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At the heart of the Affordable Care Act
(ACA) are efforts to expand insurance cov-
erage. A key element of this effort are “in-
surance exchanges,” which are designed to
give consumers access to a variety of in-
surance options at reasonable prices and to
administer price subsidies when applicable.
Doing so requires these exchanges to serve
a number of functions: making a market,
determining the number of options to of-
fer, determining the degree to which prod-
ucts and prices can be differentiated, and
providing decision and enrollment support
(e.g., Ericson and Starc, 2013).

Accomplishing all of these goals has not
been easy. The Federal website, Health-
Care.gov, was plagued by glitches during
its first months of operation and a num-
ber of state exchanges were hampered by
similar challenges (e.g. Oregon). At the
same time, a number of private exchanges
have developed or expanded to serve these
populations (e.g. eHealth). Whether and
how competition between public and pri-
vate exchanges impacts welfare is a critical
policy question. In this paper we focus on a
specific element of the distinction between
public and private exchanges: the ability of
private exchanges to run large-scale exper-
iments and use the findings to target mes-
saging to consumers.
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The use of large-scale experiments, par-
ticularly in online settings, has become
widespread in the private sector (e.g.,
Brown, Chui and Manyika, 2011). One
goal of such experimentation is to un-
derstand and enhance the experience of
customers. An important distinction be-
tween web-based experimentation and more
traditional experiments in marketing is
the ability to measure heterogeneous re-
sponses (given the scale of the random-
ization) and subsequently provide specific
consumers with different messaging (e.g.,
Goldfarb, 2014). Outside of health insur-
ance choice, this heterogeneity has been
found to be substantial. For example, in
a study of the impact of marketing mes-
sages, Lewis and Reily (2014) find that
the over-65 population accounted for only
5 percent of the sample but generated
40 percent of the overall impact. Blake,
Nosko and Tadelis (forthcoming) demon-
strate that paid search, one method of pro-
viding targeted information to web con-
sumers, has little impact on average but
substantial returns for new and infrequent
users.

A number of factors make health in-
surance exchanges ripe for experimenta-
tion and targeting. The population of
interest in health insurance exchanges—
previously uninsured shoppers shopping in
a brand new way—exhibits a great deal of
heterogeneity as younger healthier popu-
lations search alongside older, sicker cus-
tomers previously unable to get coverage.
While private exchanges can, and do, en-
gage in experimentation, public exchanges,
where regulators and political pressures
limit the ability to provide different expe-
riences to observationally equivalent con-
sumers, are constrained in their ability to
analyze customer behavior and heterogene-
ity. The ability of private firms to learn
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about consumer behavior—either on av-
erage or across the population—or target
messaging may impact both rates of insur-
ance take-up and welfare.

I. Data and Setting

To test this hypothesis, we gathered de-
tailed micro-data on a large scale exper-
iment conducted by a private sector ex-
change. The exchange acts as a privately-
run alternative to the national health insur-
ance exchange, HealthCare.gov, and many
state-based exchanges. All of these different
sites allow consumers to run an individual-
ized search (based on age, gender, and lo-
cation) for insurance policies and view the
results in a listed manner. One main differ-
ence are the many interfaces and innovative
shopping “tools” provided for consumers on
the private website. These tools, for exam-
ple, provide information about important
aspects of the ACA, and allow consumers
to compare plans, or search for specific doc-
tors within provider networks.

In February and March of 2014, the ex-
change conducted a randomized experiment
in which new users to the site were sub-
jected to either a control experience or one
of two different treatment experiences that
reminded them about the upcoming enroll-
ment deadline in compliance with the in-
dividual mandate under the ACA. The ex-
periment was conducted from 10 days prior
to one of the three different deadlines to
4 days prior, at which point the experi-
ence with the greatest success (as measured
by conversion rate) was implemented com-
pletely. In particular, the first campaign
was run from February 5-11 (leading up to
the February 15th enrollment deadline), the
second from March 5-10 (leading up to the
March 15th deadline), and the third from
March 21-26 (leading up to the March 31st
deadline).

Figures 1 displays examples of the control
and a typical treatment homepage. The
control experience was the normal home-
page that contained no information about
the enrollment deadline or related penal-
ties. The two treatment experiences both
featured a real-time “countdown clock” and

emphasized the relevant deadline. Treat-
ment B was run in all three campaigns. It
consists of a countdown clock, the message
“Time is running out” and a sub-message
that contained the date of the enrollment
deadline. In one campaign it also included
the wording “Avoid tax penalties.” Treat-
ment C was run only in the first and second
campaigns. Like Treatment B, it contained
a countdown clock. However it featured the
message “Get Affordable Health Insurance”
and a sub-message such as “Apply before
March 15th for April 1st coverage.” Be-
cause the two treatments are similar in that
they both have a countdown clock, we con-
duct analyses where we pool them as a sin-
gle treatment and where we examine both
of the treatment effects separately.

For each day of each campaign, we ob-
serve how many individuals of each demo-
graphic group (gender × age × family size)
and state of residence visited the site and
were channeled to one of the three home-
pages. Therefore, our data is not individ-
ual specific, but rather aggregated to day
× demographic group × state × treatment
level “cells.” We also observe at this level
how many visitors submitted applications
for health insurance on the site, allowing
us to calculate a cell-specific “conversion
rate”, defined as the number of submitted
applications divided by the total number of
unique visitors.

The Online Appendix shows the demo-
graphic summary statistics across cam-
paigns and treatments. Across all three
campaigns and treatments, we observe a to-
tal of 662,713 unique visitors to the site;
however, only 310,210 of these observa-
tions contain demographic information, and
these individuals were more likely to have
submitted an application. The table con-
firms the randomized nature of the experi-
ment. Regardless of treatment, visitors are
on average near 40 years old, slightly more
likely to be female, and have 1.6 family
members. The Online Appendix displays
the distribution of users in the experiment
by self-reported age and gender. Most users
are in the range of 20-60 years old, and
both genders seem well represented across
age groups. We also look at whether the
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(a) Control (b) Typical Treatment B

Figure 1. Homepage Experiences

composition and behavior of visitors to the
site changes as we approach deadlines. The
Online Appendix shows (using data pooled
across treatments and campaigns) that the
average visitor tends to be older and has a
higher likelihood of submitting an applica-
tion as we approach the enrollment dead-
line.

II. Empirical Approach

In this section we outline our approach
to estimating impacts of the different mes-
saging treatments and the increase in con-
versions from the optimal targeting scheme.
Below, we focus on the case with a single
pooled treatment. In the Online Appendix
we discuss how to extend our approach to
the multiple treatment case we also analyze.

Let i denote the day × demographic
group× state× treatment cell and g denote
the “group” at which we allow for heteroge-
neous treatment effects. For instance, if we
want to allow for heterogeneity by gender,
we could specify two groups: males and fe-
males. To estimate the impact of messaging
for a given group g, we estimate the follow-
ing model:

rig = αg + βgTig +X ′igδg + εig

where rig is the conversion rate, αg is a
group-specific fixed effect, Tig is the pooled
treatment indicator that takes on a value
of 1 if the cell receives either of treatments
and value of 0 otherwise, and Xig is a set
of controls for demographic characteristics
that vary at the cell level. The impact of the
treatment is given by βg, which captures the
differential impact of the pooled treatment
on conversion rates relative to the average
conversion rate for the control group. Be-

cause our treatment is randomly assigned,
the covariates Xig are not required to re-
cover an unbiased estimate of βg but help
increase the precision of the estimate.

Using the estimated treatment effects βg,
we are interested in estimating the impact
of an “optimal” targeting scheme.1 If we
knew the exact values of the βg’s, we could
recover the impact of targeting by assign-
ing the treatment to a given group if and
only if it increased conversions relative to
the control (i.e., βg > 0). The counterfac-
tual treatment effect from optimal targeting
r? would be given by

r? =
∑
g

sg max{βg, 0}

where sg is the fraction of the population in
demographic group g.

However, in any non-infinite sample, we
cannot recover the true treatment effect,
but instead we recover an estimate of its
value β̂g. If we plug our estimates into the
equation above, we will overestimate the
gains from targeting because we will some-
times estimate a positive treatment effect
even if the true value is negative. We there-
fore need to adjust our estimates to account
for this source of upward bias.

We construct an adjusted estimate of the
impact of targeting with

r̂? =
∑
g

sg1(β̂g > 0)
{
β̂g − E[εβg | β̂g > 0]

}
1We note that this is only optimal in the sense that

we use the observables captured but does not reflect the

universe of approaches. While very interesting, comput-
ing how to best undertake both learning and targeting
more generally or in the case of an insurance exchange

is beyond the scope of this paper.
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where E[εβg | β̂g > 0] is the term that ad-
justs the estimate. This term can be writ-

ten as E[εβg | β̂g > 0] =
σβg√
ng
λ( −β̂g

σβg/
√
ng

),

where λ is the inverse Mill’s Ratio, defined
as λ(α) = φ(α)/[1 − Φ(α)], Φ, φ are the
standard normal CDF and PDF, respec-
tively, and σβg/

√
ng is the standard error

of β̂g.

We construct standard errors for r̂? using
the bootstrap method with 500 iterations.
For each iteration, we draw a new set of ob-
servations for every group g, estimate a new

set of treatment effects β̂g, and construct a
new measure of r̂?. In the Online Appendix,
we discuss the adjustment formula in more
detail, show Monte Carlo simulations, and
discuss how to extend our approach to the
multiple treatment setting.

III. Value of Targeted Messaging in
Insurance Exchanges

Table 1 shows the impact of different op-
timal targeting schemes. The mean conver-
sion rate in the control group is 4.95 per-
cent. The first section of the table shows
the effects of providing the same treatment
to all of the groups in the data, and there-
fore does not exploit any heterogeneity.
The average effects of the treatments are
modest. The pooled treatment raises the
conversion rate by 0.12 percentage points
on a base of 4.95 percent and is statistically
insignificant. Separating the two, treat-
ment C is slightly larger at 0.22 and sta-
tistically distinguishable from zero, while
Treatment B is statistically insignificant.

The remainder of the table investigates
the impact of targeting the treatments
based on heterogeneity in three dimensions:
Time targeting allows for different treat-
ments by the number of days before the
deadline. Demographic targeting allows for
different treatments by gender × age ×
family size group. State targeting allows
for different treatments by the consumer’s
state of residence.

The second section of the table shows the
effect of different types of targeting with the
single pooled treatment. Time and demo-
graphic targeting provides virtually no im-

provement relative to the 0.12 increase in
conversions from providing everyone with
the pooled treatment. State-specific target-
ing is more effective, raising the conversion
rate by 0.33 percentage points or about 7
percent of the 4.95 baseline. Combining
the state, time, and demographic target-
ing raises the conversion rate by 0.91 per-
centage points or 18 percent of the control
mean. We can rule out an increase below
0.37 percentage points with a 95 percent
confidence interval.

The final section of the table shows
the effects of different types of targeting,
additionally allowing for heterogeneity by
Treatment B and Treatment C. Separating
the treatments has a fairly minor impact on
time and demographic targeting but sub-
stantially increases the impact of state spe-
cific targeting to 0.61 percentage points.
Allowing state, time, and demographic tar-
geting, along with the differences by Treat-
ment B and C has the largest effect, rais-
ing conversions by 2.07 percentage points or
41.8 percent of the baseline. In this speci-
fication, the smaller samples in each group
reduces the precision of this estimate, but
we can still rule out an effect below 1.43 per-
centage points, or 29 percent of the control
mean, with a 95 percent confidence interval.

IV. Conclusion

Taken together, our results suggest that
the different messages tested by the firm
did marginally increase conversions, but op-
timal targeting across time, demograph-
ics, and geography increased conversions
substantially. Specifically, by targeting
the messages, we estimate conversion rates
could be increased more than 29 percent of
the control conversion rate. Our findings
suggest that limits, either explicit in regu-
lations or implicit due to political pressure,
on public exchanges may impact consumer
behavior. Assuming consumers are able to
choose a plan on an exchange that is pre-
ferred to remaining uninsured, our results
suggest that not only do these limits im-
pact conversion rates themselves but they
may also reduce welfare.

Our study has a number of important
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Table 1—Total Treatment Effects with Targeting

Treatment Effect 95 Percent
(Percentage Points) Confidence Interval

No Targeting:
Treatment B & C Pooled 0.12 (-0.01 , 0.26)
Treatment B 0.06 (-0.01 , 0.21)
Treatment C 0.22∗ (0.05 , 0.39)

Targeting, B & C Pooled:
Time Targeting 0.14∗ (0.02 , 0.33)
Demographic Targeting 0.13∗ (0.06 , 0.28)
State Targeting 0.33∗† (0.26 , 0.50)
State, Time, & Demo Targeting 0.91∗† (0.37 , 1.23)

Targeting, B & C Separate:
Time Targeting 0.15∗ (0.09 , 0.36)
Demographic Targeting 0.21∗† (0.19 , 0.43)
State Targeting 0.61∗† (0.52 , 0.88)
State, Time, & Demo Targeting 2.07∗† (1.43 , 2.40)

Note: Control conversion rate is 4.95 percent. Analysis restricted to observations with demographic information
(N=305,720).
∗ denotes that the treatment effect is significantly different from zero at the 95% level.
† denotes that the treatment effect is significantly different from the pooled (B & C), untargeted treatment effect at
the 95% level.

limitations. First, we study one specific
message in a specific time period: the im-
pact of reminders about deadlines during
the first open enrollment for the ACA in
which the deadline was being moved. Fur-
thermore, we study a targeting rule based
on the data we have available and using ad
hoc groupings (e.g above versus below me-
dian age). In future work we will model
the optimal demographic rules given the
data we have available. Beyond that, firms
could approach A/B testing not only to
measure specific messages in existing pop-
ulations but to optimize the overall target-
ing approach. While that is clearly beyond
the scope of this paper we believe these re-
sults underscore the value of pursing such a
research agenda, both for firms and for re-
searchers and policy makers hoping to im-
prove the experience of consumers purchas-
ing insurance through exchanges.
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