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Abstract

Social Learning in Health Insurance Choices: Evidence from Employer-Sponsored Health

Plans

by

Chaoran Guo

Doctor of Philosophy in Health Policy

University of California, Berkeley

Professor William H. Dow, Chair

Research has documented that consumers often have imperfect information about the

health insurance plans from which they are asked to choose, but we know less about the

sources of that information. Given the di�culty in obtaining reliable information from inde-

pendent sources, consumers may draw on their peers for recommendations. This dissertation

investigates the role of social learning in health insurance selection, using longitudinal data

from the University of California on plan choices of employees and peers in their department.

The data from 2011 to 2016 span a major change in the insurance choice set, which aids in

the statistical identification of social learning e↵ects among both incumbent employees as

well as new hires. I start by documenting the high similarity in plan choices within peer

groups, suggesting the possibility of strong peer e↵ects, and then use a variety of approaches

to test for potential confounding from unobserved heterogeneity. I employ a discrete choice

conditional logit estimator to formally model plan choice behavior, finding that a 10 percent-

age point increase in the share of peers who select a particular insurance plan will lead to a

14 percentage point increase in the probability that an individual will choose the same plan.

This large e↵ect on plan choice is equivalent to lowering the monthly premium by 18 percent.

I then use this model to simulate employer strategies that could exploit social learning to

better promote the employer’s insurance objectives. For illustration, I conduct counterfac-

tual analyses of incentives to promote adoption of a new consumer-driven insurance plan.

At the actuarially fair premium in this setting, demand for a consumer-driven plan is low,

and social learning further discourages take-up. However, with su�cient premium subsidies,

the model projects that the social learning e↵ects will become positive and can be harnessed

by employers to more e↵ectively achieve their cost and insurance coverage goals.
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1 Introduction

In recent years, employers and policymakers have explored numerous ways to lower health-
care costs — from implementing wellness programs to changing medical plan designs. In
particular, many self-insured employers have adopted consumer-driven medical plans, high-
deductible health plans (HDHPs) for instance, as a way to reduce healthcare costs by moving
employees toward plans with less risk protection. Some companies offer an HDHP as the
only benefit option, whereas other companies offer an HDHP as one of two or more options.
Previous research documents that when given a choice, the proportion of employees selecting
an HDHP varies widely across companies (Lave et al., 2011). The reason why some employ-
ers can promote their insurance objectives more effectively than others remains unclear. One
potential reason for the variation in employer effectiveness is social learning, a topic that has
not been explored.

To better explain the observed heterogeneity in individual behavior and aggregate outcomes,
I consider the role of social learning in health plan choices when employees rely on their peers
to help them make their own medical plan selection. I use the term “social learning” to refer
to information that comes from peers when employees face imperfect information, and I
model it as a function of peers’ choices. In health insurance decisions, information from
peers can potentially alter an individual’s belief about the quality of a plan.

Using panel data from the University of California (UC) from 2011 to 2016, which span
a major change in UC’s health plan offerings in 2014, I employ a discrete choice model
to explore the role of social learning in individual health plan choices. This model then
allows me to conduct counterfactual analyses to explore the impact of employer strategies
and the way social learning can be harnessed to more effectively achieve employers’ cost and
insurance coverage goals.

1.1 Social Learning is a Key Question in Economics and Health
Policy

Designing incentives to foster the adoption of consumer-driven insurance plans requires a
deep understanding of the process by which consumers choose their health plans. Traditional
models of insurance choice have assumed that consumers have complete knowledge and
that they make fully informed decisions. Yet in practice, choosing an insurance plan is a
complicated decision. Like many other experience goods and complex products, the (match)
quality of an insurance plan is ex ante uncertain. This uncertainty makes it difficult for
consumers, especially new consumers, to make accurate insurance choices consistent with
the homo economicus models. Different from other experience goods such as movies or
restaurants, health plan decisions are more complex and high-stakes. Given it is generally
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very costly for individuals to collect all the required information themselves to make a fully
informed choice, one can reasonably expect that much of the information needed comes from
individuals’ interactions with peers.

Although the importance of social learning has been documented in a large body of marketing
literature (Chen et al., 2011; Godes and Mayzlin, 2004; Liu, 2006; Moretti, 2011; Zhang, 2010)
and in studies examining peer effects on students’ performance (Hanushek et al., 2003; Burke
and Sass, 2013; Carrell et al., 2009; Zimmerman, 2003), only a few studies empirically show
how social learning leads to information cascades and herding behavior (e.g., Zhang, 2010).
Among them, several recent work speak to the importance of social learning in financial
decisions.

In studying how social learning influence stock market participation, Hong et al. (2004) build
a one-period model in which the fixed costs of participation for social investors are lower
when the participation rate among their peers is higher. They use data from the Health
and Retirement Study (HRS) to empirically test their model and define social investors as
individuals who know their neighbors or attend church. They demonstrate that sociability
is a strong determinant of stock market participation and the effect is the most salient
in states where the average stock-market participation rates are high. Theses findings are
broadly consistent with their hypothesis that social learning plays an important role in stock-
market participation. One limitation of this work is that HRS data doesn’t have information
on peer group per se. The proxies of sociability they take may not pick up the true social
learning effect of interest.

In terms of retirement plan choice, Duflo and Saez (2002) study the role of social learning
in selecting retirement plans using data from a large university, which contains information
on individual Tax Deferred Account plan (TDA) participation, contributions and mutual
fund vendor choice. They use coworkers within the same department as proxies of the
relevant social group and investigate how individual retirement saving decisions are affected
by their colleagues. To address the endogeneity problem in peers’ choices, the authors use
the average wage or tenure in the department as an instrument for the average participation.
Duflo and Saez (2002) find very suggestive evidence that peer’s savings decisions are strong
determinants of one’s own decision to participate in TDA plans and choice of the mutual
fund vendor. In a similar context, Beshears et al. (2015) also demonstrate that employees
do respond to their peers’ choices when making their own 401(k) decisions. They conduct a
field experiment and randomly provide employees with information on the savings behavior
of age-matched coworkers. Findings from their field experiment suggest that the presence of
peer information decrease savings of nonparticipants, but increase the contribution rate of
employees who choose a low 401(k) contribution.

In the context of health insurance choice, Beiseitov et al. (2004) examine the role of social
learning by studying the link between social interactions and health insurance choices of the
elderly. They adopt an approach that is similar to Hong et al. (2004) and use interactions with
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friends and neighbors as proxies for one’s sociability. They find that more sociable households
are less likely to enroll in a Medicare managed care plan. Such preference for traditional
indemnity insurance over managed care potentially arise from information exchanges among
the elderly. Globally, Liu et al. (2014) investigate the social learning effect in the New
Cooperative Medical Scheme (NCMS) enrollment decisions in rural China. They model
households’ NCMS enrollment decisions as a static game with incomplete information, in
which a household’s enrollment decision is influenced by decisions of other households in the
same village. Their results suggest that a household is more likely to take up the NCMS
if the average take-up rate in the village is high, which might be explained by information
transmission via social learning.

To the best of my knowledge, Sorensen (2006) is the only paper that uses observational data
to study social learning effects in the consumption of employer-sponsored insurance in the
United States. Sorensen (2006) uses plan enrollment data from the University of California
and estimates a discrete choice models in which individuals’ utility is affected by decisions of
coworkers in the same department. To overcome the identification problems, Sorensen (2006)
only estimates the social learning effect on health plan choices of newly hired employees and
assumes their choices are influenced by incumbents, but not vice versa. His estimation
results suggests a moderate social learning effects in health plan choices. However, questions
including whether the findings also apply to incumbent employees remain unanswered. Also,
a simple look at non-experimental data cannot fully rule out the possibility that peers’ plan
choices are correlated simply because they share some common tastes that are not observed.
More important, whether underlying heterogeneity exists in social learning and how social
learning should be exploited into incentive designs remain unclear.

1.2 Empirical Setting, Identification and Choice Model Results

The answers to these questions have important policy implications. To provide precise
answers, this dissertation investigates the role of social learning in insurance plan choices
of UC employees. I use detailed individual-level data from 2011 to 2016, which contains a
major policy change. In 2014, the university significantly altered the menu of its health plan
offerings – discontinuing four plans and adding two new plans. This policy change forced
a substantial portion of incumbent employees out of their previously chosen plan, requiring
them to make an active selection from the new menu. Prior studies seeking to quantify the
effects of social learning using observational data have been unable to estimate cleanly the
effects on incumbents because of little movement in their plan selections over time. However,
the active choice feature in my data allows me to identify potential social learning effects
not only in newly hired employees but also in incumbent employees.

I begin by presenting several model-free descriptive analyses that document the presence
of social learning. Because social learning will contribute to behavioral similarity, a direct



4

test of social learning is to examine whether peers in the same peer group exhibit excessive
similarities in their insurance choices relative to what I expect to observe based on individual
observables and campus-wide patterns. When looking at decisions of employees of a large
university like UC, the most natural peer group to consider is a department. I find that even
after controlling for individual characteristics including age, sex, race, salary, job character-
istics, and family composition, employees within the same department still select insurance
plans that “too similar” to each other.

While these tests provide some suggestive evidence that social learning may be relevant in
this context, to estimate the social learning effect precisely and to understand its implication
for employers’ benefit designs, I then turn to more rigorous choice models of health plans
which incorporate social learning into my analysis. In my baseline model, consumers make
choices that maximize their utilities over all plan options conditional on their peers’ choices,
plan premiums, and their own individual observables. Despite the panel nature of the data,
the model I estimate is static in the sense that it studies social learning effects at a given
point in time and thus does not model consumer learning over time. I use a static model
because previous literature documents large inertia in medical plan choices (Handel, 2013),
which is consistent with what I observe in the data.

My estimates reveal the importance of social learning in UC employees’ medical plan choices.
The baseline model, using plan choices of newly hired employees alone, predicts moderate
social learning effects with an average coefficient of 1.344. To put this into perspective,
consider two otherwise identical employees hired by two departments with a 10 percentage
point difference in the proportion of employees selecting Kaiser Permanente. My model
predicts that the employee in the department with a 10 percentage point higher Kaiser
Permanente take-up will be on average 14.4% more likely to select Kaiser Permanente than
the employee in the other department. Alternatively, social learning effects also can be
interpreted as the implied monetary value of selecting a popular plan. My model predicts
that employees are willing to pay an additional monthly premium of about $21 to select a
plan with a 10 percentage point higher take-up in their department. Framed in terms of
the relative importance of different components of the utility function, my estimates suggest
that, in fact, peers’ choices are nearly as important as premiums in UC employees’ medical
plan choices. Yet peers’ choices are dominated by all individual characteristics taken as a
whole, and those characteristics appear to be more important in determining new employees’
health plan decisions.

The signs and magnitudes of the estimates are consistent with the social learning expla-
nation. However, correlation of behavior within peer groups doesn’t necessarily arise from
social learning. Manski (1993) provides an exposition of hypotheses explaining why individ-
uals within the same peer group tend to behave similarly. Other than the social learning
explanation, correlation of choices also can arise simply because (1) individuals within the
same social group share a common unobserved taste (“correlated effects” in Manski’s termi-
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nology), or (2) individual behavior is affected by characteristics of the peer group members
(“contextual effects” in Manski’s terminology). In the context of medical plan choice at UC,
contextual effects are less relevant. An identification difficulty in my setting, as well as in
many other social learning and peer effects literature, is to distinguish the true social learning
effect from the correlated effects. To this end, I conduct several empirical tests that allow
me to rule out the possibility that similarity in plan choices within departments is driven
entirely by common unobservables.

I start with examining several implications of the social learning hypothesis related to the
underlying heterogeneity in social learning. Following much of the peer effects literature,
I begin by subdividing each department into subgroups where social learning effects are
expected to be more salient. In many cases, actual peer groups are much smaller than
departments, especially for employees in large departments. Newly hired employees may
talk more to other newly hired employees. Women may talk more to other women than
men. Therefore, it is plausible to expect that the decision of a peer within an individual’s
own subgroup is more influential than the decision of a peer outside that subgroup. To test
this hypothesis, I incorporate both the decisions of peers within one’s own subgroup and
the decisions of coworkers outside that subgroup into my choice model. I find own-group
social learning effects substantially more important than cross-group effects. Additionally,
if the observed similarity in plan choices within each subgroup is driven purely by common
unobservables, then subgroup-level peer effects should be more relevant for faculty members
than for staff. My estimates, however, are inconsistent with this prediction: the faculty-to-
faculty influence actually is not larger than the staff-to-staff influence.

Related, when modeling social learning as a function of choices made by all workers within
one’s department, the estimated social learning effect should be stronger in small depart-
ments than in large departments because people generally interact regularly with only a
small number of coworkers in their department. The estimated social learning effects at the
department level, however, are the average influence of all employees in one’s department.
The larger the department, the less likely that department is the actual peer group. Thus,
the influence of peers’ choices is expected to be smaller in larger departments. In the absence
of social learning effects, no particular reason exists for why correlated choices arising from
common unobservables should vary systematically with department size. Therefore, I allow
for heterogeneity in social learning across departments of different sizes. The results of my
choice model confirm that peers’ choices are more important in small departments, providing
additional evidence in support of the social learning explanation.

The changes that UC made to its health plan offerings in 2014 also permit several additional
direct tests of the social learning in incumbents. I empirically estimate social learning effects
in plan choices of incumbent employees who are affected by this policy change using several
different specifications. I estimate the extent to which plan selections made by incumbent
employees who need to actively update their plans are affected by an average peer, as well as
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by their peers who are not required to do so. I also restrict the sample to those who didn’t
take up the default and thus clearly making an active selection. I find substantial social
learning effects across all specifications. Some features of my estimates are reassuring. First,
I find similar social learning effects in these models, which also are close to the magnitude
I find among new hires. Second, results here also demonstrate that incumbent employees
are influenced by coworkers who are not similar to them (in terms of individual observables)
when they are required to make an active plan selection.

I then turn to incumbents who switched to a different department before this policy change
and were therefore required to update their plan selection after they arrived at their new
department. The social learning hypothesis predicts that choices of an individual’s new
coworkers are important, whereas choices made by peers within that individual’s old depart-
ment are less relevant. My estimates confirm this prediction. Plan selections of this group
are affected only by peers in their new peer group, not by peers in their old peer group.

Last, I also find that the estimated social learning effects are stronger in the year of pol-
icy change (i.e., 2014) than in other years. All these findings support the social learning
hypothesis over the common unobservable hypothesis.

1.3 Simulations of Employer Strategies: Interaction between Fi-
nancial Incentives and Social Learning

I then use my choice model estimates to simulate employer strategies that could exploit
social learning to better promote the employer’s insurance objectives. For illustration, I
conduct counterfactual analyses of incentives to promote adoption of a new consumer-driven
insurance plan (i.e., the HDHP option offered under the new menu). To this end, I start by
assuming the employer has sufficient resources at its disposal and I construct counterfactuals
in which the employer further subsidizes the premiums for the HDHP. At each subsidy level,
I solve for the equilibrium plan choices for each department and provide an estimator for the
aggregate HDHP take-up rate implied by the implemented financial incentives. I compare
HDHP take-ups in the presence of social learning effects to a counterfactual where social
learning is absent. I find that given the baseline HDHP take-up rate, the presence of social
learning effects, in fact, discourages enrollment in HDHPs. The same also holds true at low
subsidy levels. Ignoring social learning effects leads to overestimation of HDHP enrollment.
However, this relationship inverts with increased subsidies, and the sign of the social learning
effect flips if the employer subsidizes at least another $125 to HDHP premiums.

It is important to note that a $125 subsidy is a substantial investment for the employer given
that the average employee contribution to HDHP in 2014 is $119.3. This leads naturally to
my second counterfactual analysis in which I investigate how, for a given amount of spending,
social learning should be exploited to encourage the HDHP take-up most effectively. To this
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end, I consider counterfactual subsidies that are equivalent to a $100 subsidy per person,
but I allow the subsidy incidence rate to vary. My simulation results demonstrate that
the effectiveness of this strategy varies significantly with the design of the subsidy. At the
spending level studied, targeting 20 percent of all incumbent employees increases the HDHP
take-up from the baseline of 12.2% to about 28.5%. If the employer is able to identify the
top 30 percent of employees who are the most similar to their coworkers, the HDHP take-up
rates can be increased further to about 30%.

Although the counterfactual analyses in this dissertation focus primarily on promoting
HDHPs through subsidies, they are intended to apply broadly to any proposed employer
strategies to encourage coverage take-up and plan transitions. For instance, a range of
potential policies differentially help consumers embrace the HDHP transition, of which fi-
nancial incentives, educational communication, and proactive outreach are the most often
discussed policies. Besides the substantive findings specific to the insurance plan choices,
this dissertation also seeks to make a broader contribution and to speak to the consumption
of experience goods in general. The existence of social learning effects makes it possible for
firms to influence individuals’ decisions effectively through information campaigns, especially
among those individuals unfamiliar with the product.

The social learning effect investigated in this dissertation has enormous implications for
the adoption of complex products. When the social learning effect is sufficiently strong,
naïve behaviors known as herd behavior or informational cascades can arise. An immediate
result of these naïve behaviors is that aggregate responses to any information dissemination
practice within the organization can be very different from any simple measures of individual-
level response. For example, positive spillover effect or the “social multiplier” effect (Glaeser
et al., 2003) suggests that the “true” effect of attracting one additional customer can be
greater than one because of the additional effects stemming from social interactions. Note,
however, that social learning effects could operate in the opposite direction. In particular,
this dissertation shows that to nudge consumers towards a product that is less frequently
selected in their peer group, employers and policymakers need to offer extra incentives to
compensate for consumers’ willingness to “go with the crowd”. One potentially effective
strategy is to identify and target the most influential “opinion leaders” to induce further
information dissemination and behavior change within the organization.

The rest of the dissertation proceeds as follows. Section 2 summarizes the theoretical and
empirical literature on social learning, with an emphasis on the identification difficulties
in empirical work. Section 3 describes the data and empirical setting. Section 4 presents
simple descriptive tests that demonstrate the presence of social learning. Section 5 presents
my choice model specifications and the estimates. Section 6 describes the plan transition
pattern at UC. Section 7 investigates the impact of counterfactual strategies using financial
incentives in the presence of social learning. Section 8 presents results of robustness analyses
while section 9 concludes the dissertation.
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2 Interpreting the Correlation of Behavior within Social
Networks

The social learning theory proposed by Bandura in the 1970s (Bandura and Walters, 1977)
posits that individuals can learn from one another, purely through observing others’ behav-
iors and the outcomes of those behaviors. These observations enable an individual to model
and reproduce the observed behavior. Since then, the spread of knowledge through social
learning has been extensively studied in the theory literature. For example, in a sequential
decision-making setting described in Banerjee (1992) where a consumer observes her prede-
cessors’ choices but not the private signals they receive, a rational consumer will abandon
her own private information and simply imitate her predecessors. Bikhchandani et al. (1992)
further discusses how informational cascades may arise and induce conformity. This discus-
sion provides alternative explanations for the role of “peer pressure”: “Individuals, especially
those with little information or experience, obtain information from the decisions of others”
(Bikhchandani et al., 1992). However, the equilibrium of such herd behavior can be fragile,
idiosyncratic, and inefficient (Bikhchandani et al., 1992).

Even though social learning has been studied in a growing body of theoretical literature,
empirical evidence on social learning is still quite limited due to a number of identification
difficulties. The usual approach in many of the empirical studies is to estimate the depen-
dence of an individual’s behavior on the actions of peers who share the same social network.
However, correlation of behavior within peer groups doesn’t necessarily arise from social
learning. Manski (1993) provides a detailed description of three hypotheses explaining why
individuals within the same peer group tend to behave similarly.

1. Endogenous effects arise when individuals’ decisions are influenced directly by the
decisions of the members of their peer group. Unlike the other two mechanisms I will
discuss later, endogenous effects are a specific form of peer effect that involves social
interaction. Specifically, to obtain additional information, an individual may commu-
nicate with peers and extract information directly from others’ opinions. Alternatively,
they may only observe their peers’ choices, thus needing to infer information from their
actions. Throughout this dissertation, I define social learning as the endogenous effect,
in Manski’s terminology, which can arise from either mechanism.

2. Exogenous (contextual) effects arise when an individual’s behavior is influenced
directly by the exogenous characteristics of peers, even after controlling for the indi-
vidual’s own characteristics. Exogenous effects cannot be ruled out in many settings
because peers within the same peer group often are subject to similar conditions. These
conditions are determined by the average characteristics of the group. For instance,
the likelihood of being offered a retirement savings plan is higher for a well-paid group.
Thus, the probability of individuals participating in any saving plans is correlated with



9

the average salary of their peers (Duflo and Saez, 2002).

3. Correlated effects arise when individuals in the same peer group behave similarly
because they have similar individual characteristics, which may or may not be observed
by the researcher (unobserved heterogeneity). It also is highly possible that the simi-
larity in their behaviors comes from the similar environment they share. For example,
faculty members in the same department may have similar tastes and preferences sim-
ply because they have similar training and background, something researchers cannot
measure or quantify directly.

Any (combination) of the mechanisms described above can result in similar behaviors among
individuals within the same social network. However, the “social multiplier” effects or pos-
itive spillover effects can be generated only through the endogenous effect (Manski, 1993).
Therefore, the very first issue I want to address with the present dissertation is to isolate
the “endogenous effects” (or social learning effects) of interest – which is the most policy rel-
evant – from the other two channels. “Exogenous effects” are not likely to be present in the
context of employer-sponsored health insurance for a number of reasons. First, all employees
share the same benefit program managed by the Benefits Programs and Strategy unit of the
University of California Office of the President (UCOP), which is responsible for designing
and implementing health and welfare programs and policies systemwide. UCOP human re-
sources provides each new employee with a “Complete Guide to Your UC Health Benefits”
within a week of hire. In addition, the human resources unit offers webinars every workday
to provide an overview of the health benefit program to all new hires who are eligible for
full benefits. Campus-based medical plan information sessions also are offered, but they are
identical for all departments on the same campus. In other words, the specific department
in which one works does not affect the level of information provided by the university to help
employees make medical plan decisions. Second, it is unlikely that an individual’s medical
plan is affected directly by her colleagues’ exogenous characteristics such as age, gender,
or income. Hence, my main challenge is to distinguish the social learning effect from the
“correlated effects” or unobserved heterogeneity.

In addition to the existence of competing hypotheses, another difficulty with estimating
social learning effects using observational data is the reflection problem due to simultaneity in
decision making. With only observational data, peers’ actions cannot be viewed as exogenous
due to the simultaneous nature of decision-making. In the context of medical plan choices,
an individual’s plan selection is affected by what plan her peers select. At the same time, her
peers’ choices are also affected by the focal individual’s choice.To see this problem, consider
a simple case when I regress individual i’s choice as follows:

pidk = ↵ + �f(c�i,d) + �Xi + "i (1)

where the left-hand side variable, pidk, denotes the probability that employee i in department
d selects plan k. The agent i’s decision can be affected by her colleagues’ decision to purchase
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that product, f(c�i,d) - a function of medical plan choices of all other employees in department
d where focal agent i works. Xi are observable characteristics of individual i, including
age, gender, home address, family structure, salary, and job classification. Last, "i is an
independent and identically distributed (i.i.d.) error term. A positive � suggests that an
individual’s plan choices are correlated with her peers’ decisions, after controlling for her
own characteristics.

This regression (equation 1) is problematic for multiple reasons. First, consider i’s social
neighbor h, whose decision is determined by a similar equation

pjdk = ↵ + �f(c�j,d) + �Xj + "j (2)

I have good reasons to believe that in equation (1), cj – an element of f(c�i,d) – and "i
are correlated (typically positively). In addition, the error term in the two equations – "i
and "j – tends to be (positively) correlated, which is also very concerning. This correlation
can arise from the similarity of the individuals’ unobservable characteristics or the common
environment they share – what Manski calls the “correlated effect” (Manski, 1993). If such
simultaneity bias is left unaddressed, I will overstate the true social learning effect.

Empirical studies have attempted to deal with this issue in many ways. For instance, some
researchers assume that some average characteristics of a department may not directly affect
individual medical plan decisions, and therefore can be used as an instrumental variable
for peers’ behaviors (Case and Katz, 1991; Duflo and Saez, 2002). Others restrict their
analysis to newly hired employees and assume the social learning effect is unidirectional. New
hires learn from the decisions of incumbent employees in their department, but incumbent
employees’ decisions are not affected by new hires’ (Sorensen, 2006). This dissertation utilizes
the latter approach and leverages the unique menu change contained in the data, which allows
me to detect social learning effects not just in new hires, but also in incumbents.

Unlike other experience goods and services such as restaurants and movies, substantial inertia
has been documented in medical plan choices. Handel (2013) estimates that on average, an
individual is willing to forgo up to $2,032 to remain in the same plan. The large inertia
uncovered suggests that plan switches are expected to be rare unless an employer changes its
sponsored insurance plans or an individual experiences certain life events such as marriage,
divorce, or a new job. Consistent with this prediction, Sorensen (2006) reports an average
switch rate of 5–6% per year among all UC employees. Given the substantial inertia displayed
by this population, it is reasonable to expect that some UC employees either don’t inquire
about their peers’ insurance choice at all or they simply ignore the information they receive
from their peers and stay where they are. Even when they have to make an active choice
under the new menu, it is likely these consumers prefer to stay with their previous carrier
if possible and ignore all the information they have learned through their social network.
This implies that, with substantial inertia, the observed choices of existing employees largely
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reflect decisions that were made in the past, and social learning occurs only for the extreme
cases (e.g., for individuals with extremely little private information about the choice set
or for those who find everyone else in their peer group cluster on a plan which is different
from what they choose). Although the data available doesn’t allow us to estimate precisely
what the social learning effect would be if inertia is not present, our estimates for incumbent
employees should be viewed as conservative lower bounds.

3 Data and Empirical Settings

The University of California (UC) consists of ten campuses, three laboratories, and one stand-
alone law school, providing medical insurance for approximately 100,000 active employees as
well as their spouses and dependents annually. Nearly all full-time employees and some part-
time employees are eligible to participate in the UC medical benefit program by choosing
a plan offered through the UC system. In this dissertation, I study UC employees’ health
insurance choices over the time period from 2011 to 2016, which includes a major change in
UC’s insurance offerings in 2014.

Prior to 2014, the typical employee at any UC campus could choose from four Health Main-
tenance Organization (HMO) plans (Health Net Blue & Gold, Health Net Full HMO, Kaiser
Permanente, and Western Health Advantage1), a point-of-service (POS) plan (Anthem Blue
Cross PLUS), two preferred provider organizations (PPO) plans (Anthem Blue Cross PPO,
and Anthem Lumenos with HRA), and a traditional fee-for-service plan (Core Medical).
Table 1 presents details on the pattern of employee choices in 2013. Different enrollment
patterns are observed for different campuses. At UC Berkeley, for instance, more than 50
percent of employees were enrolled in Kaiser, about 20 percent in Health Net Blue & Gold,
10 percent in Health Net Full HMO, and about 15 percent in one of the four PPO/POS
options. At UC Santa Cruz, however, the take-up of Kaiser was much lower, with only 7
percent choosing this plan, 70 percent choosing either of the two remaining HMO plans, and
20 percent choosing a PPO or POS product.

UC significantly altered its plan offerings for 2014, discontinuing four insurance products
from its old menu – the POS plan, both PPO plans, plus one HMO plan (Health Net Full
HMO) – and adding two new PPO plans into the new menu to compensate for dropping
both PPO plans: Blue Shield Health Savings Plan and UC Care. The Blue Shield Health
Savings Plan is a high-deductible PPO plan paired with a tax-advantaged health savings
account (HSA) that lets users contribute money before taxes and use it for health care costs.
UC Care provides access to care from most UC physicians and medical centers as well as the
Blue Shield Preferred network of providers.

1Western Health Advantage (WHA) is a regional HMO serving Sacramento, Placer, El Dorado, Colusa,
Yolo, Solano, Marin, Napa and Sonoma counties.
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During the open enrollment period for 2014, approximately every one in three UC employees
have to update their medical plan selection; otherwise, they will be automatically enrolled
in a plan considered the “most comparable” to their old ones. Specifically, if they take no
action at the time of plan choice for 2014, enrollees of Health Net Full HMO are defaulted
into Health Net Blue & Gold; Anthem PPO and Anthem PLUS enrollees are defaulted
into UC Care; and Anthem Lumenos HRA enrollees are defaulted into Blue Shield Health
Savings Plan. For those taking up what UC called the “most comparable plan” under the new
offering, premiums would either stay essentially flat or drop by as much as $200, depending
on their plan choices and coverage level. Table 2 compares premiums in 2013 and 2014 for
employees in Pay Band 2 (with an annual income between $51,001 and $102,000). Employees
in other pay bands experience similar premium changes.

Table 2: Comparison of Plan Rates in 2013 and 2014

2013 2014 Net change

Plan Individual Family Plan Individual Family Individual Family
Health Net Blue & Gold $61.31 $232.59 Health Net Blue & Gold $65.54 $242.32 $4.23 $9.73
Health Net Full HMO $144.33 $473.35 -$78.79 -$231.03
Kaiser Permanente $45.72 $139.18 Kaiser Permanente $47.83 $146.35 $2.11 $7.17
Western Health Advantage $45.72 $139.18 Western Health Advantage $47.83 $146.35 $2.11 $7.17
Anthem Blue Cross PLUS $111.48 $378.08 UC Care $108.01 $366.01 -$3.47 -$12.07
Anthem Blue Cross PPO $142.81 $486.94 -$34.80 -$102.93
Anthem Lumenos HRA $45.72 $139.18 Blue Shield Health Savings Plan $45.72 $140.06 $0.00 $0.88
Core $0.00 $0.00 Core $0.00 $0.00 $0.00 $0.00

Table 3 compares plan transition probabilities from 2013 to 2014 (i.e., the policy change year)
to transitions from 2012 to 2013. Overall, employees are about twice more likely to switch
plans in 2013 than in 2012. Difference in transition probabilities of the two years is greatest
for plans that were discontinued in 2014, with the exception of Anthem Blue Cross PPO.
Enrollees of Health Net Full HMO, Anthem Blue Cross PLUS, and Anthem Lumenos HRA
are 2.74, 4.84 and 3.76 times more likely to switch plans in 2013 than in 2012, respectively.
However, transition probability of Anthem Blue Cross PPO enrollees is stable in the two
years.

The UC administrative data files used in this dissertation span the period from January 2011
to September 2016. For each employee, I observe all health insurance options available as
well as the plan and coverage tier (single, two-party, or family) chosen by the employee at the
beginning of each year and again in September. The panel data also include the following
employee characteristics: age, gender, home zip code, salary, job tenure, job characteristics,
years on current plan, and the department and campus where the employee works. These
data allow me to study the social learning effect in the context of individuals’ choices of
employer-sponsored health plans.

Table 4 presents summary statistics for all 103,961 employees present in the data in 2013.
Demographic compositions vary slightly across campuses. Overall 59.4 percent of the em-
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Table 3: Comparison of Plan Transition Probabilities

Number (%) of Plan Transitions

2013-2014 2012-2013

Health Net Blue & Gold 1073 1745
(5.40) (7.01)

Health Net Full HMO 2675 1454
(44.53) (16.26)

Kaiser Permanente 439 446
(2.19) (1.78)

Western Health Advantage 140 92
(2.93) (2.02)

Anthem Blue Cross PLUS 1835 502
(27.81) (5.74)

Anthem Blue Cross PPO 640 936
(16.56) (16.91)

Anthem Lumenos HRA 607 160
(29.34) (7.81)

Core Major Medical 306 288
(31.10) (25.49)

Total 7715 5623
(12.01) (6.95)

ployees are female, and 49.4 percent are white. I observe age data grouped into 5-year bands
with each band between 30 and 60 accounting for roughly 13% of the total population. In-
come is grouped into tiers with $10,000 increments, increasing from less than $20,000, up
to the highest tier for employees that earn more than $250,000. About 29 percent of UC
employees have incomes less than $50,000, with 47 percent between $50,000 and $100,000,
and the remaining 23 percent with incomes greater than $100,000. Almost 40 percent of
employees cover only themselves with health insurance, 28 percent also cover a spouse or
dependent(s), and the remaining 33 percent cover a spouse plus dependent(s). Almost 20
percent of the employees hold academic positions.
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4 Descriptive analysis of choice correlation within peer
groups

I start my analysis by presenting some preliminary evidence of social learning in the studied
population. The social learning theory predicts that individuals under uncertainty imitate
the behavior of other individuals in their social network. This imitation will lead to excessive
similarity in behaviors within a peer group. To detect the existence of the social learning
effect, I start by investigating whether excessive similarities exist in insurance choices of
individuals sharing the same social network. The most natural social network (or peer group)
in this setting is colleagues in the same department. I measure the degree of similarity of
health plan choices within departments with the following expression, following the approach
described in Sorensen (2006) and Ellison and Glaeser (1997). For notation convenience I omit
the subscript c indexing campuses:

Sd =
KX

k=1

(pdk � pk)
2

where k 2 {1,2,...K} is one of the available insurance options and d 2 {1,2,...D} is a depart-
ment unit. pdk is the proportion of individuals in the department d that select plan k, and
pk is the proportion of individuals who select plan k across all departments of each univer-
sity campus. S is expected to be minimal if the choice pattern in each department closely
resembles the choice pattern of the entire campus. S attains its minimum of zero when each
department’s health plan choice pattern exactly matches the pattern of insurance choices of
the entire university (i.e., pdk = pk 8d 2 {1,2,...D}, k 2 {1,2,...K}). In contrast, I expect to
observe a much larger S if individuals in different departments cluster on different health
insurance plans.

To test whether too much variance exists in health plan choices across departments at each
campus (i.e., excess clustering within department), I simulate the distribution of S for each
department under the null hypotheses that an individual’s plan choice is independent of the
choices of their colleagues who work in the same department. That is, the null hypothesis says
that social learning is not present or not important in this context and that an individual’s
plan choice is simply a random draw from a multinomial distribution with the probability
of choosing plan k equal to the campus-wide average pk. Under the null hypothesis, I use a
simple bootstrap method to obtain 10,000 bootstrap samples. For each bootstrap sample, I
calculate a bootstrap estimate of Ŝd and compare it with the actual empirical Sd I observe
in the data.

One obvious threat to the proposed measure Sd is that I assume away any potential differences
in demographic composition across departments of the same campus. Social learning is not
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necessary to induce similarity in plan choices. Correlated choices also can arise due to similar
characteristics shared among individuals within the same department, which may or may not
be observed by researchers (i.e., “correlated effects” in Manski’s terminology). To account for
the similarity of individual characteristics within a department, I simulate a second set of Ŝd

taking into account departmental differences in the composition of employee characteristics.
To implement this, I estimate a multinomial logit model in which plan choice depends on
individual characteristics Xi, including age, sex, race, annual UC salary, job characteristics
(academic vs. non-academic), and family composition inferred from the coverage tier (i.e.,
whether the employee chose single, two-party, or family coverage). I then obtain the predicted
choice probabilities (p̂k(Xi)) for each individual and use them to simulate the distribution
of Sd .

The bootstrap results of S are summarized in Table 5. I report the fraction of departments
whose actual value of Sd falls in the top 10%, 5%, and 1% of the bootstrapped distribution
with and without correcting for observed demographics. The simulation results suggest
substantial clustering for a relatively large fraction of departments. To interpret these results,
consider the null hypothesis that an individual’s choice is purely independent. Under the
null hypothesis, I expect to observe that roughly 5% of all departments fall in the upper
5% tail of the simulated distribution. Instead, I observe that a substantially larger fraction
of the departments, 13.06%, falls in this extreme. Similarly, for the upper 1% tail of the
distribution (i.e., p-value less than 0.01), more than 5 percent of all departments fall in this
region of the bootstrapped distribution, even after controlling for individual observables.

Table 5: Health Plan Clustering within Departments

Number (%) of departments
with p-values less than:

0.01 0.05 0.10 1.00

No correction for demographics 106 183 242 712
(14.89) (25.70) (33.99) (100)

Correcting for demographics 37 93 143 712
(5.20) (13.06) (20.08) (100)

The results presented in this section are largely suggestive, but by no means conclusive.
With the evidence presented here alone, I cannot distinguish among alternative plausible
hypotheses described in Manski (1993) and Manski (2000), especially between “endogenous
effects” (or social learning effects) and “correlated effects” (or unobserved heterogeneity). In
the following section, I utilize a series of models to test for and quantify the social learning
effects against other plausible sources of correlation.
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5 Choice Model Specification and Results

5.1 Baseline Model of Newly Hired Employees

My baseline model studies the plan choices of newly hired employees at the time of their
arrival. New employees are an interesting group to investigate for a number of reasons. First,
the restriction to new hires engenders minimal concern about the “reflection problem” that
arises from the simultaneous nature of plan choices (Hartmann et al., 2008). Social learning
is symmetric in the sense that an individual’s choice affects her coworkers’ plan choices; at
the same time, her coworkers’ plan choices affect the choice of the individual in question. The
simultaneous decision making introduces a perfect collinearity between the expected mean
outcome of a group and its mean characteristics. To overcome this identification difficulty,
I follow Sorensen (2006) and assume that new hires’ plan choices are affected by the choices
of their coworkers who have experienced the plans in the past, but not vice versa. This is
a reasonable assumption as existing employees are not likely to rely on their newly hired
colleagues to select their health plan choices both because prior work reveals large inertia
in medical plan choice (Handel, 2013; Marzilli Ericson, 2014) and because new hires are
expected to have less private information about the plan options. Under this assumption,
existing employees’ plan choices can be viewed as exogenous in that they are not affected
by the behavior of the new hires in question. Second, incoming cohorts of new employees
have no inertia when they make initial plan choices by construction because (i) there’s no
stated default option for new employees at the time of arrival, and (ii) they don’t have an
incumbent plan option inertia.

In this simple case, I assume that a new hire’s health plan decision is affected by her cowork-
ers’ plan choice, by plan premium, and by her own characteristics. Formally, the ex ante
perceived utility of the representative employee, indexed by i, in department d choosing
health insurance plan k from a set of options K is as follows:

uidk = ✓f(c�i,dk) + ↵Premik + �kXi + "ik (3)

Here, f(c�i,dk) captures the potential influence of peers within her department d, with ✓
indexing the strength or importance of the peer influence. Following much of the literature, I
model social learning effects as a function of coworkers’ decisions within the same department
d, not including individual i. I start with the simplest case assuming all coworkers within a
department have equal impact on the focal agent. This implies that social learning effects
can be captured with the following expression:
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f(c�i,dk) =

P

j2d\{i}

cjdk

Nd � 1
(4)

where Nd is the total number of employees in department d, cjdk is an indicator that equals
one if employee j in department d chooses plan k. In expression (4), the social learning effect
is simply a linear function of the share of employees that select plan k in the peer group.
In this case, employees’ perceptions of the payoffs to a given plan increase in proportion
to the share of their coworkers who choose that plan. I will take up other specifications
of the social learning effect later in this section. Premik is individual i’s responsibility for
the premium post-employer contribution to plan k, which depends both on coverage tier
(single, two-party, or family) and on the income of the employee. Xi is a vector of individual
observable characteristics, including age, sex, annual UC salary, home zip code, job tenure,
job characteristics (academic vs. non-academic). "ik is the individual-plan specific error
term which represents unobservable individual characteristics that make individual i’s taste
for plan k different from the tastes of the average individual. I assume "ik are i.i.d. type I
extreme value distributed, which produces a simple closed-form expression for the probability
associated with each health plan alternative:

pidk =
exp{✓f(c�i,dk) + ↵Premik + �kXi}P

m2K exp{✓f(c�i,dm) + ↵Premim + �mXi}
(5)

Once the choice probabilities are obtained, they feed into a simple log likelihood,

lnL =
X

i

X

k

cidk ln pidk

which is then maximized to obtain parameter estimates.

Another difficulty in estimating equation (5) is the potential existence of unobserved de-
partment plan specific heterogeneity (⌘dk) in preference. As a starting point, I assume that
the unobserved department plan specific heterogeneity is unimportant—i.e., the (⌘dk’s) are
zero. I shall return to discuss this issue in depth. Table 6 presents the parameter estimates
for my primary model of interest for newly hired employees.2 The estimates of coworkers’
share ✓ should be interpreted as the influence of coworkers’ decisions after conditioning on
the employee’s own characteristics, including age, annual salary, gender, coverage type, and
a full set of dummies for region or neighborhood of residence. The estimates of the social
learning effect ✓ are all positive and precisely estimated. The similar estimates across cam-
puses perhaps suggest that the social learning process is similar in these locations. In terms

2Plan-specific coefficients on employee characteristics are omitted to save space. Please see details in
Table 23 in Appendix.
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Table 6: Maximum-Likelihood Estimates, Social Learning Among New Hires

(1) (2) (3) (4) (5) (6) (7)
UCSF Davis UCLA Riverside UCSD Santa Cruz Irvine

Premium -0.006⇤⇤⇤ -0.002 -0.005⇤⇤ -0.006⇤⇤⇤ -0.008⇤⇤⇤ -0.012⇤⇤⇤ -0.003⇤
(0.001) (0.002) (0.002) (0.002) (0.001) (0.002) (0.002)

Coworkers’ share 1.398⇤⇤⇤ 1.600⇤⇤⇤ 1.746⇤⇤⇤ 1.313⇤⇤⇤ 0.918⇤⇤⇤ 1.549⇤ 1.609⇤⇤⇤
(0.281) (0.311) (0.367) (0.411) (0.202) (0.869) (0.435)

Observations 14207 18714 10495 6728 23115 4287 6561
Estimates obtained using only choices of newly hired employees. Standard errors in parentheses, adjusting
for clustering by department. Full sets of plan-specific coefficients on employee characteristics omitted to
save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

of the interpretation of the estimates, consider two employees who are hired into two different
departments in the year 2011, both of whom are as likely to choose Kaiser Permanente as
Health Net Blue & Gold based on their individual characteristics. However, one employee
finds very few of her coworkers are on Kaiser Permanente, whereas the other employee finds
a much larger share of her coworkers are on Kaiser Permanente. The estimated social learn-
ing effect reflects how much more likely the latter employee is to choose Kaiser Permanente
relative to the former employee. In particular, for two employees in departments with a 10
percentage point difference in the share of Kaiser Permanente, an average newly hired em-
ployee in the department with higher Kaiser Permanente share will be 10%-19% more likely
to select Kaiser Permanente than an average newly hired employee in the other department.

5.2 Social Learning or Unobserved Heterogeneity?

The results reported above should be interpreted with caution. The signs and magnitudes of
the estimates presented in the previous section assume away the unobserved heterogeneity.
If, in fact, unobserved heterogeneity is important, it will lead to correlated plan choices even
in the absence of any social learning effects. Three main strategies have been used in the
empirical literature to handle the problem of correlated effects in nonlinear models using
observational data. A first strategy has been to include a group fixed-effect term that cap-
tures all group-invariant correlated effects (e.g., same environment, and similar preferences
towards medical plans). The second strategy uses group average characteristics as an instru-
mental variable for peers’ choices, which allows identification of a composite (endogenous +
contextual) peer effect. The third strategy assumes that if peer groups are only a subset of
each department, cross-group effects should be smaller than own-group effects. I use this
subgroup analysis to address this difficulty directly. Several features of my data also permit
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other direct tests of the correlated effects.3 I discuss the methods and results in more detail
in the remainder of this section.

5.2.1 Own- vs. Cross-Group Peer Effects

Bala and Goyal (1998) take the logic of social learning a step further. They argue, plausibly,
that people do not learn from a random sample of others. Rather, they tend to learn
from people who are closer (in some sense) to them – this is what they call “learning from
neighbors”. To further examine whether correlated plan choice within departments is, in fact,
driven by unobservables common to the entire department, I follow the subgroup analysis idea
developed by Munshi (2004), which has been used in many later works (Duflo and Saez, 2002;
Sorensen, 2006). Specifically, I divide each department into subgroups where peer effects
can be expected to be stronger, and I estimate the social learning effect in these social sub-
networks. Presumably, faculty may talk more to other faculty than to staff. Young employees
probably interact more with other young employees than to more established employees. If
similarity in plan choices arise from unobserved heterogeneity across departments, I should
observe similar positive estimates of both own-group peer effects (✓own) and cross-group peer
effects (✓cross). If, on the other hand, department-common unobservables are not important,
the cross-group effect should be smaller than the own-group effect. Some natural subgroups
to consider here are faculty vs. staff, women vs. men, young employees vs. older employees.

Results in Table 7 indicate that own-group effects are substantially more important than
the cross-group effects except for men. Men’s health plan choices are influenced equally by
other men and by women. Overall, the results support the social-learning explanation over
department-unobserved heterogeneity. However, correlated subgroup-level unobservables can
still be relevant. To address this point, I follow the test described in Sorensen (2006) and
compare the estimated own-group peer effects among faculty with the effects among staff.
If the estimated effects are driven purely by the fact that economists think alike but don’t
necessarily think like economics department staff, then to be consistent with subgroup-level
unobserved heterogeneity, the faculty-to-faculty influence should be larger than the staff-
to-staff influence (Sorensen, 2006). This prediction is made because faculty members in an

3My data do not allow the inclusion of fixed effects at the peer group level because UC employees rarely
change their plans once they make their initial selection. About 5 percent change their plans from year to
year. Therefore, little variation exists in departments’ collective choices over time. Given the nature of the
study design, fixed effects must be defined at a level higher than departments. Otherwise, peer effects are
absorbed in these effects and cannot be identified. I include campus fixed effects and reestimate model (3),
explicitly allowing for campus-specific unobserved heterogeneity. A main challenge to the campus fixed-effect
approach is the feature that departments are not formed randomly. Unobserved heterogeneity could still
be relevant for employees within the same department, especially among faculties who are more likely to
share similar preferences. As an additional check, I further restrict the sample to staff where the correlated
effect is less concerning. Explicitly allowing for campus-specific unobserved heterogeneity does not make the
endogenous effects go away in any of these specifications.
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Table 7: Social Learning Effects on Insurance Choices among Sub-groups

(1) (2) (3) (4) (5) (6)
Faculty Staff Female Male Young Old

(below 45) (above 45)

Premium -0.006⇤⇤⇤ -0.005⇤⇤⇤ -0.006⇤⇤⇤ -0.005⇤⇤⇤ -0.006⇤⇤⇤ -0.005⇤⇤⇤
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Faculty’s share 0.840⇤⇤⇤ 0.135
(0.187) (0.091)

Staff’s share 0.452⇤⇤ 1.130⇤⇤⇤
(0.189) (0.184)

Female’s share 1.066⇤⇤⇤ 0.592⇤⇤⇤
(0.130) (0.141)

Male’s share 0.222⇤⇤ 0.560⇤⇤⇤
(0.087) (0.116)

Young employees’ share 0.904⇤⇤⇤ 0.349 ⇤⇤

(0.101) (0.145)

Old employees’ share 0.407⇤⇤⇤ 0.819⇤⇤⇤
(0.102) (0.165)

Observations 16154 28758 51133 31838 65064 18570
Estimates obtained using only choices of newly hired employees. Standard errors in parentheses, adjusting
for clustering by department. Plan-specific coefficients on employee characteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

academic department should have more similar training and background than staff persons in
the same academic department. It is thus reasonable to expect that subgroup-level common
unobservables should be more relevant for faculty than for staff. My estimates, however, are
inconsistent with the subgroup-level unobserved heterogeneity explanation, and the faculty-
to-faculty influence is actually not larger than the staff-to-staff influence (0.840 vs. 1.130;
p=0.2206).

5.2.2 Size of Peer Groups

In the presence of social learning, the average per-coworker effect should be stronger for
employees who are in smaller peer groups. Consider, for example, two departments, one
has 10 employees while the other one has 100 employees. Suppose in both departments, 20
percent of all employees select Kaiser Permanente. All of my earlier specifications assume
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implicitly that the average peer influence on the probability of choosing Kaiser Permanente
is the same in both departments. While I do not have direct information on the true size
of the social network, it seems plausible to assume that employees keep in regular contact
with only a small number of coworkers regardless of the size of their home department.
For employees in a department with 100 employees, it is unlikely that the employees have
regular interaction with all coworkers in their department. The estimated social learning
effect at the department level, however, is the average influence of all coworker. Therefore
large departments are less likely to be the actual peer groups and the “true” social learning
effects should be understated.

In the absence of social learning, no particular explanation emerges as to why correlated
effects should vary systematically with the size of the social network. To test this prediction,
I follow Sorensen (2006) and model the social learning effect (✓) as a function of department
size as follows

✓f(c�i,dk) = ✓(Nd)
X

j2d\{i}

cjdk (6)

where the per-coworker influence is

✓(Nd) = ✓0 + ✓1Nd +
✓2
Nd

Here the coefficients of interest are the coefficients on the department size Nd. Consistent
with the social learning explanation, I find the average per-coworker influence is indeed
smaller (larger) in larger (smaller) departments (Table 8).

5.2.3 Plan Choice of Incumbent Employees

Given the major change to insurance provision contained in the data, another promising
approach to distinguish social learning effects from unobserved heterogeneity is to look at
the behavior of incumbent employees in the following special circumstance: those whose old
plans are discontinued and who are required, therefore, to make an active selection. It is
important to note here that the unobserved heterogeneity in preferences over health plans
could be very different between incumbent employees who have selected a discontinued plan
and incumbent employees whose plans remain available. The discontinued plans generally
offer larger provider networks and charge higher premiums. Not surprisingly, incumbent
employees whose plans are discontinued are on average older, more likely to be male, have
higher wages, be married, and hold academic positions (Table 9). In the case of new plan
selection by this group, one might expect these employees to have different tastes from
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Table 8: Social Effects and Department Size

Estimate

Premium -0.006⇤⇤⇤
(0.001)

✓0 0.011⇤⇤
(0.005)

✓1 �5.71⇥ 10�5 ⇤⇤

(2.57⇥ 10�5)

✓2 1.052⇤⇤⇤
(0.182)

Observations 84107
Per-coworker effect is ✓0 + ✓1Nd + ✓2/Nd. Estimates
obtained using only choices of newly hired employees.
Standard errors in parentheses, adjusting for clustering
by department. Plan-specific coefficients on employee
characteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

those who initially don’t choose one of the discontinued plans. Therefore, it is reasonable to
expect that the unobserved heterogeneity, if any, should be less concerning when analyzing
how their decisions in 2014 were influenced by coworkers who can stay with their old plans.
In contrast, if the similarity in plan choices is purely due to social learning, I still expect
to find substantial plan similarities between these two groups, despite the fact that they
should think less alike. To empirically test whether social learning is relevant, I estimate the
extent to which plan selections made by incumbent employees who need to actively update
their plans are affected by their peers who are not required to do so. Due to the presence of
default options, I conduct two tests. First, I include an indicator of default options, which
allows me to identify how defaults impact plan selections (Table 10 column 2). The second
approach is to restrict the sample to those who don’t select their defaults and thus clearly
made an active plan selection in 2014 (Table 10 column 3).

Table 10 indicates that the results are consistent with the social learning hypothesis and
suggests that social learning effects also are relevant among incumbent employees. In the
case of all incumbents whose plans are discontinued, the social learning effects seem to be
somewhat smaller than what I find among new hires (in Table 6). At least two reasons
could explain this finding. First, given the existence of defaults, I cannot distinguish those
who select a plan which happens to be their default from those who don’t make an active
selection and are automatically defaulted into that plan. Clearly minimal social learning is
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Table 9: Comparison of Characteristics of Incumbent Employee in 2014

Incumbent employees whose plan was
Retained Discontinued Difference SE

Age 44.04 48.76 -4.72⇤⇤⇤ 0.063
Percent Female 0.603 0.530 0.073⇤⇤⇤ 0.003
Salary (in $1000) 75.58 98.41 -22.83⇤⇤⇤ 0.245
Percent faculty 0.177 0.356 -0.178⇤⇤⇤ 0.002
Percent single 0.402 0.388 0.014⇤⇤⇤ 0.003
SE: standard error; ⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

Table 10: Social Learning in Incumbent employees Whose Plan was Discontinued in 2014

(1) (2) (3)
All incumbents All incumbents Who select a non-default

Premium -0.006⇤⇤ -0.006⇤⇤ -0.009⇤⇤⇤
(0.002) (0.002) (0.003)

Decisions of all coworkers 1.507⇤⇤⇤
(0.192)

Decision of coworkers who are unaffected 0.987⇤⇤⇤ 1.580⇤⇤⇤
(0.194) (0.276)

Default 1.580⇤⇤⇤ 1.584⇤⇤⇤ -
(0.038) (0.038) -

Observations 26505 26505 8585
Estimates obtained using only choices of incumbent employees. Standard errors in parentheses, adjusting
for clustering by department. Plan-specific coefficients on employee characteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

involved for the latter group. Second, if it is true that employees interact mostly with peers
who share similar demographic characteristics, I may not capture the true social group for
the incumbents in questions. Therefore, estimates in Table 10 column 2 should be viewed
as conservative lower bounds of the true social learning effects. Notably, in the case of those
who are actively switching plans, the estimates in column 3 indicate that they rely more
heavily on the suggestions and observed choices of their coworkers.

5.2.4 Department Switchers

My data permit another test of the correlated effects hypothesis. In 2013, 101 employees
switched departments, 31 of whom were affected by the new medical plan offerings in 2014.
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Table 11: Social Learning Effects among Employees Switching Departments

(1) (2) (3)
Switcher Switcher Non-switcher

Old department New department

premium 0.008 0.011 -0.002⇤⇤⇤
(0.007) (0.007) (0.000)

Coworkers’s share 0.585 2.464⇤ 0.933⇤⇤⇤
(1.508) (1.488) (0.125)

Default 1.782⇤ 1.784⇤ 1.400⇤⇤⇤
(0.957) (1.001) (0.032)

Observations 167 167 31045
Estimates obtained using only choices of incumbent employees. Standard errors
in parentheses, adjusting for clustering by department. Plan-specific coefficients
on employee characteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

These employees were at their new departments when they made their new plan selection,
allowing me to distinguish the social learning effect from the correlated effects by comparing
the influence of coworkers from both their old and new departments. This approach assumes
that internal job transfers probably are determined by the employer and not intended by
the employee. Or at least, department switchers are not transitioning into departments
where the coworkers have more similar tastes toward plans to themselves. To verify this, I
employ a high-dimensional measure of individual characteristics and compare how similar
the department switchers are to their coworkers in their old and new departments. I find
no statistical difference using this composite measure, suggesting that if any unobserved
heterogeneity is present, it should be similar in the old and new peer groups.

I then proceed to estimate the peer effects in plan choices using a subsample of incumbent
employees who (1) switched departments in 2013, and (2) needed to update their plan
selection for 2014, using the choices of their coworkers in both their old and new departments.
If the positive estimates of ✓ from the previous section, in fact, reflect the social learning
effects, then only the decisions of coworkers in an employee’s new department will appear
influential. If, on the other hand, unobserved heterogeneity is important, both old and new
peer groups’ decisions should matter. It is important to note that due to the small sample
size of the study sample, I omit some plan-specific coefficients on employee characteristics.
To check the robustness of this model, I also reestimate the social learning effects among
employees who didn’t switch departments in 2013.

Table 11 reports results from this exercise with a specification similar to the one used in
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Table column 2. Columns 1 & 2 estimate the social learning effects among department
switchers. In particular, Column 1 contains the estimates using coworkers of one’s old
department while column 2 is the estimates using coworkers of one’s new department. As
expected, the measured impact of peers’ decisions within one’s current department is large
and statistically significant at the 0.1 level; in contrast, the effects of peers’ decisions within
one’s old department are smaller and indistinguishable from zero. As a robustness check of
the model, I reestimate the social learning effect with a subsample of non-switchers. The
estimates in column 3 are very similar to the ones reported earlier in Table 10 column
2. Columns 2 & 3 together suggest that the social learning effects are somewhat stronger
among department switchers, but whether that difference is statistically significant cannot
be answered conclusively here due to the small sample size.

5.2.5 When Are Peers’ Choices More Important?

Berger and Calabrese (1975) introduce the uncertainty reduction theory to explain interper-
sonal communication. They suggest that the degree of information-seeking behavior increases
with levels of uncertainty (Berger and Calabrese, 1975; Turner and West, 2010). Reducing
uncertainty is a central motive of communication and information seeking. Increased uncer-
tainty is a stimulus for information seeking and exchanges, which can increase the level of
social learning.

Following this line of reasoning, the new plan offerings introduced in 2014 may yield addi-
tional evidence about the relevance of social learning. The idea is that while information
seeking is generally costly, it might become less so in 2014. When a major policy change oc-
curs, the overall uncertainty about the choice set dramatically increases, stimulating greater
discussion and information exchanges on medical plan choices among coworkers. Information
acquisition is thus less costly and employees in 2014 should be more likely to participate in
some communications and discussion related to plan choices. To the extent that this is a
correct characterization of the social learning process, I should observe that employees hired
in 2014 are more likely to “go with the crowd” than employees hired in other years. In the
absence of social learning, no particular reason is seen for why the correlated effects should
be different in 2014. Therefore as a final check, I estimate the baseline model reported in
Table 6 separately for each cohort of new hires. That is, instead of simply asking how much
on average a new hire’s plan choice is influenced by her coworkers, I examine whether that
effect differs from year to year.

Table 12 presents parameter estimates from this model. While new employees depend heavily
on peers’ choices in all years, the dependence is greater in 2014. In particular, the estimated
peer effect is 1.872 in 2014, and a likelihood ratio test broadly supports the hypothesis that
the estimated effect is the strongest in 2014.

So far, the evidence uncovered seems consistent with the prediction of the social learning
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Table 12: The Social Learning Effects Among New Hires by Year

(1) (2) (3) (4) (5) (6)
2011 2012 2013 2014 2015 2016

Premium -0.005⇤ -0.003 -0.003 -0.005⇤ -0.009⇤⇤⇤ -0.004
(0.003) (0.003) (0.003) (0.003) (0.002) (0.003)

Coworkers’ share 1.358⇤⇤⇤ 1.289⇤⇤⇤ 1.413⇤⇤⇤ 1.872⇤⇤⇤ 1.511⇤⇤⇤ 1.397⇤⇤⇤
(0.287) (0.245) (0.248) (0.269) (0.224) (0.237)

Observations 15929 15103 14511 10726 13468 14370
Estimates obtained using only choices of newly hired employees. Standard errors in paren-
theses, adjusting for clustering by department. Plan-specific coefficients on employee char-
acteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

hypothesis. But all my models thus far assume that all employees are equally susceptible
to these social learning effects. That is, all the estimates I present earlier simply reflect the
peer effect on an average employee. If such an effect indeed operates through social learning,
a natural question to ask is: who are more likely to be socially influenced?

5.2.6 Who Are More Likely to Be Socially Influenced?

Although I do not have direct information on how UC employees interact with their cowork-
ers, it seems plausible to assume that individuals interact more with peers who share similar
demographic characteristics. Similar to the subgroup tests I proposed in the previous sec-
tion, here I use the K-means clustering algorithm to partition each campus into k groups
(k=2,3,4,5) based on each employee’s demographics including age, gender, income, tenure,
job classification, and family structure. I start with two clusters for each campus and grad-
ually increase this number to five clusters per campus per year, and compare the own-group
and cross-group social learning effects.

The idea of this cluster analysis is to divide the department into smaller subgroups that
plausibly can be considered as social subnetworks, assuming that individuals socialize pri-
marily with their close neighbors who share similar demographics. Table 13 suggests that
as the number of clusters increases, cross-group effects become more and more important as
this group picks up more and more social neighbors of the individual in question.

Building on the clusters constructed, I further investigate whether new hires who are the
most similar to their coworkers are more likely to be affected by their coworkers’ choice. To
test this hypothesis, I estimate a model where I allow the social learning effect to vary with
the percent of peers in the focal agent’s cluster. This test is similar in spirit to the tests pro-



29

Table 13: Social Learning Effects within Sub-groups Generated using Cluster Analysis

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

Premium -0.006⇤⇤⇤ -0.006⇤⇤⇤ -0.006⇤⇤⇤ -0.006⇤⇤⇤
(0.001) (0.001) (0.001) (0.001)

Own-group coworkers’ share 1.059⇤⇤⇤ 0.694⇤⇤⇤ 0.523⇤⇤⇤ 0.456⇤⇤⇤
(0.105) (0.082) (0.077) (0.073)

Cross-group coworkers’ share 0.314⇤⇤⇤ 0.582⇤⇤⇤ 0.807⇤⇤⇤ 0.865⇤⇤⇤
(0.069) (0.087) (0.096) (0.095)

Observations 76873 83265 83347 83086
Estimates obtained using only choices of newly hired employees. Standard errors in paren-
theses, adjusting for clustering by department. Plan-specific coefficients on employee char-
acteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

posed by Sorensen (2006) that model the social learning effect as a function of demographic
distance. Instead of parameterizing a weighted social effect on a vector of demographic
variables explicitly, here I use some high-dimensional measure of demographic distance and
define social subnetwork as peers who are close in this high-dimensional measure.

Estimates are reported in Table 14. Consistent with my prediction, new hires are more likely
to rely on decisions made by peers who share a greater number of common characteristics.
When I gradually increase the number of clusters, peers within the same cluster are more
similar to each other. Peer effects are stronger among employees who are closer in observables
and, therefore, new hires in departments with a lot of similar peers are more responsive to
their peers’ decisions.

5.3 How Big Are Social Learning Effects?

To put the estimated social learning effects into perspective, I start with comparing the
social learning effects with the premium effect. My estimates suggest that a 10 percentage
point increase in the share of coworkers selecting a medical plan is roughly equivalent to a $21
decrease in the monthly premium. From the point of view of the benefit plan administrators,
this finding implies the existence of a large multiplier. For a prevalent plan, the total effect on
enrollment of attracting an additional employee is significantly larger than the direct effect
on enrollment because that additional employee will increase her peers’ demand for the same
medical plan. The opposite is true for less popular medical plans; additional incentives must
be provided to convince a marginal employee to choose a plan that is not commonly chosen
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Table 14: Is Social Learning Effect Stronger in New hires Who are More Similar to Their
Coworkers

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

Premium -0.006⇤⇤⇤ -0.006⇤⇤⇤ -0.006⇤⇤⇤ -0.006⇤⇤⇤
(0.001) (0.001) (0.001) (0.001)

Coworkers’ share X % coworkers in the same cluster 0.095 0.700⇤⇤⇤ 0.612⇤⇤ 0.656⇤⇤
(0.236) (0.253) (0.265) (0.327)

Coworkers’ share 1.416⇤⇤⇤ 1.139⇤⇤⇤ 1.230⇤⇤⇤ 1.244⇤⇤⇤
(0.190) (0.165) (0.156) (0.159)

Observations 84107 84107 84107 84107
Estimates obtained using only choices of newly hired employees. Standard errors in parentheses, adjusting
for clustering by department. Plan-specific coefficients on employee characteristics omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

by her peers.

I also estimate the relative importance of the social learning effects in the decision making of
plan choices. Following the idea described in Sorensen (2006), I compute the variance of the
social learning effects (✓f(c�i,dk)) across plans and compare it with the variance of monthly
premiums (↵Premik), individual characteristics (�kXi), and the variance of the individual-
plan specific error term ("ik). If the across-plan variance of the social learning effects is
much smaller than the other three components of the utility function, then the implication
is that the social learning effect is a relatively unimportant factor in determining employees’
demand for medical plans. In Table 15 I report the ratio of the standard deviation of the
social learning effects to the standard deviation of the other three terms. These estimates
suggest that the social learning effect is actually fairly close to the premium effect. But
the social learning effect is clearly dominated by all individual characteristics taken as a
whole, and the latter appears to be more important in new employees’ health plan decisions.
Finally, the standard deviation of social effects ranges between 14% and 22% of the standard
deviation of the idiosyncratic preference.

6 Plan Transition Pattern

In addition to the choice model estimates, the dynamics of plan transition provide additional
evidence in support of the social learning hypothesis. First, using the panel nature of the
data, I investigate plan transition in a three-year period, both prior to and after the menu
change in 2014. Table 16 suggests that about 15 percent employees update their initial plan
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Table 15: The relative importance of the social learning effect

Std(✓f(c�i,dk))
Std(↵Premiumik)

Std(✓f(c�i,dk))
Std(�kXi)

Std(✓f(c�i,dk))
Std("ik)

UCSF 0.697 0.261 0.183
Davis 0.568 0.216 0.146
UCLA 0.692 0.260 0.182
Riverside 0.795 0.329 0.220
UCSD 0.820 0.300 0.213
Santa Cruz 0.847 0.374 0.204
Irvine 0.551 0.238 0.143
Note: Based on estimates reported in Table 6.

selection within the first three years of employment. Plan switching is more likely to be
observed in the second year of employment than the third year of employment.

I further compare the second-year plan switching rate across employees hired in each of the
six years from 2011 to 2016. I find that employees hired in 2013 are the most likely to switch
plan in their second year of employment, which is the year of policy change, than employees
hired in surrounding years (Table 17).

Table 16: Plan Transition of New hires

Number (%) of Employees Switch Plans in Total
2nd year of employment 3rd year of employment

Employees hired in 2011 424 323 3,742
(11.33%) (8.63%) (100%)

Employees hired in 2014 328 253 4,145
(7.91%) (6.10%) (100%)

Note: Based on panel data of three years

Second, I also look at new employees who select plans that are the most popular in their
home department at the time of their arrival. The first two columns of Table 18 compare
plan switches within first three year of employment between two groups - those whose initial
plan choice (i.e. the most popular plan in her department) happens to be a bad match
and those whose initial plan selection happens to be a good match (based on individual
characteristics). Employees whose initial choice happens to be a bad match are almost twice
as likely to switch compared to those whose initial choice happens to be a good match.
I further examine whether the same pattern holds in the year of 2014, when a significant
portion of employees were required to make a new selection. Among employees who were
hired in 2013, 7.11 percent switch plans when their old plans appear to be a bad match while
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Table 17: Plan Switching of New hires in the Second Year of Employment

Number (%) of Employees Switching Plans in
Year 2011 2012 2013 2014 2015

Number (%) of New Hires 573 626 678 477 525
(11.37%) (11.04%) (15.57%) (8.50%) (8.13%)

Total 5,039 5,668 4,354 5,611 6,460

only 4.78 percent switch when their old plans appear to be a good match. Similar pattern
is also observed for incumbents who were hired before 2013, with corresponding switching
rates of 5.52% (bad match) and 3.63% (good match).

Table 18: Plan Switches Based on the Match of Initial Plan

Percent of Employees Switching Plans in
Year 2011-2013 2014-2016 2013-2014 2013-2014

All All New hires Incumbents

Bad Match 10.11% 8.72% 7.11% 5.52%
Good Match 5.52% 5.22% 4.78% 3.63%

7 Implications for Employer Strategies: Simulations us-
ing Choice Model Estimates

In the previous sections of this dissertation, I develop and estimate a discrete choice model to
determine the magnitude of social learning in medical plan choices at UC between 2011-2016.
The obtained parameters allow me to conduct counterfactual analyses to simulate employer
strategies that could exploit social learning to better promote the employer’s insurance ob-
jectives. For illustration, I conduct counterfactual analyses of incentives to promote adoption
of a new consumer-driven insurance plan, the HDHP option – Blue Shield Health Savings
Plan, and discuss the effectiveness and implications of these incentives for further strategy
designs.

HDHPs are of high interest to employers, policymakers, and insurers as an effective mecha-
nism to stave off price increases. In recent years, some self-insured employers have success-
fully contained costs while still offering a competitive benefit to their employees by moving
employees toward plans with less risk protection – such as HDHPs. In contrast, some em-
ployers have invested heavily to encourage HDHP take-up but with minimal success. One
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Table 19: HDHP Take-up (%) by Campus (2014-16)

Berkeley San Francisco Davis Los Angeles Riverside San Diego Santa Cruz Santa Barbara Irvine Merced

2014 2.84 3.89 3.08 3.95 6.68 5.32 4.79 6.94 5.75 6.96
2015 2.89 4.11 3.06 3.91 6.52 5.24 4.95 7.41 6.15 7.34
2016 2.93 4.09 3.09 3.96 6.47 5.41 5.00 7.72 5.97 7.97

Table 20: Transition out of and Transition into HDHP by Campus (2014-16)

Percent transition out of HDHP
Berkeley San Francisco Davis Los Angeles Riverside San Diego Santa Cruz Santa Barbara Irvine Merced Total

Percent transition out 17.44 15.57 17.30 17.55 15.32 16.48 20.43 11.24 16.67 20.00 16.79
Total 172 411 318 718 124 455 93 89 156 55 2591

Percent transition into HDHP
Percent transition in 0.68 0.92 0.64 0.80 0.87 1.12 1.30 1.76 1.33 2.59 0.91
Total 5875 10159 9997 17455 1732 8097 1847 1193 2559 735 59649

potential reason behind the substantial variation in HDHP take-up is that the role of social
learning has not been explored. As HDHPs continue to become more and more prevalent, it
is important to understand how social learning interacts with employers’ promotion strate-
gies and the implications for the way employers incorporate HDHPs into their plan offerings
to help employees embrace these plans.

HDHP take-up at UC is reported in Table 19. HDHP take-up has been low throughout the
three years since UC introduced the HDHP option in 2014. But there is still substantial
variation across campus in the uptake of HDHP. For instance, HDHP enrollment is almost
two and a half times greater at UC Merced than at UC Berkeley. In general, the HDHP
take-up is stable at UC, despite the fact that a moderate proportion switch out of HDHP
and switch into HDHP each year. As reported in Table 20, out of 2,591employees who
selected HDHP in 2014, 16.79% (or 435) switch out of HDHP by 2016. A similar number
of employees, 540 (or 0.91% of 59,646), did not select HDHP in 2014 but switched into
HDHP by 2016. Although it is beyond the scope of this dissertation to analyze what drives
the dynamics of HDHP enrollment, one policy relevant question is whether and the extent
to which employer and policy makers can promote the take-up of HDHP, given the social
learning effects identified.

The primary focus of the counterfactual analyses in this section is the plan selection of incum-
bent employees, the most relevant group to consider when studying any potential employer
strategy aimed at encouraging HDHP take-ups. I further assume that (1) the default for
employees whose plan remains available under the new offering is the plan they are currently
enrolled in, and (2) the relevant social network is comprised of all incumbent employees
within one’s department. At the actuarially fair premium in this setting, I study a counter-
factual environment with no social learning effects and compare the corresponding HDHP
enrollment with the status quo. I find that in the absence of social learning, 17.05% would
opt for the HDHP, higher than what I observe under the status quo (12.21%). This finding
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suggests that the social learning effects in the current setting, in fact, increase employees’
tendency to avoid the HDHP option. This outcome leads naturally to the question of whether
the social learning effects always discourage take-up of the HDHP. In particular, if the UC
benefit administration had sufficient resources at its disposal to spend on the promotion of
the HDHP option at the time of the menu change in 2014, would it have been possible for
them to exploit the positive spillover effects induced by social learning to help its employees
embrace the HDHP? Related, for a given level of spending, what is the most effective incen-
tive design given the substantial social learning effects identified in this setting? To answer
these questions, I conduct a number of simulations to explore the effectiveness different fi-
nancial incentive structures. For each counterfactual policy, I solve for the equilibrium plan
selection both in the presence of social learning and in the absence of social learning.

7.1 Comparison of Alternate Levels of Subsidies to HDHPs

I consider a first set of counterfactual policies that simulates the impact of different levels
of premium subsidies to the HDHP option. That is, these policy counterfactuals simulate a
setting where UC’s contribution to the premium of the HDHP is increased from the status
quo. For each incremental change in a subsidy, I compute the effect on the equilibrium of
plan selection and report the systemwide HDHP take-up, separately under the assumption
that social learning is present or absent.

Figure 1 plots the aggregate HDHP enrollment implied by the increased UC contribution to
lower HDHP premiums. The horizontal axis measures UC’s additional monthly contribution
to the HDHP (i.e., the subsidy). The dashed line represents the HDHP take-up when social
learning is absent, while the solid line represents the HDHP take-up when social learning is
present. As shown on Figure 1, ignoring the social learning effect leads to overestimation
of HDHP enrollment at low subsidy levels and underestimation at high subsidy levels. This
figure also highlights that demand for the HDHP is low at the baseline, and social learning
further discourages take-up. In essence, no positive spillover effect is in play unless UC
subsidizes at least another $125 a month in addition to the status quo. Note that this is
a substantial investment for UC as the average current employee contribution to HDHP in
2016 is $119.30.

7.2 Comparison of Different Eligibility (Incidence) Rates for Sub-
sidies

A key question that stems from the findings of the previous subsection is, For a given amount
of resources, what is the optimal incidence rate for subsidies in terms of effectiveness in the
promotion of the HDHP? To this end, I estimate the impact on HDHP enrollment when the
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Figure 1: Estimated Aggregate Enrollment in HDHP and Subsidies

subsidy is offered at different incidence rates, first including and then excluding the social
learning effects. To make the results directly comparable, I consider a number of budget-
neutral scenarios, including cases in which each employee is eligible for a $100 subsidy on
HDHP premiums and cases in which only 50 percent of all employees are eligible for a $200
subsidy.

Figure 2 summarizes the overall findings. The horizontal axis represents the fraction of the
population eligible for the subsidy (the incidence rate). The solid black line represents the
predicted fraction of UC employees who will select the HDHP when the subsidies are provided
to a random group of the population, taking social learning effects into account. The dashed
black line represents the predicted take-up rate if social learning effects are ignored. For a
given amount of resources, the HDHP take-up rates increase relatively rapidly at low levels
of subsidy incidence, reaching their peak at an incidence rate of roughly 20 percent, and then
decline steadily as the subsidy incidence rate increases. For example, subsidizing 10 percent
of employees leads to an expected HDHP take-up of approximately 24.3%; subsidizing 20
percent of the population leads to an even higher take-up rate, around 28.5%. However,
further increases in the incidence rate lower the effectiveness of the subsidy. When 50 percent
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of all incumbent employees are eligible for the subsidy, only 26.2% will take up the HDHP.

Given the stronger social learning effects found in employees who are similar to their cowork-
ers, I also consider another set of counterfactual policies that target employees who are the
most similar to their peers. For example, instead of targeting a random half of the popu-
lation, I investigate whether the effectiveness of the subsidy is different if the subsidies are
offered to the 50 percent of the employees who are the most similar to their coworkers. The
overall pattern of the HDHP take-ups also is plotted in Figure 2 with grey lines – the dash-
dotted line represents results taking the social learning effects into account, while the dotted
line assumes away the social learning effects. For the most part, targeting employees who
are similar to their peers leads to higher HDHP enrollment than targeting a random group.
The difference between the solid line and the dash-dotted grey line is the greatest when the
subsidy incidence rate is close to 30 percent. This is the case because the targeted subsidy
gives rise to extra positive feedback effects coming through the social learning effects.

Figure 2: Estimated Aggregate Enrollment in HDHP and Subsidies Incidence

Also note that when the subsidies are provided to a random group and social learning effects
are taken into account, the HDHP take-up rates tend to be lower than those obtained when
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ignoring the social learning effects. But when subsidies are offered to more targeted groups,
at certain incidence rates, the HDHP take-up rates are higher when taking into account the
social learning effects than those obtained when ignoring the social learning effects (Figure
2 ). This feature corresponds to the convexity of the solid black line and the linearity of the
dashed black line in Figure 1. Additionally, the dashed black line and the dotted grey line -
two counterfactuals where I assume social learning is not present - almost perfectly overlap
each other. This finding implies that the greater effectiveness associated with the targeted
financial incentive is not likely to be driven by the different composition between a targeted
group and a random group, which is more reassuring.

8 Robustness Checks

8.1 Other Plausible Choice Model

A main concern about conditional logit models lies in the property of independence from
irrelevant alternatives (IIA). IIA implies that the conditional probability of choosing i given
that you choose either i or j , does not depend on other alternatives. This assumption
is sometimes unattractive because some alternatives are potentially closer substitutes than
others. In light of this restrictive assumption, models like nested logit and mixed logit have
been developed to extend the traditional conditional logit by relaxing the IIA. This section
describes the choice model specification using nested logit and mixed logit and compares
how the choice model estimates from these models differ from those of the conditional logit
model.

8.1.1 Nested Logit Model

Nested logit models partially relax the IIA assumption and allow me to group alternatives
to a number of nests. It allows unobserved shocks to be correlated across nests, but still
maintain the IIA assumption for nested alternatives. In the context of health plan choice
of UC employees, one natural nesting structure of health plans to consider is to categorize
all plans by type: HMOs, PPOs and catastrophic plans. Similar to the conditional logit
model specification, I assume that the utility of the representative employee, indexed by i,
in department d choosing health insurance plan k from branch n is as follows:

uidnk = ✓f(c�i,dk) + ↵Premik + �nXi + "ik (7)

The conditional probability of choosing i given that nest n is chosen is only a function of
f(c�i,dk) and Premik:
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pidk|n =
exp{✓f(c�i,dk) + ↵Premik}P

m2N exp{✓f(c�i,dm) + ↵Premim}

while the probability of choosing nest n is defined by

pidn =
exp{�nXi + ⌧nIn}P
l2B exp{�lXi + ⌧lI l}

where In is the “inclusive value” parameter

In = log

 
X

m2N

exp {✓f(c�i,dk) + ↵Premik}
!

Nested logit model estimates are presented in Table 21. For the most part, the results from
the nested logit models are quite close to those from the conditional logit model (Table 6).
In general, the estimated coefficients of the social learning effect have the same sign as the
corresponding coefficients in the conditional logit model. For most campuses, the estimated
social learning effects have the same level of statistical significance, with the exception of
UC Santa Cruz and UC Irvine.

8.1.2 Mixed Logit Model

Nested logit models only partially relax the IIA assumption by dividing alternatives into
nests that are similar among themselves. To further relax the IIA, this dissertation also
considers a mixed logit model, which can potentially fully relaxes IIA.

In the mixed logit model specification, the utility of the representative employee can be
written as:

uidk = ✓if(c�i,dk) + ↵iPremik + �kXi + "ik

where the influence of peers’ choices and tastes for premium are allowed to vary randomly
over individuals. The influence of individual characteristics (i.e., factors contained in Xi),
is assumed to be constant across employees. To ease notation, ✓i and ↵i subscripted with i
while the vector of coefficients �k is not.

Adopting such a specification accounts for the unobserved heterogeneity in preference. Even
as peers’ choice is generally valued, there might still be substantial unobserved variation in
personal tastes for information from peers. Social learning is also a question of who are
more likely to combine information received from peers with their existing priors and make
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Table 21: Nested Logit Estimates, Social Learning Among New Hires

(1) (2) (3) (4) (5) (6) (7)
UCSF Davis UCLA Riverside UCSD Santa Cruz Irvine

Premium -0.001 -0.001⇤ -0.002⇤ -0.003 -0.003⇤⇤⇤ -0.000 -0.001
(0.001) (0.000) (0.001) (0.002) (0.001) (0.001) (0.001)

Coworkers’ share 1.831⇤⇤⇤ 1.515⇤⇤ 1.993⇤⇤⇤ 1.611⇤⇤⇤ 1.502⇤⇤⇤ 0.143 0.832
(0.505) (0.660) (0.459) (0.550) (0.316) (0.562) (0.659)

PPO
Female 0.456⇤⇤ 0.520⇤⇤⇤ 0.208 0.845⇤⇤⇤ 0.552⇤⇤⇤ 0.426 0.658⇤⇤

(0.195) (0.177) (0.236) (0.281) (0.170) (0.302) (0.273)

Age -0.020⇤⇤ -0.017⇤ -0.037⇤⇤⇤ 0.005 -0.003 0.017 -0.028⇤⇤
(0.010) (0.009) (0.011) (0.014) (0.009) (0.015) (0.013)

Salary 0.021⇤⇤⇤ 0.018⇤⇤⇤ 0.024⇤⇤⇤ 0.007⇤⇤ 0.016⇤⇤⇤ 0.006 0.012⇤⇤⇤
(0.004) (0.003) (0.005) (0.004) (0.003) (0.006) (0.004)

Two-party 1.603⇤⇤⇤ 2.448⇤⇤⇤ 1.799⇤⇤⇤ 1.203⇤⇤ 2.221⇤⇤⇤ 2.242⇤⇤⇤ 1.104⇤⇤
(0.395) (0.411) (0.440) (0.484) (0.378) (0.627) (0.466)

Family 1.732⇤⇤⇤ 1.980⇤⇤⇤ 2.307⇤⇤⇤ 2.059⇤⇤⇤ 2.404⇤⇤⇤ 2.128⇤⇤⇤ 1.381⇤⇤⇤
(0.374) (0.325) (0.565) (0.664) (0.477) (0.653) (0.465)

Academic 0.135 -0.242 -0.868⇤⇤⇤ -0.444 -0.840⇤⇤⇤ -1.240⇤⇤⇤ -0.299
(0.214) (0.180) (0.317) (0.289) (0.220) (0.324) (0.289)

HMO
Female 0.296⇤ 0.476⇤⇤⇤ -0.050 0.725⇤⇤⇤ 0.358⇤⇤ 0.334 0.294

(0.177) (0.152) (0.222) (0.267) (0.161) (0.288) (0.261)

Age -0.041⇤⇤⇤ -0.041⇤⇤⇤ -0.063⇤⇤⇤ -0.026⇤⇤ -0.022⇤⇤ -0.009 -0.051⇤⇤⇤
(0.010) (0.008) (0.011) (0.013) (0.009) (0.014) (0.013)

Salary 0.012⇤⇤⇤ 0.010⇤⇤⇤ 0.014⇤⇤⇤ 0.001 0.005⇤ -0.001 0.002
(0.003) (0.003) (0.005) (0.004) (0.003) (0.006) (0.004)

Two-party 1.807⇤⇤⇤ 2.680⇤⇤⇤ 1.702⇤⇤⇤ 1.402⇤⇤⇤ 2.341⇤⇤⇤ 1.913⇤⇤⇤ 1.396⇤⇤⇤
(0.377) (0.392) (0.416) (0.408) (0.360) (0.619) (0.449)

Family 1.380⇤⇤⇤ 2.188⇤⇤⇤ 2.113⇤⇤⇤ 2.246⇤⇤⇤ 2.814⇤⇤⇤ 1.719⇤⇤⇤ 1.350⇤⇤⇤
(0.342) (0.292) (0.507) (0.509) (0.432) (0.641) (0.433)

Academic -0.080 -0.838⇤⇤⇤ -1.046⇤⇤⇤ -1.272⇤⇤⇤ -1.198⇤⇤⇤ -1.365⇤⇤⇤ -0.642⇤⇤
(0.199) (0.157) (0.300) (0.276) (0.211) (0.307) (0.280)

Health Net Blue & Gold 0.687 0.427 2.577⇤⇤⇤ 1.189 1.458⇤⇤⇤ 1.999⇤⇤⇤ 3.017⇤⇤⇤
(0.702) (1.023) (0.539) (0.963) (0.471) (0.680) (0.761)

Health Net Full HMO -0.081 0.365 1.949⇤⇤⇤ 0.255 -0.220 1.969⇤⇤⇤ 2.670⇤⇤⇤
(0.961) (1.059) (0.664) (1.464) (0.828) (0.737) (1.026)

Kaiser Permanente 1.481⇤⇤⇤ 1.518⇤⇤⇤ 2.751⇤⇤⇤ 1.943⇤⇤⇤ 1.155⇤⇤ 1.968⇤⇤⇤ 3.255⇤⇤⇤
(0.513) (0.580) (0.519) (0.664) (0.525) (0.740) (0.623)

Blue Cross Plus -0.680 -1.210⇤⇤⇤ -7.380 -1.812 -0.882 -0.453 0.742
(0.496) (0.429) (21.716) (2.612) (0.609) (0.758) (0.775)

Blue Cross PPO -0.588 -1.049⇤⇤⇤ -6.124 -1.246 -0.984 -0.433 1.014
(0.491) (0.404) (18.768) (1.994) (0.668) (0.721) (0.625)

Blue Cross Lumenos -1.285⇤ -1.369⇤⇤⇤ -15.124 -2.322 -2.349⇤⇤ -0.497 0.473
(0.694) (0.468) (42.032) (3.114) (1.171) (0.862) (1.029)

UC Care -0.593 -0.552 -3.693 -0.922 -0.331 0.033 0.861
(0.465) (0.405) (12.152) (1.370) (0.489) (0.715) (0.634)

Blue Shield HSP -0.747 -0.684 -6.977 -1.547 -1.013 -0.004 0.813
(0.515) (0.432) (20.802) (2.015) (0.686) (0.793) (0.683)

Inclusive Value Parameter
PPO 0.617⇤⇤ 0.265⇤ 8.745 1.817 1.370⇤⇤ 0.093 0.423

(0.273) (0.138) (23.171) (2.268) (0.610) (0.374) (0.434)
HMO 1.168⇤⇤⇤ 0.886⇤⇤ 0.685⇤⇤⇤ 0.975⇤⇤ 1.260⇤⇤⇤ 0.045 0.345

(0.374) (0.393) (0.174) (0.427) (0.301) (0.176) (0.295)

Observations 14479 19050 10767 6915 23377 4397 6678
Estimates obtained using only choices of newly hired employees. Standard errors in parentheses.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010
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an decision accordingly. Beyond the systematic variation with individual observables, the
strength of social learning can also vary systematically with precision of the prior. Given
the heterogeneity in priors, social learning should matter more for those with more diffuse
priors. A similar reasoning holds with respect to premiums. Including random coefficients,
✓i and ↵i , amounts to assuming that individual tastes for peers’ choice and premium vary
even for employees having the same observed characteristics.

Table 22 reports the estimation results of mixed logit equation. The coefficients on peers’
choice , as well as those on the premiums, are estimated together with their standard devia-
tions. They are assumed to be correlated and follow a normal distribution with the reported
means and standard deviations. All other coefficients are modeled to be valued identically
among all employees. In the specifications reported in columns 2, I fully interact HRR
dummies with all alternatives.

Comparing the mixed logit (Table 22 column 2) and conditional logit results (Table 21), it
doesn’t seems like the results are sensitive to the IIA assumptions I make on the coefficients.
Similar to the nested logit model, estimated coefficients in the mixed logit model are fairly
similar to the corresponding coefficient in the conditional logit model (Table 6). Note that
the estimated standard deviation for the social learning variable and the premium variable
are both significant and comparable to the mean of the parameters, which suggests large
heterogeneity in taste of these two factors.

Table 22: Mixed Logit Estimates, Peer Effects Among New Hires

(1) (2)
Without HRR With HRR

Premium (mean of coefficient) �0.008⇤⇤⇤ �0.009⇤⇤⇤

(0.001) (0.001)

Premium (SD of coefficient) 0.007⇤⇤⇤ �0.008⇤⇤⇤

(0.001) (0.001)

Coworkers’ share (mean of coefficient) 2.722⇤⇤⇤ 1.557⇤⇤⇤

(0.089) (0.109)

Coworkers’ share (SD of coefficient) 2.702⇤⇤⇤ �2.847⇤⇤⇤

(0.231) (0.263)

Health Net Blue & Gold
Constant 0.642⇤⇤⇤ 0.377

(0.196) (0.335)

Female 0.436⇤⇤⇤ 0.475⇤⇤⇤

(0.087) (0.091)

Salary 0.022⇤⇤⇤ 0.024⇤⇤⇤

(0.002) (0.002)
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Age �0.036⇤⇤⇤ �0.036⇤⇤⇤

(0.005) (0.005)

Two-party 2.951⇤⇤⇤ 3.097⇤⇤⇤

(0.212) (0.226)

Family 4.052⇤⇤⇤ 4.281⇤⇤⇤

(0.317) (0.335)

Academic �0.827⇤⇤⇤ �0.607⇤⇤⇤

(0.098) (0.106)

Health Net Full HMO
Constant �1.324⇤⇤⇤ �0.464

(0.307) (0.486)

Female 0.540⇤⇤⇤ 0.547⇤⇤⇤

(0.141) (0.146)

Salary 0.022⇤⇤⇤ 0.023⇤⇤⇤

(0.003) (0.003)

Age �0.002 �0.001
(0.007) (0.007)

Two-party 3.287⇤⇤⇤ 3.421⇤⇤⇤

(0.257) (0.269)

Family 4.663⇤⇤⇤ 4.873⇤⇤⇤

(0.371) (0.390)

Academic �0.864⇤⇤⇤ �0.739⇤⇤⇤

(0.169) (0.177)

Kaiser Permanente
Constant 1.912⇤⇤⇤ 2.356⇤⇤⇤

(0.192) (0.315)

Female 0.288⇤⇤⇤ 0.261⇤⇤⇤

(0.083) (0.087)

Salary 0.016⇤⇤⇤ 0.016⇤⇤⇤

(0.002) (0.002)

Age �0.050⇤⇤⇤ �0.048⇤⇤⇤

(0.004) (0.005)

Two-party 2.740⇤⇤⇤ 2.886⇤⇤⇤

(0.190) (0.203)

Family 3.725⇤⇤⇤ 3.884⇤⇤⇤

(0.263) (0.278)

Academic �1.118⇤⇤⇤ �1.126⇤⇤⇤

(0.094) (0.102)

Western Health Advantage
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Constant 1.031⇤⇤⇤ 1.632⇤⇤⇤

(0.273) (0.391)

Female 0.128 0.108
(0.121) (0.122)

Salary 0.022⇤⇤⇤ 0.022⇤⇤⇤

(0.002) (0.002)

Age �0.038⇤⇤⇤ �0.036⇤⇤⇤

(0.007) (0.007)

Two-party 2.978⇤⇤⇤ 3.103⇤⇤⇤

(0.218) (0.229)

Family 3.725⇤⇤⇤ 3.896⇤⇤⇤

(0.283) (0.298)

Academic �1.146⇤⇤⇤ �1.113⇤⇤⇤

(0.135) (0.139)

Blue Cross Plus
Constant �1.038⇤⇤⇤ �0.805⇤

(0.277) (0.463)

Female 0.556⇤⇤⇤ 0.617⇤⇤⇤

(0.127) (0.132)

Salary 0.030⇤⇤⇤ 0.032⇤⇤⇤

(0.002) (0.003)

Age �0.014⇤⇤ �0.011⇤

(0.006) (0.007)

Two-party 3.223⇤⇤⇤ 3.391⇤⇤⇤

(0.248) (0.263)

Family 4.566⇤⇤⇤ 4.875⇤⇤⇤

(0.364) (0.385)

Academic �0.792⇤⇤⇤ �0.542⇤⇤⇤

(0.145) (0.154)

Blue Cross PPO
Constant �1.144⇤⇤⇤ �1.236⇤⇤⇤

(0.273) (0.478)

Female 0.766⇤⇤⇤ 0.910⇤⇤⇤

(0.126) (0.135)

Salary 0.032⇤⇤⇤ 0.034⇤⇤⇤

(0.002) (0.003)

Age �0.011⇤ �0.007
(0.006) (0.007)

Two-party 2.913⇤⇤⇤ 3.121⇤⇤⇤
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(0.248) (0.263)

Family 4.518⇤⇤⇤ 4.760⇤⇤⇤

(0.360) (0.382)

Academic �0.681⇤⇤⇤ �0.600⇤⇤⇤

(0.141) (0.155)

Blue Cross Lumenos
Constant �0.798⇤⇤ �1.362⇤⇤

(0.328) (0.623)

Female 0.246 0.360⇤⇤

(0.150) (0.161)

Salary 0.026⇤⇤⇤ 0.028⇤⇤⇤

(0.003) (0.003)

Age �0.035⇤⇤⇤ �0.029⇤⇤⇤

(0.008) (0.009)

Two-party 2.465⇤⇤⇤ 2.414⇤⇤⇤

(0.251) (0.271)

Family 3.582⇤⇤⇤ 3.722⇤⇤⇤

(0.302) (0.318)

Academic �0.932⇤⇤⇤ �0.759⇤⇤⇤

(0.182) (0.199)

UC Care
Constant �1.071⇤⇤⇤ �1.473⇤⇤⇤

(0.249) (0.419)

Female 0.630⇤⇤⇤ 0.681⇤⇤⇤

(0.111) (0.116)

Salary 0.031⇤⇤⇤ 0.033⇤⇤⇤

(0.002) (0.003)

Age �0.005 �0.004
(0.006) (0.006)

Two-party 3.071⇤⇤⇤ 3.243⇤⇤⇤

(0.235) (0.249)

Family 4.151⇤⇤⇤ 4.370⇤⇤⇤

(0.345) (0.364)

Academic �0.397⇤⇤⇤ �0.176
(0.120) (0.131)

Blue Shield Health Savings Plan
Constant �0.180 �0.307

(0.236) (0.385)

Female 0.357⇤⇤⇤ 0.408⇤⇤⇤
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(0.107) (0.112)

Salary 0.025⇤⇤⇤ 0.027⇤⇤⇤

(0.002) (0.002)

Age �0.027⇤⇤⇤ �0.029⇤⇤⇤

(0.006) (0.006)

Two-party 2.424⇤⇤⇤ 2.581⇤⇤⇤

(0.205) (0.217)

Family 3.414⇤⇤⇤ 3.625⇤⇤⇤

(0.273) (0.287)

Academic �0.787⇤⇤⇤ �0.700⇤⇤⇤

(0.123) (0.134)

Observations 85663 84107

Standard errors in parentheses
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010

In summary, the results of the conditional logit, nested logit and mixed logit models are
qualitatively very similar. The magnitudes of the coefficients are overall very close, with just
a few exceptions.

9 Discussion

Understanding the process by which consumers choose their medical plans is a central issue
in health economics. Traditional models of insurance choice assume that consumers have
full knowledge of health plan characteristics and make truly informed decisions. However,
choosing an insurance plan is a complicated decision, and in many cases, consumers are not
fully informed about plan attributes or even their own medical expenditure risks (Handel and
Kolstad, 2013). Some past studies note the potentially important role of the social learning
effects in medical plan decisions and wellness program participation, and estimate the extent
to which consumers rely on their social peers to make such decisions (Danagoulian, 2017;
Sorensen, 2006). However, the impact of social learning in medical plan selection is still not
well understood.

This work highlights (i) the substantial role of social learning in health insurance selection,
and (ii) the necessity to account for the social learning effects to more effectively achieve
employers’ and policymakers’ cost and insurance coverage goals. In this dissertation, I use
panel administrative data from the University of California from 2011 to 2016. The data
span implementation of a major change to insurance provision at UC, thus allowing me to
identify the social learning effects among both incumbent employees as well as newly hired
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employees. Several model-free descriptive analyses reveal excess similarity in plan choices
within departments relative to what I expect to observe based on individual observables and
campus-wide patterns, suggesting a person’s choice potentially can be affected by her peers.
However, to precisely quantify the social learning effects and study counterfactual employer
strategies requires a more rigorous approach. To this end, I estimate a choice model of
consumer decision making in which the ex-ante match quality of a plan is affected by the
information one acquires from peers who select that plan. I find evidence of moderate social
learning effects in both new hires and incumbents, suggesting the potential existence of a
large positive spillover effect. Furthermore, I find evidence of heterogeneity in the consumers’
valuation of their peers’ choices. Consumers tend to learn more from peers who are closer
(in some sense) to them.

I then use this model to simulate employer strategies that could exploit social learning to
better promote the employer’s insurance objectives. For illustration, I conduct counterfactual
analyses of incentives to promote adoption of a new consumer-driven insurance plan, the
HDHP option introduced in 2014. The findings suggest that at the baseline rate of HDHP
enrollment, social learning, in fact, discourages the take-up of the HDHP. The same also
holds true at low subsidy levels, ignoring that social learning effects lead to overestimation
of HDHP enrollment. However, this relationship inverts with increased spending and the
positive spillover effect can be triggered when a $125 subsidy for the HDHP is offered. Most
of this increasing marginal effect is brought about by behavioral externalities, whereby higher
subsidies lead to greater HDHP take-up in a department. But a $125 subsidy may not be
feasible given that the average UC employee contribution to the HDHP in 2016 is only $119.
So I proceed with exploring if the interaction of social learning and incentive design can
further increase HDHP take-up. In particular, I find that for a given level of spending, the
relationship between subsidy incidence and aggregate HDHP take-up generally follows an
inverted U-shaped curve. The impact of subsidies stops increasing beyond the point at which
about about 25-30 percent of employees become eligible for the subsidy but remains positive
throughout.

Strategically targeting employees who are most similar to their peers can further increase the
effectiveness of the HDHP promotion efforts. In light of these findings, for any given level of
spending, policymakers at UC can obtain the greatest increase in HDHP take-up if they set
an appropriate subsidy incidence rate and target those most likely to learn from their peers.
Finally, this dissertation also points out that the first group of HDHP participants plays
a large and long-lasting role in the evolution of take-up patterns. Although these results
are specific to our setting, and the counterfactual analyses only compare HDHP enrollment
under different financial incentive designs, they illustrate the importance of social learning
in health insurance markets and the implication for employers when designing policies to
encourage plan take-ups.

Taken together, results in this dissertation add to the literature by providing additional
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empirical evidence for social learning in the setting of employer-sponsored health insurance
enrollment. This work finds supportive evidence of social learning effect in new hires, which
is consistent with Sorensen (2006). But this dissertation goes beyond simply looking at new
hires and documents a similar social learning effect in incumbents. I also find evidence of
heterogeneity in the consumers’ valuation of their peers’ choices, which is in line with findings
in Beshears et al. (2015).

This work also has important implications for the social learning literature and for market
equilibrium. First, it is important to note that I examine counterfactual strategies in which
financial incentives are offered to only a portion of the population, which may raise distribu-
tion concerns. However, results on financial incentives should be interpreted more broadly.
The results from this dissertation can be applied to strategies such as benefit education
programs in terms of the equivalent monetary value they carry.

Second, this dissertation points out that the workplace is an important network in settings
where information about the benefits and costs of a complex product is scarce and ex-ante
uncertain. Although the counterfactual analyses focus primarily on promoting adoption of a
new consumer-driven insurance plan and achieving employer’s cost and insurance coverage
goals, the findings can be applied broadly to many settings where workplace is an impor-
tant network. For instance, social learning may be of particular importance for employees’
financial decisions including participation in the 401(k) plan and their asset allocation to
employer stock in a 401(k) plan, as well as a broad range of labor market outcomes in-
cluding employees’ career choices such as entry into entrepreneurship and retirement. My
findings emphasize the potential positive spillovers among coworkers through word-of-mouth
interactions, if a firm can encourage one worker to participate.

Third, the findings also can be applied to health care decisions outside a workplace setting.
For example, one can imagine that social learning effects may be more salient in markets
where consumers have substantially more insurance choices, for instance Medicare Part D
and the state exchanges. Examining the equilibrium implications of social learning in these
markets could be interesting, especially given that insurance companies potentially can gain
considerable market power if they obtain substantial market shares in the first place. Ad-
ditionally, healthcare decisions including vaccination decisions, mental health services use,
and tobacco and alcohol use can be analyzed with similar a framework.

In addition, social learning also can be exploited in the design and administration of social
programs designed to relieve financial hardship. Low participation among eligible households
in these programs has been documented by a large number of studies. This low participation
rate can potentially be changed or modified through peer influence. The initial group that
participates can have quite consequential effects on long-run equilibrium take-up rates since
social learning can cascade through peer networks over time. Therefore, how social pro-
grams are designed and implemented in the first place can significantly alter their ultimate
effectiveness.
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Last, the findings of this dissertation also speak to the importance of social learning in the
consumption of experience goods in general. Given that social interactions can reinforce the
direct effects of advertising, new marketing strategies such as advertising across the social
networking sites and “peer to peer” advertising can be particularly important for industries
like restaurants and movies.

One limitation of my dissertation is that I am not able to directly measure ex ante health risk,
as done by Handel (2013) and Handel and Kolstad (2013). To do so, I would need detailed
information on individual-level diagnostic claims to predict future medical expenditures,
which can be used as a proxy for the private information one might have about their health
statuses. Also, I’m not able to precisely recover what the real peer group is, due to a
lack of information about the true structure of interactions and information transmission
between individuals in the context of health plan choices. To overcome this shortcoming, I
would need to conduct a survey of employees and explicitly ask for the information on who
they talk to and what information they obtain in their interactions with their social peers;
information that is not currently available. Instead, I opt for the approach taken by Duflo
and Saez (2002) and Sorensen (2006), in which I assume social interaction primarily take
place in one’s home department. While I believe that the evidence generated here suggests
an important informational role of peers in health plan selection, additional progress on this
subject will likely require the use of claims data and survey of employees that is sufficiently
detailed to permit the social learning effects to be more precisely estimated.

In the current modeling framework, ex ante health risk and risk preferences are not explicitly
modeled. An extension of the model that incorporates these factors would provide an oppor-
tunity to analyze whether social learning is welfare-improving. It is possible that information
transmitted directly among peers can help consumers make better plan choices. It is also
possible that consumers enroll in sub-optimal health plans because of social learning. Taking
into consideration the interaction of social learning and financial incentives, and analyzing
the consumer welfare impact with regard to such policy designs would enrich the present
analysis. Determining the welfare-maximizing product-promoting policies and calculating
the associated deadweight losses is left for future work.
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A Appendix

Table 23: Maximum-Likelihood Estimates, Social Learning Among New Hires

(1) (2) (3) (4) (5) (6) (7)
UCSF Davis UCLA Riverside UCSD Santa Cruz Irvine

Premium �0.006⇤⇤⇤ �0.002 �0.005⇤⇤ �0.006⇤⇤⇤ �0.008⇤⇤⇤ �0.012⇤⇤⇤ �0.003⇤

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

Coworkers’ share 1.398⇤⇤⇤ 1.600⇤⇤⇤ 1.746⇤⇤⇤ 1.313⇤⇤⇤ 0.918⇤⇤⇤ 1.549⇤ 1.609⇤⇤⇤

(0.281) (0.311) (0.367) (0.411) (0.202) (0.869) (0.435)

Health Net Blue & Gold
Constant �0.405 �0.353 2.013⇤ �0.532 1.492⇤⇤⇤ 1.326⇤ 1.603⇤⇤

(0.495) (0.461) (1.037) (0.615) (0.420) (0.761) (0.799)

Female 0.508⇤⇤ 0.554⇤⇤⇤ �0.074 0.790⇤⇤ 0.445⇤⇤ 0.389 0.343
(0.214) (0.169) (0.252) (0.315) (0.187) (0.316) (0.400)

Salary 0.025⇤⇤⇤ 0.015⇤⇤⇤ 0.019⇤⇤⇤ 0.009⇤ 0.014⇤⇤⇤ 0.012⇤ 0.010
(0.005) (0.006) (0.007) (0.005) (0.005) (0.006) (0.006)

Age �0.040⇤⇤⇤ �0.034⇤⇤⇤ �0.058⇤⇤⇤ �0.008 �0.020⇤⇤ �0.018 �0.049⇤⇤⇤

(0.011) (0.010) (0.012) (0.015) (0.008) (0.013) (0.016)

Two-party 2.417⇤⇤⇤ 2.527⇤⇤⇤ 2.120⇤⇤⇤ 1.438⇤⇤⇤ 2.740⇤⇤⇤ 2.925⇤⇤⇤ 1.288⇤⇤⇤

(0.475) (0.401) (0.682) (0.451) (0.408) (0.747) (0.414)

Family 2.270⇤⇤⇤ 2.146⇤⇤⇤ 2.190⇤⇤⇤ 2.554⇤⇤⇤ 3.683⇤⇤⇤ 3.578⇤⇤⇤ 1.483⇤⇤

(0.494) (0.422) (0.556) (0.561) (0.473) (0.962) (0.640)

Academic 0.422⇤ �0.340 �0.821⇤⇤⇤ �0.847⇤⇤⇤ �1.166⇤⇤⇤ �0.931⇤ �0.424
(0.225) (0.329) (0.309) (0.281) (0.194) (0.481) (0.333)

Health Net Full HMO
Constant �2.135⇤⇤ �1.619⇤⇤⇤ 0.951 �3.445⇤ �0.459 �0.369 �1.071

(0.851) (0.596) (1.298) (1.910) (0.602) (0.993) (1.039)

Female 0.479 0.703⇤⇤⇤ �0.257 0.391 0.327 0.662 0.319
(0.320) (0.254) (0.341) (0.661) (0.268) (0.455) (0.516)

Salary 0.017⇤⇤⇤ 0.016⇤⇤ 0.019⇤⇤⇤ �0.004 0.013⇤ 0.016⇤ 0.005
(0.006) (0.006) (0.007) (0.009) (0.007) (0.008) (0.009)

Age 0.008 �0.007 �0.046⇤⇤ 0.046⇤ 0.006 0.008 0.004
(0.017) (0.012) (0.022) (0.026) (0.013) (0.017) (0.031)

Two-party 2.958⇤⇤⇤ 2.981⇤⇤⇤ 2.469⇤⇤⇤ 2.461⇤⇤⇤ 3.158⇤⇤⇤ 3.677⇤⇤⇤ 0.740
(0.560) (0.517) (0.859) (0.909) (0.479) (0.899) (0.999)

Family 2.996⇤⇤⇤ 2.641⇤⇤⇤ 3.031⇤⇤⇤ 3.086⇤⇤⇤ 4.520⇤⇤⇤ 5.420⇤⇤⇤ 2.007⇤⇤

(0.640) (0.574) (0.907) (0.876) (0.639) (1.358) (0.914)

Academic 0.379 �0.684⇤ �0.026 �2.347⇤⇤ �1.325⇤⇤⇤ �1.319⇤⇤ �1.050⇤⇤
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(0.303) (0.411) (0.688) (0.917) (0.420) (0.667) (0.510)

Kaiser Permanente
Constant 1.969⇤⇤⇤ 1.947⇤⇤⇤ 3.419⇤⇤⇤ 1.827⇤⇤⇤ 2.392⇤⇤⇤ �0.207 2.826⇤⇤⇤

(0.500) (0.437) (0.965) (0.542) (0.405) (0.834) (0.586)

Female 0.182 0.440⇤⇤⇤ �0.091 0.989⇤⇤⇤ 0.159 �0.274 0.122
(0.165) (0.146) (0.250) (0.254) (0.179) (0.386) (0.306)

Salary 0.018⇤⇤⇤ 0.009 0.012⇤ 0.004 0.001 0.017⇤⇤ 0.002
(0.004) (0.006) (0.007) (0.005) (0.004) (0.008) (0.006)

Age �0.051⇤⇤⇤ �0.049⇤⇤⇤ �0.067⇤⇤⇤ �0.037⇤⇤⇤ �0.028⇤⇤⇤ �0.007 �0.051⇤⇤⇤

(0.011) (0.010) (0.012) (0.013) (0.008) (0.017) (0.013)

Two-party 2.060⇤⇤⇤ 2.808⇤⇤⇤ 2.114⇤⇤⇤ 1.643⇤⇤⇤ 2.557⇤⇤⇤ 2.478⇤⇤⇤ 1.591⇤⇤⇤

(0.431) (0.366) (0.642) (0.425) (0.384) (0.752) (0.386)

Family 1.948⇤⇤⇤ 2.363⇤⇤⇤ 2.448⇤⇤⇤ 2.737⇤⇤⇤ 3.283⇤⇤⇤ 3.285⇤⇤⇤ 1.631⇤⇤⇤

(0.430) (0.299) (0.483) (0.485) (0.427) (0.797) (0.517)

Academic �0.432⇤ �1.065⇤⇤⇤ �0.998⇤⇤ �1.464⇤⇤⇤ �1.179⇤⇤⇤ �2.113⇤⇤⇤ �0.481⇤

(0.230) (0.307) (0.499) (0.278) (0.209) (0.514) (0.267)

Blue Cross Plus
Constant �1.440⇤⇤ �0.708 �1.294 �1.616 �1.087⇤ �0.197 0.239

(0.702) (0.735) (1.248) (1.294) (0.565) (1.230) (0.700)

Female 0.370 0.041 0.173 1.231⇤⇤⇤ 0.952⇤⇤⇤ �0.132 0.363
(0.266) (0.309) (0.364) (0.368) (0.251) (0.521) (0.310)

Salary 0.029⇤⇤⇤ 0.023⇤⇤⇤ 0.031⇤⇤⇤ 0.008 0.017⇤⇤⇤ 0.035⇤⇤⇤ 0.010
(0.005) (0.007) (0.007) (0.007) (0.005) (0.009) (0.006)

Age �0.020 �0.046⇤⇤ �0.033 0.014 0.017 �0.015 �0.025
(0.015) (0.020) (0.020) (0.026) (0.012) (0.026) (0.016)

Two-party 2.481⇤⇤⇤ 2.392⇤⇤⇤ 2.747⇤⇤⇤ 2.699⇤⇤⇤ 3.063⇤⇤⇤ 3.877⇤⇤⇤ 1.443⇤⇤

(0.580) (0.453) (0.669) (0.582) (0.456) (0.894) (0.574)

Family 3.214⇤⇤⇤ 2.044⇤⇤⇤ 3.311⇤⇤⇤ 3.773⇤⇤⇤ 4.006⇤⇤⇤ 4.778⇤⇤⇤ 2.205⇤⇤⇤

(0.575) (0.575) (0.807) (0.757) (0.582) (1.071) (0.743)

Academic 0.264 �0.440 �1.532⇤⇤ �0.412 �0.727⇤⇤ �2.834⇤⇤⇤ �0.004
(0.339) (0.412) (0.681) (0.449) (0.313) (0.634) (0.385)

Blue Cross PPO
Constant �2.729⇤⇤⇤ �2.182⇤⇤⇤ �0.509 �1.173 �0.698 �2.182⇤⇤ �0.001

(0.705) (0.659) (1.046) (1.028) (0.615) (1.032) (0.645)

Female 0.813⇤⇤⇤ 0.402 0.644⇤ 1.640⇤⇤⇤ 0.691⇤⇤ 0.903⇤⇤ 0.806⇤⇤

(0.282) (0.324) (0.341) (0.468) (0.282) (0.438) (0.410)

Salary 0.030⇤⇤⇤ 0.025⇤⇤⇤ 0.026⇤⇤⇤ 0.021⇤⇤⇤ 0.022⇤⇤⇤ 0.024⇤⇤⇤ 0.012⇤

(0.005) (0.006) (0.007) (0.007) (0.006) (0.007) (0.007)

Age �0.014 �0.004 �0.039⇤⇤ 0.001 0.006 0.032⇤ �0.014
(0.015) (0.018) (0.018) (0.019) (0.013) (0.017) (0.015)
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Two-party 2.650⇤⇤⇤ 2.535⇤⇤⇤ 2.819⇤⇤⇤ 0.839 2.421⇤⇤⇤ 3.960⇤⇤⇤ 1.414⇤⇤⇤

(0.521) (0.499) (0.832) (0.773) (0.480) (0.868) (0.521)

Family 3.396⇤⇤⇤ 2.353⇤⇤⇤ 3.583⇤⇤⇤ 3.512⇤⇤⇤ 3.228⇤⇤⇤ 5.420⇤⇤⇤ 2.173⇤⇤

(0.654) (0.518) (0.845) (0.815) (0.578) (1.273) (0.854)

Academic 0.390 �0.786⇤⇤ �1.132⇤⇤ �1.356⇤⇤⇤ �1.202⇤⇤⇤ �0.667⇤ �0.058
(0.298) (0.382) (0.538) (0.464) (0.421) (0.401) (0.281)

Blue Cross Lumenos
Constant �3.591⇤⇤⇤ �2.494⇤⇤⇤ �1.076 1.012 �0.831 �1.078 0.109

(1.075) (0.934) (1.374) (0.995) (0.726) (1.190) (0.832)

Female 0.608 0.682⇤ 0.251 0.691 �0.097 0.782 0.032
(0.383) (0.393) (0.507) (0.574) (0.330) (0.506) (0.493)

Salary 0.027⇤⇤⇤ 0.016⇤⇤ 0.022⇤⇤⇤ 0.015⇤⇤ 0.018⇤⇤⇤ 0.031⇤⇤⇤ 0.013⇤⇤

(0.006) (0.007) (0.008) (0.007) (0.006) (0.009) (0.006)

Age �0.018 �0.015 �0.045⇤⇤ �0.059⇤⇤⇤ �0.008 �0.036 �0.039⇤

(0.023) (0.024) (0.018) (0.021) (0.019) (0.028) (0.021)

Two-party 1.724⇤⇤ 2.461⇤⇤⇤ 2.173⇤⇤⇤ 0.887 1.421⇤⇤ 3.204⇤⇤⇤ 1.536⇤⇤

(0.844) (0.642) (0.725) (0.570) (0.559) (0.915) (0.644)

Family 3.209⇤⇤⇤ 2.398⇤⇤⇤ 2.531⇤⇤⇤ 1.659⇤⇤ 2.437⇤⇤⇤ 3.600⇤⇤⇤ 2.131⇤⇤⇤

(0.609) (0.487) (0.674) (0.770) (0.508) (0.936) (0.584)

Academic �0.927 �0.314 �0.301 �1.139⇤ �0.719⇤ �1.789⇤⇤⇤ �1.238⇤

(0.674) (0.571) (0.609) (0.678) (0.432) (0.363) (0.669)

UC Care
Constant �1.673⇤⇤⇤ �1.792⇤⇤⇤ �1.241 �1.001⇤ �0.102 �1.125 �0.621

(0.574) (0.624) (1.180) (0.574) (0.448) (0.903) (0.638)

Female 0.236 0.907⇤⇤⇤ 0.428 0.962⇤⇤⇤ 0.445⇤⇤ 0.812⇤⇤⇤ 0.951⇤⇤⇤

(0.237) (0.222) (0.272) (0.304) (0.216) (0.285) (0.350)

Salary 0.029⇤⇤⇤ 0.022⇤⇤⇤ 0.029⇤⇤⇤ 0.009⇤ 0.025⇤⇤⇤ 0.015⇤⇤ 0.019⇤⇤

(0.005) (0.007) (0.008) (0.006) (0.006) (0.007) (0.009)

Age �0.012 �0.007 �0.017 0.012 �0.005 0.032⇤ �0.020
(0.011) (0.013) (0.013) (0.013) (0.010) (0.018) (0.019)

Two-party 2.380⇤⇤⇤ 2.729⇤⇤⇤ 2.474⇤⇤⇤ 1.576⇤⇤⇤ 3.268⇤⇤⇤ 3.897⇤⇤⇤ 1.513⇤⇤⇤

(0.516) (0.440) (0.691) (0.465) (0.457) (0.769) (0.587)

Family 3.072⇤⇤⇤ 2.029⇤⇤⇤ 2.839⇤⇤⇤ 3.061⇤⇤⇤ 4.004⇤⇤⇤ 5.598⇤⇤⇤ 1.951⇤⇤

(0.648) (0.544) (0.818) (0.668) (0.602) (1.177) (0.871)

Academic 0.162 0.022 �0.608⇤ 0.036 �0.536⇤⇤ �0.693 0.020
(0.268) (0.350) (0.366) (0.321) (0.238) (0.578) (0.322)

Blue Shield Health Savings Plan
Constant �1.097⇤ 0.087 �0.113 �1.348⇤⇤ 0.143 0.068 1.147

(0.580) (0.719) (1.297) (0.658) (0.468) (1.169) (0.748)

Female 0.532⇤⇤ 0.160 0.068 1.055⇤⇤⇤ 0.472⇤⇤ �0.132 0.392
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(0.269) (0.235) (0.312) (0.289) (0.215) (0.406) (0.341)

Salary 0.026⇤⇤⇤ 0.014⇤ 0.024⇤⇤⇤ 0.007 0.021⇤⇤⇤ 0.012 0.012
(0.005) (0.007) (0.009) (0.006) (0.005) (0.010) (0.008)

Age �0.028⇤⇤ �0.041⇤⇤⇤ �0.033⇤ 0.005 �0.027⇤⇤⇤ 0.002 �0.041⇤⇤

(0.013) (0.016) (0.017) (0.014) (0.010) (0.019) (0.018)

Two-party 1.540⇤⇤⇤ 2.902⇤⇤⇤ 1.784⇤⇤ 1.676⇤⇤⇤ 2.388⇤⇤⇤ 2.727⇤⇤⇤ 0.865⇤

(0.477) (0.443) (0.716) (0.505) (0.414) (0.734) (0.483)

Family 2.116⇤⇤⇤ 2.723⇤⇤⇤ 2.074⇤⇤⇤ 2.232⇤⇤⇤ 2.915⇤⇤⇤ 2.802⇤⇤⇤ 1.427⇤⇤

(0.453) (0.417) (0.569) (0.538) (0.445) (0.862) (0.563)

Academic 0.011 �0.736⇤ �0.960⇤⇤ �0.613 �0.946⇤⇤⇤ �1.817⇤⇤⇤ �0.167
(0.345) (0.377) (0.487) (0.399) (0.263) (0.415) (0.331)

Observations 14207 18714 10495 6728 23115 4287 6561
Estimates using only choices of newly hired employees. Standard errors in parentheses, adjusting for clus-
tering by department. “Salary" is annual salary in thousands, “Two-party" indicates coverage of employee
plus spouse (or children), “Family" indicates coverage of employee plus two or more dependents. Coefficients
for Western Health Advantage (an HMO plan serving Davis-Sacramento area) and for full sets of employee
Hospital Referral Region (HRR) dummies omitted to save space.
⇤ p < 0.10, ⇤⇤ p < 0.05, ⇤⇤⇤ p < 0.010




