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Abstract

Objective. Numerous electronic tools help consumers select health insurance plans based on their estimated health
care utilization. However, the best way to personalize these tools is unknown. The purpose of this study was to com-
pare two common methods of personalizing health insurance plan displays: 1) quantitative healthcare utilization pre-
dictions using nationally representative Medical Expenditure Panel Survey (MEPS) data and 2) subjective-health
status predictions. We also explored their relations to self-reported health care utilization. Methods. Secondary data
analysis was conducted with responses from 327 adults under age 65 considering health insurance enrollment in the
Affordable Care Act (ACA) marketplace. Participants were asked to report their subjective health, health conditions,
and demographic information. MEPS data were used to estimate predicted annual expenditures based on age, gen-
der, and reported health conditions. Self-reported health care utilization was obtained for 120 participants at a 1-year
follow-up. Results. MEPS-based predictions and subjective-health status were related (P \ 0.0001). However,
MEPS-predicted ranges within subjective-health categories were large. Subjective health was a less reliable predictor
of expenses among older adults (age 3 subjective health, P = 0.04). Neither significantly related to subsequent self-
reported health care utilization (P = 0.18, P = 0.92, respectively). Conclusions. Because MEPS data are nationally
representative, they may approximate utilization better than subjective health, particularly among older adults.
However, approximating health care utilization is difficult, especially among newly insured. Findings have implica-
tions for health insurance decision support tools that personalize plan displays based on cost estimates.
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The Affordable Care Act (ACA) provided access to
health insurance for 20 million previously uninsured
Americans, including over 12 million in the ACA mar-
ketplace.1 Despite gaining access to insurance, many
individuals struggled to estimate expected out-of-
pocket costs across plans in order to choose a plan that
fit their needs.2 In many areas, more than 40 plan
choices were available in the marketplace, leading to
choice overload.3 As a result, numerous decision sup-
port tools were developed to help individuals choose

the best health insurance plan for themselves and/or
their families.

Both qualitative4,5 and quantitative6,7 data suggest
that individuals can benefit from health insurance
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decision support, including out-of-pocket expense calcu-
lators. However, the level of personalization and method
of cost estimation varies across tools. For example, in
some state-based tools,8 global evaluations of one’s
subjective-health status are used to estimate how healthy
or sick an individual feels. Those subjective ratings are
used to suggest insurance plans. When selecting insur-
ance in the ACA marketplace on healthcare.gov last
year, users were asked whether they expected ‘‘low,’’
‘‘medium,’’ or ‘‘high’’ health care utilization, with the
website providing definitions of those qualitative descrip-
tors in terms of numbers of doctor visits and medica-
tions. The website then showed cost estimates for groups
of plans by metal level (gold, silver, or bronze) before
showing specific plans within metal level category. A
more complex tool,9,10 like some other tools used to
facilitate health insurance decisions,11–13 uses data
from the Medical Expenditure Panel Survey (MEPS)14

to estimate costs to the consumer for each available
plan in their region, after insurance is applied. These
objective estimates are based on national data about
health services that Americans use, how frequently they
use them, and the cost of these services across demo-
graphic characteristics and health conditions. Available
plans are then sorted from lowest to highest expected
annual cost to an individual or family, and ‘‘good fit’’
plans are highlighted based on an algorithmic predic-
tion of costs and the risk of incurring more costs than
expected.9,10

In each of these available tools, consumers can learn
about available health insurance plans and the specific
costs required to cover themselves and/or their family.
However, the best way to estimate personalized costs is
unknown. Subjective evaluations of health status or
health care utilization have been used reliably to report
physical symptomatology of diseases, emotional well-
being, and functional-related health15,16 across diverse
health conditions.17,18 Subjective-health status is simple

for users to complete, does not ask personal health infor-
mation, and may provide an efficient way to calculate
insurance needs. However, their lack of precision may
not generate the best estimate of health care utilization
for some individuals, in part because some medical con-
ditions may be far more costly in dollars than in per-
ceived loss of health and vice versa.

Estimating health care utilization and costs using
nationally representative data on demographic charac-
teristics and health conditions may be a more precise
and objective way to estimate health insurance
plan costs. However, users might not want to share
personal health information online.19,20 In addition,
the detailed cost calculations might not be necessary if
subjective-health assessments are sufficient to approxi-
mate utilization.

The purpose of this study was to describe the poten-
tial value added from using a quantitative cost calcula-
tor based on MEPS national data compared to a
method using subjective-health status to estimate users’
expected health care utilization and costs. We com-
pared expected health care utilization using each of
these two methods in a sample of 327 individuals. We
then analyzed how each method related to subsequent
self-reported health care utilization at a 1-year follow-
up. We also explored whether age moderated the rela-
tion between subjective-health status and MEPS-based
predictions of health care utilization to see if older
adults’ subjective-health ratings were less reliable than
those of younger adults.

Methods

Participants

Participants were part of a larger randomized study
evaluating a web-based decision tool that supported
individuals’ health insurance choices through the ACA
marketplace.10 The study was approved by the Human
Research Protection Office of Washington University.
Participants were recruited from community events, online
advertisements, social service organizations, and the
recruitment/retention arm of the Center for Community-
Engaged Research at Washington University. All partici-
pants completed informed consent. After completing the
study procedures, they received a gift card, glossary of
health insurance terms, and list of health insurance enroll-
ment facilitators near them. The final sample included 327
men and women between the ages of 18 and 64 who were
English-speaking, eligible for the ACA marketplace, and
lived in counties within 90 miles of St. Louis, Missouri
(individuals 65 and older are not eligible for the
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marketplace since they are Medicare eligible). Table 1 dis-
plays demographic information about participants.

Predicted Yearly Medical Expenses

Individuals were asked to indicate whether they had any
of the following common and costly medical conditions:
arthritis, musculoskeletal conditions, chronic obstructive
pulmonary disease or asthma, cancer, diabetes, depres-
sion, anxiety, other mental illness, stroke, hypertension,
heart conditions, epilepsy, and attention deficit hyperac-
tivity disorder. Participants could manually enter other

conditions not itemized above, although these other con-
ditions were not factored into the cost estimation. An
algorithm estimated individuals’ predicted yearly expen-
ditures based on age, gender, and health conditions,
using national data from the MEPS.14 MEPS is a set of
large-scale surveys of families and individuals, their med-
ical providers, and employers across the United States.
MEPS utilizes a complex survey design and administers
questionnaires to collect nationally representative data
on demographic characteristics, health conditions, health
status, use of medical care services, charges and pay-
ments, access to care, satisfaction with care, health

Table 1 Participant Characteristics Overall and at 1-Year Follow-Up

Overall (N = 327), n (%) Follow-Up (N = 120), n (%)

Age, mean (SD), range 42.3 (12.9), range 18–64 42.3 (12.7), range 19–64
Gender
Male 136 (41.6%) 39 (32.5%)
Female 191 (58.4%) 81 (67.5%)

Race
African American only 203 (62.1%) 69 (57.5%)
Caucasian only 87 (26.6%) 38 (31.7%)
Other (including mixed) 37 (11.3%) 13 (10.8%)

Hispanic ethnicity
Yes 12 (3.7%) 5 (4.2%)
No 315 (96.3%) 115 (95.8%)

Marital status
Single 162 (49.5%) 66 (55.0%)
Married 64 (19.6%) 20 (16.7%)
Living with partner, but not married 26 (8.0%) 4 (3.3%)
Separated, divorced, or widowed 75 (22.9%) 30 (25.0%)

Occupational Statusa

Full-time employed 85 (25.9%) 30 (25.0%)
Part-time employed 90 (27.5%) 42 (35.0%)
Student 31 (9.4%) 15 (12.5%)
Retired 16 (4.9%) 9 (7.5%)
Unemployed or homemaker 105 (32.1%) 28 (23.3%)
Disabled 24 (7.3%) 8 (6.6%)

Insurance status
Uninsured 178 (54.4%) 21 (17.5%)

Total number covering
1 203 (62.1%) 78 (65.0%)
2 53 (16.2%) 20 (16.7%)
3+ 71 (21.7%) 22 (18.3%)

Number of chronic conditions (of those reporting any conditions) N = 207 (63%) N = 78 (65%)
Mean (SD) 2.22 (1.43) 2.12 (1.18)
Range 1–9 1–6

Subjective-health status
Poor 10 (3.1%) 3 (2.5%)
Fair 62 (19.0%) 17 (14.2%)
Good 99 (30.3%) 45 (37.5%)
Very good 106 (32.4%) 39 (32.5%)
Excellent 50 (15.3%) 16 (13.3%)

aParticipants could select more than one response; numbers will not add up to 100%.
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insurance coverage, income, and employment. See refer-
ences for additional details on MEPS and the tool’s use
of MEPS data.9,14

Measures

Baseline
Demographics. Participants were surveyed about gen-

der, age, race/ethnicity, number of dependents, and self-
reported chronic conditions.

Self-reported health status. All participants were
asked to report their perceived health status with the
question, ‘‘Would you say that, in general, your health is
. . .’’ Response options included Poor, Fair, Good, Very
Good, and Excellent.21–23 Poor and fair were grouped
together in analyses due to small numbers of individuals
selecting these categories.

One-Year Follow-up
Self-reported health care utilization over last 12

months. In order to assess utilization of health care ser-
vices, study personnel followed up with participants
12 months after initial recruitment. Participants were
asked, ‘‘In the past 12 months, how many times did you
go to . . .’’ 1) a doctor’s office, clinic, or other health care
provider; 2) an emergency room; 3) an urgent care cen-
ter; and 4) were you a patient in a hospital for one night
or longer. Utilization variables were combined and
treated as total number of visits in the past year.

Data Analysis

Descriptive statistics were calculated for the sample.
Four mixed effects linear models tested associations
between 1) self-reported health status and MEPS-pre-
dicted expenses, 2) self-reported health status and num-
ber of chronic conditions, 3) self-reported health status
and health care utilization, and 4) MEPS-predicted
expenses and health care utilization. We expected differ-
ences to exist in insurance status between baseline and
follow-up since participants were eligible for the study if
they were eligible for the ACA marketplace; many parti-
cipants were recruited at events to enroll in health insur-
ance. Thus, we did not control for insurance status in
multivariable analyses presented here, but we verified
that insurance status did not change outcomes reported.
We explored whether a significant interaction existed
between age and self-reported health status in predicting
MEPS-based expenses, treating both variables as contin-
uous for this analysis. Significance of a = 0.05 was used,
and all tests were two-sided.

Results

Overall, 327 individuals completed the baseline assess-
ment. Of those, 120 participants responded to the follow-
up survey. Characteristics of the entire study population
and the follow-up population are reported in Table 1.

Self-Reported Health Status and Predicted
Expenses

The majority of the sample at baseline reported that their
health was good (30.3%; n = 99) or very good (32.4%;
n = 106). Predicted expenses provided by the MEPS-
based algorithm and self-reported health status were sig-
nificantly related (P \ 0.0001). For example, those who
stated they had poor health status were expected to spend
an average of $3921.40 (5549.7 SD) in predicted expenses
for the year, whereas those who reported excellent health
status were only expected to spend an average of $779.00
(474.0 SD) per year (Table 2). However, the ranges were
quite large and overlapped across health-status cate-
gories. Online Appendix A shows some examples of
those who were ‘‘outliers’’ with regard to subjective-
health status and MEPS-based predictions of expenses.
As expected, a greater number of chronic conditions was
associated with poorer self-reported health status (P \
0.0001). For instance, those who indicated they were in poor
or fair health had a mean of 2.0 chronic conditions, com-
pared to those who indicated they were in excellent health,
who had a mean of 0.6 chronic conditions (Table 2).

We examined self-reported health status compared to
MEPS-based predicted expenses by age (Table 3).
Although the expected mean differences existed between
those who reported poorer and better health, the pre-
dicted expenses still included a large range of values
across all age groups. Among older adults, we observed
wide variability and no clear trend by self-reported
health status (Table 3 displays results by age categories).
Not only did older adults report poorer subjective
health, but a significant interaction existed between age
and subjective-health status on MEPS-based predicted
expenses (P = 0.04) such that subjective-health status
was a less reliable correlate of MEPS-based predicted
expenses among older adults.

Follow-Up Health Care Utilization and
Predicted Expenses

We analyzed the 120 participants (67.5% female;
mean age = 42.3) from the initial sample of 327 who
participated in the follow-up survey to assess whether
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MEPS-predicted expenses or self-reported health status
related more to subsequent health care utilization during
the 12 months after the initial survey. The mean MEPS-
predicted expenses were higher for those who subse-
quently reported higher levels of health care utilization
over 12 months, though results were not statistically sig-
nificant (P = 0.18). Table 4 displays MEPS-predicted
expenses by reported number of health care visits.

Additionally, when comparing self-reported health
status and subsequent health care utilization, individuals
who indicated that they had poor health all had one or
more health care visits (Table 4). However, there were
some individuals who reported very good or excellent
health who still had more than 11 health care visits

during the past 12 months. The relationship between
self-reported health status and health care utilization was
not statistically significant (P = 0.92).

Discussion

These study findings suggest that using a more precise
predictor of health care utilization through quantitative
estimates may be beneficial in personalizing health insur-
ance decision support, particularly among older adults.
However, neither the objective nor subjective method
was statistically significantly related to health care utili-
zation at a 1-year follow-up in this sample of individuals
considering enrollment in the ACA marketplace. This

Table 2 MEPS-Predicted Expenses ($) and Number of Chronic Conditions by Subjective-Health Status at Baseline (N = 327)

Subjective-Health Status MEPS-Predicted Expenses ($)
a

Number of Chronic Conditions
a

Fair/poor (n = 72)
LS-mean (SE)b 2406.5 (191.2) 2.0 (0.2)
Range 291–19,442 0–8

Good (n = 99)
LS-mean (SE) 1650.7 (163.1) 1.8 (0.1)
Range 396–7,815 0–9

Very good (n = 106)
LS-mean (SE) 1068.5 (157.2) 1.0 (0.1)
Range 282–5,080 0–7

Excellent (n = 50)
LS-mean (SE) 779.0 (229.5) 0.6 (0.2)
Range 264–2,660 0–5

MEPS, Medical Expenditure Panel Survey.
aP \ 0.0001.
bRefers to least-squares mean and standard error.

Table 3 Subjective-Health Status and MEPS-Predicted Expenses ($) by Age Group at Baseline (N = 327)a

Subjective-Health Status Age 18–34 (n = 99) Age 35–49 (n = 112) Age 50–64 (n = 116)

Fair/Poor (n = 72)
Mean (SD) 1638.9 (1284.1) 2429.8 (3457.9) 2807.1 (2991.6)
Range 291–5525.9 316–19442.3 884.9–15854.4

Good (n = 99)
Mean (SD) 1240.7 (871.5) 1130.5 (613.1) 2288.5 (1483.7)
Range 396–4,242 471.5–2468.4 434–7,815

Very good (n = 106)
Mean (SD) 913.7 (877.8) 1047.9 (993.3) 1287.1 (491.9)
Range 282–5080.3 310–4896.5 667.3–2432.3

Excellent (n = 50)
Mean (SD) 543.3 (254.7) 774.4 (352.1) 1063.3 (619.5)
Range 264–1240.8 471–1,873 425–2660.3

MEPS, Medical Expenditure Panel Survey.
aAge was treated as a continuous variable in analyses but is displayed here in categories to view patterns and trends.
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result may indicate the difficulty in predicting unexpected
events such as new diagnoses of chronic illnesses or emer-
gencies that arise. It may also suggest that individuals
who have not had regular care before or were previously
uninsured used care differently than those familiar with
the health care system. It is also important to note that
neither tool is designed to predict utilization per se, but
rather to estimate out-of-pocket costs incurred under dif-
ferent plans.

There were very wide ranges of MEPS-based predic-
tions of expenses and self-reported health care utilization
within subjective-health categories. Given the complex-
ities of health insurance and health insurance literacy,
tools that can add methodologically rigorous quantita-
tive prediction of utilization may better support health
insurance plan selection than those relying on subjective-
health reports alone. Although MEPS-based predictions
of expenses may only approximate health care utilization
and resulted in some mismatches, many more instances
existed in which a mismatch occurred between self-
reported health status and subsequent health care utiliza-
tion. This mismatch could result from the difficulty of
anticipating emergency care or unexpected care needs.
Quantitative MEPS-based predictions can also miss
unexpected care needs. However, they are based on
nationally representative data and may circumvent sub-
jective biases about how one is feeling and inaccurate
estimates about average care needed to manage particu-
lar conditions.

For example, in some cases, individuals subjectively
rated their health as very good or excellent, yet they used
frequent care, including costly care such as emergency
room (ER) visits and hospital stays. It is possible that
these individuals felt healthy and felt they managed their
chronic conditions well, but needed to use care to

continue to do so. Alternatively, participants in this
group might be overusers of the health care system, wor-
ried about illness and frequently seeking care, but with-
out diagnosed health conditions. Future studies can
explore perceptions of health as they relate to the pres-
ence or absence of health conditions. It is also possible
that these individuals were uninsured and used the ER
for issues that could have been addressed in an outpati-
ent office visit. We explored whether insurance status
affected our results, but the findings were consistent
whether or not individuals were insured. Age may also
play a role in this trend in misprediction. Older adults
reported poorer subjective health, and subjective-health
status was a less reliable correlate of MEPS-based pre-
dicted expenses among older adults. Older adults might
feel healthy compared to their age-consistent peers, but
they may still use more care than younger adults. MEPS-
based predictions factor in the effect of age without this
potential bias.

Other individuals reported no or few chronic condi-
tions yet poor or fair subjective health. In these cases, it
is possible that these individuals are considering health
insurance for the first time and may have undiagnosed
chronic conditions. They could have obesity or chronic
alcohol use or could just be feeling ill on the day they
answered the question. One individual was a tobacco
user, which could have affected the participant’s low sub-
jective health compared to his/her relatively lower
MEPS-based prediction of utilization. It is also possible
that they did not report an ongoing health issue.
Responses to subjective-health status may be influenced
by these factors. Future research could explore how indi-
viduals define good or poor health.

This study’s findings should be considered within the
context of some methodological limitations. A larger

Table 4 MEPS-Predicted Expenses ($) and Subjective-Health Status by Health Care Utilization (Number of Health Care visits)
at 12-Month Follow-Up (n = 120)a

Health Care Utilization
(Number of Health Care Visitsb)

MEPS-Predicted
Expenses ($), Mean (SD)

Subjective-Health Status (Self-Report)

Fair/Poor, n (%) Good, n (%) Very Good, n (%) Excellent, n (%)

0 (n = 5) 1001.1 (502.5) 0 (0.0%) 2 (40.0%) 2 (40.0%) 1 (20.0%)
1–5 (n = 70) 1303.5 (822.4) 11 (15.7%) 27 (38.6%) 24 (34.3%) 8 (11.4%)
6–10 (n = 29) 1858.6 (1500.1) 5 (17.2%) 9 (31.0%) 10 (34.5%) 5 (17.2%)
11+ (n = 16) 2065.8 (1586.7) 4 (25.0%) 7 (43.8%) 3 (18.8%) 2 (12.5)%
Mean number of healthcare visits
LS mean (SE) — 8.1 (2.9) 6.6 (1.9) 7.3 (2.1) 9.1 (3.2)
Range 1–32 0–50 0–101 0–72

MEPS, Medical Expenditure Panel Survey.
aData were analyzed using number of visits as a continuous outcome variable, but are displayed here in categories to view patterns and trends.
bIncludes visits to any doctor, emergency room, urgent care, or hospital stay.
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sample size may have been useful, particularly for the
follow-up data, given the ranges of variables discussed
above. Our results indicate how one particular quantita-
tive tool that uses MEPS data and other risk-adjusted
algorithmic predictions of health care expenditures com-
pares to a method using one subjective-health status
question. Although both methods are commonly used,
there are many other tools available to help individuals
select health insurance plans and they may combine
quantitative and subjective data. Future studies may con-
sider other ways to assess subjective-health status using
more than one item, such as asking users how their sub-
jective health may have changed over time. We assessed
common and costly health conditions, but others might
have been missing from our prediction, underestimating
the potential for some individuals to incur high costs. We
recruited individuals who were considering enrolling in
insurance, many of whom were enrolling for the first
time in many years with the passage of the ACA. These
individuals might differ in terms of their health care utili-
zation compared to others who have been insured for
many years. Finally, we assessed number of health care
visits and hospital stays, but did not ask about medica-
tion use or other potentially costly services such as medi-
cal imaging and did not attempt to scale our utilization
data by cost. Nonetheless, the study provides useful
insights into ways to support health insurance plan selec-
tion and avenues for future exploration of these issues.

Overall, results suggest that developers of health insur-
ance decision support tools may want to contextualize
subjective-health status within quantitative approaches
to estimate health care utilization and, in turn, out-of-
pocket health insurance costs to consumers. For exam-
ple, using an algorithm that varies by age is likely impor-
tant. Most marketplaces attempt to provide global cost
estimators to consumers, yet their quality varies.24,25

Numerous private companies also provide health insur-
ance decision support with varying amounts of detail
depending on user input.26–28 Using quantitative tools
that incorporate more precise predictors of health care
utilization may better serve individuals’ needs in the rap-
idly changing health insurance landscape, especially as
regulation setting standards for marketplace plans
becomes less consumer-friendly.24 More research should
explore ways to accurately personalize health insurance
plan recommendations in this challenging environment.
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