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To achieve two goals of improving quality of care and containing costs in the Medicare program, 

the Centers for Medicare and Medicaid Services (CMS) has reimbursed Medicare Advantage 

(MA) plans with a capitated amount per beneficiary. CMS uses the Hierarchical Condition 

Categories (HCC) risk adjustment to reflect each beneficiary’s health status and more accurately 

estimate capitated payments to Medicare Advantage (MA) plans. However, it is debated whether 

the HCC model has been effective in reducing risk selection or if it has led to strategic evolutions 

of risk selection. This research intends to understand the intended and unintended consequences 

of the HCC model on the MA plans’ risk selection behaviors and propose alternative risk 

adjustment models from the perspectives of statistics and economics, respectively.  
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Chapter 1.  

INTRODUCTION 

Recent health care reforms have attempted to move away from the Fee-For-Service (FFS) payment 

models to the capitated payment models. Under the FFS system, health plans are paid for each test 

and procedure, and thus theoretically the plans do not have an incentive to selectively enroll 

beneficiaries with specific characteristics. However, this could potentially encourage unnecessary 

services, leading to high costs without additional benefits to beneficiaries. Therefore, the capitated 

payment system has been introduced to provide high-value care. On the other hand, under the 

capitated payment system, health plans receive a capitated payment per beneficiary for total care 

in a year, and thus have the incentive to manage care, with most of the savings in health care costs 

enabling them to add benefits and/or lower premiums for beneficiaries. As this approach creates 

incentives to encourage preventive care and better care coordination, policymakers have 

encouraged health plans to provide managed care as a way to achieve cost control and enhance the 

quality of care. However, the capitated payment structure creates an incentive for the plan to 

selectively enroll healthier people and avoid sicker ones. The success of such reforms hinges on 

correctly aligning capitated payments with a beneficiary’ expected health care expenditures. 

 In this study, we focused on the Medicare program—the largest public health insurance 

program in the United States, providing the major source of insurance for the acute medical care 

needs of elderly and disabled persons. Private health plans contract with the Medicare program to 

provide elderly people Medicare Part A and Part B benefits. Medicare pays these health plans, 

known as Medicare Advantage (MA) plans, a capitated (per enrollee) amount to offer all Parts A 

and B benefits. This capitated payment structure creates incentives for MA plans to selectively 
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dis-enroll the high-cost beneficiaries so that, on average, they receive overpayments from the 

Medicare program. Empirical evidence demonstrated such selective behavior by MA plans existed 

(McGuire et al., 2011; Newhouse and McGuire. 2014), and as of 2006, caused an extra $30 billion 

in Medicare spending (Brown et al., 2014). To address this phenomenon, in 2000, the Centers for 

Medicare and Medicaid Services (CMS) adopted risk adjustment to their capitated payments—a 

process by which CMS adjusts payments to MA plans, using risk scores estimated based on each 

beneficiary’s demographics and diagnoses in a prior year (Pope et al., 2000). To more precisely 

incorporate health status differences in the calculation of payments to MA plans, in 2004, CMS 

introduced a new risk-adjustment model—the CMS-Hierarchical Condition Categories (HCC) 

model—which uses extensive inpatient and outpatient diagnostic information from the prior year 

to generate risk scores (Pope et al., 2004).  

Figure 1. Variability of health care expenditures around risk-adjusted mean predictions  

Source: Brown et al. (2014) 
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Some proponents of the existing risk-adjustment model argue that the CMS-HCC model 

has mitigated MA plans’ selection behavior (McWilliams et al., 2012; Morrisey et al., 2013; 

Newhouse et al., 2012; Newhouse et al., 2015), but we suspect that MA plans might change their 

risk selection strategies in response to the CMS-HCC model (Brown et al., 2014). First, the CMS-

HCC model merely focuses on predicting mean costs of beneficiaries (Pope et al., 2004). Figure 1 

shows how actual health care expenditures vary among beneficiaries with the same risk score. 

Each dot indicates risk-adjusted mean expenditures for each risk score group. Each bar indicates 

the range of actual expenditures of those in each risk score group. For all beneficiaries with a given 

risk score, the CMS-HCC model pays the same rate to MA plans. However, the severity of 

condition and thus the cost of treating it can vary within a given risk score. Indeed, as shown in 

Figure 1, there is considerable variability of costs around the risk-adjusted mean predictions 

(Medicare Payment Advisory Commission, 2012). Figure 1 also shows that the variability of the 

within-risk-score costs is greatest for beneficiaries with the most severe health status (Manning et 

al., 2005). These findings suggest that the HCC model does not estimate payments as sufficiently 

close to the actual expenditures in a statistical sense. More importantly, the HCC model does not 

generate sufficient economic incentives to prevent health plans from engaging in risk selection. As 

such, there is a potential for MA plans to benefit financially if they selectively dis-enroll 

beneficiaries with higher costs than what the CMS-HCC model predicts (i.e., unprofitable 

beneficiaries), especially for those with high-risk scores.  

To achieve such patient selection, MA plans are likely to seek screening approaches with 

no or little screening costs. One such approach that generates relatively low screening costs is 

service-level selection, in which, MA plans may provide different coverage levels for different 

services. The idea behind this selection mechanism is that MA plans would reduce coverage for 
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services that appeal to beneficiaries with higher costs than their risk-adjusted mean payments so 

that they would self-select themselves out of enrolling in the MA plan. The key feature of such 

behavior is that MA plans forecast services that are likely used by those who would have higher 

costs than those whose costs align more with the risk-adjusted mean payments. Although there is 

a very large literature on investigating service-level selection as a patient selection strategy (Cao 

and McGuire, 2003; Eggleston and Bir, 2009; Ellis et al., 2013; Ellis and McGuire, 2007; Frank 

et al., 2000; McGuire et al., 2014; Newhouse et al., 2013), to the best of our knowledge, there are 

few studies explaining mechanisms through which MA plans could engage in service-level 

selection against the federal government’s attempt to risk adjust. Furthermore, there are very few 

studies proposing better risk-adjustment models.  

This research intends to understand the intended and unintended consequences of the HCC 

model on the MA plans’ risk selection behaviors and propose alternative risk adjustment models 

from the perspectives of statistics and economics, respectively. The specific aims of this study are: 

In Chapter 2, we examined two main questions to fill the gap in evidence on the 

effectiveness of the CMS-HCC model. First, we examined whether MA plans strategically respond 

to the CMS-HCC model. Second, we examined the mechanism in which MA plans could 

effectuate the unintended consequence of the CMS-HCC model. Here, we first theoretically 

examined whether MA plans have incentive to increase copayments disproportionately more for 

services that appeal to unprofitable beneficiaries than other services. Then, we empirically tested 

two of our theoretical predictions. We examined whether MA enrollees who used more services 

with a large increase in copayment were more likely disenroll from MA plans. Finally, we 

examined whether MA disenrollment was attributable to increased burdens on out-of-pocket costs. 
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In Chapter 3, we proposed an alternative risk adjustment model from the perspective of 

statistics. Specifically, we developed a new evaluation metric for measuring how close predicted 

expenditures align with actual expenditures at the individual level. Then, we performed a 

comprehensive comparison of prediction accuracies at the group level, at the tail distributions, and 

at the individual level across 19 estimators used in the risk adjustment literature: nine parametric 

regression, seven machine learning, and three distributional estimators. 

In Chapter 4, we proposed an alternative risk adjustment model with machine learning 

techniques from the perspective of economics. Specifically, we developed an alternative risk-

adjustment method that accounts for accounts for each individual’s future service-level use, using 

machine learning techniques. Using the same estimators and evaluation metrics used in Chapter 3, 

we performed a comprehensive pair comparison of our proposed method with the currently used 

HCC model.  

 Chapter 5 concludes, recapitulating and summarizing the argument.  
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Chapter 2.  

SERVICE-LEVEL SELECTION: STRATEGIC RISK SELECTION IN 

MEDICARE ADVANTAGE IN RISK ADJUSTMENT 

Abstract  

The Centers for Medicare and Medicaid Services (CMS) uses the Hierarchical Condition 

Categories (HCC) risk adjustment to reflect each beneficiary’s health status and more accurately 

estimate capitated payments to Medicare Advantage (MA) plans. However, it is debated whether 

the CMS-HCC model led to strategic risk selection. We examine the competing claims and analyze 

the risk selection behavior of MA plans in response to the CMS-HCC model. We find that the 

CMS-HCC model reduced MA plans’ avoidance of high-cost beneficiaries at enrollment, but led 

to increased disenrollment of high-cost beneficiaries, conditional on illness severity, from MA 

plans. We explain this unintended consequence via service-level selection. First, we theoretically 

show that MA plans have incentives to effectuate risk selection via service-level selection, by 

lowering coverage levels for services that are more likely to be used by beneficiaries who could 

be unprofitable under the CMS-HCC model. Then, we empirically test the theoretical prediction 

that MA plans would raise copayments disproportionately more for services needed by 

unprofitable beneficiaries than for other services after the CMS-HCC implementation. This 

induced unprofitable beneficiaries to voluntarily disenroll from their MA plans. Further evidence 

supporting this selection mechanism is that those dissatisfied with out-of-pocket costs were more 

likely to disenroll from MA plans. We estimate that such strategic behavior led MA plans to save 

$5.9 billion by transferring the costs to Traditional Medicare.  
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2.1 BACKGROUND 

Since the 1980’s, Medicare beneficiaries have been able to enroll in two types of health plans: the 

government-run traditional Medicare (TM) program or privately-run plans. Private health plans, 

known as Medicare Advantage (MA) plans, contract with Medicare to provide elderly people 

Medicare Part A and Part B benefits. MA plans receive a capitated (per enrollee) amount from the 

Centers for Medicare and Medicaid Services (CMS) to offer all Parts A and B benefits. However, 

this capitated payment structure creates incentives for MA plans to selectively dis-enroll sicker 

beneficiaries so that, on average, they receive overpayments from CMS. Empirical evidence 

demonstrated such selective behavior by MA plans existed (McGuire et al., 2011; Newhouse and 

McGuire. 2014). To reduce risk selection, CMS has adjusted payments to MA plans to reflect the 

health status of their enrollees, a process known as risk adjustment (Pope et al., 2000). To more 

precisely incorporate health status differences in the calculation of capitated payments to MA 

plans, in 2004, CMS introduced a new risk adjustment model—the CMS-Hierarchical Condition 

Categories (HCC) model—which uses extensive inpatient and outpatient diagnostic information 

from the prior year to generate risk scores (Pope et al., 2004).  

It is debated whether the CMS-HCC model has been effective in reducing risk selection 

(Newhouse et al., 2015) or whether it has led to a strategic evolution of risk selection (Brown et 

al., 2014). On one hand, it has been shown that the CMS-HCC model considerably reduced the 

phenomenon of avoiding sicker beneficiaries (i.e., those with high-risk scores) in TM (McWilliams 

et al., 2012; Morrisey et al., 2013; Newhouse et al., 2012; Newhouse et al., 2015). As risk 

adjustment leads to neutral payments for beneficiaries with conditions included in the risk 

adjustment formula, MA plans no longer have incentive to avoid those with high-risk scores if 

their conditions are included in the CMS-HCC model.  



 

 

8 

On the other hand, there is suggestive evidence showing that MA plans could strategically 

respond to the CMS-HCC model. Brown et al. (2014) argue that the CMS-HCC model merely 

shifted the profitable population from healthy people (i.e., those with low-risk scores) to sick ones 

who are over-compensated, within their risk-score. This can be achieved because, first, there is 

considerable variability in actual expenditures of beneficiaries around their risk-adjusted 

payments. For all beneficiaries with a given health condition, the CMS-HCC model is designed to 

adjust payments to MA plans by the same rate. However, the severity of the condition and thus the 

cost of treating it can vary within a given condition (Medicare Payment Advisory Commission, 

2012).1 Second, the variability of the within-risk-score expenditures is larger for those with higher 

risk scores (Manning et al., 2005). Because the CMS-HCC model only accounts for about 100 

major conditions, this generates underpayments for those whose conditions are not accurately 

measured by the model, who tend to have multiple chronic conditions (Frogner et al., 2011).2  

In this study, we examine two main questions to fill the gap in evidence on the effectiveness 

of the CMS-HCC model. First, we examine whether MA plans strategically respond to the CMS-

HCC model. The previous literature, including Brown et al. (2014) and Newhouse et al., (2015), 

mainly focused on whether TM beneficiaries with high-risk scores were more likely to enroll in 

MA plans. However, there is another important avenue in which MA plans could achieve risk 

selection: getting unprofitable beneficiaries to disenroll from MA plans. We examine both 

enrollment and disenrollment patterns for evidence of risk selection. We hypothesize that while 

                                                
1 For example, the coefficient for breast, prostate, colorectal and other cancers (HCC10) was estimated to be 0.187 by the CMC-
HCC model (Pope et al., 2004). This means that CMS increases payments by 1.187 % of the overall mean for Medicare beneficiaries 
with breast, prostate, colorectal and other cancers relative to equally sick beneficiaries without the condition. Depending on cancer 
stage, however, their actual expenditures would vary. Specifically, those with stage 4 cancer are more likely to incur higher 
expenditures than the rate set by CMS, whereas those with stage 1 cancer are more likely to incur lower expenditures than the rate 
set by CMS.  
2 Frogner et al. (2011) showed that the estimate for breast, prostate, colorectal, and other cancers (HCC 10) was only $1,835 despite 
its seriousness of the illness. Moreover, it was found that the interaction between chronic kidney failure and congestive heart failure 
had a statistically significant negative estimate, thereby reducing reimbursements for beneficiaries with these two diseases by $614. 
However, this is unlikely because having multiple chronic diseases requires more complex care.  
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the CMS-HCC model encouraged MA plans to accept TM beneficiaries with high-risk scores, MA 

plans strategically behave to avoid beneficiaries who could be unprofitable under the CMS-HCC 

model (i.e., those with higher expenditures than their risk-adjusted payments). We find that the 

CMS-HCC model achieved the goal of reducing selection for TM beneficiaries with high-risk 

scores as intended; however, we also find that it led to increased disenrollment of unprofitable 

beneficiaries from MA plans, leading MA plans to save costs of $5.9 billion in 2007-2009. 

Second, we examine the mechanism in which MA plans could effectuate the unintended 

consequence of the CMS-HCC model. We hypothesize that MA plans magnify service-level 

selection, in which they provide relatively lower coverage levels for some services to discourage 

enrollment of unprofitable beneficiaries, as a strategic risk selection mechanism in response to the 

CMS-HCC model.3 There is a large literature on investigating service-level selection as a risk 

selection strategy (Cao and McGuire, 2003; Eggleston and Bir, 2009; Ellis et al., 2013; Ellis and 

McGuire, 2007; Frank et al., 2000; McGuire et al., 2014; Newhouse et al., 2013). To the best of 

our knowledge, however, there is little research explaining how MA plans engage in service-level 

selection.4  In this study, we first theoretically examine whether MA plans have incentive to 

increase copayments disproportionately more for services that appeal to unprofitable beneficiaries 

than other services. Then, we empirically test two of our theoretical predictions. We examine 

whether MA enrollees who used more services with a large increase in copayment were more 

likely disenroll from MA plans. Finally, we examine whether MA disenrollment was attributable 

to increased burdens on out-of-pocket costs. To give a preview of our results, building upon Ellis 

and McGuire (2007), we theoretically show that those with higher expenditures than their risk-

                                                
3 There is evidence showing that MA plans has already used service-level selection to enforce selective enrollment (Cao and 
McGuire, 2003). As such, the idea of this study on service-level selection is that MA plans magnify service-level selection in 
response to the CMS-HCC model to avoid beneficiaries who could be costly under the CMS-HCC model. 
4 There is a literature showing that MA plans changed their drug formularies to avoid enrolling unprofitable beneficiaries under the 
CMS-HCC model (Han and Lavetti, 2017).  
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adjusted payments are more likely to use services that health plans would ration more tightly (i.e., 

services with higher service-level selection index). This phenomenon is more likely to be 

pronounced for those with higher risk scores. Then, we find evidence supporting our theoretical 

prediction that MA plans have actually raised copayments disproportionately more for services 

with higher service-level selection index (i.e., durable medical equipment, home health, inpatient 

hospital service) than services with lower service-level selection index (i.e., mental health specialty 

service, psychiatric service, and primary care physician service). Such disproportionate increases 

in copayment induced unprofitable beneficiaries to voluntarily disenroll from MA plans. In 

additional analyses, we find evidence supporting this selection mechanism that those with 

dissatisfaction with out-of-pocket costs were more likely to disenroll from MA plans. 

Consequently, the variation of total Medicare expenditures for MA enrollees with high-risk scores 

reduced over time. These findings indicate that service-level selection allowed MA plans to avoid 

the risk of enrolling unprofitable beneficiaries. 

The rest of the paper is structured as follows. Section 2 provides an overview of the MA 

program. Section 3 reviews the literature on risk selection behaviors by MA plans. Section 4 

presents the intended and unintended consequences of the CMS-HCC model on the MA plans’ 

risk selection behaviors. Section 5 explains how MA plans could effectuate the unintended 

consequences via service-level selection. Specifically, we present a conceptual framework to 

illustrate the idea of service-level selection. Building on prior theoretical models, then we 

demonstrate our theoretical predictions on service-level selection in response to the CMS-HCC 

model. We also describe empirical analyses and discuss our results from empirical analyses. 

Section 6 discusses policy implications and potential future research. 
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2.2 THE MEDICARE ADVANTAGE PROGRAM 

Medicare beneficiaries can choose to either enroll in TM or an MA plan. Private plans contract 

with CMS to provide MA plans that cover equivalent or greater benefits to Medicare Parts A and 

B benefits.5 When individuals become eligible for Medicare, they are defaulted to TM, but can 

choose to stay in TM or switch to a MA plan, depending on their preferences and needs. Because 

MA plans offer more generous benefits and lower cost-sharing than TM, beneficiaries may prefer 

enrolling in the MA plan. In contrast, as MA plans have limited providers’ networks (Jacobson et 

al., 2016), those with complex diseases may prefer TM’s freedom of provider choice. To encourage 

beneficiaries to choose the plan that efficiently provides them care while accounting for their 

individual preferences, CMS adopted the “payment neutrality” approach, which sets MA payments 

equal to the average Medicare expenditures of TM beneficiaries in the MA enrollee’s county 

(Medicare Payment Advisory Commission, 2014).   

Over several decades, policy-makers have promoted managed care in Medicare as a way 

to improve quality of care while containing costs. As this approach creates incentives to encourage 

preventive care and better care coordination, it is especially helpful in caring for Medicare 

beneficiaries, 68.4 percent of whom had two or more chronic conditions and 36.4 percent had four 

or more chronic conditions (Lochner and Cox, 2013). In line with the encouragement of managed 

care, the benchmark levels have been increased to encourage plans to enter in the MA market 

(Medicare Payment Advisory Commission, 2014).6 Consequently, CMS paid $170 billion to MA 

                                                
5 There are two rationales for privatization of managed care. First, capitated payments to private plans would incentivize them to 
actively manage their enrollees’ care, leading to more efficient care provision. Also, privatization could lead to competition among 
private plans as well as TM, possibly lowering health care costs while improving quality of care. 
6 Prior to the Balanced Budget Act of 1997, MA plans were paid based on 95 percent of a county’s average Medicare expenditures 
of TM beneficiaries. In the Balanced Budget Act, Congress increased benchmark levels to encourage plans to enter in the MA 
market. Consequently, as of 2015, MA plans are paid by 102 percent of TM costs. 
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plans on behalf of 16 million beneficiaries, reaching a historic high of MA’s penetration of almost 

31 percent of the Medicare population (Kaiser Family Foundation, 2015). 

However, benefit designs by MA plans may affect whether beneficiaries choose TM or 

MA plans. TM under the fee-for-service (FFS) payment system are paid for each test and 

procedure, and thus theoretically they have no incentive to selectively accept beneficiaries with 

certain characteristics. In contrast, MA plans under the capitated payment system are paid a fixed 

amount per beneficiary, which would create an incentive to selectively accept healthier people and 

avoid sicker ones. To effectuate favorable selection, MA plans could vary benefit designs. For 

example, MA plans could increase cost-sharing for certain services to avoid unprofitable 

beneficiaries. This is plausible because while MA plans must provide the same services covered 

by TM (i.e., Medicare Parts A and B benefits), and the actuarial value of the total benefits package 

must at least be equivalent to TM’s benefits, cost-sharing for any particular service can vary 

between MA plans and TM. Moreover, MA plans could restrict physician networks to distract 

unprofitable beneficiaries (Jacobson et al., 2016). Also, MA plans could offer additional services 

(e.g., dental care and vision care services) or change drug formulary to attract profitable 

beneficiaries (Han and Lavetti, 2017). 

To mitigate favorable selection of MA plans, CMS has used a risk-adjusted payment 

methodology to estimate capitated payments to MA plans. Payment rates to MA plans are 

determined by enrollee’s risk scores, county-level benchmarks set by CMS, and plan bids.7 

However, the fundamental goal of risk adjustment is to adjust payments to accurately reflect the 

                                                
7 Since 2006, CMS has implemented a competitive bidding system to determine payments to MA plans. The payment is based on 
bids submitted by MA plans, and then it is risk-adjusted by the CMS-HCC model. The plan bids for Parts A and B services are 
compared to the county-level benchmark. If the plan bid is less than the benchmark, the plan receives its bid. In addition, CMS 
retains 25 percent of the difference between its payment benchmark and bid. The remaining 75 percent of the difference must be 
returned to enrollees in the form of additional benefits or lower premium. If the plan’ bid is higher than the benchmark, enrollees 
pay the difference in the form of a monthly premium in addition to the Medicare Part B premium. 
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health status of each enrollee. CMS adjusts payments to MA plans, using risk scores estimated 

based on each beneficiary’s demographics and diagnoses in a prior year. However, its ultimate 

goal is not accuracy per se, but rather improved incentives (Glazer and McGuire, 2000; Van de 

Ven and Ellis, 2000). As such, risk adjustment intends to disincentivize health plans from 

selectively enrolling and caring for healthy beneficiaries, and furthermore incentivize the plans to 

compete based on providing high-value care. Up until 2000, the risk adjustment process only 

accounted for age, gender, Medicaid eligibility, institutional status, and county of residence. 

Starting in 2000, CMS began to use information on inpatient diagnoses to adjust payments to MA 

plans through the Principal Inpatient Diagnostic Cost Group (PIP-DCG) model (Pope et al., 2000).8 

To more precisely incorporate health status differences in the calculation of capitated payments to 

MA plans, in 2004, CMS introduced a new risk adjustment model—the CMS-HCC model—which 

uses extensive inpatient and outpatient diagnostic information from the prior year to generate risk 

scores (Pope et al., 2004).9  

 

2.3 PREVIOUS LITERATURE 

The literature on risk selection in the MA program has mainly focused on one aspect of risk 

selection: whether TM beneficiaries with high-risk scores were less likely to enroll in MA plans. 

Some studies found that such selection behavior was greatly reduced after the full phase-in of the 

CMS-HCC model starting January 1, 2007. Using a 20 percent random sample of Medicare claims 

                                                
8 The PIP-DCG model accounts for 24 age/sex cells, interactions of Medicaid status and age/sex cells, interactions of originally 
disabled status and age/sex cells, working-aged status, and the 16 PIP-DCG diagnostic categories (Pope et al., 2000). 
9 The CMS-HCC model accounts for 24 age/sex cells, interactions of Medicaid status and sex and age/disabled entitlement status, 
interactions of originally disabled status and sex, 70 HCC diagnostic categories, interactions of diagnostic categories with 
entitlement by disability, and six disease interactions (Pope et al., 2004). For HCC diagnostic categories, about 2,500 diagnosis 
codes based on the International Classification of Diseases (ICD)-9 system are grouped into a small number of organized categories 
to generate a diagnostic profile of each person. Each HCC diagnostic category includes conditions that are clinically related to each 
other and have similar cost implications. 
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in 2003-2008, Newhouse et al. (2012) found that differences in predicted expenditure between 

TM-to-MA switchers (i.e., Medicare beneficiaries who enrolled in TM and switched from TM to 

MA next year) and TM stayers (i.e., those who enrolled in TM and remained in TM next year) 

declined between 2004 and 2008 by a factor of three. Also, differences in adjusted mortality rates 

between these two groups narrowed between 1998 and 2008 by a factor of two. Using the 2001-

2007 Medicare Current Beneficiary Survey (MCBS), McWilliams et al. (2012) observed that 

differences in health care use and self-reported health between all TM and MA beneficiaries were 

narrowed from 2001-2003 to 2006-2007. They also found that differences between TM-to-MA 

switchers and TM stayers were narrowed. Using a five percent random sample of Medicare claims 

in 1999-2008, Morrisey et al. (2013) showed that the implementation of the CMS-HCC model led 

to increase the number of new MA enrollees and decrease the number of MA disenrollees (i.e., 

those who enrolled in MA and switched from MA to TM next year), resulting in increased MA 

enrollment. 

 Another strand of the literature has examined another aspect of risk selection: whether MA 

enrollees with high-risk scores were more likely to disenroll from MA plans. There is evidence 

showing that MA plans might change the targeted population for risk selection in response to the 

CMS-HCC model. McWilliams et al. (2012) found that compared to MA stayers (i.e., those who 

enrolled in MA and remained in MA next year) or TM stayers, MA-to-TM switchers (i.e., those 

who enrolled in MA and switched from MA to TM next year) self-reported poorer health and used 

more health care after the full phase-in of the CMS-HCC model. Morrisey et al. (2013) observed 

that after the full implementation, disenrollment from MA plans was more pronounced among the 

high-expenditure beneficiaries. Using a five percent sample of Medicare claims between 2006-

2011, Jacobson et al. (2015) found that Medicaid-eligible beneficiaries and beneficiaries younger 
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than 65 years with disabilities were more likely to disenroll from MA plans. On the other hand, 

the low-expenditure beneficiaries were more likely to stay in MA plans and relatively younger 

beneficiaries aged 65 to 69 years were more likely to switch from TM to MA plans.  

However, little is known about the mechanism in which MA plans might engage in risk 

selection beyond risk scores. To the best of our knowledge, there are few papers that argued that 

MA plans might strategically behave in response to the CMS-HCC model by risk-selecting based 

on expenditures conditional on risk scores (Brown et al., 2014; Han and Lavetti. 2017). 

Specifically, Brown et al. (2014) found that the CMS-HCC model reduced the phenomenon of 

avoiding high-risk score beneficiaries whose conditions are included in the CMS-HCC model 

because it increases payments for them by accounting for additional information from inpatient 

and outpatient claims. However, the CMS-HCC model still generates underpayments for some of 

those with high-risk scores as their complex health status cannot be accurately captured by the 

model (Frogner et al., 2011). As such, Brown et al. (2014) found that in response to the CMS-HCC 

model, MA plans have selectively enrolled beneficiaries with high-risk scores but low 

expenditures conditional on their risk scores. It is worthwhile to note that Han and Lavetti (2017) 

examined MA plans’ strategic response to another risk adjustment model for MA plans—the CMS-

RxHCC model—which is used separately to estimate plan payments for Medicare prescription 

drug coverage. They found that after the introduction of Medicare Part D in 2006, 10 MA plans 

changed their drug formulary design to avoid enrolling unprofitable beneficiaries under the CMS-

RxHCC. This indicates that the CMS-HCC model cannot reflect the health status of beneficiaries 

                                                
10 The prescription drug benefits in Medicare are available through two primary coverage options: a stand-alone prescription drug 
plan (PDP) or a Medicare Advantage Prescription Drug (MA-PD) plan. PDP provides drug coverage to beneficiaries who remain 
in TM for inpatient and outpatient medical services. On the other hand, MA-PD plans provide all Medicare-covered services 
including prescription drug coverage to those who enroll in MA plans. Both plans must provide drug benefits at least equal in value 
to a standard benefit defined by the Medicare Prescription Drug, Improvement, and Modernization Act of 2003. 
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beyond health status captured through claims data (i.e., risk scores), creating an incentive for MA 

plans to avoid those whose health status could be worse than estimated. 

Newhouse et al. (2015) re-examined the question of how MA plans have responded to the 

CMS-HCC model and found that the combination of the CMS-HCC model and a lock-in policy11 

largely reduced favorable selection after 2007, the year in which the CMS-HCC model was fully 

phased in. Since the full implementation of the CMS-HCC model coincided with the introduction 

of the lock-in policy, they acknowledged that it would be hard to distinguish the effect of the CMS-

HCC model from the effect of the lock-in policy on reducing risk selection. It is worthwhile to 

note that Newhouse et al. (2015) intended to validate findings from a prior study of Brown et al. 

(2014). Using the 1994-2006 MCBS, Brown et al. (2014) found evidence showing that the CMS-

HCC model did not reduce favorable selection due to MA plan’s strategic response to the CMS-

HCC model.12 However, Newhouse et al. (2015) used a 20 percent random sample of Medicare 

claims between 2001-2011 and found that the combination of the CMS-HCC model and the lock-

in policy reduced overpayments attributable to selection by roughly a factor of five (from $1,984 

in 2001-2002 to $320 in 2007-2011), thereby rebutting Brown et al. (2014)’s claim.13 However, it 

                                                
11 Beginning in 2006, CMS imposed a partial enrollment lock-in to prevent MA enrollees from switching from MA plans to TM 
plans monthly, limiting temporarily switches to TM plans when more generous coverage or freedom of provider choice is desired.  
12 Brown et al. (2014) concluded that favorable selection was not decreased on net because the decrease in selection along 
dimensions included in the formula of the CMS-HCC model was more than offset by the increase in selection conditional on the 
risk score. Specifically, they found that there were smaller differences in risk scores between TM-to-MA switchers and TM stayers 
after its initial phase-in starting January 1, 2004. This result is consistent with those of the studies showing the effect of the CMS-
HCC model on reducing risk selection (McWilliams et al., 2012; Morrisey et al., 2013; Newhouse et al., 2012). However, they 
showed that compared to TM stayers, actual expenditures conditional on the risk score of TM-to-MA switchers substantially fell 
after the initial phase-in period. This suggests that MA plans might strategically behave to enroll those with expenditures lower 
than what is predicted by the CMS-HCC model. 
13 Such contradictory results are attributable to data and methodology differences. First, due to a relatively small sample in the 
MCBS, Brown et al. (2014) had to pool the years from 1994 to 2002 and then compared selection in those years with selection 
during the pooled years from 2004 to 2006. This might be problematic because MA reimbursement policy changed markedly during 
the period. For example, the Balanced Budget Act of 1997 established floors on reimbursement to MA plans for low-paying areas 
and restricted annual increases in reimbursement to MA plans for high-paying areas to two percent. In contrast, Newhouse et al. 
(2015) used the sample for the pre-implementation period from 2001 to 2003 and compared selection during the pre-implementation 
period with selection during the post-implementation period. Moreover, using a large sample size, the study estimated the degree 
of selection in each year, allowing them to control for various Medicare payment polices across years. Also, Brown et al. (2014) 
included all MA enrollees from the MCBS. However, starting in 2004, CMS allowed MA plans to create plans for enrollees with 
special needs (e.g., institutionalized or Medicaid-eligible enrollees), many of whom are non-elderly. As comparing those groups 
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remains unanswered whether MA plans have changed risk selection strategies in response to the 

CMS-HCC model to induce MA enrollees with high-risk scores but high expenditures conditional 

on their risk scores to drop out of their plans. Determining this aspect is critical to comprehensively 

understand the strategic risk selection behaviors of MA plans in response to the CMS-HCC model. 

 

2.4 STRATEGIC RISK SELECTION IN RESPONSE TO THE CMS-HCC MODEL 

The goal of this section is to examine the competing claims between Brown et al. (2014) and 

Newhouse et al. (2015) on the effectiveness of the CMS-HCC model and to comprehensively 

understand strategic risk selection behaviors of MA plans. To shed light on the competing claims, 

we replicate analyses from Brown et al. (2014) and Newhouse et al. (2015) to examine whether 

MA plans selectively accepted TM enrollees with lower Medicare expenditures conditional on 

their risk scores after the CMS-HCC model. To fully understand the MA plans’ strategic risk 

selection behavior in response to the CMS-HCC model, we also examine whether MA plans 

selectively avoided MA enrollees with higher Medicare expenditures conditional on their risk 

scores after the CMS-HCC model. 

 

2.4.1 Data and Study Population 

The MCBS is a longitudinal survey of a nationally representative sample of the Medicare 

population. CMS annually surveys a nationally representative sample of roughly 11,000 Medicare 

beneficiaries each year, and link with Medicare claims data. In each MCBS dataset, three rounds 

of interviews per year are conducted to collect detailed information on access to and satisfaction 

                                                
before and after 2004 is problematic, Newhouse et al. (2015) limited to MA enrollees who were elderly, who were not 
institutionalized, and who were not eligible for Medicaid. 
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of care, functional status, medical conditions, health care expenditures, health insurance, and other 

health-related topics through the four-years.  

The MCBS is particularly well suited for studying risk selection in MA plans. First, it 

provides a nationally representative sample of the Medicare population with four-year follow-up. 

This allows us to track the switching behavior between TM and MA plans over time. Furthermore, 

the MCBS offers comprehensive information on health status and health care utilization for both 

TM and MA enrollees. While Medicare claims data offers complete information from Medicare-

covered services for all TM beneficiaries in the sample, the claims data for MA enrollees is not 

publicly available. However, the MCBS obtains information on health status and health care 

utilization for all MA enrollees through survey. This enables us to capture comprehensive 

information for all TM and MA enrollees in the sample over time. 

We construct two comparison groups. To examine whether the CMS-HCC model reduced 

the phenomenon that MA plans selectively avoid TM beneficiaries with high-risk scores, we 

compare TM stayers (those enrolled in TM during year ! and remained in TM during year ! + 1) 

and TM-to-MA switchers (those enrolled in TM during year !, but switched from TM to MA 

during year ! + 1) (Panel A). In addition, we also examine the MA plans’ strategic risk selection 

behaviors in response to the CMS-HCC model by comparing MA stayers (those enrolled in MA 

during year ! and remained in MA during year ! + 1) and MA-to-TM switchers (those enrolled in 

MA during year !, but switched from MA to TM during year ! + 1) (Panel B). To construct Panel 

A and B, respectively, we first identify a sample of Medicare beneficiaries who were eligible for 

both Medicare Parts A and B coverage in the two consecutive years (! and ! + 1 years) during the 

study period. We exclude the following types of beneficiaries from the sample: beneficiaries 

whose original eligibility was attributable to disability or end-stage renal disease, newly eligible 
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beneficiaries (since no prior claims information is available), those who died, dual-eligible 

beneficiaries, those who switched into Special Needs Plans, those who did not have 12 months of 

continuous enrollment in Medicare (both Parts A and B benefits) in year !, and those not enrolled 

in Medicare in January of year ! + 1. Medicare beneficiaries are classified as TM enrollees if 

enrolled in TM for all 12 months of the calendar year, and classified as MA enrollees if enrolled 

in an MA plan for at least six months of the year and enrolled in any Medicare plan in every month 

of the year.  

 

2.4.2 Empirical Strategy 

First, we replicate analyses from Brown et al. (2014) and Newhouse et al. (2015), which examined 

selection patterns at different implementation times (i.e., after the initial and full phase-in of the 

CMS-HCC model, respectively). We perform this analysis for two purposes. The first is to 

examine whether a relatively small sample from the MCBS provides consistent results with a 

larger sample from Medicare claims. Following Newhouse et al. (2015), we compare selection 

during the pre-implementation period with selection during the post-implementation period. If our 

findings are consistent with those from Newhouse et al. (2015), then this indicates that our analysis 

with the MCBS provides generalizable results and insights. The second purpose is to examine 

whether the effectiveness of the CMS-HCC model was larger after the full phase-in of the CMS-

HCC model than the initial phase-in.  

We first examine whether the CMS-HCC model reduced the phenomenon of selectively 

avoiding TM enrollees with high-risk scores. For those who enrolled in TM during year !, risk 
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scores are estimated based on the risk adjustment methodology.14 To test the hypothesis, we 

conduct the following difference-in-difference analysis via ordinary least squares (OLS).  

$%&'	&)*+,-. = 01 + 023ℎ5+,	*6	7,5+	%8	9:-,.<2 +	0=3ℎ5+,	*6	7,5+	%8	9:-,.<2 ×

:6!,+	2002. + 0A7,5+	BCDD%,& + E-.																																																																																															(1)  

where $%&'	&)*+,-.  is beneficiary %’s risk score at year !, 3ℎ5+,	*6	7,5+	%8	9:-,.<2 measures 

the share of the beneficiary’s Medicare-eligible months that she stayed in MA plans in year ! + 1. 

:6!,+	2002. takes the value one for the years after 2003 and takes zero otherwise. We conduct 

the regression on those enrolled in TM all 12 months of the baseline years 2001-2005. Also, we 

perform the same regression with :6!,+	2005. on those enrolled in TM all months of the baseline 

years 2001-2002 and 2006-2008. We include year fixed effects, and use sample weights provided 

by the MCBS. Since we use repeated observations on individuals, standard errors are clustered at 

the individual level. 

 In the above equation, the key coefficients are those for 3ℎ5+,	*6	7,5+	%8	9:-,.<2and 

3ℎ5+,	*6	7,5+	%8	9:-,.<2 × :6!,+	2002.(or	:6!,+	2005.). Following Brown et al. (2014) and 

Newhouse et al. (2015), we interpret the results in a way that one simply assumes that TM-to-MA 

switchers spent the entire next year in MA plans so that the share of the next year spent in MA 

plans is one for TM-to-MA switchers and zero for TM stayers. Then, the predicted risk score for 

TM-to-MA switchers in 2002 is 01 + 02, whereas the predicted risk score for TM stayers in that 

year is just 01. For subsequent years, one simply adds the coefficient of the interaction term. For 

                                                
14 The way of estimating their risk scores changed over the time period. Risk scores for the pre-implementation period (2001-2003) 
are estimated based on the PIP-DCG model (Pope et al., 2000). The coefficients estimated from Pope et al. (2000) are used. Risk 
scores for the post-implementation period (2007-2009) are estimated based on the CMS-HCC model (the HCC 2007 version 12 
model). The coefficients estimated from Pope et al. (2004) are used, which is also available at the National Bureau of Economic 
Research website (http://www.nber.org/data/cms-risk-adjustment.html). Risk scores for the implementation period (2004-2006) 
are estimated by putting varying weights between the PIP-DCG and CMS-HCC models across years. In 2004, the CMS-HCC 
model had 30 percent weight in determining payment, in 2005, 50 percent weight, and in 2006, 75 percent weight. From 2004 to 
2006, the remaining weight was on the PIP-DCG model. 
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those who switched beginning in 2004 or 2007, their predicted risk scores are 01 + 02 + 0=. As 

such, we interpret the values of 02 + 0= as how much risk selection decreased or increased after 

adopting the CMS-HCC model. To check the robustness of our results, we perform additional 

specifications. We conduct the analysis excluding outliers (i.e., those with risk scores above the 

95th percentile in each year), and estimate with median quantile regressions instead of OLS. 

We next examine whether MA plans selectively accepted TM enrollees with lower 

Medicare expenditures conditional on their risk scores after the CMS-HCC model. For those who 

enrolled in TM during year !, total Medicare expenditures are calculated by summing any Parts A 

and B expenditures reported in claims data. Total Medicare expenditures were adjusted to 2009 

dollars using the Consumer Price Index for All Urban Consumers (CPI-U).15 We evaluate selection 

pattern after each of the two implementation points. To test the hypothesis, we conduct the 

following difference-in-difference analysis via OLS:  

KLM,8N%!C+,-. = O1 + O23ℎ5+,	*6	7,5+	%8	9:-,.<2 + O=3ℎ5+,	*6	7,5+	%8	9:-,.<2 ×

:6!,+	2002. + OA7,5+	BCDD%,& + OP$%&'	&)*+,-. + E-.																																																												(2)	  

where KLM,8N%!C+,-. is beneficiary %’s total Medicare expenditure at year !, and all other notation 

are the same as in the previous analysis. As with the above regression, we perform the regression 

on those who enrolled in TM all 12 months of the baseline years 2001-2005. Also, we perform the 

same regression with :6!,+	2005. on those who enrolled in TM all months of the baseline years 

2001-2002 and 2006-2008.  

To examine strategic risk selection behaviors of MA plans, we also perform the same 

analyses for those who enrolled in MA plans in year ! (i.e., MA-to-TM switchers and MA stayers). 

Previous studies, including Brown et al. (2014) and Newhouse et al. (2015), have focused on 

                                                
15 Unless otherwise stated, all dollars amount reported in this paper are adjusted to 2009 dollars using the CPI-U. 
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examining whether the CMS-HCC model reduced the phenomenon of avoiding TM beneficiaries 

with high-risk scores, mainly due to lack of data for MA enrollees. Since the MCBS provides the 

data for MA enrollees, we can examine whether MA plans responded strategically to the CMS-

HCC model to induce voluntary disenrollment of unprofitable MA enrollees. As with the above 

regression, we estimate two regressions on those who enrolled in MA plans for at least six months 

of the baseline years 2001-2005 as well as 2001-2002 and 2006-2008, respectively. For those who 

enrolled in MA plans during year ! , since the claims data for MA enrollees is not publicly 

available, we follow the risk score estimation method from McWilliams et al. (2012).16 Their total 

Medicare expenditures are estimated by summing any Parts A and B expenditures reported in 

claims data (if enrolled in TM) and the self-reported MA expenditures from the survey. However, 

the self-reported MA expenditures from the MCBS are underreported.17 Since the self-reported 

expenditures are more likely to be underreported in certain populations, we additionally perform 

the analyses by adjusting for self-reported health status and demographic variables such as age, 

race, and female.18 Using these results, we estimate cost savings attributable to such MA plans’ 

strategic behavior in 2007-2009. Assuming that the switching rate of MA-to-TM switchers is 

generalizable to the entire MA population, we estimate the number of MA-to-TM switchers in the 

entire MA population in 2007-2009 (Kaiser Family Foundation, 2015), and then multiply it by the 

average excess expenditures of MA-to-TM switchers beyond their risk-adjusted payments (i.e., 

the values of O2 + O=). 

                                                
16 Enrollee-specific capitated payments to MA plans are calculated by multiplying county-specific benchmark rates by enrollee’s 
demographic factors and individual HCC risk scores, modified somewhat by plan bids relative to benchmark rates. To obtain risk 
scores for MA enrollee each year, we divide capitated payments by county benchmark rates available from CMS. 
17 Curto et al. (2017) estimated health care spending for MA enrollees using claims data from three MA insurers (Aetna, Humana, 
and UnitedHealthcare). They found that MA spending per enrollee-year totaled $7704, of which $7080 was paid by MA insurers 
and the rest by enrollees out-of-pocket. We acknowledge that the self-reported expenditures from the MCBS are underreported. 
However, it is unlikely that such reporting errors have systematically changed over the study period (McWilliams et al., 2012). 
18 We adjust for self-reported health status because individuals with poor health are likely to report negative feelings toward one’s 
health care. We also control for age, race, and female, because different demographic groups are likely to report their health and 
health care utilization differently. 
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2.4.3 Empirical Results 

Table 1 shows baseline characteristics for the MCBS population by the three implementation 

periods. We find that the number and proportion of TM-to-MA switchers increased [40 (0.26 

percent) and 388 (2.69 percent) for the pre- and post-implementation periods, respectively], 

whereas the number and proportion of MA-to-TM switchers decreased after the full phase-in 

period [282 (1.85 percent) and 153 (1.06 percent) for the pre- and post-implementation periods, 

respectively]. Moreover, we find that the difference in total Medicare expenditures between TM 

stayers and TM-to-MA switchers decreased after the full implementation period [$5486 

(=$7915-$2429) and $2269 (=$9806-$7537) for the pre- and post-implementation periods, 

respectively]. However, the difference in total Medicare expenditures between MA-to-TM 

switchers and MA stayers increased after the period [$697 (=$4815-$4118) and $4708 

(=$8257-$3549) for the pre- and post-implementation periods, respectively]. Furthermore, we 

find that average risk scores for TM stayers, TM-to-MA switchers, and MA stayers were relatively 

constant between the pre- and post-implementation periods, whereas average risk scores for MA-

to-TM switchers substantially increased from 1.04 in the pre-implementation period to 1.23 in the 

post-implementation period. 

Table 2 displays the results from re-estimating equations from Newhouse et al. (2015) 

(Panel A) and our own analyses (Panel B). We find that the phenomenon of avoiding TM 

beneficiaries with high-risk scores reduced after adopting the CMS-HCC model. For those who 

enrolled in TM during year !, column (1) shows that while TM-to-MA switchers had average risk 

scores 0.14 points lower than TM stayers in the pre-implementation period, the difference 

decreased by 0.04 (=-0.14+0.1) after the initial phase-in, assuming they spent full year in MA 
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plans. As shown in column (2), the risk score difference was almost identical in magnitude after 

the full phase-in. When the outliers were excluded (columns 2 and 5) or the equation was estimated 

via median quantile regression (columns 3 and 6), we find similar results. On the other hand, as 

shown in column (7)-(8), in the pre-implementation period, TM-to-MA switchers had baseline 

expenditures $4210.92 to $4401.86 lower than TM stayers, assuming they spent full year in MA 

plans. The amount of favorable selection slightly decreased during the initial phase-in period [by 

$4203.48 (=-$4210.92+$7.44)], and dramatically decreased after the full phase-in period [by 

$1803.94 (=-$4401.86+$2597.92)].  

However, we find evidence of strategic risk selection of MA plans in response to the CMS-

HCC model. For those who enrolled in MA plans during year !, column (1) shows that while MA-

to-TM switchers had average risk scores 0.01 points lower than MA stayers in the pre-

implementation period, the difference increased by 0.15 [=-0.01+(-0.14)] after the initial phase-

in, assuming the stayers spent full year in MA plans and the switchers spent full year in TM. After 

the full phase-in, as shown in column (2), the risk score difference slightly increased by 0.22 

[=-0.01+(-0.21)]. We also find robust results when the outliers were excluded or the equation was 

estimated via median quantile regression. Moreover, as shown in column (7)-(8), in the pre-

implementation period MA stayers had baseline expenditures $917.98 to $926.49 lower than MA-

to-TM switchers. However, the amount of selection increased during the initial phase-in period 

[by $1700.19 (=-$926.49+(-$773.70)) and even more after the full phase-in period [by $5573.89 

(=-$917.98+(-$4655.91))]. We also find robust results when we adjusted for self-reported health 

status and demographic variables (Appendix Table A1). Based on these results, it is estimated that 

such strategic behavior led MA plans to save costs of $5.9 billion (=$5573.89×3.7%×28.6 million) 

in 2007-2009. 
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2.5 SERVICE-LEVEL SELECTION 

The goal of this section is to examine the mechanism in which MA plans could effectuate strategic 

risk selection in response to the CMS-HCC model. We focus service-level selection and analyze 

in four steps. First, we theoretically examine whether MA plans have incentives to increase 

copayments disproportionately more for services needed unprofitable people. Then, we 

empirically test our theoretical prediction. Next, we examine whether MA enrollees used more 

services with a large increase in copayment were more likely disenroll from MA plans. Finally, 

we examine whether MA disenrollment was attributable to increased burdens on out-of-pocket 

costs. 

 

2.5.1 Conceptual Framework 

By law, MA plans are not allowed to limit enrollment based on beneficiaries’ health status. 

However, MA plans might practice risk selection in subtle ways so that unprofitable beneficiaries 

voluntarily disenroll from MA plans. To achieve such risk selection, MA plans could risk-select 

through collecting additional data or advertising. However, because such selection mechanisms 

would lead to substantial screening costs, MA plans are likely to seek screening approaches with 

lowest costs. One such approach that generates relatively low screening costs is service-level 

selection because MA plans do not need to predict each beneficiary’s expenditures but rather only 

need to predict services more likely used by beneficiaries who could be unprofitable under the 

CMS-HCC model.  

Service-level selection is one type of risk selection, which is based on the phenomenon that 

unprofitable individuals are more likely to use services that are expensive to health plans subject 
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to capitated payments and are thus more vulnerable to under-provision by MA plans. As with risk 

selection, service-level selection occurs due to asymmetric information between two parties, in 

which health plans do not know individuals’ private information about health status and 

preferences for health care.19 The health plan only knows the probability of using the service at the 

population level, while the individual knows her need, or probability of need, for each health care 

service and chooses the best health plan that can satisfy her need (Ellis and McGuire, 2007; Frank 

et al., 2000). Since rational individuals respond to health plan design when selecting plans, 

reducing coverage levels for services related to financial losses (i.e., services more likely used by 

unprofitable individuals) would induce unprofitable individuals to voluntarily disenroll from the 

plan. In this way, service-level selection would allow health plans to reduce the scope of enrolling 

those who could be costly to them. Although unprofitable individuals enroll in the plan, service-

level selection would also enable health plans to reduce their financial loss as they shift the costs 

to the individual. 

There is suggestive evidence showing that service-level selection occurs in the MA 

program. Newhouse et al. (2013) estimated margins (i.e., the ratio of average revenue to average 

cost) across 48 HCCs and unique combinations of HCCs from data on the cost of care from two 

MA-health maintenance organization (HMO) plans. Despite no evidence of selection across 

HCCs, they showed that margins in the two plans varied greatly across HCCs. Two additional 

studies examine switching behavior for those with need for costly services such as nursing home 

                                                
19 Even with symmetric information, health plans can have incentives for risk selection if they are not allowed to use the private 
information to set premiums or benefit features (Van de Ven and Ellis, 2000). In the MA program, for example, CMS reimburses 
MA plans based on the costs predicted by the CMS-HCC model that only partially accounts for clinically significant medical 
conditions with significant costs. Because the model does not incorporate all diagnoses, payments to MA plans are too low for 
sicker beneficiaries and too high for healthier beneficiaries. Consequently, the imperfect risk-adjustment model can create 
incentives for MA plans to engage in inefficient sorting of individuals across health plans and distortion of plan benefits through 
service-level selection.  
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and home health care.20 Rahman et al. (2015) found that a high proportion of MA enrollees with 

need for nursing home or home health care disenrolled from MA plans the next year. Similarly, 

Goldberg et al. (2016) showed that the switching rate for MA and TM beneficiaries without a 

nursing home stay was the same, but those who required nursing home services in the prior year 

were more likely to disenroll from MA plans. This phenomenon was more prominent for those 

with the most costly, longest nursing home stays.  

However, there are few studies of the mechanisms through which MA plans could engage 

in service-level selection against risk adjustment. This study focuses on cost-sharing as a way to 

effectuate service-level selection. While cost-sharing is designed to protect people against 

financial risk, it also affects incentives to use more or less health care services. In the presence of 

low cost-sharing, an individual may use health care services more because she pays less for care 

than it costs. Health plans may exploit this mechanism to engage in risk selection. Implementing 

service-level selection through cost-sharing would likely be effective, as quantitative studies found 

that cost was an important consideration most MA enrollees switching to TM.21 In this section, we 

first demonstrate that Medicare beneficiaries who are expected to incur higher expenditures than 

their risk-adjusted payments estimated by the CMS-HCC model are likely to use services that are 

expensive, which are more vulnerable to under-provision by MA plans. If this pattern is 

widespread across CMS-HCC-levels, then MA plans have strong incentives to engage in service-

level selection. To avoid those with significantly higher expenditures than their risk-adjusted 

payments, then MA plans are likely to increase enrollees’ cost-sharing more for services that 

                                                
20 Implications from Rahman et al. (2015) and Goldberg et al. (2016) may be limited due to different characteristics of the study 
population. Compared to Medicare beneficiaries who are eligible only for Medicare, those with need for nursing home can use 
Medicaid-covered services in addition to Medicare-covered services and can enroll in or exit MA plans at any time.  
21 The Government Accountability Office (2017) showed that cost-related concerns were a leading reason for disenrollment of 
those with poor health as well as those with better health. Moreover, McCormack et al. (2005) found that cost-related concerns 
were combined with other reasons, amplifying the likelihood of disenrollment from MA plans. 
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appeal to them than other services after the full phase-in of the CMS-HCC model. If such 

disproportionate increases in cost-sharing are large enough to affect individuals’ plan choice, it 

would induce those with significantly higher expenditures than their risk-adjusted payments to 

voluntarily disenroll from MA plans. Consequently, the variation of total health care expenditures 

for MA enrollees would decrease after the full phase-in period. This effect would be more 

pronounced for those with high-risk scores than those with low-risk scores.   

 

2.5.2 Theoretical Predictions on Service-level Selection 

We build upon the two prior theoretical models on service-level selection: Frank et al. (2000) and 

Ellis and McGuire (2007). A health plan’s profit is revenue less costs. Health plans’ revenues from 

individual %, +,Q- , typically comprise a risk-adjusted (capitated) payment. Following Ellis and 

McGuire (2007), we assume that a premium that the plan charges has been predetermined and thus 

does not influence plans’ strategies to effectuate risk selection. On the other hand, the plan incurs 

costs for providing services. Frank et al. (2000) characterized plans’ rationing as a shadow price 

on access to various types of care.22 From the perspective of an individual, this can be interpreted 

as a threshold of clinical need or benefit that the individual must exceed to receive services. As 

such, a higher shadow price means tighter rationing. For service &, the plan sets a shadow price to 

ration the service. Let R = {RT} be a vector of shadow prices determined by the plan to ration 

services and D-(R) = {D-T(RT)} be the vector of expenditure on service & that individual % spends 

as a function of the service-specific shadow price. The level of expenditure that individual % spends 

on service &, D-T(RT), is determined by the point at which the marginal benefit of expenditure for 

                                                
22 A shadow price is regarded as a device to capture various rationing strategies by a plan, which determines access to care. For 
example, the shadow price reflects plan decisions about capacity in various service areas as well as the makeup of networks or 
payment to providers. 
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that individual is equal to the shadow price RT. Therefore, the plan’s profit for individual % can be 

expressed as +,Q- − ∑ D-T(RT)T . 

 The plan’s total profit depends on who joins. Whether an individual joins the plan is 

determined by her expectation of what she would receive in the plan. Let DX-T(RT) be the services 

that individual % expects to receive in a plan that rations using service-specific shadow prices RT. 

From the perspective of the plan, individual % enrolls in the plan with a probability 8-(DX-T(RT)) as 

a function of shadow prices. Therefore, the plan’s total profit can be expressed as: 

Y(R) =Z8-[DX-T(RT)\
-

]+,Q- −ZD-T(RT)
T

^																																																																																				(3) 

 The plan chooses each RT to maximize expected profits in the equation (3). To find profit-

maximizing values of each RT, the equation (3) is differentiated with respect to RT.  

 By differentiating the equation (3) from Frank et al. (2000), Ellis and McGuire (2007) 

derived the service-level selection index, which measures the plans’ incentives to ration care 

tightly across services, T̀: 

T̀ = abcdT e
afXg
DhT

ifXg,b − jk																																																																																																																					(4) 

where Y is the plan’s net profits, ab  is the standard deviation of Y, c is a uniform enrollment 

function and is constant across service & , dT is the demand elasticity for service &  (a negative 

number), DXT is the individual’s expected expenditure on service &, afXg is the standard deviation 

of DXT, DhT is the mean level of expected spending on service &, ifXg,b is the correlation between 

DXT and Y, and j is a numeric constant to capture terms that do not depend on service &. 

 The service-level selection index, T̀ , measures the relative magnitude of selection 

incentives across services. It consists of three components: 1) the coefficient of variation of the 
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expected expenditure (DXT)  on service &  (predictability), 
mnog
fhg

, 2) the correlation between the 

expected expenditure on service & (DXT ) and net profits (Y) (predictiveness), ifXg,b , and 3) the 

demand elasticity for service &, dT. In this study, we focus on the first two components.23 

 First, predictability represents how well individuals can predict service-level use. If 

individuals cannot predict service-level use well, service-level selection would have little to no 

effect on enrollment or plan profits. If individuals cannot predict service-level use at all (i.e., 

everyone expects themselves to be average users), predictability is zero. Selective rationing of 

health plans would not affect individual’s plan choices, and no distortion occurs. When individuals 

can predict their service-level use, expected expenditures (DXT) would vary, and predictability 

increases. In this case, selective rationing would be effective in attracting or deterring certain types 

of individuals. In other words, the better the information that individuals have about their future 

health care use, the larger the distortion caused by the plan’s selective rationing to avoid 

unprofitable individuals. 

 Second, predictiveness represents how use of a service is correlated with net profit per 

individual. This indicates whether a service is more likely to be used by those with financial gains 

or losses for the plan. When use of a service is negatively correlated with profits (Y), the plan 

would want to ration the service to avoid those individuals associated with financial losses. When 

use of a service is positively correlated with profits, however, the plan would not want to ration 

the service to attract those with financial gains.  

                                                
23 Although the demand elasticity affects the magnitude of the index, it is unlikely to affect the order of the index. As shown in a 
literature review of Ringel et al. (2002), the price elasticity of demand for health care services is in general low. Almost services 
were estimated to be relatively less price-sensitive (in the range of -0.1 to -0.2 for inpatient, outpatient, and mental health services). 
Thus, we do not consider the demand elasticity in further analysis. 
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 To summarize, Ellis and McGuire (2007) presented that the plan’s incentives to ration at 

the service level are proportional to the product of predictability and predictiveness.24 For services 

that are either not predictable or does not correlate with net profit, a health plan has no incentive 

to ration. For services with a large positive value of T̀ (i.e., services that are highly predictable and 

negatively correlated with net profit), however, the plan has incentives to ration these services 

tightly. For services with a large negative value of T̀ (i.e., services that are highly predictable and 

positively correlated with net profit), the plan has incentives to not ration these services.  

Building upon Ellis and McGuire (2007), we extend the model to show that MA plans are likely 

to employ service-level selection as a strategic behavior in response to the CMS-HCC model.  

MA plans must accept all Medicare beneficiaries who wish to join and offer at least the 

same benefits as TM (i.e., services covered under Parts A and B).25 CMS pays MA plans a fixed 

capitated payment to cover the costs for services covered under TM. Using the CMS-HCC model, 

CMS calculates payments to MA plans separately for each enrollee in the plan, multiplying the 

plan’s payment rate by the enrollee’s risk score +. CMS uses the prior-year’s TM data to estimate 

risk scores for current MA enrollees.26 The capitation payment for an MA enrollee is based on the 

estimated Parts A and B payments had TM covered her directly. Following Ellis and McGuire 

(2007), let 9- denote total annual Medicare expenditure that individual % spends, and define 9- =

                                                
24 Using Medicare claims data for 1996-1997, Ellis and McGuire (2007) measured the relative magnitude of potential selection 
across various types of services. For instance, hospice, home health, durable medical equipment, provider specialties of pulmonary 
care, oncology ambulance, and psychiatry were shown to have potential for under-coverage by managed care plans. On the other 
hand, eye procedures, magnetic resonance imaging (MRI), and provider specialties such as chiropractic and gynecology were found 
to be candidates for over-coverage. Similar patterns of health plans incentives for service-level selection were found in other studies, 
for example, Cao and McGuire (2003) in Medicare, Eggleston and Bir (2009) in the state employee insurance program, and Ellis 
et al. (2013) in commercial health plans.  
25 Since risk-adjusted payments are based on services in Parts A and B, we focus on services covered by both TM and MA plans. 
26 The data includes TM beneficiaries entitled by age or disability with continuous 12-month enrollment in TM, and thus those 
entitled by end stage renal disease or those without 12 months base year Medicare enrollment are excluded. For each of them, a 
separate risk adjustment model is used to predict their next year expenditures. 
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∑ D-T(RT)T . Let j(+-) denote the risk-adjusted (capitated) payment that an MA plan receives from 

CMS for individual % with a risk score +.27 The MA plan’s profit for individual % is expressed as:  

Y- = j(+-) − 9-																																																																																																																																										(5)	 

 In an ideal risk-adjusted payment system, MA plans will have no incentive to select 

Medicare beneficiaries. Under an imperfect risk adjustment model, however, MA plans have 

incentives to discourage enrollment of those with predictably higher expenditures than their risk-

adjusted payments, Y- < 0. The incentives would be stronger for those with high-risk scores than 

low-risk scores, as the CMS-HCC model underpredicts expenditures for those with the most severe 

health status (Medicare Payment Advisory Commission, 2012). This can be expressed as: 

Q5+[Y-q\ > Q5+[Y-s\																																																																																																																																			(6) 

where Q5+(	) indicates the variance of a variable. %u and %v indicate those with high-risk scores and 

low-risk scores, respectively. 

Given varying selection incentives across services, as shown in Ellis and McGuire (2007), 

MA plans would be interested in figuring out the relationship between the magnitude of the 

incentive to ration services used by beneficiaries with a given risk score and the degree to how far 

their total expenditures are from the mean of their conditional expenditure distribution. If a service 

that is more likely to be used by those with substantially higher expenditures than their risk-

adjusted payment is the one that MA plans want to ration more tightly, then MA plans would ration 

care by the order of the service-level selection index estimated from Ellis and McGuire (2007). 

We assume that such rationing behaviors occur across MA plans competing for beneficiaries. This 

suggests that switching to another MA plan is unlikely, since in a competitive market MA plans 

behave similarly. 

                                                
27 Since 2006, CMS has implemented a competitive bidding system to determine payments to MA plans. However, as a rebate must 
be returned to enrollees as a reduction in premiums or additional benefits, the bidding system is unlikely to affect j(+-). 
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We demonstrate how the probability of using a service by beneficiaries with expenditures 

higher than their risk-adjusted payment is related to the Ellis and McGuire (2007)’s service-level 

selection index. Define C-T  as individual % ’s actual use of services & . C-T  takes the value 1 if 

individual %  used service &  and zero otherwise. Let wx(C-T) ∈ {0,1} denote the probability that 

individual % expects to use service &. To effectuate service-level selection, MA plans do not need 

to forecast service use at the individual level but rather focus on forecasting at the population level. 

Thus, define the population-level expected probabilities of using service & given that an individual 

%’s total actual expenditure is higher than her risk-adjusted payment as follows: 

∑ [wx(C-T, Y- < 0)\		-
∑ wx(Y- < 0)	-

	= 	Zzw
x(C-T)wx(Y- < 0|C-T)	

wx(Y- < 0) |
-

																																																																								(7) 

where the last equality of the equation (7) is drawn from Bayes’ theorem.  

Then, we re-express as follows: 

Zwx(C-T)
-

Zzw
x(Y- < 0|C-T)	
wx(Y- < 0) | −Z Z zw

x(C-T)wx(Y- < 0|C-T)	
wx(Y- < 0) |

~,~�---
																																												(8) 

The equation (6) can be written as: 

ÅÅ ]1ÅZwx(C-T)
-

^ ]1ÅZzw
x(Y- < 0|C-T)	
wx(Y- < 0) |

-
^ − 1

Å
1
ÅZ Z zw

x(C-T)wx(Y- < 0|C-T)	
wx(Y- < 0) |

~,~�--
													(9) 

 The equation (9) indicates that the probability of using a service by unprofitable individuals 

is directly proportional to the second component of the first term, É2Ñ ∑ ÖÜx(báà1|âág)	Üx(báà1)
ä- ã, which 

represents the average ratio of the probability that individual % is expected to incur a net loss given 

use of service & to the probability of a net loss for the individual %. This is another way to measure 

predictiveness of the service-level selection index, (ifXg,b), which measures the correlation of use 

of service with profitability to the plan. If É2Ñ ∑ ÖÜx(báà1|âág)	Üx(báà1)
ä- ã is high, it implies that service	& is 
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more likely to be used by those with financial losses. If É2Ñ ∑ ÖÜx(báà1|âág)	Üx(báà1)
ä- ã is low, on the other 

hand, it implies that service 	&  is more likely to be used by those with financial profits. 

Theoretically, predictiveness can have either negative or positive value. However, Ellis and 

McGuire (2007) showed that all services (except for chiropractic service) were estimated to have 

positive values.  

 To sum up, where Ellis and McGuire (2007) stopped at showing the incentives for health 

plans to ration care tightly across services, we go further and demonstrate the relationship between 

the plans’ incentive to ration a service tightly and the probability of using the service by 

unprofitable individuals across services.  

∑ Öwx(C-T, Y- < 0)ä		-

∑ wx(Y- < 0)-
	∝ 	 ifXg,b ∝ 	 T̀																																																																																																					(10) 

 The equation (10) presents that MA plans want to ration some services more tightly 

because they are more used by unprofitable beneficiaries under the CMS-HCC model. This 

suggests that MA plans have incentives to effectuate risk selection via service-level selection. This 

phenomenon is more pronounced for those with high-risk scores, as the CMS-HCC model 

systematically underpredicts expenditures for those with high-risk scores (Medicare Payment 

Advisory Commission, 2012), which indicates that net losses increase with an increase in risk 

score. Hence, as risk scores increase, É2Ñ ∑ ÖÜx(báà1|âág)	Üx(báà1)
ä- ã is likely to increase. 

 

2.5.3 Data and Study Population 

To examine service-level selection, we use two data sets: the 2001-2009 Plan Benefit Package 

(PBP) and the 2001-2009 MCBS.  
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 The PBP provides information on the set of benefits that an MA plan offers (e.g., 

premiums, cost-sharing, and additional benefits by service). The data are submitted to CMS for 

benefit analysis, marketing, and beneficiary communication purposes. Recently, CMS has used 

the data to review and approve all benefits yearly to ensure that MA plans do not discriminate 

against beneficiaries with poor health or those who incur financial losses.  

We identify MA plans with complete information on cost-sharing for all services covered 

under Parts A and B. We exclude private fee-for-service (PFFS) plans because their characteristics 

are similar to TM despite that PFFS plans are classified as and paid like an MA plan. We also 

exclude cost-based, demonstration, special needs, Medicare Savings Account, and employer-

sponsored plans because they are available only to small numbers of Medicare beneficiaries. Thus, 

we limit analysis to HMO and preferred provider organization (PPO) plans.  

 We use the same MCBS population identified in Section 4.  

 

2.5.4 Empirical Strategy 

To test whether MA plans employed service-level selection in response to the CMS-HCC model, 

we compare percent changes in weighted average service-specific copayments between the pre- 

and post-implementation periods. We calculate service-specific copayments of 33 services covered 

under Medicare Parts A and B (Table 3). Most MA plans use copayments, but others use 

coinsurance rates. Assuming that there are marginal variations in service prices between TM and 

MA plans28 and across MA plans, we convert coinsurance rates to copayments based on mean 

allowed charges or charges per TM beneficiaries for each service and year, which was estimated 

                                                
28 Trish et al. (2017) found that physician reimbursement in MA plans was similar to or slightly less than TM rates. For a standard 
mid-level office visit with an established patient, the mean MA price was 96.9 percent of TM. For physician services, mean MA 
reimbursement ranged from 91.3 percent of TM for cataract removal in an ambulatory surgery center to 100.2 percent of TM for 
the professional fee for interpretation of a computed tomographic scan in an emergency department. 
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from the MCBS. To map each claim or line item into the PBP services, we use the service 

categories used in the Medicare Options Compare Out-of-Pocket Cost (OOPC) Estimates 

Methodology (Centers for Medicare and Medicaid Services, 2008).29 For inpatient hospital, skilled 

nursing facility, mental health specialty service, psychiatric service, and outpatient substance 

abuse service, MA plans can set up varying cost-sharing by a length of stay or number of visit. For 

these services, we calculate a copayment based on a typical length of stay or number of visit 

(Government Accountability Office, 2010), and then calculate a copay per day. For other services, 

a copayment is calculated per visit. All service-specific copayments are adjusted to 2009 US 

dollars by the equivalent service-specific price index (Agency for Healthcare Research and 

Quality). To account for varying numbers of MA plans across years, we adjust by weighting the 

number of MA plans in each year. Then, we plot the percent changes with respect to the service-

level selection index estimated from Ellis and McGuire (2007),30 and compare the plotted relations 

between the pre-and post-implementation periods.  

To test whether service-level selection affected the individuals’ plan switching behavior 

after the full phase-in period of the CMS-HCC model, we compare service-specific use during 

year !  between switchers and stayers in the pre-implementation period with that in the post-

implementation period. We measure health care utilization by type of service. For those who 

enrolled in TM during year !, we use claims to create a total of 29 types of services categories 

(Table 4). Part A claims are classified into the following five types of service (hospital inpatient 

visit, hospital outpatient visit, home health care, hospice, and other facility services). Part B claims 

                                                
29 The mapping identification for each service is conducted based on the Berenson-Eggers Type of Services (BETOS) codes, 
physician specialty codes, service type, place of service, bill type code, and revenue center code. The service-specific mapping 
identification is described in Centers for Medicare and Medicaid Services (2008). We use the 2009 OOPC Methodology, which is 
the model close to the year in which the CMS-HCC model was fully phased-in. Although the way of identifying each PBP service 
differs across years, dramatic changes are unlikely. 
30 We assume that the magnitude of the incentives to ration care tightly at the service level is consistent across time. Thus, we use 
the service-level selection index estimated using the data prior to the implementation of the CMS-HCC model. 
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are classified into 24 categories by the Berenson-Eggers Type of Services (BETOS) code, which 

is used to create clinically meaningful groupings of procedures and services to analyze Medicare 

expenditures by type of service. For those who enrolled in MA plans during year !, we estimate 

service-level use through the survey. In the survey, participants reported their use of health care 

by the following 7 types of service: hospital inpatient visit, home health, hospice, medical provider 

visit, hospital outpatient visit, prescribed medicine, and facility service. Thus, we create a total of 

7 types of services categories (Table 4). To examine whether TM enrollees who used services with 

lower service-level selection index in year ! were more likely to switch to MA plans in year ! + 1 

than those who used services with higher service-level selection index in year ! after the full phase-

in (“intensive-margin selection”), we estimate the ratio of the proportion of TM-to-MA switchers 

with use of a particular type of service to TM stayers with use of the service in the pre- and post-

implementation periods, respectively. To examine whether TM enrollees who used more services  

with lower service-level selection index in year ! were more likely to switch to MA plans in year 

! + 1 than those who used more services with higher service-level selection index in year ! after 

the full phase-in (“extensive-margin selection”), we also estimate the ratio of average number of 

services per enrollee of TM-to-MA switchers to TM stayers in the pre- and post-implementation 

periods, respectively. Then, we plot the ratios with respect to the service-level selection index 

estimated from Ellis and McGuire (2007), and compare the plotted relations between the pre-and 

post-implementation periods. We perform the same analysis for those who enrolled in MA plans 

in year !. 

To test whether service-level selection allowed MA plans to reduce the scope of enrolling 

those with higher expenditures than their risk-adjusted payments, especially for those with high-

risk scores, we estimate the coefficients of variance of total Medicare expenditures for TM and 
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MA enrollees, respectively, over time by risk score. The coefficient of variance of total Medicare 

expenditures is estimated as the ratio of the standard deviation of total Medicare expenditures to 

its mean. We divide the study population into enrollees with high-risk scores and other risk scores. 

High-risk scores indicate above the 90th percentile of the risk score distribution in each year. 

To examine the reasons of disenrollment from MA plans, we examine whether 

disenrollment from MA plans was related to lower satisfaction on care costs, quality of care, or 

access to care in year !. Satisfaction is measured by four levels: very dissatisfied, dissatisfied, 

satisfied, and very satisfied. To test this hypothesis, we conduct the following difference-in-

difference analysis via OLS: 

35!%&65)!%*8-. = ç1 + ç23ℎ5+,	*6	7,5+	%8	9:-,.<2 + ç=3ℎ5+,	*6	7,5+	%8	9:-,.<2 ×

:6!,+	2005. + çA7,5+	BCDD%,& + çP$%&'	&)*+,-. + çéè,5ê!ℎ-. + çëB,D*í+5ℎ%)&-. +

E-.																																																																																																																																																																		(11)  

where 35!%&65)!%*8-. is beneficiary %’s reported satisfaction in year !. è,5ê!ℎ measures the five-

category self-reported health variable (one “poor” up to five “excellent”) and B,D*í+5Mℎ%)& 

includes age, race, and female. All other notations are the same as in the previous analysis. We 

perform the regression on those who enrolled in MA plans for at least six months of the baseline 

years 2001-2002 and 2006-2008. 

 

2.5.5 Empirical Results 

Table 5 shows summary statistics on MA plans by the three implementation periods of the CMS-

HCC model. The mean numbers of MA plans were 481 (SD = 72) and 2,843 (SD = 348) in the 

pre- and post-implementation periods, respectively. The shares of HMO plans were 98.75 percent 

and 71.26 percent in the pre- and post-implementation periods, respectively. 
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Fig. 1 presents evidence of service-level selection in the MA program after the CMS-HCC 

model was fully phased in. Both of the fitted lines for the pre- and post- implementation periods 

show an upward trend with respect to the service-level selection index, but the fitted line for the 

post-implementation period is tilted upward more than the pre-implementation period. This 

indicates that MA plans increased enrollees’ copayments disproportionately more for services with 

higher service-level selection index [e.g., durable medical equipment (the percent change of 

weighted average copayments between the post-implementation period and the pre-

implementation period: 88.47), home health (71.93), diabetes monitoring supply (42.78), inpatient 

hospital psychiatric service (39.47), and inpatient hospital acute service (38.44)] than services with 

lower service-level selection index [e.g., mental health specialty service—individual session 

(5.62), psychiatric service—individual session (1.63), and primary care physician service (0.83). 

Fig. 2 presents changes in service use of TM-to-MA switchers to TM stayers between the 

pre- and post-implementation periods. In both figures showing results for intensive and extensive 

margin selection, respectively, we observe that for most services, the ratios of service use of TM-

to-MA switchers to TM stayers are lower than one. Also, the fitted lines for the pre- and post-

implementation periods show a downward trend with respect to the service-level selection index, 

with an almost same slope and are below the ratio of one. However, the intercept of the post-

implementation period is higher than the intercept of the post-implementation period. We also find 

that after the full phase-in period, TM-to-MA switchers systematically used more services across 

all services compared to TM switchers (not shown). However, even after the full implementation 

period, TM enrollees who used services with higher service-level selection index in year ! were 

more likely to switch to MA plans in year ! + 1 than those who used services with lower service-

level selection index in year !. When the outlier service with the highest value of the service-level 
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selection index (hospice) was excluded, we find similar findings (Appendix Fig. 1). However, we 

observe that the fitted line for the post-implementation period is tilted upward more than the pre-

implementation period. This indicates that TM enrollees who used services with higher service-

level selection index in the full phase-in period were more likely to switch to MA plans than the 

equivalent population in the pre-implementation period. 

On the other hand, the below two figures show changes in service use of MA-to-TM 

switchers to MA stayers between the pre- and post-implementation periods. In the both figures 

showing results for intensive and extensive margin selection, respectively, the fitted line for the 

post-implementation period shows a steeper slope the fitted line for the pre-implementation period. 

This indicates that MA enrollees who used services with higher service-level selection index after 

the full implementation period were more likely to disenroll from MA plans than the equivalent 

population in the pre-implementation period.  

The left and right figures in Fig. 3 present the coefficients of variance of total Medicare 

expenditures for TM enrollees and MA enrollees by risk scores, respectively. For TM enrollees 

with both high-risk scores and other risk scores, the coefficients of variance of total Medicare 

expenditures decreased over time. However, we observe different patterns for MA enrollees by 

risk scores. The coefficients of variance of total Medicare expenditures for MA enrollees with 

high-risk scores show a downward trend over time, whereas those for MA enrollees with other risk 

scores show an upward trend over time. 

Table 6 shows the results from examining the relation of MA disenrollment and satisfaction 

of care after the fully phase-in period. Column (1) shows that after the full phase-in period, the 

relation of MA disenrollment and satisfaction on care costs was the most pronounced among 

satisfaction measures considered in this study. Specifically, it was shown that relative to MA-to-
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TM switchers, MA stayers were less satisfied with out-of-pocket costs by 0.018 points in the pre- 

implementation period, assuming the stayers spent full year in MA plans and the switchers spent 

full year in TM. However, MA stayers were more satisfied with out-of-pocket costs by 0.175 

(=-0.018+0.193) points than MA-to-TM switchers after the full implementation of the CMS-HCC 

model. As shown in columns (2)-(8), we observe that MA stayers were more satisfied with care 

quality and access to care than MA-to-TM switchers in the full phase-in period. However, the 

magnitude of the change was lower than that for satisfaction on care costs. 

 

2.6 DISCUSSION 

The goal of this paper is to shed light on the competing claims on the effectiveness of the CMS-

HCC model and to understand strategic risk selection behaviors of MA plans. We find that the 

CMS-HCC model achieved one goal of reducing the avoidance of high-risk score beneficiaries in 

MA plans.  However, the CMS-HCC model also led to increased disenrollment of high-cost 

beneficiaries, conditional on risk score, in MA plans. We explain this unintended consequence 

through service-level selection. Through theoretical and empirical analysis, we show that after the 

full phase-in period of the CMS-HCC model, MA plans have the incentive to and did increase 

copayments disproportionately more for services that appeal to beneficiaries who could be 

unprofitable under the CMS-HCC model than other services. The disproportionate changes in 

copayments led to voluntary disenrollment of beneficiaries with need for these services, who tend 

to incur higher expenditures than their risk-adjusted payments. We also find evidence supporting 

our hypothesis that those who were less satisfied with out-of-pocket costs were more likely to 

disenroll from MA plans. Such strategic behavior led to MA plans to save $5.9 billion in 2007-
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2009 by simply transferring the costs to the federal government, thereby placing significant 

financial burdens on the federal government. 

Our study shows evidence of the intended effect of the CMS-HCC model on reducing risk 

selection for TM beneficiaries with high-risk scores, consistent with findings from Newhouse et 

al. (2015). Specifically, the differences in risk scores between TM-to-MA switchers and TM 

stayers reduced by more than a factor of two. Also, the differences in total Medicare expenditures 

between them decreased after the full phase-in period to $1803.94. This shows the intended 

consequence of the implementation of the CMS-HCC model. As risk adjustment leads to neutral 

payments for those with conditions included in the risk adjustment formula, MA plans no longer 

have incentive to avoid them. These findings add to earlier studies that found that a more clinically 

detailed risk adjustment model strengthens the incentives for MA plans to retain sick enrollees. 

However, the risk selection did not disappear, but rather changed in form.  

The main contribution of this study is to show that MA plans magnified service-level 

selection in response to the CMS-HCC model to avoid beneficiaries who could be costly under the 

CMS-HCC model. Our theoretical analysis demonstrates that MA plans have incentives to 

effectuate risk selection via service-level selection, as unprofitable beneficiaries under the CMS-

HCC model are more likely to use services that are expensive and are thus more vulnerable to 

under-provision by MA plans. It informs why MA plans more engaged in service-level selection 

after adopting the CMS-HCC model. Then, our empirical analysis provides supporting evidence 

showing that MA plans increased copayments disproportionately more for services that are more 

likely to be used by them. This validates our theoretical analysis and contributes to providing 

evidence-based policy implications. With the theoretical foundation and empirical evidence based 

closely on the theoretical foundation, this study adds to the body of literature regarding MA plans’ 
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strategic response to the policy-induced change in financial incentives as an important contributor 

to service-level selection. 

It is worthwhile to note that relatively large increases in copayments were found in two 

types of services. First, increases in copayments for home health service, durable medical 

equipment, inpatient psychiatric hospital service were likely targeted for disenrollment of 

beneficiaries with multiple chronic conditions. This is because their expenditures were 

systematically underpredicted by the CMS-HCC model. For example, the model, on average, 

underestimated expenditures for those with more than six chronic conditions by $608 (Government 

Accountability Office, 2011). Also, an increase in copayment for acute inpatient hospital service 

was likely intended to encourage disenrollment of those with potentially high risks because of poor 

health behaviors. Consequently, such service-level selection would likely lead to voluntary 

disenrollment of those who currently need these services as well as those who potentially have the 

need for these services.  

Our study also shows the pronounced effect of service-level selection on MA enrollees 

after the full phase-in of the CMS-HCC model. Specifically, we find that MA enrollees who used 

services with high service-level selection index in the previous year were more likely to disenroll 

from MA plans in the following years than those who used services with low service-level 

selection index in the previous year. We also show that MA enrollees who were less satisfied with 

their out-of-pocket costs were more likely to disenroll from MA plans. These findings suggest that 

MA enrollees were more likely to disenroll from MA plans due to increased burdens on out-of-

pocket costs as a result of service-level selection. Service-level selection could result in poor health 

status, because it is likely to lead to delayed care during the MA enrollment period, and inefficient 

or uncoordinated cares following enrollment switching to TM. This is especially true for those 
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with multiple chronic conditions, which requires more integrated and coordinated care due to 

complex conditions and treatment.  

Although the size of MA-to-TM switchers was only about one percent of the entire 

Medicare population, risk selection in this population cannot be considered trivial with the 

following three reasons. First, the size of the population increases over time. From our data, 3.7 

percent of MA enrollees left their MA plans between 2007 and 2009. However, in 2014, nearly 12 

percent left their MA plans (Government Accountability Office, 2017). Also, the cost implications 

for this population would be significant given that the top five percent of the US population 

accounts for about 50 percent of total health care expenditures (Cohen, 2014). If MA-to-TM 

switchers keep experiencing delayed care or receiving fragmented care in non-managed care 

settings, this would incur even higher treatment costs. Moreover, as MA payments are partly 

determined by the average expenditures of TM beneficiaries at the county level, switching of high-

cost MA enrollees to TM could lead to MA payment increases, possibly placing significant 

financial burdens on the federal government. 

Our findings provide key implications for CMS in developing a better risk adjustment 

model. To ensure that MA plans’ benefit package designs do not discriminate against beneficiaries 

in poor health with high health care expenditures, since 2010, CMS has reviewed all benefit 

packages yearly (Government Accountability Office, 2010). In addition to the review process for 

MA plans’ benefit structures, developing a better risk adjustment model is inevitable as MA plans 

would continue to engage in risk selection if a risk adjustment model does not estimate capitation 

payments as sufficiently close to the actual expenditures. The new risk adjustment model needs to 

be designed to generate economic forces to prevent MA plans’ strategic behaviors in engaging in 

service-level selection. Specifically, developing a risk adjustment model that not only conditions 
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on each beneficiary’s risk scores but also reflect each beneficiary’s potential service-level use may 

contribute to reducing service-level selection. This approach enables to provide overpayments for 

services that are more likely used by unprofitable beneficiaries and underpayments for services 

that are more likely used by profitable beneficiaries, thereby equalizing incentives in rationing all 

services (Glazer and McGuire, 2000). By regarding risk adjustment as a tax/subsidy scheme, 

overpaying for services in high demand by unprofitable beneficiaries and underpaying for services 

in high demand by profitable beneficiaries would redistribute health care costs away from 

profitable beneficiaries and toward unprofitable beneficiaries. As the payment for profitable 

services is much smaller than the payment for unprofitable services, this would penalize MA plans 

for attracting only those in need of profitable services. Thus, the new risk adjustment model could 

reduce the potential for MA plans to use service-level selection. 

This study has several limitations. First, we assumed that the magnitude of the incentives 

to ration care tightly at the service level is consistent across time. However, it might not be true 

because reimbursement policies and rates change over time, possibly affecting the magnitude of 

the incentive across years. Following Ellis and McGuire (2007), we also assumed that all 

individuals share the same elasticity of demand for a certain service. However, the demand 

elasticity might differ across services (Manning et al., 1987) as well as individuals. Moreover, Ellis 

et al. (2017) further developed the service-level selection index by accounting for variation in cost-

sharing, risk-adjusted profits, and demand elasticities across services. However, estimates of the 

new service-level selection index were empirically calculated based on commercial claims data. 

Considered differences in demographic profiles and health care utilization patterns between the 

Medicare population and the commercial insured, the estimates are unlikely to be applicable to our 

study. Furthermore, we assumed small variations in service prices and service utilization between 
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TM and MA plans and across MA plans. Thus, we converted service-specific coinsurance rates to 

copayments using mean allowed charges per TM beneficiaries for each year and year. However, 

prices in MA plans are not equivalent to those in TM (Baker et al., 2016; Trish et al., 2017). Also, 

there is substantial heterogeneity in cost and market power across MA plans (Glazer and McGuire, 

2017). Moreover, we used self-reported data to estimate utilization and Medicare expenditures for 

MA enrollees, which is significantly underreported (Eppig and Chulis, 1997). However, it is 

unlikely that such reporting errors have systematically changed over the study period (McWilliams 

et al., 2012). Finally, individuals generally consider various aspects of plan benefits in changing a 

health plan (Government Accountability Office, 2017; McCormack et al., 2005). However, this 

study focuses only on cost-sharing structures. Therefore, there is the possibility that MA plans 

lessened other strategies of distorting service offerings such as access to specialist or provision of 

additional benefits in order to accept sicker TM beneficiaries who were no longer unprofitable 

under the CMS-HCC model, which is beyond the scope of this study. 

Findings from this study indicate that the CMS-HCC model reduced the MA plans’ risk 

selection of avoiding TM beneficiaries with high-risk scores, whereas it induced MA plans to 

strategically behave in response to the CMS-HCC model via service-level selection. MA plans 

have raised copayments disproportionately more for services needed by high-need beneficiaries 

than for other services, thereby inducing unprofitable beneficiaries to voluntarily disenroll from 

their MA plans, mainly due to increased out-of-pocket costs. This allows MA plans to avoid the 

risk of enrolling unprofitable beneficiaries. Our results provide key policy implications for CMS 

in moving towards a better risk adjustment model that accounts for the enrollees’ predicted risk 

scores while generating economic incentives for MA plans that discourage service-level selection. 
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Table 1. Baseline characteristics for the MCBS sample by the implementation periods of the CMS-HCC model  
 Implementation periods of the CMS-HCC model (baseline year ! equals) 
 Pre-implementation 

period 
(2001-2002) 

Implementation 
period 

(2003-2005) 

Post-implementation 
period  

(2006-2008) 
Transition frequencies, N (percent)    
TM (year !) → TM (year ! + 1) 13348 (87.59) 12533 (82.87) 10670 (74.03) 
TM (year !) → MA (year ! + 1) 40 (0.26) 259 (1.71) 388 (2.69) 
MA (year !) → TM (year ! + 1) 282 (1.85) 128 (0.85) 153 (1.06) 
MA (year !) → MA (year ! + 1) 1569 (10.3) 2203 (14.57) 3203 (22.22) 
Total 15239 (100) 15123 (100) 14414 (100) 
    
Total Medicare expenditures at year !, Mean (SD)    
TM (year !) → TM (year ! + 1) 7915 (20289) 9235 (26869) 9806 (27280) 
TM (year !) → MA (year ! + 1) 2429 (4192) 5483 (10430) 7537 (14471) 
MA (year !) → TM (year ! + 1) 4815 (10677) 5208 (9872) 8257 (17283) 
MA (year !) → MA (year ! + 1) 4118 (9285) 3603 (10131) 3549 (9823) 
Weighted average for all beneficiaries 7453 8316 8338 
    
Risk scores at year !, Mean (SD)    
TM (year !) → TM (year ! + 1) 1.00 (0.32) 1.00 (0.32) 1.00 (0.41) 
TM (year !) → MA (year ! + 1) 0.88 (0.35) 0.96 (0.31) 0.96 (0.36) 
MA (year !) → TM (year ! + 1) 1.04 (0.30) 1.19 (0.51) 1.23 (1.10) 
MA (year !) → MA (year ! + 1) 1.04 (0.33) 1.05 (0.34) 1.08 (0.75) 
Weighted average for all beneficiaries 1.00 1.01 1.02 

Notes: Medicare enrollees were classified as TM enrollees if enrolled in TM plans for all 12 months of the calendar year, and classified as MA enrollees if enrolled 
in an MA plan for at least six months of the year and enrolled in any Medicare plan in every month of the year. Total Medicare expenditures for TM enrollees were 
estimated by summing any Part A and Part B expenditures reported in claims data, and total Medicare expenditures for MA enrollees were estimated by summing 
any Part A and Part B expenditures reported in claims data (if enrolled in TM) and the self-reported MA expenditures from the survey. All expenditures were 
adjusted to 2009 dollars using the CPI-U. Risk scores for TM enrollees were estimated from Medicare claims and risk scores for MA enrollees were estimated by 
dividing the reported capitation payments by county-level benchmark rates. The way of estimating the risk scores for TM enrollees varied by the implementation 
periods, and thus risk scores cannot be directly comparable across the three periods. Sample weights provided by the MCBS were used. 
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Table 2. Changes in risk selection patterns after adopting the CMS-HCC model  
 Dependent variable: risk score at year t or total Medicare expenditure at year ! 
 
 

  (1) 
Risk score 

  (2) 
Risk score 

  (3) 
Risk score 

  (4) 
Risk score 

  (5) 
Risk score 

  (6) 
Risk score 

 (7) 
Expenditure 

 (8) 
Expenditure 

Panel A (Those enrolled in TM at year !)         
Share of year in MA -0.14* -0.20*** -0.20* -0.14* -0.20*** -0.20* -4210.92*** -4401.86*** 

(0.07) (0.04) (0.09) (0.07) (0.04) (0.09) (1086.78) (1029.22) 
Share of year in MA × after 2002 0.10 0.18*** 0.18    7.44  

(0.07) (0.04) (0.09)    (1428.38)  
Share of year in MA × after 2005    0.09 0.18*** 0.17  2597.92 

   (0.07) (0.04) (0.09)  (1339.25) 
Risk score       17221.18*** 15882.29*** 
       (1078.3) (759.56) 
         
Mean outcome variable 1.00 0.94 1.00 1.00 0.93 1.00 8537.66 8787.63 
Estimated method OLS OLS Median 

quantile 
OLS OLS Median 

quantile 
OLS OLS 

Evaluation period After 2003 After 2003 After 2003 After 2006 After 2006 After 2006 After 2003 After 2006 
Outliers trimmed No Yes No No Yes No No No 
Observations 26180 23973 26180 24446 22380 24446 26180 24446 
         
 
 

  (1) 
Risk score 

  (2) 
Risk score 

  (3) 
Risk score 

  (4) 
Risk score 

  (5) 
Risk score 

  (6) 
Risk score 

 (7) 
Expenditure 

 (8) 
Expenditure 

Panel B (Those enrolled in MA at year !)         
Share of year in MA -0.01 -0.01 -0.03 -0.01 -0.01 -0.03 -926.49 -917.98 

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (788.10) (787.54) 
Share of year in MA × after 2002 -0.14** -0.04 -0.08    -773.70  

(0.05) (0.04) (0.05)    (1282.58)  
Share of year in MA × after 2005    -0.21 0.01 -0.05  -4655.91** 

   (0.13) (0.06) (0.11)  (1733.50) 
Risk score       174.09 1554.85*** 
       (371.69) (368.12) 
         
Mean outcome variable 1.04 1.01 1.05 1.07 0.98 1.07 3917.72 3901.54 
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Estimated method OLS OLS Median 

quantile 
OLS OLS Median 

quantile 
OLS OLS 

Evaluation period After 2003 After 2003 After 2003 After 2006 After 2006 After 2006 After 2003 After 2006 
Outliers trimmed No Yes No No Yes No No No 
Observations 4181 3969 4181 5207 4945 5207 4178 5206 

Notes: Total Medicare expenditures for TM enrollees were estimated by summing any Part A and Part B expenditures reported in claims data, and total Medicare expenditures for MA enrollees 
were estimated by summing any Part A and Part B expenditures reported in claims data (if enrolled in TM) and and the self-reported MA expenditures from the survey. All expenditures were 
adjusted to 2009 dollars using the CPI-U. Risk scores for TM enrollees were estimated from Medicare claims and risk scores for MA enrollees were estimated by dividing the reported capitation 
payments by county-level benchmark rates. “Outliers trimmed” means exclusion of individuals with risk scores above the 95th percentile in each year. Year fixed effects were included in all 
regressions. Sample weights provided by the MCBS were used. Standard errors, in parentheses, were clustered by the individual. 
    * p < 0.05. 

** p < 0.01 
*** p < 0.001Error! Reference source not found. 
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Table 3. Type of services from the PBP data  
Type of service 
Inpatient hospital―acute 
Inpatient hospital―psychiatric 
Skilled nursing facility 
Comprehensive outpatient rehabilitation  
Emergency care 
Urgent care 
Partial hospitalization 
Home health service 
Primary care physician service 
Chiropractic service 
Occupational therapy service 
Physician specialist service 
Mental health specialty service―individual session 
Mental health specialty service―group session 
Podiatrist service 
Other health care professional service 
Psychiatric service―individual session 
Psychiatric service―group session 
Physical therapy and speech/language pathology service 
Diagnostic service 
Radiation therapy service 
Outpatient X-Ray 
Outpatient hospital service 
Ambulatory Surgical Center (ASC) service 
Outpatient substance abuse service―individual session 
Outpatient substance abuse service―group session 
Cardiac rehabilitation service 
Ambulance 
Durable medical equipment 
Medical supply 
Prosthetic 
Diabetes monitoring supply 
Drug prescription 

Notes: MA plans can set up varying copayments by a length of stay or number of visit, for example, inpatient hospital, 
skilled nursing facility, mental health specialty service, psychiatric service, and outpatient substance abuse service. 
For these services, a copayment was estimated on a basis of a typical length of stay or number of visit, according to 
Government Accountability Office (2010). Then, we calculated a copayment per day.  
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Table 4. Type of services used to examine service-level selection in the MCBS sample 
Type of service Service-level selection 

index 
TM 

enrollees 
MA enrollees 

Hospice 2.578 Yes Yes 
Home health 0.875 Yes Yes 
Durable medical equipment 0.703 Yes No 
Hospital inpatient visit 0.592 Yes Yes 
Other 0.495 Yes Yes 
Hospital visit 0.356 Yes No 
Home visit 0.348 Yes No 
ER visit 0.265 Yes No 
Consultation 0.219 Yes No 
Other facility services 0.172 Yes Yes 
Hospital outpatient visit 0.170 Yes Yes 
Advanced imaging―CAT 0.169 Yes No 
Oncology 0.159 Yes No 
Lab test 0.144 Yes No 
Other tests 0.134 Yes No 
Standard imaging 0.119 Yes No 
Specialist 0.114 Yes Yes 
Echography 0.113 Yes No 
Ambulatory procedure 0.105 Yes No 
Imaging procedure 0.102 Yes No 
Office visit 0.096 Yes No 
Major procedure―cardiovascular 0.096 Yes No 
Minor procedure 0.095 Yes No 
Anesthesia 0.092 Yes No 
Endoscopy 0.087 Yes No 
Major procedure 0.087 Yes No 
Major procedure―orthopedic 0.083 Yes No 
Advanced imaging―MRI 0.083 Yes No 
Eye procedure 0.045 Yes No 

Notes: Services covered under Medicare Parts A and B were classified into 29 services. Specifically, Part A claims 
were classified into the following five types of service (hospital inpatient visit, hospital outpatient visit, home health, 
hospice, and other facility services). Part B claims were classified into 24 categories by the Berenson-Eggers Type of 
Services (BETOS) codes. Service-level selection index estimated from Ellis and McGuire (2007) was used and type 
of service was presented by the order of the service-level selection index. Service-level use for TM beneficiaries was 
estimated from MCBS claims data. Service-level use for MA enrollees was estimated from self-reported data. 
Prescribed medicine was categorized as “Other” and medical provider was categorized as “Specialist”. 
 
  



 

 

57 

Table 5. Summary statistics on MA plans by the implementation periods of the CMS-HCC model 
 Implementation periods of the CMS-HCC model 
 
Types of MA plans, 
Weighted Mean (SD) 

Pre-implementation 
period 

(2001-2003) 

Implementation 
period 

(2004-2006) 

Post-implementation 
period 

(2007-2009) 
Health Maintenance 
Organization (HMO) 475 (73) 1,136 (502) 2,026 (175) 
Preferred Provider 
Organization (PPO) 6 (5) 344 (311) 817 (178) 
Total 481 (72) 1,480 (813) 2,843 (348) 

Notes: Plans with complete information on cost-sharing for all services covered under Medicare Parts A and B were 
included. Other types of MA plans such as Medicare Savings Account, and Private Fee-For-Service plans were 
excluded from our analysis. To account for varying numbers of MA plans across years, we adjust by weighting the 
number of MA plans in each year. 
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Table 6. Relation of MA disenrollment and satisfaction after adopting the CMS-HCC model  
 Dependent variable: satisfaction rating at year ! 
 
 
 

(1) 
Out-of-pocket 

costs 

(2) 
Quality of care 

(3) 
Access to 
specialist 

(4) 
Ease of access to 

care from residence  

(5) 
Care provided in the 

same location 
Panel B (Those enrolled in MA at year !)      
Share of year in MA -0.018 0.019 0.015 0.005 -0.018 

(0.046) (0.039) (0.038) (0.053) (0.038) 
Share of year in MA  
× after 2005 

0.193* 0.084 0.017 0.035 0.088 
(0.087) (0.067) (0.065) (0.092) (0.078) 

Risk score -0.032* -0.035** -0.011 -0.018 -0.026* 
 (0.015) (0.012) (0.012) (0.016) (0.011) 
      
Mean outcome variable 2.99 3.29 3.17 3.11 3.12 
Observations 4928 4746 4522 2445 4373 
      
 
 
 
 

(6) 
Availability of 
care nights and 

weekends 

(7) 
Follow-up care 

(8) 
Questions 

answered over 
phone 

(9) 
Doctor’s concern 
for your health 

(10) 
Information about 

your medical 
condition 

Panel B (Those enrolled in MA at year !)      
Share of year in MA 0.042 -0.031 0.034 0.000 0.065 

(0.036) (0.038) (0.049) (0.039) (0.035) 
Share of year in MA  
× after 2005 

0.044 0.055 0.011 -0.017 -0.023 
(0.063) (0.065) (0.097) (0.062) (0.071) 

Risk score -0.040*** -0.009 -0.012 -0.022* -0.02 
 (0.012) (0.011) (0.017) (0.011) (0.011) 
      
Mean outcome variable 3.19 3.18 3.04 3.16 3.13 
Observations 4973 4326 3587 4837 4896 

Notes: Each satisfaction measure took values from one to four (“very dissatisfied”, “dissatisfied”, “satisfied”, “very satisfied”). Self-reported health, age, race, and female were 
adjusted. Risk scores for MA enrollees were estimated by dividing the reported capitation payments by county-level benchmark rates. Year fixed effects were included in all 
regressions. Sample weights provided by the MCBS were used. Standard errors, in parentheses, were clustered by the individual. 
    * p < 0.05. 
  ** p < 0.01 
*** p < 0.00
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Figure 1. Disproportionate percent changes in service-specific copayments between the pre-and 
post-implementation periods of the CMS-HCC model  

 
Notes: Service-level selection index estimated from Ellis and McGuire (2007) was used. 
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Figure 2. Changes in service-specific use of switchers to stayers between the pre- and post-implementation periods of the CMS-HCC 
model 

 
Notes: Service-level selection index estimated from Ellis and McGuire (2007) was used. The left side figures estimate the ratio of the proportion of switchers with 
use of a particular type of service to stayers with use of the service in the pre- and post-implementation periods, respectively (“intensive-margin selection”). The 
left side figures estimate the ratio of average number of services per enrollee of switchers to stayers in the pre- and post-implementation periods, respectively 
(“extensive-margin selection”). 
 
 



Figure 3. Coefficient of variance of total Medicare Expenditures for TM enrollees and MA 
enrollees by risk scores  

 
Notes: The coefficient of variance was estimated as the ratio of the standard deviation to the mean. High-risk scores 
indicate above the 90th percentile of the risk score distribution. 
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Appendix Figure A1. Changes in service-specific use of switchers to stayers between the pre- and 
post-implementation periods of the CMS-HCC model (without hospice with the highest service-
level selection index) 

 
Notes: Service-level selection index estimated from Ellis and McGuire (2007) was used.  
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Appendix Table A1.  Changes in risk selection patterns in the post-implementation periods of the 
CMS-HCC model after adjusting for demographic variables and self-reported health status 
 Dependent variable: total Medicare 

expenditure at year ! 
  (1)  (2) 
Panel B (Those enrolled in MA at year !)   
Share of year in MA -600.19 -700.2 

(778.57) (775.97) 
Share of year in MA × after 2002 -730.72  

(1306.36)  
Share of year in MA × after 2005  -4685.38** 

 (1774.63) 
Risk score 622.29 1477.42*** 
 (608.73) (410.86) 
Female -297.98 196.81 
 (348.26) (294.06) 
Hispanic -386.02 -139.86 
 (888.28) (838.51) 
Asian -102.97 -38.59 
 (1201.58) (1879.87) 
Black 220.15 53.83 
 (513.04) (542.55) 
Others -1850.32** -1135.86 
 (622.5) (1067.64) 
Health status at year ! (reference: excellent)   
   Very good -5881.94** -2420.36 
 (2073.82) (1819.89) 
   Good -8116.23*** -5971.95*** 
 (2046.56) (1760.42) 
   Fair -5249.31* -3911.26* 
 (2242.56) (1804.43) 
   Poor -5713.38* -1820.31 
 (2462.32) (2384.69) 
   
Mean outcome variable 3901.34 3900.29 
Estimated method OLS OLS 
Evaluation period After 2003 After 2006 
Observations 4071 5083 
Notes: Total Medicare expenditures for MA enrollees were estimated by summing any Part A and Part B expenditures 
reported in claims data (if enrolled in TM) and the self-reported MA expenditures from the survey. All expenditures 
were adjusted to 2009 dollars using the CPI-U. Risk scores for MA enrollees were estimated by dividing the reported 
capitation payments by county-level benchmark rates. Year fixed effects were included in all regressions. Sample 
weights provided by the MCBS were used. Standard errors, in parentheses, were clustered by the individual. 
    * p < 0.05. 

** p < 0.01 
*** p < 0.001 
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Chapter 3.  

ALTERNATIVE EVALUATION METRICS FOR RISK 

ADJUSTMENT 

Abstract  

Risk adjustment is instituted to counter risk selection by accurately equating payments with 

expected expenditures. Traditional risk-adjustment methods are designed to estimate accurate 

payments at the group level. However, this generates residual risks at the individual level, 

especially for high-expenditure individuals, thereby inducing health plans to avoid those with high 

residual risks. To identify an optimal risk-adjustment method, we perform a comprehensive 

comparison of prediction accuracies at the group level, at the tail distributions, and at the individual 

level across 19 estimators: nine parametric regression, seven machine learning, and three 

distributional estimators. Using the 2013-2014 MarketScan database, we find that no one estimator 

performs best in all prediction accuracies. Generally, machine learning and distribution-based 

estimators achieve higher group-level prediction accuracy than parametric regression estimators. 

However, parametric regression estimators show higher tail distribution prediction accuracy and 

individual-level prediction accuracy, especially at the tails of the distribution. This suggests that 

there is a trade-off in selecting an appropriate risk-adjustment method between estimating accurate 

payments at the group level and lower residual risks at the individual level. Our results indicate 

that an optimal method cannot be determined solely based on statistical metrics but rather needs 

to account for simulating plans’ risk selective behaviors. 
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3.1 INTRODUCTION 

Risk selection is a common phenomenon in the health insurance markets, where a health plan has 

a financial interest in encouraging low-risk individuals to enroll in the plan and discouraging high-

risk individuals from enrolling (Van de Ven and Ellis, 2000). From the plan’s perspective, the 

rationale for risk selection is based on the asymmetry of information between two parties, in which 

health plans do not know individuals’ private information about health status and preferences for 

health care, and thus they cannot price their risks appropriately. Even with symmetric information, 

health plans can have incentives for risk selection if they are not allowed to use the private 

information to set premiums or benefit features.  

 Risk selection has been consistently observed in major public health insurance programs 

in the United States (US) (Riley et al., 2009; McWilliams et al., 2012; Newhouse et al., 2012; 

Morrisey et al., 2013; Newhouse et al., 2013; Brown et al., 2014; Newhouse et al., 2015). For 

example, the Centers for Medicare and Medicaid Services (CMS) contract with private health 

plans, known as Medicare Advantage (MA) plans, to provide Medicare Parts A and B benefits to 

the elderly. CMS pay MA plans a capitated (per enrollee) amount to offer all Parts A and B 

benefits. Due to the rate restrictions imposed by CMS, however, this capitated payment structure 

creates incentives for MA plans to selectively disenroll the high-cost enrollees in order to receive 

overpayments from CMS. Brown et al. (2014) estimated that overpayments to MA plans were $30 

billion in 2006, which is equivalent to eight percent of total Medicare expenditures that year. 

Strong incentives to select are likely to persist in state-specific Health Insurance Exchanges under 

the Affordable Care Act (ACA) (Weiner et al., 2012; McGuire et al., 2014; Montz et al., 2016). 

Under the ACA, health plans can no longer deny coverage based on pre-existing health status. 

Also, they cannot differentiate premiums across individuals by any factor other than age, tobacco 
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use, family size, and geography. These restrictions can induce incentives for the plans to engage 

in risk selection through second-degree price discrimination. For example, to avoid people with 

multiple chronic conditions, health plans may make their benefit designs unattractive to them.  

 Risk adjustment plays a critical role in countering risk selection (Van de Ven and Ellis, 

2000). The goal of risk adjustment is to adjust payments to health plans to accurately reflect the 

health status of enrollees. Due to differences in health status and health care needs, health care 

expenditures can vary across individuals. Risk adjustment is used to predict health care 

expenditures to correctly align plan payments with an individual’s expected health care 

expenditure. With risk adjustment, health plans receive higher payments for sicker people and 

receive lower payments for healthier people. However, its ultimate goal is not accuracy per se, but 

rather improved incentives (Glazer and McGuire, 2000; Van de Ven and Ellis, 2000; Einav et al., 

2016). In other words, risk adjustment is implemented to disincentivize health plans from 

selectively enrolling and caring for healthy people, and furthermore incentivize the plans to 

compete based on providing high-value care. The extent to which risk selection can be reduced, 

therefore, depends on how well risk adjustment estimates the risk-adjusted predictions as close to 

the actual expenditures.  

 In this study, we focus on a traditional risk-adjustment methodology used in Medicare and 

the Exchanges. Since 2004, CMS have used the CMS-Hierarchical Condition Categories (HCC) 

model to adjust payments for each MA enrollee’s expected expenditure (Pope et al., 2004). 

Following the CMS-HCC model, the Department of Health and Human Services (HHS) developed 

a federally-certified risk-adjustment methodology to be used by states or by HHS on behalf of 

states, known as the HHS-HCC model. Because eligible populations for the Exchanges are 

fundamentally different from the Medicare population, the CMS-HCC model had to be adapted 
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into the HHS-HCC model.31 The process of risk-adjusting payments based on demographics and 

diagnoses is as follows. First, the HCC model is used to generate each enrollee’s risk score based 

on demographic and diagnostic information. Using the risk score, linear regression (i.e., weighted 

least squares) is performed to estimate the conditional mean of expenditures, "($%|'%), where $% 

indicates an individual )’s actual expenditure and '  indicates her risk score. As the model is 

designed to be accurate at the group level, its prediction accuracy is evaluated based on group-

level performance metrics. Health plans are reimbursed based on the estimated "($%|'%). 

While these traditional risk-adjustment models have considerably reduced risk selection, 

especially in the MA program (McWilliams et al., 2012; Newhouse et al., 2012; Morrisey et al., 

2013; Newhouse et al., 2015), they cannot fully eliminate the incentives for health plans to engage 

in risk selection. Because there is considerable variability in actual expenditures of enrollees 

around their risk-adjusted mean predictions (Brown et al., 2014), health plans would receive lower 

payments for those with higher expenditures than their risk-adjusted payments (i.e., residual risks). 

As the variability of the within-risk-score expenditures is larger for those with higher expenditures, 

this effect would be more pronounced for those with higher expenditures. These would incentivize 

health plans to avoid those with residual risks, especially those with high expenditures. There is 

empirical evidence showing that health plans strategically behave in response to such nature of the 

HCC model. For instance, Morrisey et al. (2013) showed that MA enrollees in the highest 

expenditure group were more likely to leave MA plans than those in other expenditure groups. 

Park et al. (2017) explain this phenomenon in relation to service-level selection, in which health 

                                                
31 There are several differences between the CMS-HCC and HHS-HCC models. First, the CMS-HCC model uses prior 
year’s demographic and diagnostic information to predict next year’s health care expenditures (i.e. prospective model), 
whereas the HHS-HCC model uses current year’s information to predict the same year’s health care expenditures (i.e., 
concurrent model). Second, separate CMS-HCC models are designed for the aged (those aged 65 years old and over) 
and the disabled (those aged 18 to 64 years), whereas the HHS-HCC model is only designed for those aged 0 to 64 
years in the individual and small group markets. Finally, the CMS-HCC model is designed to predict non-drug medical 
expenditures, whereas the HHS-HCC model is designed for the sum of medical and drug expenditures. 
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plans selectively design their mix of health care services, as those who incur higher expenditures 

than their risk-adjusted payments use a different mix of health care services compared to those 

who incur expenditures just as much their risk-adjusted payments. They found that MA plans 

increased copays disproportionately more for services that appeal to them than other services, 

thereby inducing some of them to voluntarily disenroll from MA plans. Similarly, Rahman et al. 

(2015) found that those who used high-cost services (i.e., nursing home care and home health care) 

were more likely to disenroll from MA plans than those who did not use. 

 This suggests that solely relying on group-level performance metrics be deficient in 

reducing the plan’s incentives for risk selection. Traditional risk-adjustment models are typically 

evaluated based on group-level prediction metrics such as predictive ratio, which measures the 

accuracy of these models in predicting the average expenditure of a population, and *+, which 

measures the extent to which the models can explain individual variations in expenditures (Pope 

et al., 2011; Kautter et al., 2014). In addition, other metrics such as mean prediction error (MPE), 

mean absolute prediction error (MAPE), and root mean square error (RMSE) have been used to 

evaluate group-level prediction accuracy. Because these metrics measure prediction accuracy at 

the aggregate level, they cannot capture true individual-level prediction inaccuracy, thereby 

generating the plans’ incentives to avoid those with residual risks. However, this does not 

necessarily suggest that group-level performance accuracy should not be considered in evaluating 

performance of a risk-adjustment model. As health insurance is designed to pool the financial risk 

of a high-cost medical event across a large group of people, the traditional risk-adjustment models 

are intentionally designed to be accurate at the group level (Centers for Medicaid and Medicare 

Services, 2016). 
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To assess prediction accuracy across the full distribution of health care expenditures 

beyond evaluating prediction accuracy at the group level, Jones et al. (2015) adopted performance 

based on predicting tail probabilities, ,(-.% > 0), where -.% indicates a forecast of an individual )’s 

expenditure32 and 0  indicates an expenditure threshold. This is motivated by the fact that the 

traditional risk-adjustment models systematically underpredict expenditures for those with the 

most severe health status (Pope et al., 2004; Medicare Payment Advisory Commission, 2012; 

Kautter et al., 2014; Medicare Payment Advisory Commission, 2014) because the actual 

distribution of health care expenditures is heavily right skewed and long tailed. This indicates that 

risk selection occurs most prevalently at the tail distributions. Thus, predicting the tail probabilities 

accurately might reduce the incentives for health plans to avoid those with residual risks, at least 

to some extent. However, it might not fully eliminate the incentives, because the extent to which 

risk selection can be reduced is inherently not tied to how close the risk-adjusted predictions align 

with the actual expenditures at the tail distributions. Rather it relies on how close the risk-adjusted 

predictions align with the actual expenditures across all individuals.  

These indicate that it is necessary to develop a complementary performance metric to the 

existing performance metrics, which could generate economic incentives for health plans not to 

avoid those with residual risks. In Figure 1 we provide a hypothetical example for illustrating how 

a new metric could complement the group-level performance metrics. Each dot indicates risk-

adjusted mean expenditures for each risk score group. Each bar indicates the range of actual 

expenditures of those in each risk score group. Suppose that Estimators 1 and 2 generate the same 

level of MPE. However, compared to Estimator 2, Estimator 1 generates lower residual risks for 

intermediate risk score groups (i.e., those with risk scores of 1 and 2), but generates higher residual 

                                                
32 -.% is distinct from the conditional mean of expenditure. It is estimated from the conditional probability density 
function as a stochastic quantity. A more detailed explanation is given in the Methodology and Data section. 
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risks for high-risk score groups (i.e., those with risk scores of 3 and 4). This means that Estimator 

2 might be better suited for risk adjustment purposes of plan payment, because while achieving a 

similar level of group-level prediction accuracy, the estimator also produces the risk-adjusted 

predictions as close to the actual expenditures at the individual level, thereby reducing the scope 

of generating those with high residual risks. As the impact is likely to be more pronounced for 

those with high expenditures, assessing prediction accuracy at the tails of the expenditure 

distribution is also needed in selecting an appropriate and accurate risk-adjustment method. This 

suggests that an optimal risk-adjustment method should achieve high prediction accuracies at the 

group level, at the tail distributions, and at the individual level. To identify an optimal risk-

adjustment method, we perform a comprehensive comparison of prediction accuracies across 19 

estimators: nine parametric regression estimators, seven machine learning estimators, and three 

distribution-based estimators (Table 1). We compare these estimators using the existing metrics 

for measuring prediction accuracies at the group level and at the tail distributions. To measure 

prediction performance not captured by those metrics, we develop a new performance metric for 

measuring individual-level prediction accuracy and compare individual-level prediction accuracy 

of the 19 estimators.  

Using the 2013-2014 MarketScan database (N=12,882,983), we find that no one estimator 

perform best in all prediction metrics. In other words, estimators with higher prediction accuracy 

at the group level do not necessarily achieve higher prediction accuracy at the individual level and 

vice versa. Specifically, machine learning and distribution-based estimators achieve higher group-

level prediction accuracy than parametric regression estimators. Compared to machine learning 

and distribution-based estimators, however, parametric regression estimators show higher tail 
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distribution prediction accuracy and individual-level prediction accuracy, especially at the tail 

distributions. 

 We begin with describing our proposed performance metric for measuring individual-level 

prediction accuracy. We then describe the data, the study design, the estimators compared, and the 

methods of computing the performance metrics. Next, we discuss our results and conclude with a 

discussion.   

 

3.2 METHODOLOGY AND DATA 

3.2.1 Primary Evaluation Metrics 

We propose two individual-level prediction performance metrics for measuring 1) overall 

individual-level prediction accuracy and 2) tail-specific individual-level prediction accuracy, 

respectively. First, the overall individual-level prediction performance metric measures what 

fraction of a population has underpredicted or overpredicted expenditures by greater than 1 percent 

of their actual expenditures:  

, 2
3$% − -.%3
$%

× 100 > 18																																																											(1) 

where $%  indicates an individual ) ’s actual expenditure and -.%  indicates a forecast of her 

expenditure [not her predicted conditional mean ("($%|:%) = $<=)], which is estimated from the 

conditional probability density function as a stochastic quantity.33  Note that plan payment is 

estimated based on $<= , not -.% . To distinguish -.%  from $<= , we refer to -.%  as a “forecast” of her 

expenditure, and $<=  as a “prediction” of her expenditure. When we refer to evaluating their 

                                                
33 Note that these quantities were also used in Jones et al. (2015) to estimate tail probabilities ,(-.% > 0)/,($% > 0). 
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performance, however, we use the terminology “prediction”, for example, prediction accuracy or 

prediction performance. 

 The proposed metric reflects a different aspect of prediction performance, which is not 

captured in the existing prediction performance metrics. This metric quantifies the degree of 

misprediction to which a deviation of an individual’s forecasted expenditure from her actual 

expenditure (i.e., forecast error) is greater than a threshold that is proportionally set as a certain 

percent of her actual expenditure. However, it does not measure how likely each individual is to 

have such forecast error. It measures what proportion of the population has the forecast error larger 

than the allowed threshold. For example, suppose , ?|@ABC
.A|

@A
× 100 > 50E = 0.25. This means that 

25 percent of the population has forecast error greater than 50 percent of their actual expenditures. 

Thus, the metric measures how well a risk-adjustment model estimates the risk-adjusted 

(forecasted) expenditures as close the actual expenditures.  

Equation (1) can be expressed in terms on the conditional cumulative distribution functions 

of -.%	as: 

= ,HI$% − -.%J ≥
1$%
100

L	× 	, ?I$% − -.%J ≥ 0E + 	, HI$% − -.%J < −
1$%
100

L	× 	, ?I$% − -.%J < 0E		(2) 

= , O-.% ≤ $% −
1$%
100

Q	× 	,I$% ≥ -.%J + 	, O-.% > $% +
1$%
100

Q	× 	,I-.% > $%J																																												(3) 

= SC.A O$% −
1$%
100

Q	× 	SC.A($%) +	H1 − SC.A O$% +
1$%
100

QL	×	?1 − SC.A($%)E																																										(4) 

 As traditional risk-adjustment models systematically underpredict expenditures for those 

with very high expenditures (Pope et al., 2004; Medicare Payment Advisory Commission, 2012; 

Kautter et al., 2014; Medicare Payment Advisory Commission, 2014), we also assess the tail-

specific individual-level prediction accuracy:  
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, 2
3$% − -.%3
$%

× 100 > 1|$% > 08																																																				(5) 

where $% > 0 indicates a population in a tail distribution, whose actual expenditures exceed an 

expenditure threshold 0. 

These metrics are compared with the existing prediction performance metrics. To assess 

group-level prediction accuracy, we use MPE, MAPE, RMSE, *+ , and predictive ratio. To 

evaluate prediction accuracy at the tail distributions, we estimate a ratio of the estimated ,(-. >

0) to the actual proportion of expenditures in a sample observed to exceed a certain expenditure 

threshold 0, developed by Jones et al. (2015). If there is a single estimator that dominates the 

others for all metrics, then the estimator would be an optimal risk-adjustment method. This is not 

only because it enables to estimate accurate plan payments at the group level but also because it 

diminishes the likelihood of having the individual-level residual risk, thereby reducing the 

incentives for health plans to avoid those with high residuals risk.  

 

3.2.2 Data 

We use the Truven MarketScan Commercial Claims and Encounter database between 2013-2014. 

We use this database because it was used to develop and validate the HCC model for the individual 

and small group markets under the ACA (Kautter et al., 2014). The database contains inpatient, 

outpatient, and prescription drug claims for employees, retirees, and their dependents of over 250 

medium and large employers and health plans. As enrollment and claims data are linked to detailed 

information on diagnosis and procedure codes across sites and over time, it allows us to identify 

all medical conditions diagnosed during a year. Using the database, we identify working-age adults 

(aged 21 to 64) who were continuously enrolled in the same type of plan [Comprehensive, Health 
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Maintenance Organization (HMO), Preferred Provider Organization (PPO), Point of Service 

(POS), or POS with capitation34] during 2013-2014.35 

The outcome variable is total annual health care expenditures in 2014, including 

expenditures for inpatient, outpatient, and prescriptions drug services. Expenditures represent the 

actual paid amounts, and thus include patient payments (deductible, coinsurance, and copay), 

payments made by the patient’s insurance plan, and any payments by other insurance providers. 

To predict the second year total health care expenditures, we use the risk-adjusters of the 

HHS-HCC model developed for the adult population of the 2014 benefit year (Centers for 

Medicaid and Medicare Services, 2014). Although we use the HHS-HCC model, our goal is not 

to evaluate the prediction performance of the HHS-HCC model. The goal of this paper is to assess 

prediction performance of the 19 estimators to identify the best predictive estimator for health care 

expenditures when only accounted for the prior year’s health status while adjusting for other 

factors. Thus, there are two differences between the original HHS-HCC model and the HCC model 

used in this study. First, the HHS-HCC model uses current year information to predict current year 

expenditures,36 whereas we treat the HHS-HCC model as a prospective model, which means we 

use each enrollee’s prior year health status to predict next year expenditures. However, most risk-

adjustment models used for payment purposes are prospective, for example, MA, Medicare Part 

D, and the Netherlands’ risk-adjustment models. Thus, evaluating prediction performance in the 

                                                
34 Because the MarketScan database does not distinguish between partially and fully capitated POS plans, individuals 
in capitated POS plans are traditionally excluded from analysis. Thus, we performed a sensitivity analysis after 
excluding those in capitated POS plans (N=80,825). However, we found consistent results with our original findings.   
35 We limited the study population to individuals who were enrolled for the two consecutive years. Since each 
individual’s actual expenditure is used to set a relative range of allowable deviation, knowing her actual expenditure 
exactly is critical to accurately assess prediction performance. However, it is worthwhile noting that the HCC models 
account for partial year enrollees. Thus, practical implications from our study might be limited. 
36 The HHS-HCC model adopts a concurrent approach, as no previous year information on health status existed for 
the first year in which the model was phased-in and eligible enrollees can move in and out of enrollment between 
markets and move across insurers 
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prospective way would provide more general implications for risk adjustment of plan payment. 

Thus, we include 18 age-sex categories, 114 HCCs, and 16 interactions between pairs of disease 

groups from the prior year (2013).37 Also, the HHS-HCC model does not account for plan type 

and state fixed effects, whereas we include those effects to control for different population 

characteristics across types of plan and states. 38  For more details on the risk-adjusters, see 

Appendix Table A.  

 

3.2.3 Quasi Monte Carlo Design 

We employ a quasi Monte Carlo design where two 1 percent random samples are selected from 

the full study population. Each of these samples spans data from 2013 to 2014. One of them 

represents the estimation set, while the other represents the validation set. Each estimator is fitted 

to the estimation set where the outcome is the second year total health care expenditures and the 

covariates are the prior year’s health status. In the estimation model, a total of 148 variables (18 

age-sex categories, 114 HCCs, and 16 interactions between disease groups) are used as covariates. 

In addition, two variables (five types of plan and 53 geographical categories) are included as fixed 

effects. Prediction performance for each estimator is assessed on the validation set. Using the fitted 

model, we predict the second year health care expenditures for those in the validation set based on 

their prior year’s health status. This process is repeated 100 times (sampling with replacement) 

and the average for each performance metric is calculated over these 100 iterations.  

                                                
37 The HCC model is developed to obtain a clinically meaningful and statistically stable system. Specifically, tens of 
thousands of the International Classification of Diseases (ICD)-9 codes are grouped into a small number of organized 
categories to generate a diagnostic profile of each person. Thus, each condition category includes conditions that are 
clinically related and have similar cost implications. 
38 The inclusion of plan type fixed effects is to control for differences in benefit structures and care management 
between the types of plans, which is likely to affect access to care and use of care (e.g., coverage level and unit price). 
Similarly, the inclusion of state fixed effects is to control for differences in local supply side factors between states, 
potentially affecting access to care and use of care (e.g., number of hospitals and facilities). 
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The quasi Monte Carlo design enables valid comparison of prediction performance across 

estimators (Jones et al., 2015). As the design uses an out-of-sample prediction technique, it allows 

us to assess prediction performance of the estimators in a rigorous and consistent manner while 

ensuring that results are not driven either by overfitting or traditional Monte Carlo assumptions. 

The benefit is maximized for big data analytics, because it reduces the number of computation 

steps needed to obtain a given accuracy in a traditional Monte Carlo integration. Moreover, as all 

estimators are fitted to the same set of covariates for the same observations, findings can inform 

some indications of the relative prediction performance of the estimators. 

 

3.3 ESTIMATION OF CONDITIONAL MEAN PREDICTIONS AND INDIVIDUAL-LEVEL 

FORECASTS 

3.3.1 Parametric Regression Estimators 

We estimate nine parametric regression estimators including linear regression and Finite Mixture 

Model (FMM).39 Each estimator explicitly models the functional form for the mean of the outcome 

variable using an underlying distribution. Conditional mean predictions, $<= , are estimated from the 

conditional probability density function of each estimator. For the conditional mean for each 

estimator, see Jones et al. (2016). On the other hand, individual-level forecasts, -.%, are estimated 

based on the conditional survival function of each estimator. These estimators are estimated by 

specifying the full conditional distribution of health care expenditures using between one and five 

parameters. In Table 2, we show the conditional probability density function and the conditional 

survival function for each estimator.  

                                                
39 Mixture models are considered to be semi-parametric as the number of components can vary. However, we use the 
fixed number of components, and thus FMM is essentially parametric. 
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We use linear regression (denoted as NORMAL) as traditional risk-adjustment models rely on 

linear regression. This is mainly because it is fast and easy to implement but also because it 

presents results on the scale of interest, which eases the interpretation of its coefficient. Also, there 

is empirical evidence showing that linear regression produces better predictions than nonlinear 

models for payment purposes (Dixon et al., 2011; Ellis et al., 2013). On the other hand, it has been 

criticized as a poor estimator for health care expenditure data that are renowned for its 

idiosyncrasies (e.g. kurtosis and long right tail) (Basu et al., 2006; Hill and Miller, 2010; Jones, 

2011).40, 41 

 We use three different estimation methods for each of three different performance metrics. 

First, we estimate predicted expenditures in the validation set as "($%|:%) = :%U, where :% is a 

matrix of first-year covariates of an individual ) in the validation set and U is a column vector of 

coefficients estimated from the estimation set. Second, we use the survival function (Table 2) to 

produce the estimate of ,(-.% > 0|:%) in the validation set. Because these estimated conditional tail 

probabilities vary across each possible combination of covariates for a given individual, we take 

the average in order to integrate out over values of :% to provide the estimate of  ,(-.% > 0). Then, 

we estimate the ratio of ,I-.% > 0J and the observed empirical proportion of expenditures in the 

                                                
40 It is worthwhile to note several limitations of linear regression in health care expenditure analysis. For example, 
Jones (2011) describes that “linear regression applied to the level of costs may perform poorly, due to the high degree 
of skewness and excess kurtosis; [ordinary least squares (OLS)] minimise the sum of squared residuals on the cost 
scale and may be sensitive to extreme observations. As a result, in applied work costs are often transformed prior to 
estimation.” Similarly, Hill and Miller (2010) describe that “since linear OLS does not accommodate the skewness of 
health expenditure distributions, results may be dominated by outliers and may overfit the data, thus potentially 
reducing reliability for out-of-sample predictions. In addition, predictions for individuals are not constrained to be 
positive.” 
41 It is worthwhile to note what Jones (2011) summarizes: “It is notable that the simple linear model, estimated by 
OLS, performs quite well across all of the criteria, a finding that has been reinforced for larger datasets than the one 
used here.” Thus, we performed a sensitivity analysis to see if our results change when a very large sample is used. 
Specifically, we conducted the same analysis with a 50 percent random sample. We did see some relative 
improvements in the group-level prediction accuracy of NORMAL in terms of MAPE, RMSE, and R2, but not MPE. 
However, it continued to perform poorly in terms of tail distribution prediction accuracy and individual-level 
prediction accuracy.  
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data that exceed the expenditure threshold 0, V(C
.AWX)

V(@AWX)
. Finally, we use the survival function to 

estimate our proposed metric in the validation set. As actual expenditures vary across individuals, 

the expenditure threshold for each of the four survival functions in the equation (4) varies across 

individuals. Using the survival function, we separately estimate four probabilities for each 

individual and combine them into a single estimate. Then, we carry out the same procedure as with 

the estimate of ,(-.% > 0|:%). 

We use the generalized beta distribution of the second kind (GB2) and its special or limiting 

cases distributions, introduced by McDonald (1984). As GB2 specifies a very flexible four-

parameter distribution, it well captures the characteristics of health care expenditures distribution, 

including skewness and long right-hand tail (Jones et al., 2014). In this study, we use two GB2 

estimators: one with a log-link function (denoted as GB2 LOG) and the other with a squared-root 

link function (denoted as GB2 SQRT). Also, GB2 accounts for other distributions as special or 

limiting cases, which allow less flexibility in skewness and kurtosis than GB2 (McDonald and Xu, 

1995). As such, we use the three-parameter generalized gamma (denoted as GG), two-parameter 

gamma (denoted as GAMMA), two-parameter log-normal (denoted as LOGNORM), two-

parameter Weibull (denoted as WEIB), and one-parameter exponential (denoted as EXP) 

distributions. For these special or limiting cases, we specify a log-link function.  

 We follow the three estimation methods described in NORMAL, but there is a difference. 

As these estimators cannot account for individuals with zero expenditure, we use a two-part model. 

To estimate "($%|:%), in the first part, we run logistic regression to estimate the probability of 

having any positive expenditures for all individuals in the validation set, ,($% > 0). In the second 

part, using the covariate coefficients and other parameters estimated from the estimation set, we 

estimate predicted expenditures for those with positive expenditures, "($%|$% > 0) . Then, 
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predicted expenditures for all individuals in the validation set are estimated by multiplying the 

probability of having any positive expenditures and predicted expenditures for those with positive 

expenditures "($%|:%) = ,($% > 0)	× 	"($%|$% > 0). This process is also applied to estimations 

of ,(-.% > 0) and our proposed performance metric. 

FMM is a probabilistic model that accounts for characteristics of various subpopulations 

within an overall population without requiring to know detailed information about the distributions 

of each subpopulation (Deb and Trivedi, 1997; Deb and Burgess, 2003). Specifically, FMM allows 

for heterogeneity in populations either based on observed covariates and unobserved latent classes. 

When individual’s health status is imperfectly observed, FMM enables to estimate health care 

expenditures by splitting a population with heterogeneity in certain characteristics by the latent 

health status of individuals (Cameron and Trivedi, 2005). The unknown population distribution 

may be empirically approximated by a mixture of distributions with finite, but a small number of 

mixture components (Heckman, 2001).42 Thus, we use two gamma-distributed components of 

FMM with a squared-root link function in both components (denoted as FMM SQRT).43 We use 

the same estimation methods as with GB2. 

 

3.3.2 Machine Learning Estimators 

We use seven machine learning estimators. Machine learning has been extensively used due to its 

various capabilities, but we focus on one aspect of machine learning. Machine learning is based 

on a prediction algorithm that iteratively learns from the data. Thus, it does not rely on explicit 

                                                
42 In theory, increasing the number of mixture components may enable to fit well with any distribution. However, in 
practice, researchers tend to use a small number of mixture components (two or three) to avoid non-convergence and 
time-consuming issues occurring due to the complexity of a model. 
43 Although we also used two gamma-distributed components of FMM with a log-link function in both components, 
the model showed very poor convergence performance (4 of 100 trials). Thus, we excluded the model from analysis. 
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models or distributions, thereby allowing a greater flexibility to determine how to make 

predictions. In other words, a predictive model is gradually improved by testing its predictions and 

correcting when wrong. Using this capability of machine learning, we model the relationship 

between health care expenditures and covariates to predict health care expenditures. Despite its 

popularity in computer science and statistics, it has yet to be popular in health economics, 

especially for health care expenditure analysis (Bertsimas et al., 2008; Robinson, 2008; Buchner 

et al., 2015; Rose, 2016).  

Machine learning estimators often use a three-way cross-validation to avoid overfitting a 

model.44 To be consistent with the other estimators, however, we use a one-fold cross-validation 

and repeat the process 100 times with sample replacement to produce the average estimates across 

all replications.45 Although machine learning has the potential to improve model flexibility and 

predictability under certain constraints, we do not put particular constraints in the estimation 

procedure. This is because there is no consensus on specific criteria for selecting constraints in 

model selection and it is not worthwhile to make a model too complex.  

Regularized linear regression is a technique used to prevent overfitting while generating a 

parsimonious model with high prediction accuracy (Friedman et al., 2009). In the presence of 

collinearity, estimates from ordinary least squares can be biased and highly variable. Such an issue 

can be addressed by shrinking regression coefficients of covariates with weak or no contribution 

to an outcome variable toward zero or exactly zero. This technique is relevant to risk adjustment, 

because many covariates are highly correlated, possibly causing multicollinearity and unstable 

                                                
44 Typically, an entire sample is split into three disjoint sets. The first part (known as a training set) is used to fit the 
model. The second part (known as a validation set) is used to estimate prediction error for model selection. The last 
part (known as a test set) is used for assessment of the generalization error of the final chosen model. 
45 This approach might cause overfitting, especially when a sample size is small. Thus, we performed a sensitivity 
analysis to see if prediction performance varies depending on sample size. However, our sensitivity analysis showed 
no differences between findings from analyses using 1 percent random samples and those from analyses using 50 
percent random samples. 



 

 

81 

estimates. We use four estimators that differ in the way of shrinking regression coefficients. Least 

absolute shrinkage and selection operator regression (denoted as LASSO) uses the algorithm to 

shrink some regression coefficients to exactly zero, thereby eliminating their contributions to the 

predicted outcome (Tibshirani, 1996). However, ridge regression (denoted as RIDGE) shrinks 

some regression coefficients toward zero, but not exactly zero (Marquardt and Snee, 1975). Elastic 

net regression (denoted as ENET) is a hybrid approach that combines both regularizations of the 

Lasso and ridge regressions (Zou and Hastie, 2005). Finally, least angle regression (LARS) 

(denoted as LARS) is nearly identical to Lasso, but with a simple modification the LARS algorithm 

provides a more efficient way to calculate all possible Lasso estimators than original Lasso (Efron 

et al., 2004).  

To obtain the estimates of "($%|:%), ,(-.% > 0), and our performance metric, we carry out 

the similar estimation methods described in NORMAL. For each estimator, we choose the model 

with the smallest cross-validated mean squared error and use the nonzero coefficients of U 

estimated from the estimation set. To estimate ,(-.% > 0) and our metric, it is needed to have a 

distributional assumption, as shown in the parametric regression estimators. However, machine 

learning estimators do not rely on any distributional assumptions. Thus, we assume a local 

normality and allow for heteroscedasticity in variances of health care expenditures. Specifically, 

we form percentiles of predicted expenditures in the estimation and validation sets, respectively, 

and compute variances of actual health care expenditures for each percentile in the estimation set. 

Then, we apply each of those variances from the estimation set to the equivalent percentile in the 

validation set.  

Artificial neural network (denoted as NNET) is an information processing algorithm to 

explain an outcome variable by extracting complex relationships of highly interconnected 
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covariates within multiple layers (i.e., network) (Zhang et al., 1998). The important feature of 

neural network is its adaptive nature, in which a self-learning algorithm replaces an explicitly 

programmed algorithm. Here, self-learning refers to the automatic adjustment of parameters so 

that the algorithm can estimate the correct outcome variable for given covariates. As neural 

network does not rely on a prescribed relation, the algorithm acquires information by implicitly 

detecting complex nonlinear relationships between the outcome variable and covariates and 

detecting all possible interactions between covariates. We use the similar estimation methods 

described in LASSO. However, the drawback is that the process of estimating "($%|:%) is not 

explicitly known. We allow the number of units in the hidden layer to be 10, as a cross-validated 

mean squared error was minimal when the number of hidden neurons was 10, on average. 

A decision tree is a commonly used data mining method for developing a prediction 

algorithm by learning decision rules inferred from the data (Breiman et al., 1984). Decision tree 

builds classification or regression models in the form of a tree structure. Although there are many 

different methods for growing a tree, we use a single decision tree model where every decision is 

based on a comparison of two covariates (denoted as SINGLE).46 Based on a set of covariates, this 

method creates rules to classify a population into groups with most homogeneous characteristics 

(i.e., node). If the set of covariates is sufficiently homogenous among observations in each node, 

the tree is no longer grown. A decision tree model typically has an issue of overfitting, especially 

when the tree has a large number of terminal nodes (Rose, 2016). To avoid overfitting, we select 

a tree size that minimizes the cross-validated error. To obtain the estimates of "($%|:%), ,(-.% >

0), and our performance metric, we follow the same estimation methods described in LASSO. 

                                                
46 In addition to SINGLE, Rose (2016) used a random forest model where decisions are made based on multiple deep 
decision trees. Due to its high computational burden, however, we excluded the model from analysis. 



 

 

83 

The super learner (denoted as SUPER) is an ensemble method that blends predictions from 

multiple candidate estimators with optimal weights (Van Der Laan et al., 2007). The method itself 

is a prediction algorithm, which fits a set of candidate estimators to the data and then estimates the 

optimal weight for each of these estimators based on cross-validated risk. The optimal weights are 

determined by minimizing the cross-validated risk over a set of candidate estimators. 

Theoretically, it performs asymptotically and better than any of the candidate estimators (Van Der 

Laan et al., 2006). Thus, the super learner enables to create a highly predictive model by 

objectively combining results from different prediction algorithms rather than relying on a single 

algorithm subjectively selected by a researcher. For candidate estimators, we use six machine 

learning estimators described above. We use a cross-validated mean squared error as a loss 

function. Thus, the super learner chosen in this study has the smallest cross-validated mean squared 

error. We perform the same estimation methods described in LASSO. 

 

3.3.3 Distributional Estimators 

We use three conditional density approximation estimators to generate counterfactual 

distributions.47  

 To estimate "($%|:%) in the validation set, we follow the estimation method outlined in 

Gilleskie Mroz (2004). First, the outcome variable is divided into Y discrete intervals. Then, we 

estimate the probabilities that each observation lies in the Z interval, [%\(:%), and the mean value 

of the outcome variable for the Z interval, $]\. Following Jones et al. (2016), we assume that the 

probability of lying within an interval only relies on covariates and that the mean value of the 

                                                
47 Jones et al. (2015) used two other distributional estimators based on quantile regression. However, we excluded 
them from analysis because their conditional mean values cannot be estimated. 
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outcome variable for a given interval does not change with covariates. By multiplying these two 

values for each interval and summing them up across all intervals, we estimate "($%|:%): 

"($%|:%) = ^[%\(:%)$]\

_

\`a

																																																																(6) 

 In this study, we use three different ways of estimating the probabilities [%\(:%). Following 

the method of Han Hausman (1990), we construct a categorical variable for each observation, 

indicating the interval into which the value of the outcome variable falls. Then, we run ordered 

logit regression to estimate [%\(:%). We use 33 intervals because the number of intervals resulted 

in good convergence performance in preliminary work (denoted as HH). Following the method of 

Foresi Peracchi (1995), we divide the data into a set of discrete intervals, but use a series of logit 

regressions to estimate [%\(:%). For each upper boundary of the intervals, we generate an indicator 

that is equal to one if the outcome variable is less than or equal to the upper boundary and zero 

otherwise. Based on our preliminary work, we choose 18 intervals: 0th, 5th, . . . , 85th, 90th, and 

95th percentiles as boundaries (denoted as FP). In contrast, Chernozhukov et al. (2013) proposed 

more flexible distribution-based regression by using logit regression for each unique value of the 

outcome variable. However, as this method requires very expensive computational demands for a 

large sample, we adopt the linear probability model, used by de Meijer et al. (2013), to estimate 

[%\(:%), (denoted as CFM).48  

To obtain the estimate of ,(-.% > 0) and our performance metric in the validation set, we 

follow Jones et al. (2015). We produce the estimate of ,(-.% > 0∗|:%), where 0∗ represents one of 

the boundaries of the intervals generated in each of these estimators. As these estimators are 

                                                
48 Jones et al. (2015) and de Meijer et al. (2013) showed that the results from the linear probability model and the 
method of Chernozhukov et al. (2013) were virtually identical. 



 

 

85 

performed without knowing the threshold 0, it is not always the case where 0∗ = 0. When 0∗ ≠

0, we use the following simple linear interpolation formula to estimate a weighted average of 

,(-.% > 0∗|:%) for the nearest two values of 0∗ to 0.  

,(-.% > 0∗|:%) = ,I	-.% > 0e∗ 3:%J + 2
0 − 0e∗

0f
∗ − 0e∗

8 ?,I	-.% > 0f
∗3:%J − ,I	-.% > 0e∗ 3:%JE										(7) 

where 0e∗  and 0f∗  represent the thresholds analyzed in estimation closest below and closest above 

0, respectively. 

 To compute our proposed metric, we carry out the same procedure as with NORMAL. We 

follow the same process, but use three different thresholds that vary across each individual, instead 

of the constant threshold 0 across all individuals. 

 

3.4 EVALUATION OF PREDICTION PERFORMANCE METRICS 

To evaluate group-level prediction accuracy in the validation sets, we use MPE, MAPE, RMSE, 

*+,49 and, predictive ratio. A perfect prediction represents zero for MPE, MAPE, and RMSE, and 

one for *+ and predictive ratio. Using the second year’s actual and predicted expenditures, $h% =

"($%|:%), we calculate the following group-level prediction performance: 

i," =
∑($% − $h%)

k
																																																																			(8) 

im," =
∑ |$% − $h%|

k
																																																																		(9) 

*io" = p
∑($% − $h%)+

k
																																																															(10) 

                                                
49 *+ is estimated by an auxiliary regression of actual expenditures on predicted expenditures. Coefficients from the 
auxiliary regression are denoted by an mqr subscription and they are estimated from the estimation sets. 
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*+ = 1 −
∑($% − (stuv + Utuv$h%))+

∑($% − $h%)+
																																																				(11) 

,'wx)y!)zw	'{!)| =

1
k∑$h%
1
k∑$%

																																																									(12) 

To evaluate prediction accuracy at the tail distributions in the validation sets, we estimate 

V(C.AWX)

V(@AWX)
. A perfect prediction represents a ratio of one. We use the following four expenditure 

thresholds: $5,000, $15,000, $25,000, and $80,000. Each of them is approximately at the 75th, 

90th, 95th, and 99th percentiles of the health care expenditure distribution in our data.  

To evaluate individual-level prediction accuracy in the validation sets, we use two 

individual-level prediction performance metrics: ,(|@ABC
.A|

@A
× 100 > 1)  and ,(|@ABC

.A|

@A
× 100 >

1	|$% > 0) . A perfect prediction represents zero probability. We use four different percent 

thresholds 1: 10, 50, 100, and 250. Also, we use the same four expenditure thresholds described in 

above.  

We report these prediction performance metrics in two ways. For each performance metric, 

first, we graphically present prediction accuracy of the 19 estimators. For each performance metric, 

we also report rankings of the 19 estimators in terms of bias. Bias indicates the averaged deviations 

from a perfect prediction point. Higher ranking (lower number) represents lower deviations. 

 

3.5 RESULTS 

Table 3 and Appendix Table A summarize descriptive statistics on our total study population. Our 

study population consisted of 12,882,983 working-aged adults who were continuously enrolled in 

the same plan type between 2013-2014. For a single iteration, the estimation and validation sets 

included 128,829 adults, respectively. Table 3 summarizes descriptive statistics for the second year 
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(2014) total health care expenditures. The mean and standard deviation of health care expenditures 

were $6,891 and $22,963, respectively. The 75th, 90th, 95th, and 99th percentiles of the 

expenditure distribution were $5,736, $15,384, $27,080, and $80,116, respectively. Appendix 

Table A summarizes descriptive statistics for the first year (2013) information on demographics, 

diagnoses, state, and type of plan.  

 Table 4 shows each estimator’s performance on convergence and average computing time 

for a single iteration (in seconds).50 Of the 100 iterations, convergence was achieved 97 times on 

average. However, FMM SQRT showed the lowest convergence performance (68 times). On the 

other hand, there were substantial variances in the average computing time. CFM was the most 

computationally demanding estimator (76,494 seconds), whereas LASSO, RIDGE, and ENET 

were the least computationally demanding estimators (32-33 seconds).  

 In Figure 2 we present the group-level prediction accuracy of the 19 estimators. The points 

indicate the averaged values and the capped spikes indicate the range of the values across 

iterations. Overall, NORMAL, machine learning, and distributional estimators outperformed the 

other eight parametric regression estimators. In other words, compared to the latter, the former 

displayed MPE closer to zero, lower MAPE, lower RMSE, higher *+, and predictive ratio closer 

to one. For the other four metrics except for *+, the former had narrower ranges than the latter. 

 Figure 3 shows the performance of the 19 estimators in predicting the probability of an 

expenditure exceeding $5,000, $15,000, $25,000, and $80,000, respectively. In forecasting the 

probabilities of expenditures exceeding $5,000, $15,000, and $25,000, parametric regression 

                                                
50 Average computing time represents the time spent on estimating conditional mean expenditures and measuring 
prediction accuracies at the group level, at the tail distribution, and at the individual level. However, it cannot be 
directly comparable across estimators, as all estimators were not performed with the same statistical software package 
on the same server. Because we used two different servers, the average computing time for each estimator might be 
different depending on which server is used. 
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estimators dominated the other estimators except for CFM. In other words, parametric regression 

estimators produced the least biased and the most precise estimates. For the probability of an 

expenditure exceeding $80,000, however, machine learning estimators yielded slightly less biased 

estimates than parametric regression estimators but with low precision. As a single estimator, CFM 

showed the least biased performance across almost all expenditure thresholds. However, the other 

two distributional estimators showed poorer prediction performance for higher expenditure 

thresholds. Finally, NORMAL showed overprediction for those whose expenditure exceeded 

$5,000 and $15,000, respectively, while showing underprediction for those whose expenditures 

exceeded $80,000.  

 In Figure 4 we present the overall individual-level prediction accuracy of the 19 estimators. 

When we defined the prediction accuracy as a forecast error less than 10 percent of each 

individual's actual expenditure, there were marginal differences among parametric regressions, 

machine learning, and distributional estimators except for FMM SQRT. When we allowed the 

forecast error by 50 percent, parametric regression and distributional estimators showed slightly 

better performance than machine learning estimators. When we allowed the forecast error by 100 

percent, however, parametric regression and distributional estimators outperformed machine 

learning estimators. Also, FMM SQRT showed the worst individual-level prediction performance 

when the strictest criterion was used (10 percent forecast error), whereas it showed the best 

performance when the least strict criterion was applied (100 percent forecast error). In other words, 

FMM SQRT produced many small forecast errors, but few large forecast errors. Finally, 

NORMAL generated many large forecast errors, resulting in poor individual-level prediction 

accuracy.  
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 Figure 5 shows the tail-specific individual-level prediction accuracy of the 19 estimators. 

When less strict criteria were used (10 or 50 percent forecast errors), parametric regression 

estimators showed slightly better performance than machine learning and distributional estimators, 

especially for those with expenditures exceeding $80,000. When the least strict criterion was used 

(100 percent forecast error), on the other hand, parametric regression and distributional estimators 

dominated machine learning estimators for all tail distributions considered in this study. Finally, 

NORMAL and machine learning estimators consistently showed poorer individual-level 

prediction accuracy, especially at the tail distributions. 

 In summary, there was no single estimator that outperformed the others for all metrics. As 

shown in Appendix Table B, LARS showed the highest group-level prediction accuracy, whereas 

the estimator’s performance on other metrics was below average overall. Similarly, CFM was the 

best estimator for predicting tail probabilities, but the estimator’s group-level prediction accuracy 

was around the average level. On the other hand, although GG, EXP, LOGNORM, and FMM 

SQRT showed the worst prediction accuracy at the group level, their overall and tail-specific 

individual-level prediction accuracies were highly ranked.  

  

3.6 DISCUSSION 

There are two main contributions in this paper. First, to the best of our knowledge, this is the first 

paper that directly compares three board classes of estimators—parametric regression estimators, 

machine learning estimators, and distribution-based estimators, in total 19 estimators—in 

predicting health care expenditures. The second contribution is the development of novel metrics 

used to compare individual-level prediction accuracy of these estimators. Previous literature has 

mainly looked at performance metrics that examine moments and features of the whole 
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distribution, such as *+ and performance based on predicting the tail probabilities. We argue that 

while it is certainly important to look at these metrics, it is also important to examine additional 

metrics that measure prediction accuracies at the individual level. This is because certain risk-

selection behaviors in the private insurance market, such as service-level selection, are 

operationalized to select out specific (but not all) individuals with high expenditures, irrespective 

of what their predictions from a risk-adjustment model are. Any attempt to counteract such risk 

selection must ensure that a risk-adjustment model can accurately predict health care expenditures 

at the individual level.   

In line with previous literature, we found that no one estimator was clearly dominant for 

all metrics considered in this study. However, more importantly, we found nuances of prediction 

performance across estimators. In general, machine learning and distribution-based estimators 

achieved better group-level prediction accuracy than parametric regression estimators. NORMAL 

seems to perform better than other parametric estimators in terms of group-level prediction 

accuracy, which was also pointed out by Jones et al. (2015). However, parametric regression 

estimators showed higher tail distribution prediction accuracy and individual-level prediction 

accuracy, especially at the tail distributions. However, NORMAL and machine learning estimators 

generated poor predictability at the tail distributions and at the individual level. 

 This suggests that there is a trade-off in selecting an appropriate risk-adjustment method 

between estimating accurate payments at the group level and estimating low residual risks at the 

individual level. We believe that this is a new insight in the risk-adjustment literature. It indicates 

that the determination of an optimal risk-adjustment method would vary depending on a specific 

statistical metric used to evaluate prediction accuracy. Therefore, in order to select an optimal risk-

adjustment estimator, future research should simulate health plans’ behaviors in response to both 
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group-level and individual-level residual risks conditional on risk-adjusted payments. Such 

simulation helps to better understand the trade-off inherent in selecting an appropriate risk-

adjustment method and devise an optimal risk-adjustment strategy.  

Our study also found that group-level prediction accuracies tend to be more variable (across 

iterations) than individual-level prediction accuracies. This was expected as group-level 

performance metrics simply measure the magnitude of the average of the deviation between 

predicted and actual values across all individuals. As such, they were more likely to be 

disproportionately affected by the variability of less accurate prediction for those with extremely 

high expenditures.  

There are nuances in prediction accuracies at the level of specific estimators. For example, 

parametric regression estimators consistently achieved high prediction accuracy at the individual 

level, especially at the tail distributions. Compared to the other estimators, they generated fewer 

large prediction errors along the expenditure distribution and generated fewer small prediction 

errors at the tail distributions. This implies that these flexible parametric distributions fit the health 

care expenditure data well, as they impose fewer restrictions on skewness and kurtosis, which 

allows for a greater range of estimated effects of covariates (Jones et al., 2015). Within the tail-

specific performance metrics, however, there was no single estimator that was superior to the 

others. This suggests that each estimator achieves the best fit at different points in the distribution. 

There are two findings that are worthwhile to note. First, the parsimonious one-parameter EXP 

performed better than the other parametric regression estimators with more flexible distributions. 

This may indicate that more flexibility does not necessarily lead to a better prediction fit. Second, 

FMM SQRT produced fewer large prediction errors than any other estimators, but generated much 

more small prediction errors than the other estimators, especially at the tail distributions. This 
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might be because FMM SQRT model a separate probability density function for those with 

relatively low expenditures, thereby avoiding large prediction errors for them. However, it might 

result in greater prediction errors at the tail distributions. 

 We found that NORMAL, the linear regression-based estimator that is typically used for 

the purpose of risk-adjusting plan payments, achieved a high level of prediction accuracy at the 

group level, whereas the other prediction performance of the estimator was poor. Especially, it 

produced large individual-level prediction errors for those with very high expenditures. This can 

be explained by the normality assumption and linearity property. Assuming the outcome variable 

is normally distributed, linear regression calculates a straight line through the data that results in 

the smallest prediction errors. However, the actual distribution of health care expenditures is 

heavily right skewed and long tailed. As such, linear regression underestimates observations in the 

tail distributions, thereby resulting in underpredictions for them. On the other hand, as linear 

regression relies on the linearity property, it intends to minimize the prediction errors across the 

entire range of the outcome variable. To cancel out the underprediction for those in the tail 

distributions, linear regression produces overprediction for those in other parts of the distribution. 

This has been shown in our study as well as other studies (Pope et al., 2011; Medicare Payment 

Advisory Commission, 2012; Kautter et al., 2014). For instance, the HHS-HCC model, on average, 

underestimated expenditures for those with more than six chronic conditions by $608, whereas it 

overestimated expenditures for those with four and five chronic conditions by $182 and $456, 

respectively (Government Accountablity Office, 2011). These suggest that reliance on linear 

regression would likely result in higher residuals risks, thereby generating inaccurate plan 

payments, especially for those with the most severe health status. 
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 Our results also show that compared to parametric regression and distributional estimators, 

machine learning estimators produced large individual-level prediction errors more, especially at 

the tail distributions. This might result from prediction algorithms in machine learning and a 

limited set of risk-adjusters included in the HCC model. Machine learning estimators were 

expected to accurately predict expenditures for the high-expenditure individuals, because they are 

designed to capture nonlinear complex relationships between the outcome variable and covariates 

or between covariates. However, a sufficiently large number of observations might be needed to 

detect such relationships. In our data, the sample size of those with very high expenditures was not 

large enough to detect these relationships. Furthermore, according to the principles for risk-

adjustment model development, the HCC model only accounts for clinically significant medical 

conditions incurring significant expenditures (Centers for Medicaid and Medicare Services, 2016). 

Of about 100 major medical conditions included in the model, however, the other conditions 

except for top 10 conditions were found to have minor contributions to predicting health care 

expenditures (Rose, 2016). To fully exploit the predictive ability of machine learning, it is needed 

to add more detailed diagnostic information (Newhouse et al., 2013).    

 Our study has several limitations. First, our study population is not the targeted population 

for the HHS-HCC model because the population from the MarketScan database is more likely to 

be healthy than the eligible enrollees for the Exchanges. To overcome this issue, Layton et al. 

(2015); Rose (2016) drew a matched sample of individuals from the MarketScan database, who 

have similar characteristics to those eligible for the Exchanges. However, our goal is not to 

evaluate the effect of the HHS-HCC model on risk selection among those eligible for the 

Exchanges. Thus, we did not limit the study population to them. Second, there are various factors 

determining health care expenditures, but we only included demographic and major diagnostic 
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information. This is because the focus of this study is to examine the existing plan payment risk-

adjustment policy in the US, which relies on demographic and diagnostic information. Third, we 

assumed the linearity between two neighboring intervals to construct the counterfactual 

unconditional distribution. However, such assumption is unlikely to hold at the tail distributions, 

as the health care expenditure data is highly skewed and has very heavy tails, thereby suggesting 

a nonlinear relationship between two neighboring intervals at the tail distributions.  

Our study can be applied to various payment and delivery systems. First, accurately 

estimating a financial benchmark for each an accountable care organization (ACO) is key for 

determining ACO financial performance and shared savings over time. However, because 

benchmarks are designed to capture population health status accurately, this could generate 

substantial residual risks at the individual level. If benchmarks do not reflect health status not only 

at the group level but also at the individual level, this could unfairly penalize ACOs serving 

patients with high individual-level residual risks, possibly leading them to leave the voluntary 

ACO program. Second, starting in 2016, CMS launched a new payment and care delivery model 

for the treatment of cancer patients. Under the Oncology Care model, providers will receive a per-

beneficiary-per-month payment for the duration of each six-month episode. However, an issue is 

that if episode costs are not accurately estimated at the individual level, providers will have 

incentives to avoid patients with high individual-level residual risks. Accordingly, it is necessary 

to conduct additional studies to investigate how to improve estimation accuracies for financial 

benchmark and episode payment not only at the group level but also at the individual level. 
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Table 1. Key for estimator labels 
Estimator Label 
Parametric regression estimators  
Linear regression with the normal distribution of error NORMAL 
Generalized beta of the second kind (log-link) GB2 LOG 
Generalized beta of the second kind (squared-root link) GB2 SQRT 
Generalized gamma (log-link) GG 
Gamma (log-link) GAMMA  
Log-normal (log-link) LOGNORM 
Weibull (log-link) WEIB 
Exponential (log-link) EXP 
Two-component finite mixture of gamma densities (squared-root link) FMM SQRT 
Machine learning estimators  
Lasso regression LASSO 
Ridge regression RIDGE 
Elastic net ENET 
Least angle regression LARS 
Neural net NNET 
Single tree SINGLE 
Super learner SUPER 
Distributional estimators  
Han and Hausman (conditional density approximation estimator using ordered logit regression) HH  
Foresi and Peracchi (conditional density approximation estimator using multinomial logit regression) FP  
Chernozhukov, Fernández-Val and Melly (linear probability model) CFM 
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Table 3. Descriptive statistics for total health care expenditures in the second year (2014) 
N 12,882,983 
Mean $6,891 
SD $22,963 
Skewness 28 
Kurtosis 3,072 
Maximum $8,199,457 
99th percentile $80,116 
95th percentile $27,080 
90th percentile $15,384 
75th percentile $5,736 
25th percentile $416 
10th percentile $0 
1th percentile $0 
Minimum $0 
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Table 4. Performance on convergence and average computing time 
Estimator Number of converged models Average computing time (second) 
NORMAL 100 345 
GB2 LOG 99 1,257 
GB2 SQRT 99 1,324 
GG 99 1,007 
GAMMA  99 978 
LOGNORM 99 974 
WEIB 99 976 
EXP 99 764 
FMM SQRT 68 19,019 
LASSO 100 33 
RIDGE 100 33 
ENET 100 32 
LARS 100 45 
NNET 100 501 
SINGLE 100 158 
SUPER 100 2,067 
HH  98 318 
FP  97 3,884 
CFM 100 76,494 
Note: Average computing time represents the time spent on estimating conditional mean 
expenditures and measuring at the group level, at the tail distribution, and at the individual level. 
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Figure 1. Example for illustrating how our proposed metric can be complementary to the existing group-level performance metrics 

 



Figure 2. Evaluation of performance based on assessing group-level prediction accuracy of health care expenditures 

 
Note:  A perfect prediction represents zero for mean prediction error, mean absolute prediction error, and root mean square error and 
one for !" and predictive ratio. 
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Figure 3. Evaluation of performance based on assessing prediction accuracy for a tail distribution of health care expenditures 

 
Note: A perfect prediction represents a ratio of one.
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Figure 4. Evaluation of performance based on assessing overall individual-level prediction accuracy of health care expenditures 

 
Note: A perfect prediction represents zero probability.
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Figure 5. Evaluation of performance based on assessing tail specific individual-level prediction accuracy of health care expenditures 
(continued) 

 
Note: A perfect prediction represents zero probability. 
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Figure 5. Evaluation of performance based on assessing tail specific individual-level prediction accuracy of health care expenditures 
(continued) 

 
Note: A perfect prediction represents zero probability. 



 

 

112 

Figure 5. Evaluation of performance based on assessing tail specific individual-level prediction accuracy of health care expenditures 
(continued) 

 
Note: A perfect prediction represents zero probability.



Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
Demographic information   
Age range 21–24 Male 574,813 4.46 
Age range 25–29 Male 356,538 2.77 
Age range 30–34 Male 521,852 4.05 
Age range 35–39 Male 605,299 4.70 
Age range 40–44 Male 725,680 5.63 
Age range 45–49 Male 780,948 6.06 
Age range 50–54 Male 875,991 6.80 
Age range 55–59 Male 881,291 6.84 
Age range 60-64 Male 642,682 4.99 
Age range 21–24 Female 562,248 4.36 
Age range 25–29 Female 393,790 3.06 
Age range 30–34 Female 595,064 4.62 
Age range 35–39 Female 676,653 5.25 
Age range 40–44 Female 795,648 6.18 
Age range 45–49 Female 863,752 6.70 
Age range 50–54 Female 990,895 7.69 
Age range 55–59 Female 1,002,496 7.78 
Age range 60-64 Female 734,813 5.70 
Diagnostics information   
HCC1: HIV/AIDS 8,406 0.07 
HCC2: Septicemia, Sepsis, Systemic Inflammatory Response 
Syndrome/Shock 26,603 0.21 
HCC3: Central Nervous System Infections, Except Viral Meningitis 100,313 0.78 
HCC4: Viral or Unspecified Meningitis 310,806 2.41 
HCC6: Opportunistic Infections 5,359 0.04 
HCC8: Metastatic Cancer 32,642 0.25 
HCC9: Lung, Brain, and Other Severe Cancers, Including Pediatric Acute 
Lymphoid Leukemia 25,538 0.20 
HCC10: Non-Hodgkin`s Lymphomas and Other Cancers and Tumors 29,993 0.23 
HCC11: Colorectal, Breast (Age < 50), Kidney, and Other Cancers 41,215 0.32 
HCC12: Breast (Age 50+) and Prostate Cancer, Benign/Uncertain Brain 
Tumors, and Other Cancers and Tumors 187,043 1.45 
HCC13: Thyroid Cancer, Melanoma, Neurofibromatosis, and Other 
Cancers and Tumors 50,155 0.39 
HCC18: Pancreas Transplant Status/Complications 904 0.01 
HCC19: Diabetes with Acute Complications 12,366 0.10 
HCC20: Diabetes with Chronic Complications 211,066 1.64 
HCC21: Diabetes without Complication 787,087 6.11 
HCC23: Protein-Calorie Malnutrition 16,873 0.13 
HCC26: Mucopolysaccharidosis 89 0.00 
HCC27: Lipidoses and Glycogenosis 4,723 0.04 
HCC29: Amyloidosis, Porphyria, and Other Metabolic Disorders 6,229 0.05 
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Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
HCC30: Adrenal, Pituitary, and Other Significant Endocrine Disorders 97,862 0.76 
HCC34: Liver Transplant Status/Complications 2,912 0.02 
HCC35: End-Stage Liver Disease 8,057 0.06 
HCC36: Cirrhosis of Liver 13,052 0.10 
HCC37: Chronic Hepatitis 5,850 0.05 
HCC38: Acute Liver Failure/Disease, Including Neonatal Hepatitis 379,797 2.95 
HCC41: Intestine Transplant Status/Complications 81 0.00 
HCC42: Peritonitis/Gastrointestinal Perforation/Necrotizing Enterocolitis 12,180 0.09 
HCC45: Intestinal Obstruction 33,328 0.26 
HCC46: Chronic Pancreatitis 6,861 0.05 
HCC47: Acute Pancreatitis/Other Pancreatic Disorders and Intestinal 
Malabsorption 70,369 0.55 
HCC48: Inflammatory Bowel Disease 78,879 0.61 
HCC54: Necrotizing Fasciitis 736 0.01 
HCC55: Bone/Joint/Muscle Infections/Necrosis 38,359 0.30 
HCC56: Rheumatoid Arthritis and Specified Autoimmune Disorders 129,261 1.00 
HCC57: Systemic Lupus Erythematosus and Other Autoimmune Disorders 68,878 0.53 
HCC61: Osteogenesis Imperfecta and Other Osteodystrophies 1,453 0.01 
HCC62: Congenital/Developmental Skeletal and Connective Tissue 
Disorders 6,934 0.05 
HCC63: Cleft Lip/Cleft Palate 621 0.00 
HCC64: Major Congenital Anomalies of Diaphragm, Abdominal Wall, and 
Esophagus, Age < 2 1,465 0.01 
HCC66: Hemophilia 2,341 0.02 
HCC67: Myelodysplastic Syndromes and Myelofibrosis 1,659 0.01 
HCC68: Aplastic Anemia 3,377 0.03 
HCC69: Acquired Hemolytic Anemia, Including Hemolytic Disease of 
Newborn 1,230 0.01 
HCC70: Sickle Cell Anemia (Hb-SS) 815 0.01 
HCC71: Thalassemia Major 1,232 0.01 
HCC73: Combined and Other Severe Immunodeficiencies 28,505 0.22 
HCC74: Disorders of the Immune Mechanism 77,681 0.60 
HCC75: Coagulation Defects and Other Specified Hematological Disorders 12,674 0.10 
HCC81: Drug Psychosis 51,187 0.40 
HCC82: Drug Dependence 12,616 0.10 
HCC87: Schizophrenia 408,794 3.17 
HCC88: Major Depressive and Bipolar Disorders 12,218 0.09 
HCC89: Reactive and Unspecified Psychosis, Delusional Disorders 6,087 0.05 
HCC90: Personality Disorders 5,171 0.04 
HCC94: Anorexia/Bulimia Nervosa 777 0.01 
HCC96: Prader-Willi, Patau, Edwards, and Autosomal Deletion Syndromes 6,469 0.05 
HCC97: Down Syndrome, Fragile X, Other Chromosomal Anomalies, and 
Congenital Malformation Syndromes 3,181 0.02 
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Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
HCC102: Autistic Disorder 2,212 0.02 
HCC103: Pervasive Developmental Disorders, Except Autistic Disorder 8,057 0.06 
HCC106: Traumatic Complete Lesion Cervical Spinal Cord 99 0.00 
HCC107: Quadriplegia 2,921 0.02 
HCC108: Traumatic Complete Lesion Dorsal Spinal Cord 107 0.00 
HCC109: Paraplegia 2,982 0.02 
HCC110: Spinal Cord Disorders/Injuries 14,097 0.11 
HCC111: Amyotrophic Lateral Sclerosis and Other Anterior Horn Cell 
Disease 1,956 0.02 
HCC112: Quadriplegic Cerebral Palsy 888 0.01 
HCC113: Cerebral Palsy, Except Quadriplegic 4,620 0.04 
HCC114: Spina Bifida and Other Brain/Spinal/Nervous System Congenital 
Anomalies 5,535 0.04 
HCC115: Myasthenia Gravis/Myoneural Disorders and Guillain-Barre 
Syndrome/Inflammatory and Toxic Neuropathy 19,580 0.15 
HCC117: Muscular Dystrophy 2,124 0.02 
HCC118: Multiple Sclerosis 37,192 0.29 
HCC119: Parkinson`s, Huntington`s, and Spinocerebellar Disease, and 
Other Neurodegenerative Disorders 9,857 0.08 
HCC120: Seizure Disorders and Convulsions 91,604 0.71 
HCC121: Hydrocephalus 5,098 0.04 
HCC122: Non-Traumatic Coma, and Brain Compression/Anoxic Damage 7,905 0.06 
HCC125: Respirator Dependence/Tracheostomy Status 2,598 0.02 
HCC126: Respiratory Arrest 778 0.01 
HCC127: Cardio-Respiratory Failure and Shock, Including Respiratory 
Distress Syndromes 39,846 0.31 
HCC128: Heart Assistive Device/Artificial Heart 281 0.00 
HCC129: Heart Transplant 1,038 0.01 
HCC130: Congestive Heart Failure 116,539 0.90 
HCC131: Acute Myocardial Infarction 17,788 0.14 
HCC132: Unstable Angina and Other Acute Ischemic Heart Disease 36,421 0.28 
HCC135: Heart Infection/Inflammation, Except Rheumatic 31,422 0.24 
HCC142: Specified Heart Arrhythmias 157,683 1.22 
HCC145: Intracranial Hemorrhage 8,614 0.07 
HCC146: Ischemic or Unspecified Stroke 28,897 0.22 
HCC149: Cerebral Aneurysm and Arteriovenous Malformation 8,380 0.07 
HCC150: Hemiplegia/Hemiparesis 10,364 0.08 
HCC151: Monoplegia, Other Paralytic Syndromes 2,810 0.02 
HCC153: Atherosclerosis of the Extremities with Ulceration or Gangrene 4,400 0.03 
HCC154: Vascular Disease with Complications 15,929 0.12 
HCC156: Pulmonary Embolism and Deep Vein Thrombosis 66,726 0.52 
HCC158: Lung Transplant Status/Complications 640 0.00 
HCC159: Cystic Fibrosis 2,032 0.02 
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Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
HCC160: Chronic Obstructive Pulmonary Disease, Including 
Bronchiectasis 181,447 1.41 
HCC161: Asthma 490,596 3.81 
HCC162: Fibrosis of Lung and Other Lung Disorders 43,164 0.34 
HCC163: Aspiration and Specified Bacterial Pneumonias and Other Severe 
Lung Infections 11,800 0.09 
HCC183: Kidney Transplant Status 10,421 0.08 
HCC184: End Stage Renal Disease 8,614 0.07 
HCC187: Chronic Kidney Disease, Stage 5 3,730 0.03 
HCC188: Chronic Kidney Disease, Severe (Stage 4) 5,967 0.05 
HCC203: Ectopic and Molar Pregnancy, Except with Renal Failure, Shock, 
or Embolism 7,102 0.06 
HCC204: Miscarriage with Complications 2,417 0.02 
HCC205: Miscarriage with No or Minor Complications 34,611 0.27 
HCC207: Completed Pregnancy With Major Complications 8,531 0.07 
HCC208: Completed Pregnancy With Complications 97,301 0.76 
HCC209: Completed Pregnancy with No or Minor Complications 103,090 0.80 
HCC217: Chronic Ulcer of Skin, Except Pressure 41,028 0.32 
HCC226: Hip Fractures and Pathological Vertebral or Humerus Fractures 11,438 0.09 
HCC227: Pathological Fractures, Except of Vertebrae, Hip, or Humerus 4,491 0.03 
HCC251: Stem Cell, Including Bone Marrow, Transplant 
Status/Complications 2,863 0.02 
HCC253: Artificial Openings for Feeding or Elimination 17,054 0.13 
HCC254: Amputation Status, Lower Limb/Amputation Complications 3,115 0.02 
Severe illness indicator × HCC6 975 0.01 
Severe illness indicator × HCC8 4,664 0.04 
Severe illness indicator × HCC9 6,201 0.05 
Severe illness indicator × HCC10 3,189 0.02 
Severe illness indicator × HCC35 1,636 0.01 
Severe illness indicator × HCC38 9,998 0.08 
Severe illness indicator × HCC115 2,166 0.02 
Severe illness indicator × HCC135 3,500 0.03 
Severe illness indicator × HCC145 3,326 0.03 
Severe illness indicator × HCC153 1,111 0.01 
Severe illness indicator × HCC154 4,147 0.03 
Severe illness indicator × HCC163 4,969 0.04 
Severe illness indicator × HCC253 5,145 0.04 
Severe illness indicator × aggregate HCC grouping G3 5,111 0.04 
Severe illness indicator × aggregate HCC grouping G6 551 0.00 
Severe illness indicator × aggregate HCC grouping G8 2,945 0.02 
Geography   
Unknown region 401,994 3.12 
Connecticut 278,352 2.16 
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Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
Maine 83,696 0.65 
Massachusetts 208,692 1.62 
New Hampshire 91,048 0.71 
Rhode Island 28,859 0.22 
Vermont 7,572 0.06 
New Jersey 300,922 2.34 
New York 1,301,026 10.1 
Pennsylvania 420,697 3.27 
Illinois 352,035 2.73 
Indiana 448,742 3.48 
Michigan 524,102 4.07 
Ohio 702,797 5.46 
Wisconsin 217,493 1.69 
Iowa 69,598 0.54 
Kansas 56,911 0.44 
Minnesota 91,151 0.71 
Missouri 224,273 1.74 
Nebraska 32,248 0.25 
North Dakoda 5,572 0.04 
South Dakoda 9,201 0.07 
Washington DC 6,535 0.05 
Delaware 74,046 0.57 
Florida 614,139 4.77 
Georgia 432,233 3.36 
Maryland 103,524 0.80 
North Carolina 271,103 2.10 
South Carolina 549,128 4.26 
Virginia 245,991 1.91 
West Virginia 45,557 0.35 
Alabama 176,444 1.37 
Kentucky 205,148 1.59 
Mississippi 168,472 1.31 
Tennessee 322,453 2.50 
Arkansas 69,930 0.54 
Louisiana 490,358 3.81 
Oklahoma 80,544 0.63 
Texas 713,662 5.54 
Arizona 131,802 1.02 
Colorado 154,451 1.20 
Idaho 132,555 1.03 
Montana 10,126 0.08 
Montana 71,751 0.56 
New Mexico 114,215 0.89 
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Appendix Table A. Descriptive statistics for information on demographics, diagnoses, 
geographics, and type of plan in the first year (2013) (continued) 
Variable N % 
Utah 77,082 0.60 
Wyoming 8,163 0.06 
Alaska 10,637 0.08 
California 1,335,884 10.37 
Hawaii 1,968 0.02 
Oregon 134,353 1.04 
Washington 267,975 2.08 
Puerto Rico 5,773 0.04 
Type of plan   
Comprehensive 287,861 2.23 
Health maintenance organization 1,720,222 13.35 
Point of service 995,744 7.73 
Preferred provider organization 9,798,331 76.06 
Point of service with capitation 80,825 0.63 

Note: To predict total health care expenditures in 2014, we use the risk-adjusters of the Department 
of Health and Human Services-Hierarchical Condition Categories model developed for the adult 
population of the 2014 benefit year. 
 
 



 

 

119 

Appendix Table B. Rankings of estimators in terms of bias (continued) 
 Prediction performance metrics 
 Group-level prediction accuracy Prediction accuracy for tail distributions: 

!(#$%&')
!()%&')

  
Ranking Mean 

prediction 
error 

Mean 
absolute 

prediction 
error 

Root mean 
square error 

*+ Predictive 
ratio 

, = $5,000 , = $15,000 ,	= $25,000 , = $80,000 

1 LARS FMM SQRT LARS LARS LASSO CFM CFM CFM LASSO 
2 LASSO LARS ENET ENET RIDGE GG GG GAMMA CFM 
3 ENET ENET LASSO LASSO SINGLE GB2 SQRT GB2 SQRT GB2 LOG ENET 
4 RIDGE LASSO RIDGE RIDGE ENET LOGNORM GB2 LOG WEIB RIDGE 
5 SINGLE RIDGE SUPER SUPER LARS GB2 LOG LOGNORM GG NNET 
6 SUPER HH NNET NNET SUPER WEIB EXP NORMAL SUPER 
7 NORMAL NORMAL NORMAL NORMAL NORMAL FP WEIB GB2 SQRT LARS 
8 CFM CFM CFM CFM CFM HH GAMMA LOGNORM WEIB 
9 FP SUPER FP GB2 SQRT FP GAMMA FP EXP GG 

10 HH FP SINGLE FMM SQRT HH EXP HH FMM SQRT GAMMA 
11 NNET NNET FMM SQRT FP NNET FMM SQRT FMM SQRT FP GB2 SQRT 
12 WEIB GB2 SQRT GB2 SQRT HH WEIB ENET NORMAL HH EXP 
13 GB2 SQRT SINGLE HH SINGLE GB2 SQRT LASSO ENET SUPER GB2 LOG 
14 GAMMA WEIB GAMMA GG GAMMA RIDGE RIDGE RIDGE LOGNORM 
15 EXP GAMMA EXP LOGNORM EXP LARS LASSO ENET NORMAL 
16 GG EXP WEIB WEIB GG NNET SUPER LASSO SINGLE 
17 GB2 LOG GG GG GB2 LOG GB2 LOG SUPER LARS LARS FMM SQRT 
18 LOGNORM GB2 LOG LOGNORM GAMMA LOGNORM SINGLE NNET NNET FP 
19 FMM SQRT LOGNORM GB2 LOG EXP FMM SQRT NORMAL SINGLE SINGLE HH 

Note: Higher ranking (lower number) represents better performance. Estimators inside boarders indicate the same ranking. 
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Appendix Table B. Rankings of estimators in terms of bias (continued) 
 Prediction performance metrics 
 Overall individual-level prediction accuracy: 

. /|)%1#$%|)%
× 100 > 67 

Tail-specific individual-level prediction accuracy: 
 . /|)%1#$%|)%

× 100 > 6|89 > ,7		 
 6 = 10 6 = 50 6 = 100 6 = 10 
Ranking    , = $5,000 , = $15,000 ,	= $25,000 , = $80,000 

1 CFM GG FMM SQRT EXP GAMMA LOGNORM EXP 
2 GB2 SQRT LOGNORM LOGNORM SINGLE LOGNORM GG LOGNORM 
3 GB2 LOG GAMMA GG GAMMA EXP GB2 LOG GAMMA 
4 GAMMA CFM FP LARS GG GAMMA GB2 LOG 
5 WEIB GB2 SQRT GAMMA SUPER WEIB WEIB GG 
6 GG GB2 LOG HH ENET GB2 LOG EXP WEIB 
7 LOGNORM FP GB2 LOG RIDGE LARS GB2 SQRT GB2 SQRT 
8 EXP WEIB GB2 SQRT WEIB GB2 SQRT CFM CFM 
9 FP HH CFM LOGNORM SUPER LARS SUPER 

10 HH EXP WEIB GG ENET SUPER ENET 
11 SINGLE FMM SQRT EXP GB2 SQRT RIDGE ENET RIDGE 
12 NNET SINGLE NORMAL GB2 LOG CFM RIDGE LARS 
13 LASSO LARS ENET CFM SINGLE SINGLE FMM SQRT 
14 LARS NNET RIDGE NNET NNET FMM SQRT NNET 
15 SUPER LASSO SUPER LASSO FMM SQRT NNET LASSO 
16 RIDGE SUPER LARS HH LASSO LASSO SINGLE 
17 ENET RIDGE LASSO FP FP FP NORMAL 
18 NORMAL ENET NNET NORMAL HH HH FP 
19 FMM SQRT NORMAL SINGLE FMM SQRT NORMAL NORMAL HH 

Note: Higher ranking (lower number) represents better performance. Estimators inside boarders indicate the same ranking. 
 



Appendix Table B. Rankings of estimators in terms of bias (continued) 
 Prediction performance metrics 
 Tail-specific individual-level prediction accuracy:  

. /|)%1#$%|)%
× 100 > 6|89 > ,7		  

 6 = 50 6 = 100 
Ranking , = $5,000 , = $15,000 ,	= $25,000 , = $80,000 , = $5,000 , = $15,000 ,	= $25,000 , = $80,000 

1 EXP EXP EXP EXP FMM SQRT CFM CFM CFM 
2 GAMMA GAMMA GAMMA GAMMA CFM EXP EXP GB2 SQRT 
3 SINGLE LARS LOGNORM LOGNORM GB2 SQRT FMM SQRT GB2 SQRT EXP 
4 WEIB WEIB WEIB WEIB GB2 LOG WEIB WEIB FMM SQRT 
5 LARS SINGLE GG GB2 LOG GG GAMMA FMM SQRT WEIB 
6 SUPER LOGNORM GB2 LOG GG WEIB GB2 SQRT GAMMA GG 
7 ENET SUPER GB2 SQRT GB2 SQRT LOGNORM GG GG GB2 LOG 
8 RIDGE ENET CFM CFM EXP GB2 LOG GB2 LOG LOGNORM 
9 GG RIDGE LARS SUPER GAMMA LOGNORM LOGNORM GAMMA 

10 GB2 SQRT GG SUPER RIDGE FP FP FP FP 
11 CFM GB2 LOG ENET ENET HH HH HH HH 
12 LOGNORM GB2 SQRT RIDGE LARS SINGLE LARS LARS SUPER 
13 GB2 LOG CFM SINGLE FMM SQRT LARS SUPER SUPER ENET 
14 NNET NNET FMM SQRT SINGLE SUPER ENET ENET RIDGE 
15 LASSO LASSO NNET NNET ENET RIDGE RIDGE LARS 
16 FP FP LASSO LASSO RIDGE SINGLE SINGLE NNET 
17 HH HH FP NORMAL NNET NNET NNET LASSO 
18 NORMAL FMM SQRT HH HH LASSO LASSO LASSO SINGLE 
19 FMM SQRT NORMAL NORMAL FP NORMAL NORMAL NORMAL NORMAL 

Note: Higher ranking (lower number) represents better performance. Estimators inside boarders indicate the same ranking. 
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Chapter 4.  

IMPROVING PLAN PAYMENT RISK ADJUSTMENT WITH 

MACHINE LEARNING: ACCOUNTING FOR SERVICE-LEVEL 

PROPENSITY SCORES TO REDUCE SERVICE-LEVEL 

SELECTION 

Abstract  

Objective. To propose an alternative risk-adjustment model accounting for service-level 

propensity scores with machine learning and then compare its prediction accuracy of estimating 

plan payments with that of the currently used Hierarchical Condition Category (HCC) model.  

Data Sources. 2013–2014 Truven MarketScan database. 

Study Design. We implemented the alternative model in a two-step process. First, we used the 

generalized boosting model to predict the probabilities that each enrollee would use each service 

based on her demographic and diagnostic characteristics (service-level propensity scores). Second, 

we incorporated the service-level propensity scores into the HCC model. Then, we performed a 

paired performance comparison of the alternative model and the HCC model across 19 estimators: 

nine parametric estimators, seven machine learning estimators, and three distributional estimators. 

Prediction accuracies were evaluated at the three level: group level, tail distribution, and individual 

level. 

Principal Findings. The alternative model more accurately estimated plan payments when 

combined with machine learning estimators, especially for enrollees with high expenditures. 

However, negligible improvements were observed in parametric and distributional estimators. 
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Conclusions. Accounting for the service-level propensity scores in risk adjustment with machine 

learning has the potential to reduce incentives to avoid enrollees with higher expenditures than 

their estimated plan payments. 

Key words. risk adjustment, machine learning, service-level selection, service-level propensity 

scores  

 
 
 
  



 

 

124 

4.1 INTRODUCTION 

There is a long-standing concern about risk selection in the health insurance market. Risk selection 

occurs because health plans cannot vary premiums due to government regulation policies. In the 

regulated market, risk selection can be mitigated by adjusting payments to health plans to more 

accurately reflect beneficiary health status, a process known as risk adjustment. However, the goal 

of risk adjustment is not merely to adjust plan payments as close to the actual expenditures in a 

statistical sense. If risk adjustment is aimed at achieving purely statistical objects, it would not 

sufficiently generate economic incentives for health plans to discourage risk selection, potentially 

leading to health plan’s strategic behavior to avoid enrollees who could be unprofitable (i.e., those 

with higher expenditures that their plan payments) (Einav et al. 2016; Glazer and McGuire 2000). 

Thus, optimal risk adjustment needs to account for statistical as well as economic forces to prevent 

health plans’ strategic behaviors in a particular context and objective. 

In this study, we focused on the risk-adjustment model used in the Medicare Advantage 

(MA) program and the Exchanges. Since 2004, the Centers for Medicare and Medicaid Services 

(CMS) has used the CMS-Hierarchical Condition Categories (HCC) model to adjust payments for 

Medicare enrollees (Pope et al. 2004). Following the CMS-HCC model, the Department of Health 

and Human Services (HHS) developed a federally-certified risk-adjustment model to be used by 

states or by HHS on behalf of states, known as the HHS-HCC model (Kautter et al. 2014). These 

HCC models use inpatient and outpatient diagnostic information to generate risk scores. Using the 

risk scores, the risk-adjusted expenditures of each enrollee are estimated. Finally, health plans 

receive the risk-adjusted expenditures as plan payments.  

However, there are two limitations of the HCC models. First, the HCC models use linear 

regression to estimate health care expenditures. Despite its practical features, linear regression 
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does not fit well to a highly skewed distribution of health care expenditure. Also, it cannot capture 

complex nonlinear relationships and interactions between variables. Hence, the HCC models based 

on linear regression tend to insufficiently capture health conditions for enrollees with high-risk 

scores, who tend to have complex health conditions, thereby leading under-prediction of their plan 

payments (Kautter et al. 2014; Medicare Payment Advisory Commission 2012, 2014; Pope et al. 

2004). Second, the HCC models are designed to estimate accurate payments at the group level. 

The HCC models pay the same rate for all enrollees with a given health condition, but health care 

expenditures can vary by the severity of the condition (Medicare Payment Advisory Commission 

2012). This creates substantial variability in actual expenditures of enrollees around their risk-

adjusted payments. Moreover, the variability of the within-risk-score expenditures is larger for 

those with higher risk scores (Manning, Basu, and Mullahy 2005). Thus, the HCC models focused 

on group-level accuracy generate large prediction inaccuracy at the individual level, especially for 

those with high-risk scores. 

These suggest that health plans have incentives to strategically respond to the HCC models 

to avoid unprofitable enrollees, especially for those with high-risk scores. Park et al. (2017) found 

that MA plans effectuated service-level selection as a strategic behavior in response to the CMS-

HCC model to avoid unprofitable enrollees. Specifically, MA plans induced unprofitable enrollees 

to voluntarily switch from MA plans to traditional Medicare (TM) by raising copays 

disproportionately more for services needed by them. Another study found that MA enrollees 

switching to TM used high-cost services (e.g., nursing home and home health care) more 

frequently than those continuously staying in MA plans (Rahman et al. 2015). Hence, the switching 

rates from MA plans to TM varied greatly by disease after the implementation of the CMS-HCC 

model (Park et al. 2018). Evidence on service-level selection was found in the Exchanges, showing 
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potential under-provision of care for cancer mental health and substance abuse (Barry et al. 2012; 

McGuire et al. 2014; Montz et al. 2016; Shrestha et al. 2017; Weiner et al. 2012). 

There is an approach to identifying an alternative risk-adjustment model by moving beyond 

the estimation and evaluation methodology used in the HCC models. As described above, the HCC 

models only rely on linear regression and prediction accuracy is merely evaluated at the group 

level, thereby incompletely capturing health status and thus inaccurately estimating plan payments 

at the individual level. To identify the best model in a statistical sense within the HCC framework, 

Park and Basu (2018) applied the HCC model to 19 estimators used to analyze health care 

expenditures in the previous literature (Jones, Lomas, and Rice 2015; Rose 2016) and then 

examined their prediction accuracies not only at the group level but also at the tail distributions 

and individual level. The idea behind this approach is that if there is a statistical model that 

outperforms others in all prediction accuracies, this model would be the best risk-adjustment model 

from the statistical perspective. However, they found that no one estimator performed best in all 

prediction accuracies. This finding suggests that an optimal risk-adjustment model cannot be 

determined solely based on the statistical perspective, but rather it needs to account for statistical 

as well as economic forces to prevent service-level selection.  

In this study, we proposed an alternative risk-adjustment model in both a statistical and 

economic sense. Using machine learning algorithms, we developed the alternative model that not 

only conditions on each enrollee’s demographics and diagnoses but also reflects each enrollee’s 

service-level propensity scores. To determine which estimator is the best to reduce service-level 

selection, next, we performed a paired comparison of the alternative model and the HCC model 

across 19 estimators at the three levels: group level, tail distributions, and individual level.  
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4.2 METHOD 

4.2.1 Data and Study Sample 

We used the Truven MarketScan Commercial Claims and Encounter database, which was used to 

develop and evaluate the HCC model for the individuals and small group markets established by 

the ACA (Kautter et al. 2014). The database contains inpatient, outpatient, and prescription drug 

claims for employees, spouses, and dependents covered by employer-sponsored private health 

plans. Using the database between 2013-2014, we identified a sample of working-age adults (aged 

21 to 64) continuously enrolled in Comprehensive, Health Maintenance Organization (HMO), 

Preferred Provider Organization (PPO), Point of Service (POS), or POS with capitation during 

2013-2014.  

 

4.2.2 Study Design 

Drawing a one percent random sample of the study population, we employed a quasi-Monte-Carlo 

design where each estimator was fitted to the first-year’s individual-level characteristics of 

estimations sets and its prediction accuracy was assessed on the second-year’s total health care 

expenditures of validation sets. To fit an estimator, we used two risk-adjustment models: 1) the 

HCC model adjusting for demographic and diagnostic characteristics and 2) the alternative model 

adjusting for the demographic and diagnostic characteristics as well as service-level propensity 

scores. Using each of the 19 estimators, we estimated two sets of !"#  and $%&, one of which was 

estimated based on the HCC model and the other was based on the alternative model. !"#  indicates 

an enrollee '’s predicted conditional mean. $%& indicates a forecast of individual-level expenditure, 

which is estimated from the predicted conditional probability density function as a stochastic 
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quantity. To distinguish $%& from !"# , we referred to !"#  as a “prediction” of her expenditure, and $%& 

as a “forecast” of her expenditure. We repeated the process described above 100 times while 

sampling with replacement. Using the estimated !"#  and $%& , we calculated each estimator’s 

performance metrics for measuring prediction accuracies at the group level, at the tail distributions, 

and at the individual level. Finally, we calculated the average for each performance metric across 

these iterations. 

 

4.2.3 HCC Model and Alternative Model 

We used two risk-adjustment models. First, we used the HHS-HCC model developed for the adult 

population of the 2014 benefit year (Centers for Medicaid and Medicare Services 2014). We 

included 18 age-sex categories, 114 HCCs, and 16 interactions between disease groups. HCCs are 

mapped from individual diagnoses from five-digit International Classification of Diseases (ICD)-

9 codes to a much smaller number of categories. Each HCC is selected to be clinically meaningful 

and have substantial cost implications. Using the HCC model described above, we estimated !"#  

and $%&. However, there are several differences between the original HHS-HCC model and the HHC 

model used in this study. For example, to control for differences in care management between plan 

type and differences in health care supply between states, respectively, we also included five types 

of plan (Comprehensive, HMO, PPO, POS, or POS with capitation) and 53 state categories. We 

refer to Park and Basu (2018) for other differences and justification.  

Second, we used the alternative risk-adjustment model accounting for service-level 

propensity scores. We followed a two-step process. We predicted the probabilities that each 

enrollee would use each type of service in the second year based on her first-year’s demographic 

and diagnostic characteristics. The rationale for this approach is that the probabilities rely solely 
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on individual-level characteristics on demographics and diagnoses, not utilization, and thus it is 

unlikely to induce an incentive for health plans to provide more services regardless of clinical 

need, which is consistent with the principles of risk adjustment (Medicare Payment Advisory 

Commission 2011; Pope et al. 2011). Following Ellis, Martins, and Zhu (2017), all services were 

classified into mutually exclusive 33 types of services based on the MarketScan’s definitions of 

service location and procedures. To better predict the service-level propensity scores for each type 

of service, we used the 148 demographic and diagnostic variables described above as well as a 

(standardized) risk score calculated from the HCC model and interactions between the risk score 

and each of the demographic and diagnostic variables. To predict the service-level propensity 

scores, we used the generalized boosting model (GBM). We chose GBM because it is an ensemble 

approach where new models are added to correct the errors made by existing models. Models are 

added sequentially until no further improvements can be made. To construct the best GBM, we 

followed the following steps: Since there is a trade-off between the number of trees and learning 

rate, we initially set a high number of trees (10,000) and learning rate (0.05) Then, we sequentially 

decreased the learning rate to find the best trade-off relationship. We used a random subset of 80 

percent of the estimation set to fit a model and the remaining 20 percent to test the fit out of sample. 

Model performance was evaluated based on the area under the curve (AUC) of the receiver 

operating characteristics (ROC). Then, we performed a grid search to find the best combination of 

the learning rate along with other parameters. Next, we figured out the range of the maximum 

depth of variable interactions for the top five models, and then performed a grid search to find the 

best combination among parameters. The model with the highest AUC was selected as the best 

final model. Using the final model, we predicted the service-level propensity scores for those in 

the validation set. To see how well GBM predict, we ran logistic regression and compared AUC 
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between GBM and logistic regression across the 33 types of services. Second, we included the 

service-level propensity scores in the HCC model as covariates, and then estimated !"#  and $%&.  

 

4.2.4 Estimation of Plan Payments 

Following Park and Basu (2018), we used 19 estimators (Table 1): nine parametric regression 

estimators, seven machine learning estimators, and three distributional estimators. We briefly 

describe each estimator and explain how to estimate !"#  and $%& by these three estimator groups. We 

refer to Park and Basu (2018) for detailed explanation of each estimator. 

Parametric Regression Estimators We used nine parametric regression estimators. First, we used 

linear regression (NORMAL) because the HCC models rely on linear regression (Kautter et al. 

2014). We used three different estimation methods for each of three different performance metrics. 

First, we estimated predicted expenditures in the validation set as ((!&|+&) = +&., where +& is a 

matrix of first-year covariates of an enrollee ' in the validation set and . is a column vector of 

coefficients estimated from the estimation set. Second, we used the survival function (Appendix 

Table A) to produce the estimate of /($%& > 1|+&) in the validation set. Because these estimated 

conditional tail probabilities vary across each possible combination of covariates for a given 

enrollee, we took the average in order to integrate out over values of +& to provide the estimate of  

/($%& > 1). Then, we estimated the ratio of /2$%& > 13 and the observed empirical proportion of 

expenditures in the data that exceed the expenditure threshold 1, 4(5
%
678)

4(9678)
. Finally, we used the 

survival function to estimate the metric for measuring individual-level prediction accuracy in the 

validation set. As actual expenditures vary across enrollee, the expenditure threshold for each of 

the four survival functions in the equation (4) varies across enrollees. Using the survival function, 
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we separately estimated four probabilities for each enrollee and combined them into a single 

estimate. Then, we carried out the same procedure as with the estimate of /($%& > 1|+&). 

We also used the generalized beta distribution of the second kind (GB2), and its special or 

limiting cases distributions. Since the GB2 accounts for a flexible four-parameter distribution, it 

enables to reflect the characteristics of the health care expenditure data. For the GB2, we used two 

estimators: one with a log-link function (GB2 LOG) and the other with a squared-root link function 

(GB2 SQRT). For the special or limiting cases distributions, we used five estimators: the three-

parameter generalized gamma distribution (GG), two-parameter gamma (GAMMA), two-

parameter log-normal (LOGNORM), two-parameter Weibull distributions (WEIB), one-

parameter exponential distribution (EXP). We followed the three estimation methods described in 

NORMAL, but there is a difference. As these estimators cannot account for enrollees with zero 

expenditure, we used a two-part model. To estimate ((!&|+&), in the first part, we ran logistic 

regression to estimate the probability of having any positive expenditures for all enrollees in the 

validation set, /(!& > 0). In the second part, using the covariate coefficients and other parameters 

estimated from the estimation set, we estimated predicted expenditures for those with positive 

expenditures, ((!&|!& > 0). Then, predicted expenditures for all enrollees in the validation set 

were estimated by multiplying the probability of having any positive expenditures and predicted 

expenditures for those with positive expenditures ((!&|+&) = /(!& > 0)	× 	((!&|!& > 0). This 

process was also applied to estimations of /($%& > 1) and the metric for measuring individual-level 

prediction accuracy. 

Finally, we used finite mixture models (FMM). Since FMM specify finite mixture 

distributions, it accounts for heterogeneity in populations either based on observed covariates and 

unobserved latent classes. In this study, we used two gamma-distributed components of FMM with 
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a squared-root link function in both components (FMM SQRT). We used the same estimation 

methods as with GB2. 

Machine Learning Estimators We used seven machine learning estimators. Machine learning 

estimators often use a three-way cross-validation to avoid overfitting a model. To be consistent 

with the other estimators, however, we used a one-fold cross-validation and repeated the process 

100 times with sample replacement to produce the average estimates across all replications. 

Although machine learning has the potential to improve model flexibility and predictability under 

certain constraints, we did not put particular constraints in the estimation procedure. This is 

because there is no consensus on specific criteria for selecting constraints in model selection and 

it is not worthwhile to make a model too complex.  

First, we used four regularized linear regressions. Regularized linear regression is similar 

to NORMAL, but different in the way that it shrinks regression coefficients of covariates with 

weak or no contribution to an outcome variable toward zero or exactly zero. We used four 

estimators with different shrinkage approaches: least absolute shrinkage and selection operator 

regression (LASSO) (Tibshirani 1996), ridge regression (RIDGE) (Marquardt and Snee 1975), 

elastic net regression (ENET) (Zou and Hastie 2005), and least angle regression (LARS) (Efron et 

al. 2004). To obtain the estimates of ((!&|+&), /($%& > 1), and the metric for measuring individual-

level prediction accuracy, we carried out the similar estimation methods described in NORMAL. 

For each estimator, we chose the model with the smallest cross-validated mean squared error and 

use the nonzero coefficients of . estimated from the estimation set. To estimate /($%& > 1) and the 

metric for measuring individual-level prediction accuracy, it was needed to have a distributional 

assumption, as shown in the parametric regression estimators. However, machine learning 

estimators do not rely on any distributional assumptions. Thus, we assumed a local normality and 
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allow for heteroscedasticity in variances of health care expenditures. Specifically, we formed 

percentiles of predicted expenditures in the estimation and validation sets, respectively, and 

computed variances of actual health care expenditures for each percentile in the estimation set. 

Then, we applied each of those variances from the estimation set to the equivalent percentile in 

the validation set.  

Furthermore, we used artificial neural network (NNET). NNET builds an algorithm to 

better predict the outcome by detecting complex nonlinear relationships between the outcome 

variable and covariates and detecting all possible interactions between covariates (Zhang, Eddy 

Patuwo, and Y. Hu 1998). However, since the algorithm is not explicitly known, it leads to the 

difficulty of understanding and interpretation of the selected algorithm. We used the similar 

estimation methods described in LASSO. However, the drawback is that the process of estimating 

((!&|+&) is not explicitly known. We allowed the number of units in the hidden layer to be 10, as 

a cross-validated mean squared error was minimal when the number of hidden neurons was 10, on 

average. 

Moreover, we used single decision tree (SINGLE). SINGLE builds a classification or 

regression model in the form of a tree structure by classifying a population into subsets (i.e., node) 

so as to have the most homogeneous outcome based on covariates (Breiman et al. 1984). The 

classification is performed by two covariates, and repeated until the outcome is sufficiently 

identical among observations in each node. To avoid overfitting, we selected a tree size that 

minimizes the cross-validated error. To obtain the estimates of ((!&|+&), /($%& > 1), and the metric 

for measuring individual-level prediction accuracy, we followed the same estimation methods 

described in LASSO. 
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Finally, we used super learner (SUPER). SUPER builds a weighted combination of 

estimators with optimal weights (Van Der Laan, Polley, and Hubbard 2007). Optimal weights are 

typically estimated based on cross-validated mean squared error. We only considered six machine 

learning estimators described above as a candidate estimator. The estimator with the smallest 

cross-validated mean squared error was selected as the final SUPER estimator. We performed the 

same estimation methods described in LASSO. 

Distributional Estimators We used three distributional methods: conditional density 

approximation estimator using ordered logit regression (HH), conditional density approximation 

estimator using multinomial logit regression (FP), and linear probability model (CH). To 

estimate	!>&, we followed the estimation method described in Gilleskie and Mroz (2004). First, the 

outcome variable was grouped into ? discrete intervals. Next, we calculated the probabilities that 

each observation lies in the @ interval, A&B(+&), and the mean value of the outcome variable for the 

@ interval, !CB. Following Jones et al. (2016), we assumed that only the probability of lying within 

an interval relies on covariates and that the mean value of the outcome variable for a given interval 

does not vary with covariates. By multiplying these two values for each interval and summing 

them up across all intervals, we estimated !>& = ∑ A&B(+&)!CB
E

BFG . In this study, we used three 

different ways how to categorize the outcome variable and calculate the probabilities, A&B(+&). For 

HH, we generated a categorical variable for each observation, indicating the interval into which 

the value of the outcome variable falls, and ran an ordered logit regression to calculate the 

probabilities A&B(+&) (Han and Hausman 1990). We performed preliminary work to establish the 

largest number of intervals while retaining good convergence performance, and finally selected 33 

intervals. For FP, we generated a categorical variable that takes value one if the outcome variable 

is less than or equal to the upper boundary, and zero otherwise. Then, we ran a series of logit 
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regressions. (Foresi and Peracchi 1995). From our preliminary work, we select 18 intervals: 0th , 

5th, . . . , 85th, 90th, 95th percentiles as boundaries. For CH, we generated an indicator that is equal 

to one if the outcome variable is less than or equal to each unique value of the outcome variable 

and zero otherwise. Although the original method of Chernozhukov, Fernandez-Val, and Melly 

(2013) proposed to use a logit regression for each unique value of the outcome variable, it requires 

very expensive computational demands for large sample. Alternatively, we used the linear 

probability model by de Meijer et al. (2013), to estimate the probabilities, A&B(+&), (CH). Previous 

studies that the results from the linear probability model and the method of Chernozhukov et al. 

(2013) were virtually identical (Jones et al. 2015). To obtain the estimate of /($%& > 1) and the 

metric for measuring individual-level prediction accuracy in the validation set, we followed Jones 

et al. (2015). We produced the estimate of /($%& > 1∗|+&) , where 1∗  represents one of the 

boundaries of the intervals generated in each of these estimators. As these estimators were 

performed without knowing the threshold 1, it is not always the case where 1∗ = 1. When 1∗ ≠

1, we used the following simple linear interpolation formula to estimate a weighted average of 

/($%& > 1∗|+&)  for the nearest two values of 1∗  to 1 : /($%& > 1∗|+&) = /2	$%& > 1J
∗ K+&3 +

M
8N8O

∗

8P
∗N8O

∗Q R/2	$%& > 1S
∗K+&3 − /2	$%& > 1J

∗ K+&3U, where 1J∗  and 1S∗  represent the thresholds analyzed 

in estimation closest below and closest above 1, respectively. To compute the metric for measuring 

individual-level prediction accuracy, we carried out the same procedure as with NORMAL. We 

followed the same process, but used three different thresholds that vary across each individual, 

instead of the constant threshold 1 across all individuals. 
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4.2.5 Evaluation of Prediction Performance Metrics 

We used three different prediction performance metrics to identify the best estimator for reducing 

service-level selection. To assess the prediction accuracy at the group level, we used five metrics: 

mean prediction error (MPE), ∑(96N9>6)
V

, mean absolute prediction error (MAPE), ∑ |96N9>6|
V

	, root 

mean square error (RMSE), W∑(96N9>6)
X

V
, YZ, 1 − ∑(96N(\]^_`a]^_9>6))

X

∑(96N9>6)
X

, and predictive ratio, 
b

c
∑9>6

b

c
∑96

. 

The highest prediction accuracy takes value one for MPE, MAPE, and RMSE, and zero for YZ and 

predictive ratio, respectively. 

To assess the prediction accuracy at the tail distributions, we used the evaluation metric, 

4(5%678)

4(9678)
, developed by Jones et al. (2015). The metric measures a ratio of the estimated /2$% > 13 

to the actual proportion of a population whose expenditures are higher than the expenditure 

threshold 1. The highest prediction accuracy represents a ratio of one. We used four expenditure 

thresholds ($5,000, $15,000, $25,000, and $80,000), each of which was at the 75th, 90th, 95th, 

and 99th percentiles of the expenditure distribution in our data, respectively. 

To assess the individual-level prediction accuracy, we used the two metrics developed by 

Park and Basu (2018): overall individual-level prediction accuracy, / R|96N5
%
6|

96
× 100 > dU and tail-

specific individual-level prediction accuracy, / R|96N5
%
6|

96
× 100 > d|!& > 1U . The first metric 

measures what portion of a population has forecast error greater than d percentage of their actual 

expenditures. For example, / R|96N5
%
6|

96
× 100 > 10U = 0.70  means that for 70 percent of the 

population, a risk-adjustment model produces under-forecasted or over-forecasted expenditures by 

greater than than 10 percentage of their actual expenditures. Furthermore, the HCC models 

systematically under-predict expenditures for those with very high expenditures (Medicare 
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Payment Advisory Commission 2012, 2014; Pope et al. 2004). Thus, we used the second metric 

to assess the individual-level prediction accuracy at the tail distributions. The highest prediction 

accuracy represents zero probabilities. We used three percentages thresholds d (10, 50, and 100). 

We used the same three expenditure thresholds described above.  

 

4.3 RESULTS 

Table 2 presents descriptive statistics on our total study population. Our total study population 

comprised 12,882,983 working-aged adults continuously enrolled in the same plan type between 

2013-2014. The estimation and validation sets of each iteration included 128,829 adults, 

respectively. Table 2 also provides descriptive statistics for health care use by service type. Among 

the 33 types of service, the most frequently used top five services were non-specialty visits (72.02 

percent), laboratory (67.03 percent), pharmacy (61.81 percent), specialty visits (50.36 percent), 

and prevention-related services (36.53 percent). On the other hand, the least frequently used top 

five services were hospice (0.01 percent), dialysis (0.08 percent), radiology (therapeutic) (0.23 

percent), PET scans (0.28 percent), and home visits (0.69 percent). 

Table 3 shows improvements of prediction performance on AUC with GBM over logistic 

regression across the 33 types of service. GBM outperformed logistic regression in predicting 

service-level use in the second year among all service type categories. Specifically, the service- 

specific average AUC estimated based on GBM ranged from 0.61 to 0.94 (chiropractic and 

maternity, respectively), whereas the service-specific average AUC estimated based on logistic 

regression ranged from 0.56 to 0.93. GBM achieved approximately 10 percent improvements on 

AUC, on average, across the 33 types of service. Substantial improvements were in hospice (56 
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percent), laboratory (18 percent), surgical procedures (12 percent), surgical supplies and devices 

(12 percent), and pharmacy (12 percent).  

 Table 4 presents descriptive statistics for the second-year total health care expenditures. 

The mean expenditures were $6,891. The 75th, 90th, 95th, and 99th percentiles of the expenditure 

distribution were $5,736, $15,384, $27,080, and $80,116, respectively. The first-year information 

on demographics, diagnoses, state, and type of plan are presented in Appendix Table B.   

 Figure 1 presents comparison of prediction accuracies between the alternative model and 

the HCC model across the 19 estimators. The first five graphs show the group-level prediction 

accuracies. When compared the group-level prediction accuracies across the 19 estimators based 

on the HCC model, machine learning estimators had higher group-level prediction accuracies than 

parametric regression and distributional estimators. When the alternative model was applied, these 

machine learning estimators had even more accurate group-level predictions relative to the 

corresponding estimator based on the HCC model. Such increase in group-level prediction 

accuracy was more pronounced for MAPE and YZ  because MPE, RMSE, and predictive ratio 

already achieved a relatively high level of prediction accuracy with the HCC model. However, 

there were small improvements in parametric regression and distributional estimators. 

 The next four graphs in Figure 1 show the prediction accuracies at the tail distributions. 

Among the 19 estimators based on the HCC model, machine learning estimators tended to over-

forecast expenditures above the 75th and 90th percentiles, respectively, of the expenditure 

distribution two times higher than parametric regression and distributional estimators. However, 

such over-forecast decreased as the expenditure threshold increased, and this over-forecast 

disappeared for those above the 99th percentile of the expenditure distribution. When the 

alternative model was applied, machine learning estimators had more accurate forecasts compared 
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to the HCC model with the corresponding estimators, especially for expenditures above the 75th 

and 90th percentiles. However, there was no substantial difference between the alternative model 

and the HCC model in predicting the probabilities of expenditures exceeding $80,000.  

 The last 16 graphs show the individual-level prediction accuracies, the first four of which 

shows the overall individual-level prediction accuracies and the others shows the tail-specific 

individual-level prediction accuracies. There was no substantial difference between the alternative 

model and the HCC model in overall individual-level prediction accuracy. However, the 

alternative model had higher individual-level prediction accuracy at certain expenditure thresholds 

and percentage thresholds with certain estimators. Specifically, when we defined the prediction 

accuracy as a forecast error less than 10 percent and 50 percent, respectively, of each individual’s 

actual expenditures, ridge regression and elastic net based on the alternative model higher 

individual-level prediction accuracy for those with very high expenditures (those above the 95th 

and 99th percentiles of the expenditure distribution) compared to the corresponding estimators 

using the HCC model. However, we allowed the forecast error by 100 percent, there were marginal 

differences between the alternative model and the HCC model. 

 

4.4 DISCUSSION 

In this paper, we proposed an alternative risk-adjustment model using machine learning 

algorithms, which accounts for service-level propensity scores to prevent service-level selection. 

Machine learning algorithms enable to implement this alternative model in two ways. First, we 

found that service-level propensity scores were more accurately predicted based on GBM, thereby 

reflecting the residual health status not captured by the HCC model more accurately as well as 

generating stronger economic incentives to discourage health plans from engaging in service-level 
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selection. Second, we found that this alternative model improved prediction accuracies of health 

care expenditures when combined with machine learning estimators. Specifically, machine 

learning estimators based on the alternative model generally had higher prediction accuracies at 

the group level and at the tail distributions relative to the corresponding estimators based on the 

HCC model. Although improvements in overall individual-level prediction accuracy were 

negligible, machine learning estimators based on the alternative model has higher individual-level 

prediction accuracy, especially for those with very high expenditures compared to the 

corresponding estimators based on the HCC model. 

 Our findings showed that accounting for service-level propensity scores in risk adjustment 

enables to more accurately reflect health status beyond HCCs, thereby leading accurate plan 

payments, especially for those with high expenditures. From the statistical perspective, the idea 

behind this model is to more precisely incorporate health status differences in the calculation of 

plan payments by accounting for the residual health status not captured by the HCC model. 

Previous studies have shown that some services are more likely to be used by beneficiaries whose 

health status could be worse than estimated by the HCC model (Park et al. 2017; Rahman et al. 

2015). This suggests that use of these services serve as a signal to capture the residual health status. 

Adjusting plans payments based on each beneficiary’s future service-level use allows to more 

accurately capture her current health status. It is worthwhile noting that this alternative model is 

feasibly implemented with machine learning algorithms. In this study, GBM was used to estimate 

service-level propensity scores because performance of logistic regression was relatively low. This 

suggests that there may be complex nonlinear relationships and interactions in capturing the 

residual health status, which traditional statistical models were not able to capture. 
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 More importantly, the alternative model is designed to reduce service-level selection by 

generating economic forces to discourage service-level selection. It has been shown that health 

plans have incentives to engage in service-level selection in the MA program (Ellis and McGuire 

2007; Park et al. 2017; Park et al. 2018; Rahman et al. 2015) and the Exchanges (Barry et al. 2012; 

McGuire et al. 2014; Montz et al. 2016; Shrestha et al. 2017; Weiner et al. 2012). To reduce 

service-level selection, this alternative model seeks to equalize incentives in rationing all services 

by providing overpayments for services needed by unprofitable beneficiaries and underpayments 

for services needed by profitable beneficiaries, which originates from optimal risk adjustment 

(Glazer and McGuire 2000). This would redistribute health care costs away from services likely 

to be used by the low-cost individuals and toward services likely to be used by the high-cost 

individuals, thereby reducing health plans’ incentives for service-level selection. It is worthy to 

note that the model is designed not to induce the incentive to offer more services regardless of 

clinical needs. Service-level propensity scores were estimated based on prior year’s health status, 

not actual utilization. Otherwise, this would likely induce health plans to use specific services more 

in order to receive higher payments. 

 Our study showed that the alternative model generated more accurate plan payments when 

combined with machine learning estimators. When compared across estimators based on the HCC 

model, machine learning estimators had higher group-level prediction accuracies than parametric 

estimators and distributional estimators (Park and Basu 2018). In this study, we found that these 

estimators had even higher group-level prediction accuracy with the alternative model, especially 

in MAPE and YZ relative to the corresponding estimators with the HCC model. Moreover, the 

machine learning estimators based on the alternative model had higher prediction accuracy in 

predicting the probabilities of expenditures exceeding $5,000, $15,000, $25,000, respectively, 
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compared to the corresponding estimators based on the HCC model. Finally, the machine learning 

estimators based on the alternative model had higher individual-level prediction accuracy for those 

with very high expenditures (those above the 95th and 99th percentiles of the expenditure 

distribution) compared to the corresponding estimators based on the HCC model, especially for 

ridge regression and elastic net. This suggests that machine learning estimators have the potential 

to detect complex nonlinear relationships and interactions that parametric estimators and 

distributional estimators were not able to capture, especially for those with high expenditures, who 

tend to have complex health status. 

Accounting for the service-level propensity scores in risk adjustment with machine 

learning has the potential to reduce incentives to avoid enrollees with higher expenditures than 

their estimated plan payments. The differential impact of machine learning estimators seems to be 

most pronounced in estimating plan payments for those with high expenditures. Our study provides 

policy implications on the design of an alternative risk-adjustment model, which enables to 

improve prediction accuracy for health care expenditures while reducing service-level selection.  
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Tables 
Table 1 Key for estimator labels 
Estimator Label 
Parametric regression estimators  
Linear regression with the normal distribution of error NORMAL 
Generalized beta of the second kind (log-link) GB2 LOG 
Generalized beta of the second kind (squared-root link) GB2 SQRT 
Generalized gamma (log-link) GG 
Gamma (log-link) GAMMA  
Log-normal (log-link) LOGNORM 
Weibull (log-link) WEIB 
Exponential (log-link) EXP 
Two-component finite mixture of gamma densities (squared-root link) FMM SQRT 
Machine learning estimators  
Lasso regression LASSO 
Ridge regression RIDGE 
Elastic net ENET 
Least angle regression LARS 
Neural net NNET 
Single tree SINGLE 
Super learner SUPER 
Distributional estimators  
Han and Hausman (conditional density approximation estimator using ordered logit regression) HH  
Foresi and Peracchi (conditional density approximation estimator using multinomial logit regression) FP  
Chernozhukov, Fernández-Val and Melly (linear probability model) CFM 
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Table 2 Descriptive statistics on health care use by type of services 
Types of service N % 
Non-specialty visits 11,861,891 72.02 
Home visits 112,947 0.69 
Prevention 6,017,096 36.53 
Maternity 381,349 2.32 
Mental health 1,828,050 11.10 
Substance abuse 124,635 0.76 
Surgical procedures 269,875 1.64 
Surgical supplies and devices 263,669 1.60 
Non-surgery inpatient procedures 505,067 3.07 
Specialty visits 8,294,615 50.36 
Dialysis 13,578 0.08 
PT, OP, and speech therapy 2,221,379 13.49 
Chiropractic 1,287,468 7.82 
Hospice 2,236 0.01 
Emergency room 2,289,684 13.90 
Room and board (surgical) 282,498 1.72 
Room and board (medical and other) 285,464 1.73 
CAT scans 1,122,982 6.82 
Mammograms 2,909,050 17.66 
MRIs 1,216,270 7.38 
PET scans 46,685 0.28 
Radiology (diagnostic) 4,643,718 28.19 
Radiology (therapeutic) 37,860 0.23 
Ultrasounds 2,427,326 14.74 
Diagnostic services 4,468,924 27.13 
Laboratory 11,039,827 67.03 
Pharmacy 10,180,083 61.81 
Facility-based pharmacy 1,094,317 6.64 
Specialty drugs, injections 2,703,674 16.42 
Non-surgery supplies and devices 2,198,911 13.35 
Durable medical equipment 673,987 4.09 
Transportation 285,588 1.73 
Other 3,400,749 20.65 
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Table 3. Prediction performance on service-level use between logistic and GBM regressions  

 
 
 

 The Area Under the ROC Curve 
 Logistic regression GBM regression 
Types of service Mean Min Max Mean Min Max 
Non-specialty visits 0.677 0.674 0.678 0.733 0.730 0.736 
Home visits 0.777 0.766 0.789 0.826 0.808 0.835 
Prevention 0.672 0.671 0.673 0.716 0.713 0.718 
Maternity 0.929 0.927 0.930 0.940 0.937 0.942 
Mental health 0.678 0.675 0.681 0.710 0.707 0.713 
Substance abuse 0.749 0.728 0.769 0.762 0.744 0.781 
Surgical procedures 0.708 0.698 0.718 0.793 0.783 0.797 
Surgical supplies and devices 0.707 0.698 0.716 0.794 0.782 0.801 
Non-surgery inpatient procedures 0.707 0.703 0.715 0.777 0.772 0.782 
Specialty visits 0.692 0.688 0.695 0.740 0.737 0.743 
Dialysis 0.888 0.845 0.939 0.927 0.874 0.960 
PT, OP, and speech therapy 0.613 0.608 0.615 0.662 0.658 0.665 
Chiropractic 0.570 0.565 0.573 0.606 0.602 0.612 
Hospice 0.557 0.504 0.628 0.868 0.715 0.943 
Emergency room 0.594 0.592 0.596 0.649 0.644 0.652 
Room and board (surgical) 0.708 0.699 0.715 0.792 0.783 0.801 
Room and board (medical and other) 0.735 0.725 0.745 0.805 0.797 0.812 
CAT scans 0.676 0.670 0.683 0.727 0.721 0.734 
Mammograms 0.898 0.896 0.899 0.939 0.938 0.940 
MRIs 0.651 0.644 0.655 0.689 0.642 0.705 
PET scans 0.809 0.786 0.820 0.841 0.662 0.885 
Radiology (diagnostic) 0.668 0.666 0.670 0.722 0.667 0.730 
Radiology (therapeutic) 0.781 0.755 0.808 0.826 0.668 0.877 
Ultrasounds 0.707 0.703 0.711 0.765 0.740 0.773 
Diagnostic services 0.705 0.703 0.708 0.752 0.733 0.768 
Laboratory 0.721 0.719 0.724 0.852 0.819 0.896 
Pharmacy 0.616 0.613 0.618 0.687 0.673 0.695 
Facility-based pharmacy 0.708 0.703 0.711 0.738 0.669 0.761 
Specialty drugs, injections 0.635 0.630 0.639 0.685 0.633 0.704 
Non-surgery supplies and devices 0.681 0.677 0.684 0.713 0.670 0.729 
Durable medical equipment 0.672 0.666 0.679 0.738 0.684 0.751 
Transportation 0.651 0.642 0.659 0.701 0.626 0.724 
Other 0.651 0.648 0.652 0.702 0.678 0.708 
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Table 4. Descriptive statistics for total health care expenditures in the second-year (2014) 
N 12,882,983 
Mean $6,891 
SD $22,963 
Skewness 28 
Kurtosis 3,072 
Maximum $8,199,457 
99th percentile $80,116 
95th percentile $27,080 
90th percentile $15,384 
75th percentile $5,736 
25th percentile $416 
10th percentile $0 
1th percentile $0 
Minimum $0 
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Figures 
Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 

 
Note:  A perfect prediction represents zero for mean prediction error, mean absolute prediction 
error, and root mean square error, and one for !" and predictive ratio.
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Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 

 
Note: A perfect prediction represents a ratio of one.
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Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 

 
Note: A perfect prediction represents a zero probability.
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Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 

 
Note: A perfect prediction represents a zero probability. 
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Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 
 

 
Note: A perfect prediction represents a zero probability. 
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Figure 1 Comparison of prediction accuracy between the HCC model and the alternative model 
(continued) 

 
Note: A perfect prediction represents a zero probability. 



Chapter 5.  

CONCLUSION 

There is a long-standing concern about risk selection in the health insurance market. Over several 

decades, policy makers have promoted managed care as a way to improve quality of care while 

containing costs. As this approach creates incentives to encourage preventive care and better care 

coordination, it is especially helpful in caring for Medicare beneficiaries, 68.4 percent of whom 

had two or more chronic conditions and 36.4 percent had four or more chronic conditions. To 

achieve the goals of improving quality of care and containing costs in the Medicare program, CMS 

has reimbursed MA plans, with a capitated amount per beneficiary. As an unintended consequence, 

however, MA plans began to selectively enroll healthier people as a means to receive 

overpayments. 

CMS have tried to reduce risk selection by adjusting payments to MA plans to reflect the 

health status of their enrollees, a process known as risk adjustment. It is used to predict health care 

expenditures to correctly align plan payments with a beneficiary’s expected health care 

expenditure. Its ultimate goal is to discourage health plans from selectively enrolling and caring 

for healthy beneficiaries, thereby encouraging the plans to compete based on providing high-value 

care. To more precisely incorporate health status differences in the calculation of payments to MA 

plans, in 2004, CMS introduced a new risk adjustment model—the HCC model. However, it is 

debated whether the HCC model has been effective in reducing risk selection or whether it has led 

to a strategic evolution of risk selection. 
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The overarching goal of this research is to understand the intended and unintended 

consequences of the HCC model on the MA plans’ patient selection behaviors and propose 

alternative risk adjustment models from the perspectives of statistics and economics, respectively. 

In Chapter 2, we found that the HCC model reduced MA plans’ avoidance of high-cost 

beneficiaries at enrollment, but led to increased disenrollment of high-cost beneficiaries, 

conditional on illness severity (i.e., unprofitable beneficiaries), from MA plans. We explained this 

unintended consequence via service-level selection. We found that MA plans raised copayments 

disproportionately more for services needed by unprofitable beneficiaries than for other services 

after the HCC implementation. This induced unprofitable beneficiaries to voluntarily disenroll 

from their MA plans. Such strategic behavior led to reduced access to some services, such as home 

health care, resulting in delayed care and low care satisfaction. We estimated that this led MA 

plans to save $5.9 billion by transferring the costs to the federal government, thereby placing 

significant financial burdens on the federal government. 

In Chapter 3, we proposed an alternative risk adjustment model from the perspective of 

statistics. The HCC model has two limitations, leading to the unintended patient selection. First, 

the HCC model uses a poor statistical model for health care expenditure data. Second, the HCC 

model is designed to be merely accurate at the group level, thereby generating mispredictions at 

the individual level. This induces MA plans to avoid beneficiaries with higher expenditures than 

their estimated payments. To identify the best predictive statistical model, we performed a 

comprehensive comparison of prediction accuracies across 19 statistical models. To evaluate 

model performance, we developed a new evaluation metric for measuring how close predicted 

expenditures align with actual expenditures at the individual level. Then, we compared the group-

level and individual-level prediction accuracies of the 19 models, including 7 machine learning 
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models. However, we found that no one model performed best in all prediction accuracies. This 

finding suggests that an optimal risk adjustment model cannot be determined solely based on 

statistical metrics. 

In Chapter 4, we proposed an alternative risk adjustment model from the perspective of 

statistics. The HCC model generates underpayments for services more used by unprofitable 

beneficiaries, thereby inducing MA plans to engage in service-level selection. Using machine 

learning techniques with big data, we developed an alternative risk adjustment method that 

accounts for each individual’s future service-level use, thus generating economic incentives for 

MA plans to discourage service-level selection. Then, to determine which model is the best model 

to address service-level selection, we performed a paired comparison of our proposed method with 

the HCC method across the 19 estimators used in Aim 2. We found that our proposed model 

improved group-level and individual-level prediction accuracies, especially for those with high 

expenditures. The improvement was more pronounced in several machine learning models. This 

finding suggests that accounting for service-level propensity scores in risk adjustment with 

machine learning have the potential to more accurately estimate plan payments, potentially 

reducing service-level selection. 

This research provides key policy implications for reform of the health care systems in the 

United States. First, this research sheds light on the mechanism in which MA plans could effectuate 

the unintended consequence of the HCC model. Second, this study offers policy implications for 

CMS in improving risk adjustment methodology that estimates payments to MA plans more 

accurately while discouraging service-level selection. If our proposed model can contribute to 

markedly reducing service-level selection incentives by MA plans, it would enable Medicare 

beneficiaries to receive the right care in the right place at the right time. It would also contribute 
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to reducing overpayments to MA plans, indicating the potential financial gain to the federal 

government. This research can be also applied to various payment and delivery systems. For 

example, under the Affordable Care Act (ACA), by law health plans can no longer differentiate 

premiums by health status, possibly inducing incentives to engage in risk selection. Constructing 

better Medicare’s risk adjustment systems will help to inform policies to protect risk selection 

under ACA. 
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