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1 Health Information Technology and Innovation Dif-

fusion in Primary Care Settings

1.1 Introduction

Improvements in health information technology (HIT) have provided new ways to
influence physician behavior. Perhaps no HIT is more widely used by physicians
than the electronic health record (EHR), the digital version of a patient’s chart which
contains their medical and treatment histories, diagnoses, test results, and demo-
graphic information. Use of EHRs by office-based physicians more than doubled
from 42 to 86 percent between 2008 and 2017 (Office of the National Coordinator
for Health Information Technology, 2019). Efforts to use the EHR to affect physi-
cians’ decisions have largely manifested themselves in the EHR as hard stops and
nudges. Hard stops such as computerized medication alerts warn physicians of un-
safe practices and prevent them from continuing the patient’s course of care until
there is manual indication that the unsafe practice has been resolved. Nudges in-
form a physician that a practice is recommended but do not force compliance with
the recommendation. Both hard stops and nudges are targeted alerts, drawing on
information from the EHR to identify patients for whom the alert is relevant. In
this paper, I ask whether there are other ways that the EHR might improve clini-

cal quality aside from forcing or encouraging compliance with clinical guidelines.



Specifically, I ask whether the EHR can improve clinical quality by accelerating the
adoption of new technologies.

I answer this question in the context of scheduling for colorectal cancer screen-
ing (CRC) at the primary care clinics of the University of Wisconsin Health System
(UW Health), a large academic health system that serves over 700,000 patients each
year. In the spring of 2010, the health system upgraded its EHR to implement an
alert that, using information on patients’ demographics and screening histories, in-
formed primary care providers (PCPs) when a patient was eligible and due for CRC
screening and listed the technologies by which the patient could be screened. One
of the two technologies listed as part of this alert, virtual colonoscopy (VC), had
not yet been endorsed by any official body or the health system. The alert therefore
provided initial validation of VC and had the potential to act not only as a nudge,
but also as a signal about the quality of a seldom-used new technology. The alert’s
function as a nudge had the potential to increase screening rates directly by increas-
ing awareness of the CRC screening guideline and by prioritizing CRC screening
during the PCP appointment. The alert’s validation of VC also had the potential to
increase screening rates by providing patients with a sanctioned and meaningfully
different alternative to the dominant screening technology, optical colonoscopy. In
this paper, I quantify the relative importance of these two effects, which sheds light

on what the barriers to screening participation are and what policies are most effec-



tive at increasing participation.

I develop a nested logit model of screening participation and screening technol-
ogy choices to estimate the effect of the alert on both screening rates and adoption
of VC. I find that the validation of new technologies has only a small effect the
extensive margin decision of whether to participate in screening despite meaning-
fully increasing the new technology’s share of screenings. Put differently, screening
technologies are much closer substitutes for one another than they are for the out-
side option of not participating in screening. I find that the implementation of the
EHR alert increased VC’s share of screenings by over 12 percentage points (p.p.)
and screening rates by 0.5 p.p. The alert’s validation of VC not only increased its
attractiveness relative to the most commonly used modality, optical colonoscopy
(OC), but also increased the expected utility of the modality choice. It is by this
latter channel that the validation has scope to impact the extensive margin through
what I refer to as the “validation effect.” The alert also impacts the extensive mar-
gin directly through what I term a “nudge effect.” I estimate a version of my nested
logit model that allows both the nudge and validation effects of the alert to vary
across patients according to their likelihood of participating in screening in the pe-
riod preceding the implementation of the alert. Patients least likely to participate
in the baseline period are older, non-white, and have multiple comorbidities. I find

that both the nudge and validation effects are greater among patients with lower



baseline screening propensities. | use the model to disentangle the contributions
of the nudge and validation effects to the increase in screening rates and find that
the validation effect accounts for 20% of the increase and the nudge effect for the
remaining 80%.

By simply informing physicians of a patient’s eligibility for a preventive care
service, EHR alerts satisfy the recently popularized definition of a nudge as “any
aspect of the choice architecture that alters people’s behavior in a predictable way
without forbidding any options or significantly changing their economic incentives”
(Thaler and Sustein, 2008). There is a large economic literature that quantifies the
effects of nudges on decisions ranging from household energy consumption (All-
cott and Mullainathan, 2010) to job choice (Coffman and Kessler, 2017) to health
insurance enrollment (Handel, 2013). There is also a large medical literature ex-
amining the effectiveness of both physician- and patient-directed nudges aimed at
increasing adherence with preventive care guidelines. Several studies have looked
at the effects of such interventions on rates of colon cancer screening specifically;
see Dougherty et al. (2018) for a detailed summary. Results from randomized con-
trol trials of physician-directed reminders for CRC screening have found positive
though in some cases insignificant effects (Levy et al., 2013; Sequist et al., 2009).
Bai et al. (2021) examines the effectiveness of commitment devices, which are an-

other tool of behavioral economics, at increasing participation in preventive care



and finds no impact on doctor visits or health outcomes. The alert considered in this
paper is novel because it not only functioned as a standard nudge but also provided
implicit validation of a modality for screening other than optical colonoscopy, the
long-standing and widely dominant method of CRC screening. This paper’s main
contribution is in disentangling the marginal benefit of this novel element of the
alert from the benefit generated by the nudge.

This paper is also related to the literature on the effects of HIT adoption. Pa-
pers looking at the impact of EHR adoption and alert utilization have found no
significant effects on costs, mortality, or preventive care utilization (Agha, 2014;
Rodrigues Llorian and Mason, 2021). My study differs from those in this literature
by focusing on a setting in which the EHR had long been in use. Papers estimating
the impact of HIT adoption have posited that there may be a learning curve asso-
ciated with HIT adoption that prevents any positive impact in the short run. The
learning curve for physicians associated with the EHR upgrade considered in this
paper is likely far less steep than that faced by physicians transitioning from paper
to electronic records. I can therefore reasonably expect effects to manifest in the
short run. In addition, this paper focuses on the impact of an alert for a specific
preventive care service on the utilization of that service among patients due accord-
ing to official medical guidelines. It therefore speaks less to the general potential of

HIT to improve quality across dimensions of healthcare and more to the power of



HIT to target information to those with the greatest potential benefit.

Lastly, this paper belongs to the health economics literature that examines the
patterns and determinants of technology adoption in clinical settings. Crawford and
Shum (2005) and Coscelli and Shum (2004) model physician’s gradual adoption of
a newly introduced antacid as a Bayesian learning process. Grigolon et al. (2021)
quantifies the extent to which the level of social stigma faced by patients impacts
their decision to participate in lung cancer treatment and by extension the adoption
of innovative lung cancer treatment. The intervention considered here has the po-
tential to increase the adoption of innovative modalities not only on the extensive
margin as in Grigolon et al. (2021) but also on the intensive margin as impressions
of VC improve. My paper contributes to this literature by showing how a health
system’s initial validation of a technology impacts its utilization. My finding that
the health system’s validation of VC doubled its utilization complements Chen et al.
(2021), which shows that the 2016 validation of VC by the U.S. Preventive Services
Task Force increased its monthly utilization among the privately insured from 0.4
to 0.6 procedures per 100,000.

Preventive care has the potential to reduce the rates of chronic diseases includ-
ing cancer, heart disease, and diabetes. Despite the fact that chronic diseases are
the leading cause of disability and mortality in the U.S., less than 8% of adults

nationwide are up to date with all recommended preventive care services (Levine



et al., 2019). There is a pressing need to understand why patients do not partici-
pate in preventive care and what strategies are effective at increasing participation.
Understanding how HIT can impact screening decisions will likely be of particular
importance for CRC screening in the coming years, as official clinical guidelines
for CRC screening were recently revised to extend the eligibility criteria to include
persons between the ages of 45 and 50 (Lin et al., 2021). As the share of patients
eligible for screening grows, the EHR becomes an increasingly cost effective tool
relative to interventions whose costs scale with the number of due patients. This
paper shows that the EHR can be used to speed the diffusion of new technologies,

improving patients’ choice sets and increasing screening participation.

1.2 Background & setting

Among all cancers, colorectal cancer (CRC) is third in incidence and mortality for
both men and women in the U.S. (Siegel et al., 2019). The lifetime risk of acquiring
CRC in the United States is about 4.2 percent and survival largely depends on the
stage of the cancer at the time of diagnosis. Patients with localized disease at diag-
nosis have a 5-year survival rate of 90 percent. The same survival rate for patients
diagnosed with cancer that has spread to regional lymph nodes is 71 percent, and
that for patients diagnosed with distantly metastasized cancer is only 14 percent

(NCI Surveillance, Epidemiology, and End Results Program, 2019). Incidence of



CRC is increasing in age, nearly half of all new cancers being diagnosed in patients
between the ages of 65 and 84. Male sex and Black race are also associated with
higher rates of CRC. While a family history of CRC that is not attributable to any
known inherited syndromes is a well-established risk factor for CRC, in practice
definitions of family history vary substantially across studies (Lin et al., 2021).

Unlike many cancers, there are multiple types of modalities that screen for CRC,
including direct visualization, stool-based, serum-based, and urine-based tests (Lin
et al., 2017). Optical colonoscopy (OC) is the most commonly used screening
modality in the U.S. (de Moor et al., 2018; Zapka et al., 2012). OC is completed by
using a flexible, lighted tube to screen the rectum and entire colon. Another much
more recently developed direct visualization test is virtual colonoscopy (VC), also
known as computed tomographic colonography (CTC). VC is performed by tak-
ing computed tomography images of the abdomen and pelvis and is therefore less
invasive than OC. Screening technologies vary not only in terms of their invasive-
ness but also in terms of their specificity, sensitivity, and recommended frequency
(Zauber et al., 2016). Table 1.1 summarizes these characteristics for the most com-
monly used screening modalities.

The screening recommendation of United States Preventive Services Task Force
(USPSTF), an independent, volunteer group of national experts in prevention and

evidence-based medicine established by Congress in 1984, shapes clinical prac-



tice and coverage decisions by determining the eligibility criteria and set of vali-
dated modalities for preventive care services (Agency for Healthcare Research and
Quality, 2019; Siu et al., 2015). The task force’s 2008 recommendation for CRC
screening, presented in table 1.2, advised that adults between the age of 50 and
75 be screened for colon cancer. The task force did not include VC in its list of
validated modalities, citing concerns about the frequency of extra-colonic findings
and harms of radiation exposure during VC (US Preventive Services Task Force,
2008). In the years that followed, research showed the costs of diagnostic workup of
these incidental findings to be quite low, within the range of 24-35 USD (Pickhardt
et al., 2008). Additionally, the radiation-related cancer risk from VC was found to
be more than offset by the number of colorectal cancers prevented (Berrington de
Gonzélez et al., 2011). In response to this new evidence, the task force added VC to
its list of validated modalities in its 2016 recommendation (US Preventive Services

Task Force, 2016).



Table 1.1: Summary of CRC screening modalities

. o True positive rate
Modality Description Frequency Irl;gggtive polypls) polyps | polyps | colorectal
rate < 5|/6to9|> 10 cancer
mm mm mm

Optical Long, thin, flexible, lighted | 10 years 0.86 0.75 0.85 0.95 0.95
colonoscopy tube used to screen rectum

and entire colon.
Virtual CT images of entire colon S years 0.88 0 0.57 0.84 0.84
colonoscopy taken and analyzed.
Flexible Short, thin, flexible, lighted | 5 years 0.87 0.75 0.85 0.95 0.95
sigmoidoscopy | tube used to screen rectum

and lower third of the colon.
Fecal occult Stool samples obtained by 1 year 0.93 0.08 0.12 0.24 0.70
blood test patient at home and

analyzed in lab.

Sources: 1. Zauber A, Knudsen A, Rutter CM, et al. Evaluating the Benefits and Harms of Colorectal Cancer Screening Strategies: A Collabora-
tive Modeling Approach. AHRQ Publication No. 14-05203-EF-2. Rockville, MD: Agency for Healthcare Research and Quality; October 2015.

2. Knudsen AB, Zauber AG, Rutter CM, et al. Estimation of Benefits, Burden, and Harms of Colorectal Cancer Screening Strategies: Modeling
Study for the US Preventive Services Task Force. JAMA 2016; 315:2595.
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Table 1.2: USPSTF 2008 Colorectal Cancer Screening Recommendation Summary

Population Recommendation
Adults, beginning | The USPSTF recommends screening for colorectal can-

at age 50 years | cer using fecal occult blood testing, sigmoidoscopy, or
and continuing | colonoscopy in adults, beginning at age 50 years and con-
until age 75 years | tinuing until age 75 years. The risks and benefits of these

screening methods vary.
Adults age 76 to | The USPSTF recommends against routine screening for

85 years colorectal cancer in adults 76 to 85 years of age. There may
be considerations that support colorectal cancer screening

in an individual patient.
Adults older than | The USPSTF recommends against screening for colorectal

age 85 years cancer in adults older than age 85 years.

Source: U.S. Preventive Services Task Force (2008). Screening for Colorectal Cancer: U.S. Preven-
tive Services Task Force Recommendation Statement Annals of Internal Medicine 149(9):627-638.

In the spring of 2010, when VC was an available but not yet officially validated
modality, the primary care clinics of the University of Wisconsin Health System
upgraded their EHR, implementing an alert for CRC screening in an effort to im-
prove screening rates. The alert in question flagged patients that were eligible and
due for screening. This was the second EHR alert to be implemented in this system,

the first being for breast cancer screening. This alert not only notified the PCP that
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the patient was due for screening but also informed the PCP that the patient could
be screened by either VC or OC. All PCPs that were part of the UW Health system
had open access to VC and most of the private insurance providers of UW Health
patients covered VC during this period. There is no evidence that UW Health’s
inclusion of VC in the alerts was part of a wider effort to increase usage of VC.
Figure 1.A1 shows the PubMed and Google search trends for the phrase “virtual
colonoscopy” over the past fifteen years; there is no notable increase in interest in

VC leading up to the time of the intervention in May of 2010.

1.3 Data

I employ retrospective EHR data for all patients managed by UW Health who were
both eligible and due for CRC screening at some point between January 2009 and
December 2011. A patient is considered managed by the health system if they have
had at least two PCP visits within the health system in the past 36 months and at
least one in the past 24 months (Wisconsin Collaborative for Healthcare Quality,
2011). Patients are considered eligible for CRC screening if they are between 50
and 75 years of age and have not had a total colectomy. Patients are considered
due for screening if they have not been screened by OC in the past ten years, VC
or flexible sigmoidoscopy in the past five years, or fecal occult blood test in the

past year. I also observe visits to other health systems in Wisconsin by patients that
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satisfy the definition of being currently managed by UW Health. While these data
are too sparse to use in my main analyses, I use them to examine aggregate trends
in modality shares in subsection 1.4. All other analyses including the summary
statistics below use only observations corresponding to PCP visits at UW Health
clinics.

I observe the dates of patients’ PCP visits and CRC screenings, as well as the
physician and clinic corresponding to these events. Note that for any given patient, |
only observe visits and screenings that take place during the periods when a patient
is both eligible and due. I therefore do not observe events for patients once they
are beyond the age of 75. Neither do I observe visits or screenings that take place
within ten years of an OC or five years of a VC. Patients who become due dur-
ing my sample period are observable only after becoming due, and patients who get
screened during my sample period drop out of the sample following their screening.
During my sample period, the share of currently managed UW Health patients that
were eligible for and up-to-date with CRC screening was approximately 70% (Wis-
consin Collaborative for Healthcare Quality, 2021b). This implies that my sample
of currently managed, eligible, and due patients accounts for around 30% of UW
Health’s eligible patients.

An observation in my data is a visit and my outcome of interest is whether each

visit results in CRC screening. I do not observe the actual scheduling of screenings
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and so assume that all CRC screenings that take place within 9 months of a PCP
visit were scheduled during that visit.! It is likely the case that some of these visits
are “follow-up visits” that are focused on the treatment of a condition established
in the previous visit. In order to restrict my sample to the set of primary care visits
during which a full assessment of the patient’s preventive care needs was likely to
have been performed, I drop follow-up visits — which I define as visits that occur
within two weeks of a previous visit for the same patient — and assess whether the
initial visit resulted in CRC screening.

For each visit, I observe several demographic characteristics of the patient,
the name of the patient’s insurance carrier, a set of 29 indicators for the patient’s
Elixhauser comorbidities, and the patient’s Adjusted Clinical Group (ACG) score,
which is a measure of expected healthcare costs (Johns Hopkins University Health
Services Research & Development Center, 2008). I also observe characteristics of
the patient’s place of residence, including the fraction of individuals in the patient’s
zip code that have at least a high school education; the fraction of individuals in
the patient’s zip code that live below the poverty line; and the RUCA code of the
patient’s census tract, which is a classification based on population density, urban-
ization, and daily commuting patterns. Finally, I observe the specialty and sex of

each physician. I drop from the sample visits corresponding to insurance carriers,

IResults throughout are robust to using either a 6 or 12 month threshold rather than a 9 month
one.
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comorbidities, and clinics that are only observed either in the period preceding or

following the alert.



Table 1.3: Summary statistics of sample stratified by time of EHR alert implementation, Part 1

Full sample period Baseline Post-EHR alerts  p-value

Outcomes
Number of visits 93,602 49,175 44,427
Result in any screening 1,514 (1.6%) 776 (1.6%) 738 (1.7%) 0.3
Screening by optical colonoscopy 1,039 (1.1%) 624 (1.3%) 415 (0.9%)  <0.001
Screening by virtual colonoscopy 409 (0.4%) 112 (0.2%) 297 (0.7%) <0.001
PCP characteristics
Number of visits per PCP 1,075 (753) 565 (426) 510 (337)
Female 50,296 (53.7%) 25,932 (52.7%) 24,364 (54.8%)  <0.001
Specialty <0.001

Internal medicine 62,863 (67.2%) 33,497 (68.1%) 29,366 (66.1%)

Family medicine 29,530 (31.5%) 14,941 (30.4%) 14,589 (32.8%)

Other 1,209 (1.3%) 737 (1.5%) 472 (1.1%)
Patient characteristics
Number of visits per patient 3.7 (2.3) 2.4 (1.3) 2.2(1.2)
Prior screening 420 (0.4%) 173 (0.4%) 247 (0.6%)  <0.001

Note: Cell values are presented as mean (standard deviation) for continuous measures, and n (%) for categorical measures. p-values for compar-
ison of baseline and post-EHR alert periods computed using Wilcoxon rank-sum test for continuous variables and Pearson’s chi-squared test for
categorical and binary variables. All statistics are calculated across visits with the exception of number of visits per patient and number of visits
per PCP, which are computed across patients and PCPs respectively.

o1



Table 1.4: Summary statistics of sample stratified by time of EHR alert implementation, Part 2

Full sample period Baseline Post-EHR alerts  p-value
Patient characteristics
Age group <0.001
[50,55] 21,224 (22.7%) 11,219 (22.8%) 10,005 (22.5%)
(55,60] 21,720 (23.2%) 11,727 (23.8%) 9,993 (22.5%)
(60,65] 19,193 (20.5%) 10,153 (20.6%) 9,040 (20.3%)
(65,70] 17,873 (19.1%) 9,053 (18.4%) 8,820 (19.9%)
(70,75] 13,592 (14.5%) 7,023 (14.3%) 6,569 (14.8%)
Number of comorbidities <0.001
None 67,593 (72.2%) 38,126 (77.5%) 29,467 (66.3%)
One 17,007 (18.2%) 7,015 (14.3%) 9,992 (22.5%)
Two 6,217 (6.6%) 2,696 (5.5%) 3,521 (7.9%)
Three or more 2,785 (3.0%) 1,338 (2.7%) 1,447 (3.3%)
Female 65,760 (70.3%) 34,448 (70.1%) 31,312 (70.5%) 0.2
Married 30,551 (32.6%) 16,602 (33.8%) 13,949 (31.4%)  <0.001
Private insurance 64,851 (69.3%) 34,477 (70.1%) 30,374 (68.4%)  <0.001
Non-white 4,953 (5.3%) 2,673 (5.4%) 2,280 (5.1%) 0.04
Zip code fraction > H.S. 0.94 (0.03) 0.94 (0.03) 0.94 (0.03) 0.1
Zip code fraction in poverty 0.10 (0.09) 0.10 (0.09) 0.10 (0.09) 0.002

Note: Cell values are presented as mean (standard deviation) for continuous measures, and n (%) for categorical measures. p-values for compar-
ison of baseline and post-EHR alert periods computed using Wilcoxon rank-sum test for continuous variables and Pearson’s chi-squared test for
categorical and binary variables. All statistics are calculated across visits with the exception of number of visits per patient and number of visits
per PCP, which are computed across patients and PCPs respectively.

L1
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Summary statistics for my sample of visits are provided in tables 1.3 and 1.4.
There are 25,641 unique patients, who have an average of 3.7 primary care visits
during the sample period. Patients are on average 61 years of age. 5% of patients
are under 51 years of age and therefore newly eligible for CRC screening. While
VC was covered by nearly all of the private insurance carriers in my sample dur-
ing this period, it was not covered by Medicaid or Medicare. 30% of the sample
therefore had insurance coverage only for OC, while the remainder had coverage
for both modalities. Over two-thirds of the sample is female, which is consistent
with women being 33 percent more likely to visit the doctor than men (Centers for
Disease Control and Prevention, 2001). Over two-thirds of visits correspond to pa-
tients with no comorbidities. The most common comorbidity is hypertension, the
rate of which is 20%. Depression and diabetes are the next most common comor-
bidities, each with a rate of 6%. There are 87 unique PCPs, about half of which
are female. Most PCPs specialize in internal medicine. Family medicine is the next
most common specialty. These PCPs work across 16 unique clinics.

Turning to summary statistics for my outcomes of interest, I see that 1.6% of
PCP visits for this sample result in screening within 9 months. There is no statisti-
cally significant difference in the overall screening rate between the periods preced-
ing and following the implementation of the EHR alerts. There is dramatic substi-

tution away from OC toward VC across the two periods: OC’s share of screenings
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falls from 84% in the baseline period to 58% after the alert’s implementation. 96%
of all screenings are completed by either OC or VC. For this reason, I focus on only
these two modalities and omit from our analyses screening by all other modalities,
including stool tests.

Healthcare quality with respect to the provision of preventive care is typically
measured by the share of patients who are up-to-date with screening. As mentioned,
this share was around 70% within the UW Health system during during this period,
which was a bit above the national average of 66% (Centers for Disease Control and
Prevention, 2021). These shares are markedly larger than the screening rate in table
1.3. One reason why the screening rate in this sample is so low is that I focus only
on patients who are already due for screening. Patients who remain continually up-
to-date with screening and never become due do not appear in my sample, and their
screenings do not figure into the rate shown in table 1.3.

Another reason why my screening rate is so much lower than the share of pa-
tients up-to-date with screening stems from the fact that the former measure is com-
puted at the visit level, whereas the latter is computed at the patient level. Also,
while a person who is screened for CRC is included in the share of patients up-to-
date with screening for up to ten years, patients who are screened in my sample
disappear after the visit during which screening was scheduled. There is therefore

persistence in the share of patients up-to-date with screening that is not exhibited
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by my screening rate measure. Additionally, note that only 0.5% of patients in my
sample have ever been screened before. This is consistent with the literature that has
examined longitudinal predictors of screening participation, which has found that
patients who have never participated in screening are less likely to be screened than
patients who have been screened before (Murphy et al., 2014; Green et al., 2017).
Finally, note that both my measure of previous screening as well as my measure of
screening rates only account for screenings that were or are performed within the
health system. The inclusion of patients who have been screened elsewhere and are
not in fact due for screening will bias downward my screening measures. Limiting
the sample to those who are currently managed by the health system helps mitigate

but may not completely prevent the inclusion of such patients.

1.4 Preliminary evidence

In this subsection, I present evidence that the EHR alert implemented at UW Health
primary care clinics in the spring of 2010 had an effect both on screening rates and
technology choice. In figure 1.1, I plot the share of screenings between 2007 and
2011 that are completed by VC and OC. I stratify these trends by whether the PCP
visit corresponding to the screening took place at a treated UW Health clinic, or
another clinic belonging to the Wisconsin Collaborative for Healthcare Quality, an

organization that collects data from and publishes performance reports on more than
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325 health systems and over 65% of PCPs in Wisconsin (Wisconsin Collaborative
for Healthcare Quality, 2021a). The vast majority of screenings prior to 2010 are
completed by OC, and there is no obvious trend in technology shares. At the time
of the EHR alert implementation in 2010, there is a dramatic increase in VC’s share
of screenings at UW Health clinics. There is no such change observable for other
WCHQ clinics.

I more rigorously estimate the impact of the alerts on the intensive and exten-
sive margins of the screening decision by estimating a probit model with sample
selection. This model accounts for the fact that I only observe the modality choices
of patients who participate in screening, and that patients who are unlikely to par-
ticipate in screening may make different modality choices than those who are likely
to participate. Let m;, be a binary indicator equalling one if patient i chooses to
schedule screening by VC during her appointment with PCP p in period ¢ and zero if
they choose screening by OC. The probit model of the screening technology choice

is given by

Mipe = (0t + Br, + 2, Y+ Np + €ipr > 0). (1)

T; are quarter fixed effects, where the quarter prior to the EHR alert implementation
is the reference category. zj; are time-varying patient characteristics including age

group, number of comorbidities, insurance type, sex, race, marital status, ACG
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score, and an indicator for whether the patient has ever been screened before. 7,
are PCP fixed effects, and € ~ N(0, 1).

Figure 1.1: Aggregate trends in screening technology shares
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The screening technology choice is only observed conditional on screening par-
ticipation. Let s;, be a binary indicator equalling one if patient i chooses to sched-
ule screening during her appointment with PCP p in period ¢ and zero otherwise.

The selection equation is given by
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Sipt = (@ + 8, + X, 7+ §p + @ip > 0). ()

Here, ), are physician fixed effects. @ ~ N(0, 1), and corr(€, w) = p.

x;; contains all of the characteristics included in z;, as well as two covariates
which have been shown to influence the screening participation decision but not the
technology choice decision. These covariates will act as instruments for selection
into screening. The first is an indicator for whether the patient is newly eligible for
screening; i.e. whether they are between 50 and 51 years of age. During the first
five years of eligibility, rates of screening initiation have been shown to be highest
in the first year of eligibility and to fall thereafter (Fedewa et al., 2017; Wernli
et al., 2014). This is likely a result of both CRC awareness campaigns highlighting
the age 50 eligibility threshold and of the fact that physicians can rightfully be
assume that any patient who is 50 years old has never been screened for CRC and
is therefore due for screening. The second is the patient’s Rural-Urban Commuting
Area (RUCA) code, which captures the degree of commuting done by residents of
each Census tract as well as the rurality of the tract. RUCA codes are therefore
a good measure of the transportation costs associated with screening completion,
which have been shown to be a major barrier to participation (Jones et al., 2010).

I estimate this model by maximum likelihood, clustering standard errors at the

clinic level. This design supports causal inference if there are sufficient observations
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to control for underlying trends in my outcomes of interest, and if there are no
concurrent events that may confound my estimation of the effect of the alert. I
will examine pre-trends below and know of no confounding events that took place
during my sample period. I do not employ the non-UW Health WCHQ clinics in
my analyses, as the rate of missing data is too high and the number of observations
too low to allow reliable estimation of the covariates of interest.

I plot the estimated quarters-since-alert fixed effects from equations 1 and 2
in the left and right hand panels of figure 1.2 respectively. Looking first at the
estimates for the screening participation selection equation, I see no evidence of a
pre-trend in screening rates in the quarters preceding the alert and a statistically sig-
nificant increase in screening rates in the year following its implementation. Screen-
ing rates are approximately 0.5 p.p (29%) higher in the post-alert period than they
were in the period before the alert’s implementation. This increase does not last,
screening rates seeming to return to their pre-alert level by the end of the sample

period.
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Figure 1.2: Quarters-since-EHR alert estimates from probit model with sample se-
lection
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Wald test of independent equations (p = 0): 3 ,= 1.9, p-value = 0.2

F test of joint insignificance of instruments: y = 250.1, p-value < 0.001

Notes: Black lines illustrate the estimated coefficents for the quarter-year fixed effects of a probit model
of screening technology choice with sample selection. 95% confidence intervals displayed as gray shadec
area. Lefthand panel shows estimates from selection equation for participating in screening. Righthand
panel shows estimates from the probit equation for choosing to be screened by VC conditional on

participating in CRC screening. Horizontal red lines at zero, and vertical red lines at quarter prior to
implementation of EHR alert.

Turning to the estimates for the screening technology choice model in the right
hand panel of figure 1.2, I see that there is little evidence of a pre-trend in VC
utilization in the quarters preceding the alert’s implementation. I also see that there
is a dramatic increase in VC utilization following the implementation of the EHR
alert, its share of screenings doubling from 12% to 24%. Estimation results for the
remainder of the covariates included in this model are presented in table 1.A1.

I estimate a correlation between the structural error terms of p = 0.3. The y? of
a Wald test of independent equations is 1.77, and I cannot reject the null hypothesis

that there is no correlation between these error terms. These results provide lim-
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ited evidence of selection into screening and help justify my forthcoming modeling
assumption that random components of the screening participation and modality
choice decisions are independent. A test for joint significance of the instruments
for selection into screening yields a %2 of 250 and strongly rejects the null hypoth-
esis that they have no effect on the screening decision.

Having presented evidence that the EHR alert had a causal effect on screening
rates and technology choice, I now turn to quantifying how much the validation of
VC contributed to the increase in screening rates. I do so by developing a model
of screening participation and technology choice that takes into account how the
technology choice decision influences the screening participation decision. Note
that while the nudge effect generates substitution away from non-participation to-
ward both OC and VC, the validation effect generates substitution away from both
non-participation and OC toward VC. This pattern alone allows us to estimate the
relative size of each effect without modeling the screening decision. However, this
reduced form approach will not allow us to say anything how improvements to the
screening choice set other than the validation of VC can be expected to impact
screening participation. For instance, if I find that the validation effect explains
little of the increase in screening rates, I will not be able to say whether this is be-
cause the validation did not constitute a meaningful improvement to the choice set

or because patients do not consider the attractiveness of available screening alter-
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natives when deciding whether to participate in screening. This would greatly limit
our understanding of how best to increase screening participation. The model that I
develop will allow us both to disentangle the nudge and validation effects and also
to say how future improvements in screening technologies are likely to affect the

extensive margin.

1.5 Model

I develop a two-level nested logit model of the screening participation and tech-
nology decisions. Patient i has a visit with her primary care doctor p in period ¢.
During this visit, the patient and her PCP jointly make the extensive margin deci-
sion as to whether to schedule colorectal cancer screening; i.e. they choose between
g = 0, 1. Conditional on choosing to participate in screening, they make the inten-
sive margin decision between two screening technologies: OC, indexed by j = 1,
and VC, indexed by j = 2.

The nesting tree and the indirect utilities associated with each terminal decision
are depicted in figure 1.3. The utility associated with each of the alternatives within

the treatment nest contains the term 9;,;, the empirical specification for which is

EX EX EX EX
5ipt = +X;IB +7T ]].POST;"‘CP .
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Here, x;; is a vector of time-varying patient characteristics including age group,
number of comorbidities, insurance type, sex, race, marital status, ACG score, an
indicator for whether the patient has ever been screened before, an indicator for
being newly eligible for screening, characteristics of the patient’s zip code, and the
RUCA code of the patient’s census tract. 1Post; is a binary indicator for whether

the EHR alert had been implemented. § fX are PCP fixed effects.

Figure 1.3: Nesting tree for model of screening choice
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Uipj 1s the portion of the indirect utility that is technology-specific. The empir-

ical specification of ;) j; is

0 if j=1
Uipjr =
ofN + 2, BN + TN 1 Post; + LN if j=2

zZ;j; is a vector of time-varying demographic variables and measures of the patient’s



29

comorbidity burden, and C;N are PCP fixed effects.

Turning now to the random components of the utilities, I assume that the timing
of the realization of these components is as follows: patient i observes €;,,,, makes
her screening participation decision, observes &g, and then makes her modality
choice decision. I assume that all random error terms &, and €, are inde-
pendently and identically type 1 extreme value distributed, the former with scale
parameter ué and the latter with scale parameter u/.> T assume that each patient
receives a new € draw at each visit. Let the parameter ¢ € [0, 1] be the correlation
between €;,11; and €;,12;, which is determined by the ratio of the scale parameters
ué and p/.

Conditional on choosing to participate in screening, patients decide which of
the available alternatives to be screened by. The bottom-level choice probability of

choosing to be screened by technology j conditional on g = 1 is

6 _ exp{lipji/(1 —0)}
ipjtlg=1 1 +eXP{Hipjt/(1 — G)}.

3)

Let I;,; be a measure of the expected aggregate utility or “inclusive value” of all

the alternatives in the screening nest:

The likelihood function of this model is equivalent to one in which all random elements of
utility are observed simultaneously, but in which g, follows a Cardell distribution. The choice
probabilities and parameters estimated under a model without sequential choice are therefore the
same as in the model presented here.
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Lipt = E[maX(uillt»”i121)]

~ tog| 1 + exp{pin/(1 - o)}].

The top-level choice probability for choosing to participate in screening is

Sipir = Pr [E[maX(uinz,uilzz)] > 8i0r]

_ exp{Sip + (1 — o)1 }
1 +exp{Gipr + (1 — 0) s}

while that for choosing not to participate in screening is

1
1+exp{ips + (1 —O)Lips}

Sip0r =

I assume that the number of alternatives in the screening nest remains constant
over the sample period. Note that the degree to which the utility associated with
an individual’s best screening alternative affects the screening participation deci-
sion depends on ¢. In the case where ¢ = 1, the modality decision is deterministic
and all observationally identical visits that result in screening also result in screen-

ing by the technology with the highest systematic utility. In this case, there is no
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utility premium from the screening technology choice. As ¢ approaches zero, the
expected value of the maximum of the two random error terms within the screen-
ing participation nest increases, and so does the magnitude of the inclusive value’s
effect on the extensive margin decision. These substitution patterns imply that the
effect of changes in the screening alternatives on the screening participation deci-

sion is decreasing in O 1.e.

(1-0)
(1 +exp(Sipje + (1= 0)lipr))?

asipOl
(’}Iipt

is decreasing in ©.

1.6 Identification & estimation

It is useful to consider what variation in the data allows us to identify t£%, 7V,

and o, the parameters that quantify the alert’s effect on the extensive and intensive
margins as well as the mechanisms by which the extensive margin effect is realized.

TE

X and 7!V are both coefficients on 1Post, the binary indicator for the EHR alert
being in place. t£X parameterizes 1Post in the empirical specification for the por-
tion of the systematic utility associated with participating in screening, d;,;, whereas

t!N parameterizes 1 Post on the technology-specific portion of the systematic utility,

Wipji- O is identified off of the correlation between the expected aggregate utility of
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participating in screening, /;;, and the likelihood of participating in screening. The
greater this correlation, the smaller the implied value of . This is consistent with
the intuition laid out in subsection 1.5 about how ¢ determines the extent to which
the modality choice decision impacts the participation decision.

7!V is identified off of variation in each technology’s share of screenings across
the pre- and post-alerts periods. The greater the substitution between the technolo-
gies across periods, the greater the magnitude of 7/V. I; ) 18 an increasing function
of /N If ©V is nonzero, then there will be variation in Iip across the pre- and post-
alerts periods conditional on all other covariates. t2% is identified off of whatever
variation in screening rates across periods remains after controlling for the inclusive
value given the estimated value of ©.

There are 110 parameters to estimate in the bottom level, and 117 to estimate
in the top level. Because the number of parameters to estimate is large, I estimate
the model by sequential maximum likelihood with some loss of efficiency relative
to estimating the full model in a single step. I bootstrap the standard errors of the
top level using 1,000 bootstrap replications. I do not restrict o € [0, 1], though an

estimated ¢ outside of this range is inconsistent with random utility theory.
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1.7 Results

The results of estimating the nested logit model presented in subsection 1.5 are
presented in table 1.5. The point estimate of ¢ is close to zero, which implies
that there is little correlation in the structural error terms on OC and VC. Stated
differently, this means that each modality does not compete any more with the other
than it does with the outside option. This estimate of ¢ also implies a large marginal

effect of the inclusive value on the extensive margin.
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Table 1.5: Estimation results for nested logit model

(1) (2)
Any Virtual
screen colonoscopy
M.E. M.E.

Coef. S.E. x100 Coef. S.E. x100
Inclusive value, (1 — o) 094 (0.21) 1.32
Post EHR alerts, T£X/t/N 0.10 (0.14) 0.15 1.16 (0.32) 15.20
Patient characteristics, B£X/B/N
Prior screening 276 (0.18) 391 140 (0.24) 18.33
Age [55, 60] -0.99 (0.12) -1.89 0.66 (0.20) 9.01
Age [60, 65] -1.03 (0.14) -194 052 (0.22) 6.89
Age [65, 70] -1.39 (0.18) -2.30 0.21 (0.39) 2.64
Age [70, 75] -2.56 (0.27) -293 071 (0.57) 9.63
One comorbidity -0.54 (0.12) -0.69 0.32 (0.22) 4.38
Two comorbidities -0.59 (0.21) -0.74 -0.61 (049 -7.20
Three or more comorbidities -1.66 (0.59) -142 1.73 (0.90) 26.42
Non-white -0.20 (0.12) -0.27 -0.32 (0.36) -3.98
Married 0.06 (0.08) 0.08 0.17 (0.18) 2.19
Private insurance 0.14 (0.16) 0.18 0.72 (0.40) 8.63
Female -2.38 (0.16) -4.80 137 (0.22) 19.97
ACG score -0.53 (0.13) -0.75 -0.01 (0.23) -0.18
Zip code fraction > H.S. 1.58 (1.17) 223 1.09 (2.56) 14.26
Zip code fraction in poverty 0.04 (0.41) 005 144 (0.86) 18.87
Newly eligible 1.28 (0.10)0 1.81
RUCA code 2 -0.01 (0.09) -0.02
RUCA code 3 0.05 (0.27) 0.07
RUCA code 4 0.13 (0.20) 0.19
Observations 93,602 1,448
Pseudo R? 0.24 0.30

Notes: Coefficients, standard errors, and marginal effects multiplied by 100 are presented in the
first, second, and third columns of each model. Screening participation model (1) estimated on full
sample. Technology choice model (2) estimated on the sample of visits that result in screening.
Omitted categories are age [50, 55], zero comorbidities, and RUCA code 1. Year, month, and
provider fixed effects are included but not shown. Standard errors in parentheses.

The effect of the EHR alert on the intensive margin is captured by the estimate



35

of 7!V in column 2. The implementation of the alert increases VC’s share of screen-
ings by 15%. This large intensive margin effect generates a sizable increase in the
inclusive value of the modality decision. I illustrate this increase in figure 1.4. I see
that there is meaningful within-period variation in the inclusive value, as well as
a rightward shift of the distribution following the implementation of the alert that
increases the within-period mean by 0.4. Given that my estimate of the marginal
effect of the inclusive value on the extensive margin is 1.32, the increase in the in-
clusive value generated by the alerts implies an increase in screening rates of 0.5
p-p-, which is consistent with my results from subsection 1.4. These results imply
that the entirety of the increase in screening rates generated by the alert was realized
through the alert’s validation of VC, and that the alert’s function as a nudge had little
to no impact on screening rates. These results do not take into account potentially
important heterogeneity across patients with respect to both the degree of substitu-
tion toward VC and changes in screening rates. Meaningful heterogeneity in either
of may change our conclusions regarding the source of increased participation, as I

will show in subsection 1.8.
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Figure 1.4: Within period distribution in inclusive value
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Turning to the estimates for the patient characteristics, I see that patients who
participated in screening prior to the beginning of the sample period are much more
likely to participate during the sample period and to be screened by VC. The like-
lihood of screening is decreasing monotonically with age and with the patient’s
number of comorbidities. There is no clear relationship between age or comorbid-
ity burden and modality choice. There is no evidence of a racial bias in screening
rates. Females are less likely to participate in screening, though they are more likely

to be screened by VC conditional on participation. Consistent with the discussion
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in subsection 1.4, newly eligible patients are more likely to participate in screening.

1.8 Heterogeneous effects

There are good reasons to expect meaningful heterogeneity in the effectiveness of
the alert across patients with different baseline screening propensities. The more
chronic conditions a patient has, the more concerns they likely have to discuss
with the physician during the primary care appointment. There is a sizable liter-
ature documenting the crowding out generated by these competing demands and
the behavior of PCPs under time constraints (Tai-Seale et al., 2007; Tai-Seale and
McGuire, 2012; Yarnall et al., 2003). In keeping with this literature, my results in
table 1.5 show that patients with more comorbidities are less likely to participate
in screening. These patients have greater potential to benefit (in terms of increased
CRC screening rates) from the alert’s function as a nudge and its prioritization of
CRC screening among their set of competing demands. Patients with lower base-
line screening propensities also have greater potential to benefit from the alert’s
validation of VC, as they likely have lower systematic utility for OC. These pa-
tients would see the largest increase in the inclusive value of screening as a result
of VC’s validation.

I examine how the effect of the alert varies across patients according to their

baseline screening propensities by modifying my nested logit model to allow the
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effect of the alerts on the extensive and intensive margins to vary across this di-
mension. I generate baseline screening propensities by estimating the nested logit
model outlined in subsection 1.5 on only the pre-alert data, omitting from my es-
timation 7% and 7/V. The estimation results for this model are presented in table
1.A2. The patients least likely to be screened in the baseline period are older, non-
white, and have multiple comorbidites. I generate predicted baseline probabilities
of participating in screening using these estimates and group observations based on
which quartile of the predicted baseline screening propensity they fall into. The
distribution of baseline screening propensities is illustrated in figure 1.A2. I then
estimate the nested logit model again on the full sample, interacting the post-alert
indicator with a separate indicator for each of the baseline propensity quartiles. In

particular, I modify the systematic utilities from subsection 1.5 to take the form

EX ! nEX EX EX
Sipr = @ +x;, B + tg. LPost; + §,

and

0 ifj=1
.uipjt =
alN +2[ BN + ’L'{,g’]lPost; +CIV i j=2

where Q € {1,2,3,4} denotes a quartile of the baseline propensity distribution.
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The grouping of patients according to baseline screening propensities is an ex-
ample of what Abadie et al. (2018) calls endogenous stratification. This type of dis-
aggregation has the potential to bias upwards the treatment effects of low propensity
individuals and bias downward the treatment effects of high propensity individu-
als. I correct for this bias by implementing the leave-one-out estimator proposed
in Abadie et al. (2018) when estimating the screening participation model on the
pre-alert data.

I present the estimation results for the nested logit model with heterogeneity in
table 1.6. The estimate of ¢ here is significantly higher than that estimated in the re-
sults without heterogeneity, implying a meaningful amount of correlation between
the random errors of the screening alternatives. I see that the alert’s function as
a nudge increased screening rates among the bottom three quartiles of the baseline
propensity distribution. There is no nudge effect for those most likely to be screened
in the baseline period. In column 2 of table 1.6, I see that the alert’s validation of
VC increased its share of screenings across the baseline propensity distribution.
Patients with the lowest likelihood of participating see the greatest increase in VC

utilization.
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Table 1.6: Estimation results for nested logit model with heterogeneity

(D )
Any Virtual
screen colonoscopy
M.E. M.E.
Coef. S.E. x100 Coef. S.E. x 100

Inclusive value, (1 — o) 0.37 (0.17) 0.46

Post EHR alerts, 75%/70Y
Q Q

15t quartile 2.16 (0.26) 0.39 2.10 (0.58) 34.62
2™ quartile 146 (0.22) 0.71 1.72 (0.46) 27.13
3 quartile 0.87 (0.17) 0.69 0.67 (0.41) 10.59
4th quartile -0.11 (0.14) -045 1.13 (0.33) 14.47
Observations 93,602 1,448
Pseudo R? 0.25 0.31

Notes: Screening participation model (1) estimated on full sample. Technology choice model (2)
estimated on the sample of visits that result in screening. Standard errors for screening participation
model (1) bootstrapped. Patient characteristics as well as year, month, and provider fixed effects are
included but not shown. Standard errors in parentheses.

Unlike the results without heterogeneity presented in subsection 1.7, the re-
sults with heterogeneity presented here indicate that there was potential for both
the nudge and the validation effects of the alerts to impact the extensive margin. It
is not clear from the estimates in table 1.6 alone how much each of these effects
contributes to the increase in screening rates. I can quantify each effect’s relative
contribution to changes on the extensive margin by sequentially shutting down each
effect and comparing the change in predicted screening rates at each step. In par-

ticular, I first compute screening rates setting the post-EHR alert indicator equal

to one on both the intensive and extensive margins across all visits. Under this
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regime, both functions of the alert are active. I then turn off the validation effect
of the nudge by setting the post-EHR alert indicator equal to zero on the intensive
margin; i.e. I set 7/ equal to zero. I compute the inclusive value and screening
rates under this counterfactual regime where the alert functioned only as a nudge.
Lastly, I set the post-EHR alert indicator equal to zero on both the intensive and
extensive margins, effectively shutting down both functions of the alert.

Figure 1.5: Contribution of nudge and signal channels to increase in screening rates
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Notes: Bars plot counterfactual screening probabilities. Leftmost bar within each group
computed by setting the post-EHR alert indicator equal to one across all visits on both
the intensive and extensive margins. Middle bar within each group computed by setting
the post-EHR alert indicator equal to one across all visits on the intensive margin, and
setting the indicator equal to zero across all visits on the extensive margin. Righmost
bar within each group computed by setting the post-EHR alert indicator to zero across
all visits on both the intensive and extensive margins. Groups correspond to baseline
propensity to screen quartiles.

The results of this exercise are illustrated in figure 1.5. Across all patients,

shutting down the validation effect is associated with a 0.09 p.p. (5%) decline in
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screening rates relative to the scenario in which both the nudge and validation ef-
fects are active. Shutting down the nudge effect results in an additional decrease of
0.36 p.p., an 18% fall relative to the scenario in which both effects are active. These
results imply that the nudge effect is the source of the majority of the increase in
screening rates across patients, accounting for 80% of the 0.45 p.p. increase that
the alert generated. This pattern holds for the bottom three quartiles of the base-
line propensity distribution, for which the nudge effect accounts for between 86%
and 96% of the total increase in screening rates generated by the alert. There is
no statistically significant nudge effect for the fourth quartile, and the increase in
the average of the inclusive value for members of the fourth quartile is not large
enough to generate a meaningful extensive margin effect. The alert’s only impact
on the fourth quartile is substitution of VC for OC. Note that this result is consis-
tent with our event study results from subsection 1.4, which showed the screening
rate returning to its original level by the end of the sample period but persistence in
increased utilization of VC.

I reject the model without heterogeneity, the results for which were presented
in subsection 1.7, in favor of the model with heterogeneity presented here. The 2
of a likelihood ratio test for the two models is 173, and the associated p-value is
< 0.001. In both models and across all groups, I find there is substantial substi-

tution away from OC toward VC, which is manifested in economically significant
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estimates of t/V. The increase in the overall utility of the screening choice set is
tied to the degree of substitution from OC to VC through 7/V. In the model without
heterogeneity, the average increase in screening rates is pulled down by the fourth
quartile of the baseline propensity distribution. This limits the amount of variation
in screening rates across periods that remains after controlling for the increase in the
inclusive value. The specification with heterogeneity allows the size of the nudge
effect to capture the remaining variation within quartiles, which is nonzero for the

bottom three.

1.9 Conclusion

In this paper, I look at the impact of an EHR alert for colorectal cancer screen-
ing. The alert I study is novel in the sense that it not only reminded physicians to
screen their patients but also provided the first official validation of a new screening
modality, virtual colonoscopy. This paper has three main findings. The first is that
the alert accelerated the adoption of VC, more than doubling its utilization. This
result suggests that whether a technology has been officially sanctioned is a salient
product characteristic for decision makers in healthcare settings and that such de-
cision makers are responsive to new information about a technology’s validation
status.

Second, I find that the EHR alert reduced disparities in CRC screening, yielding
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the greatest benefit to older, non-white patients with multiple comorbidities who
were the least likely to be screened in the baseline period. The alert’s effect as a
nudge is greater among these patients, which is consistent with their having more
competing demands to address during primary care visits and more to gain from
the prioritization of screening. The validation effect is also greater among these
patients, which is consistent with their having a lower systematic utility for OC.
These findings highlights the importance of designing interventions that address the
multiple reasons why patients do not participate in preventive care and the potential
of such interventions to reduce health inequities.

Finally, I find that the alert’s function as a nudge did more to increase screening
rates than its validation of VC. After accounting for heterogeneous effects, I find
that substitution between VC and OC is significantly greater than substitution be-
tween either modality and the outside option, implying that marginal improvements
in screening technologies do not have a great impact on the extensive margin. The
importance of the nudge effect is consistent with many explanations for why pa-
tients do not participate in screening, of which competing demands and a lack of
awareness of preventive care guidelines are just two. If competing demands is the
most important barrier to screening participation, then this raises the question of
what other types of care are crowded out when the EHR alert prioritizes screen-

ing, as well as doubts as to whether this intervention was welfare enhancing. If a
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lack of awareness of preventive care guidelines is the major barrier, then this calls
into question why the alert was not more effective at increasing screening rates and
highlights the gap between guideline awareness and adherence recently explored
in (Abaluck et al., 2020). Overall, these findings suggest that a widely available
health information technology can be used to increase participation in preventive
care among the millions of adults who may be missing the chance to find colon

cancer early when treatment works best.



1.10 Appendix

Table 1.A1: Estimation results for probit model with sample selection

(1) (2)
Any Virtual

Screen colonoscopy
Prior screening 1.70 (0.08) 1.14 (0.26)
Age [55, 60] -0.32 (0.03) 0.20 (0.15)
Age [60, 65] -0.37 (0.03) 0.14 (0.17)
Age [65, 70] -0.54 (0.05) -0.07 (0.25)
Age [70, 75] -0.94 (0.07) 0.09 (0.38)
Private insurance 0.08 (0.04) 043 (0.21)
Female -0.81 (0.03) 0.53 (0.22)
Comorbidities: 1 -0.19 (0.03) 0.16 (0.12)
Comorbidities: 2 -0.29 (0.07) -0.38 (0.28)
Comorbidities: 3 -0.39 (0.13) 0.82 (0.57)
Non-white -0.11 (0.05) -0.16 (0.20)
Married 0.03 (0.02) 0.11 (0.09)
ACG score -0.22 (0.04) -0.06 (0.12)
Zip code fraction > H.S. 1.00 (0.51) 0098 (1.35)
Zip code fraction in poverty 0.20 (0.15) 0.87 (0.44)
Newly eligible 0.59 (0.03)
RUCA Code: 2 -0.01 (0.03)
RUCA Code: 3 0.05 (0.12)
RUCA Code: 4 0.07 (0.07)
Constant -2.83 (0.51) -3.76 (1.40)
p 0.31 (0.23)
Observations 93,602

Notes: Omitted categories are age [50, 55], zero comorbidities, and RUCA
code 1. Quarters-since-EHR alert implementation and provider fixed ef-
fects are included but not shown. Standard errors in parentheses.
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Table 1.A2: Estimation results for nested logit model using pre-alert data

(1 (2)
Any Virtual
screen colonoscopy
M.E. M.E.

Coef. S.E. x100 Coef. S.E. x100
Inclusive value, (1 — o) 0.66 (1.82) 0.87
Patient characteristics, BZX/BN
Prior screening 299 (0.50) 395 1.15 (0.31) 13.62
Age [55, 60] -1.03 (0.12) -1.99
Age [60, 65] -1.00 (0.12) -1.96
Age [65, 70] -2.22 (0.29) -2.90
Age [70, 75] -3.62 (045) -3.23
Age > 65 0.68 (0.71) 9.98
One comorbidity -0.32 (0.13) -041 -0.15 (0.33) -1.75
Two comorbidities -0.83 (0.30) -0.87
Three or more comorbidities -2.03 (0.75) -1.43
Two or more comorbidities 0.38 (0.60) 5.07
Non-white -041 (0.20) -047 0.20 (0.48) 2.57
Married 0.28 (0.13) 0.35 0.33 (0.30) 3.63
Private insurance 0.14 (0.30) 0.17 098 (0.78) 8.69
Female -2.84 (0.13) -4.51 0.21 (0.33) 2.64
ACG score -0.60 (0.14) -0.79 0.16 (0.34) 1.88
Zip code fraction > H.S. -0.04 (1.64) -0.06 -131 (3.22) -15.56
Zip code fraction in poverty 054 (0.62) 072 122 (1.15) 14.46
Newly eligible 143 (0.11) 1.89
RUCA code 2 0.08 (0.12) 0.10
RUCA code 3 0.30 (0.37) 0.44
RUCA code 4 -0.40 (0.28) -0.45
PCP characteristics, BZX/B™Y
Female -0.03 (0.27) -0.32
Family Medicine specialty 0.10 (0.23) 1.15
Observations 49,175 736
Pseudo R? 0.32 0.04

Notes: Coefficients, standard errors, and marginal effects multiplied by 100 are presented in the
first, second, and third column of model. Screening participation model (1) estimated on sample of
visits that took place prior to implementation of alert. Technology choice model (2) estimated on
the sample of visits that result in screening and took place prior to alert. Omitted categories are age
[50, 65], zero comorbidities, and RUCA code 1. Year and month fixed effects are included but not
shown. Provider fixed effects included in model (1). Standard errors in parentheses.



48

Table 1.A3: Estimation results for nested logit model with heterogeneity cont.

(1 2)
Any screen Virtual colonoscopy
Prior screening 3.31 (0.20) 4.13 1.50 (0.25) 19.48
Age [55, 60] -1.04 (0.10) -1.79 0.59 (0.20) 8.02
Age [60, 65] -1.11 (0.12) -1.86 0.43 (0.23) 5.73
Age [65, 70] -1.68 (0.15) -232 0.00 (0.41) 0.06
Age [70, 75] -3.21 (0.24) -2.85 0.21 (0.61) 2.72
Comorbidities: 1 -0.55 (0.10) -0.62 030 (0.21) 4.12
Comorbidities: 2 -0.84 (0.19) -0.85 -0.78 (0.50) -8.90
Comorbidities: 3 -1.75 (042) -130 1.45 (0.96) 21.79
Non-white -0.31 (0.12) -0.35 -0.40 (0.37) -4.95
Married 0.12 (0.07) 0.15 0.20 (0.18) 2.61
Private 0.29 (0.14) 0.33 0.83 (0.42) 9.72
Female -2.66 (0.15) -4.39 129 (0.25) 18.49
ACG score -0.65 (0.11) -0.81 -0.08 (0.23) -1.06

Zip code fraction >= H.S. 1.65 (1.18) 2.07 1.05 (2.56) 13.58
Zip code fraction in poverty 0.39 (0.35) 0.50 1.55 (0.87) 20.04

Newly eligible 1.39 (0.10) 1.73
RUCA Code: 2 0.01 (0.08) 0.00
RUCA Code: 3 0.08 (0.27) 0.10
RUCA Code: 4 0.05 (0.20) 0.06
Observations 93,602 1,448
Pseudo R? 0.25 0.31

Notes: Screening participation model (1) estimated on full sample. Technology choice model (2)
estimated on the sample of visits that result in screening. Year, month, and provider fixed effects are
included but not shown. Standard errors in parentheses.
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Figure 1.A1: General and academic interest in “virtual colonoscopy”
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Figure 1.A2: Distribution of predicted baseline propensities to participate in CRC
screening
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2 The Impact of a National Formulary Expansion on

Diabetics

2.1 Introduction

Prescription drug formularies are an element of health insurance plan design that
determine coverage and coinsurance rates for medications. Formularies are an im-
portant mechanism for healthcare cost containment that can increase the bargaining
power of insurance companies in their negotiations with pharmaceutical manufac-
turers over the price of prescription drugs. The complexity of insurance plan de-
sign in settings such as the U.S. healthcare market and insurers’ discretion over
the elements of that design make it difficult to assess how changes in prescription
drug coverage impact consumers. Evaluating changes in formulary design when
such changes are endogenous choices of the insurer usually requires a structural
approach, as well as information on all other plan characteristics. While expanded
coverage might increase prescription drug costs, spillovers from drug to non-drug
spending raise the possibility that adding drugs to a formulary might decrease
healthcare costs overall. For instance, Tamblyn et al. (2001) show that the rate
of adverse health outcomes and emergency room visits increase among poor and
elderly individuals following an increase in cost sharing for essential prescription

drugs. Understanding how formulary design impacts healthcare costs and utiliza-
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tion is of great concern to countries like Canada, Mexico, Japan, Colombia, and the
U.S. where prescription drug spending comprises more than 10% of total health-
care costs (OECD, 2020). Also of keen interest is how insurers’ ability to respond
to exogenous changes in formulary design impacts enrollees.

In this paper, we examine the impact of an exogenous expansion of Colombia’s
national prescription drug formulary at the end of 2011. The national formulary in
Colombia is designed by the government and determines the set of covered med-
ications and their level of cost sharing for all insurers. The formulary is part of a
wider benefits package that covers inpatient and outpatient care and which private
health insurers are obliged to offer to all of their enrollees. An estimated 96.6% of
Colombians are covered by the nation’s universal healthcare system (OECD, 2015).
The government regulates premiums and cost sharing, but service and drug prices
are determined through bilateral bargaining between insurers and pharmaceutical
companies. The government also regulates drug prices by setting price ceilings
according to the degree of competition in each drug class. Before 2012, the formu-
lary covered 673 medications. At the end of 2011, it was expanded to include 736
medications as part of a broader healthcare reform which unified the income-based
insurance plans. We describe the Colombian healthcare system and this reform in
more detail in section 2.2.

Regulation of cost sharing and coverage schedules in Colombia alleviates the
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endogeneity of formulary design and allows us to isolate the impact of the formu-
lary’s expansion. We are able to separate the effect of the formulary expansion from
the effect of plans’ unification by focusing on a particular type of drug and its users,
namely, insulin and diabetics. The formulary expansion affected all enrollees to the
healthcare system, but focusing on expanded coverage of insulin - which is taken
exclusively by diabetics - allows us to build a control group from the non-diabetic
population. Since there is no generic insulin,' our focus also allows us to examine
the impact of an increase in branded drug competition on healthcare utilization and
costs. This is in contrast to the bulk of literature examining drug pricing and entry,
which has focused on the effects of generic drug entry (Tenn and Wendling, 2014;
Regan, 2008; Reiffen and Ward, 2005; Scott Morton, 2005). Diabetes is an increas-
ingly prevalent chronic condition in many countries, especially the United States,
where over 1 in 10 individuals had diabetes in 2018 and the total direct estimated
costs of diagnosed diabetes increased from $188 billion in 2012 to $237 billion in
2017 (CDC, 2020). Research on how formulary design affects the costs associated
with diabetes is therefore of particular interest to policymakers.

We use a difference-in-differences approach to identify the causal effect of the

expanded coverage of insulin. The treatment group is comprised of individuals with

Because insulins are biologically based rather than molecularly based, they are too complicated
to replicate exactly. Insulins that are relatively close substitutes for one another are called biosimi-
lars.
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type I diabetes and the control group is constructed by exactly matching diabetics to
non-diabetics based on demographics, comorbidity profiles, and insurance carrier.
Using granular claims data, we are able to analyze the impact of expanded insulin
coverage on the utilization and cost of several types of healthcare. We find that
annual consumption of insulin increased by 2 claims (28%) among type I diabetics
as a result of expanded insulin coverage. Because we do not observe out-of-pocket
insulin purchases, we cannot quantify how much of the observed increase in insulin
consumption is attributable to moral hazard, and how much is the mechanical result
of out-of-pocket payments becoming covered claims. Substitution toward newly
covered, relatively more expensive insulins increases insulin costs by over half a
million Colombian pesos or 17% of baseline total healthcare costs for type I diabet-
ics. At the same time, outpatient care and non-insulin prescription drug utilization
as well as hospitalization rates for type I diabetics all decline as a result of expanded
coverage of insulin. We look for evidence of two mechanisms which might generate
this increase in insulin and decline in non-drug spending: spillovers and rationing
of care. The spillovers hypothesis posits that increased drug spending can result
in lower non-drug costs as patients are matched to their optimal prescription and
their health status is improved. Empirical evidence on spillovers include Lavetti
and Simon (2018) who find that Medicare Advantage plans capitalize on spillovers

once open enrollment has closed by lowering coinsurance rates for drugs that are
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associated with lower non-drug spending. Tamblyn et al. (2001) show that reduc-
tions in the utilization of essential drugs result in increased rates of adverse health
events in elderly individuals and welfare recipients. In our setting, increased access
to insulin, an essential drug for type I diabetics, has the potential to decrease the use
of non-drug treatment of adverse health events among this population.

The rationing of care hypothesis posits that in the short run, insurers respond to
increases in prescription coverage and costs by limiting the amount of discretionary
care that newly more costly patients receive. In the long run, this rationing can
result in lower enrollment from these more costly individuals, acting as a mech-

anism for selection.?

The main contribution of this paper is providing evidence
consistent with insurers engaging in rationing of care in response to changing se-
lection incentives in a setting where they have no control over premiums or cost
sharing. Risk selection through premium setting is well studied (Akerlof, 1970;
Handel et al., 2015; Hackmann et al., 2015). There is also an impressive litera-
ture examining how insurers alter plan design in response to regulatory changes
and risk selection incentives in government coordinated health insurance markets.

Andersen (2017) finds that in the United States, insurers respond to drug cover-

age requirements under the Affordable Care Act (ACA) by placing both marginal

2If rationing care is a well-known phenomenon, we might worry about rationing generating
disenrollment in the short run as well. The best way to account for that correlation would be to
focus on the subsample of patients that are continuously enrolled. Unfortunately we have no data on
enrollment spell lengths for our analysis period.



55

and inframarginal drugs on higher formulary tiers, or subjecting them to utilization
management. Geruso et al. (2019) also find that insurers in the ACA Exchanges
increase cost sharing and utilize non-price barriers, such as prior authorization for
drugs, for patients who are predictably unprofitable conditional on risk adjustment.
Whether insurers in tightly regulated health insurance markets like Colombia’s are
able to respond to changes in risk selection incentives is still an outstanding empir-
ical question. We show that in a setting where plan design is heavily regulated and
risk adjustment is coarse, selection is still possible through rationing of care. We
devise tests to show that spillovers from drug to non-drug spending are unlikely to
be the source of cost savings, and provide evidence that these cost reductions stem
from the targeted rationing of discretionary outpatient healthcare.

Our paper is also related to the literature studying the effects of prescription drug
coverage and insulin consumption on diabetics’ healthcare utilization and costs. In
recent work, Américo and Rocha (2020) evaluate the impact of a policy imple-
mented in Brazil that made subsidized pharmaceutical drugs available at retail phar-
macies, focusing on the spillover effects of the policy. They find that the increase
in cost sharing for and availability of prescription drugs reduced the hospitaliza-
tion rate of diabetics by 3.6 percent. This paper complements Américo and Rocha
(2020) by examining how a different element of formulary design — the extensive

margin decision of whether a drug is covered at all — impacts healthcare utilization
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by type I diabetics. In testing for rationing of care as a response to changing selec-
tion incentives, this paper is also related to the literature on rationing of healthcare,
the vast majority of which is both theoretical and specific to the use of waiting time
as a tool for engaging in general rather than targeted rationing (Cullis and Propper,
2000; Fabbri and Monfardini, 2009). We draw on insights from Ellis and McGuire
(2007) and Frank et al. (2000) to examine how utilization of discretionary and non-
discretionary types of healthcare decline for type I diabetics as a result of expanded
insulin coverage. Consistent with the rationing hypothesis, we show that utilization
of lab tests, which are a type of diagnostic and preventive care that is predictably
used by type I diabetics, declines across the board.

This paper both provides anecdotal evidence of the mechanisms by which ra-
tioning is achieved, and quantifies insurers’ success at achieving rationing targeted
at a perfectly observable, newly unprofitable set of enrollees. Quantifying the de-
gree to which the formulary expansion increased access to essential drugs and re-
duced access to discretionary care among the population of type I diabetics pro-
vides valuable insights into the efficacy of health insurance market regulations and

the welfare impacts of expanding prescription drug coverage.
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2.2 Background

2.3 Colombia’s universal health insurance system & formulary
expansion

Colombia’s universal health insurance system was established in 1993 with Law
100. All individuals are divided into one of the two regimes - the Contributory
Regime (CR) and the Subsidized Regime (SR) - that make up the health insurance
system. The CR covers individuals above a monthly income threshold. The 51%
of the population eligible to join the CR contribute 12% of their monthly income to
the system. The remaining 49% of the population below the income threshold are
part of the SR. Before 2012, the national plan offered by the CR covered different
services, procedures and medications than that offered by the SR. At the beginning
of that year the plans’ benefits were equalized. Individuals choose from amongst
a set of private insurers with which to enroll and access the national plan. To de-
liver the services covered under the national plan, insurers contract with healthcare
providers to create a network. Out-of-network claims are not covered. The sample
of enrollees used in our analysis belong only to the CR.

The cost sharing rules in the CR are determined by the government and indexed
to the enrollee’s monthly income. For individuals earning less than two times the

monthly minimum wage (MMW), the coinsurance rate is 11.5% of the price of the
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health claim, the copay is 11.7% of the daily minimum wage, and the maximum
out-of-pocket expenditure in a year equals 57.5% of the MMW. For those whose
monthly income is between 2 and 5 times the MMW, the coinsurance rate is 17.3%
of the health claim price, the copay is 46.1% of the daily minimum wage, and the
maximum out-of-pocket expenditure in a year equals 230% of the MMW. Finally,
for enrollees whose income exceeds 5 times the MMW, the coinsurance rate equals
23%, the copay is 121.5% of the daily minimum wage, and the maximum out-
of-pocket expenditure in a year is 460% of the MMW. There are no deductibles
in the Colombian system, so copays and coinsurance rates always apply. These
cost sharing percentages have remained fixed since the establishment of Colombia’s
healthcare system and their absolute levels only vary with changes in the minimum
wage. Individuals are required to report their income monthly so that their plan can
apply the appropriate cost sharing rules to them.

Insurers are not allowed to charge premiums through the national plan. In-
stead, they are reimbursed by the government every year with capitated payments
that are risk adjusted for age, sex, and location. Transfers for year ¢ are approxi-
mately calculated as the present value of the average healthcare cost of a given risk
pool using the data of all claims reimbursed by insurers during year r — 2. The capi-
tated payments replace premiums, so that other than the monthly contribution to the

CR, enrollment in the national insurance plan is free. The strict regulation of cost
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sharing and benefits means that insurers compete in terms of quality and provider
networks (Giedion and Uribe, 2009). As in the US, insurers and providers bargain
freely over the price of health services, devices, and medications. Private insurers
are also allowed to offer complementary insurance plans, for which they can deter-
mine cost sharing rules and premiums. However, consumers can only access these
complementary packages once they are enrolled in the national plan. The data used
in this paper are the cross sections of health claims made by all enrollees to the CR
through the national insurance plan in 2011 and 2013.

At the end of 2011, the Colombian Ministry of Health implemented a reform
that unified the contributory and subsidized systems’ insurance plans and expanded
the national prescription drug formulary by 63 drugs.’ Most drug inclusions were
for treatment of mental health conditions (all of which were previously uncovered),
insulin, antibiotics, and chemotherapy. The wider benefits package was also ex-
panded to cover complex procedures like open breast biopsy, laparoscopy ovary
cystectomy, and colored doppler echocardiogram. Although there have been stud-
ies that measure the overall impact of the unification of the CR and SR (Riascos
and Camelo, 2014), there is less work on the impact of the formulary expansion.
The exogeneity of variables that in other countries would be chosen by the insurer

allows us to isolate the impact of the fomulary expansion on healthcare costs and

3Established in decree 029 of 2011.
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utilization. This is relevant not only for Colombia, where the formulary continues
to be modified, but also for countries where the scope and role of national health
insurance continues to be debated.

While many of the tools that insurers in other settings use to engage in risk se-
lection are not available to insurers in the CR, there is still scope for insurers to
target healthier enrollees through “illicit formularies,” whereby insurers deny the
provision of or payment for certain medical services or medicines. It is perhaps in
part because of these illicit formularies that, since the establishment of its universal
health system, Colombia has become the most litigious country in Latin America
with respect to lawsuits concerning the refusal of treatments, exams, and pharma-
ceuticals by insurers. In 2013, 115,147 of such lawsuits were filed in Colombia
(Lamprea and Garcia, 2016). We provide anecdotal and empirical evidence of the

use of illicit formularies in section 2.8.

2.4 Diabetes & insulin

Insulin is a hormone produced by the pancreas that allows glucose from food to
enter a person’s cells and controls their blood sugar. A person has diabetes if they do
not produce enough insulin or their body does not use insulin well. Type I diabetics
produce no insulin, and must take insulin every day in order to stay alive. Type 11

diabetics produce some insulin, but less as the disease progresses. Type II diabetics
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can control their blood sugar with diet and exercise or oral medications such as
metformin, but others will require insulin (FDA, 2020). In the short run, failure to
control blood sugar can result in hypoglycemia. In the long run, uncontrolled blood
sugar can result in kidney disease, heart disease, nerve damage, and several other
adverse health outcomes (NIH, 2020).

Prior to its expansion in 2012, two types of insulin were covered by the Colom-
bian formulary: regular and NPH.* Regular insulin is a type of bolus insulin. Bolus
insulins are fast-acting, taking effect and wearing off more quickly. Bolus insulin is
usually taken shortly before mealtimes to provide immediate blood sugar control.
NPH belongs to the class of basal insulins, which are longer-lasting and provide
blood sugar control throughout the day. These two types of insulin can be con-
sumed together to better manage the disease. With the expansion of the formulary
in 2012, the number of insulins covered increased from two to seven, providing
more options for patients to exploit the complementarities between types of insulin.
The five newly added insulins included three additional bolus insulins and two addi-
tional basal insulins.’ The characteristics of these insulin types are summarized in
table 2.1. Differentiation in the characteristics of insulin including onset time, peak
time, and duration generate the potential for increased insulin coverage to allow

diabetics to be better matched to an insulin regimen and generate spillovers. Note

4ATC codes A1I0ABO1 and A10ACO1, respectively.
SATC codes A10ABOS, A10AB06, A10AB04, A1I0AEOS, and A10AE04.
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that the average price of newly added insulins is anywhere from 5 to 12 times the
price of NPH or regular insulin in 2013. This means that even modest amounts of

substitution towards the newly added insulins can generate large increases in costs.



Table 2.1: Types of insulin

Avg. Avg.
price price
Insulin type (brand name) Onset Peak Duration 2011 2013
Bolus (preprandial or mealtime) insulins
Rapid-acting insulin analogues
Insulin aspart (NovoRapid®) 9-20 min  1-1.5 hr 3-5hr
Faster-acting insulin aspart (Fiasp®) 4min  05-1.5hr 3-5hr — 192
Insulin glulisine (Apidra®) 10-15min  1-1.5hr  3.5-5hr — 86.2
Insulin lispro (Humalog®) 10-15min ~ 1-2 hr 3-475hr — 81.6
Short-acting insulins
Insulin regular (Humulin®-R, Novolin®ge) 30 min 2-3 hr 6.5 hr
Insulin regular (Entuzity®(U-500)) 15min  4-8hr  17-24hr 334 156

Basal Insulins

Intermediate-acting
Insulin NPH (Humulin®-N, Novolin®ge NPH)  1-3 hr 5-8hr Uptol18hr 145 15.5

Long-lasting insulin

Insulin detemir (Lemevir®) 16-24 hr —  146.3
Insulin glargine U-100 (Lantus®) 90 min N/A 24 hr
Insulin glargine U-300 (Toujeo®) ~30h — 1821

Notes: Adapted from Canadian Journal of Diabetes, 2018-04-01, Volume 42, Pages S314-S314. Continuously covered insulins are regular and
NPH. The rest of insulins in the table were added to the formulary by the end of 2011. Prices are in thousands of Colombian pesos.

€9
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2.5 Data

We use two samples of cross sectional health claims data from the CR from 2011
and 2013, which are one year pre- and post-policy respectively. For every enrollee,
we observe basic demographic characteristics including sex, age, and municipal-
ity of residence. For every claim, we observe date of provision, service provided,
service price, contract under which the claim is reimbursed, insurer, provider, and
associated ICD-10 diagnosis code. Since patients must remain enrolled with their
choice of insurer for at least a year, we do not observe patients switching insurers
during either cross-section of our data.

We obtain each enrollee’s set of diagnoses by grouping ICD-10 codes according
to Alfonso et al. (2013) into the following conditions: genetic anomalies, arthri-
tis, arthrosis, asthma, autoimmune disease, cancer, cardiovascular disease, type I
diabetes, long-term pulmonary disease, renal disease, HIV-AIDS, transplant, tu-
berculosis, and epilepsy. Note that because diagnoses are defined using claims, our
definition does not include individuals who have a diagnosis but who do not file any
claims associated with its treatment. We believe that there is limited scope for this
type of measurement error for the aforementioned diagnoses, which are chronic
conditions that require treatment. For other diagnoses, such as type II diabetes,
which can be treated with or without the use of prescription drugs, measurement

error of this type is likely. Age is categorized into the following groups used by
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the government for the risk adjustment formula: 19-44, 45-54, 55-59, 60-64, 65-
69, 70-74, 75+. We do not observe each enrollee’s monthly income, but rather an
aggregate income measure that is collinear with combinations of sex, age group,
and municipality, so we cannot separately identify the impact of differences in cost
sharing across income groups on healthcare utilization. We collapse the claims level
data to the patient-year level and build measures of utilization and cost by summing
across each patient’s claims within a year.

We define treatment in a year as having been diagnosed with type I diabetes
at any moment during that year and being at least 19 years old. We exclude type
IT diabetics from our analyses, as their decision to use medication to manage their
diabetes determines whether we observe a diabetes diagnosis through their claims.
In some cases, Type II diabetes can be managed with diet and exercise alone, with-
out the use of any medication (CDC, 2021). The formulary expansion may have
impacted this extensive margin decision of whether to use medication both by ex-
panding the insulin choice set and through its impact on the price of insulin. This
implies that treatment for type Il diabetics is not exogenous conditional on observ-
ables, which is a requirement of the differences-in-differences approach we employ.
We determine which patients are diabetic using the ICD-10 diagnoses that accom-
pany their claims, so treated units who did not make a health claim are unobserved.

We expect the number of unobserved treated individuals to be close to zero since
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type I diabetics can be expected to make at least one claim in a year associated with
diabetes management.

We use exact matching to create a control group that is similar to the treatment
group of type I diabetics in terms of comorbidities (with the exception of diabetes),
sex, age, insurer, and municipality. This choice of control group implies that the
effect being estimated is that of the element of the formulary expansion that is rel-
evant only to type I diabetics, namely expanded coverage of insulins. Using exact
matching to create the comparison group has three advantages. First, the compar-
ison group will resemble the treatment group, and will therefore be expected to
respond to shocks in a similar way. This is important, since both the treatment
and control groups were subject to universal elements of the healthcare reform in
the post-policy period, including the plan unification. Second, by matching treated
units in the pre-policy to those in the post-policy period and then matching treated
units to controls separately for each year, we achieve common support on the distri-
bution of the covariates across all four cells. This will keep us from making infer-
ences about outcomes for treated individuals we don’t observe in the data. Third,
common support also allows us to relax the assumption that the effect of the policy

is homogeneous across individuals.



Table 2.2: Balance table of type I diabetics and exactly-matched
control units

Control Treated

Demographics
Male (%) 43.08 43.18
Age, mean (sd) 62.99 (12.81) 63.02 (12.81)
Diagnoses (%)
Arthrosis 2.28 2.32
Cardiovascular disease 73.61 73.43
Long term pulmonary disease 4.52 4.66
Renal disease 14.83 15.24
Insurer (%)
A 1.78 1.79
B 7.75 7.74
C 1.81 1.81
D 4.18 4.18
E 5.66 5.61
F 9.78 9.75
G 1.73 1.74
H 12.60 12.62
I 12.69 12.73
J 7.08 7.05
K 0.04 0.04
L 0.00 0.00
M 0.31 0.31
Type of municipality (%)

Metropolitan 73.47 73.05
Normal 26.35 26.75
Special 0.19 0.20
N 2,333,213 97,210

Notes: This table shows some summary statistics of treated and control units
after 1 —to — n exact matching on age, sex, comorbidities, type of munici-
pality, and insurer. Summary statistics for control units are weighted by the
inverse number of controls matched to each diabetic.

67
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We perform one-to-many matching of diabetics to non-diabetics. Table 2.2
presents summary statistics of the demographic characteristics and diagnoses of
the treatment and control groups. Statistics for control units are weighted by the
inverse number of controls matched to each diabetic. 43% of our sample is male,
and the average individual is 63 years old. The most common comorbidities are
cardiovascular disease which is present in 73% of patients and renal disease which
is present in 15% of patients. More than 12% of individuals are enrolled to each of
insurers H and 1. 73% of diabetics live in urban or metropolitan municipalities. The
matched sample consists of 97,210 type I diabetics and 2,333,213 exactly matched

controls.
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Table 2.3: Utilization and cost for type I diabetics and exact match counterparts

Control Treated

2011 2013 2011 2013
Claims
All claims 48.5 (46.9) 50.8 (50.1) 100.6 (71.3) 101.3(75.6)
Outpatient claims 222 (27.2) 20.7(1259) 39.8(41.2) 342@37.7)
Inpatient claims 3.0(11.1) 3.3(11.4) 7.9 (21.0) 8.0 (20.5)
Prescription claims 23.4(24.7) 26.8(29.9) 52.9(35.7) 59.0 (44.6)
Insulin claims 0.0 (0.4) 0.0 (0.4) 7.3(4.9) 9.3(5.9)
Procedure claims 10.8 (14.2) 10.8 (16.7) 20.8(21.2) 18.1(21.8)
Imaging claims 1.4 (2.4) 1.5(2.5) 1.9 (3.2) 1.9 (3.2)
Lab claims 10.0 (16.1) 10.0(15.6) 23.5(28.7) 21.7(26.5)
Office/consultation claims 7.3 (5.8) 7.1(5.8) 10.6 (7.3) 104 (7.4)
Essential drugs claims 3.4(5.5) 3.4(6.1) 6.2 (7.2) 6.6 (8.3)
Costs (Million COP)
All costs 1.80 (6.44) 1.68(6.12) 3.44(8.50) 3.84(8.22)
Outpatient costs 0.92 3.21) 0.77(2.49) 1.50(3.86) 1.38(3.42)
Inpatient costs 0.67 (4.21) 0.59(3.79) 1.37(5.45) 1.26(5.10)
Prescription costs 0.21 (1.80) 0.31(2.68) 0.57(1.96) 1.21(2.72)
Insulin costs 0.00 (0.01) 0.00(0.03) 0.14(0.30) 0.64 (0.99)
Procedure costs 0.57(2.60) 046(1.97) 094 (3.09) 0.79 2.77)
Imaging costs 0.12 (0.34) 0.12(0.36) 0.18 (0.43) 0.19(0.55)
Lab costs 0.12 (0.29) 0.13(0.31) 0.30(0.48) 0.30(0.52)
Office/consultation costs  0.15 (0.23) 0.14 (0.25) 0.22 (0.21)  0.29 (0.51)
Essential drugs costs 0.04 (0.29) 0.05(0.70) 0.09(0.44) 0.11(0.51)
Observations 1,065,674 1,267,539 41,911 55,299

Note: This table presents summary statistics of outcomes measures after 1-to-n exact matching on age,
sex, comorbidites, type of municipality, and insurer. Summary statistics for control units are weighted
by the inverse number of controls matched to each diabetic.

Table 2.3 summarizes healthcare utilization and costs respectively for each group

in the pre- and post-policy periods. Outcomes for control units are weighted as they

were in table 2.2. We define outpatient claims as those associated with a hospital

length-of-stay (LOS) less than 1 day and inpatient claims as being associated with a
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LOS of at least 1 day. Our measure of insulin consumption is the number of insulin
claims. Almost all of these claims are for a concentration of 100 UL/ml. As a san-
ity check, in table 2.3 we note that while the average diabetic has 7.3 insulin claims
in the pre-policy and 9.3 in the post-policy period, non-diabetics have virtually no
insulin claims before or after the formulary expansion. We see that diabetics have a
significantly higher number of claims for outpatient care, lab tests, and office visits
than non-diabetics. Diabetics are also costlier than their matched counterparts both

before and after the expansion as seen in the second panel of table 2.3.

2.6 Methodology

To estimate the impact of the formulary expansion on outcomes for type I diabet-
ics, we employ a differences-in-differences identification strategy and a generalized

linear modeling approach, summarized by the estimating equation:

G(Ely:]) = 05+TD1'*P;+5D1~+}/P,+x§[3. (1)

Here, y;; 1s the outcome for patient i in year ¢; D; is an indicator variable for patient
i being a type I diabetic; P is an indicator variable for year ¢ following the formu-
lary expansion; and x; is a vector of demographic characteristics including sex, age

group, comorbidity dummies, insurer dummies, and municipality dummies. The
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coefficient of interest is 7, which provides an estimate of the average treatment ef-
fect on the treated. G in equation 1 is the link function of the generalized linear
model. For each of our outcomes, we specify a link function G and a distribution
function F such that y ~ F. We assume that y follows a negative binomial dis-
tribution for specifications with counts of healthcare claims as outcomes and that y
follows a gamma distribution for specifications using healthcare costs as outcomes.®
Basu et al. (2004) show that the gamma regression model performs better than OLS
on log transformed cost data. Alternatively, we could use a generalized beta distri-
bution to choose nested distributions for each healthcare type as described in Jones
et al. (2014), but we employ gamma regressions for clarity of exposition. For all
specifications, we employ a log link function.

We use as outcomes six categories of healthcare claims and costs: all insulin,
continuously covered insulin, outpatient, inpatient, prescriptions, and total. In the
case of inpatient outcomes, which are zero for 75% of patient-years, we model y
as the outcome of a two-part process. First, we model the probability that a patient
i1s admitted to the hospital. Then, conditional on admission, we model either the

number of inpatient claims made during the hospital stay or inpatient costs. We

assume y follows a Bernoulli distribution in the first part of the model,” followed

SFor all specifications with counts of claims as the outcome, we provide an estimate of the log-
transformed overdispersion parameter, Inc. Likelihood ratio tests that o equals zero strongly reject
the Poisson model in favor of the negative binomial across all specifications.

7In the two-part model for inpatient claims, we employ a logit link rather than log link in the first
stage.
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by a truncated negative binomial distribution in the second part of the model for in-
patient claims, and a truncated gamma distribution in the second part of the model
for inpatient costs. Insulin utilization and costs are subtracted from total and pre-
scription utilization and costs respectively so that any declines from spillovers or
rationing are not muted by increases in insulin consumption.

Our identifying assumptions are that the formulary expansion affected all in-
surance companies and enrollees so there is no selection into the policy, and that
our definition of treatment as being type I diabetic is exogenous conditional on all
other comorbidities and demographics. Because we use one-to-many matching, we
weight our regressions using the weighting scheme described in lacus et al. (2011b).

In the case of insulin, we note that outcomes for the control group of non-
diabetics are mechanically zero across both periods. So, we estimate the effects on
insulin outcomes using an interrupted-time-series identification strategy, estimating

the following equation on the subsample of type I diabetics:

G(Elyi]) = o + TP, + X, 3. 2)

Here, we assume total insulin utilization follows a truncated negative binomial dis-
tribution, truncated at zero, since for type I diabetics insulin consumption is strictly
positive.

In equation (2), T represents the average treatment effect on the treated. This



73

effect is causal because the formulary expansion is exogenously determined and
because, to our knowledge, there were no other interventions in the health system
during this period. Additionally, because we implement exact matching of type
I diabetics across the pre- and post-policy periods, our results are not biased by
changes in type I diabetics’ enrollment patterns across time. While exact matching
across years controls for changes in enrollment, our results might still be biased
if insurers’ networks are changing over time in a way that affects their ability to
provide care to diabetics. In appendix table 2.A1, we show that the average number
of reimbursed providers across municipalities does not change between 2011 and
2013 for the vast majority of insurers. It is therefore unlikely that insurers’ ability
to provide diabetes care through their network over time biases our estimate of
expanded insulin coverage.

We provide evidence of parallel trends in pre-treatment outcomes for treated
and control units in appendix 2.12. We see no pre-trend in total claims, outpa-
tient claims, or prescription claims. There are no statistically significant differences
in the total costs of type I diabetics and control units in the 9 months preceding
the expansion. There is an uptake in inpatient admissions in the quarter prior to
the formulary expansion, but no trend prior to this. We do not present the event
study estimates as our main results as many of the kinds of healthcare we consider

are not received on a quarterly basis, and measuring them so frequently results
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in an overwhelming number of zeros. We therefore proceed by implementing the

differences-in-differences framework laid out above.

2.7 Results

In table 2.4, we present the results of equations (1) and (2) using as dependent
variable the annual utilization for various types of drug and non-drug healthcare
utilization. Results are presented as average marginal effects. We turn first to the
effect of expanded insulin coverage on insulin consumption by type I diabetics, the
relevant outcomes for which are given in columns 1 and 2. These specifications are
estimated on the subsample of type I diabetics, since for control units this outcome
is by definition zero in both periods. Note that because our measure of insulin uti-
lization is constructed using claims, our outcome does not capture out-of-pocket
purchases of insulins not covered by the national formulary. If type I diabetics con-
sumed uncovered insulins in the pre-policy period, then after the formulary expan-
sion, these out-of-pocket purchases would become claims and generate an increase
in insulin utilization as a result of the policy, even though insulin consumption pat-
terns would not have changed. Column 1 shows that type I diabetics made 2 (28%)
more insulin claims per year with the expansion. Column 2 shows that consumption
of regular insulin and insulin NPH declined by 2 claims (27%). The positive impact

of expanded insulin coverage on insulin consumption and the substitution it gener-
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ated away from continuously covered insulins toward the newly covered insulins
suggests that it was potentially welfare enhancing for diabetics who were newly
able to consume a more optimal insulin regimen. These results are also consis-
tent with the story of spillovers from drug to non-drug spending, which we explore

further in section 2.8.



Table 2.4: Impact of expanded insulin coverage on healthcare utilization

(1) @) (3) @) 5) (©)
Continuously o
All covered All Prescriptions
insulin insulin (net insulin) Outpatient Inpatient (net insulin)
Diabetic x policy -2 .82k -1.91%**  -0.04*** (0.81*** -1.30***
(0.26) 0.11D) (0.00) (0.15) (0.18)
Diabetic 34.77%** 12.91%**  0.13*** 5.04*** 20.34%**
(0.20) (0.08) (0.00) 0.11) 0.19)
Policy 2.04%** -2.04%** 0.90*** -2.26%*  0.00%**  -0.64*** 2.65%**
(0.04) (0.03) (0.05) (0.02) (0.00) (0.04) (0.04)
Zero-
truncated
negative Negative Negative  Negative Negative  Negative
Model binomial  binomial binomial binomial Logit binomial binomial
Inox Sl L -0.37%** -0.59%** -0.59%** -(0.22%** 0.04%**
(0.01) (0.01) (0.00) (0.00) (0.00) (0.00)
Observations 97210 97210 2430423 2430423 2430423 2430423

Notes: Cells contain average marginal effects (standard errors). Equation (2) estimated on sample of type I diabetics in
columns 1 and 2. Equation (1) estimated on sample of type I diabetics and their exactly matched controls in columns 3-6.

All models control for sex, age, comorbidities, municipality, and insurance carrier. Robust standard errors in parentheses. *
p <0.05, ** p<0.01, *** p < 0.001

9L
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In column 3, we see that expanded insulin coverage decreased total non-insulin
healthcare utilization by type I diabetics by 2.8 claims. This decline in overall
utilization is driven by reductions in outpatient and non-insulin prescription drug
utilization as well as a fall in hospitalization rates. Outpatient utilization by type I
diabetics declined by 1.9 claims, while non-insulin prescription drug utilization fell
by 1.3 claims. The estimates of the two part model for inpatient utilization show that
the hospitalization rate for type I diabetics decreased by 3.6 percentage points from
a baseline rate of 24.9 as a result of the expanded coverage of insulin. Conditional
on a hospitalization, inpatient utilization increased by 0.8 claims. These changes in
the rate of hospitalizations and the number inpatient claims incurred conditional on

admission together imply an overall decline in inpatient care utilization.



Table 2.5: Impact of expanded insulin coverage on healthcare costs

ey 2) 3) 4) &) (6)
Continuously o
All covered All Prescriptions
insulin insulin (net insulin) Outpatient Inpatient (net insulin)
Diabetic x policy 0.04 0.05***  -0.04*** 0.37*** -0.06***
(0.03) (0.01) (0.00)  (0.10) (0.01)
Diabetic 1.22%%* 0.45***  0.13***  (0.84*** 0.25%**
(0.03) (0.01) (0.00)  (0.07) (0.01)
Policy 0.58*** -0.06*** -0.14%** -0.14%**  0.00*** -0.22%** 0.12%**
(0.01) (0.00) (0.02) (0.01) (0.00)  (0.03) (0.01)
Model Gamma  Gamma Gamma Gamma  Logit Gamma  Gamma
Observations 97210 97210 2430423 2430423 2430423 2430423

Notes: Cells contain average marginal effects (standard errors). Equation (2) estimated on sample of type I diabetics in columns
1 and 2. Equation (1) estimated on sample of type I diabetics and their exactly matched controls in columns 3-6. All models
control for sex, age, comorbidities, municipality, and insurance carrier. Robust standard errors in parentheses. * p < 0.05, **

p <0.01, *** p <0.001

8L
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Table 2.5 presents the results of equations (1) and (2) using costs for the same
healthcare categories considered in table 2.4. Column 1 shows that the total cost
of insulin consumption among type I diabetics increased by 0.58 million COP, a
more than threefold increase relative to baseline insulin costs. There is no statisti-
cally significant effect of expanded insulin coverage on overall costs net of insulin.
While expanded coverage of insulin decreased outpatient utilization, it increased
outpatient costs. We plot the trends in average service prices in figure 2.1 to clarify
how changes in utilization and service prices are separately affected by the expan-
sion. We see that outpatient service prices increased with the formulary expansion,
offsetting the reduction in costs generated from decreased utilization. Because the
government’s risk adjustment formula controls for only sex, age category, and type
of municipality, all of which are covariates in our regressions, the estimated increase
in insulin costs directly translates into changes in insurers’ profits from coverage of
type I diabetics, potentially altering baseline risk selection incentives. In the follow-
ing section, we look for evidence that insurers respond to these changes in selection
incentives by rationing discretionary care for type I diabetics and test competing

hypotheses.
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Figure 2.1: Average service price time trends for broad healthcare types
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2.8 Mechanisms

In this section, we test for spillovers from drug to non-drug spending and provide
evidence of insurers’ rationing of discretionary healthcare provided to type I dia-
betics. Our tests will examine how proxies for the health status of diabetics and
utilization of both discretionary and non-discretionary types of healthcare change
with the increased availability of insulin. A theoretical framework of how drug
availability impacts the relative effects of spillovers and rationing in the insurers’

profit function can be found in appendix 2.13.
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2.9 Testing for spillovers

Spillovers from drug to non-drug spending are generated when patients with spe-
cific diagnoses take up a drug that has the potential to prevent serious adverse health
events. Because some of the diabetics in our sample change their choice of insulin
following the expansion of insulin coverage, as seen in table 2.4, there is the po-
tential for such spillovers. Our first test uses the subsample of diabetics to estimate
equation (2) using logistic regression. We use as outcome variables indicators for
being diagnosed with a complication associated with type I diabetes. We use only
the subsample of treated units in these specifications as these diagnoses only apply
to type I diabetics by definition and so will mechanically be zero for all non-treated
units. The effect of the expanded coverage of insulin on complications from type I
diabetes estimated by equation (2) is therefore identified using time series variation
in the rate of such diagnoses and can be interpreted as causal for the same reasons
laid out in section 2.6. We estimate the effect of expanded coverage on the rates
of kidney complications; neurological complications; circulatory complications;
other specified complications including diabetic arthropathy, skin complications,
oral complications, hypoglycemia, and hyperglycemia; and unspecified complica-
tions due to diabetes.®

The results of estimating these specifications are presented in table 2.6. Results

8ICD10 codes used to create these indicators are E10.2, E10.4, E10.5, E10.6, and E10.8 respec-
tively. Rates of ketoacidosis and ophthalmic complications are not sufficient for estimation.
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are presented as average marginal effects times 100. The rates of all complications
from diabetes rise as a result of the formulary expansion. We do not employ a
balanced panel, so these results are not a mechanical byproduct of the accumula-
tion of chronic conditions over time. Assuming that the rate of complications from
diabetes is reflective of the patient’s underlying health status, these results in gen-
eral suggest that health status does not improve with the formulary expansion and
constitute evidence against spillovers being the primary mechanism generating the

reduction in non-drug care and costs observed in section 2.7.



Table 2.6: Impact of formulary expansion on rate of complications from diabetes

(1) (2) 3) “) )
Kidney Neurological ~ Circulatory  Other specified  Unspecified
complications complications complications complications complications

Policy 1.49*** 1.29*** 0.64*** 0.72** 1.88***
(0.18) (0.13) (0.13) (0.22) (0.24)
Model Logistic Logistic Logistic Logistic Logistic
Pseudo R? 0.09 0.05 0.06 0.03 0.04
Observations 96753 96091 96557 96902 97022

Notes: Cells contain average marginal effects*100 (standard errors). Logistic regression estimation of equation (2) with
binary indicator for diagnosis as dependent variable, on the sample of type I diabetics. All models control for sex, age,
comorbidities, municipality, and insurance carrier. Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, ***
p < 0.001

€8
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We perform another test for spillover effects which leverages the fact that diabet-
ics who only ever consume continuously covered insulins have no scope for more
optimal matching to a newly covered insulin and thus no scope for a subsequently
improved health status. We construct a subsample of our data which includes only
diabetics whose choice of insulin does not change as a result of the policy. If this
subsample experiences declines in healthcare utilization and costs at least as large
as those estimated for the full sample, then we will interpret this as evidence against
the spillovers hypothesis. We create a sample of type I diabetics that have zero con-
sumption of newly added insulins and for whom the amount of regular and NPH
insulin consumed did not change. We use coarsened exact matching (CEM) as
in Iacus et al. (2011a) to match diabetics in 2011 and diabetics in 2013 based on
demographics, diagnoses, and their level of regular and NPH insulin claims, and
estimate equation (2) using the resulting subsample. We also weight our regres-
sions according to the weighting scheme outlined in Iacus et al. (2011a). 58% of all
type I diabetics satisfied the sample selection criteria of having no change in insulin
consumption and having an exact match counterpart. This test does not make use
of control units, and exploits time-series variation in utilization by type I diabet-
ics. Appendix table 2.A2 shows the characteristics of type I diabetics stratified by
whether they are matched by CEM. Type I diabetics whose insulin consumption

does not change and who are matched by CEM have similar demographic profiles
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as those who are not matched, but have lower rates of all comorbidities and are

more likely to live in more rural areas.



Table 2.7: Impact of expanded insulin coverage on healthcare utilization for subsample of
type I diabetics with no change in insulin consumption

ey 2) 3) 4) &)
All Prescriptions
Insulin  (net insulin) Outpatient Inpatient (net insulin)
Policy 0.05 -9.27*** -10.17***  -0.07***  2.06*** 1.45%**
(0.05) (0.63) (0.28) (0.00) (0.49) (0.34)
Zero-
truncated
negative Negative Negative Negative Negative
Model binomial  binomial binomial Logit  binomial binomial
Ino -1.41%% -1.24%** -0.99*** -0.26*** -0.94%**
(0.01) (0.01) (0.01) (0.01) (0.01)
Observations 56537 56537 56537 56536 56537

Notes: Cells contain average marginal effects (standard errors). Equation (2) estimated on the sample of type I
diabetics who have zero consumption of newly added insulins and similar consumption of continuously covered
insulins before and after the formulary expansion. All models control for sex, age, comorbidities, municipality,
and insurance carrier. Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001

98
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The results for our second spillovers test are presented in table 2.7. The esti-
mates for the policy coefficient T capture the causal effect of the formulary expan-
sion as a whole on utilization for this subsample of type I diabetics. As a sanity
check of our matching strategy, we note that there is no statistically or economi-
cally significant change in insulin consumption as seen in column 1. We use our
estimates from tables 2.4 and 2.7 to compute the average marginal effects of the
formulary expansion on utilization for all type I diabetics and for the subsample
of type I diabetics with no change in insulin consumption. These marginal effects
are presented in table 2.8. With the exception of insulin consumption, the effect
of the formulary expansion on healthcare utilization in each of the samples are all
of the same sign. The formulary expansion’s effect on type I diabetics whose in-
sulin consumption does not change is in fact greater than for those whose insulin
consumption does change.

Given that changing one’s insulin prescription requires an appointment with a
primary care physician, it is likely that diabetics who do not alter their insulin con-
sumption in response to the formulary expansion have less contact with the health-
care system overall compared to their counterparts who consume the newly cov-
ered insulins. Selection of this kind could explain the lower rates of comorbidities
among matched diabetics observed in appendix table 2.A2. While we might ex-

pect a lower baseline level of non-drug utilization for this subsample, its limited
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scope for spillovers indicates that we would also expect a decline in non-drug uti-
lization smaller in magnitude than the one estimated for the full sample. Instead,
we find that the reduction in non-drug healthcare utilization for this subsample is
larger than that estimated for the full analysis sample. We now turn to exploring
a second mechanism - namely, rationing of care - that might explain the change in
drug and non-drug consumption patterns that we observe as result of the formulary

expansion.



Table 2.8: Impact of formulary expansion on healthcare utilization of all type I diabetics and those with no

change in insulin consumption
(1) (2) (3) 4) (5)
All Prescriptions
Insulin (net insulin) ~ Outpatient  Hospitalizations (net insulin)
o 1.99 -3.53 -7.05 -0.04 2.71
All type I diabetics (1.92,2.06) (-4.36,-2.71) (-7.46,-6.64) (-0.05,-0.04) (2.18,3.25)
0.05 -9.27 -10.17 -0.07 1.45
-(0.08,-0.07) (0.78,2.12)

Type I diabetics with no
change in insulin consumption (-0.04, 0.14) (-10.5,-8.04) (-10.72, -9.62)

Notes: Cells contain average marginal effects (95% confidence intervals). Marginal effects of formulary expansion on type I

diabetics computed using the estimates in tables 2.4 and 2.7 respectively.

68
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2.10 Evidence of rationing

By making type I diabetics relatively more expensive than other enrollees with
similar comorbidity profiles, the formulary expansion incentivized insurers to se-
lectively avoid enrollment from type I diabetics by decreasing the quality of care
offered to them. One way to do this is through rationing. Insurers in Colombia
can ration care by limiting the provider network or provider choices made available
to their enrollees, by requiring authorization for provision of certain services or
procedures, or by steering physicians away from recommending certain treatments.
Anecdotal evidence in local newspapers and magazines shows that healthcare ra-
tioning is a prevailing strategy used by insurers to contain costs. In 2014, Semana
magazine conducted an investigation that revealed some of the most popular cost
containment mechanisms used by insurers: notifying doctors periodically about
the expenditures they generate, putting caps on per-patient spending, and denying
requests by primary care physicians to refer patients to a specialist or provide ex-

pensive diagnostic services. Their investigation noted,

“Although primary care physicians already have limited access to ex-
pensive diagnostic services like CT scans or MRIs, insurers also restrict
the use of basic clinical services. In this email, the insurance company
states that physicians need to start filing a formulary every time they

request a Thyroid Stimulating Hormone (TSH) test for their patients.
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After evaluating every request, the insurer will notify physicians they

believe are overprescribing this lab test.”

In 2009, El Colombiano magazine published,

“In a study conducted by the National University of Colombia, findings
show that out of 458 people who visited their healthcare provider, 17%
were denied a medical evaluation. Of those who were evaluated by
the doctor, 24.9% were denied laboratory tests and 45% were denied
other types of treatment including medications, surgeries, and medical

equipment.”

Our test for rationing of care is premised on the assumption that insurers will
ration discretionary diagnostic services rather than essential healthcare. We con-
struct three measures of discretionary healthcare services - claims for imaging, lab
tests, and office visits - as well as a measure of utilization of essential drugs as
defined in Tamblyn et al. (2001). The authors define essential drugs as those that
“prevent deterioration in health or prolong life and would not likely be prescribed in
the absence of a definitive diagnosis.” Examples of essential drugs include insulin,
inhaled steroids, and beta blockers. We do not include in our measure of essential
drug utilization drug classes that were expanded as part of the policy. The full list

of essential drugs as well as those that are included in our measure can be found
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in table 2.A4 in the appendix. We employ the same differences-in-differences em-
pirical specification as in equation (1) to estimate the impact of the formulary on

diagnostic outpatient care and essential drug use.

Table 2.9: Impact of expanded insulin coverage on outpatient & essen-
tial drug utilization

(1) 2) 3) “4)

Office vists/  Essential
Imaging Labs consultations  drugs

Diabetic x policy -0.09***  -(0.94%** 0.11%* 0.28%**
(0.07) (0.08) (0.03) (0.04)

Diabetic 0.45%**  9.43%** 2.68%** 277
(0.01) (0.06) (0.03) (0.03)

Policy 0.05***  -0.09*** -0.18*** -0.40***
(0.00) (0.02) (0.01) (0.01)

Negative Negative Negative Negative

Model binomial binomial binomial binomial
Ino 0.32%**  0.27*** -0.99*** 1.09%**
(0.00) (0.00) (0.00) (0.00)

Observations 2430423 2430423 2430423 2430423

Notes: Cells contain average marginal effects (standard errors). Equation (1) es-
timated on the sample of type-I diabetics and their exactly matched controls. All
models control for sex, age, comorbidities, municipality, and insurance carrier. Ro-
bust standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001

The results of estimating these specifications are presented in table 2.9. Lab tests
see the largest decline in annual utilization as a result of the expanded coverage of
insulins, falling by 0.9 claims. Both imaging and office visits see statistically but not
economically significant effects on utilization. Essential drug utilization increases

by 0.3 claims as a result of the expansion. That essential drug utilization rises
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while use of lab tests falls is consistent with a story of rationing of care in which
insurers under-provide healthcare that is diagnostic and preventive in nature, but do

not ration drugs which are necessary to avoid adverse health outcomes.

Table 2.10: Impact of expanded coverage of insulin on utilization of labs and office visits

(1) @) 3) @) 5)
Blood sugar Cholesterol Tryglicerides Creatinine AlC
labs labs labs labs tests

Diabetic x policy  -0.26*** -0.08*** -0.05%** -0.09***  -0.06***
0.0 (0.01) (0.01) (0.01) (0.00)

Diabetic 1.75%** 1.01%** 0.81%*** 0.87%** 0.54%**
0.01) (0.01) (0.01) (0.01) (0.00)

Policy 0.06%** -0.05%** -0.02%** -0.03%** 0.06***
(0.00) (0.00) (0.00) (0.00) (0.00)

Negative Negative Negative Negative  Negative

Model binomial binomial binomial binomial binomial
Ino -0.52%** -0.28%** -0.21%** -0.60%**  -0.24***
(0.03) (0.01) (0.0 (0.01) (0.02)

Observations 2430423 2430423 2430423 2430423 2430423

Notes: Cells contain average marginal effects (standard errors). Equation (1) estimated on the sample
of type-I diabetics and their exactly matched controls. All models control for sex, age, comorbidities,

municipality, and insurance carrier. Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, ***
p <0.001

Having presented evidence that reductions in non-drug spending stem primarily
from reductions in discretionary services and in particular from lab tests, we now
zoom in and examine which types lab tests are subject to rationing. We decompose

lab tests into blood sugar, cholesterol, triglycerides, and creatinine lab tests, which
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together comprise more than two-thirds of all lab tests. The difference-in-difference
coefficients displayed in table 2.10 show significant reductions in all types of lab-
oratory tests. The largest effect is observed for blood sugar lab tests, which fall by
0.26 claims for type I diabetics. The results presented in tables 2.9 and 2.10 also
hold for the subsample of diabetics who exhibit no change in insulin consumption
as seen in appendix tables 2.A5 and 2.A6.

The rationing of routine lab tests like those included in table 2.10 is consistent
with weakened adherence to guidelines for diabetes management, which recom-
mend lab testing at regular intervals. For example, the U.S. Department of Health
and Human Services and the Centers for Disease Control both recommend annual
cholesterol and kidney disease testing for diabetics, blood glucose testing every 3
months, and biannual A1C tests (CDC, 2019; National Institute of Diabetes and
Digestive and Kidney Diseases, 2016). That these types of lab tests are a routine
part of diabetes management is reflected in the fact that type I diabetics in 2011 re-
ceived over twice as many lab tests as their exactly matched counterparts, a greater
differential than any other type of outpatient care. In figure 2.2, we present effect of
the expanded coverage of insulin on the share of type I diabetics that are up to date
with lab testing. We see that expanded coverage has a small negative effect on the
share of type I diabetics that are up to date with blood sugar, cholesterol, and A1C

testing. Ellis and McGuire (2007) also find that lab tests are a relatively predictable
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type of healthcare and that they are at higher risk of underprovision by insurers.
Rationing of these lab tests reduces costs in the short run. In the long run, it may
disincentivize the enrollment of diabetics and delay the diagnosis and treatment of

comorbidities.

Figure 2.2: Predicted utilization of common laboratory tests by diabetics for years
before and after formulary expansion
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Notes: Plotted are the 95% confidence intervals of the marginal effects of the formulary expansion.
Marginal effects are computed using estimates from specifications of equation (1) using binary in-
dicators for being up to date with lab testing as outcome variables. Patients are up to date with
cholesterol and kidney disease testing if they receive at least one lab test annually, blood glucose
testing if they receive at least four tests annually, and A1C testing if they receive at least two tests
annually.
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2.11 Conclusion

In this paper, we measure the impact of expanded insulin coverage on type I dia-
betics in Colombia. We find that the expansion raises the relative cost of providing
health insurance to type I diabetics by increasing the utilization of relatively more
expensive types of insulin. Insurers respond to this decreased profitability of type I
diabetics mostly by rationing discretionary outpatient care, including lab tests. This
targeted rationing in part offsets the more than tripling of insulin costs. The ability
to ration care to an identifiable subset of enrollees allows insurers in this market to
respond to changes in selection incentives despite having no control over premiumes,
coinsurance rates, or co-pays. Our results are generalizable to other health systems
where public health insurance is provided by private plans whose reimbursements
are risk adjusted. This includes the ACA Marketplaces, Medicare Advantage, and
Medicare Part D in the U.S. Despite the fact that the risk adjustment schemes in
these systems take into account diagnostic and clinical information that makes them
more robust than the scheme employed in the Colombian system, there is still ev-
idence of adverse selection in these settings (Juhnke et al., 2016; Newhouse et al.,
2013; Montz et al., 2016). Our results indicate that limiting insurers’ ability to risk
select through premiums and plan design does not keep them from responding to
changing selection incentives. Carriers instead respond by rationing the amount of

care provided to less profitable enrollees, reducing quality and encouraging disen-
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rollment.

We focus on how the expansion of insulin coverage affects the profitability and
quality of care received by type I diabetics. We do so because the exclusivity of
insulin to diabetics facilitates identification of the causal effect of expanded insulin
coverage on healthcare utilization and costs. Our findings, however, are not ex-
clusive to Diabetics and insulin. If insurers can use prediction methods to identify
patients who are likely to become less profitable conditional on risk adjustment, we
show that they can ration care according to these predictions.

There are several limitations to our study. While our granular claims data al-
lows us to identify the narrow types of discretionary care that insurers ration, our
short time frame does not allow us to observe any effects of the policy that may
take longer to manifest, such as changes in enrollment patterns and health status.
While our focus on type I diabetics has some advantages, we cannot construct a
control group for outcomes that are specific to this group. The results presented
here suggest that insurers respond to changes in selection incentives with the tools
available to them, no matter how unrefined they may be, and that careful considera-
tion must be given to policy changes altering the profitability of identifiable groups

of enrollees.
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2.12 Appendix: Parallel trends

We test the parallel trends assumption of the differences-in-differences methodol-
ogy presented in section 2.6 by conducting an event study for our primary outcomes:
total claims, total cost, outpatient claims, prescription claims, and inpatient admis-
sions. Let 7;; be the number of quarters since enrollee i was treated by the expanded

coverage insulins, and let 7;; be normalized to -1 for control units. We estimate

G(Elyi]) = o+ Bz, + 6D; + 0 + xip 3)

where y;; is the outcome for patient i in year ¢; D; is an indicator variable for pa-
tient i being a type I diabetic; 71, are month-year fixed effects; and x; is a vector
of demographic characteristics including sex, age group, comorbidity dummies, in-
surer dummies, and type of municipality dummies. As in the main analyses, we
assume that y follows a negative binomial distribution for the total claims, outpa-
tient claims, and prescription claims specifications; follows a Bernoulli distribution
for the inpatient admission specification; and follows a gamma distribution for the
total cost specification. We employ a log link throughout except in the case of in-
patient admissions for which we employ a logit link. We plot the ﬁfs in figure 2.A1

below.
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Figure 2.A1: Plot of quarters-since-expansion fixed effects from event study regres-
sions
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2.13 Appendix: Theoretical framework

Let a denote a measure of availability of prescription drugs, d the probability of ra-
tioning, TCP drug-related costs, TCY non-drug costs, R per patient reimbursement,

and Q total demand. An insurer’s profits are given by:

n(a,d) = (R—TCP(a,d) —TC"(a,d))Q(a,d) 4)

20 20 orcP orcP orcM
Assume > 0, < 0, > 0, < 0, o < 0, so that demand for

an insurance carrier is increasing in the availability of drugs and decreasing in
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the probability of rationing. Both types of costs are also decreasing in the prob-
ability of rationing. If there are spillovers from drug to non-drug spending then

aTa—i < 0, otherwise the partial derivative is non-negative. For simplicity assume

27D 27 M . J . .
aaaLaCd = aaar—acd = 0. The availability of drugs is exogenous and determined by the

government, while the probability of rationing is a choice variable to the insurer.

The insurer’s problem is to maximize profits choosing d, the FOC given by:

om/dd = (R—TCP(a,d)—TCM (a,d))0Q/dd — (0TCP /od +oTCM /0d)Q =0 (5)

We check whether the profit function is supermodular in (a,d) by taking the

derivative of the FOC with respect to a as seen in the equation below:

0*n/0add = (R—TCP(a,d) —TCM(a,d))d*Q/dadd — (0TCP Jda+ oTCM /0a)0Q/dd

—(0TCP/od + 0TCM /0d)0Q/da (6)

If there are no spillovers from drug to non-drug spending, 0TCM /da > 0 and
7 is supermodular in (a,d). In this case, exogenous increases in the availability of
drugs, as the one generated by the formulary expansion, increases the probability
of rationing. In the polar case where spillovers are present and large in magnitude,
7 is submodular in (a,d). Intuitively, if spillovers are large then insurers need not

engage in rationing to achieve cost savings following an increase in the availability
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of drugs. For moderate levels of spillovers from drug to non-drug spending, there

is scope for a positive relation between a and d.

2.14 Appendix tables

Table 2.A1: Balance table of insurer’s net-
work size across markets

Insurer 2011 2013 p-value
A 117 (145) 88.0(119)  0.37
B 145 (144) 221 (165)  0.10
C 40 (38) 17 (15) ;0.01
D 74 (74) 41 (60) 0.10
E 7 (14) 20 (36) 0.12
F 188 (191) 215(187)  0.76
G 11 (13) 16 (39) 0.82
H 140 (42) 54 (16) ;0.01
I 375 (268) 365(237) 0091
J 143 (222) 134 (231)  0.82
K 56 (106) 66 (109) 0.82
L 18 (30) 7(11) 0.03
M 158 (108) 132 (89) 0.34

Notes: Cells contain the average and standard devi-
ation in parenthesis of the number of unique reim-
bursed providers for each insurer in the pre- and post-
policy periods. P-values for comparison of network
sizes across periods are computed using Wilcoxon
rank-sum test for continuous variables and Pearson’s
chi-squared test for categorical and binary variables.



Table 2.A2: Balance table of type I diabetics by whether they are matched

in CEM
Not matched Matched

by CEM by CEM p-value
Demographics
Male (%) 43.11 43.22 0.74
Age, mean (sd) 62.72 (13.10) 63.23 (12.59) ;0.001
Diagnoses (%)
Arthrosis 3.74 1.29 ;0.001
Cardiovascular disease 73.85 73.13 0.012
Long term pulmonary disease 6.50 3.33 ;0.001
Renal disease 19.26 12.34 ;0.001
Insurer (%) ;0.001
A 2.13 1.54
B 8.66 7.08
C 4.24 0.07
D 4.58 3.89
E 5.63 5.59
F 8.95 10.33
G 0.94 2.31
H 5.79 17.54
I 14.99 11.11
J 6.05 7.78
K 0.03 0.04
L 0.01 0.00
M 0.35 0.29
Type of municipality (%) ;0.001
Metropolitan 67.20 77.25
Normal 32.47 22.64
Special 0.33 0.11
N 40,673 56,537

Notes: This table shows some descriptive summary statistics of type I diabetics who are
and are not matched by conditional exact matching (CEM). Type 1 diabetics who are
matched ahve no change in the level or composition of insulin composition across years.
p-values for comparison of matched and unmatched type I diabetics are computed using
Wilcoxon rank-sum test for continuous variables and Pearson’s chi-squared test for cate-

gorical and binary variables.
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Table 2.A3: Impact of expanded insulin coverage on healthcare costs for subsample of type
I diabetics with no change in insulin consumption

ey 2) 3) “4) (&)
All All Prescriptions
insulin  (net insulin) Outpatient Inpatient (net insulin)
Policy -0.03*** -1.01%** -0.38***  -0.08*** -0.42** -0.08***
(0.00) (0.08) (0.02) (0.00) (0.14) (0.02)
Model Gamma Gamma Gamma Logit Gamma Gamma
Observations 56537 56537 56537 56456 56537

Notes: Cells contain average marginal effects (standard errors). Equation (2) estimated on the sample of type
I diabetics who have zero consumption of newly added insulins and similar consumption of continuously
covered insulins before and after the formulary expansion. All models control for sex, age, comorbidities,
municipality, and insurance carrier. Robust standard errors in parentheses. * p < 0.05, ** p < 0.01, ***
p <0.001



Table 2.A4: List of essential drugs

Essential drug

Included in measure?

Insulin
Anticoagulants

Angiotensin-converting enzyme inhibitors
Lipid-reducing medication

Antihypertensives
Furosemide
B-blockers
Antiarrhythmics
Asprin

Antiviral medication
Thyroid medication
Neuroleptics
Antidepressants
Anticonvulsants
Antiparkinsonian drugs
Prednisone
B-agonists

Inhaled steroids
Chloroquines
Primaquines
Cyclosporine

No
No
Yes
No
Yes
Yes

Yes
Yes
Yes
Yes
Yes
No
No
No
Yes
Yes
Yes
Yes
Yes
Yes

Notes: Essential drugs as defined in Tamblyn et al. (2001) and whether each is
included in measure used in table 2.9 column 5. We exclude drugs on the basis of
being part of a drug class that was expanded as part of the formulary expansion.
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Table 2.AS: Impact of expanded insulin coverage on outpatient &
essential drug utilization for subsample of type I diabetics with no
change in insulin consumption

ey 2 3) 4
Office vists/  Essential
Imaging Labs consultations  drugs

Policy -0.33%** 4. 3% -(0.52%** -(0.33%**
(0.03) (0.23) (0.07) (0.08)

Negative Negative Negative Negative

Model binomial binomial binomial binomial
Ino 0.28***  _0.41*** -1.35%** 0.44%**
(0.0 (0.01) (0.01) 0.01)

Observations 56537 56537 56537 56537

Notes: Cells contain average marginal effects (standard errors). Equation (2)
estimated on the sample of type I diabetics who have zero consumption of
newly added insulins and similar consumption of continuously covered insulins
before and after the formulary expansion. All models control for sex, age,
comorbidities, municipality, and insurance carrier. Robust standard errors in
parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 2.A6: Impact of expanded coverage of insulin on utilization of labs and office
visits for subsample of type I diabetics with no change in insulin consumption

(D () 3) “4) (5)
Blood sugar Cholesterol Tryglicerides  Creatinine Al1C
labs labs labs labs tests
Policy -0.85%** -0.41%** -0.36*** -0.34%** -0.07%**
(0.05) (0.03) (0.03) (0.02) (0.01)
Negative Negative Negative Negative  Negative
Model binomial binomial binomial binomial  binomial
Inox -0.56*** -0.66 *** -0.54%** -1.03***  -16.23***
(0.02) (0.02) (0.02) (0.02) 0.17)
Observations 56537 56537 56537 56537 56537

Notes: Cells contain average marginal effects (standard errors). Equation (2) estimated on the sample
of type I diabetics who have zero consumption of newly added insulins and similar consumption of
continuously covered insulins before and after the formulary expansion. All models control for sex,

age, comorbidities, municipality, and insurance carrier. Robust standard errors in parentheses. * p <
0.05, ** p < 0.01, *** p < 0.001
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3 Healthcare Provider Referrals Under Mixed Con-

tracts

3.1 Introduction

In markets where public health insurance is supplied by private insurers, payments
from insurers to providers are typically made under either capitation or fee-for-
service (FFS) contacts. These forms of reimbursement are antithetical with respect
to the incentives they present to providers. Capitation payments are ex-ante lump
sum transfers that cover all of a patient’s health care claims. Because providers
bear the full cost of treatment beyond the capitation payment, reimbursement by
capitation may incentivize providers to under-provide services, substitute toward
cheaper care, or provide care more efficiently (Frakt and Mayes, 2002; Frank et al.,
1995; Hillman et al., 1989; Stearns et al., 1992; Brot-Goldberg and De Vaas, 2018).
Papers studying provider behavior under capitation have found evidence that they
respond to these incentives without affecting quality of care or patient outcomes
(Ho and Pakes, 2014a).

Under a FFS reimbursement scheme, insurers and hospitals negotiate a service
price that is paid every time the service is provided. Because provider profits are
proportional to the number of services rendered under FFS, this reimbursement

scheme generates incentives to over-provide or substitute to more expensive treat-
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ments (Shafrin, 2010). Research has found that use of FFS contracts explains much
of the rising healthcare costs in countries like the United States (RAND Corpora-
tion, 2019), Norway (Grytten and Skau, 2008), and China (Eggleston et al., 2004).
The papers that examine provider responses to these polar contracts have focused
on settings where one contract type is present between any insurer-provider pair.

In this paper, we study provider incentives and behavior in a setting where con-
tracts are determined at the service level between each insurer-hospital pair. Con-
tract variation at the service level has the potential to exacerbate provider respon-
siveness to financial incentives as it introduces asymmetric information between
insurers and physicians in the hospitals. Providers could adjust their treatment and
referral decisions based not only on their belief that a service is covered under a
specific contract, but also on how profitable are the services that a patient claims.
This paper examines the effect of profit variation across patients within an insurer
introduced by service-level contract types, on the referral decisions of primary care
providers and the treatment decisions of specialists.

Our setting is the Colombian health care system, characterized by one national
health insurance plan with near universal coverage. Individuals choose a private
insurer through which to access the national plan. Those above a monthly income
threshold pay a monthly contribution to the government for access to the national

plan, while those below that threshold have their health care subsidized. Enrollees
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do not pay premiums and coinsurance rates, copays, and maximum out-of-pocket
expenditures are set by the government.

Private insurers in Colombia form networks of health care providers and negoti-
ate reimbursements for health care services. These negotiations entail determining
both a contract type and a price for each service. Almost 40% of claims filed during
2010 were reimbursed under a capitation contract, while another 40% were reim-
bursed under a FFS contract. The government mandates that certain low complex-
ity services with relatively high demand and low markups must be covered under
capitation. While the government recommends that high complexity services be
covered under FFS, the contract type is ultimately determined through negotiations
between insurers and providers.

For many services there is variation in contract type across insurer-hospital
pairs. This means that the services required to treat a single patient might be re-
imbursed under different schemes. Variation in contract types within patients, thus,
raises the question of whether providers are still responsive to financial incentives
in their referral and treatment decisions. Leveraging both the highly regulated na-
ture of the setting we study as well as a detailed administrative claims-level data,
which contains information on the contract type per claim, we are able to quantify
the profitability of any given claim and assess its impact on provider behavior.

We quantify the extent to which hospitals respond to the financial incentives
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present under mixed contracts in both their referral and treatment decisions. We do
this by focusing on a subset of the population with a specific condition —pregnancy—
that requires treatment by a specialist, namely an obstetrician (OB). We use the fact
that most referrals in the Colombian health care system, must be made by a primary
care provider (PCP). Although pregnant women in particular can go directly to the
specialist, there is evidence that they use the PCP channel to access specialized
care. In that context, we model the PCP’s decision to refer the patient to a special-
ist within their own hospital (inside referral) or to a specialist at another hospital
(outside referral). In the model, PCP’s referral decisions are a function of expected
profits to their own hospital from providing obstetric care to the woman. Expected
profits vary across and within insurers. Profit variation within insurers is generated
by variation in contract type across services and variation in the likelihood that a
woman uses a particular service. We also examine the influence of procedure prices
on the OB’s decision as to whether to perform a c-section or vaginal delivery.
There is substantial interest in quantifying and characterizing healthcare provider
moral hazard in the specific case of obstetric care. A large literature shows that
c-section rates vary substantially across hospitals, even among women with sim-
ilar health risks. Non-medical geographic factors including provider density and
malpractice have been shown to explain part of the variation in c-section rates

(Kozhimannil et al., 2013; Baiker et al., 2006). While there is work examining
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the role of financial incentives and the treatment decision (Gruber and Owings,
1996), this work has exploited aggregate changes in the profitability of obstetric
care rather than variation in the relative prices treatments across insurer-hospital
pairs. Whether mixed contracts alleviate provider moral hazard is an important
question generally, but is especially important in the specific case of delivery proce-
dure choice. Procedure choice at the time of delivery has been shown to impact the
rate of delivery injuries as well as rates of asthma, immune deficiencies, and breast-
feeding among infants (Card et al., 2020). The determinants and consequences of
delivery choice are also of keen interest to the many medical and international or-
ganizations that have called for regulation aimed at reducing the recent and uneven
rise in global c-section rates (Teleki, 2020; World Health Organization, 2018; USA
Today, 2020).

We develop and estimate a Bayesian learning model of the PCP’s referral deci-
sion. The PCP’s prior beliefs about the profitability of the patient’s obstetric care are
a function of the share of obstetric services that the woman’s insurer reimburses on
a FFS basis. The PCP updates his beliefs regarding the woman’s profitability based
on the realization of claims and contract types for services that are rendered before
the referral decision. The PCP’s decision therefore depends both on an aggregate
patient profitability measure at the insurer-provider level and on the profitability of

services the woman in particular is relatively more likely to claim. Whether PCPs
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are responsive to this second dimension of profitability is informative both about
the role of the agency relationship between the hospital and physician in assess-
ing a patient’s profitability and the effect that mixed contracts has on the sorting of
patients across providers.

We find that hospitals are responsive to the aggregate patient profitability at the
insurer-provider level: a 1% decrease in the expected revenue of a woman’s ob-
stetric care results in a 13 percentage point (p.p). decline in the likelihood of an
outside referral. We find no evidence that providers respond to variation in prof-
itability across patients within an insurer, suggesting that mixed contracts do not
meaningfully change the characterization of provider moral hazard relative to stan-
dard settings.

Our findings are consistent with other papers that study insurer and provider re-
sponses to financial incentives (McClellan, 2011; Hillman et al., 1989). Variation in
FFS prices has been linked to the number and duration of PCP visits (Brekke et al.,
2017), the likelihood of providing specialty care (Grant, 2009), and the likelihood
of being prescribed a generic drug (Liu et al., 2009). The literature has also found
evidence not only of under-provision of services under capitation (Stearns et al.,
1992), but also of insurer responses to referral choices. In particular, Ho and Pakes
(2014a) and Ho and Pakes (2014b) find that insurers with a higher share of capitated

physicians are more price sensitive and more likely to refer their patients to cheaper,
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farther away hospitals. Other papers have studied provider behavior when multiple
contract types are present across patients and have found providers to be responsive
(Hennig-Schmidt et al., 2011). We contribute to this literature by demonstrating
that hospitals are most responsive to insurer-level measures of patient profitabil-
ity, which is informative both the effects of moral hazard and the types of policies

would be most effective at ameliorating it.

3.2 Background

The Colombian healthcare system is divided into two income-based regimes: the
Contributory regime (CR) and the Subsidized regime (SR). The CR covers all in-
dividuals above a monthly income threshold, who pay a monthly contribution to
the government for access to the national health insurance plan. Those below the
monthly income threshold belong to the SR, and their health care is completely
subsidized through tax revenue. Members of both regimes have access to the same
national health insurance plan. The health care system has nearly universal cover-
age, with approximately 51% of the population enrolled to the CR, and the other
49% to the SR.

The design of the national health insurance plan is determined by the govern-
ment. The plan covers a set of around 7 thousand procedures, services, and devices,

as well as more than 700 prescription medications as of 2011, all of which are cho-
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sen by the government. This plan is provided by private insurers through a network
of providers. Insurers and providers engage in bilateral negotiations over contract
types and prices at the service level. The government specifies a list of contract
types that insurers and providers may use in their reimbursements. This list includes
capitation, FFS, fee-for-package, and fee-for diagnosis. Capitation and FFS are by
far the most commonly used contract types, together accounting for over 80% of
all claims filed in the CR in 2010. The government mandates that certain common,
low-complexity services, like visits to the PCP, must be covered under capitation.
For all other services, contract type is decided by the insurer and hospital. Access
to any specialist or high-complexity service can only be obtained through a referral
from a PCP. This referral may be to another physician within the PCP’s own hos-
pital or to a physician at a different hospital; we will refer to the former type of
referral as an inside referral and the latter as an outside referral.

Those who enroll in the national health insurance plan do not pay premiums to
their insurer. Instead, the government reimburses carriers with risk-adjusted per-
capita transfers. The risk adjustment formula controls only for sex, age category,
and municipality of residence. The government also sets copays, coinsurance rates,
and maximum out-of-pocket expenditures. Theses cost-sharing rules vary across in-
dividuals based on their monthly income but do not vary across services, providers,

or insurers. For enrollees who made less than 2 times the monthly minimum wage
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(MMW), the copay, coinsurance rate, and OOP limit in 2011 were 2,100 pesos,
11.5%, and 57.5% x MMW respectively. For those who made between 2 and 5
times the MMW, the copay, coinsurance rate, and OOP limit were 8,000 pesos,
17.3%, and 230% x MMW respectively. Finally, for those who made over 5 times
the MMW, the copay, coinsurance rate, and OOP limit were 20,900 pesos, 23%, and
460% x MMW. These prices have remained unchanged since the establishment of

Colombia’s health care system in 1993.!

3.3 Data

Our data consists of all claims filed in 2011 by pregnant women belonging to the
Contributory System in the nine months before their first childbirth. Women whose
first childbirth takes place less than nine months into 2011 are left-censored, so we
drop patients with childbirths that take place in the first eight months of 2011.> We
observe the ICD-10 code for each claim and construct patient-level comorbidity in-
dicators by grouping these codes into conditions according to Alfonso et al. (2013).
The data also includes the woman’s age, municipality of residence, and insurer.
We observe the hospital at which each claim was rendered as well as the specific

service associated to the claim. We do not observe the specific physician that pro-

'The average exchange rate during 2011 was 1,847 COP/USD.

2 Appendix figure 3.A1 shows how the total number of observed claims per woman varies accord-
ing to the month of her childbirth and suggests that a meaningful number of claims are unobserved
for censored women.
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vides any particular service, only the hospital at which the physician operates. The
level at which services are differentiated in the data is very granular. For instance,
we are able to distinguish between first-time and follow-up visits, and between vis-
its with primary care physicians and visits with specialists. Importantly, we observe
the contract type under which each claim was reimbursed. This is unlike most ad-
ministrative health care datasets that lack insurer-hospital contract information. For
claims covered under FFS, we also observe the claim price, of which the woman
pays a fraction equal to her coinsurance rate while her insurance carrier pays the
remainder.

We assume that the referral decision is made at the end of the first trimester and
define the woman’s primary care hospital as the one at which the majority of her
primary care visits during the first trimester of her pregnancy happened. All women
in our sample have at least one primary care visit in the first trimester. A woman’s
delivery hospital is the one at which services for c-section or vaginal delivery are
administered. We consider a woman to have been referred outside for her obstetric
care and childbirth if her delivery and primary care hospitals differ. Of the over
68 thousand women who had their first childbirth in the last quarter of 2011, Two
thirds of women visited a primary care hospital that did not perform any childbirths
in 2011. Because we are interested in the decisions of PCPs whose hospitals regu-

larly perform childbirths and therefore have the option to refer their patient inside,



117

we drop from our sample women whose primary care hospital does not perform
childbirths. Despite accounting for two-thirds of all women, hospitals that provide
primary care but not obstetric services comprise only one-third of all claims filed
by primary care hospitals in 2011. Our final sample contains 5,381 unique women

who visit 158 unique primary care hospitals and 304 delivery hospitals.

3.4 Model

Here we outline a model of the primary care hospital’s referral decision that allows
for learning about the expected profitability of individual patients. Pregnant patient
i with insurance carrier j sees her PCP at hospital 4. During the visit, the PCP
decides whether to refer the patient to a specialist within their own hospital or a
specialist at another hospital. We denote the former choice as an inside referral
I and the latter choice as an outside referral O. Denote the referral decision as

R € {I,0}. The hospital’s payoff from choosing an outside referral is

0 _ .0 0
Wiin = uijp, + YLjn + €7y, (1)

while its payoff from an inside referral is

1 1 I
Wijn = wijn+ Y[Ljh + 2 (Csijh X Revsijh_mcsh>] + Eijn- 2)
ses
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In equations (1) and (2) above, L, are capitation payments from insurer j to hos-
pital 2 which are rendered regardless of referral or treatment decisions. c;jy, is the
expected share of services of type s € . that patient i will require during her preg-
nancy that will reimbursed on a fee-for-service basis. We will use the word “ser-
vice” for short to refer to these service types. Revy;j; is the average FFS revenue
generated by service s. mcy, the average marginal cost to hospital / from treating a
woman’s pregnancy, including her childbirth.

At the time of the referral choice, the PCP has observed a sample of con-
tract type realizations for service s and patient i, Xy;j5, Where a realization xg;j, ~
Bernoulli(kq; s, Psijn). Here, kg j, is the number of claims for service s that patient
i has received from her PCP at hospital & and py;j; is the likelihood that any one
of those ky;j, claims is reimbursed on a FFS basis. Let X;j, = X1, X2 jn, ---, Xsi |
be the random matrix of contract type realizations for the set of services S = n(.%)
services types. Given Xg;j,, the PCP will refer the patient outside if E[W.?h — Wlﬂh |

1

Xijh] > (; that is, if

E l[ug.h ALY (exin x Revign) —mes] + [€0 — ] | X | > 0
se.

Here, we have summed over the service-type specific marginal costs m,, incurred



119

by hospital h. If we assume that 85}1 ~ T1EV(0,1), then we can write down the

probability of an outside referral as

exp (ui h— YE[Zsey Csijh % Revyijn | Xsijh] + Ymch>
PI'(Rijh = 0|ijh) =

(3)
1+ exp (uijhyE[ZseY Csijh X Revsijh | Xsijh] + }/mch>

-, 0
where u;j, = Wiy = Ui
We now turn to modeling how physicians’ beliefs over contract types are formed.

We make the following assumptions.

Assumption 1: Average service type FFS revenue Revy; j; is indepen-

dent of contract types and perfectly observable to physicians.

Assumption 2: Contract types are independent across services types

se.Z.

With assumptions 1 and 2, we can say that B[ > cgjn X Revgjn | Xgijn| =
Y ser Reviijn < Blegijn | Xsijn]-
The PCP has prior beliefs regarding py; j;, such that py; j, ~ Beta(ot s, Byjn). The

physician therefore believes it more likely that the type of care provided by the
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specialist is reimbursed under under a FFS contract if P, = % > 0.5.
J as,/h +ﬁs]h
Let kg‘?,f be the number of observed claims covered under capitation and kgfhs
the number of observed claims covered under FFS so that kK¢AF + kEES —
sijh sijh sijh-
Proposition 1: Given 0 jy, By i, and X; j5, a PCP at hospital i believes

that the share of claims for service s that patient i with insurer j will

require which will be reimbursed on a FFS basis is given by

FFS
Csijh | Xsijh] = FFS , 1 CAP
Ot jn + Bojn + ki, + Ksijn

= TijnPsjn + (1 — Tsijn) Psijn

_ -0 = X A
- nsijhpwh + n.sijhpsz]hv

where
FFS
A ksi jh
Psijh = KCAP | |[FFS’
sijh sijh
and
Qi+ Byjn

Tesijh = FFS | .CAP
Ot jn + Bsjn + ki, + Kijn
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We can now write the choice probability in (3) as

0 = A
exp (ui =Y Dses (ﬂsi ihPs jnReviin + thsithevsi jh) + '}’mch)

Pr(Rijn = OXijn) = :
1 +exp (ui jh =Y 2ses (70 PsjnRevsijn + 5 . PsijnRevsijn) + Ymch)

3.5 Descriptives & identification

The model presented in section 3.4 distinguishes between the expected revenue that
a woman is expected to generate based on the overall share of services that her
insurer reimburses on a FFS basis and the expected revenue that she is expected
to generate based on the contract type realizations of claims for service types that
are observed by the primary care hospital and are a component of obstetric care.
For this to be a meaningful distinction, it must be the case that in practice primary
care providers and delivery providers overlap with respect to the service types they
provide. Identification of the model in section 3.4 requires meaningful variation
in the share of services that are reimbursed on a FFS basis between hospital 4 and
insurer j. In this section, we provide descriptive evidence that our empirical setting
satisfies these two criteria.

Table 3.1 provides some summary statistics of our model’s objects of interest.
Note that while for outside referrals, obstetric care, including procedures related to

childbirth, are performed at a hospital other than the primary care hospital, we use
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Table 3.1: Summary statistics stratified by referral status

Inside referral Outside referral

Insurer-Hospital share of FES services, Py,

All services 0.24 (0.23) 0.26 (0.25)

Shared services 0.20 (0.22) 0.22 (0.24)

Delivery services 032 (0.26) 0.34 (0.28)

Patient share of FFS services, py;jn

All services 0.26 (0.37) 0.19 (0.34)

Office visits/consultations 022 (035 0.16 (0.32)

Lab tests 0.22 (0.40) 0.26 (0.42)

Prophylactic procedures 0.65 (047) 031 (044

Non-radiology imaging 0.28 (0.45) 0.18 (0.38)

Insurer-Hospital expected FFS revenue, Revy; i,

All services 1.03 (0.24) 097 (0.39)

Shared services 0.38 (0.16) 0.34 (0.26)

Delivery services 0.65 (0.08) 0.63 (0.13)

Patient characteristics

Age 28.01 (5.47) 27.12 (4.92)

Asthma 0.01 (0.11) 0.00 (0.07)

Cancer 0.13 (0.34) 0.18 (0.39)

Cardiovascular disease 0.05 (0.22) 0.04 (0.21)

Long term Pulmonary Disease 0.01 (0.07) 0.00 (0.00)

Total healthcare utilization

Prescription drug claims 16.20 (13.22) 23.22 (21.32)
Outpatient claims 56.99 (26.83) 56.53 (32.66)
Inpatient claims 1.17 (4.43) 3.69 (7.23)

Emergency room claims 12.11 (13.34) 11.51 (12.12)
Office visits 15.69 (6.54) 15.01 (7.45)

Observations 3,974 1,407

Notes: An observation is a woman. Sample contains women whose primary care hospital performs
at least one delivery during 2011 and whose childbirth takes place in the last quarter of 2011. Cells
contain mean (standard deviation). Shared services include office visits/consultations, lab tests,
prophylactic procedures, and non-radiology imaging. Delivery services include induction of vaginal
delivery and abdominal delivery procedures.
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the primary care hospital’s contract types and FFS prices for all women to compute
the referring provider’s expected revenue. We compute Revy; i, as the predicted FFS
revenue of service s conditional on patient characteristics including age, comorbidi-
ties, and annual healthcare utilization measures. Across all services, predicted FFS
revenue is higher for inside referrals than for outside ones. The insurer-hospital
level share of services that are reimbursed on a FFS basis, p; s, is slightly higher
for inside referrals than outside referrals. However, the realized share of services
provided by the primary care hospital during the first trimester that are reimbursed
on a FFS basis is higher for inside referrals. The difference in realized FFS rates
is primarily driven by prophylactic procedures and non-radiology imaging.> Out-
side referrals also tend to have higher rates of cancer than inside referrals and to
use more of most types of healthcare, including prescription drugs and inpatient
services. It will be important to control for these measures of overall health in the
empirical specification of the referral decision.

We first demonstrate that there is meaningful overlap between the types of
health care that are provided by PCPs and specialists. We classify services into
103 health care types as defined by the Colombian Ministry of Health. Using the
subsample of women who receive an outside referral, figure 3.1 shows the aver-

age share of total health care utilization provided at the primary care hospital and

3Prophylactic procedures are services aimed at disease prevention. They include educational
services provided to women on postnatal care.
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delivery hospital over the course of her pregnancy. The figure presents the share
of six services: office visits/consultations, lab tests, prophylactic procedures, non-
radiology imaging, abdominal delivery procedures, and induction of vaginal deliv-
ery. We restrict our attention to women who are referred outside since for those
referred inside primary care and delivery hospitals are the same. The six services
we focus on comprise 89% of all the care provided by primary care providers at any
point during the pregnancy and no less than 75% of all care provided by specialists
at any point during the pregnancy. While the particular services used by primary
care and delivery providers within any given health care type may differ, the fact
that almost all services rendered by both providers belong to these health care types
suggests that these are the services most relevant for the physician’s referral deci-

sion.
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Figure 3.1: Service type average share of total healthcare utilization by week of
pregnancy

Panel 1: Primary care hospital
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Notes: Figures created with subsample of women of women who are referred outside. Averages are
taken across women within a week of pregnancy. A woman’s primary care hospital is the one at
which she receives the majority her office visits in the first trimester, while her delivery hospital is
the one at which claims for childbirth are made.

While both primary care and delivery hospitals provide office visits/consultations,
lab tests, prophylactic procedures, and non-radiology imaging, only delivery hos-
pitals render services relating to abdominal delivery procedures, and induction of
vaginal delivery. There is therefore no scope for primary care providers to learn

about the profitability of these services prior to making their referral decisions.

However, primary care providers’ priors with respect to the profitability of these
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services are likely to be relevant to the referral decision, since these procedures are
by far the most expensive of those performed during the pregnancy as can be seen
in 3.2. Figure 3.A2 shows that delivery performed in the last week of pregnancy
constitutes approximately one-third of the total cost of services provided during the
first eight months of pregnancy. We will distinguish between the services provided
both by the primary and delivery hospitals and those that are provided exclusively
by the delivery hospitals. We refer to the former as shared services and the latter as
delivery services. These groups of services differ in that the PCP has scope to learn
about the profitability of the former but not the latter, and in that delivery services
are much more expensive than shared services and with certainty will be required

by the pregnant patient.
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Figure 3.2: Service type average cost by week of pregnancy
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Notes: Costs are measured in millions of Colombian pesos. Figures created with subsample of
women of women who are referred outside. Averages are taken across women within a week of
pregnancy. A woman’s primary care hospital is the one at which she receives the majority her office
visits in the fist trimester, while her delivery hospital is the one at which claims for childbirth are
made.

Our model distinguishes between the insurer-hospital level average profitability
of service s, pyjp, and the average profitability of realized claims of type s for pa-
tient 7, Py;j5. Identifying the effect of pyj;, on outside referral rates separately from
hospital-level marginal costs requires within-hospital variation in average revenue

across insurers. Panel 1 of table 3.2 summarizes variation in the share of services

reimbursed on a FFS basis across insurer-hospital pairs. Summary statistics are
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computed across all services as well as separately for shared services and delivery
services. In constructing these measures, insurer-hospital pairs are weighted by the
number of unique women they serve. Panel 1 shows that there is meaningful vari-
ation across insurer-hospital pairs in the share of services that are reimbursed on a
FFS basis, the interquartile range is 0.25 percentage points. This variation, however,
does not allow us to separately identify the effect of insurer-level patient profitabil-
ity measures from hospital-level marginal costs on referral decisions if hospitals do
not contract with multiple insurers, or if hospitals have the same contracts with all
insurers for all services. The second panel of table 3.2 provides the distribution of
the within-hospital coefficient of variation for p;,. More than a third of hospitals
have variation in the share of services covered under FFS across the insurers that
they contract with. It is this variation that allows us to separately identify marginal

costs from financial incentives to providers that vary across insurers.
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Table 3.2: Summary statistics for insurer-provider level contract type variation

Panel 1: Share of claims
reimbursed under FFS (p ;)

Mean S.d. p25 p50 p75

Pjn 023 023 0.06 020 0.29
Pt 0.19 022 004 0.15 022
pit 0.31 026 0.10 031 0.43
Observations 182

Panel 2: Coefficient of
variation of p j; within provider

Mean S.d. p25 p50 p75

CV pin 0.40 0.64 0.00 0.00 0.85
CV pR 0.41 0.65 0.00 0.00 0.92
CV pht* 0.39 0.63 0.00 0.00 0.76
Observations 158

Notes: CV short for coefficient of variation. CV of pj; computed
using mean and standard deviation of pj, within a provider. Distri-
butions of p;; and CVs are weighted by number of unique women

serviced by each insurer-provider pair or provider.

In order to identify the effect of variation in contract type across services within

an insurer-hospital pair, we require that patients within an insurer-hospital pair vary
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with respect to the types of services that they use. In table 3.3, we summarize the
share of services that the primary care hospital provides during the first trimester
of the pregnancy before the referral decision is made, p;j;, across insurer-hospital
pairs. We also provide the coefficient of variation of p;j, across insurer-hospital
pairs. In the second panel of table 3.3 we see that there is substantial variation in
the share of claims provided to pregnant patients in the first trimester of pregnancy

that are covered under FFS, especially for lab tests and prophylactic procedures.
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Table 3.3: Summary statistics for insurer-provider level contract type variation

Panel 1: Within insurer-provider

mean share of claims rendered in first
trimester reimbursed on FFS basis (p; ;)

Mean S.d. p25 pS0 p75

Pijn 024 027 001 0.12 0.46
Psijn» s = Office visits/consultations 020 024 0.01 0.11 0.42
Psijn. s = Lab tests 039 040 000 044 1.00
Psijn» s = Prophylactic procedures 054 048 0.00 1.00 1.00
Psijn» s = Non-radiology imaging 048 046 001 035 0.88
Observations 182

Panel 2: Coefficient of variation
of p;, within insurer-provider

Mean S.d. p25 pS0 p75

CV pijn 333 376 078 187 691
CV Pyijn» s = Office visits 357 382 089 188 7.85
CV Pyijn» s = Lab tests 493 776 000 107 215

CV psijn, s = Prophylactic procedures  3.26 429 0.00 036  3.38
CV psijn, s = Non-radiology imaging ~ 0.76 122 0.00 0.00 228

Observations 158

Notes: CV short for coefficient of variation. Mean of p; j;, computed across women within an insurer-
provider pair. Distributions of the mean of p;;, and CVs are weighted by number of unique women

serviced by each insurer-provider pair or provider.
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3.6 Empirical specification

Let O;j;, be an indicator that patient i enrolled to insurer j treated at the primary

care hospital £ is referred outside. We empirically specify O j;, as

Oijn = WiB + Y’ PjuRevij + Y PijuRevijn + M+ 1j+&ij 4)

where &, ~ T1EV(0,1). w; is a vector of patient characteristics that capture varia-
tion in the mean utility of an outside referral. This includes indicators for individual
comorbidities, age, age squared, and measures of various types of healthcare uti-
lization including the total number of prescription drug claims, outpatient claims,
inpatient claims, and ER claims. p;,Rev;;; = D ser Ps inRevy; i is the PCP’s expec-
tation of the revenue to be generated from a patient with insurer j in the second
and third trimesters of the pregnancy. p;;,Rev;j, = Dses Ps jnRevyijp 1s the PCP’s
expectation of the revenue to be generated from patient i in the second and third
trimesters of the pregnancy based on the realized contract types of services pro-
vided in the first trimester of pregnancy. Note that because the primary care hospi-
tal does not observe claims for delivery services in the first trimester, then p;j, = 0
for induction of vaginal delivery and abdominal delivery procedures. 1, and 1; are
hospital and insurer fixed effects, respectively. Hospital fixed effects capture the

average marginal cost of providing care to woman i. Insurer fixed effects help us
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capture any source of unobserved insurer heterogeneity that may be correlated with
contract types and service prices. We also estimate an empirical specification of the

form

' Del zDel . Del | +0,Shr =Shrp - Sh A
Oijn =W, + 7" Pjn Reviy + e "Oin Reviy” + 7' PijnRevijn + N+ Nj + Eijn

®)

where we separate the services associated to delivery Del, from those that are pro-
vided by both the primary care hospital and the delivery hospital, Shr. In par-
ticular, ijhelRev%el = D sc.ovel PsjnRevsiin, ﬁffl”Revf.Z’ = Yseosir PsjnRevsijn, and
#Shr — {Office visits, Lab tests, Prophylactic procedures, Non-radiology imaging}.

This specification allows us to estimate the effect of expected revenue for shared and

delivery services on outside referral rates separately.

3.7 Results

Table 3.4 summarizes the results of estimating equations (4) and (5). Results are
presented as the percentage point change in the likelihood of an outside referral
resulting from a 1% increase expected revenue. The estimates for specification (4)
presented in column 1 indicate that PCPs are much more likely to refer outside

women enrolled with insurers that reimburse relatively less for obstetric care, but
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that they are not responsive to the observed profitability of care that they actually
provide. A 1% increase in the expected revenue of obstetric care at the insurer-
hospital level, decreases the likelihood of an outside referral by a physician at hos-
pital 4 by 13, anearly 50% reduction relative to the baseline rate of 26%. To put this
marginal effect into context, 1% of the expected revenue of obstetric care is equal
to approximately 2,000 Colombian pesos. There is no statistically significant effect
of the realized profitability of woman i on the likelihood of an outside referral. In
column 2 of table 3.4, we separate p j,Rev; j; into the insurer-hospital level expected
revenue from the obstetric service-types provided by both primary care hospitals,
p%"Rev%’, and those provided exclusively by obstetricians, ijhelRevﬁfl. We see
that the responsiveness of primary care hospitals to aggregate insurer-hospital prof-
its comes entirely from their responsiveness to the expected revenue of delivery
services. Since primary care physicians do not themselves provide these services,
this suggests that the decision-making agent driving the referral of less profitable
patients to outside hospitals is likely the hospital rather than the primary care physi-

cian himself.
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Table 3.4: Referral choice logistic regression results

) 2)
1{Outside referral} ~ 1{Outside referral }

pjnRevin, 1 -12.64%** (2.97)
PijnRev jn, v* -0.00 (0.50)  -0.04 (0.50)

pii Reviy, S 1.95 (1.87)
Pl Reviel, y0De! -32.97*** (7.98)
Observations 5,244 5,244
Pesudo R? 0.46 0.46

Notes: Standard errors in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001

3.8 Conclusion

This paper characterizes physician moral hazard in the presence of mixed contracts.
Our context is the Colombian healthcare system, where private insurers provide
coverage of the national health insurance plan by engaging in bilateral negotia-
tions over contract types and prices with hospitals. Unlike health care systems
like the United States, where agreement over a capitation contract involves having
all services subject to capitation, in Colombia insurers and hospitals have discretion
over which services to reimburse under capitation and which services under fee-for-
service. We exploit this variation in contracts across services to study referral and
treatment decisions for pregnant women. For these patients health care is relatively

standard: the primary care physician who first sees the woman decides whether to
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refer her to an obstetrician in the same hospital or at a different hospital, and the
obstetrician decides whether to perform a vaginal delivery or a c-section. Our find-
ings show that there is moral hazard in this setting, but that it is not exacerbated
by mixed contracts. Providers are responsive to the aggregate insurer-hospital level
of patient profitability, but their referral and treatment decisions do not depend on
the woman’s particular use of services and their profitability, despite meaningful
variation in profitability along this dimension. Allowing insurers and hospitals to
more flexibly negotiate contracts, such as at the service level, may allow them to
establish more optimal contracts that contain provider responsiveness to financial

incentives.
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3.9 Appendix

Figure 3.A1: Total number of observed claims by month of delivery
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Notes: Mean and standard error of total number of observed claims computed
across women stratified by month of delivery.
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Figure 3.A2: Service type average cost by period of pregnancy
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Notes: Figures created with subsample of women of women who are referred outside. Cumulative
cost for first eight months of pregnancy computed by summing over weekly average costs for each
service type. A woman’s primary care hospital is the one at which she receives the majority her

office visits in the fist trimester, while her delivery hospital is the one at which claims for childbirth
are made.
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