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Explaining the causal effect of adherence to medication on

cholesterol through the marginal patient

Domenico Depalo ∗

Abstract

This paper investigates the relation between adherence to prescribed medication and reduc-

tion of cholesterol in Italy, by taking into account the possible sorting of patients into treatment

and the heterogeneity of the effect. As predicted by a theoretical model, I find that patients

who benefit most from medication are more likely to adhere to prescribed regime than those

who benefit least. These results are used to study the effects of three hypothetical policies that

aim at increasing the share of patients adherent to prescribed medication: one is directed to-

wards patients, one towards physicians, and one is a policy mix. For each policy, the observable

characteristics of patients switched into treatment are described. Although the most effective

policy is directed towards patients, the policies differ substantially with respect to the popula-

tion affected. Therefore, a less effective policy that targets best the desired population may be

preferred to the most effective policy. Back of the envelope calculations suggest that even the

most expensive policy would be cost-effective.
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1 Introduction

This paper investigates the relation between hypercholesterolemia, which is the high level of Low

Density Lipoprotein (LDL) cholesterol in the blood stream, and adherence to prescribed medication,

using register data from Italy. Hypercholesterolemia is a condition of both clinical and policy

relevance. From a clinical perspective, it is an asymptomatic condition that may have serious

consequences, like atherosclerosis and the related cardio-vascular diseases (CVD). These diseases

constitute the largest causes of death for the population 65+ in the European Union (Niederlaender,

2006; Buchow et al., 2012). From a policy perspective, the prevalence of hypercholesterolemia in the

population is very high: during the period 2009-12 almost 70% of the Italian population between

35–75 years suffered from this condition (Progetto Cuore, 2018); in the USA the percentage was

about 75% for the population 35+ (American Heart Association, 2015); in UK and Scotland the

percentage was about 60% of individuals (British Heart Foundation, 2015).

Hypercolesterolemia is typically treated with statin medications, which in randomized clinical

trials have been shown to be safe and effective to reduce cholesterol (Athyros et al., 2010), provided

that patients follow the prescribed treatment. However, due to the asymptomatic nature of the

condition, adherence to prescribed medication is a critical issue out of the lab-experiments. There-

fore, three questions are important: 1) why some patients are adherent and some are not? 2) Is it

possible to implement policies that increase the share of patients adherent to prescribed medication

(defined as “adherence rate” in what follows)? 3) If so, what is the best policy? The contribution

of this paper to the existing literature is to address these issues.

In order to explain why some patients are adherent whilst some are not, I propose a simple

theoretical model based on the Roy (1951) model, such that the behaviour of patients maximizing

their utility function depends on the comparison between benefits (i.e., reduction of cholesterol)

and opportunity costs from medication (e.g., side effects). Providing an evaluation of the net

benefit from medication is one contribution of the paper. Standard quantities that are usually

employed to this aim, like the Average Treatment Effect (ATE) for the entire population, or only

for the treated (ATT) or untreated (ATU) population, may not be fully informative if benefits or
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costs are heterogeneous in the population. In these situations, focusing on the treatment effect for

the marginal individual who is induced to follow the prescribed treatment regime may be more

appropriate. For this reason I employ the Marginal Treatment Effect (MTE) that identifies the

reduction of cholesterol from adherence to treatment regime at any specific margin of indifference

(i.e., the probability of being adherent). The MTE was introduced by Bjorklund and Moffitt (1987)

and further developed in a series of contributions by Heckman and Vytlacil (2001, 2005, 2007a,b).

Examples in health economics include: Basu et al. (2007); Doyle (2007); Maestas et al. (2013);

French and Song (2014); Basu (2014); Kowalski (2016, 2018); Schoenberg et al. (2018). This study

relates to this literature, but it is one of the very few papers that focuses specifically on health

outcomes (Basu, 2014; Kowalski, 2018).

If the results from the empirical analysis are coherent with the predictions of the theoretical

model, a second important question is how to increase the adherence rate, so to improve patients’

welfare and save money (Lamiraud and Geoffard, 2007; CBO, 2018). Given the cost of non-

adherence and the projected increase in the health care expenditures in several countries (New

England Healthcare Institute, 2009; European Commission, 2015; CBO, 2018), how to increase the

adherence rate is a concrete problem for policy makers around the world.1 Several policies may

be implemented to this aim. When different policies are available, two further questions arise.

The first question concerns the magnitude of the treatment effect for individuals who are currently

untreated but that would be treated under a different regime. This is the definition of the Policy

Relevant Treatment Effect (PRTE) introduced by Heckman and Vytlacil (2005). The evaluation

of PRTE for each policy is a second contribution of this paper. Looking at the magnitude of

PRTEs suggests the most effective among the various alternatives. The second question concerns

the individuals affected by each policy. This is important because in some cases looking only at the

PRTE might hide important information. A prominent example is when two different policies have

1 According to estimates by the New England Healthcare Institute (2009) the annual cost of non adherence in
the United States is approximately $290 billion (2.3% in terms of GDP). These considerations will be increasingly
important, overall in aging population societies with tight balance constraints and where the health care system is
publicly funded (as in Italy). According to projections released by the European Commission (2015, p.128), in Italy
the increase in public expenditure on health care over the period 2013-2060 with respect to GDP will be about 15%.
Similar projection hold for the entire European Union. Given the forecast produced by the CBO (2018) of health care
bill for the next decades in the US and the large incidence of hypercholesterolemia, similar budgetary considerations
will be increasingly important even in countries where the health care system is privately funded (e.g., the USA).
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the same returns but affect the behaviour of different individuals. Therefore, as a minor -albeit

important- technical contribution to the existing literature, I describe the observable characteristics

of the population that is actually affected by each policy. This exercise might help tailor the most

appropriate policies to better target the desired population. Despite its relevance, I am not aware of

previous papers addressing the question in a systematic way (the only paper that goes in a similar

direction is Carneiro et al., 2003). Intuitively, this extension may be seen as the natural counterpart

to what is nowadays standard for the Local Average Treatment Effect (LATE; Imbens and Angrist,

1994) when the characteristics of compliers are described (or characterization of compliers; Angrist,

2004).

In this analysis, the results obtained using MTE greatly enrich those based on standard tech-

niques. Using Ordinary Least Square (OLS), I estimate that adherence to prescribed treatment

regime reduces cholesterol by 1.3 %: this estimate is biased if the sample of patients who follow the

therapy is not random, for example because they self-select on the basis of their expected gain from

treatment. The standard cure for this issue is an Instrumental Variable (IV) technique that esti-

mates a reduction of cholesterol caused by drugs by 3.5 %. Even this consistent estimate addresses

the original question only partially: if the effect of the drug is heterogeneous in the population it is

unlikely that a single number summarizes all the relevant features of the distribution of the effects

of the drugs. The theoretical model proposed in the paper predicts that patients who benefit most

from drugs ‘need less arguments’ to be convinced to be adherent to the treatment, and therefore it

is more likely that they are treated; in contrast, those who benefit the least are harder to convince,

and therefore it is less likely that they are observed into treatment. This is clearly reflected in the

MTE estimates: the reduction of cholesterol for the former group of patients is the largest (about

5%), while for the latter group is remarkably smaller (negligible for some).

These results are further exploited to estimate the effect of three hypothetical policies aiming

at improving the share of patients adherent to medication. The first policy affects the adherence

attitude of the patients through TV advertisement; the second policy affects the communication

skills of the physicians through on-line training courses; the third affects the overall probability of

following the prescribed treatment (for unspecified reasons). The empirical results show that the
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policy that targets directly the patients is the most effective (the reduction of cholesterol for those

induced into treatment is about 3%). However, the other two policies may be preferred depending

on which population the decision maker wishes to induce into treatment. For example, if the goal

of the policy maker is to treat those relatively healthier in an attempt to reduce future possible

occurrences of CVDs, then informing the patients more specifically through physicians might be

preferable; if the goal is to treat a larger share of elderly patients that are in less healthy conditions,

in an attempt to reduce current health care costs, then a mix of policies might be preferable.

Therefore, a less effective policy that targets best the desired population may be preferred to the

most effective policy.

A final important question for the Government is whether the implementation of the three

hypothetical policies is cost-effective, i.e. economically convenient. To answer these questions I

compare (monetary) costs and benefits attached to each policy. Back of the envelope calculations

suggest that the most expensive policy would cost less than 30mil. e; although with these data I

can not estimate the total monetary benefits from the policies, avoiding 1,000 surgeries (that cost

25, 000e each in the Italian health system) would make each policy cost effective. Because the

medical literature suggests that this target is feasible (Monaldi et al., 2015), I conclude that even

the most expensive policy is cost-effective.

The paper is organized as follows. In Section 2 I present a prototypical theoretical model that

will be used to interpret the results. The identification of the parameters of interest is discussed in

Section 3. Section 4 describes the data that are used in the empirical application (Section 5) and

to evaluate hypothetical policies (Section 6). Some robustness checks are presented in Section 7.

Section 8 offers some conclusions.

2 Theoretical framework

In this section I propose a model that explains why some patients are adherent to prescribed

medication and why some are not. In order to predict the patients’ behaviour I exploit a standard

model of choice and associated outcomes (Roy, 1951). This model provides the background to
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interpret the results of the empirical section (Heckman and Vytlacil, 2007a,b; Carneiro et al., 2003).

Although the Roy model is standard in other fields of the economic literature, its application in

health economics is rare (Diiro et al., 2016; Gibson et al., 2016; Deb et al., 2006). Furthermore, to

the best of my knowledge this is the first paper in health economics that uses the Roy model to

derive what quantities should be identified in the empirical analysis.

A patient i may be adherent to the therapy (or treated; subscript 1) or not (or untreated;

subscript 0), but not simultaneously adherent and non adherent (i.e., the treatment states are

mutually exclusive). The choice of the treatment status is made upon comparison between benefits

and costs from adherence. Benefits are in terms of reduction of cholesterol under adherence vs non-

adherence. Let yi,d be the outcome under treatment d ∈ D for each patient i, the benefit amounts

to [yi,0−yi,1]. Opportunity costs (ci) are in terms of health outcomes, and they may be represented

as a multidimensional vector including for example side effects from medication. A rational patient

is adherent to the prescribed treatment if the benefit from the reduction of cholesterol thanks to

adherence is no smaller than the corresponding cost, or more formally:

[yi,0 − yi,1]− ci ≥ 0 ∀i. (1)

Define gi the rate of reduction of cholesterol for each patient, then yi,1 = yi,0 (1+gi)
−1, such that the

higher gi the lower the cholesterol level under adherence as compared to non adherence. It follows

that the adherence to prescribed medication will be endogenously preferred to non-adherence until

yi,0 − yi,1 ≥ ci (2)

yi,0 − yi,0 (1 + gi)
−1 ≥ ci (3)

gi ≥
ci

yi,0 − ci
. (4)

As simple as it is, this model provides several useful predictions. First of all, adherence to prescribed

medication will be endogenously preferred to non adherence until the rate of reduction of cholesterol

under treatment (gi ≡ LHS) is equal to or larger than the associated cost ( ci
yi,0−ci ≡ RHS). This
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explains why some patients are adherent to prescribed regime and some are not. Second, the higher

the cost of adherence (i.e., high ci), the larger the minimum reduction of cholesterol to induce the

individual into adherence (∂RHS∂ci
> 0) and the lower the likelihood that the patient is treated.

Third, the worse the health conditions without adherence (i.e., high y0), the smaller the minimum

reduction of cholesterol to self-select into treatment (as ∂RHS
∂yi,0

< 0) and the higher the likelihood

that the patient is treated. Figure 1 provides a graphical representation of these predictions.

Finally, and most important for the following analysis, both costs and health conditions under

non-adherence may vary at patient level (as emphasized by subscript i in condition 2), in which

case the incentives to switch into treatment would be individual specific: the higher the net benefit

the higher the incentives to sort into treatment, and thus the higher the likelihood that the patient

is actually treated. Models where responses to interventions are heterogeneous and patients opt

for treatment with at least partial knowledge of their idiosyncratic response are termed models

with essential heterogeneity (Heckman et al., 2006). In this paper I identify the effect of adherence

under essential heterogeneity.

3 Empirical Methods

In this section I review methods that identify the treatment effect under essential heterogeneity.

Throughout the section I will focus only on the main issues for the present analysis; the reader

interested in further technical details should refer to the original papers.

Define the potential outcomes under D ∈ {0, 1} for each patient i (subscript omitted from now

on for notational convenience) as:

ln y0 = α+ U0 if D=0

ln y1 = α− β + U1 if D=1 (5)

where α is an intercept, −β is a parameter equal to (ln y1 − ln y0) and U0 and U1 are mean zero

random errors under treatment states equal to 0 and 1. Since the two states of the world are

mutually exclusive, the observed outcome is ln y = D ln y1 + (1−D) ln y0 = D (α− β +U1) + (1−
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D) (α+U0) = α+ {−β+ (U1−U0)}D+U0. Upon the substitutions of η = (U1−U0), β = −β+ η

and ε = U0, the model for the observed outcome can be written as ln y = α + β D + ε. This

specification fits perfectly into the economic framework of Section 2, namely with the definition

of essential heterogeneity. First, β is a distribution of parameters that therefore is able to capture

the heterogeneity in the treatment effect.2 Second, the model for the observed outcome shows that

D may be correlated with ε, for example because of unobservable individual genetic endowment,

and with (U1 − U0), for example because adherent patients anticipate their (expected) gain from

treatment. Third, the Roy model predicts that D = 1 if ln(y1) ≤ ln(y0), or equivalently β ≤ 0, i.e.

patients are adherent to prescribed treatment regime because they expect a positive net benefit

from medication. More than this, under essential heterogeneity the model predicts that the higher

the private net return to adherence (i.e., the larger the absolute value of β) the more likely that

the patient will be adherent to the prescribed treatment regime. It follows that the reduction of

cholesterol for patients adherent to treatment should be higher than for patients chosen at random

from the population, or ATT < ATE (viceversa, for non-treated individuals ATE < ATU). The

relation between ATT, ATE, and ATU is a testable necessary condition for concordance between

the model of Section 2 and the data under essential heterogeneity. In contrast, if the effect of

adherence on cholesterol is homogeneous in the population, ATE = ATT = ATU . This clarification

is important because if we knew all these quantities, they may be used as a null hypothesis for a

test of non-essential heterogeneity (Section 5). An ‘ideal estimator’ should be able to jointly test

all the relations between the various treatment effect parameters.

The fact that the sample of adherent patients is not a random sample of the population (Little,

1995), implies that the OLS is inconsistent (Heckman, 1979, 2010). To formalize the mechanism of

selection into treatment, I define

D∗ = γ Z − V (6)

D = 1 if D* ≥ 0, (7)

2 Furthermore, from eq. 5 the expected gain from treatment is ln y1−ln y0 = −β. By definition of y1 = y0(1+g)−1,
it follows that ln y1 = ln y0 − ln(1 + g). Therefore, −β = ln y1 − ln y0 = ln y0 − ln(1 + g)− ln y0 = − ln(1 + g).
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where Z includes an indicator, called instrument, that is relevant to explain the adherence mech-

anism but not the outcome. For concreteness, in this paper Z is the ‘pure’ communication skill of

the doctor, which aims at capturing the relation between patients and physisicians (Fichera et al.,

2018), and has no impact on the patient’s cholesterol as better discussed in Section 5. For later ref-

erence, using FV (·) to denote the cumulative distribution function (CDF) of V , eq. 6-7 imply that

D = 1 if FV (γ Z) ≥ FV (V ), where FV (γ Z) ≡ P (Z) is a propensity score and FV (V ) ≡ UD ∼ [0, 1]

are quantiles of the distribution of the unobserved component.3

A standard approach to cure for the non-random selection of the sample is based on Instrumental

Variable (IV). If the effect of the treatment is heterogeneous, IV identifies a local average treatment

effect (LATE; Imbens and Angrist, 1994):4

E[y|Z = z′]− E[y|Z = z]

E[D|Z = z′]− E[D|Z = z]
= E[yz′ − yz|P (z) < UD < P (z′)]. (8)

This is the treatment effect for compliers (Angrist et al., 1996), i.e. patients that are induced to

be adherent to prescribed treatment regime by a change in the value of the instrument. It is well

known that different instruments target two different subpopulations of compliers (i.e., estimate

two different, consistent, parameters; Card, 1999); similarly, when the same instrument takes more

than 2 values, e.g. Z = {z1, z2, z3, z4, . . .}, LATE using (z2, z1) is different from LATE using

(z4, z3) because different “marginal individuals” are induced into treatment (Heckman, 2010; for

this reason, sometime I prefer the notation LATE(z′, z) instead of the more compact LATE).

At this point, if Z is continuous one may wonder what is the treatment effect for infinitesimal

changes of Z, i.e. as z′ → z. This effect is identified by the Marginal Treatment Effect (MTE),

introduced by Bjorklund and Moffitt (1987) and further developed in various papers by Heckman

3 For a proof, see Vytlacil (2002); Imbens and Newey (2009). The same result would follow by invoking results in
Pollard (2001, ch.2.9).

4 The following assumptions are needed: 1) the potential outcomes for each patient are unrelated to the treatment
status of other patient (Stable Unit Treatment Value Assumption); 2) the instrument is randomly assigned; 3)
exclusion restriction (i.e. yd ≡ Y (0, d) = Y (1, d)); 4) nonzero average causal effect of Z on D (i.e. E[D1 −D0] 6= 0);
5) monotonicity (i.e. ∀z′ > z, Dz′ ≥ Dz for all patients, such that an increase in the level of the instrument does not
decrease the level of the treatment, or vice-versa). See Angrist et al. (1996) for an in-depth discussion.
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and Vytlacil (2000, 2001, 2005, 2007a,b).5 Formally, p ≡ P (Z) (only for notational convenience),

lim
z′→z

LATE(z, z′) = E[yz′ − yz|p < UD < p′]

= β + lim
z′→z

E[U1 − U0|p < UD < p′]

MTE(UD = p) = E[∆|UD = p], (9)

i.e. the average reduction of cholesterol due to adherence for patients just indifferent between

treatment and non treatment, at level of unobservables UD = p.6 Patients with low realizations of

UD are patients whose unobservable characteristics make them more likely to be adherent (because

by definition FV (V ) ≡ UD and thus according to equation 6 these patients would prefer treatment

even if γZ is low); at the opposite side, for realizations of UD approaching 1, patients need high

values of γZ to be induced to participate. Together this reasoning and the model of Section 2

provide two additional testable necessary conditions for coherency between the model and the data,

namely that the MTE should be 1) negative, if adherence is effective to reduce LDL cholesterol;

2) a non-decreasing function of UD if patients who expect a large reduction of cholesterol are more

likely to be adherent.7

A particularly attractive feature of the MTE is the unifying approach to the treatment effects,

as one can summarize the distribution of β that best addresses the economic question of interest.

Heckman and Vytlacil (2005, Tab.1A) provide a set of weights that allow to go from MTE to

other relevant quantities, like ATE, ATT, ATU and LATE. Since it is possible to identify the MTE

over the entire support of UD and it is possible to recover all the relevant parameters to test the

necessary conditions for coherency between the data and the model of Section 2, MTE has all the

properties to be an ‘ideal estimator’ in this analysis.

5Other approaches are available. Among them Imbens and Newey (2009); Chernozhukov et al. (2007). See
Heckman and Vytlacil (2007b) for a comparison.

6 See Carneiro et al. (2003, 2017); Cornelissen et al. (2016) for alternative admissible interpretations.
7 The intuition is that patients who expect to enjoy a large reduction of cholesterol need less arguments to be

convinced to be adherent, therefore even a physician with poor communication skill can succeed (a small value of
Z and correspondingly a small value of UD; hence MTE(UD ≈ 0) << 0). On the other hand, patients who enjoy
a small reduction of cholesterol need more convincing arguments to be treated, i.e. the communication skills of the
doctor must be high (i.e., high value of Z and thus of UD; hence, MTE(UD ≈ 1) → 0); see Carneiro et al. (2003,
2010); Basu et al. (2007); Cornelissen et al. (2016); Carneiro et al. (2017) for similar arguments.
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Applications of MTE are increasing over time. Cornelissen et al. (2016) provide several refer-

ences, mostly in labour economics, where a much explored research question involves the return to

education. The MTE was introduced in the health economics literature by Basu et al. (2007) who

investigate the effects on costs of breast conserving surgery as opposed to mastectomy after 5-years.

Other examples in the field include Doyle (2007); Maestas et al. (2013); French and Song (2014);

Brinch et al. (2012); Kowalski (2016); Schoenberg et al. (2018), but none of them is specifically

interested in clinical outcomes. Among the very few papers that employ MTE for clinical outcomes

are Kowalski (2018) who identifies the relationship between mortality and mammography receipt,

finding that women are more likely to receive mammography are healthier, but are also more likely

to be harmed by the receipt; Basu (2014) who compares survival rates for elderly men treated with

surgery vs active surveillance in the case of prostate cancer, finding little difference between the

two treatments.

It is important to mention that other estimators are available to identify an heterogeneous

treatment effect with multivalued instruments. The closest alternative to MTE when a continuous

instrument is available is the person centered treatment effect (PeT), introduced by Heckman and

Vytlacil (1999) and made operational by Basu (2014). These effects are conditioned on the per-

son’s observed characteristics and averaged over the potential conditional distribution of observed

characteristics that lead them to their observed treatment choice. In this application I prefer to

work with MTE rather than PeT because it has a more direct connection to the population level

policies, that are introduced next (nonetheless, I checked that the two approaches would lead to

qualitatively identical conclusions; results are available on my website). More similar to IV-LATE

setup is the approach in Card et al. (2018), who investigate the causal health effects of cesarean

delivery for low-risk first births: their approach is well suited for discrete instruments, whereas

MTE is point identified with a continuous instrument (however, see Brinch et al., 2012; Kowalski,

2016).
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3.1 Policy Relevant Treatment Effect

If patients were adherent to prescribed treatment regime their health condition would improve

(Monaldi et al., 2015), and the Government would save money, e.g. thanks to foregone hospitaliza-

tion (New England Healthcare Institute, 2009). Hence, an important question for the policy maker

is whether it is possible to change the state of the world from the current D to a new D∗ that

increases the treatment probability from p to p∗. In this case, how large would the gain be?

To answer this question Heckman and Vytlacil (2005) introduce the Policy Relevant Treatment

Effect (PRTE), which is the average effect of going from a baseline policy to an alternative policy

per net person shifted, or E[y|D∗]−E[y|D]
E[D∗]−E[D] . Necessary for the interpretation of this quantity is the

assumptions that MTE will be policy invariant, so that an external manipulation of the policy

does not affect anything in the model apart from the selection into treatment. Necessary for the

estimation of this quantity is that E[D∗] − E[D] 6= 0, so that the policy has the power to shift

some individuals previously untreated into treatment. This definition allows for a large spectrum

of potential policies. In order to increase the share of adherent patients, one can implement policies

that affect the behaviour of the patients (externally influencing their attitude to adherence; this is a

‘direct policy’), or policies that improve the communication skill of the physicians (that then affects

the behaviour of the patients and ultimately their adherence; this is a ‘mediated policy’). In both

cases, specific components of the probability of treatment would be manipulated. With the direct

policy, the baseline probability of being adherent to the prescribed policy regime would go from

p = [1, Z][γ1, γZ ]′ to p∗ = [1, Z][γ1 + α, γZ ]′; with the mediated policy, the instrument that affects

the probability of being adherent would go from p = [Zj , Z6=j ][γj , γ6=j ]
′ to p∗ = [Zj , Z6=j ][γj+α, γ 6=j ]

′.

Carneiro et al. (2010, 2011) consider also the case of policies that increase the probability of being

adherent by an amount α (from p to p∗ = p + α) or that shifts each person’s probability of being

adherent by a proportion (1 + α) (from p to p∗ = p (1 + α)). The mechanism behind the last two

policies is left unspecified, so I refer to them as a policy mix.
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4 Data and descriptive statistics

The data for the empirical analysis are taken from Health Search Database (HSD), a longitudinal

observational database collected by the Italian Society of General Medicine (SIMG), an association

of the Italian College of General Practitioners (GP). The availability of real world register data may

be preferable to questionnaire in this paper, because the former reveal preferences in real situations

rather than in hypothetical scenarios as the latter does (Lamiraud and Geoffard, 2007). Impor-

tant features of these register data are common to administrative sources, namely the information

provided is affected neither by measurement errors nor by systematic unit-/item- non-response.

It is not surprising then that the observable characteristics of the GPs and patients observed in

the HSD overlap to those from the official figures collected by the Italian Ministry of Health and

National statistical Institute with respect to the entire National Health System (Bianchini et al.,

2016). Fabiani et al. (2004) show that these data are suitable to carry out pharmacoepidemiological

studies generalised to the whole Italian population. The information recorded by GPs is rich and

detailed with respect to health indicators; in contrast, information on individual socio-economic

conditions are limited to an indicator for exemption of payment due to low income. However, all

the information required by the economic model of Section 2 is available in the data.

In this paper, for the year 2004-08 I consider patients born between 1925 and 1975, diagnosed

of hypercholesterolemia and with at least a prescription of statin medications. The initial sample

is then made of 704,857 observations, pertaining to 71,668 patients observed for 2.5 years on

average (9.8 quarters).

As indicator of cholesterol I use the (log-)ratio between serum levels of LDL and total cholesterol,

which is considered a better predictor of future heart attack risk than total cholesterol itself (Baigent

et al., 2005; Barter et al., 2007).

The model of Section 2 predicts that the likelihood to follow the treatment regime is a function

of health conditions under non-adherence and the associated cost. Therefore three aspects are of

interest: 1) how I define the treatment regime, 2) what observed characteristics affect the cholesterol

condition without adherence to medication (y0 in the model), and 3) what the associated cost (c)
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is.

A crucial aspect for policy makers is the extent to which patients follow the medical prescrip-

tions, or adherence. Although in principle one may have access to this information, with real world

data almost always only proxies are available (Hughes et al., 2001). As proxy for adherence I use

the medication possession ratio (MPR) at patient level, defined as the number of days of medica-

tion supplied within the refill interval over the number of days in the refill interval. The smaller

the value, the smaller the adherence to prescribed regime. This proxy is widely used in the litera-

ture, thanks to its simplicity of calculation and interpretation (Cramer et al., 2008). Fairman and

Motheral (2000) discuss pros and cons of various measures of medication-adherence and conclude

that MPR is an economic, valid, and timely indicator. Monaldi et al. (2015) conducted a random-

ized clinical trial specific to the Italian population and conclude that an MPR at least equal to 0.75

is crucial for effectiveness of statin medication; Atella et al. (2017) run several robustness checks

using data similar to this study and confirmed the finding of Monaldi et al. (2015). These results

suggest to employ a binary indicator of adherence, as standard in the health economics literature

(Atella et al., 2017; Monaldi et al., 2015; Lamiraud and Geoffard, 2007): if MPR is at least 0.75

the patient is defined as adherent.8

The second important aspect to test the theoretical model is related to the conditions that affect

the cholesterol level under non-adherence. The data provide several details that will be exploited as

covariates in the empirical application. A comprehensive measure of general health conditions is the

Charlson et al. (1987) index, a composite measure for the seriousness of the disease that increases

as health conditions worsen (the largest value is equal to 6 and refers to HIV/AIDS and metastatic

tumor; I collapsed together the conditions above 4 for reasons related to sample frequencies above

this threshold). I also have access to clinical information related to specific pathologies that are

associated to high cholesterol levels, like diabetes and hypertension (British Heart Foundation,

2014), or that may affect the intake and/or the effectiveness of statins, like ischemia, ictus, heart

attack, and other cardiovascular diseases (SPARCL, 2006; Adams et al., 2008); occurrences of

hospitalization are recorder. Finally, the health conditions under non-adherence may be influenced

8 All the conclusions reached in this paper are valid if I change the threshold to be defined as adherent patient to
{0.70, 0.72, 0.75, 0.77, 0.80}.
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by some demographic characteristics, like gender and age, that are registered in the data.

It is widely known that the molecular components of some statins are more powerful than others

for the management of cholesterol. This property is summarized by an equipotency index (Maron

et al., 2000; Table 1): for a given quantity of statins, the higher the index the larger the reduction

of cholesterol and, in terms of the stylized model, the lower the opportunity cost of adherence (e.g.,

the shoe-leather costs). In addition, the data provide the specific molecular composition of the

statin (i.e., Simvastatin, Atorvastatin, Rosuvastatin, Fluvastatin, Lovastatin, Pravastatin).

In Table 2 I report descriptive statistics for selected characteristics by treatment status, for

the pooled sample. The cholesterol is lower for adherent patients than for non-adherent patients

by 1 percentage points and the heterogeneity is slightly larger for adherent patients than for non

adherent. The difference in cholesterol across the two groups is slightly decreasing in quantiles: it

is about 2 percentage points at 10th quantile, 1 at the median and about zero at 90th quantile.

This suggests that there might be heterogeneity in the treatment effect (although -at this stage- not

necessarily ‘essential’ in the sense of Heckman et al., 2006). The differences for the other observable

characteristics are usually negligible.

5 Empirical analysis

In this section I present the empirical analysis. First, I check that the required assumptions for

the identification of MTE are verified (Section 5.1). Then I estimate the net benefit from statin

medication to reduce LDL cholesterol (Section 5.2). If the empirical results are coherent with

the predictions of the theoretical model it is meaningful to implement policies that increase the

adherence rate.

5.1 Checking the assumptions

As a preliminary step for the analysis I tackle three issues: 1) the existence of a valid instrument;

2) the common support assumption (required for a meaningful comparison); 3) whether ‘essential

heterogeneity’ is a feature of the data. The first two aspects are common to any treatment evaluation

14



with self-selection; the last is somewhat specific to the approach taken in this paper.

5.1.1 The existence of a valid instrument

A valid instrument should be relevant to explain the sorting mechanism into adherence without

impact on the cholesterol indicator (i.e., exogenous). Increasingly relevant strands of the health

economics and medical literatures emphasize the role of the physicians for the adherence of patients

to prescribed medications (Fichera et al., 2018; Murtagh, 2007).9 Based on these growing literatures

as instrument I exploit the communication skill of the GPs. For each patient i at time t, the

instrument is constructed as the average adherence of the other patients cured by the same GP

(excluding the observation {i, t}), i.e. Zit =
∑

j 6=i adherencejt, for each patient j cured by the

same doctor of patient i. A similar instrument was introduced by Kling (2006) under the name of

‘judge design’, that uses the differences in the harshness/leniency of judges, and it has been used

to address several questions in other fields of economics (Doyle, 2007; Maestas et al., 2013); in this

paper the expression ‘gatekeeper design’ was suggested (by David Card, personal communication).

The need to break any dependence (even due to unobservable characteristics) affecting both the

treatment status and the outcome to satisfy the exogeneity condition is the reason why I exclude

the {i, t}-th observation from the construction of Z.

Two main concerns would threaten the exogeneity of the instrument and eventually its validity:

first, that the communication skills of the GPs may be related to the technical ability of GPs

(i.e., a ‘knowledge channel’); second, that there might be some unobservable components of the

instrument that are related to cholesterol, e.g. a preference for diet (i.e., a ‘preference channel’).

With respect to the knowledge channel, the concern is that patients of GP ‘A’ are more adherent

to prescribed treatment regime than patients of GP ‘B’ because GP ‘A’ has a better clinical

knowledge than GP ‘B’, and thus is more successful in making patients adherent because provides

more and better information on hypercholesterolemia. In this case the instrument would capture an

9 For example, in the health economics literature the prediction of a formal theoretical model that doctors’ effort
exerts a positive effect on patients behaviour could not be rejected by Fichera et al. (2018) using data from UK.
In the medical literature, the Royal Australian College of General Practitioners identifies the communication skills
of the physicians and the doctor-patient relationship as main requirements for GPs practice, at the same level of
importance as the clinical knowledge and skills (Murtagh, 2007).

15



ability endowment of GP with direct, although unobservable, effect on cholesterol. This mechanism

would induce a non random sorting of patients across physicians. In the Italian system, several

institutional and clinical reasons make this argument largely irrelevant. As for institutional reasons,

a sorting of patients across GPs due to the management of hypercholesterolemia is very unlikely

because in Italy all the individuals are enrolled in the National Health System (NHS). The NHS

is financed through general taxation and provides universal coverage free of charge at the point of

service (Lo Scalzo et al., 2009). Thanks to the enrollment in the NHS patients are entitled to a GP

who is responsible for providing a list of services (among which are prescription of drugs, requests

for specialist visits and diagnostic tests). When an individual turns 14, she/he chooses a GP from

a list of available doctors that is administered by the Local Health Unit (LHU). The choice is made

on the basis of geographical proximity (Atella et al., 2018). Each GP can manage at most 1,500

patients and the salary is proportional to the actual number of patients. The relationship between

GP and an individual can be broken at any time for two reasons: the GP has the power to refuse the

assistance to an individual by communicating the motivations to LHU that afterwards selects a new

GP;10 the individual may choose to change a physician without motivating the decision. In practice,

splits of patients from physicians are rare (about 1% of obervations in these data), which rules out

the possibility of non-random sorting in this analyis: GP would likely face a trial; for patients it

would be unlikely to find a GP in their neighborhood (the cap to the number of patients within

each physician is reached relatively fast because children are typically cured by GPs rather than

by pediatricians, as described by Ministry of Health, 2013, p.10). To support the argument that

splits of patients from GPs are random I implement a strategy introduced by Altonji et al. (2005).

This strategy is based on the idea that the amount of selection on the observable characteristics is

informative about the amount of selection on the unobservable characteristics. It follows that if the

sorting of patients within GPs is at random the observable characteristics should be similar between

patients who split from their GPs and patients who do not split. In Table 3 I report key observable

characteristics conditioning on the splits of patients from GPs. The characteristics of the two

10Most common causes are related to the mutual trust between patients and GP. Among the causes is excluded
the ‘complexity of the case’. The Italian Constitution (art.32) guarantees access to health services for everybody,
therefore several decisions of the judicial courts were against physicians refusing care to patients. Hence, incentives
to break the relation are virtually absent for GPs.
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groups are remarkably similar, thus supporting the random allocation of patients across physicians

thanks to the Italian institutional framework. As for the clinical motivations the management of

hypercholesterolemia is not an hard task for GPs: 1) the condition is widespread (the incidence

of high LDL values in the Italian population is 70% for basically the same ages considered in this

analysis); 2) the information flow from medical research to GPs is spread in a short time period

(Atella et al., 2018); 3) official guidelines are available to assist the GP in each possible situation

(Adams et al., 2008); 4) if guidelines are still not enough, GP can prescribe a specialist visit, and

the outcome would still be recorded in HSD database. Continuing with the strategy of Altonji

et al. (2005), in Table 3 I build subsamples based on the idea that richest/poorest patients may

select the best/worst GPs in which case there would be an indirect sorting of patients within GPs

based on the technical ability of GPs. Even in this case, the observable characteristics across the

two groups are remarkably similar. These falsification tests support the claim that the allocation of

patients across physicians is indeed as good as randomly assigned and that the knowledge channel

is not a concerning falsification channel.

A second reason of concern against the validity of the instrument is that the instrument is not

exogenous because of unobservable components related to cholesterol, namely a preference for diet

that may be a substitute for statin medications.11 Among the available data, as a proxy for diet it

may be used the Body Mass Index (BMI), that is recorded for about 7.5% of the sample (hence the

indicator is not used in the analysis) To check the relevance of this falsification channel, in Table

4 I report the average BMI across level of the instrument, by gender and treatment status: there

is no systematic difference of the index along these dimensions, thus even this source of potential

instrument falsification is dismissed.

More formally, I tested the assumptions related to monotonicity and exogeneity of the instru-

ment using a statistical test proposed by Mourifié and Wan (2016) (see also Kitagawa, 2015; Laffers

and Mellace, 2016): the joint null hypotheses are never rejected at standard confidence level (Table

5), thus the validity of the instrument is not rejected.12 As for the relevance of the instruments,

11 Notice that the individual preference for diet over medication would bias downward the estimated benefit, thus
providing a lower bound of the true treatment effect: the indicator of cholesterol of a patients not adherent to
medication improves thanks to a better diet, thus decreasing the estimated benefit from medication.

12The test takes the form of two inequalities that are necessary to identify a Local Average Treatment Effect
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the F-statistics from the first stage are much higher than 20, so finite sample bias is not a concern

(Bound et al., 1995; Stock and Yogo, 2002).

Finally I am in the unique position to run a validation test of the interpretation of the instrument

in terms of communication skills by considering conditions where communication is the only relevant

channel, and technical knowledge plays a minor role. This is the case of smoking behaviour and

sport attitudes. In a regression of these indicators on the instrument and other covariates, I find

that a GP with better communication skills can successfully increase the likelihood that a patient

suffering from hypercholesterolemia quits smoking or practice sport activities (Table 6).13 This

supports my interpretation of the instrument in terms of communication skills.

5.1.2 The common support assumption

With a valid instrument, a comparison between treated and untreated patients is meaningful only

if 0 < Pr(D = 1|X = x) < 1, i.e. for treated individuals there is a comparison group of untreated

patients. I check the probability of adherence spanned by the instrument (Figure 2). There is

huge overlap between the distributions of adherence for treated and untreated patients over a large

support of the probability. Only in the tails (for very large or very small estimated probabilities

of adherence to prescribed treatment regime) there are few observations and the common support

may turn out to be restrictive. For this reason, the discussion of results will not pay much attention

to most extreme estimated probabilities (say less than 0.05 and more than 0.95). (For a similar

approach, see for example Carneiro et al., 2003.)

5.1.3 Essential heterogeneity

The final important check is whether in the data there is essential heterogeneity in the sense of

Heckman et al. (2006), namely that responses to interventions are heterogeneous and patients opt

(Imbens and Angrist, 1994): P [y,D = 1|Z = 0] ≤ P [y,D = 1|Z = 1] and P [y,D = 0|Z = 1] ≤ P [y,D = 0|Z = 0].
If any of the two inequalities is violated, the validity of the instrument is falsified. In the latter case, the test is not
informative about which of the two assumptions fails.

13 The information is not used in the analysis because it is recorded for about 30% of the observations. For the
indicator of smoking attitude the estimated coefficient is negative and large for men and women- although strongly
significant only for women; for the indicator of sport attitudes the estimated coefficient is positive, but not significant
at standard confidence level as a consequence that sport attitudes are self-reported and that the share of individuals
that practice sport is very high (Istat, 2017).
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for treatment with at least partial knowledge of their idiosyncratic response. I exploit two different

methods. The first method uses the fact that MTE(UD = p) is a derivative of E[ln y|p] with

respect to p (Heckman and Vytlacil, 1999), so that if the IV estimate is linear in the propensity

score the treatment effect is constant and the empirical content of LATE can be extended to the

whole population (Carneiro et al., 2003). In the regression y = xβ + γ1p +
∑K

k=2 γkp
k I test the

joint null hypothesis that {pk}Kk=2 = 0, necessary for linearity of the propensity score. The null

hypothesis is strongly rejected even with with K = 3 (Table 7), and therefore MTE is needed.

A second method is proposed by Kowalski (2016) and is based on the representation

y = λDD + λZ Z + λDZ DZ,

where the joint null hypothesis λD = λDZ = 0 tests whether the treatment effect is globally

externally valid and equal to zero. Coherent with the previous test, these null hypotheses are

strongly rejected, either jointly or separately. As a consequence, a constant IV does not jointly

identify the relevant economic effects (LATE/ATE/ATT/ATU). This result empirically confirms

that in this analysis the IV, although consistent, identify a local treatment effect and therefore it

is not appropriate to test the economic model of Section 2. For completeness, the Hausman (1978)

test strongly rejects the null hypothesis of non systematic difference between IV and OLS: although

under heterogeneous treatment effect the empirical content of the Hausman (1978) test is less clear

than under homogeneity, I interpret this result as pointing towards the need for methods robust to

endogeneity and heterogeneous effect.

This preliminary analysis provides large evidence in favour of a MTE approach rather than an IV

generalized to the entire population, using as instrument the communication skills of the physicians,

constructed on the base of the gatekeeper design. The results delivered by this approach will be

valid for a very large population (as identified by the common support). Through the discussion of

the results, it shall be clear that the information provided by MTE greatly enriches what we might

know about the effects of medication on cholesterol using standard techniques.
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5.2 Results

There are three (families of) estimators for MTE: fully parametric (usually, but not necessarily,

based on normality assumptions as in Bjorklund and Moffitt, 1987), semi-parametric (Heckman and

Vytlacil, 2007b; Carneiro and Lee, 2009; Carneiro et al., 2017), and fully non-parametric (Heckman

and Vytlacil, 2005). I estimate all of them, but prefer the semi-parametric method, on which the

empirical analysis presented in this section is based. The results from semi-parametric method are

indistinguishable from those of the non-parametric approach (and, if anything, are more conser-

vative; see Figure 4), but the computational burden is much lower. To see how semi-parametric

method works, write the observed outcome as E[y|X, p] = E[α + U0 + DX β + DE[U1 − U0|p]︸ ︷︷ ︸
K(p)

],

and use the method of Local Instrumental Variable (Heckman and Vytlacil, 2000) to estimate

MTE = ∂E[y|P (Z)=p]
∂p = X β + K ′(p). The selection rule is based on a logit and K ′(p) is based on

a polynomial of degree 3.14

The model specification is suggested directly by the economic model of Section 2. The set

of covariates includes clinical and socio-demographic characteristics described in Section 4.15 I

also control for the initial level of cholesterol to take into account that the required reduction

of cholesterol is different across different patients. In addition, dummies for years, quarters and

geographical areas are added to adjust for possible systematic differences along these dimensions.

The three necessary conditions for coherency between the theoretical predictions of the model

14 The fully non parametric approach requires that the support of the distribution UD conditional on the design
matrix to span the full unit interval (Carneiro et al., 2011), and is computationally slower than the semi-parametric
approach (in this application, the time of execution of non-parametric estimator is 4 times that of semi-parametric
estimator). The semi-parametric approach does not impose distributional assumptions (in contrast to the fully
parametric approach) and has weaker requirement on UD with respect to the non-parametric approach. See Carneiro
et al. (2003) for further technical details. The fully parametric approach has the disadvantage of fully specifying
the Data Generating Process (DGP), thus being consistent and more efficient than the other methods when the
assumptions are indeed verified, but at the cost that even minimal departures from them leads to inconsistency
(Arabmazar and Schmidt, 1981, 1982). Under this setup I can implement an Hausman (1978) test. The results under
normality assumption are not shown because the Hausman test strongly rejects the null hypothesis of non-systematic
difference between the fully parametric and semi-/non-parametric estimators. The results from a parametric estimator
are remarkably different from those presented here (available upon request).

15 The list includes: an indicator of general health condition (Charlson et al., 1987), dummies for occurrences of
hospitalization, diabetes, hypertension, ischemia, ictus, heart attack, and other cardiovascular diseases; equipotency
index across different statins, dummies for consumption of specific statins (namely, simvastatin -possibly paired
with other molecular compositions-, lovastatin, pravastatin, fluvastatin, atorvastatin, rosuvastatin). As for socio-
demographic characteristics, I include an indicator for gender and age.
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of Section 2 and the data are satisfied.

1. Adherence to prescribed medication causes a reduction of cholesterol.

The average reduction of the cholesterol indicator thanks to medication is about 2.5% (Table 8),

which is comparable to, but slightly lower than the effect estimated in Randomized Clinical Trials

(4S, 1994).16

2. There exists heterogeneity in return to adherence.

The MTE parameter increases monotonically over the support of UD (Figure 3), so that patients

whose reduction of cholesterol is larger (i.e., have a more negative treatment effect) enter first into

treatment (i.e., at low values of UD).

3. ATT < ATE and ATE < ATU .

The sorting gain (i.e., ATT − ATE = −0.020) is negative and significant, confirming that treated

patients enjoy a larger benefit than a patient taken at random from the population. At the same

time, ATE − ATU = −0.013, because non treated patients enjoy a lower benefit than a pa-

tient taken at random from the population. This ‘full decomposition’ of the sorting gain sug-

gests yet another test of the (non-)essential heterogeneity, based on the joint null hypotheses that

(ATE = ATT )&(ATE = ATU). With respect to existing tests run in Section 5.1 this test re-

quires each quantity to be known in advance (which is clearly a disadvantage; although notice that

(ATE = ATT )⇔ (ATE = ATU)).17 However, when we reject the null hypothesis we obtain more

information than can be gained from the existing tests, namely which component of the hetero-

geneity is most important. In this analysis the most important component of the heterogeneity is

the large gain from medication (a positive sorting) because -with respect to the average patient-

the surplus of the benefit from medication for patients that are actually treated (i.e., ATT-ATE) is

16 Deaton and Cartwright (2018) discuss at length the reasons behind the differences of effectiveness estimated in
the real world and in randomized clinical trials. One prominent reason is the adherence to medication, that in lab-
experiment is not an issue. Accordingly, if I focus on adherent patients, the estimated effect is close to that expected
on the base of randomized clinical trials (4S, 1994). In this respect, this paper provides an empirical support to the
arguments in Deaton and Cartwright (2018).

17Write ATE = αATT + (1 − α)ATU , if ATE = ATT , then ATE = αATE + (1 − α)ATU and (1 − α)ATE =
(1− α)ATU . By the same token, (1− α)ATT = (1− α)ATU .
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almost twice the benefit that an untreated patients would enjoy if treated (i.e., ATE-ATU). This

is coherent with the unconditional descriptive statistics of Table 2. Finally, the selection effect is

positive and significant (i.e., OLS−ATT = 0.031), as one would expect from the Roy (1951) model

if patients who enjoy a larger benefit self-select into treatment.

The comparison with standard techniques

The results obtained using MTE greatly enrich those based on standard techniques. The treatment

effect estimated with the OLS (-0.01252 ) is smaller than that from MTE because it suffers from

a bias due to the omission of the unobservable components related to the sorting mechanism

(Section 2). The treatment effect from IV (-0.03512 ) is larger than from MTE reflecting the local

identification power of the estimator: the weights that map the MTE to the IV (Heckman and

Vytlacil, 2005, Tab 1A) are maximized between p = (0.4, 0.5), where the treatment effect of MTE

is larger (graph available upon request). Moreover, neither of the standard estimators is informative

about the huge heterogeneity of the treatment effect that MTE shows. In particular, nor the OLS

nor the IV informs that drugs benefits more some patients than others, being not very effective for

part of the population (Heckman et al., 1997).

Since the predictions of the economic model and the data are coherent with each other, it is

meaningful to make a step forward and understand whether it is possible to implement policies that

increase the adherence rate, i.e. the share of patients who are adherent to prescribed medication.

6 Hypothetical policies to increase the adherence rate

Using the results from a Randomized Clinical Trial on cholesterol in Italy Monaldi et al. (2015)

conclude that physicians need to increase the awareness of patients regarding the consequences from

underuse of prescribed medication. Monaldi et al. (2015) recommend that physicians encourage

adherence above 0.75. Motivated by this reccommendation in this section I propose three alternative

hypothetical policies that aim at increasing the adherence rate. One policy affects the baseline

probability of adherence of the patients (e.g., through TV and radio advertisements, that have

22



been shown to be important to affect this behaviour; see Oberlander et al., 2017); one policy affects

the communication style of the physicians (e.g., through courses that improve their communication

skill); one policy affects the overall probability of adherence (e.g., through a mix of interventions

that are left unspecified). For each policy, I shock the current state of the world by 10%. The

policy maker may wish to know: 1) how large would the average gain be for patients that are

currently non adherent, but that would be in a different scenario; 2) which policy maximizes the

return in terms of lower cholesterol; 3) what are the characteristics of the individuals that change

behaviour.

The first question is the definition of policy relevant treatment effect (PRTE; Table 9). The

most effective policies are the advertisements directed to patients and (slightly less effective) the

courses that improve the communication skill of the physicians: the average reduction of cholesterol

for patients currently untreated but that would opt for treatment if these policies were implemented

would be about 3%, compared to 4.3% for patients already treated under the current scenario; the

smallest return is obtained when a policy mix is implemented: the average reduction of cholesterol

would be about 2%.

In many circumstances this is all the information the decision maker needs, and indeed this is

the point where the current literature stops. However, in other circumstances more is required.

Suppose that the advertisement to patients and the course to GPs, two policies that have the same

return, switch into treatment two different individuals. If we knew which patient is induced into

adherence the two policies would no longer be equivalent and the policy maker may prefer one

policy over the other. As a technical contribution of this paper to the existing literature, I describe

the observable characteristics of the patients induced into treatment by each policy (Appendix

A). The description of observable characteristics for patients switched into adherence is reported

in the lower panel of Table 9 (for selected covariates). A ratio E[X|∆P,ud]
E[X] > 1 implies that the

share of patients with the characteristic X that are induced into treatment thanks to the policy is

larger than the share of patients with the characteristic X in the overall population. The results are

highly informative. A training course that improves the communication skill of the GP induces into

treatment healthier patients than the advertisement to patients would do (i.e., the share of patients
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switched into treatment and suffering from bad health conditions -as summarized by the Charlson

index- is always lower with the policy towards physicians than towards patients). In contrast, a

policy mix induces into treatment less healthy patients (i.e., the share of patients switched into

treatment after a policy mix and suffering from bad health conditions is the highest among the

proposed policies). Therefore, a policy that successfully increases the communication of the GP

may be preferred in an attempt to reduce avoidable, future, occurrences of worse health conditions

through prevention. In contrast, if the aim of the policy is to switch into adherence patients with

worst current conditions, in an attempt to reduce current health care costs, then a mix of policies

may work better. Therefore which of the three policies is actually preferred depends on the shape of

the utility function of the policy maker. The preference for a less effective policy may be perfectly

rational to the extent that it targets better the desired population.

6.1 Is the policy cost-effective?

These policies might be implemented provided that they are ‘convenient’. From the previous

discussion it is clear that the definition of convenience depends on the preferences of the decision

maker. As the preferences of the decision maker are not observable to the researcher, in this section

I consider only the cost-effectiveness of each policy. In particular, I focus on monetary components

of costs (C) and benefits (B) in order to derive the Total Net Benefit (TNB), i.e. TNB = B − C.

The quantities of interest are incremental with respect to current state of the world D and refer to

the entire population, which is coherent with the PRTE parameter estimated above.

With the data at hand, I can estimate precisely only the total cost of each policy (all the details

are reported in Appendix B). It shall be clear that even though the information on associated

benefits is scant I am still in the position to address the issue of cost-effectiveness. Indeed, I find

that a subset of the total benefits are larger than the total cost of implementation of the policy, so

that I can already draw the conclusion that the policy is cost-effective. Furthermore, the partial

information on benefits provides conservative conclusions in the sense that I find a lower bound of

the true Total Net Benefit.

I implement three different hypothetical policies. For policy directed towards patients, I consider
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the advertisement by TV and radio; for policy directed towards physicians, I consider on-line

communication courses; for policy mix, I consider as if the policies directed to patients and

physicians are jointly implemented. A very conservative estimate of the cost of the implementation

of the policies (CTOT. = CDRUGS + CPOLICY ) are about CTOT. < 10mil.e when the target is the

physician, CTOT. ≈ 25mil.e when the target is the patient, CTOT. ≈ 30mil.e when a policy mix

is implemented (Table 10).

The array of potential benefits from these policies is large and difficult to estimate with the

data at hand. Benefits may be ‘direct’ or ‘indirect’. Among direct benefits the most important is

hospitalization. For the Government, the cost of hospitalization is about 2, 500e for CVDs without

surgery and between 15, 000 and 25, 000e for CVDs with surgery (Ialian Official Journal n. 23,

28 Jan. 2013). Therefore, avoiding 1,000 CVDs surgeries makes any hypothetical policy discussed

in this paper cost effective. The data do not allow to estimate the odds of these hospitalization.

However, according to the results from randomized clinical trials this target is feasible (Athyros

et al., 2010; 4S, 1994; Monaldi et al., 2015). As for indirect benefits they are relevant because,

for example, a lower cholesterol level might reduce the occurrences of other pathologies that are

typically associated with hypercholesterolemia (Kasteridis et al., 2014). To the extent that avoiding

these other pathologies reduces health expenditures, the saving should be considered as a benefit

from the policy. I am not be able to evaluate these indirect benefits, hence the TNB estimated

here may be understood as a lower bound of the true total net benefit. Even considering only the

direct benefit of the policies is enough to draw conclusions in favour of the cost-effectiveness of any

of the proposed policy.

7 Working with cohort subsamples

To shed more light on the effectiveness of adherence to reduce cholesterol I investigate whether

relevant differences are estimated by age. I split the sample in 3 categories (of approximately

same sample size): patients born before 1935 (the ‘old’ patients), patients born between 1935

and 1944 (the ‘middle age’ patients), and patients born after 1944 (the ‘young’ patients). Other
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age splits would be legitimate, but I view these as a fair compromise between ages relevant for

hypercolesterolemia and (sub)sample sizes.

For all birth cohorts, the conclusions are coherent with those from the whole sample, namely

the three necessary conditions for coherency between the model of Section 2 and the data are

satisfied. Interesting differences emerge when I compare the magnitudes of the estimated effects.

Patients who on average benefit most from adherence to prescribed treatment are the middle-age

and young patients (an ATE larger than 3%), whose benefit is more than three times larger than

that of the patients who benefit the least (the old patients, whose ATE is 1.0%). More insights can

be gained from the full decomposition of ATE. The positive sorting gain (ATT-ATE) is largest for

the old patients, thus implying that for these patients the gain from medication with respect to

an individual taken at random from the population of the same age is the largest when compared

to younger patients. However, for elder patients the ATU is positive (although not very precisely

estimated), so that untreated patients would experience a negative benefit if they were treated.

This happens because old patients are in worst general health conditions on average (i.e., have an

higher Charlson index), and therefore side effects from medication would more than compensate

the benefit (Heckman et al., 1997). Differently, for middle age and young patients the ATT is the

largest in absolute value but the sorting gain (ATT-ATE) is smaller than for elder patients because

also the ATU is negative reflecting the better general health conditions of younger patients.

8 Concluding remarks

This paper investigates the relation between adherence to prescribed medication and cholesterol,

by jointly taking into account the possible sorting of patients into treatment and the heterogeneity

of the treatment effect. Marginal Treatment Effect is most convenient in this setup, because it

identifies the average reduction of cholesterol from adherence for patients just indifferent between

treatment and non treatment, at a given level of unobservables. To the extent that there exists

substantial heterogeneity (Heckman et al., 2006), MTE will be different across levels of unobserv-

ables.
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Confirming the predictions of a stylized economic model I find that drugs successfully reduce

the level of cholesterol, and patients who benefit most from the treatment are more likely to adhere

to prescribed regime than patients who benefit the least. The heterogeneity of the treatment

effect is substantial: patients who benefit most from medication enjoy a reduction of cholesterol

indicator as large as 5%, whilst patients who benefit least enjoy a remarkably small, perhaps even

negligible, reduction (Heckman et al., 1997). The average reduction of cholesterol is comparable

to, but slightly lower than the effect estimated in Randomized Clinical Trials (4S, 1994). This is

an empirical contribution to a recent but growing literature that emphasizes the differences of drug

effectiveness between Randomized Clinical Trials and evryday practice (Deaton and Cartwright,

2018).

These results are used to study the effects of alternative hypothetical policies aiming at increas-

ing the share of patients adherent to medication, so to improve the individual health conditions

(Monaldi et al., 2015). The proposed policies affect either the patients or the GPs. As a tech-

nical contribution to the existing literature the paper provides the description of the observable

characteristics of patients switched into treatment thanks to the policies. This is an important

improvement over the current literature because the policies differ much both in terms of reduction

of cholesterol per patient shifted (about 3% when the patients or the physicians are targeted, as

opposed to 2% when a policy mix is implemented), and in terms of the population affected. As a

consequence, less effective policies may be rationally preferred to the most effective policy depend-

ing on desired target population. The possibility to inform the policy maker with respect to the

population induced into treatment may be very helpful to tailor the most appropriate policies, and

to evaluate the trade-off between effectiveness of the policy and targeted population. Back of the

envelope calculations suggest that any of the proposed policy is convenient when evaluated from a

purely monetary perspective.
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Table 1: Statin conversion table: the required mg required to reduce LDL by a a given percentage

Class % LDL Type of statin
reduction Simva. Ator. Rosu. Fluva. Lova. Prava.

1 <24 5 - - 20 10 10
2 25–32 10 - - 40 20 20
3 31–39 20 10 - 80 40 40
4 37–45 40 20 5 - 80 80
5 48–52 80 40 10 - - -
6 55–60 - 80 20 - - -
7 60–63 - - 40 - - -

Table 2: Descriptive statistics

Non adherent Adherent
Obs: 411, 695 (58.4%) 293, 162 (41.6%)
Stat. Chol. Female Charlson Age Equipot. Chol. Female Charlson Age Equipot.

Mean 0.592 0.561 0.920 66.2 4.167 0.583 0.494 1.039 65.5 4.555
SD 0.092 0.496 1.096 9.4 0.629 0.099 0.500 1.144 9.5 0.666

10th quant. 0.482 0.000 0.000 53.0 3.000 0.465 0.000 0.000 53.0 4.000
Median 0.594 1.000 1.000 67.0 4.000 0.585 0.000 1.000 67.0 5.000

90th quant. 0.694 1.000 2.000 78.0 5.000 0.692 1.000 3.000 77.0 5.000
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Table 3: Comparison of the observable characteristics by potential falsification channel of the
instrument: if the instrument is randomly assigned the distribution of observable characteristics
should be similar (Altonji et al., 2005).

Characteristic Full Potential Falsification Channels
sample Split between Drug payment

GP and Patient Exemption
Yes No Yes No

Cholesterol 0.588 0.593 0.588 0.587 0.588
Adherence 0.416 0.420 0.416 0.452 0.415

GP Communication 0.430 0.419 0.430 0.421 0.430
Initial chol. 0.621 0.625 0.621 0.616 0.621

Equipotency 4.328 4.303 4.328 4.338 4.328
Charlson 2 0.319 0.324 0.319 0.348 0.318
Charlson 3 0.158 0.127 0.159 0.170 0.158
Charlson 4 0.096 0.096 0.096 0.110 0.096

Simvastatin 0.314 0.285 0.315 0.306 0.315
Lovastatin 0.020 0.012 0.020 0.022 0.020

Pravastatin 0.101 0.154 0.101 0.104 0.101
Fluvastatin 0.065 0.071 0.065 0.068 0.065

Atorvastatin 0.310 0.339 0.310 0.299 0.310
Rosuvastatin 0.171 0.133 0.171 0.185 0.170

Simva eze. 0.019 0.006 0.019 0.016 0.019

Table 4: Distribution of Body Mass Index across instrument and treatment status, by gender

Instrument Men Women
Level Adherent

No Yes No Yes

[0.05,0.30] 28.394 28.444 28.113 28.491
[0.30,0.45] 28.396 28.672 28.311 28.707
[0.45,0.60] 28.819 29.253 28.666 29.106
[0.60,0.75] 29.111 29.616 29.221 30.132
[0.75,0.95] 28.333 28.351 28.067 28.823
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Table 5: Test of falsification for the instrument validity (Mourifié and Wan, 2016)

Men Women
CI level 10 5 1 10 5 1

Year

2004 NR NR NR NR NR NR
2005 NR NR NR NR NR NR
2006 NR NR NR NR NR NR
2007 NR NR NR NR NR NR
2008 NR NR NR NR NR NR

Notes: For the parameter θ defined in Mourifié and Wan (2016),

the hypotheses are H0 : θ0 ≤ 0, H1 : θ0 > 0. ‘R’ stands for

reject and ‘NR’ for NON reject. For the test, I set Z = 1 if

Zi >
1

N−1

∑N
1 Zj 6=i.

Table 6: Validation of the interpretation of the instrument; effect & S.E.

Men Women
Smoke Sport Smoke Sport

Women -0.008 0.008 -0.030 *** 0.010
0.007 0.010 0.005 0.010

Notes: ***[**](*) denotes significance at the 1[5](10)% confi-

dence level.

Table 7: Various tests of non-heterogeneity of the treatment effect.

H0 : NON-hetero. Covariates
Yes No

Carneiro et al. (2003): y = xβ + γ1p+
∑K

k=2 γkp
k∑K

k=2 γk = 0 34.072 *** 26.247 ***

Kowalski (2016): y = λDD + λZ Z + λDZ DZ
λD = 0 197.623 *** 1471.194 ***
λZ = 0 52.647 *** 326.545 ***
λDZ = 0 64.36 *** 28.564 ***
λD = λDZ = 0 123.993 *** 1051.402 ***

Hausman (1978) 76.113 *** 295.79 ***

Notes: ***[**](*) denotes significance at the 1[5](10)% confidence level.
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Table 8: Treatment effects; effect & S.E.

Sample ATE ATT ATU Sorting Sorting∗ Selection
(ATT-ATE) (ATE-ATU) (OLS-ATT)

All -0.02303 -0.04346 -0.01007 -0.02043 -0.01296 0.03094
0.00376 0.00492 0.00606 0.00529 0.00335 0.00494

Note: Sorting is the difference between the ATT and the ATE, i.e. between E(Y1 − Y0|D = 1) and E(Y1 − Y0), a

measure of the ‘surplus’ of the treatment effect enjoyed by patients who sort into adherence with respect to the treat-

ment effect enjoyed by a randomly drawn patient. Sorting∗ is the same kind of difference, taken between the ATE

and the ATU. Selection is the difference between the OLS and the ATT, i.e. between E(Y1|D = 1)−E(Y0|D = 0)

and E(Y1 − Y0|D = 1): in this application, a positive difference suggests a comparative advantage from adherence

to prescribed regime (i.e., positive selection). All these quantities are calculated using the procedure introduced

by Carneiro et al. (2017).

Table 9: Policy relevant treatment effect (PRTE)

Policy directed towards:
Parameter Physicians Patients Mix

PRTE -0.02996 -0.03063 -0.02091
SE 0.00264 0.00272 0.00356

Description of characteristics of patients who change behaviour thanks to the policy

Chracteristic Overall Affected Ratio Affected Ratio Affected Ratio

Charlson 2 0.31988 0.32480 1.01540 0.32594 1.01895 0.33526 1.04809
Charlson 3 0.16197 0.16595 1.02460 0.16652 1.02812 0.17616 1.08765
Charlson 4 0.09684 0.09911 1.02341 0.09976 1.03011 0.10973 1.13306

Hosp 0.03777 0.03876 1.02618 0.03847 1.01868 0.03911 1.03567
Hyper 0.68503 0.68979 1.00695 0.68897 1.00575 0.70451 1.02844

Diabetes 0.26281 0.27152 1.03314 0.27221 1.03578 0.29193 1.11082
Ictus 0.11171 0.11576 1.03623 0.11540 1.03305 0.12650 1.13242

Hearth fail 0.02764 0.02864 1.03613 0.02874 1.04007 0.03250 1.17591
By pass 0.00322 0.00339 1.05270 0.00340 1.05595 0.00427 1.32730

Ischemia 0.01317 0.01352 1.02623 0.01339 1.01664 0.01376 1.04426
CVD 0.01729 0.01727 0.99875 0.01742 1.00718 0.01755 1.01485

Atrial fibril 0.04562 0.04707 1.03170 0.04652 1.01970 0.04895 1.07296
Age 45 50 0.05212 0.05351 1.02650 0.05346 1.02571 0.05360 1.02830
Age 50 55 0.10185 0.10302 1.01148 0.10362 1.01741 0.10342 1.01538
Age 55 60 0.15486 0.15589 1.00667 0.15690 1.01317 0.15981 1.03195
Age 60 65 0.19969 0.19934 0.99827 0.19923 0.99769 0.19981 1.00062
Age 65 70 0.20957 0.20846 0.99467 0.20834 0.99410 0.20978 1.00101
Age 70 75 0.16920 0.16521 0.97639 0.16525 0.97667 0.16285 0.96245
Age 75 80 0.06891 0.06928 1.00543 0.06824 0.99033 0.06652 0.96534
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Table 10: Cost effectiveness analysis

Component Policy e
CTOT. = Physician = 8.2 (=5.2+3.0)
CDRUGS+CPOLICY Patient = 23.5 (= 2.5+21.0)

Mix = 29.9 (=5.9+3.0+21.0)

Definition Relevant numbs.

CDRUGS ∆P︸︷︷︸
switched

× HC︸︷︷︸
AV G.Hyper.cost

= 2.5mil.per year− 5.9mil.per year

Physician4 = 4.5%
∆P Patient4 = 2.2%

Mix4 = 5.1%

HC NPAT. × CGEN.DRUGS = 115.9mil.per year
NPAT. 70%× POP [40, 80] = 22.5mil.
CGEN.DRUGS Official Journal of Italy =

CPOLICY C{Broadcast TV,On line courses} = {21,3.0} mil. per year

Notes: All the details to derive these amounts are in Appendix B. 4: the share of patients induced into treatment is derived

from Table 9.

Table 11: Treatment effects by age; effect & S.E.

Sample ATE ATT ATU Sorting Sorting∗ Selection
(ATT-ATE) (ATE-ATU) (OLS-ATT)

Elders -0.01025 -0.03355 0.00341 -0.02330 -0.01366 0.02096
0.00758 0.00824 0.01099 0.00864 0.00505 0.00809

Middle -0.03153 -0.05015 -0.01948 -0.01863 -0.01205 0.03781
0.00699 0.00759 0.01123 0.00883 0.00570 0.00757

Young -0.03102 -0.05129 -0.01725 -0.02028 -0.01377 0.03858
0.00674 0.00921 0.01105 0.00957 0.00646 0.00913

Note: See Table 8.
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Figure 1: A graphical representation of the economic model

The minimum required gain to sort into adherence is plotted as a function of c
y0−c

(subscript i is omitted for
notational convenience). In order to have a 2-dimensions plot, I fixed c ∈ {C1, C2}, with C1 < C2, and let health
conditions under non-adherence (y0) free to vary. For any fixed health condition under non-adherence (e.g., y0 = y1),
the likelihood to be treated decreases as cost increases (the curve defined by C2 is above the curve defined by C1,
hence the minimum required gain to self-select into treatment increases). For any fixed cost, as going from y1 to y2

(i.e., from better to worse conditions under non adherence), the likelihood to be treated increases for both levels of
costs (the curves are decreasing in the level of cholesterol, hence the minimum required gain decreases).

Figure 2: Histogram of the predicted probability of compliance
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Figure 3: MTE of pills to cholesterol

The inference is based on bootstrap approximation as suggested by Carneiro et al. (2017) and 250 draws.
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A Characterization of patients induced to change behaviour thanks

to the hypothetical policy

In this section I show how to describe the observable characteristics of the patients induced into

treatment in response to the policy . To the best of my knowledge this is a technical contribution

of my paper to the existing literature. The only example that goes in this direction and that I am

aware of is Carneiro et al., 2003. The same question may be relevant to explain the results from

MTE: examples are Carneiro et al. (2003); Basu (2014). Thanks to the results in Vytlacil (2002)

the description of the characteristics of the patients who change behaviour can be accomplished

exploiting existing results available for the characterization of compliers in the LATE context

(Angrist, 2004; Angrist and Pischke, 2008). For a characteristic X that can be described by dummy

variables (i.e., X is Bernoulli distributed), the theoretical justification for the exercise is based on

the equivalence (Angrist and Pischke, 2008):

F [X,∆P ] = F [X|∆P ]F [∆P ] = F [∆P |X]F [X] (10)

E[X|∆P ] =
E[∆P |X]E[X]

E[∆P ]
, ∀uD. (11)

Although one may be interested in measuring the observable characteristics at specific uD, I sum-

marize it over all the support of the selection probability, i.e.
∫
E[X|∆P, ud]d ud. Similar to the

case of LATE, a limitation of this exercise is that I can describe the average characteristics of the

switchers, but I am not able to flag who is actually switched from non-treatment to treatment.

To characterize the patients using the procedure by Carneiro et al. (2017), I only need to derive

the sample of patients that are switched into treatment by the simulated policy. Once I have this

‘new’ sample of individuals, I simply evaluate the sample averages of their characteristics obtaining

E[X|∆P, ud]. In order to compare the characteristics of the shifted patients to those of the entire

population, I also evaluate E[X]: for example, if X is diabetes then a ratio E[X|∆P,ud]
E[X] < 1 implies

that the share of patients that suffers from diabetes and are induced into treatment by the policy

is lower than in the overall population (and viceversa if the same ratio is greater than 1).
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B Deriving Cost-Effectiveness

In this appendix I describe how I derive the Total Net Benefit (TNB) from each policy, defined as

the difference between benefits (B) and costs (C), i.e. TNB = B−C. Here I describe step-by-step

how I calculated the total costs. The benefits are described directly in the main text.

The exercise may be conducted at different levels of detail. Coyle et al. (2003) show that the

finer the stratification the greater the opportunity for positive net benefits, because it makes it

possible to exclude from treatment patients whose benefits would be lower than costs. In this

paper the costs are evaluated at individual level. This is an important feature of the calculation

for two reasons. First, on the empirical side this guarantees a unifying approach with the previous

empirical analysis. Second, it better serves the scope of the Comparative Effectiveness Research

(CER) to improve the individualized patient care (Institute of Medicine, 2009; Basu et al., 2014).

Total costs (CTOT.) are the sum of two components: the additional cost of drugs for patients

non-adherent under the current policy, but otherwise adherent (CDRUGS); the cost of actual im-

plementation of the policy (CPOLICY ), either advertisement or courses of communication. Cost

CDRUGS is relevant under the very conservative assumption that drugs are given directly to the

patients by the Government. This is the relevant cost if all the switchers are entitled to exemption

from payment of drugs. This choice is made so to obtain the upper bound of the cost of the policy.

The component CPOLICY is the cost due to the actual implementation of the policy.

The additional cost of drugs is obtained as CDRUGS = ∆P × HC, where ∆P is the share of

patients switched into treatment thanks to the policy, derived directly from the PRTE of Section 6;

HC is the total cost of drugs for hypecholesterolemia, defined as HC = NPAT. ×CGEN.DRUGS . In

this notation, NPAT. is the number of patients suffering from hypercholesterolemia and is obtained

applying the percentage of 70% (Progetto Cuore, 2018) to the Italian population between 40 and 80

years old (32.2mil. individuals), so that NPAT. ≈ 22.5mil.; CGEN.DRUGS is the actual expenditure

of the Government for generic drugs, that may be derived using the official prices set by the

Italian authority for drugs (AIFA, 2017). Given the observed composition of statin intake, it

follows that HC = NPAT. × CGEN.DRUGS = 115.9mil.per year.18 The policy directed towards

18 This is the step where the advantages from using a personalized version of CER are the largest with respect to a
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patients would cost CDRUGS = 2.5mil.per year e; the policy directed towards physicians would

cost CDRUGS = 5.2mil.per year e; the policy mix would cost CDRUGS = 5.9mil.per year e.

The cost of advertisement (CPOLICY ) depends on the specific policy. For policy directed towards

patients, I consider the advertisement by TV and radio; for policy directed towards physicians, I

consider on-line communication courses. In both cases, there are only fix costs, whilst the marginal

cost per patient is zero. It is likely that both policies exert positive externalities (e.g., there is no

reason that a better communication of the GP should be confined to a specific disease). With the

data at hand, these externalities can not be considered. In this respect, the costs estimated are an

upper bound of the true costs.

As for TV, I downloaded (26th sept 2018) the prices on the main Italian public broadcast (RAI):

on average, the cost is 30,000 e, each 15 seconds. As for the radio the prices are much cheaper: on

average, the cost is at most 5,000 euro, each 30 seconds, during peak time. I implement a policy

where advertisements run once per hours, 10 hours a day, for 60 days, for a total cost of about

CPOLICY = 21mil. e. Concerning on-line communication courses, I found courses between 15 and

60 e(data as for 26th sept 2018) per person. According to official statistics the number of GP

during the period of this analysis were approximately 46,500 (44,279 in 2016, the latest available

figure according to data from Eurostat), the total cost for the policy directed towards physicians

is between CPOLICY = 0.7 (= 46, 000× 15) and 3.0 mil. e.

Therefore, the total cost for the implementation of the policies (CTOT. = CDRUGS +CPOLICY )

are about CTOT. ≈ 25mil.e when the target is the patient, CTOT. < 10mil.e when the target is

the physician, or CTOT. ≈ 30mil.e when a policy mix is implemented (under the assumption that

it implements both a course to GPs and advertisement).

C Further results

standard CER based on average effectiveness. The age is a typical risk–factor used to build subgroups in a standard
CER analysis. Whilst one can establish the drug composition -and the attached costs- for patients in a given age
range, there may be many other factors that determine individual choices within the same age range. Therefore, in
this paper I do not condition on specific risk factors, selected a priori, and I run the analysis at individual level. See
Basu et al. (2014, p.363) for a more thorough discussion on this issue.
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Table 12: Detail of the estimates

Variables OLS IV MTE
Selection Main eq.

Init 0.536 *** 0.530 *** -1.236 *** 0.602 ***
Init sq -0.129 *** -0.125 *** 0.591 *** -0.179 ***
Equip -0.005 ** 0.015 *** 5.472 *** -0.037 ***
Equip sq 0.001 *** -0.000 -0.351 *** 0.006 ***
Charlson 2 -0.003 *** -0.002 *** 0.143 *** -0.001 **
Charlson 3 -0.003 *** -0.002 *** 0.189 *** -0.002 **
Charlson 4 -0.001 ** -0.001 0.216 *** 0.002 **
Hosp. 0.001 ** 0.001 * -0.099 *** 0.001
Hyper -0.007 *** -0.007 *** 0.122 *** -0.006 ***
Diab -0.018 *** -0.017 *** 0.048 *** -0.016 ***
Ictus -0.004 *** -0.003 *** 0.141 *** -0.003 ***
BMI -0.006 *** -0.006 *** 0.040 *** -0.003 ***
Hearth disfunct. -0.000 0.000 0.127 *** 0.000
ByPass 0.001 0.003 0.271 *** -0.009 *
Ischemia 0.001 0.000 -0.125 *** -0.004 **
Vascular Dis. 0.002 ** 0.002 ** -0.052 ** 0.004 **
Atrial Fibr. -0.004 *** -0.004 *** 0.073 *** -0.003 ***
Simvastatin -0.008 -0.024 ** -3.865 *** -0.032
Lovastatin 0.010 0.001 -3.183 *** -0.019
Pravastatin 0.006 0.000 -1.808 *** -0.021
Fluvastatin 0.007 0.004 -1.119 *** -0.015
Atorvastatin -0.015 -0.035 *** -4.927 *** -0.043
Rosuvastatin -0.020 * -0.039 *** -4.785 *** -0.041
Simva eze -0.010 -0.007 0.454 -0.040
Female 0.002 *** 0.001 *** -0.229 *** -0.001
Eta 2 -0.007 *** -0.006 *** 0.060 *** -0.003 **
Eta 3 -0.009 *** -0.009 *** 0.072 *** -0.010 ***
Eta 4 -0.013 *** -0.013 *** 0.141 *** -0.017 ***
Eta 5 -0.015 *** -0.015 *** 0.123 *** -0.019 ***
Eta 6 -0.019 *** -0.019 *** 0.111 *** -0.022 ***
Eta 7 -0.019 *** -0.019 *** 0.073 *** -0.023 ***
Eta 8 -0.021 *** -0.020 *** 0.082 *** -0.025 ***
Q 1 0.003 *** 0.003 *** -0.085 *** 0.002 ***
Q 2 0.002 *** 0.002 *** -0.086 *** 0.002 ***
Q 3 0.000 0.001 * -0.001 0.000
Y 2005 -0.006 *** -0.004 *** 0.419 *** -0.004 ***
Y 2006 -0.008 *** -0.005 *** 0.641 *** -0.004 ***
Y 2007 -0.009 *** -0.006 *** 0.618 *** -0.004 ***
Y 2008 -0.011 *** -0.008 *** 0.616 *** -0.004 ***
NW -0.005 *** -0.006 *** -0.136 *** -0.004 ***
NE -0.009 *** -0.009 *** -0.059 *** -0.004 ***

47



C -0.008 *** -0.009 *** -0.192 *** -0.006 ***
S -0.007 *** -0.008 *** -0.052 *** -0.005 ***
Compliance -0.013 *** -0.035 ***
Others’ compliance 2.692 ***
P -0.093
P2 0.010
P3 0.020
Init × P -0.159 ***
Init sq × P 0.117 ***
Equip × P 0.037 ***
Equip sq × P -0.005 ***
Charlson 2 × P -0.002 **
Charlson 3 × P -0.002
Charlson 4 × P -0.007 ***
Hosp. × P 0.000
Hyper × P -0.003 ***
Diab × P -0.004 ***
Ictus × P -0.000
BMI × P -0.006 ***
Hearth disfunct. × P -0.000
ByPass × P 0.021 ***
Ischemia × P 0.010 **
Vascular Dis. × P -0.005
Atrial Fibr. × P -0.002
Simvastatin × P 0.031
Lovastatin × P 0.062
Pravastatin × P 0.051
Fluvastatin × P 0.038
Atorvastatin × P 0.032
Rosuvastatin × P 0.022
Simva eze × P 0.061
Female × P 0.005 ***
Eta 2 × P -0.007 **
Eta 3 × P 0.004 *
Eta 4 × P 0.011 ***
Eta 5 × P 0.012 ***
Eta 6 × P 0.009 ***
Eta 7 × P 0.011 ***
Eta 8 × P 0.011 ***
Q 1 × P 0.001
Q 2 × P 0.001
Q 3 × P 0.001
Y 2005 × P -0.003 *
Y 2006 × P -0.006 ***
Y 2007 × P -0.009 ***
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Y 2008 × P -0.014 ***
NW × P -0.003
NE × P -0.011 ***
C × P -0.005 ***
S × P -0.004 **
Intercept 0.360 *** 0.321 *** -14.922 *** 0.417 ***

Notes: ***[**](*) denotes significance at the 1[5](10)% confidence level.

Table 13: Distribution of weights

UD Doctor Patient Mix

(0,.1] 0.00760 0.00747 0.00762
(0.1,0.2] 0.02379 0.02113 0.02372
(0.2,0.3] 0.02597 0.02134 0.02808
(0.3,0.4] 0.01788 0.01630 0.02473
(0.5,0.6] 0.03309 0.03066 0.05310
(0.6,0.7] 0.03838 0.03104 0.07207
(0.7,0.8] 0.02132 0.01661 0.05595
(0.8,0.9] 0.01276 0.00984 0.05742
(0.9,1) 0.00101 0.00062 0.02679

Figure 4: Comparison of semi-parametric and non-parametric estimators.
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