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POLICY

T he shift to value-based payment strategies and healthcare 

providers assuming greater financial risk for the care 

of patients has generated considerable interest in risk-

adjustment methods that can identify patients who will incur 

high healthcare costs.1,2 Such methods often rely on medical 

claims and electronic health records (EHRs) to predict future 

health needs and healthcare costs of patients based on their prior 

diagnoses, utilization, and costs.3 

About 13% of privately insured individuals change health plans 

in a given year and about 9% change their usual source of care,4 

and this appears to have increased since implementation of the 

Affordable Care Act (ACA).5 However, claims or medical records 

data are usually not available to private insurance plans or practi-

tioners when they accept and treat new patients. 

Due to the lack of data on health history and prior use, health 

needs assessments (HNAs) or health risk appraisals (HRAs) are 

often administered by plans to identify patients’ care needs, 

although it is largely unknown how useful these tools are in pre-

dicting which patients are likely to incur high healthcare costs 

and therefore may require more intensive care management.6,7 

Among other potential limitations, HNAs and HRAs rely entirely 

on patient self-reporting of health conditions and medical care 

use, which may be subject to reporting error. 

Research based on the nationally representative Medical 

Expenditure Panel Survey and the Medicare population shows that 

common measures of self-reported health status—including the 

single-item self-rated general health measure, the SF-12 measure, 

and self-reported chronic conditions—generally performed as 

well as risk scores derived from claims or medical records.8-11 The 

results of 2 studies of Medicaid enrollees showed that self-reported 

information on health status, health behavior, prior utilization, 

and other measures were also good predictors of future use of 

high healthcare costs.12,13 

Whether these results are consistent for individuals with private 

insurance is unknown. In addition, most studies have not directly 

compared the predictive power of self-reported health measures 
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ABSTRACT

OBJECTIVES: To examine how well self-reported data on 
health, health behaviors, and healthcare utilization by a 
sample of privately insured patients predict whether they 
will incur high healthcare costs the following year. 

STUDY DESIGN: A 2012 mail survey of autoworkers from 
Chrysler, Ford, and General Motors, with 3983 survey 
respondents linked to their health insurance claims data for 
2012 and 2013. 

METHODS: High healthcare costs are defined as being in 
the 75th percentile or higher of healthcare expenditures. 
Models that include combinations of claims-based measures 
of expenditures and morbidity and self-reported measures 
of health, health behaviors, and healthcare utilization are 
compared. 

RESULTS: Claims-based measures of healthcare costs and 
comorbidity for 2012 were strong predictors of whether a 
patient would incur high healthcare costs in 2013 (C statistic 
= 0.78). Self-reported measures of chronic conditions, health 
status, health behaviors, and hospital use are also good 
predictors of high healthcare costs. However, even the most 
comprehensive model that included self-reported measures 
was not as accurate in predicting high healthcare costs (C 
statistic = 0.73). 

CONCLUSIONS: Efficient targeting of high-cost patients is 
crucial to the success of innovative care delivery models that 
attempt to lower costs and improve quality of care through 
more intensive care management of patients. The results of 
this study show that in the absence of claims data on prior 
use and expenditures, patient-reported measures of health 
status and prior healthcare use are reasonable predictors of 
future healthcare costs for a privately insured population. 
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with claims-based measures of previous expenditures for the same 

population. The objective of this paper was to determine how well 

patient-reported data on health conditions, overall health status, 

health behaviors, and experiences with the healthcare system pre-

dict high health costs in the future. To our knowledge, this is the first 

study that assesses the ability of a comprehensive set of self-reported 

measures of health, health behaviors, and healthcare utilization 

to predict high healthcare costs for a privately insured population, 

similar to studies that have been conducted for the Medicaid popula-

tion.12,13 Also, because the data include both prior-year claims data 

on health expenditures and self-reported measures for the same 

time period, the study compares self-reported measures and claims-

based measures of expenditures in predicting high healthcare costs. 

METHODS
Data 

The data for this study were based on the 2012 Autoworker Health 

Care Survey, a survey of active and retired hourly wage workers 

from Chrysler, Ford, and General Motors. The survey was spon-

sored by the National Institute for Health Care Reform, a nonprofit, 

nonpartisan organization established by the International Union, 

United Autoworkers; Chrysler Group, LLC; Ford Motor Company; 

and General Motors. The total survey sample included 8624 hourly 

wage workers, retirees younger than 65 years (ie, not eligible for 

Medicare), and their spouses. The sample was randomly selected, 

with some oversampling of active workers so that the proportion 

of active and retired workers in the sample was about evenly split. 

The survey questionnaire was administered by mail. A consent 

form was included that asked respondents for permission to obtain 

insurance claims data for themselves and their spouses. Survey 

respondents were asked to sign and return the consent form to the 

survey firm if they agreed to allow their insurance claims data to 

be linked to their survey data. There were 3983 survey respondents 

who provided consent and had claims data that we were able to link 

to their survey responses. The eAppendix Figure (eAppendices 

available at ajmc.com) describes the process for determining the 

final sample for this study. 

The survey response rate was 64%. Among 

survey responders, claims data were avail-

able for 46%, for a combined response rate 

of 29.4% for the sample with linked claims 

data. Survey weights used in this analysis 

adjusted for survey nonresponse and dif-

ferences between individuals who provided 

signed consent to access their claims data 

and those who did not provide consent. With 

these statistical adjustments, the full survey 

sample and the linked survey/claims sample 

were very similar with respect to age, gender, race/ethnicity, educa-

tion, income, health status, and prevalence of chronic conditions, 

as is shown in the eAppendix Table. 

Dependent Variable

The main dependent variable is a binary indicator of whether the 

individual had high healthcare costs in 2013 (the year following 

the survey), defined as being in the 75th percentile or higher with 

respect to total expenditures for 2013 (about $7000 or higher). Total 

expenditures include combined costs for hospital care (inpatient, 

emergency department [ED], outpatient), prescription drugs, 

office-based physicians, tests, procedures, medical equipment, 

and other services covered by the health plan. 

Independent Variables

Two variables from sample individuals’ 2012 claims data were 

constructed for this analysis, as was a categorical measure reflect-

ing total healthcare expenditures for 2012. Categories include 

being in the 90th percentile of spending or higher ($16,660 and 

above), between the 75th and 90th percentiles ($6610 and $16,660), 

between the 50th and 75th percentiles ($2431 and $6610), and 

below the 50th percentile ($2431 and under). Diagnoses based 

on International Classification of Diseases, Ninth Revision, Clinical 

Modification codes were used to construct a Charlson comorbidity 

index.14 This is a commonly used measure of health status based 

on 22 conditions that has been used in prior research to predict 

mortality and future healthcare costs. 

Measures obtained from the survey questionnaire are used 

to identify all other independent variables in the analysis (see 

Table 1 for more detailed definitions of these variables). These 

include demographic and socioeconomic characteristics (age, gen-

der, race/ethnicity, educational attainment, family income). The 

survey also asked about a selected number of chronic conditions 

that respondents reported had been diagnosed by a physician, 

including hypertension, heart disease, congestive heart failure, 

diabetes, chronic obstructive pulmonary disease (COPD), arthritis, 

depression, high cholesterol, and cancer. Also included were dis-

tinct measures of both self-rated physical and mental health, as 

well as work and activity limitations, needing help with personal 

TAKEAWAY POINTS

Identifying patients who are likely to incur high healthcare costs is a crucial goal of innovative 
care delivery models. Insurance claims or electronic health records are often used to identify 
high-cost patients, but sometimes they are unavailable. The results of this study show that: 

 › Self-reported health and healthcare utilization based on survey data can be useful in predict-
ing whether privately insured patients will incur high healthcare costs when claims-based 
expenditure and health information from prior years is not available. 

 › Among the survey-based measures, questions on inpatient stays and emergency depart-
ment visits in the previous year were the strongest predictors of incurring high healthcare 
costs in the following year.



THE AMERICAN JOURNAL OF MANAGED CARE® VOL. 23, NO. 7  e217

Predicting High-Cost Patients

care, and requiring special equipment due to 

health problems. 

The survey also asked about health behav-

iors or lifestyle factors that may be related to 

healthcare costs, including the amount of 

physical activity respondents engage in on 

a weekly basis, whether they are a current 

smoker, and height and weight (to iden-

tify individuals who are obese). Self-reported 

measures of healthcare utilization are also 

included, such as having a usual source of 

care, number of hospital stays, and ED visits. 

Analysis

The analysis assessed: 1) how well self-report-

ed information on health, health behaviors, 

and healthcare use predict being a high-cost 

patient in 2013 compared with claims-based 

measures of health expenditures and comor-

bidity and 2) which self-reported measures 

appear to be the most important in predicting 

whether a patient will be considered high-

cost in 2013.  Logistic regression models for 

the likelihood of being a high-cost patient in 

2013 were estimated using combinations of 

the independent variables described above. 

One model included only information on 

2012 expenditures and comorbidity (based on 

claims data), as well as age, gender, and race/

ethnicity. These results were compared with 

a series of logistic regressions that included 

only survey variables. These regressions 

sequentially added groups of survey variables 

to assess their relative contribution to predict-

ing high-cost patients. A final model included 

all of the 2012 claims-based expenditures and 

survey measures described above. 

For each model, we computed a C statistic, 

which is a common measure used to quantify 

how well a model predicts an outcome better 

than chance.15 Values range from 0.5 to 1.0, 

with a value of 0.5 indicating that the model 

predicts high-cost patients no better than 

chance and a value of 1.0 indicating that the 

model perfectly predicts high-cost patients. 

Models that have a C  statistic of 0.7 or higher 

are considered to be good predictors of the 

outcome measure.

A pseudo R2 reflects the proportion of 

explained variation in the dependent variable 

TABLE 1. Characteristics of Autoworkers in 2012 and Percent Who Were High-Cost 
Patients in 2013

Characteristic
Percent of  

Autoworkers (SE) 
Percent With High 
Costs in 2013 (SE)

All individuals (n = 3983) 100.0 25.0

Healthcare costs in 2012

≥90th percentile 10.0 (0.5) 54.9 (2.5)

75th-90th percentiles 15.0 (0.6) 46.8 (2.1)

50th-75th percentiles 25.0 (0.7) 22.9 (1.4)

<50th percentile 50.0 (0.8) 9.2 (0.7)

Age, years

<40 6.8 (0.4) 16.0 (2.3)

40-49 16.2 (0.5) 22.6 (1.7)

50-55 23.8 (0.7) 22.6 (1.4)

56-64 (ref) 53.2 (0.7) 23.9 (0.9)

Gender

Male 51.3 (0.8) 22.1 (0.9)

Female (ref) 48.7 (0.8) 23.6 (1.0)

Race/ethnicity

White, non-Hispanic (ref) 79.5 (0.7) 23.3 (0.7)

Black, non-Hispanic 13.8 (0.6) 19.9 (1.8)

Mixed 2.4 (0.2) 23.3 (4.4)

Other 4.3 (0.3) 22.7 (3.3)

Education

Less than HS graduate (ref) 5.0 (0.4) 30.5 (3.3)

HS graduate 36.3 (0.8) 21.8 (1.1)

Vocational or technical school 12.2 (0.5) 25.7 (2.0)

Some college 31.5 (0.7) 21.9 (1.2)

College graduate 15.0 (0.6) 22.3 (1.7)

Family income

<$35,000 (ref) 17.4 (0.6) 23.9 (1.7)

$35,000-$49,000 23.8 (0.6) 20.9 (1.3)

$50,000-$74,999 27.2 (0.7) 25.0 (1.3)

$75,000-$99,000 18.5 (0.6) 22.6 (1.5)

>$100,000 13.2 (0.5) 20.9 (1.7)

Self-reported chronic conditions

Hypertension 43.6 (0.8) 27.6 (1.1)

Heart disease 10.1 (0.5) 34.0 (2.4)

Congestive heart failure 3.9 (0.3) 33.3 (3.9)

Diabetes 19.2 (0.6) 36.0 (1.8)

COPD 14.2 (0.6) 36.9 (2.1)

Arthritis 36.9 (0.8) 30.6 (1.2)

Depression 23.9 (0.7) 32.5 (1.5)

High cholesterol 48.0 (0.8) 27.0 (1.0)

Cancer 7.7 (0.4) 31.7 (2.7)

(continued)
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based on a logistic regression model.16 Values 

can range from 0 to 1.0, with 0 indicating that 

the model explains none of the variation in 

the dependent variable and 1.0 indicating that 

the model explains all of the variation in the 

dependent variable.

A third measure is the discrimination slope, 

which, for each model, reflects the difference 

in the average predicted values for individu-

als with high healthcare costs in 2013 and the 

average predicted values for those who did not 

have such costs. For the best performing mod-

els, sensitivity, specificity, positive predictive 

values (PPVs), and negative predictive values 

(NPVs) were computed. 

RESULTS
Characteristics of the Sample and 
Percent With High Healthcare Costs 
in 2013 

Table 1 shows the weighted characteristics 

of the sample and the percentage with high 

healthcare costs in 2013. Autoworkers with 

high healthcare costs in 2012 also tended to 

have high costs in 2013. Among those in the 

90th percentile of costs for 2012, 54.5% were 

in the 75th percentile or higher of spending for 

2013. Among those who were below the 50th 

percentile of spending for 2012, only 9.2% had 

high healthcare costs for 2013. 

More than half of autoworkers were 

between the ages of 56 and 64, with an 

additional 23.8% between the ages of 50 and 

55. Most autoworkers were white or African 

American, not college graduates, and had 

annual family incomes less than $100,000. 

The percentages of high-cost patients were 

lower for younger workers, African Americans, 

and those with at least some college. 

Autoworkers had high prevalence of 

self-reported chronic conditions, espe-

cially hypertension (43.6%), arthritis (36.9%), 

depression (23.9%), and high cholesterol 

(48%). One-third had 3 or more chronic condi-

tions during the survey year. The percentage 

identified as having high healthcare costs in 

2013 was especially high for autoworkers with 

3 or more chronic conditions. 

TABLE 1. Characteristics of Autoworkers in 2012 and Percent Who Were High-Cost 
Patients in 2013 (continued)

Characteristic
Percent of  

Autoworkers (SE) 
Percent With High 
Costs in 2013 (SE)

Number of chronic conditions

None (ref) 17.5 (0.6) 11.2 (1.2)

1 23.0 (0.7) 15.2 (1.2)

2 23.0 (0.7) 20.9 (1.4)

≥3 36.5 (0.8) 34.4 (1.3)

Self-reported physical health

Excellent 10.5 (0.5) 12.6 (1.6)

Very good 35.3 (0.8) 15.4 (1.0)

Good 40.1 (0.8) 26.7 (1.1)

Fair or poor 14.1 (0.5) 38.1 (3.1)

Self-reported mental health

Excellent 31.8 (0.7) 18.5 (1.1)

Very good 39.6 (0.8) 20.8 (1.0)

Good 22.3 (0.7) 28.6 (1.5)

Fair or poor 6.3 (0.4) 40.3 (4.2)

Disabilities

Work limitations due to health 15.6 (0.6) 38.9 (2.0)

Other activity limitations due to health 13.0 (0.5) 39.3 (2.2)

Needs help or supervision with activities 1.6 (0.2) 46.4 (6.4)

Requires special equipment 4.7 (0.3) 38.1 (3.6)

Amount of physical activity per week

None 20.6 (0.6) 28.1 (1.6)

1-2 days 31.7 (0.7) 23.8 (1.2)

3-4 days 28.4 (0.7) 18.9 (1.2)

≥5 days 19.2 (0.6) 21.2 (1.5)

Current smoker

No 76.8 (0.7) 22.0 (0.8)

Yes 23.2 (0.7) 25.7 (1.5)

Body mass index

Normal/underweight 22.4 (0.7) 18.4 (1.3)

Overweight 35.7 (0.8) 20.7 (1.1)

Obese 42.0 (0.8) 26.7 (1.1)

Has a usual source of care

No 8.7 (0.5) 15.3 (2.0)

Yes 91.3 (0.5) 23.6 (0.7)

Self-reported hospital stays (mid-2011 through mid-2012)

None 87.5 (0.5) 20.7 (0.7)

1 8.4 (0.4) 36.0 (2.7)

≥2 4.1 (0.3) 41.7 (3.9)

Self-reported ED visits (mid-2011 through mid-2012)

0 76.6 (0.7) 20.0 (0.7)

1 16.0 (0.6) 29.4 (1.8)

≥2 7.4 (0.4) 39.0 (2.9)

COPD indicates chronic obstructive pulmonary disease; ED, emergency department; HS, high school; 
ref, reference; SE, standard error.
Source: 2012 Autoworker Health Care Survey, linked to health insurance claims for 2012 and 2013.
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Despite a high prevalence of chronic conditions, most auto-

workers perceived their physical and mental health as excellent, 

very good, or good. About 1 in 6 (15.6%) reported that they were 

limited in their ability to work due to health, and 13% reported 

other health-related activity limitations. High healthcare costs in 

2013 were strongly associated with these measures of health status.

About one-fifth of autoworkers reported little or no physical 

activity in a typical week, 23.2% were smokers, and 42% were 

classified as obese. The percentage with high costs in 2013 was 

higher among those who had no physical activity (compared with 

individuals who were physically active) and were smokers (com-

pared with nonsmokers), and obese persons (compared with the 

nonobese workers). 

Most autoworkers (91.3%) had a usual source of care, 12.5% 

reported an inpatient stay in 2012, and 7.4% reported 2 or more 

visits to the ED in 2012. Autoworkers with self-reported inpatient 

and ED use were much more likely to have high healthcare costs 

in 2013 compared with those with no self-reported hospital use. 

Models Predicting High-Cost Patients

Table 2 compares the performances of different models predicting 

high-cost patients for 2013. Model 1 includes 2012 expenditures, 

the comorbidity index, age, gender, and race/ethnicity. This model 

had a C statistic of 0.78, a pseudo R2 of 17.8%, and a discrimina-

tion slope of .209. Models 2 to 5 include only patient-reported 

information from the surveys. Model 2 includes patient-reported 

demographics, education, and income; model 3 adds self-reported 

chronic conditions; model 4 adds health status and health behavior 

measures; and model 5 adds self-reported inpatient and ED use. 

The results for the C statistics, R2, and discrimination slope are 

consistent in that they show: 1) adding self-reported health, health 

behaviors, and utilization (models 3-5) substantially improves 

predictions of high healthcare costs compared with the model 

that includes only demographics and socioeconomic status, and 

2) models based on survey measures have high predictive power 

(model 5, C statistics = 0.73), but not quite as high as the model that 

includes claims-based measures and demographic characteristics 

(model 1, C statistic = 0.78). 

Table 3 shows measures of sensitivity, specificity, PPV, and NPV 

for the 3 best-performing models (models 1, 5, and 6), computed 

at both the 50th and 75th percent risk thresholds. The most note-

worthy finding from these results is that measures of sensitivity 

TABLE 2. Results of Multivariate Logistic Regression Models for Predicting High-Cost Patients for 2013

Models C Statistic Pseudo R2 Discrimination Slope

1. Includes 2012 healthcare expenditures and comorbidity index from 
claims data; age, gender, race/ethnicity from self-report

0.78 (0.009)a 17.8 0.209

Models based on 2012 survey data onlyb

2. Includes demographic and socioeconomic measures 0.57 (0.011)c 1.1 0.014

3. Adds self-reported chronic conditions 0.70 (0.010)c,a 8.4 0.098

4. Adds self-reported health status and disabilities, and health behavior 0.72 (0.01)c,a 10.4 0.122 

5. Adds self-reported hospital inpatient and ED use in 2012 0.73 (0.01)c,a 11.2 0.131

6. Includes all survey and claims-based variables used in models 1-6 0.80 (0.009)a 20.0 0.241

ED indicates emergency department.
aDifference with model 2 is statistically significant at .01 level.
bVariables are added sequentially in models 2-6. 
cDifference with model 1 is statistically significant at .05 level.
Source: 2012 Autoworker Health Care Survey, linked to health insurance claims for 2012 and 2013.

TABLE 3. Detailed Statistics on Accuracy of Predicting High-
Cost Patients for Selected Models 

Models From Table 2

Risk Threshold

50th 
percentile 

75th 
percentile

Model 1: Based on claims data for 2012 expenditures,  
comorbidity, and demographics from survey data 

Sensitivity 42.6 3.4

Specificity 91.3 99.7

Positive predictive value 62.0 79.5

Negative predictive value 82.7 75.6

Model 5: Survey data only (demographics, SES, self-reported 
chronic conditions, health status, health behaviors, ED visits, 
and hospital stays)

Sensitivity 20.9 2.9

Specificity 95.9 99.7

Positive predictive value 62.8 75.7

Negative predictive value 78.6 75.6

Model 6: Includes all claims and survey-based variables

Sensitivity 41.6 11.1

Specificity 92.7 99.3

Positive predictive value 65.4 84.2

Negative predictive value 82.8 77.2

ED indicates emergency department; SES, socioeconomic status.
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(ie, the percentage of individuals who had high costs in 2013 who 

were accurately predicted by the models) are low, relative to similar 

studies of the Medicaid population.12,13 In fact, few high-cost cases 

for 2013 were predicted accurately based on the 75th percentile 

threshold. Models that include claims data (models 1 and 6) per-

form better on sensitivity compared with the model that includes 

only survey data (model 5). The model that includes both claims-

based and survey variables performed the best on sensitivity at the 

75th percentile risk threshold. 

Importance of Individual Self-Reported Health Mea-
sures in Predicting High-Cost Patients

Table 4 shows the marginal probabilities computed from the 

model with survey-only variables (model 5). The probability of 

being a high-cost patient in 2013 was significantly higher among 

older (relative to younger) individuals, as well as among those with 

diabetes, COPD, arthritis, depression, and cancer; among those in 

good, fair, or poor self-reported health (compared with excellent or 

very good); and among those with work limitations due to health. 

Those with self-reported hospital stays and ED visits in 2012 were 

more likely to have high costs in 2013 compared with those with 

no hospital use. 

DISCUSSION
The results of this analysis show that self-reported informa-

tion on health, health behaviors, and healthcare use commonly 

obtained through HNAs or HRAs is a reasonably good predictor 

of future healthcare costs for a privately insured population in 

the absence of claims or EHRs. Although the models with only 

self-reported measures do not perform quite as well as models 

that include claims-based information on spending and morbidity, 

the results are similar to studies that examined the usefulness of 

self-reported measures in predicting high-cost patients among 

Medicaid beneficiaries.12,13 

Although error in patient-reported data is a longstanding 

concern, one advantage is that it is less susceptible than claims 

or EHR data to “upcoding,” or the tendency by some plans and 

providers to aggressively code patient diagnoses to make patients 

appear sicker in order to maximize payment. A recent study 

found that risk-adjustment scores based on claims data were 

significantly higher for enrollees in Medicare Advantage health 

plans—which are compensated by the federal government and 

partially based on risk scores—than they would be if the enrollees 

were in fee-for-service plans.17 Similar risk-adjustment methods 

are used in the ACA’s federal and state marketplaces: higher rates 

are paid to plans with sicker enrollees, funded in part through 

lower rates paid to plans with healthier enrollees. Self-reported 

health information from patients or plan enrollees is less sus-

ceptible to such bias. 

TABLE 4. Probability of Being a High-Cost Patient in 2013 
Based on Patient Self-Reports of Health, Health Behaviors,  
and Healthcare Utilization

Characteristic
Marginal  

Probabilities  (SE)

Age, years

<40 19.8 (2.7); (P <.001) 

40-49 24.0 (1.3)

50-55 23.8 (1.4)

56-64 (ref) 26.4 (1.0)

Gender

Male 25.6 (1.0)

Female (ref) 24.1 (1.0)

Race/ethnicity

White, non-Hispanic (ref) 25.3 (0.8)

Black, non-Hispanic 22.1 (1.9)

Mixed 20.9 (4.0)

Other 27.1 (3.5)

Education

Less than HS graduate (ref) 26.5 (3.2)

HS graduate 23.1 (1.1)

Vocational or technical school 27.1 (2.0)

Some college 25.2 (1.3)

College graduate 26.2 (1.9)

Family income

<$35,000 (ref) 22.3 (1.8)

$35,000-$49,000 21.6 (1.4)

$50,000-$74,999 27.1 (2.0)

$75,000-$99,000 25.2 (1.3)

>$100,000 26.2 (1.9)

Self-reported chronic conditions

Hypertension 25.3 (1.3)

Heart disease 28.8 (2.5)

Congestive heart failure 26.4 (0.5)

Diabetes 33.3 (2.1); P <.001

COPD 32.0 (2.3); P <.001

Arthritis 27.7 (1.4); P <.01

Depression 28.5 (1.8); P <.01

High cholesterol 25.8 (1.2)

Cancer 33.1 (3.1); P <.001

Number of chronic conditions

None (ref) 23.9 (3.4)

1 22.3 (2.2)

2 24.3 (1.5)

≥3 26.7 (2.2)

(continued)
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Nevertheless, there are no perfect predictors of which patients 

will be high-cost in the future. Only about half of the study sample 

who had high healthcare costs in 2012 also had high healthcare 

costs in 2013, based on the definition used in this study. This may 

reflect greater variability among the sample for the study compared 

with other studies, either due to the relatively small sample size (n 

= 3983) or because the 25% of the study sample with high healthcare 

costs was more heterogeneous than a similarly defined group for 

the Medicaid population. Regardless, the best measures in this 

study used to predict high-cost patients still have a relatively high 

rate of error. 

The success of innovative care delivery models that focus on care 

management for high-cost patients depends, in part, on whether 

the additional resources needed for more intensive care manage-

ment results in greater cost savings in the long run by preventing 

unnecessary or avoidable utilization. The key to this success is 

the efficient targeting of patients who will incur high healthcare 

costs unless diverted into care management programs. If such 

targeting includes a large number of patients who will not incur 

high costs even without the intervention, the effectiveness of care 

management practices in reducing healthcare costs may be greatly 

diminished. The high scores for specificity in this study (ie, the 

proportion of non–high-cost cases in 2013 that were accurately iden-

tified as such) suggest the models estimated in this study would be 

relatively successful in preventing costly case management or other 

specialized services to patients who would not benefit from them. 

On the other hand, the relatively low sensitivity scores suggest that 

a large percentage of patients who would potentially benefit from 

these services may not be selected to receive them and therefore 

would be at higher risk for incurring higher costs. 

Limitations

There are several limitations to this analysis that should be noted. 

First, the sample is limited to US autoworkers and therefore may not 

be generalizable to other privately insured populations. Predicting 

high costs for the autoworker population, which tends to be older 

and have a high prevalence of chronic conditions, may be quite 

different than for a younger and healthier population. In addition, 

the small sample size, compared with those in other studies that 

examined self-reported measures, may lead to lower precision in the 

predictive ability of self-reported measures than if a larger sample 

had been available. Also, the results may differ for specific conditions, 

which is important because many disease management programs 

are designed to improve quality of care and lower costs for specific 

diseases (eg, diabetes) rather than high-risk patients in general. 

CONCLUSIONS 
Information from health needs assessments or health risk 

appraisals are increasingly used for a variety of purposes to 

TABLE 4. Probability of Being a High-Cost Patient in 2013 
Based on Patient Self-Reports of Health, Health Behaviors,  
and Healthcare Utilization (continued)

Characteristic
Marginal  

Probabilities  (SE)

Self-reported physical health

Excellent or very good (ref) 20.9 (1.2)

Good 27.4 (1.2); P <.001

Fair or poor 28.7 (2.2); P <.001

Self-reported mental health

Excellent or very good 24.4 (0.9)

Good 25.7 (1.5)

Fair or poor 26.5 (2.9)

Disabilities

Work limitations due to health 29.7 (2.6); P <.01

Other activity limitations due to health 27.1 (2.6)

Needs help or supervision with 
activities 

22.4 (5.6)

Requires special equipment 27.9 (3.8)

Amount of physical activity per week

None 25.7 (1.5)

1-2 days 25.2 (1.2)

3-4 days 23.8 (1.4)

≥5 (ref) 24.9 (1.6)

Current smoker

No (ref) 24.5 (0.8)

Yes 26.0 (1.5)

Body mass index

Normal/underweight (ref) 24.0 (1.6)

Overweight 24.6 (1.2)

Obese 25.5 (1.1)

Has a usual source of care

No (ref) 23.3 (2.6)

Yes 25.0 (0.7)

Self-reported hospital stays

None (ref) 24.0 (0.8)

1 29.8 (2.7); P <.05

≥2 32.8 (4.2); P <.05

Self-reported ED visits 

0 (ref) 23.5 (0.8)

1 28.1 (1.9); P <.05

≥2 31.1 (3.1); P <.01

COPD indicates chronic obstructive pulmonary disorder; ED, emergency 
department; HS, high school; ref, reference; SE, standard error.
aMarginal probabilities computed from logistic regression analysis. 
Source: 2012 Autoworker Health Care Survey linked to health insurance 
claims for 2012 and 2013.
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improve delivery of care, but little is known as to how effective 

they could be in targeting privately insured patients who are 

likely to incur high healthcare costs. The results from this study 

indicate that self-reported information on health conditions, 

health status, and healthcare use can be useful in predicting high 

healthcare costs when prior year claims or medical records are 

not available. n
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eAppendix 

 

eAppendix Table. Characteristics of Autoworkers in 2012 and Percent Who Were High-Cost 

Patients in 2013 

 Full sample who 

completed survey  

(n = 8624) 

Sample linked to  

claims data  

(n = 3983) 

All persons 100.0 100.0 

Age   

<40 7.6 (0.3) 6.8 (0.4)  

 40-49 16.3 (0.3) 16.2 (0.5) 

 50-55 22.8 (0.5) 23.8 (0.7) 

 56-64 (ref) 53.3 (0.5) 53.2. (0.7) 

Gender   

 Male 51.0 (0.6) 51.3 (0.8) 

 Female (ref) 49.0 (0.6) 48.7 (0.8) 

Race/ethnicity   

 White/non-Hispanic (ref) 76.9 (0.5) 79.5 (0.7) 

 Black, non-Hispanic 16.5 (0.4) 13.8 (0.6) 

 Mixed 2.5 (0.2) 2.4 (0.2) 

 Other 4.1 (0.2) 4.3 (0.3) 

Education   

 Less than HS graduate (ref) 5.1 (0.3) 5.0 (0.4) 

 HS graduate  36.2 (0.5) 36.3 (0.8) 

 Vocational or technical school 11.7 (0.4) 12.2 (0.5) 

 Some college 31.4 (0.5) 31.5 (0.7) 

 College graduate 15.5 (0.4) 15.0 (0.6) 

Family income   

 <$35,000 (ref) 19.6 (0.4) 17.4 (0.6) 

 $35,000 - $49,000 22.5 (0.5) 23.8 (0.6) 

 $50,000 - $74,999 26.8 (0.5) 27.2 (0.7) 

 $75,000 - $99,000 17.8 (0.4) 18.5 (0.6) 

 > $100,000 13.3 (0.3) 13.2 (0.5) 

Number of chronic conditions   

 None (ref) 17.8 (0.4) 17.5 (0.6) 

 1 21.9 (0.5) 23.0 (0.7) 

 2 22.4 (0.5) 23.0 (0.7) 

 3 or more 37.8 (0.5) 36.5 (0.8) 

Self-reported physical health   

 Excellent 9.6 (0.3) 10.5 (0.5) 



 Full sample who 

completed survey  

(n = 8624) 

Sample linked to  

claims data  

(n = 3983) 

 Very good 34.3 (0.5) 35.3 (0.8) 

 Good  39.0 (0.5) 40.1 (0.8) 

 Fair or poor 17.1 (0.4) 14.1 (0.5) 

Body mass index   

 Normal/underweight 22.2 (0.5) 22.4 (0.7) 

 Overweight 36.4 (0.5) 35.7 (0.8) 

 Obese 41.4 (0.6) 42.0 (0.8) 

 

HS indicates high school. 

Source: 2012 Autoworker Health Care Survey, linked to health insurance claims for 2012 and 

2013. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



eAppendix Figure. Identifying the Study Sample  

 

 

 

 
 

 

 

3983 linked to claims 

data and comprise the 

final sample for this 

study 

 

13,500 autoworkers and 

spouses randomly 

selected for survey 

sample  

8624 completed and 

returned survey 

questionnaires 

4018 did not provide 

signed consent to link 

claims and were 

excluded from the study  

4606 provided signed 

consent to link to claims 

data 


