
Are firms’ cost predictions accurate? Evidence from
Medicare Advantage

Keaton Miller
Univ. of Oregon∗

Sichao Jiang
Univ. of Oregon†

February 2022

Abstract

Many firms employ forecasters to predict future market conditions. We investigate
the accuracy of these predictions in the context of Medicare Advantage, where insur-
ers receive subsidies from the government and compete to provide health insurance to
seniors. As part of the “bidding” process, firms must submit forecasts of their costs.
Insurers have incentives to report accurately, as these predictions are used to determine
both the level of the subsidy and (implicitly) the degree to which that subsidy can be
spent on various plan features. We collect data on predictions and realized expenses
per member per month at the plan-service-category level from 2008-2015, and docu-
ment three stylized facts. First, on average firms overestimate future costs. Second,
this overestimation decreases with the experience of the firm. Firms in more competi-
tive markets (as measured by the number of other firms present) form more accurate
estimates. We show that firms with higher costs than expected generally offer plans
that feature greater patient cost sharing (i.e. higher deductibles and copays).
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1 Introduction

How well can firms predict their costs? As costs play a key role in decisions about prices,

benefits, and the adoption of innovative technologies (Dranove and Satterthwaite, 2000,

Jena and Philipson, 2008, Baicker and Goldman, 2011), firms which consistently forecast

their own costs inaccurately may make decisions that are consistently suboptimal ex post

for both themselves and for their customers. While it is common knowledge that firms use

the data they collect on their customers and specific market environment to make forecasts,

it is difficult to evaluate performance on this dimension as forecasts and resulting perfor-

mance evaluations are generally considered highly valuable trade secrets. As a consequence,

previous empirical work on firm learning has largely focused on macroeconomic conditions.

For instance, Coibion et al. (2018) use survey data from New Zealand and find that firms

share a pervasive inattention to macroeconomics and have a wide set of beliefs especially

regarding inflation; competition provides incentives to collect more accurate macroeconomic

information.

We examine forecasts made by insurers participating in the Medicare Advantage (MA)

market in the United States. MA is a “managed competition” (Miller et al., 2021) environ-

ment in which the government provides subsidies to firms who then compete with each other

to provide health insurance plans to seniors that replace traditional fee-for-service Medicare

benefits (TM) with (generally speaking) privately-administered managed care benefits. MA

is substantial in its own right; the federal government spends more than $125 billion annually

on payments to MA insurers in addition to the premiums paid by enrollees. As part of the

regulatory “bidding” process detailed in Section 2, firms report detailed data on realized

past medical costs and forecasted future costs across a number of categories. Firms then

choose cost-sharing product characteristics relevant to those categories. Crucially, firms are

incentivized to report accurate forecasts (i.e. the best forecasts they have) by the bidding

system, as the forecasts constrain the set of possible products the firm may choose to offer.

If a firm reports that it expects costs to be higher than it truly believes, it may be forced

to offer an inferior product (i.e. higher copays and fewer benefits) than is optimal given its

true beliefs.
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We begin by combining the reported costs and forecasts of future costs to construct

forecast errors. We construct the error both in total medical expenses and in the three

largest individual categories: inpatient facility, surgery, and professional services. We show

that forecast errors in these categories are smaller than the overall error but are positively

correlated with each other. Thus, for a given plan-year, firms tend to “miss” in the same

direction across service categories. We then document changes in the average forecast error

as firms gain experience in the market and explore heterogeneity across firm experience

(as measured by the number of enrollees in the firm’s plans) and competitive environment.

Using simple models of the prediction error, we find that the magnitude of the forecast error

decreases as the firm gains experience and competitors, consistent with theories of learning.

Finally, we examine the relationship between these forecast errors and product charac-

teristics. We show that, after accounting for time- and location-specific factors, firms which

under-predict their costs offer plans with greater patient cost-sharing—i.e. products that

are ‘worse’ from the consumer’s perspective.

We contribute to an extensive literature studying firm learning and the evolution of

equilibria over time (Milgrom and Roberts, 1991, Fudenberg and Kreps, 1993, Börgers and

Sarin, 1997, Hart and Mas-Colell, 2000). This literature has branched in several directions,

including using lab experiments to test and verify theoretical models (see e.g. Erev and

Roth, 1998) and increasing the sophistication of the modelled learning process (see e.g.

Camerer et al., 2002, Crawford, 2003). Such refinements include adding a belief elicitation

process into the model; Rutström and Wilcox (2009) find that eliciting beliefs can change

games and that there is a significant difference between the strong-elicitation treatment, but

not between the no-elicitation treatment and the less intrusive weak-elicitation procedure.

In addition to the empirical work citied above, others have also studied firm learning and

adaptation. Graham et al. (2005) find that upper managers main focus lies on meeting or

beating earning benchmarks; specifically the quarterly earnings for the same quarter last year

and the analyst consensus estimate. Most managers prefer to have smooth earnings and to

maintain the stability of future predictions. Their information disclosure coincides with the

effort to stability where they strive for clarity but also select news in a strategical manner.

Doraszelski and Markovich (2007) use frequency response data from the new UK electricity
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system to see how firms compete and respond with prices and how the price converge to its

equilibrium using an adaptive learning model. They find that especially during the middle

phase, the best-fitting models are those in which firms more heavily weight recent rival

behavior in forming beliefs about their rivals’ bids and adaptively learn about the price

elasticity of demand.

This work also builds upon a literature examining the behavior of firms and seniors within

the MA system. Much of the work on the bidding system has focused on how changes in

the subsidy rates offered by the government passes through to benefits (see e.g. Song et al.,

2013, Duggan et al., 2016, Cabral et al., 2018). We complement that work by investigating

other potential drivers of firm behavior. Other work has focused on patient outcomes with a

particular focus on comparisons between MA and the traditional Medicare system (see e.g.

Figueroa et al., 2020, Park et al., 2020, Meyers et al., 2021). We shed additional light on the

way in which MA firms play a role in seniors’ health.

The remainder of this paper is organized as follows: Section 2 contains some general

background of the MA market and its bidding system; Section 3 describes the data and

methodology of our practice; Section 4 presents the results in two different settings and then

discusses our findings; Section 5 concludes.

2 Bidding in Medicare Advantage

Medicare Advantage (MA) was developed as a response to rising costs in the Traditional

Medicare (TM) system.1Under TM, the government pays service providers according to

a fee-for-service (FFS) schedule. Under MA, the government pays insurers a per-enrollee

subsidy that is adjusted for observable risk factors (i.e. demographic characteristics and

diagnoses) but that does not vary by realized medical expenditures. The enrollee experience

is substantially different: TM enrollees may generally choose any provider for any service,

whereas MA enrollees generally face restricted provider networks and referral requirements

1One of the biggest goals to implement MA is to increase efficiencies of managed care and to save money:
specifically to minimize the inefficiencies induced by the inevitable errors in TM’s administered price system,
by allowing the health plans and providers to negotiate prices or, in some cases, to integrate the finance and
delivery functions (McGuire et al., 2011).
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for specialists.

Firms offer plans on an annual basis. The bidding process for plans which will cover

medical expenses2 in year t begins in the spring of the previous year. First, the Centers for

Medicare and Medicaid Services (CMS) releases ‘benchmark’ subsidy rates—the per-enrollee

subsidy that CMS will pay firms for an ‘average’ risk enrollee—that vary at the county level.

Firms then submit detailed proposals to provide MA plans. These ‘bids’ begin with detailed

information about the firm’s realized medical expenses per-member-per-month in year t− 1

across more than 15 categories. Firms then report their projected expenses for each category

for year t using the ‘Bid Pricing Tool’ released by CMS.3 These estimated costs are to provide

the minimal number of required benefits for an average mix of risks against the county-level

benchmark. If a plan’s bid was greater than the benchmark, it was required to collect the

difference from its enrollees through a monthly premium. If it was lower, 75 percent of the

difference was to be returned to enrollees in the form of supplemental coverage or lower

premiums, and in an effort to reduce Medicare’s obligations, the remaining 25 percent of

the savings was to be returned to the Medicare program (McGuire et al., 2011). Thus, it is

important for plan providers to have a reasonable estimate to plan ahead and hedge against

any uncertainties for MA enrollees.

Figure 1 illustrates an example of these submissions for a plan offered for the 2015 benefit

year as entered into the Bid Pricing Tool in 2014. The left-hand columns represent the

plan’s realized costs for the 2013 plan year, and the right-hand columns represent the firm’s

projections of their costs for the 2015 plan year. This plan added dental coverage between

2013 and 2015, and so the firm did not have previous data on dental costs for this particular

plan with which to form projections. Ultimately, this firm projected that the ‘per-member

per-month’ cost of this plan would increase by $39.65 from 2013 to 2015, or 7.4% of the

realized costs in 2013. In dollars, this increase is driven mostly by projected increases in

inpatient and skilled nursing facility costs, as well as professional service costs.

2These bids are based on the plans’ estimates of the cost of providing required Medicare Part A, which
covers most medically necessary hospital; skilled nursing facility; home health and hospice care; and Part B
services, which cover medically necessary services by providers and other services deemed medically necessary,
to cover an average beneficiary (Berenson et al., 2015).

3While firms are required to provide projections based on their past experience, these projections may be
manually overridden.
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A key question with respect to any reported firm projections, particularly those which

the firm knows will eventually be released to the public, concerns the extent to which these

reports reflect the actual beliefs of the firm i.e. the beliefs which underlie the firm’s actions

in the market (see e.g. Graham et al., 2005, Rutström and Wilcox, 2009, Coibion et al.,

2018). In this environment, incentives for accurate reporting come from the payment system.

The projected costs are use to form a final ‘bid amount’ which is then compared to the

benchmark subsidy rates. Plans with a bid amount that is higher than the benchmark

must charge premiums to enrollees; supplemental premiums may also be charged if plans

include benefits beyond those offered by TM. Firms that bid below the benchmark receive

a portion of the difference as a ‘rebate’ that must be passed on the consumers through

plan benefits. The rebate payment varies across firms and over time based on the CMS

‘star rating’ measure of insurer quality, which is a summary of multiple measures of service

quality such as the fraction of members receiving influenza vaccinations, the 30-day hospital

readmittance rate, and enrollee qualitative assessments of care quality. After taking into

account risk adjustment, we can write the rebate payment as a function of the bid bjt and

the plan-level benchmark Bjt = Bmt × ϕft with

reb(bjt;Bjt, λft) =

 λft(Bjt − bjt) if bjt < Bjt

0 if bjt ≥ Bjt

, (1)

where λft is the rebate percentage.

Crucially, any reductions in patient cost-sharing, relative to TM, must be ‘paid for’ with

rebate funds. Cost-sharing plan features such as copays and deductibles have previously

been shown to be determinants of demand for MA plans (see e.g. Curto et al., 2021, Miller

et al., 2021). As a consequence, the projections made by firms directly constrain the set

of possible product characteristics offered to consumers along dimensions that are relevant

for their (the firms’) success in the market. If a firm reports that it expects to have much

higher costs than it truly believes it will face, then it may be constrained to offer an less-

than-optimally generous plan (i.e. higher copays/deductibles and fewer additional benefit

categories) and therefore lose market share. If a firm reports that it expects to have lower

costs than it truly believes it will have, it may not receive enough revenue (in the form of
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the government subsidy plus premium payments from enrollees) to pay for the care that it

covers under the plan.

One of the major differences between MA and TM is that MA plans must provide all

of the mandated insurance benefits of TM in exchange for a capitated monthly payment

(Abaluck et al., 2021). In general, MA plans typically offer more generous benefits and lower

cost-sharing than TM, whereas MA plans tend to have limited physician networks and require

higher cost-sharing for costly services, perhaps because of these risk adjustment practices

(Meyers and Trivedi, 2021). According to the Medicare Payment Advisory Commission

(MedPAC), MA payers plans to continue to increase enrollment by offering extra benefits

that beneficiaries find attractive. According to their 2021 report, bids slightly decreased to

87 percent of TM, a record low (Commission et al., 2021).

3 Data and Methods

We collect data on all bids and plans offered from 2007 to 2015 from public CMS files,

including data generated by submissions made through the Bid Pricing Tool and (separately)

detailed data on the provision of benefits. Following Miller et al. (2021), we focus on the

market for individual insurance. We drop plans sponsored by employers and plans designed

for individuals who are “dual-eligible” for Medicare and Medicaid.

For each plan, we collect enrollment, the average per-capita payment, the star rating,

the deductible, the out of pocket limit, and copays for primary care visits, specialist visits,

and 7-day hospital stays.4 We construct the forecast error for each plan j offered in year

t by comparing the projected costs reported at t − 1 to the actual costs reported at t + 1:

Errjt = actualj,t+1 − projectedj,t−1. In other words, positive prediction errors indicate

that firms underestimated their costs, while negative prediction errors indicate that firms

overestimated their costs.

We construct the overall forecast error (i.e. the forecast error in the Total Medical

Expenses line in Figure 1), as well as forecast errors in the Inpatient Facility, Professional,

4A small fraction of plans use coinsurance cost-sharing mechanisms. We convert these to copayments
using the Medicare Physician Fee Schedule and the American Hospital Association Annual Survey. Details
and code are available upon request.
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and OP Facility - Surgery service categories. We choose these three categories as the largest

components of plans’ medical expenses. We also construct the percent forecast error as

Errjt/projectedj,t−1.

We construct four additional covariates from these data. First, we identify the state in

which the plan has the most enrollees. Second, we construct the total previous enrollment

at the contract-level to capture variation in the experience of the firm submitting the bid.5

Finally, we construct two variables designed to capture the extent of competition: the share-

weighted average number of contracts and plans offered by competitors in each plan’s service

area. That is, we weight the number of competitor contracts/plans offered in each county in

which the plan offered by the share of the plan in that county.

Table 1 provides summary statistics on our 11, 670 plan-year observations offered from

2008-2013 (i.e. after calculating forecast errors). On average, firms over-estimate their costs

by $270 per-member-per-month (PMPM), though the interquartile range include firms who

underestimate their costs. The average prediction error in inpatient facility costs is $103

PMPM, 38% of the average overall prediction error. Professional and outpatient surgery

facility costs are overestimated on average by $77 and $16 PMPM, respectively. Over 75%

of the plan-years in our data feature zero deductible and a limit on out-of-pocket expenses. A

few plans feature zero copays; most feature positive copays for primary care visits, specialist

visits, and hospital stays. Roughly one quarter of plan-years did not receive a star rating

from CMS, either because they were too new or because not enough data was available for

CMS to evaluate the plans. The median plan is in a competitive environment featuring more

than 10 firms offering approximately two plans each.

Table 2 reports correlations between the overall forecast error and the three components

discussed above. All correlations are positive and greater than 0.7, indicating that errors in

the prediction process tend to compound across cost categories, rather than offsetting.

Table 3 details the distribution of the overall forecast error across quartiles of our mea-

sure of experience in the top panel and our contract measure of competition in the bottom

5Firms sign contracts with CMS to offer potentially several plans; plans under the same contract generally
offer similar provider networks and are available in similar geographies. Large firms (e.g. Aetna, Blue Cross
Blue Shield, etc.) may have multiple contracts with CMS to offer plans in different areas; we calculate
enrollment at the contract-level instead of the firm level to capture the possibility that the firm’s experience
may vary locally in ways that affect their ability to accurately forecast costs.
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panel. With respect to experience, the biggest difference is between the first (lowest ex-

perience) quartile and other quartiles; the difference between (for example) the third and

fourth (highest experience) quartile is minimal. This suggests that while there may be some

benefit to experience, the benefit is quickly realized. This is perhaps reasonable if firms are

using regression techniques to estimate future costs, as the power of such techniques does

not scale linearly. With respect to competition, variation across quartiles is minimal – if

anything, this cut of the data suggests firms’ prediction errors increase in magnitude as the

number of competitors increases. While one might expect firms to invest more in accurate

predictions when the competitive environment is more saturated, the presence of other firms

may increase the variance in costs as insurers compete to add providers to their network

(Gaynor et al., 2015).

Figure 2 illustrates the evolution of the distribution of forecast errors over time. While

the interquartile range shrinks dramatically from 2008 to 2011, along with a decrease in the

absolute value of the mean and median, these trends reverse in 2012 and 2013. We note that

several provisions of the Affordable Care Act affecting MA went into effect in around this

time, which may have increased the aggregate uncertainty experienced by MA firms.

Our analyses broadly fall into two categories. First, we study the relationship between

the prediction error and covariates of interest including our measures of experience and com-

petition, taking into account the possibility that prediction errors may be serially correlated.

We model prediction error outcomes yjt as

yjt = αyyj,t−1 +X ′
jtαx + FXt + FXf + FXs + ϵy,jt, (2)

where αx is the vector of coefficients of interest (where Xjt includes a constant), FX are

fixed effects (t indicates time, f indicates the insurer sponsoring plan J , and s indicates the

primary state in which j is offered), and ϵy,jt are unobservable factors influencing the forecast

error.

Second, we study the relationship between the last-period prediction error and the prod-
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uct characteristics chosen by the firm. We model product characteristic xjt as

xjt = βyyj,t−1 + Z ′
jtβz + FXt + FXf + FXs + ϵx,jt, (3)

where βy is the coefficient of interest, Z ′
jt includes the star rating and the average per-

enrollee payment from the government, FX are the fixed effects described above, and ϵx,jt

are unobservable factors influencing product characteristics.

We estimate the parameters of Equations (2) and (3) using OLS and report heteroskedasticity-

robust standard errors.

4 Results

In this table we report the results of our analyses. We begin by exploring the relationship

between prediction errors and plan-level observables and then continue by examining the

relationship between product characteristics and prior prediction errors.

4.1 The relationship between prediction errors and plan-level ob-

servables

Table 4 reports estimates of the parameters of Equation (2) when the prediction error is

measured in levels. Column (1) reports estimates for the overall prediction error. The error

is increasing in the previous forecast error, the number of competitors, and the age of the

plan (measured as the number of years the plan has been in the market since 2007, the plan

year that Medicare Advantage implemented risk adjustment). The error is decreasing in

the number of competing plans, though this is estimated with slightly more noise. These

patterns generally continue across the major cost components reported in Columns (2)-(4),

though the sign on the estimated relationship between the prediction errors and the log of

the total previous contract enrollment varies.

In isolation, these results suggest that prediction errors may worsen over time, due to the

positive coefficients on both the past prediction error and the age of the plan. However, we

note that the mean prediction error is significantly negative; thus these results may instead
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indicate that firms in our data are becoming more accurate. To investigate this possibility,

we re-estimate Equation (2) where yjt is the absolute value of the prediction error. Table 5

reports the results. We estimate in Column (1) that last period’s error, previous enrollment,

the number of competitors, and the age of the plan are all associated with a decrease in the

magnitude of the overall prediction error. This pattern is largely consistent across the major

cost components in Columns (2)-(4). While the number of competing plans enters positively

for several regressions, the effect size is smaller than that of the number of competitors,

indicating that, overall, increased competition is associated with smaller forecast errors (in

magnitude).

4.2 The relationship between prediction errors and product char-

acteristics

Table 6 reports estimates of the parameters of Equation (3) when the prediction error is

measured in levels. Each column represents a distinct product characteristic: the deductible,

the out-of-pocket spending limit, and copays for primary care, specialist, and hospital visits.

We include the star rating (and relevant indicators) and risk-adjusted payments as covariates

to control for plan quality and observable differences in mean costs across geographies (Miller

et al., 2021). At the point estimates, increases in the last-period prediction error (i.e. as

firms actual costs are more and more above their prediction costs), the deductible, out-of-

pocket expenditure limit, specialist visit copay, and hospital visit copay all increase (though

the hospital visit copay is estimated imprecisely). In other words, as firms realize costs are

higher than they believed, they seek to pass-through a portion of those costs onto consumers

(see e.g. Butters et al., 2020, Kim, 2021). Indeed, the negative coefficient on primary care

copays (indicating that first realizing higher costs than expected decrease the patient-facing

cost of primary care visits) is consistent with this hypothesis, as increasing primary care

service utilization is thought to reduce health care expenses overall (see e.g. Starfield et al.,

2005).

As above, while these results are informative about the direction of the relationship, they

are less information about the impact of the magnitude of the prediction error. We therefore

11



re-estimate the parameters of Equation (3) with the absolute overall prediction error as an

independent variable. The results are reported in Table 7. Across product characteristics,

the estimated coefficients on the absolute prediction error are the opposite sign of those

reported in Table 6. This is perhaps best interpreted in light of the results reported in

Table 4. Firms with large prediction errors are likely to more accurately predict their costs

in the future. If uncertainty had pushed firms to offer plans with high levels of cost sharing

(i.e. large deductibles, etc.), a reduction in that uncertainty should push firms to offer more

desirable plans (see e.g. De Vany and Saving, 1977).

5 Discussion and conclusion

The idea that firms can learn about and adjust to changes in market environments is at the

heart of many common models of equilibrium (see e.g. Berry et al., 1995, Ifrach and Wein-

traub, 2016). While there is an extensive literature developing the theory of firm learning,

the empirical literature has largely been limited by a lack of revealed preference data on firm

beliefs. We fill that gap by studying the MA market, in which health insurance firms are

incentivized to accurately disclose their best estimates of their own future medical costs as

part of a mandatory regulatory process. These disclosures are then released publicly some

years after the plan year.

We document the relationship between these estimates along two directions. First, we

consider the “input” side: what factors influence the accuracy of the forecasts? We find

that as the experience of the firm increases, as the age of the plan increases, and as the

competitive environment intensifies, the magnitude of forecast errors decreases. In other

words, those factors which we might reasonably expect to positively affect firms’ ability to

forecast their own costs do so in the direction consistent with reasonable priors.

We then turn to the “output” side: How do accurate and inaccurate forecasts influence

product characteristic decisions. We document two stylized facts. First, the more firms

underestimate their own costs, the more they seek to pass their costs on to consumers in

the future through cost-sharing benefit structures. Second, the larger the magnitude of past

forecast errors (in either direction), the more firms seek to improve their plans by offering
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reduced cost sharing.

Taken together, our results paint a picture of firms behaving as is often implicitly as-

sumed in dynamic models of imperfect competition. Even though the firms in our data

consistently overestimate costs on average, at the plan level the predictions increase in ac-

curacy, allowing firms to offer better products (i.e. insurance plans with lower out-of-pocket

costs) to consumers.

We conclude by pointing out that significant gaps in our understanding of firm expecta-

tions remain for future research to fill. For example, firms generally must predict not just

supply (cost) conditions but also demand conditions. These predictions may behave differ-

ently than cost predictions, particularly as they are made in the context of competitors who

are also making similar predictions.
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6 Tables and Figures

Figure 1: Example bid cost reporting

Actual, 1/1/2013-12/31/2013

Annualized Allowed Annual Total Allowed

Service Category Util/1000 Avg Cost PMPM Util/1000 Avg Cost PMPM

a. Inpatient Facility 802            $2,358.54 $157.71 813         $2,486.41 $168.47

b. Skilled Nursing Facility 672            427.90 23.97 800         473.02 31.54

c. Home Health 580            192.78 9.32 674         211.30 11.86

d. Ambulance 107            438.99 3.92 125         480.31 4.99

e. DME/Prosthetics/Supplies 9,312         14.40 11.18 10,850    15.78 14.27

f. OP Facility - Emergency 305            747.00 19.00 323         778.66 20.94

g. OP Facility - Surgery 444            2,133.11 78.91 462         2,196.53 84.57

h. OP Facility - Other 5,106         108.59 46.20 5,384      112.78 50.60

i. Professional 14,225       122.25 144.92 15,009    120.85 151.14

j. Part B Rx 1,765         216.40 31.83 1,861      201.07 31.18

k. Other Medicare Part B 0                0.00 0.00 0             0.00 0.00

l. Transportation (Non-Covered) 0                0.00 0.00 0             0.00 0.00

m. Dental (Non-Covered) 0                0.00 0.00 195         88.10 1.43

n. Vision (Non-Covered) 0                0.00 0.00 0             0.00 0.00

o. Hearing (Non-Covered) 0                0.00 0.00 0             0.00 0.00

p. Health & Education (Non-Covered) 19,435       4.92 7.96 6,791      5.53 3.13

q. Other Non-Covered 5,347         1.17 0.52 7,256      1.64 0.99

r. COB/Subrg. (outside claim system) 0.00

s. Total Medical Expenses $535.47 $575.12

Projected, 1/1/2015-12/31/2015

Notes: This figure is reconstructed from the 2015 bid data for plan H0028-01-0, “Humana Gold Plus”, offered
in Cedar Rapids, Iowa, and surrounding counties, using the CMS public bid data and the 2015 Bid Pricing
Tool (BPT). The ‘Actual’ columns are excerpted from the “MA Base Period Experience” portion of the
BPT. The ‘Projected’ columns are excerpted from the “MA Projected Allowed Costs” portion.
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Figure 2: The distribution of the overall prediction error over time
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Notes: An observation is a plan-year. Statistics are unweighted. The overall prediction error is calculated
per-member-per-month (PMPM). Negative prediction errors indicate firms overpredicted their costs.
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Table 1: Summary statistics

Min 25th Mean Median 75th Max

Prediction errors:
Overall -1515.93 -638.00 -270.20 -89.29 5.89 2228.70
Inpatient Facility -638.93 -243.72 -103.09 -43.10 1.80 778.10
Professional -596.44 -167.62 -77.03 -37.73 1.03 2168.77
Outpatient Facility - Surgery -244.07 -38.12 -15.61 -8.42 3.27 158.45

Firm-chosen product characteristics:
Deductible 0 0 96.15 0 0 5000
Out-of-pocket limit 0 2000 3437.44 3400 5000 12000
Primary care copay 0 5 11.83 10 15 47.5
Specialist copay 0 20 26.09 30 35 60
Hospital copay 0 400 893.79 875 1400 2800

CMS-determined quality rating variables:
Star rating 0.0 0.0 2.48 3.0 3.5 5.0
‘Too new’ indicator 0 0 0.08 0 0 1
‘No data’ indicator 0 0 0.18 0 0 1

Other covariates:
Risk-adjusted payment 312.75 683.11 731.49 726.17 775.25 1134.19
Number of competitors 1.06 7.41 11.72 10.21 15.02 38
Number of competing plans 0 12.38 23.42 20.10 29.90 89
Log previous enrollment 2.48 8.34 9.47 9.69 10.73 13.30

Observations 11,670

Notes: An observation is a plan-year. Statistics are unweighted. Prediction errors and risk-adjusted payments are per-member-per-month (PMPM).
Negative prediction errors indicate firms overpredicted their costs. Hospital copays are for seven day stays. The number of competitors is calculated at
the contract level, weighted by the number of contract enrollees in each county covered by the contract. The number of competing plans is calculated
at the plan level, weighted by the number of plan enrollees in each county covered by the contract.
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Table 2: Correlations between the overall forecast error and its major compo-
nents

Overall Inpatient Professional Outpatient Facility
Facility Surgery

Overall 1
Inpatient Facility 0.97 1
Professional 0.84 0.82 1
Outpatient Facility - Surgery 0.94 0.86 0.73 1

Notes: This table presents correlations between the overall forecast error and its three largest (on average)
components. An observation is a plan-year; there are 11,670 observations total. Statistics are unweighted.
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Table 3: The distribution of the overall prediction error across quartiles of mea-
sures of experience and competition

Experience
First Second Third Last

quartile quartile quartile quartile

Outcome: Overall prediction error
Min -1515.93 -1358.61 -1247.43 -1308.29

25th percentile -667.15 -632.43 -570.92 -649.47
Mean -308.36 -257.80 -227.50 -287.14

Median -191.04 -79.68 -58.62 -86.17
75th percentile 0 12.96 9.73 0.55

Max 1276.81 924.99 792.77 2228.70

Competition
First Second Third Last

quartile quartile quartile quartile

Outcome: Overall prediction error
Min -1494.49 -1309.37 -1358.61 -1515.93

25th percentile -590.81 -639.82 -685.87 -614.90
Mean -230.48 -287.67 -307.58 -255.08

Median -56.11 -124.33 -131.33 -81.24
75th percentile 13.27 7.53 -2.87 7.77

Max 1276.81 2278.70 792.77 1023.31

Notes: An observation is a plan-year. Statistics are unweighted. The overall prediction error is calculated
per-member-per-month (PMPM). Negative prediction errors indicate firms overpredicted their costs. Our
measure of experience is the log of the total number of previous enrollees at the contract level. Our measure
of competition is the number of competitors calculated at the contract level, weighted by the number of
contract enrollees in each county covered by the contract.
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Table 4: The association between prediction errors and plan observables

Dependent variable: Prediction errors

Overall Inpatient facility OP Facility - Surgery Professional

(1) (2) (3) (4)

Overall prediction errort−1 0.002∗∗∗ 0.001∗∗∗ 0.0001∗∗∗ 0.001∗∗∗

(0.0001) (0.00003) (0.00001) (0.00002)
Log previous enrollment 2.945 −1.907∗ −0.572∗∗∗ 3.122∗∗∗

(2.461) (1.018) (0.205) (0.756)
Number of competitors 6.413∗∗∗ 3.199∗∗∗ 0.267∗∗ 1.661∗∗∗

(1.403) (0.580) (0.117) (0.431)
Number of competing plans −0.902∗∗ −0.430∗∗∗ −0.059∗ −0.229∗∗

(0.367) (0.152) (0.031) (0.113)
Plan age 46.284∗∗∗ 17.676∗∗∗ 4.218∗∗∗ 11.924∗∗∗

(9.357) (3.869) (0.779) (2.872)
Constant −811.990∗∗∗ −295.974∗∗∗ −27.565 −292.505∗∗∗

(206.648) (85.458) (17.196) (63.439)

Year FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes

Observations 11,530 11,530 11,530 11,530
R2 0.257 0.238 0.239 0.265
Adjusted R2 0.232 0.213 0.214 0.241

Notes: An observation is a plan-year. Estimates are obtained using unweighted OLS. Stars indicate p-values: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 5: The association between absolute prediction errors and plan observables

Dependent variable: Prediction errors

|Overall| |Inpatient facility | |OP Facility - Surgery | |Professional |
(1) (2) (3) (4)

Overall prediction errort−1 −0.001∗∗∗ −0.001∗∗∗ −0.0001∗∗∗ −0.0005∗∗∗

(0.0001) (0.00003) (0.00001) (0.00002)
Log previous enrollment −6.270∗∗∗ −1.580∗ −0.083 −1.883∗∗∗

(2.170) (0.855) (0.158) (0.640)
Number of competitors −5.345∗∗∗ −2.363∗∗∗ −0.281∗∗∗ −0.956∗∗∗

(1.236) (0.487) (0.090) (0.365)
Number of competing plans 0.634∗ 0.336∗∗∗ −0.023 0.316∗∗∗

(0.324) (0.128) (0.024) (0.096)
Plan age −43.944∗∗∗ −15.107∗∗∗ −4.044∗∗∗ −7.898∗∗∗

(8.248) (3.252) (0.602) (2.434)
Constant 888.563∗∗∗ 314.236∗∗∗ 68.322∗∗∗ 246.858∗∗∗

(182.162) (71.815) (13.303) (53.755)

Year FE Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes

Observations 11,530 11,530 11,530 11,530
R2 0.261 0.259 0.218 0.282
Adjusted R2 0.236 0.234 0.191 0.258

Notes: An observation is a plan-year. Estimates are obtained using unweighted OLS. Stars indicate p-values: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 6: The association between plan benefits and the overall prediction error

Dependent variable:

Deductible OOP limit Primary care copay Specialist copay Hospital copay

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

Overall prediction errort−1 0.012∗ 0.373∗∗∗ −0.001∗∗∗ 0.001∗∗∗ 0.008
(0.007) (0.052) (0.0002) (0.0002) (0.013)

Star rating −11.060 −1.900 0.319∗ −0.882∗∗∗ −37.499∗∗∗

(6.746) (52.015) (0.182) (0.246) (12.696)
Star ‘too new’ indicator −43.882∗ 784.931∗∗∗ 0.545 −3.279∗∗∗ −67.160

(22.888) (176.471) (0.616) (0.835) (43.072)
Star ‘no data’ indicator −56.314∗∗ 388.196∗∗ 1.477∗∗ −3.496∗∗∗ −150.724∗∗∗

(21.984) (169.503) (0.592) (0.802) (41.372)
Risk-adjusted payment 0.369∗∗∗ 0.588∗ 0.009∗∗∗ −0.006∗∗∗ 0.010

(0.041) (0.314) (0.001) (0.001) (0.077)
Constant −194.165 1, 169.898 −1.320 29.584∗∗∗ 983.983∗∗∗

(141.780) (1, 093.145) (3.816) (5.174) (266.812)

Year FE Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes

Mean Dependent Variable 96.14722 3437.44 11.83048 26.0924 893.788
Observations 11,670 11,670 11,670 11,670 11,670
R2 0.566 0.514 0.476 0.475 0.447
Adjusted R2 0.551 0.498 0.459 0.458 0.429

Notes: An observation is a plan-year. The overall prediction error is defined as actual costs for the year minus the projected costs at the time of plan
submission. Estimates are obtained using unweighted OLS. Stars indicate p-values: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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Table 7: The association between plan benefits and the absolute overall prediction error

Dependent variable:

Deductible OOP Limit Primary care copay Specialist copay Hospital copay

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

|Prediction Error|t−1 0.002 −0.483∗∗∗ 0.0004∗ −0.002∗∗∗ −0.053∗∗∗

(0.008) (0.059) (0.0002) (0.0003) (0.014)
Star rating −10.551 −5.256 0.306∗ −0.917∗∗∗ −39.096∗∗∗

(6.748) (51.987) (0.182) (0.246) (12.690)
Star ‘too new’ indicator −43.005∗ 780.005∗∗∗ 0.521 −3.335∗∗∗ −69.828

(22.892) (176.355) (0.616) (0.834) (43.048)
Star ‘no data’ indicator −55.382∗∗ 390.855∗∗ 1.445∗∗ −3.528∗∗∗ −152.776∗∗∗

(21.985) (169.373) (0.592) (0.801) (41.344)
Risk-adjusted payment 0.355∗∗∗ 0.636∗∗ 0.010∗∗∗ −0.005∗∗∗ 0.050

(0.041) (0.314) (0.001) (0.001) (0.077)
Constant −191.285 1, 215.398 −1.455 29.616∗∗∗ 981.348∗∗∗

(141.791) (1, 092.351) (3.818) (5.167) (266.643)

Year FE Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes

Mean Dependent Variable 96.14722 3437.44 11.83048 26.0924 893.788
Observations 11,670 11,670 11,670 11,670 11,670
R2 0.566 0.515 0.475 0.477 0.448
Adjusted R2 0.551 0.499 0.458 0.459 0.429

Notes: An observation is a plan-year. The overall prediction error is defined as actual costs for the year minus the projected costs at the time of plan
submission. Estimates are obtained using unweighted OLS. Stars indicate p-values: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.
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