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Abstract

Background: This study sought to describe the incidence of transitions into and out of Medicaid, characterize the
populations that transition and determine if health insurance instability is associated with changes in healthcare
utilization.

Methods: 2000-2004 Medical Expenditure Panel Survey (MEPS) was used to identify adults enrolled in Medicaid at
any time during the survey period (n = 6,247). We estimate both static and dynamic panel data models to
examine the effect of health insurance instability on health care resource utilization.

Results: We find that, after controlling for observed factors like employment and health status, and after specifying
a dynamic model that attempts to capture time-dependent unobserved effects, individuals who have multiple
transitions into and out of Medicaid have higher emergency room utilization, more office visits, more
hospitalizations, and refill their prescriptions less often.

Conclusions: Individuals with more than one transition in health insurance status over the study period were likely
to have higher health care utilization than individuals with one or fewer transitions. If these effects are causal, in
addition to individual benefits, there are potentially large benefits for Medicaid programs from reducing avoidable
insurance instability. These results suggest the importance of including provisions to facilitate continuous
enrollment in public programs as the United States pursues health reform.

Background
Transitions into and out of health insurance coverage
can bring a number of deleterious consequences, both
for the health care of the enrollee and for the account-
ability of providers and insurers (i.e. pay-for-perfor-
mance programs). Transitions between coverage status
can be particularly problematic for individuals with pub-
lic program coverage in the United States. Adults qualify
for Medicaid based on a number of characteristics
including income, having children, being pregnant, and/
or being disabled. Both eligibility requirements and need
to verify eligibility status varies from state to state. Dis-
ruptions in Medicaid coverage are common,[1] even
among individuals with chronic diseases[2]. Individuals
can transition from Medicaid either due to a change in
the criteria that made them eligible (i.e., income as a
percent of poverty, being pregnant, or having a child

that ages out of the program) or because they passively
do not enroll from one period the next.
With respect to health care delivery, gaining and then

losing insurance coverage may translate into moving
between different providers and may lead to discontinu-
ous delivery of care. This would also make it difficult to
establish a usual source of care and form a relationship
with a medical provider that can lead to an enhanced
patient-provider relationship. Additionally, by changing
insurance status and potentially also providers, there is a
greater likelihood of increased diagnostic testing and
imaging. With respect to accountability, a given insurer
may not have enough continuity to ensure that its
enrollees get the appropriate preventive care.
Individuals with health insurance are known to receive

more timely and appropriate care than their counter-
parts without coverage[3]. While the role of intermittent
coverage is less well understood, there is mounting evi-
dence that this impacts receipt of appropriate services.
A study of the termination of Medicaid benefits in Cali-
fornia demonstrated a significant drop in access to and
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utilization of health services as well as worse health sta-
tus after Medicaid eligibility was discontinued[4,5].
Other studies have generally found that compared with
people who have health insurance, those without cover-
age have lower rates of preventive service use,[6-8] lack
a usual source of care,[9]and report no physician visits
over a period of time[9].
Little is known about insurance instability as specifi-

cally measured by the number of disruptions in coverage
and the effect of those disruptions on health care deliv-
ery. Given previous findings, it is reasonable to presume
that when most individuals lose their Medicaid coverage
without adequate replacement, they stop consuming
health services or change their utilization patterns. In
such situations, the health status of some individuals,
especially those with chronic conditions, may deteriorate
to the point where acute care is needed. One of the
only studies to look at the effect of interruptions in
Medicaid coverage found that individuals with a diagno-
sis of schizophrenia who experienced interruptions in
their coverage used significantly more inpatient psychia-
tric services than individuals who had continuous Medi-
caid coverage[10]. That study compared utilization by
individuals with interruptions in coverage and those
with continuous coverage but did not distinguish
whether utilization of inpatient services occurred before
or after interruptions in coverage. Another study
reported that insurance transitions, which include a per-
iod of no coverage, were associated with postponed care
and prescriptions[11]. Other analysis has found that
children who experienced a disruption in coverage had
lower vaccination coverage as compared with those with
continuous insurance[12,13]. Much of this literature
evaluating the effects of disruption in insurance has
used cross-sectional analyses, and thus have not
accounted for changes over time. It is important to con-
sider these changes because the disruption may be due
to changes in employment, health status or other factors
that may affect insurance transitions.
There is little known about health insurance “movers”

- people whose insurance status changes multiple times
in a short interval. Are such individuals likely to use
more or less health services? Does this answer depend
on the type of health service in question? In this paper
we use longitudinal national survey data to estimate the
impact of transitions into and out of Medicaid, on
resource utilization. Additionally, we use dynamic mod-
els to estimate our results, as opposed to static models
that have been used in previous studies[14,15].

Methods
Data
Data for our analysis come from the 2000-2004 Medical
Expenditure Panel Survey (MEPS), a nationally

representative sample of the non-institutionalized, civi-
lian U.S. population. Individuals are interviewed five
times over a 2-year period. We limit our analysis to
individuals who report Medicaid enrollment in at least
one round of the survey regardless of other types of cov-
erage they may also report. We further limit our analysis
to adults between 18 and 64 years of age due to the dif-
ferent eligibility criteria for adults compared to children
and the elderly. We retained only individuals who had
data for both years of the survey, leaving 6,247 unique
individuals. MEPS interviewers are trained to seek out
changes in life circumstances from the previous inter-
view resulting in a rich source of time-varying informa-
tion about the respondents on factors like employment
and health status. We attempted to take full advantage
of this richness by conducting a longitudinal analysis
that used data from all five rounds.
Our primary outcomes of interest are the number of

emergency room visits, outpatient office visits, hospitali-
zations and prescription drug fills, all of which are mea-
sured in each round. Our two main independent
variables are indicators for one and multiple insurance
transitions into or out of Medicaid over the 2-year per-
iod. Because the sample was defined based on Medicaid
enrollment at some point during the survey period, indi-
viduals with no transitions were always enrolled in Med-
icaid, those with one transition either entered or left
Medicaid once, and those with multiple transitions were
enrolled in Medicaid for varying timeframes over the
survey period. In our baseline model we controlled for
age, gender, marital status, race (white or not), family
size (number of members), whether the person finished
high school, employment status (employed or not dur-
ing the round), self-reported health status (indicating
good, very good or excellent perceived health during the
round), income (ratio of total household income to the
mean for the entire sample), number of chronic condi-
tions as defined in [16] and round fixed effects. In our
other specifications, we include the mean of employ-
ment status in each round, mean health status in each
round, and initial round utilization. We discuss these
further below. This research was deemed exempt by the
Mayo Clinic IRB because the MEPS data are available
publicly.

Statistical Analysis
As a means-tested public health insurance program,
Medicaid was not designed to be a permanent source of
insurance for the majority of its beneficiaries[17].
Changes in family composition, work or income circum-
stances are common reasons for transitions into or out
of the program. We first present a description of the
prevalence of single and multiple transitions into and
out of Medicaid. We then describe sociodemographic
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characteristics of these distinct populations. In order to
control for these socioeconomic differences, we estimate
multivariate models. As many of the factors associated
with insurance transitions are not observed in our data,
our estimation strategy needs to account for these unob-
servables. Additionally, some of these unobservables may
be time-varying, in which case, treating the process as
dynamic may better separate the effects of observed
explanatory factors from unobserved ones.
We study four types of health care utilization, all of

which are discrete and non-negative, justifying the use
of count data models to estimate the impact of multiple
transitions on utilization. To account for potential time-
varying unobserved factors, as well as assess whether
health utilization behavior displays persistence, meaning
that prior utilization impacts current and future utiliza-
tion, we estimate both static and dynamic longitudinal
models.
Our basic specification specifies the dependent vari-

able yit to have a Poisson distribution with conditional
mean

E y z c c z t Tit i i i it( | ) exp[ ] ...,, = ∀ = 1 (1)

where zi is a vector of independent variables and ci is
an unobserved effect, as described in Wooldridge[18]
and Nolan[19]. Unfortunately, random effects estimators
like these give inconsistent estimates when the unob-
served effects are correlated with observed independent
variables. Attitudes toward health, how hard people
work, etc. are likely to be correlated with health and
employment status. Wooldridge [20] suggests parame-
terizing the individual effects as a way to mitigate these
problems and adds a vector of within-individual means
for the time-varying independent variables to the specifi-
cation. This modifies the specification of the conditional
mean to be

E y z c zit i i i it( | , ) exp[ ]=   (2)

where   i i ic z= +exp( )0 2 and zi is a vector of
within-individual means for the time-varying variables,
which in our case are health and employment status.
The logic underlying this approach is that by adding a
function of the independent variables, we absorb some
of the correlation that may exist between the unob-
served effect and the independent variables. So for
example, if employment history is a better indicator of
how hardworking an individual is, the mean of employ-
ment status over the survey period should, in principle,
capture this effect.
Some forms of health care utilization may be persis-

tent (or state-dependent) over time such that past utili-
zation may be positively correlated with current and

future utilization. We modify the static specification to
account for persistence by estimating a dynamic model
in which the conditional mean is

E y y y z c z h y t Tit it i i i i it it( | , , ) exp[ ( ) ] ,...,,...,− −= + ∀ =1 0 1 1   (3)

where h(.) is some non-decreasing function,
   i i i ic b z= + +exp( )0 0 1 2 and bi0 is a vector of
initial conditions. In a dynamic setting like this, the
initial condition is not exogenous. For example, imagine
two otherwise identical individuals in our data, A and B,
who are enrolled in Medicaid for 4 rounds. A enrolls at
the beginning of round 1 and exits at the end of round
4, whereas B enrolls at the beginning of round 2 and
exits at the end of round 5. Assume that health care
costs fall for both A and B once they enroll in Medicaid
and stay low for at least one round after they exit. Both
individuals would appear as having one transition (A
transitions out of, and B transitions into Medicaid), but
B’s costs would be higher because we observe B in
round 1 (during which he is not enrolled). Controlling
for initial period utilization is a simple way of adjusting
for such an unobserved difference between individuals
by acting as a proxy for past utilization. Wooldridge
[18] points out that the coefficient on the initial condi-
tion is often large and highly significant which is not
surprising since it acts as a baseline catchall for unob-
served heterogeneity between individuals. See Nolan[19]
for a recent application of this method.
All analysis is conducted in StataSE 10 [21].

Results
Descriptive statistics for our study population are pre-
sented in Table 1. Of individuals enrolled in Medicaid
at least at some point during a two year time period,
over half of the sample (53.2 percent) had no transi-
tions, indicating that they were covered by Medicaid
for the entire period. Approximately one-sixth of the
respondents (16.7 percent) had multiple transitions
into and out of Medicaid over the two years. The
remaining individuals either transitioned once to Medi-
caid or once away from Medicaid over the survey per-
iod. There are important differences between the three
groups of individuals. Specifically, those with continu-
ous coverage are older, less likely to be married, have
less education, smaller family size, less employment,
lower self-reported health status, less income, and
more chronic conditions compared to those with one
or multiple transitions.
Table 2 shows utilization variables for each of the

three populations of interest. Those with continuous
Medicaid coverage have more office based visits and
prescription refills than either of the other populations.
Those with continuous coverage also have more ER
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visits and inpatient discharges than those with one
transition.

Emergency Room Visits
We report results from our random effects specifications
in Table 3. Column 1 shows estimates of the basic spe-
cification (1). Controlling for demographic and socioeco-
nomic characteristics and number of chronic conditions,
individuals who rate themselves as having good health
visit the emergency room (ER) 50% less often over the
survey period than those who do not. Employed indivi-
duals visit the ER 20% less often and people with
chronic conditions have 25% more visits. Multiple

transitions into and out of Medicaid are not significantly
associated with the number of ER visits. Interestingly,
household income is not significantly associated with ER
visits after conditioning on whether an individual is
employed or not or perceives themselves to be healthy.
Older individuals are slightly less likely to visit the ER
and males visit 25% less often than females.
Column 2 uses specification (2) where we have added

mean employment and health status over the survey
period to capture unobserved factors associated with
employment and health status. The mean of self-
reported health status (over all rounds) has a compar-
able influence on ER visits as self-reported health status

Table 1 Descriptive Statistics by Number of Transitions

Variable Transition = 0 Mean or
%

Transition = 1 Mean or
%

Transition = 1 p-
value*

Transition > 1 Mean or
%

Transition > 1
p-value**

Age 50.5
(19.852)

34.4
(13.232)

0.0000 38.9
(18.345)

0.0000

Male % 30.9
(.462)

30.1
(.459)

0.1463 29.7
(.457)

0.0731

Married % 28.7
(.452)

41.3
(.492)

0.0000 0.4
(.496)

0.0000

High School % 41.0
(.492)

51.5
(..5)

0.0000 60.0
(.49)

0.0000

Family Size 3.013
(2.025)

3.774
(1.883)

0.0000 3.388
(1.863)

0.0000

White % 63.4
(.482)

72.6
(.446)

0.0000 69.7
(.46)

0.0000

Employed % 17.4
(.379)

48.4
(.5)

0.0000 45.7
(.498)

0.0000

Healthy % 57.2
(.495)

77.9
(.417)

0.0000 77.0
(.421)

0.0000

Income 0.872
(.924)

1.077
(1.226)

0.0000 1.270
(1.44)

0.0000

Chronic count 0.232
(.553)

0.094
(.341)

0.0006 0.119
(.386)

0.0000

Unique
Individuals

3322 1883 1042

*T-Test: Transition = 0 vs. 1; **T-Test: Transition = 0 vs. > 1

Standard deviations in parentheses. Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.

Table 2 Descriptive Statistics by Utilization

Variable Transition = 0 Mean or
%

Transition = 1 Mean or
%

Transition = 1 p-
value*

Transition > 1 Mean or
%

Transition > 1
p-value**

ER Visits 0.142
(.486)

0.123
(.453)

0.0006 0.137
(.494)

0.4817

Inpatient
discharges

0.088
(.355)

0.067
(.286)

0.0000 0.083
(.339)

0.2703

Office-based visits 3.334
(7.898)

1.684
(4.908)

0.0000 2.274
(5.769)

0.0000

Prescription refills 9.399
(15.629)

2.667
(7.065)

0.0000 4.052
(9.452)

0.0000

Unique
Individuals

3322 1883 1042

*T-Test: Transition = 0 vs. 1; **T-Test: Transition = 0 vs. > 1

Standard deviations in parentheses. Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.

Banerjee et al. BMC Health Services Research 2010, 10:195
http://www.biomedcentral.com/1472-6963/10/195

Page 4 of 10



in any given round. This suggests that unobserved or
unmeasured health related factors (proxied here by a
function of round-specific status) play an important role
in determining ER visits. However, average employment
status is not important after accounting for round-speci-
fic employment status. Multiple transitions to and from
Medicaid have a statistically significant impact on the
number of ER visits in this specification suggesting
again that specification (1) misses unobserved effects.
Column 3 presents the dynamic specification (3). Two

points are worth noting. First, there is no evidence of
persistence in visits to the ER meaning that a visit to
the ER in the previous round is not correlated with a
visit in the current round. The second point to note is
the large, positive and significant coefficient on the
initial condition (initialervis). Wooldridge [18] points
out that the size of the coefficient is not unusual in this
type of model. It shows unambiguously that unobserved

factors, some of which are time-dependent and captured
by the initial condition, that is, the number of visits to
the ER by an individual in the first round of the survey,
play an important role in this model. For example, the
number of visits to the ER in round 1 may say some-
thing about an individual’s health status or proclivity for
using ER-based care over and above that captured by
self-reported health status. Including the initial condi-
tion increases the coefficient on the multiple transition
indicator variable and makes it more statistically signifi-
cant. Thus in a dynamic context, multiple transitions
are associated with a 17.5% increase in ER usage.

Office and Outpatient Visits
Table 4 reports estimates from regressions in which we
run our various specifications with number of office and
outpatient visits as the dependent variable. The basic
specification reveals that, all else equal, older, white,

Table 3 Emergency Room Visits

Static
Specification (1)

Static
Specification (2)

Dynamic
Specification (3)

One transition 0.976
(0.051)

0.995
(0.053)

1.031
(0.058)

More than one transition 1.097
(0.066)

1.126*
(0.069)

1.175**
(0.076)

Age 0.987***
(0.0013)

0.985***
(0.0014)

0.987***
(0.0014)

Male 0.754***
(0.035)

0.745***
(0.035)

0.772***
(0.038)

Married 0.949
(0.044)

0.942
(0.044)

0.936
(0.047)

Graduated high school 0.961
(0.041)

0.972
(0.042)

0.932
(0.042)

White 0.981
(0.044)

0.977
(0.044)

0.908**
(0.043)

Family size 0.908***
(0.011)

0.913***
(0.011)

0.912***
(0.012)

Employed 0.816***
(0.037)

0.832***
(0.050)

0.823***
(0.058)

Health (self-reported) 0.495***
(0.018)

0.608***
(0.029)

0.576***
(0.031)

Income 1.012
(0.020)

1.016
(0.020)

1.006
(0.022)

Number of chronic conditions 1.257***
(0.035)

1.230***
(0.035)

1.228***
(0.037)

Average employment status over the observation time frame 1.022
(0.090)

1.057
(0.10)

Average health status (self reported) over the observation time frame 0.587***
(0.045)

0.664***
(0.055)

ER visits in prior time period 0.983
(0.020)

ER visits at baseline 1.668***
(0.078)

Observations 37482 37482 31235

Number of individuals 6247 6247 6247

Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.
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females with at least a high school education are more
likely to have office visits. Employed individuals visit the
doctor 32% less often and healthy individuals do so 12%
less often relative to those who self-identify as being in
fair to poor health. The single and multiple transition
dummies are both negative and significant. The latter
implies that individuals with unstable insurance are 15%
less likely to see a doctor in an office or outpatient set-
ting relative to no-transition individuals.
Column 2 reveals that average employment and health

history are important determinants of office visits. In
fact, individuals who on average report good to excellent
health are much less likely to not visit the doctor rela-
tive to those who report poor to fair health. The size of
this coefficient relative to the round-specific self-
reported health status again suggests the importance of
unobserved health-related factors that play a role in
determining office visits.

The dynamic specification in Column 3 reveals a
small, negative and significant relationship between
office visits in the previous period and those in the cur-
rent period implying some evidence of cyclicality in doc-
tor visits. Thus individuals who visited the doctor in the
last round are marginally less likely to do so in the cur-
rent round. A key point to note is that when the initial
condition is included, the multiple transition indicator
becomes positive and significant. In other words, once
we condition on the number of visits in the first period,
individuals with unstable insurance are more likely to
visit the doctor. Factors like an individual’s propensity
to see the doctor, or perhaps transitory demand (where
prior knowledge of an imminent loss of insurance cover-
age may lead to increased utilization), may be responsi-
ble for this finding. From our perspective, this is further
evidence that time-dependent unobserved factors are
important to account for in this context.

Table 4 Outpatient Visits

Static
Specification (1)

Static
Specification (2)

Dynamic
Specification (3)

One transition 0.664***
(0.025)

0.725***
(0.027)

0.868***
(0.032)

More than one transition 0.843***
(0.037)

0.973
(0.042)

1.103**
(0.047)

Age 1.011***
(0.00096)

1.004***
(0.00093)

1.005***
(0.00091)

Male 0.779***
(0.026)

0.740***
(0.024)

0.715***
(0.023)

Married 0.944**
(0.022)

0.954**
(0.022)

0.954*
(0.023)

Graduated high school 1.333***
(0.041)

1.449***
(0.043)

1.284***
(0.038)

White 1.114***
(0.035)

1.176***
(0.035)

1.154***
(0.035)

Family size 0.976***
(0.0064)

0.981***
(0.0063)

0.976***
(0.0065)

Employed 0.682***
(0.011)

0.711***
(0.012)

0.645***
(0.013)

Health (self-reported) 0.881***
(0.0090)

0.933***
(0.0097)

0.943***
(0.011)

Income 1.016***
(0.0059)

1.025***
(0.0060)

1.041***
(0.0065)

Number of chronic conditions 1.066***
(0.0066)

1.060***
(0.0066)

1.058***
(0.0071)

Average employment status over the observation time frame 0.847***
(0.039)

0.969
(0.046)

Average self reported health status over the observation time frame 0.358***
(0.016)

0.416***
(0.018)

Outpatient visits in prior period 0.999***
(0.00025)

Outpatient visits at baseline 1.083***
(0.0041)

Observations 37482 37482 31235

Number of individuals 6247 6247 6247

Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.
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Hospitalizations
We report hospitalization results in Table 5. The pattern
of results is similar to those for ER visits and office visits
in that employed and healthy individuals are less likely to
have hospitalizations. Multiple transitions are associated
with a 24% increased rate of hospitalizations. Controlling
for correlated individual effects in column 2 does not
change much except increase the coefficient on self-
reported health. The dynamic model reveals that unob-
served time-dependent factors play a role: the coefficient
on multiple transitions rises about 50% relative to col-
umn 1, meaning that controlling for the initial number of
hospitalizations is important for understanding the effect
of insurance instability on the number of hospitalizations.

Prescription Refills
Table 6 reports results where our outcome variable is
the number of prescription refills per round. Single and

multiple transitions are associated with reduced utiliza-
tion. The basic specification shows that older, female,
and at least high school educated individuals had higher
prescription drug utilization, while employed and
healthy individuals had lower utilization. Either one or
more than one transition was associated with lower pre-
scription drug utilization. The dynamic model reveals
some cyclicality across rounds which implies that indivi-
duals have fewer fills than they did in the previous
round and vice versa. When the initial conditions are
included, the magnitude of the transition effect is
reduced. This may indicate that there are people with
chronic conditions who continue taking medications
that they believe are beneficial.

Discussion & Conclusions
Insurance instability has many perverse outcomes; we
find that one of these is a change in utilization patterns.

Table 5 Inpatient Hospitalizations

Static
Specification (1)

Static
Specification (2)

Dynamic
Specification (3)

One transition 1.013
(0.061)

1.020
(0.062)

1.045
(0.069)

More than one transition 1.239***
(0.084)

1.264***
(0.087)

1.366***
(0.10)

Age 0.995***
(0.0015)

0.994***
(0.0015)

0.994***
(0.0016)

Male 0.672***
(0.036)

0.657***
(0.036)

0.717***
(0.041)

Married 1.042
(0.054)

1.039
(0.054)

1.069
(0.060)

Graduated high school 1.110**
(0.053)

1.111**
(0.054)

1.085
(0.057)

White 1.166***
(0.059)

1.174***
(0.060)

1.215***
(0.067)

Family size 0.978
(0.013)

0.985
(0.014)

0.977
(0.015)

Employed 0.501***
(0.031)

0.482***
(0.042)

0.469***
(0.046)

Healthy (self-reported) 0.483***
(0.022)

0.613***
(0.038)

0.576***
(0.039)

Income 0.991
(0.024)

0.989
(0.025)

0.979
(0.027)

Number of chronic conditions 1.315***
(0.041)

1.285***
(0.041)

1.285***
(0.044)

Average employment status over the observation time frame 1.140
(0.13)

1.147
(0.15)

Average self-reported health status over the observation time frame 0.587***
(0.054)

0.650***
(0.065)

Inpatient hospitalization in prior period 0.960
(0.037)

Inpatient hospitalization at initial period 1.574***
(0.11)

Observations 37482 37482 31235

Number of individuals 6247 6247 6247

Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.
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Our estimates indicate that ER use, office visits and hos-
pitalizations rise between 10% and 36% and that use of
prescription medications falls by 19% among the unsta-
bly insured compared to those with consistent Medicaid
coverage. Lack of a continuous source of coverage may
cause individuals to overuse expensive sources of care
like the ER or put off seeing a doctor until their health
deteriorates enough to warrant an inpatient episode.
Conversely, patients without coverage are often unable
to afford required prescription medications, and this
may in turn lead to an inpatient or ER episode. Alter-
nately, those that are stably insured in Medicaid may be
distinct from those that are not as indicated by the
descriptive characteristics, in that they may be eligible
based on a disability or other chronic condition, impact-
ing both their utilization patterns and ease of enrollment
relative to those who qualify based on income and
assets.

In a study looking at insurance instability among HIV
patients, Smith et al.[22] find that changes in health
insurance coverage are associated with lower drug utili-
zation. Beyond this study, to our knowledge, there are
no other studies evaluating the effect of inconsistent
coverage on prescription drug utilization. Our finding of
lower prescription drug utilization for individuals with
multiple transitions is not surprising and may be
affected by a number of issues including the individual
not filling prescriptions while transitioning between
insurance types/plans, formulary issues that may restrict
use, higher cost-sharing among private plans compared
to Medicaid, and treatment/prescribing patterns of new
providers when a provider change may be necessary.
Alternately, as stated above it may be due to underlying
population characteristics of those consistently enrolled.
Multiple transitions to and from public programs may

have significant implications for health care costs and

Table 6 Prescription Medication Refills

Static
Specification (1)

Static
Specification (2)

Dynamic
Specification (3)

One transition 0.513***
(0.022)

0.614***
(0.025)

0.704***
(0.029)

More than one transition 0.597***
(0.030)

0.746***
(0.036)

0.809***
(0.038)

Age 1.035***
(0.0011)

1.026***
(0.0010)

1.023***
(0.0010)

Male 0.871***
(0.033)

0.832***
(0.029)

0.830***
(0.029)

Married 1.058***
(0.021)

1.046**
(0.020)

1.072***
(0.022)

Graduated high school 1.206***
(0.042)

1.302***
(0.043)

1.203***
(0.039)

White 1.047
(0.035)

1.093***
(0.034)

1.050
(0.033)

Family size 0.936***
(0.0051)

0.941***
(0.0050)

0.943***
(0.0052)

Employed 0.851***
(0.012)

0.893***
(0.013)

0.942***
(0.016)

Healthy (self-reported) 0.870***
(0.0059)

0.895***
(0.0061)

0.905***
(0.0068)

Income 0.982***
(0.0041)

0.987***
(0.0041)

0.985***
(0.0044)

Number of chronic conditions 1.031***
(0.0036)

1.029***
(0.0036)

1.032***
(0.0038)

Average employment status over the observation time frame 0.710***
(0.035)

0.782***
(0.039)

Average self-reported health status over the observation time frame 0.257***
(0.012)

0.335***
(0.016)

Prescription refills in prior period 0.997***
(0.00014)

Prescription refills at initial period 1.073***
(0.0030)

Observations 37482 37482 31235

Number of individuals 6247 6247 6247

Note that dummy variables for each round were included in the models but are not reported for purposes of brevity.

Banerjee et al. BMC Health Services Research 2010, 10:195
http://www.biomedcentral.com/1472-6963/10/195

Page 8 of 10



quality. Administrative costs may be higher for indivi-
duals who undergo multiple insurance transitions.
Health plans and providers may lose anticipated revenue
or incur costs that they may not otherwise incur. Mana-
ging and monitoring care and measuring the quality of
care also becomes more difficult. Additionally, a recent
study suggests that individuals who lose continuity of
care tend to feel unsafe if they do not get to see their
usual physician[23]. If individuals with continuous cov-
erage do differ on their basis of eligibility, which cannot
be determined using MEPS, lessons can be learned
about the potential benefits of continuous enrollment
evident even in comparison to a population that likely
has more chronic health problems. These relationships
should be disentangled in further work.
An interesting feature of our findings is the role

played by unobserved factors. Adding parameterized
versions of time-varying individual variables changes the
estimates in certain cases. Moreover, the dynamic speci-
fication reveals that initial conditions play an important
role in all cases. We believe these are a proxy for time-
dependent unobserved effects; for example, certain indi-
viduals may be more likely to utilize health care than
others and a dynamic model is necessary to capture this
factor. These differences in effects are observed when
the static specification is changed to a dynamic
specification.
As with any observational study, our study has a num-

ber of limitations. We were not able to model the direc-
tionality of change and the type of insurance the
individual transitioned into. We did not have informa-
tion on why insurance transitions took place which may
affect utilization behavior. For example, an individual
transitioning due to a job change may have different uti-
lization patterns than one transitioning due to adminis-
trative issues or one transitioning due to pregnancy.
Another limitation is that we did not have information
on the state of residence and thus were not able to con-
trol for differing renewal policies across states. Finally,
all of the data used is based on self-report. In our analy-
sis we include those who may erroneously report that
they have Medicaid (false positives) and omit those that
fail to report that they are covered (false negatives).
Prior work has shown, however, that the size of these
errors is likely small[24].
From a methodological standpoint, Poisson regression

has well-known weaknesses, in particular when data are
overdispersed. The negative binomial (NB) model is
often used as an alternate model in these situations, but
as Cameron and Trivedi[25] point out, it does not help
when the conditional mean is poorly specified and it is
less robust to distributional misspecification than the
Poisson model. Moreover, in our case, Wooldridge’s[18]
approach for dynamic panels has only been developed

for Poisson models so we use this specification in our
analysis.
If the effects we have found are indeed causal, there

are potentially large gains to instituting programs or
policies that provide consistent coverage across transi-
tional life events. Increased utilization of health care in
circumstances where individuals lose Medicaid coverage
as a result of purely administrative reasons is wasteful
from both an individual and societal perspective. It can
also be argued that similarly wasteful are the transitions
that occur among those that are at the border of eligibil-
ity and thus regularly transition on and off Medicaid.
Moreover, our results suggest that providing better
access to prescription medication may be a potentially
effective method for maintaining health for those in
transition. This in turn may reduce the need for expen-
sive emergent care.
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