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ABSTRACT

We study how reminding high-risk patients with chronic disease of their upcoming primary care
appointments impacts their health care and behaviors. We leverage a natural experiment in
Chile’s public healthcare system that sent reminders before preventative care appointments to
over 300,000 patients with type 2 diabetes and hypertension across 315 public primary care
clinics between 2013 and 2018. Employing both a difference-in-differences and instrumental
variables approach on national administrative patient-level data, we show that reminders
increased preventative care visits, which led to more health screenings and improved medication
adherence. In this at-scale program, we find substantial variation in implementation fidelity
across clinics, which, once accounted for increases our estimates by over a third. Reminders also
increased hospitalizations and reduced in-hospital mortality, suggesting an improvement in timely
care-seeking behavior among high-risk patients. Our findings inform healthcare settings where
patients must first visit their primary care provider for approval before undergoing tests, receiving
medication prescriptions, or getting referrals to other specialists. Through intervening at the first
step in the cascade of care, we find that a simple intervention like reminders can have large and
meaningful downstream effects.
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1 Introduction

Chronic diseases such as hypertension and type 2 diabetes are among the highest contributors
to both excess mortality and health care spending globally (Egan et al. 2019; Piper et al. 2015).
Regular health monitoring through screenings such as measuring blood pressure and blood glucose
levels, and then appropriate treatment through medication and behavior change can improve the
control of these conditions (Bodenheimer et al. 2002). However, many patients do not receive
these benefits because they do not regularly attend preventative medical care appointments where
such tests and treatments are administered. In fact, approximately half of all patients miss their
scheduled primary care appointments (Karter et al. 2004; Schectman, Schorling, and Voss 2008;
Ciechanowski et al. 2006; Hardy, O’Brien, and Furlong 2001), and between 12% and 50% drop out
of care in their first year of treatment (Gucciardi 2008; Yamaguchi et al. 2017). Patients failing to
keep just one primary care appointment are 70% more likely not to return to medical care within
the next 18 months (Gucciardi 2008; Fullerton et al. 2012).

Patients’ reasons for missing appointments include behavioral biases such as inattention, present
bias, self-control issues, and a lack of salience (DellaVigna 2009; Gabaix 2019; Roberto and Kawachi
2015; Della Vigna and Malmendier 2006; Kessler and Zhang 2014). Consequently, nudges such as
appointment reminders sent by text message (SMS), e-mail, or phone call are a promising strategy
to reduce no-shows and encourage timely preventative care visits (Costa et al. 2010; Jongh et al.
2012; Hamine et al. 2015; Ellanti, Manecksha, and Flynn 2011; Liew et al. 2009; Leong et al. 2006).
For patients with chronic diseases, nudges may be an especially promising strategy if they are sent
early in the cascade of care, where they could have large effects not only on preventative visits but
also on subsequent care received, patient health behaviors and outcomes.

We study (1) the impact of appointment reminders sent for preventative visits to primary care
clinics, and (2) the impact of additional primary care visits on subsequent health behaviors and
care received. We study these questions among patients who were recently diagnosed with type
2 diabetes and/or hypertension; a group that is typically high-risk and high cost. The setting is
Chile’s public healthcare system, Fonasa, which covers over 15 million individuals; approximately
80% of the county’s population (FONASA 2018). We leverage two types of variation in our empirical
strategy: first, spatio-temporal variation in appointment reminder program adoption by primary
care clinics between 2013 and 2018. And second, variation in compliance with the program, across
clinics and over time. This variation in implementation fidelity allows us to address several aspects
of at-scale program implementation (List 2022).

We estimate the effect of reminders on primary care visits, health monitoring through tests,
medication prescription and adherence (measured by proportion of days covered of at least 80%),
and hospital care using a difference-in-differences approach. We estimate these effects over time,
up to four years post-implementation. Initially, we estimate the intent to treat (ITT) effect of
reminders using a difference-in-difference approach. Here we assume that after a clinic implemented
appointment reminders, all chronic patients were sent an appointment reminder for their scheduled

visits. Subsequently, we estimate a second set of models that consider variation in clinic-level



compliance with the program over time, measured through clinics’ phone records that show whether
a reminder was sent. Because appointment reminders lead to plausibly exogenous variation in
preventative care attendance, we then use an instrumental variable (IV) approach to estimate the
impact of an additional primary care visit on subsequent care received and health behaviors.

We analyze national data, which includes 2,265,307 visits from 316,994 patients across 315
primary care clinics. These data cover the period from the time of each patient’s diagnosis with
hypertension (284,554 patients) or type 2 diabetes (67,619 patients) onwards. Patients are observed
for an average of 4.5 years following their diagnosis. We link these data at the individual level to
three datasets, all collected between 2013 and 2018: i) electronic health records (EHR) capturing
information on primary care visits and screenings (2,265,307 patient-visits); ii) prescription and
refill data from pharmacies nationwide; and iii) the universe of hospitalizations. Our independent
variables come from two sources: i) a list from Chile’s Ministry of Health documenting clinics’
date of program implementation, used to estimate ITT models, and ii) phone records from clinics
indicating whether patients eligible for a reminder were sent one, used to estimate clinics’ program
compliance.

Regarding program take-up, 208 clinics implemented the program between 2015 and 2018; 66%
of clinics in our sample. Using clinics’ phone records, we find large variation in implementation
fidelity: while the share of eligible patients who were sent appointment reminders by text-message
increases over time, on average only 53% of eligible patients were sent a reminder.

Appointment reminders increased health seeking behavior among high-risk patients when im-
plemented at scale in a national healthcare system. Specifically, we find that reminders increased
the probability that patients with type 2 diabetes visit primary care by 8.7%, and the probability
that patients with hypertension visit primary care by 10.7%. Reminders were most effective for
patients in middle age, and patients diagnosed relatively early in their disease progression. We also
find that despite repeated nudges being sent, the average effectiveness stayed relatively constant
for up to 4.5 years since patients were diagnosed.

Reminders led to an increase in the number of primary care visits as well as in the monitoring of
patient blood pressure and weight. They also improved health behaviors. Patients with hyperten-
sion who received reminders were 25% more likely to pick up any medication at the pharmacy, and
43% more likely to have adequate medication adherence. Similarly, medication adherence increased
by 50% among patients with type 2 diabetes. Last, we find that reminders increased cardiovascular-
related hospitalizations by approximately 20% but decreased in-hospital mortality, suggesting an
improvement in timely care-seeking behavior among high-risk patients. In other words, our results
suggest that nudged patients sought care before their medical situation became severe.

Because appointment reminders caused variation in visits to preventative care, we estimate the
effects of additional preventive care visits on downstream health care received and health behaviors
using an instrumental variables approach. We estimate that an additional visit leads to an 86 and
97 percentage point (pp) increase in blood pressure tests and an 87pp and 89pp increase in weight

measurement for patients with type 2 diabetes and hypertension, respectively, reflecting the fact



that blood pressure and weight are measured at almost every primary care appointment. Visits also
lead to a notable 20pp increase in adequate medication adherence. Finally, more visits translated
into an additional 3 cardiovascular hospitalizations per 100 patients and 1.2 fewer in-hospital deaths,
again suggesting the ability to treat acute complications of chronic diseases earlier.

This paper makes two major contributions. Firstly, it enhances our understanding of scal-
ing programs, specifically the effectiveness of implementing a light-touch nudge such as appoint-
ment reminders at scale. By evaluating such programs, governments can gain valuable insights
for evidence-based policy-making, as they increasingly adopt experimentation in their decision-
making(List 2022)*.

To our knowledge, the effectiveness of appointment reminders when implemented at scale by a
national health system is unknown (Tomlinson et al. 2013). The current literature instead consists
of small-scale trials, often lacking integration with existing health information systems (e.g. Arora
et al. (2015), Lin et al. (2016), Shah et al. (2016), and Hofstetter et al. (2015)). Other studies
include short-term pilots with limited follow-ups (e.g. Hamine et al. (2015), Costa et al. (2010),
Hallsworth et al. (2015), and Boksmati et al. (2016)). Boksmati et al. (2016) systematically review
SMS appointment reminder trials and their meta-analysis estimate from randomized controlled
trials (RCTs) is approximately 20%.

The disparity between our findings’ magnitude and the existing literature can be attributed
to two main factors. Firstly, prior research conducted under controlled experimental conditions
often yields high implementation fidelity, leading to estimates of efficacy rather than real-world
effectiveness. The contrast in effect size between our comprehensive results and the broader body
of literature concerning appointment reminders is in line with the conclusions drawn by DellaVigna
and Linos (2022). They compared the effects of various nudge interventions implemented at scale
by governments to the results found in the academic literature. They reported an average effect of
1.4pp among government-run and at-scale nudges, while the published literature showed a higher
average effect of 8.7pp. DellaVigna and Linos (2022) also documented substantial publication bias
in the nudging literature, with large and statistically significant effects being more likely to be
published, while null effects are less likely to be reported.

A second aspect of scaling involves understanding how programs operate when variations in
compliance fidelity occur, a phenomenon more prevalent in larger-scale implementation (Heckman
et al. 2010; King et al. 2009; List 2022). Using phone records we provide a unique look into the
implementation fidelity of this program at the clinic level and over time. On average, 53% of eligible
patients at treated clinics received SMS reminders. Compliance with the reminders increased over
time, rising from 46% in 2016 to 58% in 2018. Upon considering clinic-semester level compliance,
we found that reminders resulted in an 8.5% increase in the probability of a visit for patients with
type 2 diabetes and a 10.8% increase for patients with hypertension. These estimates are higher

compared to the ITT estimates, which showed a 4.9% and 6.1% increase, respectively.

!Currently, there are more than 200 government nudge units, a movement that began with the UK’s Behavioral
Insights Team launched in 2010, in the United States the Office of Evaluation Sciences launched in 2015



We observe the same pattern in tests, medication adherence, and hospitalizations. After con-
sidering compliance, the estimated effect sizes were approximately double those obtained from the
ITT analysis.

We also explored whether impacts fade out over time or with repeated use, which was possible
given the long time frame of our study. Research on the effects of repeated nudges is mixed: several
studies have found that the effect of the first nudge is significantly higher than subsequent nudges
targeting the same behavior (Damgaard 2020; Damgaard and Gravert 2018). Our results - which
show no evidence of a reduction in effectiveness over time - are aligned with Allcott, Mullainathan,
and Taubinsky (2014) who find that sending repeated nudges led to sustained behavior change
among the subgroup who responded positively to the initial nudge.

Our second contribution is to advance the understanding of how primary care utilization im-
pacts health monitoring, medication adherence, and hospital admissions. Identifying the causal
impact of healthcare utilization on health and behaviors is challenging because healthcare seek-
ing behavior is usually endogenous to past utilization or diagnoses (Levy and Meltzer 2008). To
address this concern, we leverage plausibly exogenous variation in primary care visit behavior re-
sulting from appointment reminders. This allows us to examine downstream outcomes, mitigating
the endogeneity concern.

Prior research has solved this problem by examining the impact of diagnosis using regression
discontinuity design (Alalouf, Miller, and Wherry 2019; Moscoe, Bor, and Béarnighausen 2015;
Venkataramani, Bor, and Jena 2016; O’Keeffe et al. 2014) or through leveraging an exogenous
change in insurance availability or change in the prices faced by patients (Baicker et al. 2013;
Finkelstein et al. 2012; Taubman et al. 2014; Card, Dobkin, and Maestas 2009; Card, Dobkin, and
Maestas 2008; Adams et al. 2021; Aron-Dine, Einav, and Finkelstein 2013; King et al. 2009).

Taking medication regularly is one of the most effective ways to improve the health of patients
with chronic diseases, yet many patients struggle to adhere to their prescribed therapies. In reaction,
a vast array of interventions to improve medication adherence have been tested, and while many
have been successful they are mostly complex and high-cost (Kini and Ho 2018; Nieuwlaat et al.
2014). We contribute to this literature by demonstrating the extent to which medication adherence
can be improved by simply increasing preventative care appointments: a primary care visit increased
the likelihood patients had adequate medication adherence in a given semester by 20pp.

Our finding that an increase in primary care utilization leads to an increase in hospitalizations
is in line with the small economics literature studying the causes and effects of health care use.
Notably, both the Oregon and RAND randomized health insurance experiments found that reducing
the price of care through insurance led to an increased use of primary care and of hospitalizations
(Baicker et al. 2013; Taubman et al. 2014; Finkelstein et al. 2012; Manning 1987). Similar findings
have been reported in several studies using the expansion of Medicare and Medicaid in the United
States as instruments for studying the impact of health care use(Card, Dobkin, and Maestas 2009;
Card, Dobkin, and Maestas 2008; Miller, Johnson, and Wherry 2021). Notably, Goldin, Lurie,
and McCubbin (2021) find that a reminder letter to enroll in health insurance reduced mortality



especially among adults aged 45-64. We contribute to this literature by demonstrating that a
non-financial instrument — appointment reminders — can yield comparable effects even when the
cost of care remains constant. Additionally, we expand this body of work by showcasing similar

outcomes in a non-United States context.

2 Setting

In Chile, public healthcare is low-cost and guaranteed for all residents. Primary care is received by
patients at local clinics or low-complexity hospitals (if the community only has one health center),
and it is centrally organized by the Ministry of Health. Going forward, we refer to all health
facilities where a patient might seek primary care as ‘clinics’.

The public health care system does not operate like a market where patients can choose where
to get their services. Instead patients using public health insurance are assigned to one primary care
clinic based on their home address. This partially addresses potential concerns about contamination
bias from clinic selection in our empirical analysis that compares clinics that did and did not take
up the appointment reminder program.

Chile’s nationally centralized health care system allows us to link data at the individual level
country-wide from primary care, pharmacies, and hospitals. This analysis therefore includes a
large cross-section of patients in terms of location, socioeconomic status, wealth, and health from

a population with few access to care issues.

2.1 Health and Healthcare in Chile

Chile has two health care systems: the public system, used by nearly 80% of the population
that is funded primarily by a mandatory 7% tax on earnings, and the private system, used by
the remainder of the population (Goic 2015; FONASA 2018). All residents are defaulted into
the public system, but can opt out through purchasing private insurance. The public system is
organized in a gatekeeping model where patients are required to visit a general practitioner at a
primary care clinic before receiving prescriptions, referrals to specialists, or care at more advanced
facilities (Rotar et al. 2018; Brekke, Nuscheler, and Straume 2007).

Patients covered by the public insurer, Fonasa, are administratively assigned to use one primary
care clinic based on their place of residence. The population is divided into four groups according
to their socioeconomic status: Fonasa A (19.61%, the poorest group), B (39.4%), C (16.3%), and
D (24.7%, the wealthiest group).?

Chile’s burden of chronic, non-communicable diseases is high: an estimated 57% of the popu-

lation is living with at least one chronic condition (Margozzini and Passi 2018).% These patients

2Chronic condition patients in the cardiovascular program (PSCV), the population included in this analysis, must
receive preventative care related to their chronic condition at public clinics where care is free and monitored by the
Ministry of Health. Fonasa C and D patients, those with relatively higher socioeconomic status, can choose to receive
other care such as curative or urgent care at private clinics. We do not include these kinds of visits in this analysis.
3Chile’s 2016-2017 National Health Survey found that 27.6% of the adult population had hypertension, defined



consume 84% of healthcare resources (MINSAL 2008) and contribute to the high national rate of
missed appointments: in 2018, 16.7% of scheduled appointments were missed (Boone et al. 2022).
No shows are estimated to cost Chile roughly 180 million USD annually (Contreras 2022). High
utilization is partly because patients with chronic conditions are prioritized for care: in 2005 Chile
passed a healthcare reform that aimed to reduce wait times and guarantee access to primary care
for patients with 85 priority conditions, including hypertension and type 2 diabetes (Vargas and
Poblete 2008; MINSAL 2017a; FONASA 2018; Martinez et al. 2019).

Patients diagnosed with type 2 diabetes or hypertension are enrolled into a cardiovascular care
program (PSCV for its acronym in Spanish) that is available nation-wide. This program makes
them eligible for prioritized care including being sent appointment reminders and the ability to
schedule primary care appointments in advance. Non-PSCV patients do not receive appointment
reminders and for them appointments are on a first-come, first-served basis. Because PSCV patients
are closely monitored, high quality administrative data exists on their visits, medication use, and
hospitalizations, which we leverage in this paper. For more information on the PSCV see section
Al

Importantly, In Chile’s public health care system, patients are assigned a primary care clinic
based on their home address, allowing us to assign exposure to appointment reminders to patients
using their home clinic. This policy strengthens our identification strategy as selection into clinics
based on patient health is limited, and reduces the likelihood of control group contamination.

In Chile, patients living with chronic conditions including hypertension and type 2 diabetes
receive medications at no cost, and there are no co-payments for their health services related to

their chronic diseases® (Aguilera, Schueller, and Leykin 2015).

2.2 Preventative Care Appointment Reminder Program

In response to low levels of disease control, and high rates of missed appointments, beginning in
January 2015 the Chilean Ministry of Health offered the option for public, primary care clinics
to opt-in to an appointment reminder program to reduce no-shows among patients enrolled in
the PSCV (MINSAL 2017b). Clinics were eligible for this program if they had an electronic
health records system. The implementation of this program was as a pilot initiative for which
primary care clinics could opt into between 2015 and 2018 (Contreras 2022). The program aimed

to improve patients’ adherence to treatment by increasing attendance at preventative care visits,

as blood pressure > 140/90 mmHg, and 9.5% had type 2 diabetes, both similar rates to other high-income countries
such as the United States (Lanas et al. 2020; Ostchega and Nguyen 2020). Among Chileans with hypertension, 69%
were aware of their condition, and 33% had controlled blood pressure (blood pressure < 140/90 mmHg) (Lanas et al.
2020).

4For other types of services there are co-payments depending on the household income of the beneficiary. For
2020, the Fonasa copayment groups (in 2020 US Dollars) were: group A, extreme poverty and/or unhoused (0%
co-payment), group B monthly income <$320 or on a government pension (0% co-payment), group C, monthly
income $320-465 (10% co-payment), and group D monthly income >$465 (20% co-payment) (Salud - Gobierno
de Chile 2020). In 2020 Chile’s mean and median monthly income per capita were USD$784.45 and USD$518.74
respectively (Estadisticas 2020). As of 2023, there is national policy of no copayment for all Fonasa beneficiaries
being implemented.



and by providing them with health information.

The program, which is primarily a software integrated into the clinic’s electronic medical
record, automatically sent a text-message (SMS, first attempt) or e-mail (second attempt) to
patients 24, 48, or 72 hours before their appointment. SMS was used whenever possible, and if
patients did not respond to either the SMS or the email, a voice call was made. The content of the

reminder was as follows:

"Dear [Patient Name], this is a reminder that you have a medical appointment on the day
[date of appointment] at [time] hours at [facility Name] with the doctor [name of the doctor]. Do

you confirm your time? Yes/No”

This program aimed to benefit patients through reminding them of their appointment, providing
them the ability to confirm or cancel, and providing notification of appointment time changes
or cancellations. For clinics, the program aimed to improve schedule management and optimize
appointments, to enable communication with patients about scheduling changes, and aimed to
record data on reminders sent and attendance. Additionally, automating appointment reminders
has the potential to free up human resources, allowing centers to attend to other critical tasks.

The appointment reminder program was a package of several nudges:

e Appointment Confirmation: Users were sent a communication as proof of their appointment

shortly after scheduling.

e Reminder with Request for Confirmation: Patients were sent a reminder 24, 48, or 72 hours
before the appointment. They were asked to confirm their attendance, and their response
was sent to the health center for agenda updates and notification to the center manager. If

they did not reply with a confirmation or cancellation request, the appointment was kept.

e Preparation: Patients were sent instructions to prepare for their appointment, such as the
recommended arrival time and any required preparations specific to their appointment type

(e.g. to fast if fasting blood glucose was going to be measured).

e Change of Appointment: In case of a schedule change at the clinic patients were notified

about the new date or time.

e Cancellation: When the health center or the user cancelled an appointment, a communication

was sent to notify the user about the cancellation.

3 Data

To evaluate the impact of appointment reminders on all subsequent visits to primary care, and

medication and hospitalization outcomes, we use two datasets that measure program take-up and



compliance, and three datasets that contain patient behaviors and health measures. Our sample

only includes patients with a diagnosis of type 2 diabetes and/or hypertension.

3.1 Timing of Appointment Reminder Program Implementation

From the Chilean Ministry of Health, we obtained a list of public primary care clinics that had
implemented the appointment reminder program, together with the date of the program initiation,
between 2015 and 2018. In our analyses, 2013-2014 is included as a pre-program period. Clinics
were eligible for the program if they had an electronic health record system.

Out of 877 public primary care clinics that were eligible for the program, 757 (86%) were in
non-extreme geographic locations®, and had at least one patient diagnosed with chronic conditions
(Boone et al. 2022). Among these clinics, 435 (57%) used the electronic health record provider from
which we could access health records data. Finally, in this analysis we include only treated clinics
for which phone record data was available (N=208), as well as all control clinics (N=107), resulting
in a sample of 315 clinics. These 315 clinics are in 275 different counties; 79% of all counties in
Chile.

The appointment reminder program was first offered in 2015, and 172 clinics implemented the
program that year. Table 1 describes take-up by semester. By the end of our study period, in 2018,
208 clinics had implemented the program, and 107 clinics did not - they remained as controls. Table

1 describes clinic-level program implementation.

3.2 Phone Records

At clinics that implemented the appointment reminder program, all patients in the PSCV program
were eligible to receive appointment reminders about their upcoming primary care visits. However,
as this program was implemented at scale, nationwide, there were differences in implementation
fidelity or compliance. We measure clinic-level compliance using phone records, collected in 2016,
2017, and 2018. Phone records from 2015, the first year the program was offered, were not available.
The dataset includes comprehensive records of SMS reminders sent to individuals with appoint-
ments. However, records for e-mail or phone call reminders are not available. To address this
limitation, we make an assumption that compliance with these secondary and tertiary communi-
cation methods is correlated with SMS compliance. To measure compliance at the clinic-semester
level, we construct a variable measuring the share of patients who were sent an SMS reminder,
among all patients who were eligible for a reminder. In our analyses, we impute clinics’ 2015

compliance as their 2016 semester 1 compliance level.

5We excluded 71 primary care clinics in the regions of Arica Parinacota, Aisén del General Carlos Ibéfiez del
Campo, the Chilean Antarctic, and Rapa Nui (Easter Island).



3.3 Electronic Health Records

To evaluate the impact of appointment reminders and of primary care on patient health-seeking
behaviors and disease management, we use patient-level electronic health records (EHR) provided
by the Division of Primary Care at Chile’s Ministry of Health. The EHR. dataset contains all visits
from PSCV patients attending clinics that used a particular EHR vendor’s software, the most
commonly used vendor. These data contain patient-level information on patient demographics,
tests, test results, new diagnoses, and self-reported health behaviors that occurred at each patient-
visit to primary care, from January 1 2013 to December 31 2018.

We limit our analysis to visits from patients newly diagnosed with type 2 diabetes and/or
hypertension, as this is when they become eligible for appointment reminders. We define patients
as newly diagnosed if they had no diagnosis of type 2 diabetes or hypertension in the previous year
in their medical record. For the majority of patients, we observe the visit where their diagnosis with
type 2 diabetes or hypertension occurred, which is noted in their medical record as ”initial visit”.
For patients where the initial visit variable was always missing we used a data driven approach to
infer whether they were a new patient or not. Specifically we examine the distribution of number
of days between a patient’s first and second visit, among patients who were in the dataset since
January 1, 2013. We found that all patients who were in the data on January 1 2013 and who had
any subsequent visit, had presented for their second visit within the following 361 days. Therefore,
if a patient appears in the data 362 days after January 1, 2013, they are very likely to be a new
patient who is presenting at their first post-diagnosis visit. For this reason, we exclude all patients
who had a visit that occurred before January 1, 2014.

We construct four binary outcomes from EHR data: an indicator for if the patient visited
primary care, an indicator for if the patient’s blood pressure was measured at their visit, an indicator
for if the patient was weighed at their visit, and for patients with type 2 diabetes only, an indicator
for if their blood sugar was measured, zero otherwise.

These testing outcomes occur if a patient visits primary care, and do not occur if a patient
drops out of care and is therefore unobserved in the data. To address this, we construct outcomes
at the patient-semester level for which we can assign patients a zero if they did not visit primary
care. For example, we estimate the impact of appointment reminders on the probability a patient
with type 2 diabetes received a blood glucose test; if the patient’s EHR data shows they visited
and received this test, this outcome is equal to one. If they visited and did not receive a test, or
did not visit, this outcome is equal to zero. We are therefore unable to analyze patient health as
measured by the results of such tests, because to do this we would have to condition on the patient

having a test, which would introduce bias.

3.4 Medication Data

We measured medication adherence in administrative records from pharmacies during 2013-2018.
These records contain information on pharmacy name, a unique patient identifier, prescription

date, prescribed medication name, number of units prescribed, the active ingredient of the drug,



and date of medication pick-up. Each prescription contains a patient identifier that can be linked
to the EHR dataset. This allows us to link patients in our EHR dataset who have been prescribed
a medication for their chronic condition(s) with this pharmacy dataset. During 2013-2018, that
translated into 276,964 patients (79% of our patient analysis sample). These data are automatically
generated at each pharmacy.

We construct two medication outcomes: first, an indicator for if the patient ever picked up
any amount of medication in a given semester, zero otherwise. Second, we measure medication
adherence using the proportion of days covered (PDC). We first calculate PDC, which is the ratio
of medication supply the patient has collected at the pharmacy, to the amount they should have if
they were taking their medication exactly as prescribed. We then create an indicator for if PDC
in a given semester is at least 80%, zero otherwise. Here, we assume that a patient who has been
diagnosed with type 2 diabetes and/or hypertension and who is prescribed a medication for that
condition should have an active prescription going forward. Medication adherence can only be
calculated among patients with a prescription. We assign a medication adherence value of zero for

patients who did not fill any prescriptions in a given semester.”

3.5 Hospitalization Records

We use the universe of hospital admissions in Chile from 2013-2018 to examine the impact of
appointment reminders on hospitalization. These records include both public and private hospitals,
and can be linked to both the EHR and medication datasets with the patient identifier. These data
contain hospital name and its unique identifier, as well as date of record, length of hospital stay,
diagnostic codes (International Classification of Diseases 10th edition, or !|CD-10) recording primary
and secondary cause of admission, and an indicator for whether the patient died in the hospital.
Importantly, these records contain the universe of hospitalizations in Chile at both public and
private hospitals.

We separate hospitalizations into those that are cardiovascular-related and non-cardiovascular
related, based on ICD-10 codes for primary and secondary diagnosis (for our classification of ICD-10
codes see table Al). For each group of hospitalizations we construct three outcomes: an indicator
for if the patient was hospitalized, the length of hospital stay in days and log-transformed, and an
indicator for if the patient died in the hospital.

4 Empirical Approach

The appointment reminder program was introduced by clinics at various time points over multiple

years, allowing us to use a staggered adoption, difference-in-differences approach (DID) to estimate

SPatients may potentially experience medication de-prescription for hypertension or type 2 diabetes under spe-
cific circumstances. However, this course of action is typically considered only if the patient demonstrates regular
attendance at primary care visits and has achieved significant lifestyle modifications, such as consistently adhering
to a healthy diet and engaging in regular exercise. It is important to note that research indicates that only a very
small proportion of patients successfully accomplish these lifestyle changes (Oster 2018).



the effects of the program. Initially, for each outcome, we employ flexible event study models, which
show that the effects of the program increased over time for most outcomes. To address potential
heterogeneity in effects over time, we use Borusyak (2021)’s difference-in-differences estimator for
our intent to treat (ITT) models, where the treatment variable is either 0 or 1. For each outcome,
we also estimate models that account for imperfect compliance at the clinic-semester level using
two-way fixed effects.” This is our preferred specification.

Equations below represent the specification for both the ITT and compliance models, as the
same control variables are included in each. We estimate all models separately for patients who
were diagnosed with type 2 diabetes at baseline (N=67,619 patients), and for patients who were
diagnosed with hypertension at baseline (N=249,375 patients)®. In pooling tests we reject that the
effect of appointment reminders is equal in both samples for all outcomes other than visits (table

A13) We present all models estimated separately by chronic condition.

4.1 Event Studies

To test for parallel trends and to visually examine the dynamics of the effects of appointment
reminders on outcomes of interest, we estimate the model below using a non-parametric event-

study approach :

6
Yir= > BeQr+Xi6+ N+ 7+ et (1)
T==—3,7#—1

Yijt is an outcome for patient 7 at clinic j in semester ¢; we divide each calendar year into
two 6-month semesters: January to June, and July to December. (), are semester indicators
measuring time relative to appointment reminder program adoption (at 7 = 0) at a clinic j. Q_1 is
a reference or omitted category and represents a semester just before the program implementation.
Br are coefficients on semester indicators (@) and coefficients of interest. They measures changes
in outcomes at time 7 relative to the first semester prior to the appointment reminder program
adoption (at 7 = —1).

Each model is adjusted for seasonality and common temporary shocks with semester indicators
(M) and clinic-level fixed effects (v;). We also include a vector of patient-level controls (X},) that
include fixed effects for semesters since the patient was diagnosed with type 2 diabetes and/or
hypertension, an indicator for sex (1=male), and 2-year age fixed effects (i.e. age 40-41, vs. 42-43,
vs. 44-45 etc.) at the time of a medical visit. € is an error term correlated within clinics across

time. We calculate robust standard errors, clustered at the clinic level(Abadie et al. 2020).

"Callaway, Goodman-Bacon, and Sant’Anna 2021 addresses estimation with a continuous treatment in a difference
in differences setting but does not yet provide software.

835,179 patients (11%) were diagnosed with both type 2 diabetes and hypertension at baseline and are included
in both sets of models
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4.2 Difference-in-Differences Analysis

We then use a parametric, DID approach to obtain the average effect of appointment reminders
on patient-level outcomes. The goal of this analysis is two-fold. Firstly, we want to understand
whether sending appointment reminders increases the likelihood of patients attending preventative
primary care visits. The second goal is to understand how these additional visits affect screenings,
medication adherence, and hospitalizations.

We estimate the following regression model:
Yijt = a+ BNudgejs + X},6 + M + i + €5t (2)

Y;jt is an outcome for patient ¢ at clinic j in semester ¢. In ITT models, Nudge;; is an indi-
cator variable that takes value one for all semesters ¢ in each clinic j after appointment reminders
were implemented. In compliance models, Nudgej; is a number between 0-1 that measures clinic-
semester compliance in each semester ¢ in clinic j after appointment reminders were implemented.
This variable is always zero for clinics that did not implement the appointment reminder program.
The main coefficient of interest is 8; a DID estimate that measures the impact of appointment
reminders on the outcome of interest. As above, each model was adjusted for seasonality, common
temporary shocks with semester indicators (\;), and clinic-level fixed effects (v;). We also included
a vector of patient-level controls (X/,) listed above. We again calculated robust standard errors,
clustered at the clinic level.

To study whether appointment reminders increased primary care visits more for certain groups
of patients we estimate heterogeneous DID models by interacting baseline patient characteristics of
interest with the Nudge;; indicator in equation 2. We consider the duration since diagnosis and its
potential implications for newly diagnosed patients, patients’ health at the time of their diagnosis

as a potential marker of prior healthcare utilization, and patient age.

4.3 Instrumental Variables Analysis

To understand the impact of an additional primary care visit on downstream health behaviors and
outcomes, we leverage variation in clinic-level compliance with the appointment reminder program

to instrument for a primary care visit. We estimate the following equations:

visitijy = a + BNudgejr + X0 + M + i + €t (3)
Yz’jt =+ 51@ + let(s + M+ Vi + €ijt (4)

Where the first stage, equation (3), is the DID estimate of the impact of compliance with the
appointment reminder program on visits. This is estimated separately for patients with type 2
diabetes or hypertension. The structural equation is (4), where @ is the predicted values from
equation (3).

Both the first stage and structural equation contain the same controls: semester indicators (\;),

11



and clinic-level fixed effects (;). We also include a vector of patient-level controls (X/,): all models
include the same covariates as the DiD models.

We calculate the F-statistic from the first stage regression of program compliance on primary
care visits. Several of our first stage F statistics are close to the conventional weak instruments
cut off of F-stat=10. For that reason, we report Anderson-Rubin (AR) confidence intervals which
are robust to weak instruments. The lower bound represents the minimum value of the coefficient
that is consistent with the IV assumptions, while the upper bound represents the maximum value
(Anderson and Rubin 1949). Although the AR confidence intervals may be wide in some cases,
they allow us to reject the absence of an effect of the program and provide bounds on the effect

size.

5 Results

We begin with an exploration of program compliance and the initial results of appointment re-
minders’ impact on primary care visits. We then describe heterogeneity in the effects.

We next consider the effect of appointment reminders, and the preventative care visits they
cause, on three set of outcomes that illustrate key pathways through which increased primary
care visits could enhance patient health. First, regular health screenings received at primary care
visits can aid in monitoring and early detection of health conditions, referrals to specialist care,
or updates to prescriptions. We measure blood pressure, blood glucose, and weight tests received
using electronic medical records.

Second, regular primary care visits are essential for patients to maintain active prescriptions
for their medications, so they can obtain an adequate medication supply. We measure medication
outcomes using objectively measured pharmacy refill data.

Third, increased interaction with healthcare providers during primary care visits can facilitate
information exchange and patient learning. This heightened engagement can reinforce behavioral
changes necessary for better management of chronic diseases, such as weight loss, physical activity,
maintaining a healthy diet. These interactions may also provide patients with valuable knowledge
about when to seek further medical care at a hospital, if necessary, and how to spot early-warning

signs of cardiovascular problems. We measure such care-seeking behavior using hospital records.

5.1 Descriptive Statistics

A total of 315 primary care clinics were analyzed; 208 of them implemented the program between
2015 and 2018 and 107 clinics never implemented the program (table 1). Table 2 presents summary
statistics by clinic’s treatment status (defined as whether they reported ever having implemented the
appointment reminder program by 2018) and patients’ disease, at the time of their first diagnosis.
At both ever and never treated clinics, 41% of patients with hypertension were male, compared to
47% of treated patients with type 2 diabetes, and 49% of control patients with type 2 diabetes.

Patients were 60 years old on average. The health of patients at their time of diagnosis was similar

12



across treated and control clinics, as measured by systolic and diastolic blood pressure, hemoglobin
Alec, blood glucose, weight, and body mass index (BMI) (table 2). The probability of a medication
prescription at the time of diagnosis was similar across treated and control clinics, as was the
probability of key tests, suggesting that clinics with similar qualities of care did and did not take
up the program (table 2).

5.2 Program compliance

We measure compliance at the clinic-semester level using phone records from 2016-2018. Figure
1 shows density plots of compliance among clinics that had implemented the program by each
semester-year. In each year, there is large variation in compliance. Among treated clinics between
0 and 100% of eligible patients were sent SMS reminders. Compliance also improves over time.
While average compliance in 2016 was 47%, in 2017 was 55%, and in 2018 was 56% (table 1).

We use program compliance as an instrumental variable for healthcare visits. As any instru-
ment in a difference-in-differences setting, we have to assume that compliance with the appointment
reminder program to be exogenous to trends in potential outcomes. While this assumption cannot
be tested, we empirically test whether compliance has any association to baseline measures of out-
comes, namely, health monitoring, medication adherence, and hospitalizations. In figure 2 we test
for whether previous period compliance is associated with various measures of clinic quality. Specif-
ically, we jointly regress clinic-semester measures such as share of patients with controlled chronic
conditions, mean biomarkers, and hospitalizations on lagged compliance with appointment reminder
program compliance. We find no significant association (F-test =1.37) between these measures of
clinic quality and compliance, suggesting that clinics do not respond to previous semester correlates

with quality by changing their level of compliance with the appointment reminder program.

5.3 Impact of appointment reminders on primary care visits

We first report results of the impact of appointment reminders on primary care visits, estimated
using a flexible event study model to test for differential trends in the pre-adoption period, as well
as understand the dynamic of the effects of appointment reminders over time (equation 1). Results
are presented in figure 3 (see tables A2-A3 for corresponding regression analyses).

The main assumption that allows us to interpret the coefficients on the time indicators after
program adoption as causal effects is that, given the program’s adoption and included control
variables, the potential outcome trends are not correlated with the timing of program adoption.
Although it is not possible to directly test this assumption, Figure 3 demonstrates the absence of
divergent trends in outcomes during the pre-adoption periods, while notable differences in outcomes
emerge sharply after the program’s implementation.

Additionally, we employ an F-test for all outcomes to examine whether the coefficients before
the program exhibit a joint deviation from zero. The resulting p-value from this test is included at
the bottom of both Table A2 and Table A3 and in most cases we reject the hypothesis of differential

trends before program implementation.
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Figure 3, shows that the impact of appointment reminders on primary care visits becomes more
pronounced as time passes since the program was adopted, a trend that is also evident in our
compliance data (see Figure 1). In event studies shown in panels (a) and (b), where we explore
the effects of clinic-level compliance on primary care visits, coefficients exhibit an up to two-fold
increase across all periods, compared to intent to treat (ITT) estimates (panels c-f), except for
semester 6. Second, the temporal pattern becomes even more pronounced. For instance, after
two years of program implementation (semester 4), the effect of reminders is substantially larger
compared to the first year (see Figure 3). Notably, similar patterns are observed in the ITT event
studies when employing BJS and TWFE models (refer to Figure 3, panels (c¢) and (e) for type 2
diabetes patients, and panels (d) and (f) for hypertension patients). This suggests minimal bias in
our TWFE compliance models.

Furthermore, the impact dynamics closely mirror the compliance patterns observed among
clinics, as depicted in Figure 1. The effects gradually diminish during the final semester of our
data, aligning with the decrease in clinic compliance observed notably in the last semester of 2018.
This decline in effects also corresponds to the program’s final active semester, as the pilot ended in
2018.

Table 3 provides an overview of the average impact of appointment reminders on primary
care visits using the difference-in-differences (DID) approach, pooling all post-treatment periods.
Among patients with type 2 diabetes, we observe that, on average, the adoption of the appoint-
ment reminder program increases the likelihood of a primary care visit in a given semester by 5.7
percentage points (pp) (see Table 3, column 1, panels A). Similarly, for patients with hypertension,
the average effect is an increase of 7.0 pp (see Table 3, column 1, panels B). Effects are significant
at conventional levels.

When estimating the effects using the intention-to-treat (ITT) models (see Table 3, columns
2-3), the estimates are predictably smaller. Specifically, among patients with type 2 diabetes, the
ITT models indicate an increase of 2.6 (TWFE) and 3.2 (BJS) percentage points in the probability
of a visit. For patients with hypertension, the effects are also 2.6 (TWFE) and 3.2 (BJS) percentage

points.

5.4 Heterogeneity in the impact of appointment reminders on visits

Next, we investigate how appointment reminders affect primary care visits, considering potential
heterogeneity. Time since a patient’s chronic disease diagnosis could influence outcomes, with
recently diagnosed patients having higher disease salience, less information, and limited treatment
adherence experience. As a result, new diagnoses might gain greater intervention benefits initially,
but the effect of repeated reminders could fade over time as patients become eligible. Our findings
indicate this is not the case, as the effect of reminders on visits remains consistent throughout the
first four years after a patient’s diagnosis (see Figure 4, panel (a)).

The impact of appointment reminders may vary by age of the recipients. Older adults are

more likely to have more severe health conditions that necessitate regular medical appointments,
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potentially leading to a higher number of scheduled visits. Moreover, older adults may exhibit
greater awareness of their healthcare needs compared to younger individuals. Alternatively, younger
patients may benefit more from reminders sent by phone due to their better average technological
literacy and greater likelihood of using mobile phones (Parikh et al. 2010; Zhang et al. 2015).
Consequently, the effectiveness of appointment reminder programs in relation to age remains an
empirical question. Figure 4 panel (b) shows that there is a positive and statistically significant
impact of reminders on visits only for patients less than 75 years old. Reminders do not increase
primary care visits among patients age 75 years or older.

Last, we investigate whether the impact of reminders differs depending on patients’ health,
as measured by biomarkers at the time of their diagnosis, referred to as their baseline visit. In-
dividuals with more severe health conditions may already have established effective routines or
systems to manage their healthcare appointments. They might have more experience navigating
the healthcare system and exhibit better organizational skills, resulting in a reduced reliance on
appointment reminders for visit adherence. Panel (c) in figure 4 shows that there is a positive
and statistically significant effect of appointment reminders only among patients diagnosed with
relatively low hemoglobin Alc values, at less than 12%. Reminders were not statistically significant
among patients diagnosed when their hemoglobin Alc was very elevated, hemoglobin Alc>12%.
In Chile, the clinical guidelines stipulate that patients should be diagnosed with type 2 diabetes
mellitus (type 2 diabetes) if their hemoglobin Alc level? is at least 7% (MINSAL 2017b). Similarly,
the effect of reminders is not statistically significant among patients diagnosed with hypertension
at very elevated blood pressure levels (refer to Figure 4, Panel (d)). As per Chile’s clinical guide-
lines, hypertension should be diagnosed when the blood pressure reading is equal to or exceeds
140/90 mmHg (MINSAL 2017b). Our findings indicate that reminders are effective when patients
are diagnosed with hypertension below or slightly above the diagnostic threshold (systolic blood
pressure <170 mmHg), but they do not exhibit effectiveness at very high levels of systolic blood

pressure.

5.5 What happens at each visit? Impacts of appointment reminders and visits
on health monitoring

The impact of appointment reminders on the likelihood of undergoing health monitoring tests is
illustrated in Table 4. The measurement of blood pressure, weight, and blood sugar can only take
place if the patient visits primary care. Therefore, for patients who do not attend these visits, we
can infer that their corresponding values for these tests are zero.

In our sample, we observe that a high proportion of patients receive blood pressure tests (95%)
and are weighed (94%) during their primary care visits (refer to Table 2). Consequently, the testing
rates once a patient visits a health center for these conditions are high. When estimating the effect

of appointment reminders on the probability of undergoing these tests, unsurprisingly, we find that

9Hemoglobin Alc is expressed as a percentage and measures the share of red blood cells that have sugar-coated
hemoglobin
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the dynamics closely resemble the impact estimates on visit attendance. Specifically, for patients
with type 2 diabetes, the probability of being tested for blood pressure increases by 4.9 percentage
points (pp), and for patients with hypertension, it increases by 6.9 pp (refer to Table 4, columns 1
and 2). Similarly, the impact of reminders on the likelihood of being weighed is 5.0 pp for patients
with type 2 diabetes and 6.3 pp for patients with hypertension (refer to Table 4, panel A, columns 3
and 4). We find no statistically significant effect of reminders on the probability of a blood glucose
or hemoglobin Alc test for patients with type 2 diabetes (table 4, panel (a) column (2).

Table 4 includes findings from instrumental variables models that estimate the influence of an
additional primary care visit on health monitoring. In these models, compliance is employed as
an instrumental variable to capture the probability of visiting primary care. Because appointment
reminders caused plausibly exogenous variation in the use of primary, preventative care, these
estimates give us a benchmark of the impact of a visit on downstream care received. We provide
Anderson-Rubin confidence intervals (see First stage F-stat in table 4). Aligned with our DID
estimates, a visit leads to an 86.2pp and 97.2pp increase in BP test for patients with type 2
diabetes and hypertension, respectively (table 4) panel B, columns 1-2). A patient being weighed
is also very likely: a visit leads to an 87.4pp and 88.9pp increase in weight measurement (table 4)

panel B, columns 3-4).

5.6 Does patient behavior change? Impact of appointment reminders and pri-
mary care visits on medication adherence

In this section we test for whether appointment reminders and visits impacted medication adher-
ence. We find that 55% of patients with type 2 diabetes, and 59% of patients with hypertension
were prescribed a medication for their disease at their diagnostic visit. Table 2 shows that prescrib-
ing rates at patients’ baseline visit are statistically indistinguishable between clinics that did vs.
did not implement the appointment reminder program: p-value=0.3 for patients with hypertension,
and p=0.5 for patients with type 2 diabetes.

We proceed by estimating medication adherence outcomes among patients with any hyperten-
sion or type 2 diabetes prescription at the time of their diagnosis. We find that reminders increased
the probability a patient picking up any medication from the pharmacy in a semester by 8.1pp, a
relative increase of 27.4%. Similarly, among patients with hypertension, we find a 7.5pp increase
in pick up, or a relative increase of 25.4% (table 5, panel A columns 1-2).

Our instrumental variables approach shows that an additional primary care visit has a large
positive effect on the probability of any medication refill. This could be because in Chile’s gatekeeper
health care system a prescription can only be obtained through visiting primary care.

In addition to increasing any medication pick up rates, our empirical findings indicate that
appointment reminders have a positive impact on improving adequate medication adherence among
hypertensive patients. Adequate medication adherence is defined as maintaining a coverage ratio
of days equal to or exceeding 80%, following established conventions within the medical literature

(refer to Table 5, panel (a), columns 3-4). Specifically, reminders resulted in a 1.2 pp increase in

16



the likelihood of achieving adequate medication adherence for all patients. The impact of a visit on
adequate medication adherence is statistically significant among patients with hypertension, where

we find a substantial 20.2pp increase.

5.7 Impact of appointment reminders and visits on cardiovascular hospitaliza-

tions

We now examine the last pathway through which additional visits to primary care might improve
patient health: information and referrals. We hypothesize that through more frequent interaction
with clinicians, patients may have more information or a better understanding of how to manage
their chronic condition. We test this hypothesis using the objectively measured outcome of hospi-
talizations. We hypothesize that more visits to primary care would lead to more hospitalizations,
due to increased testing and referrals from their primary care clinician, and patient knowledge of
when to seek care.

We find that appointment reminders led to an increased probability of hospitalization for
cardiovascular-related conditions during a given semester, but not for non-cardiovascluar related
conditions. Specifically, we observe an additional 2.8 hospitalizations per 1000 patients with type
2 diabetes and 2.1 hospitalizations per 1000 patients with hypertension. However, this effect was
only statistically significant for patients with hypertension, representing a notable increase of 19.0%
(see Table 6, panel (a), columns 1-2). We found no significant effect of appointment reminders on
the length of stay for these hospitalized patients (columns 3-4).

When we explore in-hospital mortality, our results indicate that the program reduces in-hospital
deaths by 0.7 per 1000 patients with type 2 diabetes, resulting in a relative effect of 1% (column 5,
Table 6). Although we did not observe significant effects on in-hospital mortality for patients with
hypertension, the direction of the effect is consistent.

Taken together, these findings indicate that patients who received appointment reminders ex-
hibited a higher likelihood of seeking hospital care at an earlier stage. This could suggest less severe
health conditions upon arrival, possibly attributed to factors such as referrals, enhanced medication
adherence, or guidance from healthcare providers regarding appropriate care-seeking.

Our instrumental variables analysis supports these conclusions, as we observed a positive effect
of visits on hypertension-related hospitalizations and a positive effect of visits on in-hospital mor-
tality for patients with type 2 diabetes. We find no statistically significant effects of reminders on

non-cardiovascular hospitalizations (Table A12).

6 Discussion

In this study, we investigate the impact of appointment reminders on high-risk patients’ visits to
primary, preventative healthcare clinics, subsequent care received, and health behaviors in Chile’s
public healthcare system. Using data for more than 300,000 patients we employ a difference-in-

difference empirical design to measure the impact of sending appointment reminders on healthcare

17



utilization, and an instrumental variables approach to understand the impact of additional primary,
preventative care visits on health behaviors.

Conducting this study in the Chilean setting presents three key advantages. First, the na-
tionwide scaling of appointment reminders enables us to assess their effectiveness using variation
in clinic-level compliance and so address several aspects of at-scale program implementation (List
2022). This goes beyond previous studies that instead measured the efficacy of reminders using
only intention to treat models. Second, with approximately 80% of the population utilizing Chile’s
public healthcare system, we have access to a substantial individual-level dataset, allowing us to ex-
amine the impact of additional primary care visits on downstream health behaviors and outcomes.
The dataset includes over 2.5 million health care visits from patients followed for an average of
4.5 years, affording us a third advantage: the ability to comprehend the dynamic effects of ap-
pointment reminders over multiple periods and providing sufficient statistical power to detect even
minor effects on medication adherence, hospitalization, and in-hospital mortality. Last, In Chile’s
public healthcare system patients are assigned a primary care clinic based on their home address,
reducing contamination between the treatment and control group.

We find that patients who received reminders attended 8.7 to 10.7% more primary care visits.
Contrary to studies in other settings, we do not find that the effectiveness of this repeated reminder
decreased over time: the impact of the nudge was just as large in the first semester patients were
eligible for it and more than 4 years later.! Where we do find variation in the effectiveness of
nudges is the age and health of patients at the time of their diagnosis with a chronic condition.
Reminders sent primary by text-message were more effective in middle age, and are ineffective for
patients aged 75 and above perhaps because patients do not own a cell phone or do not understand
how to use it effectively.

We also show that more primary care visits led to increased screenings, improved medication
adherence, and timely hospital use, with the latter particularly benefiting patients with type 2
diabetes.We identified three pathways through which primary care visits might lead to improved
health: increased screenings, medication availability and adherence, and hospital referrals and
information. First, we find that at additional visits patients were more likely to be weighed and
received more blood pressure screenings. We do not find a statistically significant change in blood
glucose (hemoglobin Alc) screenings among patients with type 2 diabetes. Hemoglobin Alc serves
as a long-term indicator of blood glucose levels. It is plausible that physicians determined blood
glucose unnecessary to remeasure at the additional visits caused by appointment reminders. This
finding is also in line with Allen and Baicker (2021) who find that access to insurance through
Oregon’s Medicaid lottery does not increase blood sugar monitoring among patients with diabetes.
In contrast, blood pressure is recommended to be assessed at each primary care visit because of its
short term variability, and regardless of the patient’s health status (MINSAL 2017b).

Visits improved medication refill behaviors, as measured by the probability a patient ever visited

9For instance see Arora et al. (2015), Boksmati et al. (2016), Costa et al. (2010), Hallsworth et al. (2015), Hamine
et al. (2015), Hofstetter et al. (2015), Lin et al. (2016), Shah et al. (2016).
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a pharmacy during a given semester, and the probability they had adequate medication adherence.
A vast majority of patients in the control group failed to achieve adequate medication adherence,
with less than 3% meeting the target. Our estimates therefore translate into a 50% and 43% relative
increase in adequate adherence for patients with type 2 diabetes and hypertension, respectively.

Recent research has shed light on the issue of medication non-initiation, whereby patients fail
to pick up a new prescription soon after receiving it, leading to a lack of medication use long-term.
Here, we observe that only 30% of patients in the control group picked up their medication the
semester it was prescribed, even though medication is free. This is in line with recent findings
from the US showing that 39% of new prescriptions among Medicare Part D patients were never
initiated (Dusetzina et al. 2022). This phenomenon persists even for highly effective and necessary
medications, with non-initiation rates ranging from 21% for hepatitis C drugs to 67% for hyper-
cholesterolemia drugs (Dusetzina et al. 2022). Similarly, a study focusing on patients prescribed
medications after a recent heart attack (i.e., a very salient and medically necessary treatment)
found that only 12% of patients achieved adequate medication adherence (Choudhry et al. 2011).

Within Chile’s public healthcare system, medication prescriptions are typically valid for a short
duration, ranging from 1 to 6 months. While this practice encourages more frequent primary care
visits to obtain updated prescriptions, it may also lead to reduced medication adherence if patients
run out of valid refills before obtaining a new prescription.

Appointment reminders and visits also increased cardiovascular hospitalizations, which could be
due to referrals or information gained at primary care visits. The reduction in in-hospital mortality,
which is larger and statistically significant only for patients with type 2 diabetes, suggests that the
value of additional preventative care visits is higher for these patients compared to patients with
hypertension. This is in line with the medical literature that shows type 2 diabetes is a more severe
and more costly condition than hypertension, both per capita and overall despite hypertension
being more prevalent in the United States (American Diabetes Association 2018; Wang, Grosse,
and Schooley 2017).

In terms of magnitude, back of the envelope calculations suggest that the appointment reminder
program led to one additional cardiovascular hospitalization for every 470 treated patients (among
patients with hypertension), and led to one fewer in-hospital mortality for every 1428 treated
patients (among patients with type 2 diabetes). In comparison, in their analysis of the impact of
health insurance on mortality, Goldin, Lurie, and McCubbin 2021 find that Medicaid take-up led
to one fewer death for every 1587 treated individuals.

Taken together, our results demonstrate that interventions to improve attendance at primary
care appointments can not only cause patients to receive necessary medical care such as screening
tests, but can also change patient health behaviors such as medication adherence and the timing
of seeking acute care. This finding is important because improving health through costly behavior
change is a challenge for many individuals. This is well known in the context of patients with type
2 diabetes and hypertension: many behavior change programs fail, and many patients who could

control their condition with improved diet and exercise struggle to do so (Oster 2018; Delamater
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2006; Wang, Min, et al. 2020; Raj et al. 2018).

Our analysis has limitations, the first being that while we show that health behaviors improve,
we cannot produce an unbiased estimate of the effect of appointment reminders on intermediate
health outcomes, such as blood pressure, weight, or blood sugar. This is because we find that
appointment reminders increase the probability of health screening, meaning estimates of the impact
of reminders on the results of those screening tests would be biased. This is a common challenge
faced by studies with exogenous variation in healthcare utilization (Adams et al. 2021; Fan et al.
2019; King et al. 2009; Manning 1987; Pan, Lei, and Liu 2016; Oster 2020). Second, we do not
observe medication ingestion, and instead must rely on refill behavior from pharmacy claims. Third,
while we are able to use compliance with reminders as an instrument for visits, our estimates of
the impact of visits are imprecise and we focus more on bounds of the effect rather than a precise
coefficient. This may be in part due to the fact that our instrument only includes reminders sent
by SMS, which was the primary mode of communication but not the only mode.

Our findings have several implications for policy. First, we show that appointment reminders
are effective at scale, even if implemented with large variation in compliance. We show that in the
context of public, government run health care clinics in Chile, implementation fidelity improved
over time suggesting clinic-level learning. As a result, we see that the impacts of the program on
outcomes downstream of appointment reminders also increased over time. Our results suggest that
interventions to improve attendance at primary care appointments can not only cause patients to
receive necessary medical care such as screening tests, but can also change patient health behaviors
such as medication adherence and the timing of seeking acute care, reinforcing attendance at
preventative care as an important policy lever.

Control of chronic conditions like type 2 diabetes and hypertension is a global issue. Our
findings are particularly important for other settings with a gate-keeper healthcare model where
patients must first visit their primary care provider or general practitioner before being referred to
speciality care, approved for tests, or prescribed new medication. This model is common in other
OECD countries with public health care systems, such as Canada, the United Kingdom, Spain,
and Italy (Reibling and Wendt 2012; Brekke, Nuscheler, and Straume 2007; Rotar et al. 2018;
Watt 1987; Blondal and Asgeirsdéttir 2019). As we have demonstrated in Chile, in such gate-
keeper health care systems a light touch intervention such as nudging patients to attend primary
care can have potentially large and meaningful impacts as it intervenes in the first step in the
cascade of care. Nudges such as appointment reminders are increasingly used by governments to
encourage constituents to take-up programs. Here, we have shown how these nudges can be used
to also study the downstream effects of program take up, and that they are a promising strategy

to promote treatment adherence among high-risk patients living with chronic diseases.
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7 Tables and Figures

Table 1: Take-up and compliance with appointment reminder program among public primary care
clinics

N Treated N Control Compliance

Date Clinics Clinics Mean Min. Max.
S1 2014 0 315 - - -

S2 2014 0 315 - - -

S1 2015* 168 147 46% 0%  76%
S2 2015* 172 143 46% 0%  76%
S1 2016 203 112 46% 0%  76%
S2 2016 208 107 49%  10% 76%
S1 2017 208 107 56% 14% 83%
S2 2017 208 107 53% 16%  81%
S1 2018 208 107 58% 18%  85%
S2 2018 208 107 54%  20%  78%
Total 208 107 53% 0% 8%

Note: Number of clinics that did and did not take up the appointment reminder program. Compliance was
measured among treated clinics only using phone records. It is the share of patients sent an SMS reminder,
among eligible patients in a clinic-semester cell. Compliance data was unavailable in 2015, so semester 1 2016
numbers were used.
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Figure 1: Change in compliance over time: share of eligible patients sent reminders

(a) Variation in appointment reminder program compliance
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Note: Compliance was measured among ever treated clinics only using phone records. It is the share of patients
sent an SMS reminder, among eligible patients in a clinic-semester cell.
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Table 2: Balance of patient characteristics at baseline

Reminders Control

Mean SD Mean SD Diff. P-val
Panel A: Patients with hypertension
Male 0.41 0.49 0.41 0.49 -0.003 0.71
Age (years) 61.01 10.73  60.88  11.16 0.130 0.76
Systolic blood pressure 136.90 20.06 136.65 19.84 0.250 0.73
Diastolic blood pressure 80.49 12.08  81.25 12.01 -0.753 0.07
Weight (kg) 77.18 15.16  77.22  15.27 -0.043 0.87
Body mass index 30.89 5.54 30.84 5.56  0.055 0.61
Waist circumference (cm) 101.12 11.96 100.74 12.19 0.382 0.23
Obese waist 0.40 0.49 0.37 0.48  0.025 0.39
Blood pressure test 0.96 0.20 0.95 0.21  0.004 0.45
Weighed 0.94 0.24 0.93 0.26  0.014 0.22
Prescription at time of diagnosis 0.58 0.49 0.60 0.49 -0.022 0.30
N Patients 191,293 93,261 Total 284,554
N Visits 1,414,540 675,883 Total 2,090,423
Panel B: Patients with type 2 diabetes
Male 0.47 0.50 0.49 0.50 -0.021 0.02
Age (years) 59.82 10.66  59.35  11.06  0.473 0.34
Systolic blood pressure 132.35 19.72  131.67 19.41 0.682 0.20
Diastolic blood pressure 77.95 11.20  78.78 11.21  -0.828 0.00
Hemoglobin Alc 8.22 2.51 8.20 2.44 0.024 0.71
Blood glucose 167.76 74.28 167.81 74.90 -0.053 0.98
Weight (kg) 78.49 1537  78.69  15.34 -0.195 0.37
Body mass index 30.87 5.65 30.75 5.60  0.121 0.35
Waist circumference (cm) 102.06 12.08 101.66 12.18 0.396 0.21
Obese waist 0.35 0.48 0.38 0.49 -0.036 0.28
Blood glucose test 0.84 0.36 0.84 0.36  0.000 1.00
Blood pressure test 0.95 0.22 0.95 0.22 -0.001 0.92
Weighed 0.94 0.25 0.93 0.26  0.006 0.69
Prescription at time of diagnosis 0.55 0.50 0.56 0.50 -0.012 0.50
N Patients 42,609 25,010 Total 67,619
N Visits 282,700 159,622 Total 442,322

Note: Patient health and characteristics measured at patient’s primary care visit when diagnosis with type 2
diabetes and/or hypertension occurred, referred to as their baseline visit, comparing means between patients at
clinics that ever vs. never implemented appointment reminders. Hemoglobin Alc, blood glucose, and glucose test
are measured only among patients diagnosed with type 2 diabetes at their initial visit. All other characteristics
are measured for all patients. SD stands for standard deviation, and diff. stands for difference between treatment
and control groups. P-val is the p-value on a two-sided t-test of whether the difference=0.
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Figure 2: Association between clinic characteristics and semesterly compliance

Compliance
Mean patient age, lag
Share of patients age 65+, lag e
Share of patients that are male, lag S
Share of visits from HTN patients, lag -
Share of visits from DM2 patients, lag —_—
Mean systolic blood pressure, lag
Mean diastolic blood pressure, lag-
Mean hemoglobin A1c, lag -
Mean HDL cholesterol, lag
Mean LDL cholesterol, lag
Share of HTN patients with controlled systolic BP, lag- -
Share of HTN patients with controlled diastolic BP, lag - -
Share of DM2 patients with controlled blood glucose, lag- -
Share of visits from Fonasa A patients, lag —
Share of visits from Fonasa B patients, lag —r
Share of visits from Fonasa C patients, lag - —
N visits, lag -
Share of patients with CV hospitalization, lag T
Share of patients with any hospitalization, lag —
Facility type: clinic —_—
Share of visits with a physician, lag - 1
Share of visits with a nurse, lag - — IF'Stalt- 1-3|7
-1 -50 5 115
Coefficient

Note: Coefficients and 95% confidence intervals from a multivariate regression of clinic-semester compliance with
the appointment reminder program on a set of lagged patient characteristics and contemporaneous clinic-level
characteristics. Compliance was measured among treated clinics only using phone records. It is the share of
patients sent an SMS reminder, among eligible patients in a clinic-semester cell. 95% confidence intervals were
constructed from robust standard errors clustered at the clinic level. The regression includes clinic-semesters at
treated clinics after reminders were adopted. Lagged coefficients were measured in the previous semester. The
joint F-statistic is shown on the figure.
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Figure 3: First stage: event study effect of appointment reminders on primary care visits

(a) Type 2 Diabetes Visits (Compliance TWFE) (b) Hypertension Visits (Compliance TWFE)
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Note: Figures show regression estimates based on equation 1. The shaded areas denote 95% confidence intervals.
The x-axis is number of semesters until or since the clinic adopted the appointment reminder program. ITT
stands for intent to treat, and BJS stands for Borusyak, Jaravel, and Spiess. The coefficients in panel a were
estimated using a two-way fixed effects event study model where the independent variable is clinic-semester
compliance with the appointment reminder program for treated clinics, and zero for control clinics. Compliance
is the share of a clinic’s eligible patients sent an SMS reminder in a given semester. The independent variables in
panels b and c are indicators equal to one in the semester of, and after a clinic implemented reminders and zero
otherwise. The coefficients in panel b were estimated using a two-way fixed effects DiD model, and the coefficient
in panel ¢ were estimated using the Borusyak, Jaravel, and Spiess (2021) estimator for staggered policy adoption.
All models include fixed effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and male.
Robust standard errors are clustered at the clinic level.
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Table 3: First stage: effect of appointment reminders on primary care visits by baseline diagnosis

Y = Primary Care Visit

Specification Compliance TWFE ITT TWFE  ITT BJS
(1) (2) (3)

Panel A: Patients with type 2 diabetes

Reminders 0.057 0.026 0.032
(0.023) (0.012) (0.015)
[0.013] [0.035] [0.035]
Mean dep. var. 0.653 0.654 0.653
Observations 442 322 442 322 442 225
Clinics 314 314 313

Panel B: Patients with hypertension

Reminders 0.070 0.043 0.040
(0.025) (0.016) (0.018)
[0.006] [0.007] [0.023]
Mean dep. var. 0.652 0.653 0.652
Observations 2,090,423 2,090,423 2,090,423
Clinics 310 310 310

Note: *p<0.1; **p<0.05; ***p<0.01. This table presents our first stage: difference-in-differences (DiD) estimates
of the effect of appointment reminders on the probability of a patient-visit in a given semester. ITT stands for
intent to treat, and BJS stands for Borusyak, Jaravel, and Spiess. The coefficient in column 1 was estimated
using a two-way fixed effects DiD model where the independent variable is clinic-semester compliance with the
appointment program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible
patients sent an SMS reminder in a given semester. The independent variable in columns 2 and 3 is an indicator
equal to one in the semester of, and after a clinic implemented SMS reminders and zero otherwise. The coefficient
in model 2 was estimated using a two-way fixed effects DiD model, and the coefficient in model 3 was estimated
using the Borusyak, Jaravel, and Spiess (2021) estimator for staggered policy adoption. All models include fixed
effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and male. Robust standard errors
are clustered at the clinic level.
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Figure 4: Heterogeneity in the effect of appointment reminders on primary care visits

(a) Semesters since diagnosis (b) Age at diagnosis
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Note: Figures display coefficients and 95% confidence intervals from difference-in-difference heterogeneity mod-

els. Each dot is the main effect of appointment reminders + the coefficient on the interaction term between
appointment reminders and the dimension of heterogeneity.
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Figure 5: Event study estimates of the impact of appointment reminders on health monitoring
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Note: Figures show regression estimates based on equation 1. The shaded areas denote 95% confidence intervals.
The x-axis is number of semesters until or since the clinic implemented appointment reminders. Estimated using
a two-way fixed effects event study model where the independent variable is clinic-semester compliance with the
reminder program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible
patients sent an SMS reminder in a given semester. All models include fixed effects for semester, clinic, semesters
since the patient’s diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level.
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Table 4: Impact of appointment reminders and visits on health monitoring

Blood pressure test Weighed Blood sugar test
Type 2 Hyper- Type 2 Hyper- Type 2
Diabetes tension Diabetes tension Diabetes
(1) (2) (3) (4) (5)
Panel A. Reduced form: impact of appointment reminders
Program Compliance 0.049 0.069 0.050 0.063 0.027
(0.021) (0.025) (0.024) (0.026) (0.024)
[0.022] [0.0006] [0.041] [0.018] [0.252]
Panel B. Instrumental variables: impact of primary care visit
Visit 0.862 0.972 0.874 0.889 0.483
(0.108) (0.058) (0.270) (0.152) (0.292)
[0.000] [0.000] [0.001] [0.000] [0.099]
AR CI [0.48, 1.15]  [0.82, 1.14]  [0.12, 1.76]  [0.43, 1.26] [-1.09, 0.99]
AR p-val 0.020 0.006 0.039 0.016 0.250
Observations 442,322 2,090,423 442,322 2,090,423 442,322
Clinics 314 310 314 310 314
Mean Y | Pr(SMS)=0 0.622 0.627 0.610 0.615 0.562
Mean Y | Visit=0 0.000 0.000 0.000 0.000 0.000
First stage F-stat 6.305 7.697 6.305 7.697 6.305

Note: Panel A presents difference-in-differences (DiD) estimates of the effect of compliance with appointment
reminders on the probability of a health monitoring tests. DiD models were estimated using a two-way fixed
effects DiD model where the independent variable is clinic-semester compliance with the reminder program for
treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible patients sent an SMS
reminder in a given semester. Panel B presents instrumental variables estimates of the effect of a primary care
visit on tests. Anderson-Rubin (AR) confidence intervals and p-value are presented to account for a weak first
stage. All models include fixed effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and

male. Robust standard errors are clustered at the clinic level.
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Figure 6: Event study estimates of the impact of appointment reminders on medication adherence

(a) Any medication refill (DM2) (b) Any medication refill (HTN)
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Note: Figures show regression estimates based on equation 1. The shaded areas denote 95% confidence intervals.
The x-axis is number of semesters until or since the clinic implemented appointment reminders. Estimated using
a two-way fixed effects event study model where the independent variable is clinic-semester compliance with the
reminder program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible
patients sent an SMS reminder in a given semester. All models include fixed effects for semester, clinic, semesters
since the patient’s diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level.
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Table 5: Impact of appointment reminders and visits on medication outcomes

Any medication refill Medication adherence > 80%
Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension

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

Panel A. Reduced form: impact of appointment reminders

Program Compliance 0.081 0.075 0.012 0.012
(0.029) (0.026) (0.007) (0.005)
[0.006] [0.004] [0.087] [0.018]
Panel B. Instrumental variables: impact of primary care visit
Visit 1.462 1.254 0.210 0.202
(0.665) (0.593) (0.140) (0.111)
[0.029] [0.035] [0.136] [0.069]
AR CI [0.340, 5.21]  [0.37, 5.06]  [-0.05, 0.90] [0.04,0.89]
AR p-val 0.013 0.010 0.100 0.028
Observations 239,626 1,102,554 239,626 1,102,554
Clinics 312 309 312 309
Mean Y | Pr(SMS)=0 0.295 0.295 0.024 0.028
Mean Y | Visit=0 0.212 0.219 0.011 0.015
First stage F-stat 6.926 6.525 6.926 6.525

Note: Panel A presents difference-in-differences (DiD) estimates of the effect of compliance with appointment
reminders on the probability of medication outcomes. DiD models estimated using a two-way fixed effects DiD
model where the independent variable is clinic-semester compliance with the reminder program for treated clinics,
and zero for control clinics. Compliance is the share of a clinic’s eligible patients sent an SMS reminder in a given
semester. Panel B presents instrumental variables estimates of the effect of a primary care visit on medication.
Anderson-Rubin (AR) confidence intervals and p-value are presented to account for a weak first stage. All models
include fixed effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and male. Robust
standard errors are clustered at the clinic level.
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Figure 7: Event study estimates of the impact of appointment reminders on cardiovascular hos-

pitalisation
(a) Cardiovascular hospitalization (DM2) (b) Cardiovascular hospitalization (HTN)
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Note: Figures show regression estimates based on equation 1. The shaded areas denote 95% confidence intervals.
The x-axis is number of semesters until or since the clinic implemented appointment reminders. Estimated using
a two-way fixed effects event study model where the independent variable is clinic-semester compliance with the
reminder program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible
patients sent an SMS reminder in a given semester. All models include fixed effects for semester, clinic, semesters
since the patient’s diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level.
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Table 6: Impact of appointment reminders and visits on cardiovascular hospitalizations

Cardiovascular
hospitalization Log days CV In-hospital CV
(per 100) hospitalization mortality (per 100)
Type 2 Hyper- Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension Diabetes tension
(1) (2) (3) (4) (5) (6)
Panel A. Reduced form: impact of appointment reminders
Program Compliance 0.285 0.213 -0.040 0.018 -0.070 -0.015
(0.203) (0.088) (0.104) (0.071) (0.029) (0.012)
[0.162] [0.016] [0.699] [0.802] [0.016] [0.221]
Panel B. Instrumental variables: impact of primary care visit
Visit 5.011 3.024 -0.465 0.261 -1.223 -0.208
(3.595) (1.455) (1.233) (1.044) (0.703) (0.177)
[0.164] [0.038] [0.707] [0.803] [0.083] [0.242]
AR CI [-2.88, 20.15]  [0.69, 9.67] [-6.52, 2.38]  [4.13, 5.27]  [-5.74,-0.32]  [-0.87, 0.14]
AR p-val 0.164 0.019 0.697 0.802 0.021 0.218
Observations 442,322 2,090,423 7,510 24,053 442,322 2,090,423
Clinics 314 310 291 305 314 310
Mean Y | Pr(SMS)=0 1.689 1.124 1.929 1.848 0.053 0.037
Mean Y | Visit=0 1.796 1.203 2.020 1.919 0.118 0.084
First stage F-stat 6.305 7.697 5.920 4.781 6.305 7.697

Note: Panel A presents difference-in-differences (DiD) estimates of the effect of compliance with appointment reminders on the probability of hospitalization
outcomes. DiD models estimated using a two-way fixed effects DiD model where the independent variable is clinic-semester compliance with the reminder
program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible patients sent an SMS reminder in a given semester. Panel
B presents instrumental variables estimates of the effect of a primary care visit on hospitalizations. Anderson-Rubin (AR) confidence intervals and p-value
are presented to account for a weak first stage. All models include fixed effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and
male. Robust standard errors are clustered at the clinic level. Log length of hospital stay is conditional on any CV hospitalization in a given semester.



A Appendix Tables and Figures

Table A1l: ICD-10 Codes included in cardiovascular hospitalization outcomes

Condition 1ICD-10 Codes

E 10.0, E 10.1, E 10.2, E 10.3, E 10.4,
E 10.5, E 10.6, E 10.7, E 10.8, E 10.9,
E11.0,E11.1,E11.2, E 11.3, E 1.4,

E11.5 E11.6, E11.7, E11.8, E 11.9

Diabetes mellitus

Primary hypertension 110.X

Hypertensive heart disease 111.0,111.9

Hypertensive chronic kidney disease 112.0,112.9,113.0,113.1,113.2,
113.9

Acute myocardial infarction 121.0,121.1,121.2, 121.3,121.4,
121.9

Acute ischaemic heart disease 124.9

Heart failure 150.0, I50.1, I50.9

160.0,160.1,160.2, 1 60.3, I 60.4,
160.5,160.6, I 60.7, I 60.8, I 60.9,
Hemorrhage 161.0,161.1,161.2,161.3,161.4,
161.5,161.6,161.8, 161.9,
162.0,162.1,162.9
Cerebral infarction 163.0,163.1,163.2,163.3,163.4
Note: ICD-10 codes listed are included in outcomes cardiovascular-related hospitalization and in-hospital car-

diovascular mortality. All other ICD-10 codes are included in non cardiovascular-related hospitalization and non
cardiovascular-related mortality outcomes.
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Table A2: First stage: event study estimates of the effect of appointment reminders on primary
care visits among patients with type 2 diabetes

Y = Primary Care Visit

Specification Compliance TWFE ITT TWFE ITT BJS
1) (2) 3)
Pre 4 0.059 0.068 -
(0.033) (0.034)
Pre 3 -0.003 0.002 -0.061
(0.025) (0.024) (0.032)
Pre 2 0.006 0.013 -0.039
(0.013) (0.010) (0.038)
Pre 1 - - -0.042
(0.041)
Post 0 0.013 0.018 0.022
(0.025) (0.010) (0.012)
Post 1 0.062 0.030 0.038
(0.025) (0.012) (0.014)
Post 2 0.085 0.047 0.052
(0.027) (0.014) (0.017)
Post 3 0.076 0.044 0.040
(0.026) (0.015) (0.017)
Post 4 0.072 0.044 0.038
(0.024) (0.016) (0.017)
Post 5 0.068 0.040 0.030
(0.026) (0.016) (0.017)
Post 6 0.025 0.011 0.017
(0.030) (0.018) (0.020)
Pre-trends p-val 0.220 0.107 0.248
Mean dep. var. 0.653 0.654 0.654
Observations 442 322 442 322 442 225
Clinics 314 314 313

Note: This table presents event study estimates of the effect of appointment reminders on the probability of
a patient-visit in a given semester. ITT stands for intent to treat, and BJS stands for Borusyak, Jaravel, and
Spiess. The coefficients in column 1 were estimated using a two-way fixed effects DiD model where the independent
variable is clinic-semester compliance with the reminder program for treated clinics, and zero for control clinics.
Compliance is the share of a clinic’s eligible patients sent an SMS reminder in a given semester. The independent
variable in columns 2 and 3 is an indicator equal to one in the semester of, and after a clinic implemented
appointment reminders and zero otherwise. The coefficient in model 2 was estimated using a two-way fixed effects
DiD model, and the coefficient in model 3 was estimated using the Borusyak, Jaravel, and Spiess (2021) estimator
for staggered policy adoption. All models include fixed effects for semester, clinic, semesters since the patient’s
diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level. Pre-trends p-val is from
an joint F-test that all pre-reminder program coefficients are zero.
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Table A3: Event study estimates of the effect of appointment reminders on primary care visits
among patients with hypertension

Y = Primary Care Visit

Specification Compliance TWFE ITT TWFE ITT BJS
(1) ) (3)
Pre 4 -0.023 -0.004 -
(0.033) (0.028)
Pre 3 -0.024 -0.014 -0.019
(0.028) (0.025) (0.029)
Pre 2 -0.003 0.015 0.024
(0.017) (0.011) (0.023)
Pre 1 - - 0.017
(0.026)
Post 0 0.001 0.027 0.021
(0.028) (0.011) (0.010)
Post 1 0.070 0.046 0.047
(0.024) (0.013) (0.014)
Post 2 0.101 0.069 0.065
(0.030) (0.018) (0.020)
Post 3 0.096 0.067 0.054
(0.029) (0.019) (0.020)
Post 4 0.084 0.062 0.048
(0.029) (0.019) (0.020)
Post 5 0.073 0.054 0.039
(0.031) (0.019) (0.020)
Post 6 0.032 0.026 0.021
(0.040) (0.023) (0.024)
Pre-trends p-val 0.610 0.083 0.034
Mean dep. var. 0.652 0.653 0.653
Observations 2,090,423 2,090,423 2,090,423
Clinics 310 310 310

Note: This table presents event study estimates of the effect of appointment reminders on the probability of
a patient-visit in a given semester. ITT stands for intent to treat, and BJS stands for Borusyak, Jaravel, and
Spiess. The coefficients in column 1 were estimated using a two-way fixed effects DiD model where the independent
variable is clinic-semester compliance with the reminder program for treated clinics, and zero for control clinics.
Compliance is the share of a clinic’s eligible patients sent an SMS reminder in a given semester. The independent
variable in columns 2 and 3 is an indicator equal to one in the semester of, and after a clinic implemented
appointment reminders and zero otherwise. The coefficient in model 2 was estimated using a two-way fixed effects
DiD model, and the coefficient in model 3 was estimated using the Borusyak, Jaravel, and Spiess (2021) estimator
for staggered policy adoption. All models include fixed effects for semester, clinic, semesters since the patient’s
diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level. Pre-trends p-val is from
an joint F-test that all pre-reminder program coefficients are zero.
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Table A4: Heterogeneity in the effect of appointment reminders by semesters since diagnosis with

type 2 diabetes or hypertension

Visit

(1)

Program Compliance

Semesters since diagnosis=0
Semesters since diagnosis=1
Semesters since diagnosis=2
Semesters since diagnosis=3
Semesters since diagnosis=4
Semesters since diagnosis=5
Semesters since diagnosis=6
Semesters since diagnosis=7
Semesters since diagnosis=8
Semesters since diagnosis=9
Semesters since diagnosis=0
Semesters since diagnosis=1
Semesters since diagnosis=2

Program Compliance
Program Compliance
Program Compliance

0.059 (0.023)
Ref.
-0.445 (0.010)
-0.424 (0.009)
-0.432 (0.010)
-0.429 (0.011)
-0.423 (0.012)
-0.405 (0.013)
-0.388 (0.014)
-0.363 (0.016)
-0.354 (0.018)
Ref.
0.012 (0.024)
-0.004 (0.020)

X

X

X
Semesters since diagnosis=3 x Program Compliance 0.009 (0.022)
Semesters since diagnosis=4 x Program Compliance 0.015 (0.025)
Semesters since diagnosis=5 x Program Compliance 0.022 (0.027)
Semesters since diagnosis=6 x Program Compliance 0.021 (0.028)
Semesters since diagnosis=7 x Program Compliance 0.020 (0.031)
Semesters since diagnosis=8 x Program Compliance 0.016 (0.035)
Semesters since diagnosis=9 x Program Compliance  -0.005 (0.040)
Mean dep. var. 0.647
Observations 2,265,307
Clinics 315

Note: Table corresponds to figure 4, panel A.
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Table A5: Heterogeneity in the effect of appointment reminders by age at diagnosis

Visit
(1)
Program Compliance 0.049 (0.024)
Age=40 Ref.
Age=50 0.031 (0.003)
Age=60 0.056 (0.004)
Age=T70 0.074 (0.005)
Age=80 0.047 (0.008)
Age=40 x Program Compliance Ref.

Age=50 x Program Compliance  0.026 (0.007)
Age=60 x Program Compliance  0.035 (0.008)
Age=70 x Program Compliance 0.017 (0.011)
Age=80 x Program Compliance  -0.008 (0.016)

Mean dep. var. 0.647
Observations 2,265,307
Clinics 315

Note: Table corresponds to figure 4, panel B.
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Table A6: Heterogeneity in the effect of appointment reminders by hemoglobin Alc at diagnosis
with type 2 diabetes

Visit
(1)

Program Compliance 0.060 (0.024)
Hemoglobin Alc=6 Ref.
Hemoglobin Alc=8 0.007 (0.004)
Hemoglobin Alc=10 -0.013 (0.005)
Hemoglobin Ale=12 -0.023 (0.006)
Hemoglobin Alc=14 -0.021 (0.008)
Hemoglobin Alc=16 -0.016 (0.012)
Hemoglobin Alc=6 x Program Compliance Ref.

Hemoglobin Ale=8 x Program Compliance 0.004 (0.011)
Hemoglobin Ale=10 xProgram Compliance  -0.009 (0.013)
Hemoglobin Ale=12 xProgram Compliance  -0.008 (0.014)
Hemoglobin Alc=14 xProgram Compliance  -0.033 (0.021)
Hemoglobin Alc=16 xProgram Compliance  -0.033 (0.033)

Mean dep. var. 0.647
Observations 442,322
Clinics 314

Note: Table corresponds to figure 4, panel C.
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Table AT7: Heterogeneity in the effect of appointment reminders by systolic blood pressure at the
time of diagnosis with hypertension

Visit

(1)

Program Compliance

Systolic BP=100
Systolic BP=110
Systolic BP=120
Systolic BP=130
Systolic BP=140
Systolic BP=150
Systolic BP=160
Systolic BP=170
Systolic BP=180
Systolic BP=190
Systolic BP=200
Systolic BP=100
Systolic BP=110
Systolic BP=120
Systolic BP=130
Systolic BP=140
Systolic BP=150
Systolic BP=160
Systolic BP=170
Systolic BP=180
Systolic BP=190
Systolic BP=200

X X X X X X X X X X X

Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance
Program Compliance

0.068 (0.027)
Ref.
0.016 (0.005)
0.016 (0.005)
0.016 (0.005)
0.008 (0.005)
0.006 (0.005)
-0.002 (0.006)
-0.011 (0.006)
-0.018 (0.006)
)
)

PRy

-0.023 (0.007
-0.046 (0.008
Ref.
0.007 (0.013
0.009 (0.012
0.006 (0.012
0.011 (0.012
-Ref. (0.013)
-0.005 (0.014)
-0.012 (0.014)
-0.022 (0.016)
)
)

—_— —

-0.021 (0.017
-0.027 (0.019

Mean dep. var.
Observations
Clinics

0.647
1,964,313
310

Note: Table corresponds to figure 4, panel D.

48



Table A8: Event study: Impact of appointment reminders on health monitoring

Blood pressure test Weighed Blood sugar test
Type 2 Hyper- Type 2 Hyper- Type 2
Patients: Diabetes tension Diabetes tension Diabetes
(1) (2) (3) (4) (5)
Pre 4 0.042 -0.022 0.044 -0.024 0.049
(0.034) (0.032) (0.040) (0.032) (0.031)
Pre 3 -0.003 -0.022 -0.008 -0.026 0.023
(0.023) (0.028) (0.022) (0.026) (0.023)
Pre 2 0.006 -0.005 0.015 0.006 0.022
(0.012) (0.017) (0.012) (0.017) (0.012)
Pre 1 - - - - -
Post 0 0.007 -0.002 0.019 0.005 0.014
(0.025) (0.028) (0.026) (0.028) (0.024)
Post 1 0.052 0.066 0.055 0.065 0.045
(0.025) (0.023) (0.024) (0.023) (0.027)
Post 2 0.078 0.101 0.087 0.102 0.072
(0.027) (0.030) (0.027) (0.030) (0.028)
Post 3 0.065 0.090 0.067 0.086 0.052
(0.025) (0.028) (0.028) (0.030) (0.028)
Post 4 0.062 0.084 0.072 0.082 0.040
(0.023) (0.028) (0.026) (0.029) (0.026)
Post 5 0.059 0.071 0.061 0.067 0.042
(0.025) (0.030) (0.028) (0.031) (0.028)
Post 6 0.020 0.029 0.022 0.027 0.015
(0.029) (0.039) (0.033) (0.040) (0.031)
Observations 442 322 2,090,423 442,322 2,090,423 442,322
Clinics 314 310 314 310 314
Mean Y | Pr(SMS)=0 0.621 0.621 0.610 0.610 0.562
Pre-trends p-value 0.507 0.713 0.315 0.195 0.244

Note: Event study estimates of the impact of appointment reminders on health monitoring (estimated using
two-way fixed effects and equation 1). Standard errors, clustered at the clinic level are shown in parentheses, and
p-values are shown in brackets. Table corresponds to figure 5.
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Table A9: Event Study: Impact of appointment reminders on medication outcomes

Any medication refill ~ Medication adherence > 80%

Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension
(1) (2) (3) (4)
Pre 4 -0.016 0.018 0.003 0.003
(0.080) (0.062) (0.007) (0.006)
Pre 3 -0.090 -0.074 -0.006 -0.011
(0.036) (0.028) (0.007) (0.005)
Pre 2 -0.066 -0.057 -0.004 -0.008
(0.019) (0.021) (0.006) (0.004)
Pre 1 - - - -
Post 0 0.064 0.057 0.014 0.011
(0.046) (0.045) (0.012) (0.009)
Post 1 0.081 0.085 0.016 0.016
(0.026) (0.026) (0.009) (0.007)
Post 2 0.079 0.090 0.013 0.009
(0.030) (0.026) (0.008) (0.006)
Post 3 0.054 0.057 0.012 0.006
(0.029) (0.024) (0.009) (0.006)
Post 4 0.037 0.043 0.004 0.005
(0.027) (0.022) (0.007) (0.005)
Post 5 0.017 0.030 0.008 0.009
(0.033) (0.030) (0.009) (0.007)
Post 6 -0.074 -0.076 -0.003 0.000
(0.037) (0.035) (0.009) (0.007)
Observations 239,626 1,102,554 239,626 1,102,554
Clinics 312 309 312 309
Mean Y | Pr(SMS)=0 0.292 0.292 0.027 0.027
Pre-trends p-value 0.000 0.000 0.400 0.005

Note: Event study estimates of the impact of appointment reminders on medication outcomes (estimated using
two-way fixed effects and equation 1). Standard errors, clustered at the clinic level are shown in parentheses, and
p-values are shown in brackets. Table corresponds to figure 6.
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Table A10: Event Study: Impact of appointment reminders on cardiovascular hospitalizations

Cardiovascular
hospitalization Log days CV In-hospital CV
(per 100) hospitalization mortality (per 100)
Type 2 Hyper- Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension Diabetes tension
(1) (2) 3) (4) (5) (6)
Pre 4 -0.476 -0.248 -0.104 0.020 -0.015 -0.007
(0.309) (0.161) (0.146) (0.112) (0.048) (0.010)
Pre 3 0.205 0.036 -0.225 -0.069 0.088 0.001
(0.226) (0.095) (0.140) (0.076) (0.052) (0.010)
Pre 2 0.063 -0.092 0.048 -0.001 -0.006 -0.013
(0.191) (0.063) (0.119) (0.060) (0.034) (0.008)
Pre 1 - - - - - -
Post 0 -0.320 -0.072 0.111 0.204 -0.120 -0.054
(0.336) (0.125) (0.212) (0.105) (0.043) (0.016)
Post 1 0.185 0.167 0.045 0.076 -0.045 -0.022
(0.288) (0.108) (0.174) (0.096) (0.055) (0.020)
Post 2 0.366 0.225 0.005 0.014 -0.079 0.009
(0.299) (0.111) (0.158) (0.097) (0.039) (0.018)
Post 3 0.416 0.243 -0.054 -0.017 -0.052 -0.004
(0.296) (0.112) (0.154) (0.094) (0.046) (0.019)
Post 4 0.646 0.210 -0.027 -0.053 -0.069 -0.038
(0.238) (0.104) (0.131) (0.088) (0.040) (0.015)
Post 5 0.186 0.128 -0.090 0.015 -0.062 -0.013
(0.279) (0.112) (0.159) (0.096) (0.043) (0.019)
Post 6 0.527 0.210 -0.235 -0.151 -0.061 -0.021
(0.272) (0.113) (0.142) (0.095) (0.040) (0.017)
Observations 442,322 2,090,423 7,510 24,053 442,322 2,090,423
Clinics 314 310 291 305 314 310
Mean Y | Pr(SMS)=0 1.146 1.146 1.861 1.861 0.039 0.039
Pre-trends p-value 0.200 0.279 0.195 0.760 0.288 0.278

Note: Event study estimates of the impact of appointment reminders on CV hospitalizations (estimated using
two-way fixed effects and equation 1). Standard errors, clustered at the clinic level are shown in parentheses, and
p-values are shown in brackets. Table corresponds to figure 7.
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Figure Al: Event study estimates of the impact of appointment reminders on non-cardiovascular
hospitalisation

Coefficients
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Note: Figures show regression estimates based on equation 1. The shaded areas denote 95% confidence intervals.
The x-axis is number of semesters until or since the clinic implemented appointment reminders. Estimated using
a two-way fixed effects event study model where the independent variable is clinic-semester compliance with the
reminder program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible
patients sent an SMS reminder in a given semester. All models include fixed effects for semester, clinic, semesters
since the patient’s diagnosis, 2-year age, and male. Robust standard errors are clustered at the clinic level.
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Table A11: Event Study: Impact of appointment reminders on non-cardiovascular hospitalizations

Non-cardiovascular

hospitalization Log days non-CV In-hospital non-CV
(per 100) hospitalization mortality (per 100)
Type 2 Hyper- Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension  Diabetes tension
1) (2) 3) (4) (5) (6)
Pre 4 -0.293 -0.159 -0.100 0.080 0.040 -0.008
(0.605) (0.272) (0.108) (0.076) (0.043) (0.018)
Pre 3 0.763 -0.033 -0.006 0.026 0.125 -0.016
(0.383) (0.152) (0.101) (0.049) (0.067) (0.012)
Pre 2 -0.176 -0.178 -0.019 0.026 0.061 -0.003
(0.278) (0.152) (0.077) (0.042) (0.043) (0.010)
Pre 1 - - - - - -
Post 0 0.504 0.061 -0.116 -0.016 0.013 -0.009
(0.532) (0.240) (0.124) (0.057) (0.084) (0.026)
Post 1 -0.087 -0.064 -0.026 -0.079 0.001 0.017
(0.467) (0.215) (0.108) (0.051) (0.079) (0.030)
Post 2 -0.321 0.178 -0.101 -0.105 0.066 0.049
(0.460) (0.239) (0.138) (0.066) (0.092) (0.027)
Post 3 0.406 0.105 -0.014 -0.074 0.108 0.023
(0.496) (0.257) (0.125) (0.070) (0.073) (0.029)
Post 4 -0.275 0.307 -0.211 -0.090 0.036 0.024
(0.400) (0.230) (0.132) (0.067) (0.061) (0.030)
Post 5 0.155 -0.018 -0.066 -0.068 0.097 0.010
(0.503) (0.261) (0.134) (0.073) (0.079) (0.028)
Post 6 -0.146 0.222 -0.156 -0.106 0.091 0.012
(0.434) (0.233) (0.148) (0.084) (0.069) (0.025)
Observations 442,322 2,090,423 18,980 82,704 442,322 2,090,423
Clinics 314 310 309 310 314 310
Mean Y | Pr(SMS)=0 3.783 3.783 1.324 1.324 0.096 0.096
Pre-trends p-value 0.179 0.708 0.833 0.746 0.147 0.091

Note: Event study estimates of the impact of appointment reminders on non-CV hospitalizations (estimated using
two-way fixed effects and equation 1). Standard errors, clustered at the clinic level are shown in parentheses, and
p-values are shown in brackets. Table corresponds to figure Al.
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Table A12: Impact of appointment reminders and visits on non-cardiovascular hospitalizations

Non-cardiovascular

hospitalization Log days non-CV In-hospital non-CV
(per 100) hospitalization mortality (per 100)
Type 2 Hyper- Type 2 Hyper- Type 2 Hyper-
Diabetes tension Diabetes tension Diabetes tension
(1) (2) (3) (4) (5) (6)
Panel A. Reduced form: impact of appointment reminders
Program Compliance 0.053 0.221 -0.093 -0.093 0.013 0.021
(0.368) (0.191) (0.099) (0.061) (0.042) (0.017)
[0.885] [0.249] [0.348] [0.125] [0.754] [0.204]
Panel B. Indirect least squares: impact of primary care visit
Visit 0.940 3.137 12.894 -1.422 0.230 0.302
(6.440) (2.982) (58.520) (0.987) (0.740) (0.259)
[0.884] [0.294] [0.826] [0.151] [0.756] [0.245]
AR CI [-22.35, 17.36]  [-2.70, 14.63] NA [-5.81, 0.51] [-1.83,2.64] [-0.17, 1.36]
AR p-val 0.885 0.264 0.352 0.133 0.755 0.204
Observations 442,322 2,090,423 18,980 82,704 442,322 2,090,423
Clinics 314 310 309 310 314 310
Mean Y — Pr(SMS)=0 4.226 3.753 1.479 1.309 0.153 0.089
Mean Y — Visit=0 4.895 4.583 1.600 1.432 0.309 0.213
First stage F-stat 6.305 7.697 0.053 6.783 6.305 7.697

Note: Panel A presents difference-in-differences (DiD) estimates of the effect of appointment reminder program compliance on the probability of hospitalization
outcomes. DiD models estimated using a two-way fixed effects DiD model where the independent variable is clinic-semester compliance with the reminder
program for treated clinics, and zero for control clinics. Compliance is the share of a clinic’s eligible patients sent an SMS reminder in a given semester. Panel
B presents instrumental variables estimates of the effect of a primary care visit on hospitalizations. Anderson-Rubin (AR) confidence intervals and p-value
are presented to account for a weak first stage. All models include fixed effects for semester, clinic, semesters since the patient’s diagnosis, 2-year age, and
male. Robust standard errors are clustered at the clinic level. Log length of hospital stay is conditional on any CV hospitalization in a given semester.



Table A13: Testing the equality of regression coefficients: impact of appointment reminders
among type 2 diabetes patients vs. hypertension patients

Outcome F stat P-val
Visit 0.47 0.63
Blood pressure test 5.49 0.00
Weighed 3.66 0.03
Blood sugar test - -
Any medication refill 46.82 0.00
Medication adherence 25.60 0.00
Cardiovascular hospitalization 208.20  0.00
Log days cardiovascular hospitalization 32.64 0.00
In-hospital cardiovascular mortality 12.78 0.00
Non-cardiovascular hospitalization 74.20 0.00
Log days non-cardiovascular hospitalization 147.84  0.00
In-hospital non-cardiovascular mortality 61.00 0.00

Note: F-statistics and p-values from tests of whether the effect of appointment reminders is equivalent among
patients with type 2 diabetes vs. those with hypertension. Only patients with type 2 diabetes recieve blood
sugar tests, so no values are included here. A p-value <0.05 indicates we reject the null hypothesis that the two
regression coefficients are equal.
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A.1 Chile’s Cardiovascular Health Program

In line with international recommendations, Chile’s public healthcare system integrated care for
patients with hypertension and type 2 diabetes in 2002, resulting in the creation of the Cardiovas-
cular Health Program (PSCV for its acronym in Spanish: Programa Salud Cardiovascular) for in
primary care. The primary objectives of the PSCV are to prevent and reduce morbidity, disability,
and premature mortality associated with cardiovascular diseases, as well as to prevent complications
arising from type 2 diabetes. This program focuses on assessing the overall cardiovascular risk in
individuals, rather than considering risk factors separately. To determine patients’ cardiovascular
risk the PSCV utilizes the Framingham Tables (see Hemann, Bimson, and Taylor 2007), adapted

to the Chilean population. Patients are eligible if they meet at least one of the following criteria:

1. Personal history of atherosclerotic cardiovascular disease, including coronary artery disease,
cerebrovascular disease, peripheral arterial disease, atherosclerotic aortic disease, renovascular

disease, and carotid disease.

2. High blood pressure: defined, for individuals aged 15 and above as systolic blood pressure
>140 mmHg and/or a diastolic blood pressure >90 mmHg.

3. Type 2 Diabetes Mellitus: defined as venous glycemia >200 mg/dl at any time, two consecu-
tive 8-hour fasting venous glycemia readings >126 mg/dl, or blood glucose >200 mg/dL two

hours after a 75g oral glucose load.
4. Dyslipidemia: defined as total cholesterol >240 mg/dl and LDL cholesterol >160 mg/dl.
5. Smoking: defined as individuals aged 55 and above who currently smoke tobacco.

For individuals who don’t meet the admission criteria but have other risk factors, such as
high blood pressure (but not above 140/90 mmHg), pre-diabetes, metabolic syndrome, obesity or
overweight, and risky alcohol consumption, annual check-ups, education on healthy lifestyles, and
referral to the Vida Sana Program (a preventative and healthy lifestyle program in the public health

care system) is recommended.
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