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Abstract

When a decision maker has discretion, such as a worker reporting their taxable income,
threshold-based rules or policies can distort behavior. This has not been studied in the
context of medicine where thresholds guide many important diagnosis and treatment
decisions. I study the decision to diagnose and treat hypertension, defined as blood
pressure (BP) ≥140/90 mmHg, in Chile’s public health care system. Hypertension is
the single most important risk factor for cardiovascular disease, but diagnosis can be
challenging because BP is a noisy measure of risk and often overstated in clinic. Using
bunching estimation and electronic health records from over 600,000 patients in Chile I
find that providers round the BP of up to 62% of patients who test near the threshold,
using their discretion to turn a positive test for hypertension into a negative. This
behavioral response leads to a more accurate classification of patients in terms of their
cardiovascular risk, as measured by future hospitalizations. I find that discretionary
decisions are consistent with heuristic thinking: among patients with identical test
results, those with characteristics representative of high cardiovascular risk are less
likely to be sorted below the diagnostic threshold. These results suggest that in the
case of limited information, heuristic thinking and discretionary diagnosis can lead to
more accurate decisions and to better patient outcomes, underscoring the importance
of clinical skill in achieving an efficient and equitable allocation of health care.
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1 Introduction

Clinical practice guidelines aim to standardize medicine using evidence-based recommenda-

tions, yet large inefficiencies in care delivery remain (Abaluck et al., 2020, 2016; Chandra

and Staiger, 2014; Mullainathan and Obermeyer, 2021). Policymakers argue that improving

adherence to guidelines can both reduce costs and improve quality by getting care to the

patients who would benefit most (Runnacles et al., 2018). Critics of guidelines, a group

largely made up of physicians, argue that diagnostic rules can ignore other clinically relevant

information and the role of expertise (Knaapen, 2014; Timmermans and Mauck, 2005). In

reality, medical decisions must often be made with limited or poor information, even when

guidelines exist. In these ‘grey areas’, discretionary decision-making – where a provider uses

their judgement to decide whether to test, treat, or act on the results of a positive test – is

highly important. This is one reason clinical skill is becoming increasingly recognized as an

important input to quality health care (Chan et al., 2022; Currie and Zhang, 2021).

I study health care providers’ decision to diagnose and treat hypertension, a highly preva-

lent disease with a simple but noisy test where false positives are common (Baron, 2018).

While the clinical practice guidelines for hypertension are very simple - diagnose if blood

presssure (BP) is at least 140/90 mmHg - both missed- and over-diagnosis are common be-

cause accurately measuring BP is challenging (Baron, 2018). Instantaneous BP fluctuates

around the patient’s long-term or true BP, which is a strong predictor of risk for cardio-

vascular events (Muntner Paul et al., 2019). Simple actions can change BP within seconds:

drinking coffee, sitting with one leg crossed over the other, and for some patients, speaking

with a physician (Adiyaman et al., 2007; Muntner Paul et al., 2019; Myers et al., 2011).

Substantial effort is given to developing systems to improve measurement precision such as

averaging multiple measures, making sure the patient is sitting correctly, and waiting a few

minutes after the doctor walks in. Still, in a busy primary care clinic where providers spend

just a few minutes with each patient, knowing whether a patient testing over 140/90 mmHg

is a true positive or a false positive requires substantial clinical skill.

The noise in BP allows me to identify instances of discretionary diagnosis. If a provider

believes a patient’s test result is a false positive, it is likely they will retest until they get

a number they believe. Or, they might simply record a different number in the medical

record than the one actually measured. With enough data, these behaviors are observable

as bunching in the distribution of BP under the 140 threshold, which would otherwise be

smooth.1 I estimate this behavior with a bunching estimator and interpret it as a behavioral

1I expect excess mass below the diagnostic threshold and not above it because BP measured in a medical
setting, such as primary care, is well-known to be higher on average than if the same patient’s BP was
measured elsewhere (Muntner Paul et al., 2019; Myers et al., 2011).
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response to the diagnostic threshold for hypertension. This allows for an investigation into

when and how health care providers behave in one of medicine’s many ‘grey areas’.

Specifically, I use estimate the magnitude of bunching in BP - my measure of discretion

- separately at 257 public primary care clinics in Chile, using visits from 619,907 unique

patients. This yields a measure of the amount of discretionary decision-making at each

primary care clinic. Taking advantage of the fact that in Chile’s public health care system

patients are assigned a primary care clinic based on their home address, I use a difference-

in-differences approach to estimate the impact of discretion. Specifically, I compare high

vs. low discretion clinics, and patients below vs. above the diagnostic threshold. This

allows for estimation of the impact of discretion on clinical decisions, selection by patient

health as measured by future cardiovascular-related hospitalizations, and selection by patient

characteristics representative of high cardiovascular risk.

I find approximately 10% of clinics exhibit discretion in the diagnosis of hypertension,

and at these clinics up to 62% of patients expected to have tested just above the diagnos-

tic threshold are instead recorded just below it. These results also provide evidence that

thresholds, which are common in medicine, can distort provider behavior.

After quantifying discretion using bunching estimation, I find that clinical practice guide-

lines are adhered to similarly at high and low discretion clinics. That is, there is no difference

in the probability of new hypertension diagnosis or prescription at high vs. low discretion

clinics, indicates that the value of BP recorded in the electronic health record does guide

decision-making, whether it was manipulated by the provider or not. Untreated high BP

raises a patient’s risk of adverse cardiac events. If discretionary decision-making meant

providers were incorrectly reclassifying true positives as false positives we would expect to

see more of these hospitalizations among patients at high discretion clinics who were classi-

fied below the diagnostic threshold. Instead I find the opposite. Patients at high discretion

clinics are 62.1% and 44.5% less likely to be hospitalized for stroke within 3 and 12 months

respectively. They are also 25.7% and 9.3% less likely to be hospitalized for heart attack

within 3 and 12 months respectively. These results suggest not that discretion itself reduces

cardiovascular hospitalization, but that at high discretion there is a more accurate classifi-

cation of patients into hypertension negative and positive based on their cardiovascular risk.

In particular, providers at high discretion are more likely to use their discretion to move

healthy patients under the threshold and keeping high-risk patients above it.

How do providers identify low-risk patients who happened to have tested positive? I

investigate heuristic thinking as one possible mechanism. At the heart of diagnosis is the

question: what is the probability that patient A belongs to the class of people with disease

B? When answering this type of question it is likely that providers, like all humans, rely on
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the representativeness heuristic (Tversky and Kahneman, 1974).

Indeed, I find that patients with characteristics representative of high cardiovascular risk

- older males - are less likely to be sorted under the threshold. Compared to the clinical

practice guidelines, where BP is the only determinant of hypertension status, by using the

representativeness heuristic providers add information to their decision process.

This paper contributes to our understanding of how health care providers make decisions,

in particular their use of cognitive shortcuts and rules of thumb. In recent work in this

areas, Singh (2021) documents heuristic thinking in the delivery room, showing that clinical-

decisions are affected by recent adverse events experienced by the provider. Olenski et al.

(2020) and Coussens (2018) both find emergency room providers are subject to end digit

bias - an age-related heuristic that leads to sub-optimal test decisions. These recent papers

all find that heuristic thinking can lead to biased decisions and poor outcomes for some

patient groups. In the setting of hypertension diagnosis and treatment I instead find that

heuristic thinking contributes to more accurate decisions. There are several reasons for this

difference. First, I compare decisions at clinics that are more or less likely to use heuristics,

whereas other work has compared the use of heuristics to an optimal decision rule, which

will by definition be better. Second, each clinical scenario is different, and in the case of

diagnosing hypertension, adding more information to the decision process through the use

of heuristics appears to be beneficial. This is likely due to the too-simple guideline given the

noisy biomarker, which may not be the case for other clinical scenarios studied.

This paper aims to make two additional contributions. First, to our understanding of the

allocation of clinical resources. Focusing on the fact that health care providers determine

how many and which patients receive medical tests and treatments, this literature uses

observational data to examine the volume and cost of care, as well as the quality of clinical

decisions. Abaluck et al. (2016), Abaluck et al. (2020), and Chan and Gruber (2020) find

that providers’ testing decisions are inefficient based on patient risk. Chandra and Staiger

(2014) and Mullainathan and Obermeyer (2021) show heart attack tests and treatment are

misallocated in emergency departments compared to an optimal rule. Clinical skill, including

the ability to test the ‘right’ patients is increasingly being recognized as an important and

modifiable input to quality health care (Chan et al., 2022; Currie and Zhang, 2021).

It is well studied that when incentives or policies change discontinuously at a threshold,

behavior can be distorted (Kleven, 2016). This distortion can occur even when the decision-

maker dies not benefit directly, but instead distorts their decisions to change outcomes for

a beneficiary such as a patient or a student. This paper is closest to Diamond and Persson

(2016), who use bunching methods to identify and understand teacher discretion in national

test grading. The authors find that teachers selectively increase some students’ scores from
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below to above the pass threshold. Teachers do this for students who scored lower than their

own average on previous test (i.e. students who ‘had a bad test day’) (Diamond and Persson,

2016). This behavior is analogous to my finding that providers round down the test result

of a patient who ‘had a bad BP test day’.

While bunching methods have been used to study patients’ response to health insurance

(Chandra et al., 2021; Einav et al., 2015, 2017), providers’ response to health insurance

(Hernández-Pizarro et al., 2020), and hospital wait times (Gruber et al., 2018), this is the

first paper to my knowledge to investigate bunching in the context of diagnostic decisions.

Given the vast number of medical decisions made using thresholds that categorize continuous

biological measurements, there are likely many opportunities to use bunching to understand

how and why clinical decisions are made.

The remainder of this paper is as follows: section 2 describes the country and medical

setting as well as the data used. Section 3 describes what we can learn from bunching esti-

mation and the empirical strategy to measure discretion and its impact. Section 4 describes

results, and section 5 concludes.

2 Setting and Data

2.1 Health and Healthcare in Chile

Chile is an OECD country with a similar burden of disease to other high-income countries:

non-communicable diseases account for 82% of years of life lost (PAHO, 2020). The preva-

lence of hypertension is 27.8% in Chile, 30.7% in the United States, and 24.2% in Canada

(Garies et al., 2019; Lanas et al., 2020; Ostchega and Nguyen, 2020).

Chile has both public and private healthcare systems. All residents are defaulted in to the

public system, where insurance is provided by the federal government and funded through a

universal 7% tax on earnings (Fondo Nacional de Salud, or FONASA). Approximately 19%

of the population opts-out of the public system by purchasing private insurance. Those who

remain in the public system are assigned a primary care clinic based on their home address.

Primary care services are considered to be of relatively high quality and organized, delivering

free preventative and acute medical services(Bast́ıas et al., 2008; Bitrán et al., 2010; Bossert

and Leisewitz, 2016). Primary care is obtained either at a clinic, or a low-complexity hospital.

Low-complexity provide a combination of primary care and some in-patient services in rural

areas that have a single medical center. Hereafter, I refer to both types of facilities as clinics.

Most care in the public system is low-cost, and copayments are further reduced for chronic

diseases, including hypertension, as they are a priority policy area for the federal government
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(Aguilera et al., 2015). FONASA, the public insurer, assigns patients a copayment level based

on their income. The lowest two income groups have a copayment of 0%, which increases to

10% and 20% for the second highest and highest income groups, respectively.

Supply-side payment and incentives are also standardized nation-wide. Payment from

the public insurer to primary care clinics is capitated and determined by the number of

registered patients and their risk (JLN, 2017a,b). Healthcare providers in the public system

are employed by the government either on a annual, salaried basis, or a fixed-term contract

basis. Some primary care providers also face performance based financing - incentives to

improve quality of care in key areas. Bonuses can be as large as 20% of pay, however the

goals and metrics are not clear and change frequently (JLN, 2017a,b). Importantly for this

project, the bundle of incentives faced by providers does not indicate that there is any reason

providers would avoid diagnosing or treating a patient with a (marginally) positive test for

hypertension. If anything, they might be more incentivized to diagnose a relatively healthier

patient, as this group is then more likely to achieve controlled hypertension.

2.2 Medical Context

An estimated 1.4 billion people have high BP (BP) making it the largest contributor to

both all-cause and cardiovascular mortality globally (Egan et al., 2019; Piper et al., 2015).

Despite being a strong predictor of cardiovascular risk, hypertension lacks symptoms. For

this reason it is common practice to measure patients’ BP at every primary care clinic visit

along with vital signs, as this is the only way to know if BP is high. Chile’s clinical practice

guidelines define hypertension as BP ≥140/90 mmHg. Hypertension can be prevented and

treated with medication and behavior change including regular exercise and improving diet.

Accurately measuring BP is challenging as instantaneous or short-term BP fluctuates

around the patient’s long-term or true BP. BP is influenced in the very short term by stimuli

such as caffeine intake, sleep, nervousness, the measurement method, and for some patients,

the presence of a physician (Muntner Paul et al., 2019; Myers et al., 2011).

When making a diagnosis the provider observes instantaneous BP and not true, long-

term BP. Substantial effort is devoted to creating training materials (e.g. Stergiou et al.

(2020); Williams et al. (2009), technology (e.g. Miao et al. (2020); Socrates et al. (2021),

and research (e.g. Baron (2018); Wohlfahrt et al. (2020) to improve the accuracy of BP

measured in clinic. Still, it is known that BP is often measured with error. Here, I argue

that uncertainty in whether BP measured in clinic accurately reflects the patient’s true,

underlying health status makes this diagnostic decision one where a providers’ clinical skill

and use of discretion are crucial.
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Noisy measurement contributes to anomalies in recorded BP, including rounding down

and the over-representation of numbers that end in zero,2 which have long been documented

in the medical literature (Alcocer et al., 1997; Wilcox, 1961). An example of end digit bias in

BP measurement is shown in figure 1. These numerical anomalies have not been documented

in other biomarkers, either those measured in primary care (such as pulse), or in laboratories

(such as hemoglobin A1c).

2.3 Data

2.3.1 Electronic Health Records

I primarily use electronic health records (EHRs) from Chile’s public health care system from

2013-2017. These data record routine encounters between providers and patients in primary

care and include detailed diagnoses, biomarkers (e.g., BP, blood glucose, weight etc.), demo-

graphics (age, sex), comorbidities, and some self-reported health behaviors (e.g., exercise,

smoking, alcohol use). Visit data was linked at the patient level to medication prescriptions

(including date, drug name, and quantity) and to the universe of hospitalizations (including

ICD-10 codes for diagnoses, date, and length of stay) in Chile over the same time period.

Several EHR software providers are used by public clinics, and these data come from the

largest provider. Among clinics that use said software, visits in the analysis dataset come

from patients in Chile’s cardiovascular control program (Programa de Salud Cardiovascular

or PSCV), which has been operating since 2002. A patient is considered enrolled in the PSCV

once they are diagnosed with one or more diseases of interest: type 2 diabetes, hypertension,

dyslipidemia, or have risk factors: a family history of cardiovascular disease (CVD), or smoke

and are at least 55 years old. PSCV patients continue to seek care at their assigned primary

care clinic, and receive additional benefits, namely counselling about how to manage their

chronic disease and when to seek urgent care, text-message reminders about upcoming visits,

additional tests such as for diabetic foot, and are asked to attend preventative care more

frequently than non-PSCV patients (de Salud Gobierno de Chile, 2017). For this reason, my

EHR data does not represent all patients seen by a provider on a given day, but instead, the

interactions providers had with PSCV patients.

EHR data come from 257 clinics representing 113 municipalities (out of 345 in the coun-

try). I link EHR at the municipality level to Chile’s National Socioeconomic Characteriza-

tion Survey (CASEN, 2015 wave), which is representative at the municipality level, to obtain

socio-economic characteristics.

2The over-representation of numbers that end in zero (and sometimes 5) compared to an expected
distribution is called end digit bias (which I use), round number preference, or left-digit bias.
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To compare the distribution of BP in the EHR to a nationally representative distribution

I use Chile’s National Health Survey (ENS, 2016-2017 wave), which is also representative of

the population at the municipality level.

2.3.2 Sample

To measure discretion and its impact, I include visits where BP could be diagnosed, from

patients aged 18-79 at ‘large’ clinics. Last, I restrict the sample to patients who visited

primary care at least 1 year before the end of the study observation period, so that I can

measure post-visit hospitalization over a sufficiently long period.

To do this, I first exclude visits from patients previously diagnosed with hypertension in

order to analyze interactions where a diagnostic decision could be made. This leaves patients

with type 2 diabetes (29%; categories are not mutually exclusive), dyslipidemia (46%), or

cardiovascular disease risk factors (63%), who are attending regular care at primary care

clinics (table 1). I use each patient’s first observed visit to avoid over-representing BP

measures that are under 140/90 mmHg, which could impact bunching estimates.

I also exclude visits where BP was not recorded (2.4% of visits), and patients under 18 or

over 80 (9.8%). Patients 80 and older are subject to a different diagnostic threshold and goal

for controlled BP. Last, I exclude ‘small’ clinics with too few visits for bunching estimation.

I define small as clinics with below the median number of visits (N=1165). This causes 52%

of clinics to be excluded, but only 12.5% of patients. This leaves N=619,907 patient-visits

at N=257 clinics. See table A1 for full details on sample selection.

Tables 2 and 3 describe the study population. The average patient is 58 years old with a

body mass index of 30.7, the low end of the obese category. Many are low-income, making

less than $320 per month and over a quarter of patients live below the federal poverty line.

Compared to the total population of Chile, or even to the population that uses public,

primary care, this is a high risk sample. Because of the criteria to be in the PSCV we expect

adverse cardiac events to be higher in this group than the general public. For this reason, it

is also likely that providers are more attentive to BP during visits with this patient group,

because BP is an important predictor of cardiovascular risk. Thus, the behavioral response

estimated here is likely an under-estimate of the magnitude we would observe in a less risky

patient population.

3 Empirical Strategy

I first describe the intuition behind bunching estimation. Second, I describe construction of

the independent variable, the magnitude of bunching (discretion) at the clinic level. Third,

7



I outline the difference-in-differences approach used to understand the impact of discretion

on clinical decisions, and selection by cardiovascular risk and patient characteristics.

3.1 Measuring Provider Discretion With Bunching

3.1.1 What Can We Learn From Bunching?

The bunching approach uses discontinuities in incentives to measure behavior (Kleven, 2016).

Similar to regression discontinuity designs, bunching methods can be applied in settings with

a running variable and a threshold that determines treatment. In the case of bunching the

running variable is manipulated (compared to a known counterfactual distribution) and

selection with respect to the threshold is present. This manipulation can be interpreted as

a behavioral response to the threshold. The majority of work using the bunching approach

is in public finance and studies a behavioral response to taxation (e.g. (Chetty et al., 2011;

Kleven and Waseem, 2013; Saez, 2010).

I study bunching of BP that is recorded in electronic medical records, and interpret it as

a behavioral response by healthcare providers to the diagnostic threshold for hypertension.

Importantly, what is present here is manipulation of BP that is recorded by the provider in

the electronic health record, and not precise manipulation of patients’ own health. This is

the first paper to my knowledge to investigate providers’ behavioral response to a diagnostic

threshold, a type of decision rule that is common in medicine.

Using BP as a running variable in which to study bunching offers several advantages.

First, because hypertension lacks symptoms and can be deadly BP measurement is recom-

mended at all primary care visits, alleviating any concerns of selection into testing. Second,

as a biological parameter its counterfactual population distribution is known. Third, it is

a setting with few frictions. That is, providers measure and record BP themselves and

then decide the clinical action taken, if any. Thus, providers can precisely manipulate the

measurement and outcome according to their beliefs about the patient.

3.1.2 Bunching Estimation

Examining raw distributions of BP at the clinic level reveals that clinics vary not only in

the amount of discretion, but also in the extent to which providers round BP to numbers

ending in zero (figure 2). This often occurs when the policy or reference point is at a salient

round number, which is the case with the hypertension diagnostic threshold (Kleven and

Waseem, 2013). In BP measurement, over-representation of zeros is common and thought

to be driven by use of imprecise measurement tools (Greiver et al., 2019). This behavior is

easily incorporated into bunching estimation to avoid overstating the behavioral response.
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To quantify discretion at each clinic I compare the clinic’s observed distribution to the

distribution that would exist in the absence of bunching. This counterfactual is recovered

by fitting a polynomial regression to the empirical density, excluding observations in a range

around the threshold [pl, pu], where missing and excess mass is observed. To account for

round number bunching I add a set of round number fixed effects. Finally, I predict the

counterfactual density for the whole distribution and extrapolate into the bunching region,

excluding the contribution of round number fixed effects.

To improve fit of the bunching counterfactual I use a different specification for clinics

with a large amount of rounding to zero and for clinics with little rounding to zero. To

classify clinics I compare the expected (10%) to observed share of observations that end in

zero. I define ‘high rounding’ clinics as those where end digit zeros make up at least 20%

of the clinic’s total BP measurements. All other clinics are ‘low rounders’. Results are not

sensitive to this classification, and are similar if a 15% or 30% threshold is used. I collapse

data into bins of 2 and 5 units of BP for high and low rounding clinics, respectively. For

each clinic I separately estimate:

nc,i =
K∑
k=0

βkp
k
i +

∑
r∈R

ρr ∗ 1
[pi
r
∈ N

]
+

pu∑
p=pl

γb ∗ 1{yi = t}+ ϵi (1)

Where nc,i is the number of observations in bin i at clinic c, k is the order of the polynomial,3

pi is the BP mid point in bin i, [pL, pU ] is the excluded region of the PDF (area that is affected

by bunching), t is the diagnostic threshold (140), and 1{yi = t} are indicators for if bin i is

in the excluded region around the threshold. N is the set of natural numbers, R is a vector of

numbers that end in zero, omitting 140 (the threshold) R = {8, 9, 10, 11, 12, 13, 15, 16, ..., 20}.
The estimate of the counterfactual distribution is the predicted values from (1) after omit-

ting the contribution of the dummies around the threshold, but not omitting the contribution

of other round-number dummies. (Kleven and Waseem, 2013). To quantify the magnitude

of discretion, I compare the predicted density, (1) to the observed empirical density. Figure

3 shows two examples of bunching estimation.

Specifically, the bunching estimator returns the number of missing, if negative, or excess,

if positive, observations at the diagnostic threshold bin divided by the height of the counter-

factual. This normalization allows for comparison of magnitudes across clinics with different

3For estimation I use the bunching package in R (Mavrokonstantis, 2019). I use the package’s default
polynomial of 9. Results are robust to instead using 7 or 8 but change when a lower order polynomial is
used, which results in excessive smoothing and is not recommended. I also specify that the policy threshold
is the minimum of its bin, because the diagnostic threshold is BP≥ 140.

9



N visits. The bunching parameter of interest for each clinic, c is:

bc =
N observed patients - N patients in counterfactual

N patients in counterfactual

Each term is measured in the bin containing the diagnostic threshold (140 mmHg). A clinic

with bc = −0.4, for example, has 40% of the expected mass at the threshold is missing.

Standard errors are obtained by bootstrapping the bunching estimation 100 times per clinic.

3.1.3 Identifying Assumptions for the Bunching Approach

To recover a valid counterfactual for bunching estimation three assumptions must be met

(Blomquist et al., 2017). First, the counterfactual distribution must be bounded and well-

behaved. Because BP is a biological measurement this assumption is easily satisfied (see

figure A1 for the expected distribution of BP).

The second assumption is that missing mass is not caused by selection. It is recommended

that BP is measured at every primary care visit making selection into testing unlikely. BP

is measured along with vital signs (e.g. pulse, temperature) as a general marker of patient

health, and because hypertension lacks symptoms so screening is crucial. This fact is reflected

in the electronic health records data, where before any restrictions, 98% of visits contain a

BP measurement (table A1).

Third, manipulation is one-sided and bounded, that is, providers are only rounding BP

from above to below the threshold and only for individuals in some range of BP. Because

hypertension status is only determined by one threshold, there is no reason for providers to

systematically round BP when far from the threshold, providing support for the boundedness

assumption.

Here, the direction of rounding is unobservable at the patient-level, however, previous

work and the institutional setting provide support for one-sided manipulation. Researchers

have compared mean BP in clinics with high end digit bias (where noisy measurement and

thus rounding are more likely) to clinics with low end digit bias and concluded that BP,

if rounded or measured imprecisely, is systematically rounded down (Greiver et al., 2019;

Myers et al., 2011). In addition, it is well established the BP is on average higher when

measured in clinic compared to at the patient’s home (Muntner Paul et al., 2019; Myers

et al., 2012). Indeed, Chile’s clinical practice guidelines for hypertension management lists

errors that commonly lead to incorrect BP measurement (de Salud Gobierno de Chile, 2017).

Of the 8 common errors listed, 7 lead to an overstatement of BP which can be as large as

20 mmHg, and only one leads to an understatement of BP, of 7 mmHg (see appendix table

A2 for more details).
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The payment scheme in Chile also suggests rounding down. Several papers have shown

that healthcare providers exhibit lower effort when paid a fixed salary compared to other

payment models such as fee for service or performance based financing (Das et al., 2016;

Gertler and Vermeersch, 2013). Thus, in a salaried setting like Chile’s public health care

system, providers may avoid diagnosing a marginal patient. While some providers also receive

performance bonuses the performance indicators do not include diagnosis of hypertension.

For these reasons it is unlikely, but not impossible that providers manipulate BP upwards.

If downwards manipulation was masking some upwards manipulation then this is another

reason that the behavioral response estimated here using bunching would be a lower bound

on the true magnitude of discretion at each primary care clinic.

3.2 Variable Construction

The goal of this analysis is to understand the impact of health care providers’ discretion on

the quality of hypertension diagnosis decisions. Due to a limited sample size, bunching, which

is our measure of discretion, must be measured at the clinic level and not the provider level.

After measurement, the magnitude of bunching at the clinic level can be parameterized

in several ways. My preferred specification examines the intensive margin: I construct a

continuous variable equal to bc ∗ −1 if bunching was statistically significant at the 5% level,

zero otherwise. For easier interpretation, this variable is then normalized across clinics to

mean zero, standard deviation one. I construct three other variables that measure discretion,

and all lead to very similar result (see appendix 8.1 for details).

I study three groups of outcome variables: clinical decisions, hospitalizations, and patient

characteristics.

Clinical decisions include the diagnosis of hypertension and prescription of anti-hypertensive

medication. Hypertension diagnosis appears as a column in the EHR data, and is an in-

dicator equal to 1 for a new diagnosis, 0 otherwise. Prescriptions are retrieved from the

national medications database and linked to the EHR by patient ID and date. I construct

a variable equal to 1 if a new prescription for anti-hypertension medication was written on

the same date as the patient’s primary care visit. Importantly, patients do not need to fill

the prescription for it to appear in the medications database.

The main health outcomes of interest are hospitalization for stroke, heart attack, or

congestive heart failure as these are directly affected by untreated high BP. Because these

are measured within 3, 6, or 12 months of the patient’s diagnostic visit, they are also a

measure of cardiovascular risk. Other health outcomes studied include non-hypertension

related hospitalization, and hospitalization for type 2 diabetes. These two variables exclude
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any hospitalization for stroke, heart attack, or heart failure. The cause of hospitalization was

identified with ICD-10 codes for primary and secondary diagnosis (see table A3 for details).

For each diagnosis grouping I then create indicators equal to 1 if the hospitalization occurred

within 3, 6, or 12 months of the hypertension screening visit, zero otherwise.

Last, I examine patient characteristics that are available in the EHR. I focus on charac-

teristics both observable to the provider and potentially informative of cardiovascular risk:

patient sex, obesity (as measured by body mass index ≥ 35, previous diagnosis with type 2

diabetes, and age greater than or equal to 55 and 65 years.

3.3 Measuring the Impact of Discretion

To understand the impact of clinical discretion I use a difference-in-differences framework:

I compare outcomes in high vs. low discretion clinics and below vs. above the clinical

threshold. The coefficient of interest is β3 in the following regression:

Yi,c = α + β1Discretionc + β2BP < 140i + β3(Discretionc ∗BP < 140i) + λi + γc + ϵic

(2)

Where Discretionc is the normalized excess mass in clinic c, BP < 140i is an indicator

for if patient i’s recorded systolic BP is less than 140 mmHg, λi is a vector of patient

characteristics, and γc are clinic controls.

My preferred specification includes fixed effects for calendar year, quarter, and type of

clinic (i.e. urban primary care clinic, rural primary care clinic, or low-complexity hospital)

in all regressions. Regressions for hospitalization outcomes additionally include fixed effects

for male and 1-year age groups. Standard errors are robust and clustered at the clinic level.

This approach takes advantage of the fact that the public healthcare system in Chile

does not act as a competitive market. Instead, individuals are assigned to a primary care

clinic based on their address of residence. The national insurer, FONASA, keeps a list of

all enrolees and their assigned clinic. Because the public health care system does not act as

a competitive market, clinics have no incentive to enroll more patients. Therefore, patients

are quasi-randomly assigned to be exposed to varying levels of discretion.

Figure 5 provides a test of the assumption that the magnitude of clinics’ discretion is

uncorrelated with patient, clinic, and municipality characteristics. Specifically, I regress each

characteristic separately on the continuous discretion variable. We see that these character-

istics are not significantly predictive of the magnitude of discretion, and that more discretion

does not appear to be systematically related to patient health or risk as measured by age,

previous diagnoses, and risk factors such as obesity.
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4 Results

4.1 Evidence of Discretion in Blood Pressure Measurement

We begin by examining the magnitude and variation of bunching, our measure of health care

providers’ propensity to use their discretion in making clinical decisions for hypertension.

Figure 2 shows that for some clinics there is clear bunching just below the diagnostic threshold

(e.g. clinic B, where BP=139 is highly over-represented), while for other clinics there is little

to no bunching (e.g. clinic G).

I quantify the amount of discretion separately for each clinic using equation (1). Among

the 257 clinics I study, negative bunching is observed in 140 clinics, and is statistically

significant in 24 of those. Negative bunching indicates missing mass at and just above the

threshold, meaning providers are rounding some BP down. Positive bunching is observed in

the remaining 117 clinics, but is statistically significant in only 2. I do not focus on positive

bunching for several reasons. First, these two clinics appear to be outliers. Second, positive

bunching indicates there is excess mass in the 140-144 bin, and missing mass to the right

of that. Because all BP readings at or above 140 indicate the same clinical action, that is,

to diagnose BP, bunching at 140 is not as clinically meaningful and likely reflects rounding

instead of discretion in clinical decision-making.

Figure 4 displays the distribution of the magnitude of discretion at the clinic level for

clinics with statistically significant negative bunching. The median clinic has a b value of

-0.215, with values ranging from -0.06 to -0.622. This means up to 62.2% of patients who are

predicted to have BP at or just above 140 mmHg - and who therefore should be diagnosed

with hypertension - are instead recorded as having BP under the diagnostic threshold. These

results indicate a large behavioral response to the diagnostic threshold for hypertension at

some primary care clinics, and no behavioral response at others.

The observed pattern of bunching is a combination of several possible behaviors. In

the simplest case, the provider measures BP ≥140 but writes down a number under 140 in

the EHR. Or, the provider may have taken multiple BP measurements for the same patient

during the same visit. The ‘final’ BP measurement recorded in the EHR might be an average

of multiple readings, or if the provider retests to get to a single number they are satisfied with.

Averaging at least two measurements is recommended in Chile’s clinical practice guidelines

as a method of obtaining a more precise signal of patients’ health (de Salud Gobierno de

Chile, 2017). Unfortunately, only the final decision is present in the electronic health record.

Still, in all these cases providers are faced with at least one positive test result, and ultimately

record a BP reading below 140 for the patient, indicating they have used their discretion to

change the test result.
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4.2 Impact of Discretion on Clinical Decisions

Given providers’ behavioral response to the diagnostic threshold, we next examine the impact

of this behavior on clinical decisions. Table 4 displays the impact of discretion on the

probability of a new hypertension diagnosis or medication prescription. The coefficient of

interest is the interaction between the magnitude of clinics’ discretion and the indicator

for BP recorded below the diagnostic threshold (Discretion x BP< 140). Importantly, if

providers are perfectly following clinical practice guidelines, there will be no diagnoses or

prescriptions below BP=140. And, if providers are following guidelines similarly at high and

low discretion clinics, we expect to see a coefficient near zero on the interaction term between

discretion and BP< 140.

Indeed, the coefficients on the interaction term for both diagnosis and prescription are

each close to zero and not statistically significant, indicating no impact of discretion. That

is, conditional on a patient’s recorded BP being under 140, providers appear to adhere to

clinical practice guidelines similarly at high and low discretion clinics. This suggests that

the location of a patient’s recorded BP (whether manipulated or not) with respect to the

threshold is meaningful, and encodes the provider’s belief about their risk.

4.3 Discretion and Selection by Cardiovascular Risk

When a provider uses their discretion to reassign a positive hypertension test result as

negative, they are effectively considering the test a false positive. Untreated high BP raises

a patient’s risk of adverse cardiac events. Thus, if providers are incorrectly reclassifying

true positives as false positives we would see a higher rate of hospitalization for cardiac

events in the months following the primary care visit in the group affected by discretion.

Instead, we see the opposite. Table 5 (row 1) displays a strong negative effect of discretion on

the probability of stroke or heart attack. A one standard deviation increase in discretion is

associated with a lower probability of stroke hospitalization of 0.02 to 0.06 percentage points,

measured within 3 to 12 months respectively (p-value< 0.01). Given baseline hospitalization

rates these estimates are large and translate to a relative reduction of 62.1% and 44.5%

respectively. A similar pattern is seen for heart attack, where a one standard deviation

increase in discretion is associated with a probability of hospitalization that is 0.028 and 0.036

percentage point lower, within 3 or 12 months, respectively (p-value< 0.05). We observe no

effect of discretion on the probability of hospitalization with congestive heart failure. All

models are adjusted for patient sex and age, in addition to the controls in equation (1).

Results are also robust to the inclusion of controls for type 2 diabetes, dyslipidemia, and

family history of cardiovascular disease.
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Importantly, I do not find evidence that discretion leads to an overall lower number of

cardiovascular hospitalizations. Instead, the reduction in the probability of hospitalization

among patients classified as hypertension negative at high discretion clinics (table 5, row 1)

is offset by an increase in the probability of hospitalization of a similar magnitude among

patients classified as hypertension positive at the same clinics (table 5, row 2). These results

are unsurprising: as providers at high discretion clinics reassign some low cardiovascular

risk patients to the hypertension negative group, this leads to a higher concentration of

high cardiovascular risk patients in the hypertension positive group at high discretion clinics

(compared to low discretion clinics), shown as positive coefficients in row 2 of table 5.

These results suggest that at clinics where providers are more likely to use their discretion

when diagnosing hypertension, there is a more accurate sorting of patients with respect to

the diagnostic threshold: higher risk patients are more likely to be classified as hypertension

positive, and low risk patients are more likely to be classified as hypertension negative, but

there is no net change in the number of hospitalizations. These results raise several questions,

namely, how do providers differentiate between true and false positive tests for hypertension?

Is it that providers are sorting overall healthier patients under the threshold, or do they have

some particular insight about cardiovascular risk? Second, are providers at high discretion

clinics simply providing an overall higher quality of care?

To answer these questions I estimate the impact of discretion on: 1) the probability of

non-hypertension related hospitalization (all hospitalizations excluding stroke, heart attack,

and heart failure), a measure of the overall health of patients and 2) the probability of hos-

pitalization for type 2 diabetes causes, among patients who have been previously diagnosed

with type 2 diabetes.4 While an indirect measure of quality of care, if discretion is an in-

dicator of overall clinical skill we would expect patients affected by discretion to also have

fewer hospitalizations for their non-hypertension related conditions.

Table 6 examines the impact of discretion on hospitalizations for any cause other than

stroke, heart attack, and heart failure. Results fluctuate around zero and none are sta-

tistically significant. We find similar results for hospitalizations related to type 2 diabetes,

among patients diagnosed with this disease (table 6, columns 4-6); no statistically significant

estimates, and both positive and negative coefficients for hospitalization within 3, 6, and 12

months. These results do not provide conclusive evidence that discretion leads to overall

more healthy patients being sorted under the threshold, or, that providers at high discretion

clinics are more effective at treating diseases other than hypertension.

To definitively conclude that discretion leads to a more accurate sorting of patients on

4The group of hospitalizations included here are mutually exclusive to stroke, heart attack, and heart
failure.
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either side of the diagnostic threshold in terms of health I would ideally measure effects on

patient mortality, however mortality is unobserved. In appendix 8.2 I re-estimate the effect

of discretion on cardiovascular hospitalizations among patients who are known to be alive

for at least 3, 6, or 12 months after their initial primary care visit. Table A7 shows similar

impacts of discretion on cardiovascular hospitalizations in this sample.

4.4 Discretion and Selection by Patient Characteristics

So far we have seen that providers at high and low discretion clinics are equally likely to

follow diagnostic guidelines for hypertension, and yet, patients with lower cardiovascular risk

are more likely to be accurately classified as hypertension negative at high discretion clinics.

These two facts can both be true if providers use their discretion to identify false positives

- who have lower true cardiovascular risk - and sort these patients below the threshold.

How do providers distinguish between true and false positives? When deciding if a patient

belongs in the group of false positives providers may, instead of calculating conditional

probabilities which is mentally taxing, judge the similarity of the patient to someone who is

representative of low cardiovascular risk, i.e. use the representativeness heuristic (Tversky

and Kahneman, 1974). To test for this, I use the difference-in-differences framework to

examine if key patient characteristics are over-represented below the diagnostic threshold at

high discretion clinics. Specifically, I examine characteristics that are 1) easily observed by

the provider, and 2) that would be present in a patient representative high cardiovascular

risk. These are male sex, previous diagnosis with type 2 diabetes, severe obesity (defined as

body mass index ≥ 35), age 55 and older, and age 65 and older.

Table 7 examines the impact of discretion on patient characteristics that are correlated

with cardiovascular risk, interpreted as selection with respect to the threshold. At high

discretion clinics, males are 1.6% less likely to be classified as hypertension negative. Older

patients are also less likely to be classified as hypertension negative at high discretion clinics:

1.2% and 1.5% for age thresholds of 55 and 65, respectively.

The age thresholds of 55 and 65 are likely to be salient to providers. While age is not

explicitly in the clinical practice guidelines for diagnosing hypertension, ages 55 and 65

appear frequently in Chile’s guidelines for managing other cardiovascular diseases (de Salud

Gobierno de Chile, 2017). Similar effects were not seen for ages 50, 60, and 70 (table A9).

These results are consistent with providers using the representative heuristic to differentiate

between a true and false positive test for hypertension, however because of the small point

estimates, heuristic thinking is likely only one of the ways providers make this decision.
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5 Conclusion

This paper documents health care providers’ behavioral response to the diagnostic threshold

for hypertension. This behavior varies across primary care clinics in Chile, where 0 to 62%

of patients’ BP measurements near the diagnostic threshold were manipulated. Providers

selectively round some patients’ BP down, turning a positive test into a negative. I argue that

the uncertainty in BP measurement means discretionary decision-making, where a provider

does not only rely on rules such as clinical practice guidelines, is highly important.

Using the fact that primary care clinic is assigned by patient’s home address in Chile’s

public health care system, I estimate the impact of discretion on clinical decisions and

hospitalizations. Comparing high and low discretion clinics reveals that providers adhere to

clinical practice guidelines similarly. Yet, patients at high discretion clinics who are recorded

as having a negative test are less likely to be hospitalized with adverse cardiovascular events

– the highest risks from uncontrolled high BP.

The estimated difference in the rate of adverse health outcomes is likely driven by two

mechanisms. Most importantly, at high discretion clinics, false positives are more likely to

be (correctly) labelled as a negative test result. This leaves more true positives above the

threshold. Notably, correctly classifying patients in this way would lead to the large negative

effects seen, whether the overall level of hospitalization at high discretion clinics changed or

not.

Second, because over-treatment with prescription drugs can be harmful, not treating false

positive patients could also have direct benefits. Recent work has shown there can be harms

to over-prescribing: in the United States 12 in 1000 people 65 and up were hospitalized for

medication harms, and this was largely driven by therapeutic medicines for chronic diseases

(Budnitz et al., 2021). For this reason, and because patients are more likely to adhere to

simpler treatment regimes, policymakers have recently turned to treatment simplification

and de-prescribing as one method to improve health, especially for cardiovascular diseases

(Böhm et al., 2021; Elnaem et al., 2020; Vrijens et al., 2017).

How do health care providers distinguish between a true and a false positive? While

I can’t definitively answer this question, I provide support for heuristic thinking as one

component of discretionary decision-making and rule out several other methods. Specifically,

providers are less likely to manipulate the positive test result of patients with characteristics

representative of high cardiovascular risk. In this case, providers’ cognitive shortcuts add

information to their decision process compared to just using the clinical practice guidelines.

An important limitation of this analysis is the inability to understand precisely how

providers identify false positive patients. It is clear that providers add more dimensions
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to the decision process than is suggested in the clinical practice guidelines, however the

small effect sizes indicate this is not the whole story. Future work, in particular work using

standardized patients which allows for an understanding of exactly what happens in a visit

with a provider, could be useful here. For example, the standardized patients could record

what kinds of questions the provider asks but does not record in the electronic health record,

or the number of times BP is re-measured.

A second limitation is the necessity of measuring discretion at the clinic level instead of

the provider level. This is done for two reasons: first, because of the large data requirements

for bunching estimation. Second, patients cannot chose the public, primary care clinic they

attend but could choose the provider they see within the clinic. Still, by aggregating to the

clinic level important important heterogeneity in the use of discretion or in clinical skill might

be masked. However, there are several reasons providers working at the same clinic may

behave similarly, which helps to reduce concerns about heterogeneity. For example, within

a clinic providers likely have access to the same technologies. In addition, previous work has

documented that among physicians, peers’ and co-workers’ practice style is influenced by

others in their immediate network (Arnold et al., 2021; Donohue et al., 2018; Zheng et al.,

2010). As such, the measure of discretion here is a combination of clinical skill and practice

style at each primary care clinic.

Many medical decisions are made in ‘grey areas’ where uncertainty is high. This is

partly because decisions often must be made with limited information about patient health.

For example, the decision to prescribe antibiotics is usually made before test results return

from the lab, and costly test decisions, such as those for heart attack, are made largely

based on subjective information from the patient. In both of these cases, research has

shown that prediction algorithms could improve quality of clinical decisions (Huang and

Ullrich, 2021; Mullainathan and Obermeyer, 2021). A noisy biomarker or too-simple clinical

practice guidelines also create uncertainty. Here, I find that healthcare providers’ mental

models partially overcome this by adding in relevant information that is not in clinical

practice guidelines. As decision support tools including algorithms become more common

in medicine, understanding how providers are already thinking, whether this deviates from

guidelines, and if that benefits or harms patients, is crucial as we work towards improving

the efficiency and equity of healthcare allocation.
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Chile. CMAJ: Canadian Medical Association journal = journal de l’Association medicale cana-
dienne 179 (12), 1289–1292.

Bitrán, R., L. Escobar, and P. Gassibe (2010, December). After Chile’s Health Reform: Increase
In Coverage And Access, Decline In Hospitalization And Death Rates. Health Affairs 29 (12),
2161–2170.

Blomquist, S., W. Newey, A. Kumar, and C.-Y. Liang (2017, December). On Bunching and Identifi-
cation of the Taxable Income Elasticity. Technical Report w24136, National Bureau of Economic
Research.

Bossert, T. J. and T. Leisewitz (2016, January). Innovation and Change in the Chilean Health
System. New England Journal of Medicine 374 (1), 1–5.

Budnitz, D. S., N. Shehab, M. C. Lovegrove, A. I. Geller, J. N. Lind, and D. A. Pollock (2021,
October). US Emergency Department Visits Attributed to Medication Harms, 2017-2019.
JAMA 326 (13), 1299.
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7 Tables and Figures

Figure 1: Expected vs. Observed Distribution of Systolic BP

Panel A: National Health Survey. Panel B: Primary Care Records
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Note: Comparison of expected (panel A) to observed (panel B) distribution of systolic BP in two large
populations. Panel A shows the distribution of systolic BP fromres Chile’s nationally representative
health survey (ENS 2016-2017). Panel B shows the distribution of systolic BP from primary care
electronic health records (2016-2019). Substantial end digit bias, or rounding to zero, is seen, as well as
some missing mass to the right of the diagnostic threshold. Both distributions exclude individuals who
have were diagnosed with hypertension before this instance of BP was measured.
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Figure 2: Examples of the Distribution of Systolic BP at 12 Clinics
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Note: Distributions of systolic BP from 12/257 primary care clinics from preventative care visits among
patients who were not previously diagnosed with hypertension. Clinics A, C, E, F, H, I and J show
substantial end digit bias: numbers that end in zero are over-represented. Clinics A, B, E and L show
substantial bunching: there is missing mass above 140 and excess mass below it.
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Figure 3: Example of counterfactual bunching estimation

Panel A: Clinic with little rounding. Panel B: Clinic with high rounding

●

●

●

●

● ●

●

●

●

●

●

●

●

●

●

●

b = −0.182(0.096)

0

200

400

600

100 120 140 160
Systolic blood pressure

V
is

its

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

● ●

●

●

●

●

●

●
●

●

●
●

●

●
●

●

● ●
●

● ●

●

●
●

b = −0.209(0.165)

0

100

200

300

100 120 140 160 180
Systolic blood pressure

V
is

its

Note: Examples of bunching estimation. The grey line is the counterfactual density from equation (1).
Panel A shows a clinic with little rounding to zero. Panel B shows a clinic with more rounding to zero,
see as spikes at 110, 120, 130... 150. The green dashed line at 140 shows the diagnostic threshold.
The magnitude of bunching (discretion) is displayed on the graph, with the bootstrap standard error in
parentheses. A negative number indicates missing mass to the right of the threshold, and excess mass
below it. Each b estimate is the number of missing (or excess, if positive) observations at the threshold,
normalized by dividing the total excess mass by the height of the counterfactual at the threshold. This
allows for comparison of magnitudes across clinics with different N visits. Estimated using the bunching
package in R (Mavrokonstantis, 2019).
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Figure 4: Estimated Magnitude of Discretion of BP
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Note: Histogram of the magnitude of discretion (estimated using bunching) for 24 of 257 clinics. Only
clinics with statistically significant negative bunching are included. A negative number indicates missing
mass to the right of the threshold, and excess mass below it. Each b estimate is the number of missing
(or excess, if positive) observations at the threshold, normalized by dividing the total excess mass by the
height of the counterfactual at the threshold. This allows for comparison of magnitudes across clinics
with different N visits. Estimated using the bunching package in R (Mavrokonstantis, 2019).
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Figure 5: Balance of Patient and Clinic Characteristics by Magnitude of Discretion

Panel A: Patient Level Characteristics
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Note: This figure tests for quasi-random assignment of patients to clinics by magnitude of discretion.
Point estimates and 95% confidence intervals shown from the regression of clinics’ continuous and stan-
dardized bunching magnitude on (A) patient characteristics, and (B) clinic and municipality character-
istics. Each characteristic is from a separate regression and includes year and quarter fixed effects, with
standard errors clustered at the clinic level.
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Table 1: Patient Reasons for Admission to Cardiovascular Health Program

N %

History of CVD 393,657 63.5
Dyslipidemia 285,304 46.0
Type 2 diabetes 177,083 28.6
Smoker and over 55 9,643 1.6
Unknown 52 0.0

Unique patients 619,907

Note: Patients are enrolled in Chile’s Cardiovascular Health Program (Programa Salud Cardiovascular)
if they have one or more of the characteristics in the table. Categories are not mutually exclusive.
Patients in the Cardiovascular Program with previously diagnosed hypertension were excluded.

Table 2: Summary Statistics, Clinic and Municipality Characteristics

Statistic Mean St. Dev.

Household income per capita 440.827 229.015
Log visits per clinic 7.938 0.460
Mean municipality age 36.521 2.343
Secondary or primary education 0.865 0.088
% of municipality that is rural 0.148 0.173
Tertiary education 0.135 0.088
Urban primary care clinic 0.825 0.381
Rural primary care clinic 0.089 0.286
Low complexity hospital 0.058 0.235
Literacy rate in municipality 0.966 0.024
Employment rate in municipality 0.525 0.056

Note: Mean and standard deviation of clinic- and municipality-level characteristics for 257 clinics.
Municipality-level variables come from Chile’s Socio-economic Survey, and are linked to clinics based on
their location. Household income per capita is monthly a municipality mean, and in 2020 USD. St. Dev.
stands for standard deviation.

back to section 2.3.2
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Table 3: Summary Statistics, Patient Characteristics

Statistic Mean St. Dev.

Female 0.618 0.486
Mean age 57.711 13.087
Age 18-29 0.031 0.173
Age 30-39 0.069 0.253
Age 40-49 0.172 0.377
Age 50-59 0.263 0.440
Age 60-69 0.264 0.441
Age 70-79 0.201 0.401
Body mass index 30.714 6.013
Normal or underweight BMI 0.211 0.408
Overweight BMI 0.375 0.484
Obese BMI 0.482 0.500
Severely obese BMI 0.067 0.251
Type 2 Diabetes 0.286 0.452
Dyslipidemia 0.641 0.480
High cholesterol 0.351 0.477
Cardiovascular risk: high 0.271 0.445
Cardiovascular risk: moderate 0.168 0.374
Cardiovascular risk: low 0.129 0.335
Sedentary 0.557 0.497
Monthly income: below poverty line 0.266 0.442
Monthly income <$320 or pensioner 0.435 0.496
Monthly income $320-465 0.122 0.327
Monthly income >$465 0.171 0.376

Note: Mean and standard deviation of patient-level characteristics for 619,907 patients. BMI stands for
body mass index. Type 2 diabetes and dyslipidemia are previously diagnosed. Cardiovascular risk is
assigned by the healthcare provider using a modified Framingham 10-year cardiovascular risk algorithm.
Sedentary is an indicator for if the provider noted in the electronic medical record the patient leads a
sedentary (little physical activity) lifestyle. Monthly income categories come from the patient’s FONASA
insurance level. All variables are indicators except for age and body mass index.

back to section 2.3.2
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Table 4: Impact of Discretion on Hypertension Diagnosis and Prescription

Hypertension
Diagnosis

Hypertension
Prescription

(1) (2)

Discretion x BP<140 −0.008 −0.019
(0.005) (0.014)

Discretion −0.006 0.007
(0.006) (0.010)

BP<140 −0.251∗∗∗ −0.169∗∗∗

(0.005) (0.005)

Observations 619,907 619,907
Mean dep. var. 0.522 0.376
Clinics 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. This table presents difference-in-differences estimates of the impact
of crossing the diagnostic threshold from above to below 140 mmHg at high vs. low discretion clinics.
BP< 140 is an indicator for if recorded systolic BP (BP) was below 140. Discretion is a continuous
variable for the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation
1. The coefficient of interest is the interaction term, which is interpreted as the impact of discretionary
clinical decision-making. Each dependent variable is an indicator for if the patient was hospitalized with
the listed condition, within 3, 6 or 12 months of their primary care visit, zero otherwise. Robust standard
errors clustered at the primary care clinic level are in parentheses. All models include fixed effects for
year and quarter of primary care visit, and type of primary care clinic. Hypertension diagnosis is an
indicator for if the patient was newly diagnosed. Hypertension prescription is an indicator for if the
patient was prescribed a new hypertension medication.

back to section 4.2
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Table 5: Discretion and Cardiovascular Hospitalization 3, 6, and 12 Months After Primary Care Visit

Stroke Heart Attack Congestive Heart Failure

≤3 mo. ≤6 mo. ≤12 mo. ≤3 mo. ≤6 mo. ≤12 mo. ≤3 mo. ≤6 mo. ≤12 mo.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Discretion x BP<140 −0.018∗∗ −0.039∗∗∗ −0.061∗∗∗ −0.028∗∗ −0.040∗∗∗ −0.036∗ 0.003 0.001 −0.001
(0.009) (0.012) (0.019) (0.012) (0.013) (0.019) (0.006) (0.010) (0.013)

Discretion 0.018∗∗ 0.039∗∗∗ 0.060∗∗∗ 0.022∗ 0.033∗∗ 0.030 −0.005 −0.008 −0.011
(0.009) (0.012) (0.017) (0.012) (0.014) (0.020) (0.005) (0.008) (0.010)

BP<140 −0.029∗∗∗ −0.061∗∗∗ −0.107∗∗∗ −0.025∗∗∗ −0.062∗∗∗ −0.119∗∗∗ 0.010 0.013 0.003
(0.005) (0.009) (0.014) (0.009) (0.013) (0.019) (0.007) (0.010) (0.015)

Observations 619,907 619,907 619,907 619,907 619,907 619,907 619,907 619,907 619,907
Mean dep. var.(%) 0.029 0.066 0.137 0.109 0.205 0.385 0.062 0.124 0.232
Clinics 257 257 257 257 257 257 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. This table presents difference-in-differences estimates of the impact of crossing the diagnostic threshold from
above to below 140 mmHg at high vs. low discretion clinics. BP< 140 is an indicator for if recorded systolic BP (BP) was below 140. Discretion
is a continuous variable for the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation 1. The coefficient of
interest is the interaction term, which is interpreted as the impact of discretionary clinical decision-making. All dependent variables in this table
are multiplied by 100 and can be interpreted as percentages. Each dependent variable is an indicator for if the patient was hospitalized with the
listed condition, within 3, 6 or 12 months of their primary care visit, zero otherwise. Robust standard errors clustered at the primary care clinic
level are in parentheses. All models include fixed effects for male, 1-year age, year and quarter of primary care visit, and type of primary care
clinic. Stroke includes any cerebral infarction (ICD-10 codes I63). Heart attack includes acute coronary syndrome, myocardial infarction, and
any other condition associated with sudden, reduced blood flow to the heart (I20-22, I24-25). Congestive heart failure is I50.

back to section 4.3
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Table 6: Discretion and Non-Cardiovascular Hospitalization 3, 6, and 12 Months After Primary Care Visit

Non-cardiovascular hospitalization Type 2 diabetes hospitalization

≤3 mo. ≤6 mo. ≤12 mo. ≤3 mo. ≤6 mo. ≤12 mo.

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

Discretion x BP<140 −0.028 0.010 −0.027 −0.047 0.038 0.114
(0.051) (0.065) (0.100) (0.105) (0.160) (0.216)

Discretion −0.004 −0.039 0.017 0.066 0.007 −0.152
(0.047) (0.063) (0.092) (0.102) (0.160) (0.230)

BP<140 0.008 −0.125∗ −0.311∗∗∗ 0.003 −0.228∗ −0.480∗∗∗

(0.048) (0.065) (0.088) (0.091) (0.124) (0.163)

Observations 619,907 619,907 619,907 177,083 177,083 177,083
Mean dep. var.(%) 2.374 4.603 8.642 2.655 5.132 9.568
Clinics 257 257 257 254 254 254

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. This table presents difference-in-differences estimates of the impact of crossing the diagnostic threshold from
above to below 140 mmHg at high vs. low discretion clinics. BP< 140 is an indicator for if recorded systolic BP (BP) was below 140. Discretion
is a continuous variable for the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation 1. The coefficient of
interest is the interaction term, which is interpreted as the impact of discretionary clinical decision-making. All dependent variables in this table
are multiplied by 100 and can be interpreted as percentages. Each dependent variable is an indicator for if the patient was hospitalized with the
listed condition, within 3, 6 or 12 months of their primary care visit, zero otherwise. Robust standard errors clustered at the primary care clinic
level are in parentheses. All models include fixed effects for male, 1-year age, year and quarter of primary care visit, and type of primary care
clinic.

back to section 4.3
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Table 7: Selection by Patient Characteristics Representative of High Cardiovascular Risk

Male
Type 2
Diabetes

Severe
Obesity Age 55+ Age 65+

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

Discretion x BP<140 −0.006∗∗∗ −0.003 0.002 −0.007∗∗∗ −0.005∗∗∗

(0.002) (0.005) (0.001) (0.003) (0.002)

Discretion 0.008∗∗∗ −0.005 −0.001 −0.005 −0.008
(0.002) (0.006) (0.003) (0.005) (0.005)

BP<140 −0.096∗∗∗ 0.007∗ −0.019∗∗∗ −0.141∗∗∗ −0.127∗∗∗

(0.002) (0.004) (0.001) (0.004) (0.003)

Observations 619,907 619,907 582,880 619,907 619,907
Mean dep. var. 0.382 0.286 0.067 0.596 0.336
Clinics 257 257 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact
of crossing the diagnostic threshold from above to below 140 mmHg at high vs. low discretion clinics.
BP< 140 is an indicator for if recorded systolic BP (BP) was below 140. Discretion is a continuous
variable for the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation
1. The coefficient of interest is the interaction term, which is interpreted as the impact of discretionary
clinical decision-making. Each dependent variable is an indicator for if the patient has the characteristic
listed, zero otherwise. Robust standard errors clustered at the primary care clinic level are in parentheses.
All models include fixed effects for year and quarter of primary care visit, and type of primary care clinic.

back to section 4.4
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8 Appendix

Table A1: Inclusion Criteria for Primary Care Electronic Health Records Data

Inclusion criteria N patients N clinics
% patients
excluded

- 1,448,800 552 -
BP was measured 1,413,499 545 2.4%
No previous hypertension diagnosis
or medication prescription

995,528 539 32.4%

Age 18-80 863,571 538 9.6%
Large clinics 755,653 257 12.5%
At least one year of follow-up time 619,907 257 18.0%

Note: Inclusion criteria and number and percent of patients excluded at each step. Large is defined a
clinic above the median number of visits. The final sample is 619,907 patient-visits and 257 clinics.

Table A2: Chile’s Clinical Practice Guidelines: Frequent errors that result in an inaccurate
measurement of BP

Factor

Discrepancy in
BP
systolic/diastolic
(mmHg)

Did not rest 5 minutes prior to measurement 10-20/
Talking or active listening during measurement 10-17/10-13
BP cuff over clothing 5-40/
BP cuff too tight 10-15/2-8
BP cuff too loose -7/5
Ate, smoked, or drank coffee 30 minutes before measurement 6-20/
Back was not against the chair 6-10/
Crossed legs 5-8/

Note: This table is the author’s own translation of appendix table 3 from Chile’s 2017 clinical practice
guidelines for cardiovascular disease management (Orientación Técnica Programa de Salud Cardiovas-
cular 2017, page 37). If no number is included after the slash it means no change in diastolic BP is
expected. Discrepancy indicates the change in BP relative to the patient’s ‘true’ BP.
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Figure A1: Expected vs. Observed Distribution of Diastolic BP
Panel A: Chile’s Nationally Representative Health Survey. Panel B: Primary Care Records
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Note: Comparison of expected (panel A) to observed (panel B) distribution of diastolic BP in two large
populations. Panel A shows the distribution of diastolic BP from Chile’s nationally representative health
survey (ENS 2016-2017). Panel B shows the distribution of diastolic BP from primary care electronic
health records (2016-2019). Substantial end digit bias, or rounding to zero, is seen, as well as some
missing mass to the right of the diagnostic threshold. Both distributions exclude individuals who have
were diagnosed with hypertension before this instance of BP was measured.
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Figure A2: Histogram of Systolic BP by High vs. Low Discretion Clinics
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Note: Histogram of systolic BP by whether the estimated magnitude of discretion is above or below the
median. We can see that the magnitude of discretion indeed corresponds to the amount of discretion,
visually, at both high and low rounding clinics.
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8.1 Construction of Variables

Parameterization of discretion:
For sensitivity analyses I construct three other variables that measure discretion. First,
the magnitude of bunching for all clinics (regardless of statistical significance), normalized
to mean zero, standard deviation one. Second, the magnitude of bunching for clinics with
negative bunching (regardless of statistical significance), normalized to mean zero, standard
deviation one. Last, I also examine the extensive margin by constructing an indicator for if
the clinic’s bunching estimate is negative and statistically significant, zero otherwise. In each
of the independent variables constructed, a higher value indicates more excess mass below the
diagnostic threshold and missing mass above it. The four independent variables yield very
similar estimated effects. Figures A3, A4, and A5 display coefficients and 95% confidence
intervals for all main outcomes estimated with each of the four independent variables.

Table A3: Construction of hospitalization variables

Variable Description ICD-10 codes
Stroke Any cerebral infarction I63

Heart attack

Also called acute coronary
syndrome. Includes myocardial
infarction, and other range of
conditions associated with sudden,
reduced blood flow to the heart

I20, I21, I22, I24,
I25

Congestive heart failure
Failure of the heart of pump or
fill adequately.

I50

Non-cardiovascular
Hospitalization for any
reason except stroke, heart
attack, and heart failure

Any except I20, I21,
I22, I24, I25, I50, I63

Type 2 Diabetes
Hospitalization for reasons
directly related to
type 2 diabetes

E10, E11, I12, N03,
N04, N08, N18, Z79,
Z99

Note: This table describes how hospitalization variables were constructed. Each variable is an indicator
equal to one if the patient was hospitalized with a primary or secondary diagnosis listed in the ICD-10
column.

back to section 3.2
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8.2 Impact of Discretion among Alive Patients

To definitively conclude that discretion leads to a more accurate sorting of patients on either
side of the diagnostic threshold in terms of health I would ideally measure effects on patient
mortality. One limitation of this analysis is that mortality is unobserved. To address this
limitation I re-estimate the effect of discretion on cardiovascular hospitalizations among
patients who are known to be alive for at least 3, 6, or 12 months after their initial primary
care visit. For this group admission to the hospital for a cardiovascular event is considered
the most severe adverse health outcome related to high BP.

In practice, if a patient has another primary care visit or is hospitalized after the initial
visit, we can conclude they were alive during the interim. 85.4% of patients are re-observed
3 months after their first visit, 82.7% within 6 months, and 77.0% within 12 months (table
A4). Patients who are not observed during this time period may have left the country,
transitioned to private health care, simply not had a scheduled appointment nor fallen ill,
or may have died, however we cannot distinguish between these events. Retention in the
sample is unrelated to clinic level discretion A5, and so in tables A6 and A7 each model is
estimated conditional on the patient being re-observed during the relevant time frame.

First, I find no impact of discretion on all-cause hospitalization among the retained
sample (table A6). Second, after conditioning on retained patients, the effect of discretion
on cardiovascular hospitalization is similar to when the full sample is used: a one standard
deviation in discretion is associated with a lower rate of stroke hospitalization of 0.02 to 0.06
within 3 to 6 months. For heart attack the results are also similar: a one standard deviation
in discretion is associated with a lower rate of stroke hospitalization of 0.02 to 0.03 within
3 to 6 months. While the magnitudes are very similar to when the full sample is used (see
table 5), the estimates are slightly less precise which is likely driven by the smaller number
of observations used here. Overall, these results confirm that discretion leads to a more
accurate sorting of patients with respect to the diagnostic threshold.

Table A4: Sample of Primary Care 3, 6, and 12 Months After Initial Visit

Yes No % Yes % No
Observed again after 3 months 529,497 90,410 85.4 14.6
Observed again after 6 months 512,475 107,432 82.7 17.3
Observed again after 12 months 477,079 142,828 77.0 23.0

Note: This table describes the number of patients who were observed a second time (or more) in the
electronic health records or hospitalization data, 3, 6, or 12 months after their initial primary care visit.
Because they were observed again these patients are considered living during this period.

back to section 4.3
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Table A5: Impact of Discretion on Patients’ Retention in the Data

Retained 3 mo. Retained 6 mo. Retained 12 mo.

(1) (2) (3)

Discretion x BP<140 −0.004 −0.005 −0.008
(0.005) (0.006) (0.007)

Discretion 0.002 0.001 0.001
(0.003) (0.003) (0.003)

BP<140 −0.018∗∗∗ −0.019∗∗∗ −0.019∗∗∗

(0.002) (0.002) (0.002)

Observations 619,907 619,907 619,907
Mean dep. var. 0.854 0.827 0.77
Clinics 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact
of crossing the diagnostic threshold from above to below 140 mmHg at high vs. low discretion clinics
on the probability that the patient was re-observed in the data within 3, 6, or 12 months. BP< 140
is an indicator for if recorded systolic BP (BP) was below 140. Discretion is a continuous variable for
the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation 1. The
coefficient of interest is the interaction term, which is interpreted as the impact of discretionary clinical
decision-making. Robust standard errors clustered at the primary care clinic level are in parentheses.
All models include fixed effects for male, 1-year age, year and quarter of primary care visit, and type of
primary care clinic.
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Table A6: Discretion and All-Cause Hospitalization 3, 6, and 12 Months After Primary
Care Visit Among Retained Patients

All-cause hospitalization

<3 months <6 months <12 months

(1) (2) (3)

Discretion x BP<140 −0.081 −0.107 −0.161
(0.055) (0.073) (0.117)

Discretion 0.036 0.063 0.141
(0.058) (0.083) (0.110)

BP<140 −0.020 −0.242∗∗∗ −0.513∗∗∗

(0.051) (0.074) (0.097)

Observations 529,497 512,475 477,079
Mean dep. var.(%) 2.419 4.621 8.508
Clinics 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact
of crossing the diagnostic threshold from above to below 140 mmHg at high vs. low discretion clinics
on the probability that the patient was re-observed in the data within 3, 6, or 12 months. BP< 140
is an indicator for if recorded systolic BP (BP) was below 140. Discretion is a continuous variable for
the estimated magnitude of discretion at the clinic, normalized to mean 0, standard deviation 1. The
coefficient of interest is the interaction term, which is interpreted as the impact of discretionary clinical
decision-making. Robust standard errors clustered at the primary care clinic level are in parentheses.
All models include fixed effects for male, 1-year age, year and quarter of primary care visit, and type
of primary care clinic. Model 1 is estimated among patients who returned to primary care or were
hospitalized 3 or more months after their initial primary care visit (85.4% of the full sample). Model 2;
6 or more months (82.7% of the full sample). Model 3; 12 or more months (77.0% of the full sample).
Dependent variables are an indicator for hospitalization for any reason within 3, 6, or 12 months of the
patient’s initial primary care visit.

back to section 4.3
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Table A7: Discretion and Cardiovascular Hospitalization 3, 6, and 12 Months After Primary Care Visit Among Retained
Patients

Within 3 months Within 6 months Within 12 months

Stroke
Heart
attack

Heart
failure Stroke

Heart
attack

Heart
failure Stroke

Heart
attack

Heart
failure

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Discretion x BP<140 −0.017 −0.020∗∗ 0.007 −0.036∗∗∗ −0.025∗ 0.006 −0.057∗∗∗ −0.026 −0.002
(0.011) (0.009) (0.007) (0.014) (0.013) (0.011) (0.021) (0.024) (0.015)

Discretion 0.018∗ 0.014 −0.007 0.038∗∗∗ 0.022 −0.010 0.058∗∗∗ 0.022 −0.010
(0.011) (0.008) (0.005) (0.014) (0.014) (0.009) (0.021) (0.022) (0.011)

BP<140 −0.027∗∗∗ −0.019∗∗ 0.007 −0.064∗∗∗ −0.055∗∗∗ 0.0001 −0.103∗∗∗ −0.116∗∗∗ −0.027∗

(0.006) (0.010) (0.007) (0.010) (0.014) (0.011) (0.015) (0.021) (0.016)

Observations 529,497 529,497 529,497 512,475 512,475 512,475 477,079 477,079 477,079
Mean dep. var.(%) 0.027 0.106 0.055 0.063 0.198 0.109 0.124 0.368 0.195
Clinics 257 257 257 257 257 257 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact of crossing the diagnostic threshold from
above to below 140 mmHg at high vs. low discretion clinics on the probability that the patient was re-observed in the data within 3, 6, or 12
months. BP< 140 is an indicator for if recorded systolic BP (BP) was below 140. Discretion is a continuous variable for the estimated magnitude
of discretion at the clinic, normalized to mean 0, standard deviation 1. The coefficient of interest is the interaction term, which is interpreted
as the impact of discretionary clinical decision-making. Robust standard errors clustered at the primary care clinic level are in parentheses. All
models include fixed effects for male, 1-year age, year and quarter of primary care visit, and type of primary care clinic. Model 1 is estimated
among patients who returned to primary care or were hospitalized 3 or more months after their initial primary care visit (85.4% of the full
sample). Model 2; 6 or more months (82.7% of the full sample). Model 3; 12 or more months (77.0% of the full sample). Dependent variables are
an indicator for hospitalization for any reason within 3, 6, or 12 months of the patient’s initial primary care visit. Stroke includes any cerebral
infarction (ICD-10 codes I63). Heart attack includes acute coronary syndrome, myocardial infarction, and any other condition associated with
sudden, reduced blood flow to the heart (I20-22, I24-25). Congestive heart failure (CHF) is I50.

back to section 4.3
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Table A8: Selection by Patient Characteristics - Health History Questions

Was asked about family history of: Patient has family history of:

Any
Heart
disease CVD Dyslipidemia Any

Heart
disease CVD Dyslipidemia

(1) (2) (3) (4) (5) (6) (7) (8)

Discretion x BP<140 −0.005 −0.004 −0.004 −0.004 −0.002 −0.0004 0.0001 −0.001
(0.005) (0.005) (0.005) (0.005) (0.002) (0.002) (0.0005) (0.001)

Discretion −0.001 −0.001 −0.004 −0.002 −0.008∗ −0.008∗ −0.001 −0.002
(0.013) (0.013) (0.014) (0.013) (0.004) (0.004) (0.001) (0.002)

BP<140 −0.022∗∗∗ −0.022∗∗∗ −0.021∗∗∗ −0.021∗∗∗ −0.012∗∗∗ −0.008∗∗∗ 0.004∗∗∗ −0.009∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.002) (0.002) (0.001) (0.001)

Observations 619,907 619,907 619,907 619,907 360,053 378,879 359,547 372,205
Mean dep. var. 0.63 0.611 0.58 0.6 0.212 0.139 0.024 0.067
Clinics 257 257 257 257 257 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact of crossing the diagnostic threshold from
above to below 140 mmHg at high vs. low discretion clinics on health history questions. BP< 140 is an indicator for if recorded systolic BP
(BP) was below 140. Discretion is a continuous variable for the estimated magnitude of discretion at the clinic, normalized to mean 0, standard
deviation 1. The coefficient of interest is the interaction term, which is interpreted as the impact of discretionary clinical decision-making. Each
dependent variable is an indicator for if the patient has the characteristic listed, zero otherwise. Robust standard errors clustered at the primary
care clinic level are in parentheses. All models include fixed effects for year and quarter of primary care visit, and type of primary care clinic.
Models 1-4 are indicators for if any answer to the health history question was recorded in the EHR. Models 5-8 are estimated among patients
who did have the relevant health history question recorded in the EHR. CVD stands for cardiovascular disease.
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Table A9: Selection by Patient Age

Age 50+ Age 60+ Age 70+

(1) (2) (3)

Discretion x BP<140 −0.001 −0.003∗ −0.003
(0.002) (0.002) (0.002)

Discretion 0.006∗ −0.001 −0.007∗

(0.003) (0.002) (0.004)

BP<140 0.033∗∗∗ −0.063∗∗∗ −0.086∗∗∗

(0.002) (0.002) (0.002)

Observations 619,907 619,907 619,907
Mean dep. var. 0.263 0.264 0.201
Clinics 257 257 257

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.This table presents difference-in-differences estimates of the impact
of crossing the diagnostic threshold from above to below 140 mmHg at high vs. low discretion clinics
on patient characteristics. BP< 140 is an indicator for if recorded systolic BP (BP) was below 140.
Bunch is a continuous variable for the estimated magnitude of discretion at the clinic, normalized to
mean 0, standard deviation 1. The coefficient of interest is the interaction term, which is interpreted
as the impact of discretionary clinical decision-making. Each dependent variable is an indicator for if
the patient is at least X years old, zero otherwise. Robust standard errors clustered at the primary care
clinic level are in parentheses. All models include fixed effects for year and quarter of primary care visit,
and type of primary care clinic.
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Figure A3: Comparison of results under different parameterizations of the magnitude of
discretion: adherence to clinical practice guidelines
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Note: This figure presents the impact of discretion on key outcomes, under different discretion specifica-
tions. Point estimates for (Discretion x BP<140) and 95% confidence intervals shown from equation (2)
are shown. Each outcome is estimated four separate times with different treatment variables. The pre-
ferred treatment variable, used everywhere else in this paper, is shown in black. This is the magnitude of
discretion among clinics with negative discretion that was different from zero at alpha=0.05 significance
level, zero otherwise. The treatment variable with the triangular marker is an indicator for if the clinic
had a magnitude of negative discretion that was different from zero at alpha=0.05 significance level, zero
otherwise. The treatment variable with the square marker is the magnitude of discretion for all clinics
(regardless of statistical significance), normalized to mean zero, SD 1. The treatment variable with the
cross marker is the magnitude of discretion for clinics with negative discretion (regardless of statistical
significance), normalized to mean zero, SD 1. Diagnosis and prescription are indicators for if the patient
received a new diagnosis or prescription at the visit.
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Figure A4: Comparison of results under different parameterizations of the magnitude of
discretion: cardiovascular hospitalizations
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Note: This figure presents the impact of discretion on key outcomes, under different discretion specifica-
tions. Point estimates for (Discretion x BP<140) and 95% confidence intervals shown from equation (2)
are shown. Each outcome is estimated four separate times with different treatment variables. The pre-
ferred treatment variable, used everywhere else in this paper, is shown in black. This is the magnitude of
discretion among clinics with negative discretion that was different from zero at alpha=0.05 significance
level, zero otherwise. The treatment variable with the triangular marker is an indicator for if the clinic
had a magnitude of negative discretion that was different from zero at alpha=0.05 significance level, zero
otherwise. The treatment variable with the square marker is the magnitude of discretion for all clinics
(regardless of statistical significance), normalized to mean zero, SD 1. The treatment variable with the
cross marker is the magnitude of discretion for clinics with negative discretion (regardless of statistical
significance), normalized to mean zero, SD 1. Stroke, heart attack, and heart failure each are indicators
for hospitalization with the event within six months of the primary care visit, and are each multiplied
by 100 so they can be interpreted as percentages.
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Figure A5: Comparison of results under different parameterizations of the magnitude of
discretion: patient characteristics
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Note: This figure presents the impact of discretion on key outcomes, under different discretion specifi-
cations. Point estimates for (Discretion x BP<140) and 95% confidence intervals shown from equation
(2) are shown. Each outcome is estimated four separate times with different treatment variables. The
preferred treatment variable, used everywhere else in this paper, is shown in black. This is the mag-
nitude of discretion among clinics with negative discretion that was different from zero at alpha=0.05
significance level, zero otherwise. The treatment variable with the triangular marker is an indicator for if
the clinic had a magnitude of negative discretion that was different from zero at alpha=0.05 significance
level, zero otherwise. The treatment variable with the square marker is the magnitude of discretion for
all clinics (regardless of statistical significance), normalized to mean zero, SD 1. The treatment variable
with the cross marker is the magnitude of discretion for clinics with negative discretion (regardless of
statistical significance), normalized to mean zero, SD 1. Each dependent variable is an indicator for if
the patient has the characteristic. DM2 stands for previous diagnosis with type 2 diabetes. Sev. Obese
is body mass index ≥ 35.
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