.282 tests per
patient, while the largest practices ordered 0.261 per patient — a difference of 0.021 tests per patient. There
are similar differences in each of the three periods. Now, we go vertically down the table to explore the effect
of GREACE: in the lowest physician volume quintile, for instance, the testing rate declines from 0.282 tests
per patient before 2006 to 0.225 tests per patient after 2010 — a difference in 0.057 tests. There are similar
differences in each quartile of patient volume. Roughly speaking, the release of GREACE was about three

times more important than learning-by-doing, as far as hepatic testing behavior is concerned.
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6.4 Does Physician Learning Shift Patients into Treatment? - TI2

In this section, we discuss how the clinical characteristics of the treated population has changed over the
treatment periods. Our model’s prediction is that over time we should observe more patients with worse
clinical characteristics treated with statins.

We divide up the patients into four groups based on the Charlson index, ranging from very healthy
patients (“Charlson very low”) to patients with many comorbid conditions (“Charlson high”). Table
presents the Charlson index for our patient sampleE In addition to conditioning on the treatment period,
we split the sample into four groups based on a binary instrument variable (Z) (in this case, physician-level
propensity to swtich statin dosing more than their peers, as described above), and on whether the doctor
recommended a change in the equipotency level of the prescribed medication for the patient (D)m Based

on the terminology by |Angrist et al|(1996), these groups are:

e The “always-takers” (patients who had a change in equipotency dose despite being seen by a doctor

who recommends equipotency changes less frequently than average);

e The “never-takers” (patients who do not have a switch in recommended dose, despite being seen by a

doctor who recommends equipotency changes more frequently than average);

e The “compliers”, a group that consists of two distinct types of patients: 1) patients who are seen
by doctor who recommends equipotency changes more frequently than average and who have been
recommended to switch dose; and 2) patients who are seen by doctor who recommends equipotency
changes less frequently than average and who have not been recommended to switch dose. The first of
these two “complier” groups include “always-takers” mixed with the actual compliers, while the second

includes “never-takers” mixed in (Imbens and Rubin, [1997)).

We split the sample into these four groups since they may behave differently in response to the changing
evidence base. In this context, taking into account the possible endogenity of switching behavior is important
because the actual beahvior depends on the interaction between patients and GPs. By contrast, hepatic

testing behavior predicted by TI1 is typically an independent choice made by the GP alone (i.e. exogenous).

19We present only the Charlson index for the sake of brevity, although we considered a larger set of characteristics. The com-
plete set of results, available upon request, includes: anemia prevalence, asthma prevalence, bodyweight or obesity prevalence,
exercise habits, chronic obstructive pulmonary disease prevalence, HDL and LDL cholesterol levels, history of cardiac bypass
surgery or balloon angioplasty, history of cancer, diabetes prevalence, atrial fibrillation prevalence, hypertension prevalence,
ischemic heart disease prevalence, heart attack history, and history of vascular disease.

20Indeed our model’s prediction does not depend on Z. We thus verify that all results hold without conditioning on it.
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Each entry in a column of Table[7]reports the fraction of patients in the sub-population indicated by Charlson
group.

Two dimensions are relevant for a meaningful comparison: we can fix the period and compare different
sub-population, or we can fix the sub-population and compare different periods. With respect to the former,
on many important clinical and demographic characteristics, the “never-taker”, “always-taker”, and “com-
plier” groups are indistinguishable from one another on average. This lack of differences across these groups
can be summarized nicely by the fact that the distribution of Charlson index scores (Table@ does not differ
across the four groups in a clinically significant way.

One important consequence of this finding is that trying to develop a model to predict whether a doctor
is likely to recommend a switch in therapy conditional on these observed clinical and demographic charac-
teristics (perhaps using machine learning methods) would be a difficult challenge. There is clearly too much
clinical overlap between the groups to allow an easily observable distinction. Of course, in a different setup,
it may be perfectly possible to reach this goal (Currie and MacLeod, 2018)). In our case, doctors recommend
switches in equipotency dose based on characteristics that we may not observe, even though we observe so
many clinical characteristics.

By contrast, looking at the results across patient types, Table [7]shows a substantial change in the clinical
characteristics of the population in the direction of sicker patients entering statin treatment over time. For
all subgroups of patients, health conditions become worse. For patients in worst health conditions (“Charlson
index high”) this is particularly true in the post-GREACE trial period.

The effect was stronger for patients that switched their therapy (D = 1), rather than for those who did not
(D = 0). To see this consider the difference (for a given sub-population, over different periods) in difference
(the former difference across different sub-population) parameter. For example, the share of patients in most
critical conditions (high Charlson index), during the period 2006-2010 increased by 3 (= 0.11 — 0.08) and
4 (= 0.11 — 0.07) percentage points for never takers and non taker-compliers, respectively, with respect to
the previous periods. This increase was 4 and 5 percentage points for takers-compliers and always takers,
respectively. Therefore, the causal effect was equal to 1 percentage points@ By the same token (and
consistent with the above finding) the share of patients in better condition (a very low Charlson index)
decreased over time, and the reduction was larger for patients that switched their therapy rather than for
those who did not.

The difference-in-difference calculation aside, the results in Table [7] are entirely consistent with TI2. As

21The conclusions hold even if we consider D = (0, 1), without taking into account the instrument Z.
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new information about the side effect profiles of statin became available, physicians updated their beliefs so
that the set of patients under treatment expanded to include patients who were previously thought to be
poor candidates for the statins. This was true for all the groups we examine (compliers, always-takers, and

never-takers alike). Hence, TI2 is not falsified.

6.5 Does Physician Learning Change Testing Behavior? - TI3

We turn next to an examination of whether physicians are more likely to recommend a change in statin
equipotency dose as a function of the number of liver tests a physician ordered (or has ordered) for a patient
with respect to the previous quarter. These results are reported in Table For all patients (see the ‘Overall’
column), the probability of a change in therapy is an increasing function of the number of tests: for instance,
patients who take at least four tests are more likely to switch than patients who have their liver function
tested no more than three times in every time period. This is consistent with both the pre-GREACE
guidelines and the post-GREACE American guidelines, which suggests testing liver functionality at the time
of a recommended switch in therapy. As we saw in Table [f] relative to patients recommended a higher
statin dose, patients who are recommended a lower dose undergo a larger number of liver function tests. On
balance, these results suggest that Italian doctors followed these guidelines (see footnote [2)).

Motivated by the information shock provided by GREACE, we examine changes across treatment periods,
holding fixed switcher groups (“vertical” comparison). For all groups of patients, there is an abrupt change
in “testing behavior” as new information arrives. For example, with respect to the baseline category of no
liver function tests, the probability of switching the therapy to a lower class of equivalence with four tests was
larger than 2% (0.021) before 2006, compared with less than 2% between 2006 and 2010 (0.018; a difference
equal to ~ —0.003) that further decreased to about 1% after GREACE (0.013). Similar behavior is observed
for switches to higher equivalence class: the probability before 2006 was equal to 13.5% and 13.1% between
2006 and 2010 (a difference equal to ~ —0.005).

These results are consistent with the idea that Italian physicians changed their practice in response to new
scientific information, in a relatively quick way. For all the groups we analyze, we cannot reject implication
TI3 of our model that after the introduction of new clinical evidence, doctors changed their beliefs in the
direction of the new findings in the literature.

At this point, we have all the components to enrich our analysis by computing a causal difference-in-
difference parameter (see Appendix. From the previous example the causal effect is equal to 0.2 percentage

points (-0.002= -0.005-(-0.003)). This estimate suggests that after the information shock, the number of tests
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decreased for both groups of patients (as suggested by the model). However, the decrease was larger for those
switching to a higher dosage (consistent with the fact that the concern related to liver function damages
decreased). Also, the decrease was larger after GREACE. By comparing Table |§| and Table |8 we find that
the largest change in physicians behavior took place after GREACE became publicly known rather than as
a result of learning by doing since the DID effects implied by the latter table are larger than those implied

by the former.

6.6 Did Physicians Prescribe Higher Doses in Response to the Information
Shock? - TI4

In Figure [T} we investigate the statin prescription behavior of the physicians with respect to equipotency
dose. Between 2005 and 2006, there was a steep increase in the dosage and strength of statins prescriptions,
followed by a further increase between 2010 and 2011.

In Figure [2| we show this same figure, except we distinguish between different groups of patients with
higher and lower Charlson scores (that is, between patients with greater or fewer comorbid conditions).
This figure shows a pattern similar to those seen in Figure [I] for all patients groups. The increase in dosing
is similar over this period for all four groups (roughly 0.25 units, which is equivalent, roughly to a 10mg
increase in the dose of Simvastatin). The results in these figures are entirely consistent with TI4 of our
model: physicians indeed prescribe higher equipotency in response to new information on statin safety, even

for their sickest patients with many other comorbid conditions.

6.7 Does Physician Learning Increases Adherence? - TI5

In Table |§|, we examine how patient adherence to therapy (M PR > 0.75) as well as HDL, LDL, and total
cholesterol outcomes (all measured in mmol/L) changed over time for different subpopulations of patients.
Like in Table we divide up the sample into four groups (“Never”, “D = 0 Compliers”, “D = 1 Compliers”,
and “Always”) on the basis of a binary instrumental variable (Z), and on whether the doctor recommended
a change in the equipotency level of the prescribed medication for the patient (D). As in Table (8] we use
physician-level propensity to recommend statin dose changes to their other patients as our instrumental

variable (please see Section [5.2)). As before, we interpret the groups as follows:

e “Never” represents the set of patients who would not have been recommended a change in statin dose

regardless of whether they are seeing a doctor who tends to recommend dose changes more often than
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average for their other patients;

e “Always” represents the set of patients who would have been recommended a dose change even if seeing

a doctor recommends dose changes at lower than average rate;

e “D = 0 Compliers” represents the set of patients who were not recommended a dose change by doctors

who tend to recommend dose changes at a lower than average rate among their other patients; and

e “D = 1 Compliers represents the set of patients who were recommended a dose change and saw a

doctor who recommends dose changes at a higher than average rate.

The most striking finding is that adherence to therapy increased over time for all four types of patients.
This result confirms our reading that the adherence rate increased following the spread of information
provided by GREACE and before, perhaps because physicians became more confident in telling patients
that the risk of side effects was low. The size of this effect is substantial — for all four groups, adherence
increased by at least 12 percentage points between the “Pre” 2006 and “Post” 2010 periods. In fact, nearly
all the increase in adherence occurred before the release of the GREACE trial, during a period where it was
primarily non-randomized studies were published addressing the possibility of liver side effects from statins.

The bottom three rows of Table[J]show changes in HDL, LDL, and total cholesterol in the four populations
over time. While HDL cholesterol declined only modestly, LDL cholesterol levels and total cholesterol levels
declined substantially over this period. LDL and total cholesterol levels decline consistently throughout this

whole period.

7 Conclusion

In this paper, we investigate the relationship between technological advance, in the form of an information
shock, and physician and patient behavior. We focus on the case of statins, a medication used to manage
high cholesterol levels, where newly produced evidence has altered the scientific consensus regarding side
effect profiles. Early common wisdom held that statins might cause liver damage, and therefore, physicians
should regularly test their patients for changes in liver enzyme levels. In 2010 GREACE, a large and
influential randomized controlled trial, suggested instead that the medication could be continued despite
elevated liver enzymes, and that patients need not be tested regularly for liver damage. We exploit this
major informational, technological shock to test how physician prescription and testing behavior, as well as

patients adherence to therapy, changed in response.
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We test our model using a unique dataset representative of the Italian population, that links patients
to doctors over the period 2003-2014. We account for the possible non-random sorting of patients into
treatment in our estimates. Our main conclusion is that doctors responded promptly to this technological
shock by decreasing unnecessary liver function testing of patients. We also find that even before the shock
occurred, physicians with larger practices had already adopted clinical practices consistent with the infor-
mation generated by the study. Along the way, we also show that statins, as prescribed by physicians in the
Italian setting for the Italian population, are effective in reducing serum cholesterol levels.

Broadly taken, our results suggest that investments in scientific knowledge can rapidly diffuse into practice
in the context of a profession where continuing education is the norm. In this case, the technological shock
was an information shock that changed the way a widely available technology (statin medication) is used,
but differentially so in smaller practices. Larger practices had already learned at least part of the lessons of
the GREACE trial before the trial was conducted and the trial results released.

As a general matter, understanding when information shocks of the sort we have analyzed will change
practice will depend upon the nature, prominence, and importance of the technological innovation in question,
as well as the incentives faced by professionals to learn about these innovations. Understanding when an
information shock is likely to be effective is important for science policy, since it guides which expensive
research projects are worthwhile for funding agencies to support. Proposed research projects that are more
likely to change practice are presumably worthier of support than projects that would have no effect on
real-world practice whatever the outcome. Thus, we encourage further developments in this literature that

seek to test the conditions under which our general conclusions do or do not hold.
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Appendix A Population Average Treatment Effect

We employ the standard framework of potential outcomes, in which the outcome Y (such as reduction of
cholesterol) is observed either under treatment (Y;) or under non-treatment (Yp), but not both. In this
notation, the subscript on Y indicates treatment status (d € D takes value 1 for treatment and 0 for

non-treatment). The parameter of interest is the population average treatment effect (ATE):

A = EMN]- E[Y]
— EM|D=1]P[D=1]+E[Y;|D=0]P[D = 0]
— E[Yy|D=1]P[D = 1] + E[Yy|D = 0] P[D = 0]. (18)

If we could observe the outcome under the two states of the world for a randomly chosen individual, the
identification of ATE would be straightforward. In fact, the sampling process is informative only about the
outcome under treatment for treated individuals (E[Y;|D = 1]) and about the outcome under non-treatment
for non-treated individuals (E[Yp|D = 0]). As standard in this literature, the main challenge in the analysis
is to recover the outcome for treated patients had they not been treated, or E[Y;|D = 0], and vice versa for
non-treated patients.

In order to allow for possible non-random sorting into treatment, we represent the average treatment

effect in terms of the following index function model (Vytlacil, [2002]):

Y, = r(D)—i—ed
D* = s(Z)-v D =1(D* > 0), (19)

where D* is the selection rule that determines who is treated on the basis of a binary variable Z (our instru-
ment) which determines treatment, but not the outcome and where €; and v are unobservable disturbances.

We divide the discussion of our empirical methods based on which assumptions we are willing to impose
on the relation between ¢; and v. In the first part, we discuss the methods to recover the population
average treatment effect under assumptions of exogeneity (ordinary least squares). In the second part, we
discuss methods to recover the local average treatment effect (LATE) if treatment assignment is endogenous

(instrumental variables methods).
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Recovering the ATE under exogeneity

In the simplest case, when €4 lv we have that E[Yy|D = 0] = E[Yy4|D = 1]. It then follows that E[Y;|D =
0] = E[Y1|D = 1] and E[Yy|D = 0] = E[Yy|D = 1], which can be substituted in equation [18| to derive
A = E[Y1|D = 1] — E[Yo|D = 0]. This parameter is valid for the entire population, but it is biased if
treatment assignment is endogenous (that is, doctors assign treatment based on information they observe
but that we do not). As such, it is incoherent with our economic model. We present these results as baseline
model to compare our subsequent estimations that measure the effect of the treatment while taking into

account the endogenous treatment assignment.

Recovering the LATE under endogeneity

A major theme of Section [4]is that the sample of treated individuals is not completely at random (in the
terminology of |Little] [1995)). Physicians recommend therapy on the basis of variables that both researchers
and patients observe (“observables”), as well as on variables that they observe, but researchers do not
(“unobservables”).

Suppose we have an instrument, Z, in the sense described in equation such that (without loss of
generality) Z and D are positively correlated, and the following conditions are met (Imbens and Angrist|

1994; |Angrist et al., [1996):

1. potential outcomes are unrelated to the treatment status of other workers (also known as stable unit

treatment value assumption, or SUTVA);
2. the instrument is correlated with the treatment indicator, D;

3. the instrument does not affect the potential outcome (that is, Z does not affect Yy in equation ,

and

4. monotonicity, so that D; > Dy for each patient, where D, is the potential treatment with the instru-
ment Z = z. Under this assumption, there are exactly three groups: “always takers” who are always
treated no matter the value of Z, “never takers” who are never treated no matter the value of Z, and

“compliers” who are treated if Z =1 and are not treated if Z = OE

22 A fourth group, known as “defiers” is made by those who do the opposite with respect to the assignment of the instrument,
i.e. {Z =d,D =1—d}. This group would violate the monotonicity condition, whence its share in the population is identically
0.
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Under these hypotheses, we identify

EY1|Z =1] — E|Yy|Z = 0]
LATE = = E[Y7 — Yy|D1 > Dy). 2
E[D1|Z = 1] — E[Dy|Z = 0] Y1 o|D1 > Do) (20)

Under heterogeneous effect of the treatment, the IV estimator identifies a local average treatment effect
(LATE), valid for the subpopulation of patients who are induced to be treated by a change in the instrument,
or compliers (Angrist et al.,|1996). Although patients belonging to this “complier” subpopulation cannot be
identified on the basis of the observable covariates, the distribution of their characteristics can be described
(Angristl, 2004)@ As a consequence, even though our model provides a fairly large number of theoretical
predictions, the analysis of the compliers will be an important exercise for coherency between the data and

the model beyond the test of the necessary conditions themselves.

Appendix B Causal interpretation of the estimates

Once verified the NCs required by our theoretical model in Section [] the next step is to obtain a causal
interpretation of all estimates stemming from the TTs. This becomes a relatively simple task once we realize
that all our TIs are based on comparison of estimates obtained from two subpopulations (individuals who
switch the therapy as opposed to those who do not) observed for two periods, before and after the shock
occurs. This represents a standard Difference-in-Difference (DID) setup, which delivers estimates that can
be interpreted as causal. For a better understanding of this causal framework, let us define the outcome Y
as Ypr, where D=1 for patients who switch their therapy and D=0 otherwise, and T=0 for the reference
period and T=1 for the ‘treatment’ period (i.e., T=0 before 2006 and T=1 between 2006 and 2010; T=0
between 2006 and 2010 and T=1 after 2010). We first compute the difference between T=1 and T=0 for
patient who switch their therapy (or treated, for brevity), i.e. AY; = Y71 — Yi0; we do the same for patients
who do not switch their therapy (untreated), i.e. AYy = Y1 — Ygo. The difference (AY; — AY}) is then

equivalent to a DID estimator, that is the causal effect of the information shock on the outcome Y

23IV-LATE would identify the population ATE if the treatment effect of statins can be assumed homogeneous within the whole
population, or when the entire population consists of compliers, or patients do not self-select on the basis of their idiosyncratic
returns (Heckman) (1997} [Blundell et al.| |2005), or some external information excludes specific subpopulations (Oreopoulos
2006).

Z1We have verified that the common trend assumption is satisfied (the results are available upon request).
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Table 1: Statin Equipotency Dosing Conversion

Equipotency Class | % LDL reduction | Simva. | Ator. | Rosu.
1 <24 5 - -
2 25-32 10 - -
3 31-39 20 10 -
4 37-45 40 20 5
5 48-52 80 40 10
6 55-60 - 80 20
7 60-63 - - 40

Table 2: Descriptive Statistics

Women Men
Variable Mean S.D. Median Mean S.D. Median
A Cholesterol -0.038  0.192 -0.019 -0.038  0.185 -0.020
LDL 120.701  36.269 115.779 | 110.847 34.909 106.314
Adherence 0.643  0.286 0.629 0.696  0.281 0.674
ALP 0.061 0.256 0.000 0.052  0.243 0.000
ALT 0.290  0.509 0.000 0.290 0.516 0.000
AST 0.272  0.496 0.000 0.270  0.502 0.000
Albumin 0.029  0.177 0.000 0.030  0.181 0.000
Birilubin 0.022  0.154 0.000 0.022  0.156 0.000
Birilubin (Tot. & Fract.) 0.042  0.216 0.000 0.043  0.223 0.000
Charlson index 1.009 1.159 1.000 1.220 1.269 1.000
Equipotency 4492  0.650 4.000 4.615  0.694 5.000
Diabetes 0.247  0.431 0.000 0.297  0.457 0.000
Hypertension 0.721  0.449 1.000 0.683  0.465 1.000
Congestive heart failure 0.027  0.162 0.000 0.039  0.192 0.000
Atrial fibrillation 0.051 0.219 0.000 0.063  0.242 0.000
Vascular Diseases 0.010 0.100 0.000 0.019 0.138 0.000
PCI 0.001 0.036 0.000 0.005  0.071 0.000
Ischemic heart 0.014  0.117 0.000 0.017  0.130 0.000
Other Heart 0.136  0.343 0.000 0.310  0.463 0.000
Age 68.947  9.312 70.000 65.539 10.281 66.000
North West 0.244  0.429 0.000 0.269  0.443 0.000
Nort East 0.211 0.408 0.000 0.215  0.411 0.000
Center 0.183  0.386 0.000 0.173  0.378 0.000
South 0.245  0.430 0.000 0.239  0.426 0.000
Simvastatin 0.441 0.496 0.000 0.400  0.490 0.000
Atorvastatin 0.342 0.474 0.000 0.383  0.486 0.000
Rosuvastatin 0.218 0.413 0.000 0.217 0.412 0.000
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Table 3: Number of Prescriptions by Active Ingredient and Dosage

Statin
Variable | mg Simvastatin Atorstatin Rosustatin
Men 5 0 0 18705
10 14282 105253 132127
20 246066 166173 26579
40 70926 42047 2455
80 0 4131 0
Women ) 0 0 25440
10 24684 137788 158079
20 331071 164907 24892
40 68835 24946 1684
80 0 1525 0

Table 4: Patient Adherence to Therapy Reduces Serum Cholesterol (NC1)

Statin | OLS IV

Before 2006
Simvastatin | -0.018 -0.029
Atorstatin -0.026 -0.021
Rosustatin | -0.050 -0.144
All -0.034 -0.058

2006-2011
Simvastatin | -0.012 -0.006
Atorstatin -0.020 -0.023
Rosustatin | -0.029 -0.008
All -0.022 -0.021

After 2011
Simvastatin | -0.012 -0.013
Atorstatin -0.023 -0.030
Rosustatin | -0.021  0.003
All -0.017  -0.028
Note: The IV results use the indi-

cator of above average physician-level

high compliance rate (M PR > 0.75)
among other patients as instrument.
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Table 5: Higher Prescribed Doses Reduce Serum Cholesterol (NC2)

Statin \ OLS v
Before 2006
Simvastatin | -0.005 -0.052
Atorstatin 0.000 -0.026
Rosustatin 0.054  0.563
All -0.005 -0.065
2006-2011
Simvastatin | -0.008 -0.104
Atorstatin 0.000 -0.066
Rosustatin 0.004 -0.157
All -0.005 -0.055
After 2011
Simvastatin | -0.006 -0.069
Atorstatin -0.001 -0.048
Rosustatin | -0.002 -0.258
All -0.008 -0.035

Note:  The IV results use the
physician-level indicator of above av-
erage dosing among other patients as
instrument.

Table 6: Mean Number of Liver Function Tests by Quartile of Physician Patient Volume (TI1)
Quartile of Patient Volume

1 2 3 4

(Low) (High)

Before 2006 | 0.015 0.015 0.015 0.016

Dose Reduction | 2006-2010 0.012 0.012 0.012 0.013

After 2010 | 0.010 0.010 0.010 0.010

Before 2006 | 0.282  0.277 0.273 0.261

Dose Increase 2006-2010 0.242 0.234 0.233 0.223

After 2010 0.225 0.216 0.215 0.198
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Table 7: Prevalence of patients by Charlson Index (Health Status)(TI2)

Never Compliers, D=0 Compliers, D=1 Always
Variable Pre Dur. Post | Pre Dur. Post | Pre Dur. Post | Pre Dur. Post
Charlson very low 049 039 0.34 | 048 0.40 037|049 036 031|047 036 0.33
Charlson low 0.30 033 0.32 | 030 032 032029 033 032|031 033 0.32
Charlson med/high | 0.13 0.17 0.19 | 0.14 0.17 0.18 | 0.14 0.19 0.20 | 0.14 0.18 0.19
Charlson high 0.08 0.11 0.15 | 0.07 0.11 0.13 | 0.08 0.12 0.17 | 0.08 0.13 0.16

Note: The groups in this table are defined as follows.

e “Never”: Patient dose does not change during the year, among those patients seeing a physician with an above
average propensity to switch dose among their other patients;

e “Compliers”: Patient dose switches or does not switch during the year depending on whether the physician propen-
sity to switch dose among other patients is above or below average;

e “Always”: Patient switches dose during the year, among those patients seeing a physician with a below average
propensity to switch dose among their other patients.
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Table 8: Distribution of Number of Liver Tests (T13)

Number \ Overall

Lower dose

Higher dose

Before 2006

1 0.079 **¥* | 0.008 *** 0.075 ***
2 0.087 *** | 0.010 *** 0.078 ***
3 0.087 *** | 0.011 *** 0.078 ***
4 0.143 *** | 0.021 *** 0.135 ***
5 0.167 *** | 0.027 *** 0.162 ***
2006-2010
1 0.083 *** | (0.008 *** 0.080 ***
2 0.087 **¥* | 0.011 *** 0.083 ***
3 0.081 *** | 0.010 *** 0.077 ***
4 0.137 *¥*¥* | 0.018 *** 0.137 ***
5 0.136 *** | 0.017 *** 0.130 ***
After 2010
1 0.067 *** | 0.011 *** 0.061 ***
2 0.081 *** | (0.010 *** 0.077 ***
3 0.063 *** | 0.006 *** 0.060 ***
4 0.104 *¥** | 0.013 *** 0.099 ***
5 0.094 *¥** | 0.012 *** 0.088 ***

Table 9: Patient Adherence Rate and Mean Serum Cholesterol (mmol/L) (TI5)

Never Compliers, D=0 Compliers, D=1 Always
Variable Pre Dur. Post | Pre Dur. Post | Pre Dur. Post | Pre Dur. Post
Adherence | 0.54 0.66 0.69 | 0.53 0.66 0.68 | 0.62 0.74 0.74 | 0.61 0.74 0.75
HDL chol. | 1.43 141 1.42 | 1.44 141 144|144 139 140 | 143 138 1.38
LDL chol. | 3.29 3.04 284 | 333 3.06 285|354 322 312|354 324 3.10
Tot. chol. | 553 5.19 4.95 | 5,57 5.22 499 | 585 542 526 | 5.85 5.46 5.26

Note: The groups in this table are defined as follows.

e “Never”: Patient dose does not change during the year, among those patients seeing a physician with an
above average propensity to switch dose among their other patients;

e “Compliers”: Patient dose switches or does not switch during the year depending on whether the physician
propensity to switch dose among other patients is above or below average;

e “Always”: Patient switches dose during the year, among those patients seeing a physician with a below
average propensity to switch dose among their other patients.
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Figure 2: Physicians Prescribe Higher Equipotency Doses (by Charleson Score) (TI4)
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