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M edicaid programs provide care to a population 
with widely varying healthcare needs. Because 
of these variations, appreciable benefits accrue 

from the ability to prospectively stratify patients into clini-
cally distinct subgroups. Related applications, including 
targeted case management and the establishment of risk-
adjusted performance benchmarks for providers, are key 
tools in efforts to transform Medicaid into an outcomes-
focused payer.1,2 

While states differ in the extent to which they employ 
such techniques for their Medicaid programs,3 they all share 
the key constraint of lacking information on prior medi-
cal history for new enrollees, including the large expansion 
populations enrolled under the Affordable Care Act. More-
over, Medicaid enrollment is characterized by high levels of 
churn in coverage status,4,5 further complicating the chal-
lenge Medicaid agencies face in garnering recent medical 
histories of their members. For both new and returning 
program applicants, self-reported health measures collected 
at the time of enrollment may be the only practical means 
of gathering such data. To date, there is minimal evidence 
regarding whether states’ enrollment systems are capable of 
meeting the data collection task and whether the resulting 
data are of sufficient quality to be used for predicting high-
need cases.

A recent Medicaid expansion in Wisconsin provides a 
unique opportunity to assess whether self-reported health 
measures gathered from an existing Medicaid enrollment 
system can provide clinically meaningful information. 
Wisconsin’s Medicaid program, in expanding managed 
care coverage to childless adults in 2009, required that ap-
plicants complete a self-reported health needs assessment 
(HNA) in addition to providing the sociodemographic in-
formation typically required for program enrollment.6 Our 
study uses administrative data from this expansion popula-
tion to assess the predictive value of collecting self-report-
ed health measures at the time of application—a novel use 
of Medicaid enrollment systems. To our knowledge, this is 

Predicting High-Need Cases Among New 
Medicaid Enrollees

Lindsey Jeanne Leininger, PhD; Donna Friedsam, MPH; Kristen Voskuil, MA; and Thomas DeLeire, PhD 

ABSTRACT

Objectives 
To assess the ability of a short, self-reported health needs as-
sessment (HNA) collected at the time of Medicaid enrollment to 
predict subsequent utilization and costs.

Study Design
Retrospective cohort study.

Methods
We analyzed individual-level data that included self-reported  
HNAs, medical care encounter records, and administrative  
eligibility records for 34,087 childless adult Medicaid enrollees  
in Wisconsin, covering the period 2009-2010. High need was  
operationalized using the following outcome variables measured  
over the first year of program enrollment: having an inpatient  
admission; membership in the top decile of emergency depart- 
ment (ED) utilization; and membership in the top cost decile. We  
assessed the ability of the HNA to predict high-need cases using  
several complementary methods: the C-statistic; integrated dis- 
crimination improvement; and sensitivity, specificity, and positive  
predictive value resulting from multivariate logistic regression  
estimates.

Results
Using the HNA along with sociodemographic measures met the 
Hosmer-Lemeshow criterion for adequate predictive perfor-
mance for the high ED and high cost outcomes (C-statistics of 
0.74 and 0.72, respectively). The HNA was associated with large 
improvements in predictive performance over sociodemographic 
measures alone for all 3 dependent variables (integrated discrimi-
nation improvement of 182%, 413%, and 300% for ED, cost, and 
inpatient variables, respectively). The HNA also led to consider-
able improvements in sensitivity and positive predictive value 
with no resulting decreases in specificity or negative predictive 
value.

Conclusions
Collecting self-reported health measures for a Medicaid expan-
sion population can yield data of sufficient quality for predicting 
high-need cases. 
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the first paper to explore the promise of using Medicaid 
enrollment systems data in this capacity. 

Our paper tests the following 2 hypotheses: 
 1. HNA data considerably improve the ability to 

predict utilization and costs incurred over the 
first year of Medicaid enrollment, relative to the 
predictive performance of sociodemographic 
data typically collected by Medicaid agencies at 
the time of application; 

 2. A prediction tool comprising a combination of 
HNA and sociodemographic measures meets 
accepted thresholds of predictive ability for utili-
zation and cost outcomes. 

Assessing the predictive ability of the HNA data pro-
vides an instructive case study for other states’ Medicaid 
agencies, as limited empirical evidence exists regarding 
the predictive capacity of self-reported health measures 
among Medicaid members. We hypothesize that self-
reported health measures are meaningfully predictive of 
high resource utilization among Medicaid members, in 
keeping with the related literature demonstrating the ap-
preciable predictive ability of self-reported HNA instru-
ments among populations served by Medicare and the 
Department of Veterans Affairs (VA).7,8

Medicaid programs nationwide have considerable expe-
rience using claims and/or encounter data for a variety of 
actuarial and quality measurement purposes.9 In contrast, 
Medicaid agencies lack experience collecting self-reported 
health data as part of the Medicaid application process. 
The potential relative benefits of this mode of data collec-
tion are large, as the marginal cost of collecting health data 
at enrollment is appreciably lower than fielding a popula-
tion-based survey or establishing and maintaining an en-
counter database suitable for analytic purposes. However, 
there is great concern about and little evidence regarding 
the quality of the resulting self-reported data. Poor health 
status and/or poor literacy may potentially preclude enroll-
ees from accurate reporting.10 Moreover, despite Medicaid 
agencies making explicit promises to the contrary, enroll-
ees may fear that their answers could affect their eligibility 

for certain services.11 The presence 
of these and other unknown (and 
potentially unknowable) data quality 
threats demands a careful empirical 
examination of whether an enroll-
ment-based data collection technique 
can indeed generate health-related 
information of sufficient caliber for 
programmatic purposes.

METHODS
Data and Sample

Data from 2 state administrative systems were merged 
to construct the sample: the Client Assistance for Re-em-
ployment and Economic Support System (CARES), which 
stores all social program applications, and InterChange, 
which warehouses all claims and encounter data for Wis-
consin Medicaid members. The study sample was drawn 
from the 48,460 enrollees who applied for the waiver pro-
gram between its launch in July 2009 and the subsequent 
imposition of an enrollment freeze in October 2009, and 
who were enrolled in coverage for at least 1 year. 

While the Department of Health Services (DHS) had 
initially intended that all waiver enrollees complete an 
HNA, logistical constraints precluded their universal 
administration. As such, the analytic sample was lim-
ited to the 34,087 members who completed an HNA at 
the time of enrollment. These members comprised 70% 
of the relevant population entering the program during 
the study period. DHS agency officials have shared with 
us that in some months case workers processing phone 
applications had to sacrifice HNA completion in favor 
of expediency, given the unanticipated magnitude of 
applicants (conversation with Linda McCart, director, 
DHS Policy and Research Section, July 2012). Members 
with and without HNA information have similar racial 
and ethnic backgrounds, but differ with respect to age 
and sex, with HNA respondents being older and dispro-
portionately female (eAppendix Table). While the HNA 
completion rate was not universal, it compares favor-
ably to that achieved by a similar pilot study assessing 
the predictive ability of a self-reported health screener 
collected on a VA population,8 which had a coverage 
rate of roughly 40%.

Outcomes 
Emergency department (ED) visits and inpatient utili-

zation were chosen as the primary outcomes of interest, 
as both of these types of care have long been the focus of 

Take-Away Points  
Predictive models of new enrollees at risk for high healthcare utilization were developed 
using data from a self-reported health needs assessment (HNA) administered as part of 
the Medicaid application.

n	 	 Self-reported HNA data can be used successfully by Medicaid agencies to prospec-
tively classify individuals by risk of high healthcare utilization.

n	 	 Self-reported HNA data have promise for building predictive models for new and re-
turning Medicaid populations about whom the program lacks recent utilization history.

n	 	 As large numbers of individuals lacking insurance histories enter Medicaid under the 
Affordable Care Act, states will need to develop such models.
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Statistical Analysis
A series of logistic regression models, corresponding to 

the 7 blocks of predictors described above, was fitted for 
each outcome. Thus, the baseline model included only the 
sociodemographic measures, and each subsequent model 
included the addition of a subset of (or, in the case of the 
final specification, the entire set of) HNA measures. For 
each of the HNA specifications, we tested the incremental 
predictive ability of the HNA measures over that of the 
baseline demographic model.

We used 3 measures of predictive ability to assess the 
efficacy of the self-reported HNA measures. First, predic-
tive ability was assessed using the C-statistic, the most 
commonly reported measure of model discrimination in 
the related literature.16-18 For a dichotomous outcome, it 
is identical to the area under the receiver operating curve, 
a plot of the sensitivity (true positive rate) against 1 – 
specificity (false positive rate) across the entire range of 
possible predicted probability thresholds. The C-statistic 
ranges between 0.5 and 1, with a value of 0.5 reflecting 
predictive ability no more accurately than a coin flip and 
a value of 1 reflecting perfect predictive ability. A rule of 
thumb suggested by Hosmer and Lemeshow19 and widely 
adopted in the clinical literature is as follows: C-statistics 
greater than or equal to 0.7 are considered acceptable and 
values greater than 0.8 are considered excellent.

Second, we calculated the discrimination slope, a 
complementary metric that provides greater intuition re-
garding the magnitude of incremental predictive ability 
contributed by an augmented model.16-18,20 The discrimi-
nation slope is computed as follows:

average ( p̂  e v e n t) – average (  ̂ p n o e v e n t),

with p̂ representing the mean value of the predicted prob-
abilities resulting from the logistic regression model of the 
dependent variable event on a given set of predictors. Al-
ternately stated, the discrimination slope is the difference 
between the average predicted probabilities of sample mem-
bers experiencing the outcome and the average predicted 
probabilities of sample members not experiencing the out-
come. Improvements in the discrimination slope, termed 
integrated discrimination improvement (IDI), are reported 
both as the level difference between a baseline and augmen- 
ted model and as the percent improvement associated with 
the augmented model relative to the baseline model.

We employed a split-sample approach to compute all 
C-statistics and discrimination slopes. This approach in-
volves randomly dividing the sample into 2 subsamples, 
the first of which is used to fit the model (n = 17,043). 

Medicaid case management efforts12 and subsets of both 
(eg, ambulatory sensitive ED visits and hospital read-
missions) are widely recognized as potential healthcare 
performance indicators.13,14 Accordingly, they are also 
the most commonly considered utilization outcomes for 
predictive modeling applications in Medicaid.11 Medi-
caid case management programs often seek to target 
the highest-cost cases15; as such, we examined the incur-
rence of high costs as an additional outcome of interest. 
We operationalized the dependent variables by creating 
the following 3 binary indicators measured over a mem-
ber’s first year of Medicaid enrollment: membership in 
the top decile of ED utilization, which reflects having 3 
or more ED visits; having at least 1 inpatient hospital-
ization (similar to a top decile measure, as 9.2% of the 
sample experienced an inpatient event); and member-
ship in the top cost decile, which represents costs of at 
least $6360.

Predictors
We estimated the predictive ability of 7 different sets of 

predictors, the first of which consisted a standard set of  
sociodemographic variables currently collected by Medic-
aid enrollment systems (see Table 1 for the complete list). 
Each of the remaining blocks of predictors included both 
the sociodemographic variables and additional variables 
drawn from the HNA (see eAppendix Figure for details 
on exact wording and progression of HNA measures). 
The second set of predictors included sociodemograph-
ics plus dummy variables reflecting the presence of the 
following conditions enumerated in the HNA: asthma; 
cancer; chronic obstructive pulmonary disease; depres-
sion; diabetes; emphysema; heart problems; high blood 
pressure; other mental health condition; and stroke. The 
third set included sociodemographics plus self-reported 
measures of behavior captured in the HNA: an indica-
tor reflecting smoking status and an indicator reflecting 
problem alcohol or other drug use. The fourth set was 
sociodemographics plus a dummy variable reflecting high 
prescription drug use, measured as using 5 or more prescrip-
tion drugs. Access to care indicators that reflected having a 
regular doctor and a regular clinic comprised, along with 
sociodemographics, the fifth set; sociodemographics plus 
a measure representing the previous year’s utilization, op-
erationalized as having experienced an ED visit or hos-
pitalization for one of the HNA-enumerated conditions, 
comprised the sixth. The seventh set of predictors was 
the entire vector of HNA measures (conditions + behavior + 
prescriptions + access to care + previous year’s utilization) plus 
sociodemographics.
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The resulting estimates are then applied to the withheld 
validation sample (n = 17,044), with which the metrics 
of interest and associated 95% confidence intervals are 
computed using a 500 replicate bootstrap procedure. We 
also bootstrapped the difference in the C-statistic and 
discrimination slope between each augmented model and 
the baseline model to determine the statistical significance 
of any marginal gain in predictive performance.

Finally, we computed measures of sensitivity, specific-
ity, and positive and negative predictive values associated 
with the baseline demographic model compared with the 
specification employing all the HNA measures. In keeping 
with the related literature, we chose the 50th, 75th, and 
90th percentiles in the predicted risk distribution as our 
threshold values.15,21 These results are particularly impor-
tant for case-finding applications, as stakeholders must 

n Table 1. Descriptive Statistics

Characteristic Full Sample High ED Any Inpatient High Cost

N (n = 34,087) (n = 3076) (n = 3147) (n = 3957)

Age in years, mean (SD)  42.2 (13.7) 37.9 (12.5) 45.9 (11.8) 46.1 (11.4)

Male 16,542 (48.5) 1530 (49.7) 1455 (46.2) 1772 (44.8)

Race

  White 26,482 (77.7) 2065 (67.1) 2506 (79.6) 3197 (80.8)

  Black 4945 (14.5) 742 (24.1) 411 (13.1) 481 (12.2)

  Other 936 (2.8) 89 (2.9) 71 (2.3) 95 (2.4)

  Unknown 1724 (5.1) 180 (5.9) 159 (5.1) 184 (4.7)

Hispanic ethnicity 1308 (3.8) 170 (5.5) 118 (3.8) 161 (4.1)

Income

  0%-50% FPL 14,097 (41.4) 1773 (57.6) 1414 (44.9) 1778 (44.9)

  51%-100% FPL 6427 (18.9) 518 (16.8) 594 (18.9) 727 (18.4)

  101%-138% FPL 5571 (16.3) 362 (11.8) 488 (15.5) 593 (15.0)

  >138% FPL 7159 (21.0) 389 (12.6) 602 (19.1) 798 (20.2)

  Income missing 833 (2.4) 34 (1.1) 49 (1.6) 61 (1.5)

Conditions

  Asthma 3896 (11.4) 616 (20.0) 468 (14.9) 727 (18.4)

  Cancer 370 (1.1) 30 (1.0) 73 (2.3) 131 (3.3)

  COPD 623 (1.8) 101 (3.3) 139 (4.4) 221 (5.6)

  Depression 6736 (19.8) 1060 (34.5) 891 (28.3) 12,990 (32.6)

  Diabetes 3079 (9.0) 335 (10.9) 491 (15.6) 773 (19.5)

  Emphysema 433 (1.3) 64 (2.1) 93 (3.0) 148 (37)

  Heart problem 2057 (6.0) 276 (9.0) 400 (12.7) 536 (13.6)

  High blood pressure 7417 (21.8) 742 (24.1) 1020 (32.4) 1360 (34.4)

  Other mental health condition 2725 (8.0) 536 (17.4) 364 (11.6) 479 (12.1)

  Stroke 377 (1.1) 53 (1.7) 86 (2.7) 106 (2.7)

Behaviors

  Smokes 12,663 (37.2) 1546 (50.3) 1408 (44.7) 1729 (43.7)

  Alcohol/other drug problem 1413 (4.2) 289 (9.4) 267 (8.5) 258 (6.5)

5 or more prescription drugs 3396 (10.0) 567 (18.4) 645 (20.5) 1136 (28.7)

Access to care

  Has a regular doctor 12,505 (36.7) 1018 (33.1) 1302 (41.4) 1824 (46.1)

  Has a regular clinic or hospital 12,854 (37.7) 1103 (35.9) 1282 (43.9) 1897 (47.9)

Had an inpatient or ED for enumerated 
condition in past year

2419 (7.1) 674 (21.9) 561 (17.8) 729 (18.4)

COPD indicates chronic obstructive pulnonary disease; ED, emergency department; FPL, federal poverty level. 
Data are presented as n (%) unless otherwise specified.
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decide upon a risk threshold at which a program (or addi-
tional screening measure) will be administered. 

RESULTS
Descriptive statistics are displayed in Table 1. Excepting 

cancer and top ED use, each condition was positively asso-
ciated with membership in the top utilization and top cost 
deciles. Similarly, the behavior, prescription drug, and pre-
vious year’s utilization measures were all positively correlat-
ed with membership in the top utilization and cost deciles. 
Both access to care measures exhibited modest negative as-
sociations with membership in the top ED decile and mod-
est positive associations with the hospitalization and cost 
outcomes. 

Predictive performance of the multivariate specifications 
is displayed in Tables 2 and 3. For top ED utilization, C-
statistics ranged between 0.67 for the baseline specification 
and 0.74 for the richest HNA specification. The past-year 
utilization and condition specifications provided the great-
est incremental predictive improvement over baseline; both 
behaviors and prescriptions were also associated with ap-
preciable increases in predictive performance. In contrast, 
the access-to-care domain provided no meaningful im-
provement in predictive ability. Comparing discrimination 
slopes yielded similar conclusions (Table 3). 

Predictive performance, measured by either the C-statis-
tic or the discrimination slope, was lowest for the hospital-
ization outcome (C-statistic for richest specification = 0.67). 
Here again the conditions and utilization domains offered 
the greatest incremental increases in predictive ability over 
baseline (C-statistic of 0.65 and 0.63 for conditions and past 
utilization specifications, respectively, vs 0.59 for the base-
line model). Prescriptions and behaviors both contributed 
meaningful improvements in predictive accuracy over base-

line (IDI of 90% and 60%, respectively), while the access-to-
care specification constituted a negligible (albeit statistically 
significant) improvement.

Similar to the progression of models predicting high ED 
use, the inclusion of the HNA predictors improved the 
performance of models predicting membership in the top 
cost decile sufficiently, such that the richest specification 
met the Hosmer-Lemeshow rule-of-thumb threshold for ac-
ceptability. Specifically, the C-statistics ranged from 0.61 for 
the baseline model to 0.72 for the richest HNA specifica-
tion. For the cost outcome the block of condition predic-
tors was associated with the greatest marginal improvement 
(C-statistic of 0.69; IDI of 267%). In contrast to the other 
2 outcomes, the past year’s utilization specification was 
ranked third with respect to incremental performance im-
provement; however, it is important to note that while the 
specification’s relative performance was lower, the level of 
incremental predictive ability remained considerable (IDI 
of 153%). Also of note is that the relative contribution of 
prescription drugs was much higher for the cost outcome 
compared with the other 2 outcomes (IDI of 248% for cost, 
compared with 48% and 90% for ED and inpatient utiliza-
tion, respectively). Importantly, the incremental predictive 
contribution of the HNA measures was highest for the cost 
outcome (IDI of 413% for specification including all HNA 
measures).

Table 4 displays the sensitivity, specificity, and positive 
and negative predictive values by risk threshold associated 
with the baseline model and the specification including all 
HNA measures. For each outcome, the HNA specification 
was associated with appreciable improvements in sensitiv-
ity—especially at the 75th and 90th percentiles—with no 
resulting decreases in specificity. Similarly, the HNA specifi-
cations improved positive predictive value across all thresh-
olds, with especially large improvements seen at the 90th 

n Table 2. Discriminative Ability by Type of Predictor: C–Statistic

C-Statistic

Model High ED Any Inpatient High Cost

Demographics only (base model) 0.667 (0.654–0.681) 0.592 (0.578–0.606) 0.610 (0.597–0.624)

Demographics + conditions 0.712a (0.699–0.725) 0.649a (0.634–0.663) 0.694a (0.681–0.708)

Demographics + behaviors 0.689a (0.676–0.703) 0.616a (0.602–0.630) 0.621a (0.608–0.634) 

Demographics + prescriptions 0.692a (0.679–0.706) 0.626a (0.612–0.641) 0.678a (0.665–0.692)

Demographics + access to care 0.668 (0.655–0.682) 0.600a (0.587–0.613) 0.630a (0.617–0.642)

Demographics + past year ED/inpatient 0.709a (0.670–0.722) 0.629a (0.615–0.642) 0.649a (0.635–0.662)

Demographics + all HNA measures 0.738a (0.725–0.750) 0.670a (0.657–0.683) 0.715a (0.702–0.728)

ED indicates emergency department; HNA, health needs assessment. 
N = 17,044 for all validation samples. 
95% confidence intervals in parenthesis. 
aindicates that the C–statistic differs from base model at P <0.01
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percentile, with no associated decline in negative predic-
tive value. The tradeoff between sensitivity and specific-
ity at different risk thresholds is striking, and underscores 
the tensions inherent in choosing a threshold at which to 
target case-finding applications of the underlying predic-
tive model. As is expected given the low prevalence of the 
outcome measures and in keeping with similar studies,15 
positive predictive values were fairly low, even at the 90th 
percentile of the risk distribution (HNA specification: 
0.27 for the ED outcome; 0.22 for any hospitalization; and 
0.30 for high cost).

 
Sensitivity Analysis and Limitations

We also performed a number of sensitivity analyses to 
assess the robustness of these findings across additional 
specifications. First, we estimated an additional specifica-
tion including a dummy variable reflecting having a co-
morbidity (2 or more enumerated conditions) in addition 
to the full set of HNA measures.22,23 This additional co-
variate added no incremental predictive power. Second, 
we estimated models employing top-decile, ambulatory 
care–sensitive ED visits as the ED outcome measure, us-
ing the algorithm created by Billings and colleagues.24 
Results were very similar to the specifications modeling 
top-decile total ED visits (available from the authors 
upon request). 

A potential limitation of our analysis is that it was 
constrained to use the particular HNA as designed by the 
Wisconsin DHS. The HNA did not include several of the 
best established predictors of future health costs and utili-
zation, including general health status and functional and 
activity limitations, and all-cause past utilization over the 
past year.25-28 Such omissions, therefore, suggest that our 
estimates represent a conservative estimate of the poten-

tial predictive ability associated with HNA administra-
tion to new adult Medicaid enrollees. 

DISCUSSION
We found that a simple, self-reported health needs 

assessment collected via a Medicaid enrollment system 
was meaningfully predictive of future healthcare utiliza-
tion for a sample of new childless adult enrollees. For the 
outcomes of high ED utilization and high cost, the HNA 
measures combined with demographic measures dem-
onstrated acceptable predictive performance and were 
associated with large incremental predictive improve-
ments over demographic variables alone for each of the 
3 outcomes, with the largest incremental improvements 
achieved for the high cost outcome. It is encouraging that 
the predictive performance of the HNA approaches that 
achieved in a claims-based study on a comparable Medi- 
caid population in Vermont.15 Two corroborating studies 
using within-sample comparisons found that the predic-
tive ability of a self-reported health screener approaches 
but does not quite meet that exhibited by recent claims 
history.29,30 

The Wisconsin experience shows that the use of HNA-
like instruments via Medicaid application systems holds 
great promise for prospective assessment of new enrollees. 
Medicaid agencies deciding whether and how to use an 
HNA-like instrument in predictive modeling applications 
face several important issues, however. As is the case with 
all risk adjustment applications, agencies will need to work 
assiduously to ensure that provider groups believe in the 
legitimacy and fairness of an HNA-based risk model. Medi-
care’s long standing experience with using survey data as a 
frailty risk adjuster could serve as an instructive guide in 

n Table 3. Discriminative Ability by Type of Predictor: Discrimination Slope

Discrimination Slope

Model High ED Any Inpatient High Cost

Demographics only (base model) 0.027 (0.024–0.029) 0.010 (0.009–0.012) 0.016 (0.014–0.017)

Demographics + conditions 0.049a (0.045–0.054) 86% 0.026a (0.023–0.029) 160% 0.058a (0.053–0.064) 267%

Demographics + behaviors 0.036a (0.033–0.039) 36% 0.016a (0.014–0.018) 60% 0.018a (0.016–0.020) 14%

Demographics + prescriptions 0.039a (0.036–0.043) 48% 0.019a (0.017–0.022) 90% 0.055a (0.050–0.060) 248%

Demographics + access to care 0.027 (0.025–0.030) 1% 0.011a (0.010–0.013) 10% 0.019a (0.018–0.021) 20%

Demographics + past year ED/inpatient 0.060a (0.054–0.065) 123% 0.028a (0.024–0.031) 180% 0.040a (0.036–0.045) 153%

Demographics + all HNA measures 0.075a (0.069–0.081) 182% 0.040a (0.036–0.045) 300% 0.081a (0.074–0.088) 413%

ED indicates emergency department; HNA, health needs assessment.  
N = 17,044 for all validation samples. 
95% confidence intervals in parenthesis. 
Integrated discrimination improvement calculated as % improvement in discrimination slope over base model in italics. 
a indicates that the discrimination slope differs from base model at P <.01 or better.
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navigating this and other issues inherent in implementing 
survey-based risk adjustment.27,28,31,32 Agencies interested in 
using an HNA to target case management and/or other 
specialized services must be mindful that the positive pre-
dictive value of the resulting model is likely to be low. In rec-
ognition of this limitation, traditional disease management 
programs often use predictive modeling as a first screen, 
complemented by a subsequent screen typically involving 
follow-up by a nurse case manager.29 Additionally, conduct-
ing a business case analysis similar to that pioneered by 
Billings and colleagues33,34 would give stakeholders a sense 

of the likely fiscal impacts associated with a case-finding 
intervention employing a predictive model. We conclude 
with a final note that, as was the case in Wisconsin, HNA 
instruments are often designed for several purposes, many 
of which are not predictive in nature.35 Designing an effec-
tive HNA will require balancing its predictive goals with 
the demands of its other stated objectives. 

Author Affiliations: Department of Health Policy and Administra-
tion, School of Public Health, University of Illinois at Chicago, IL (LJL); 
Population Health Institute, School of Medicine and Public Health, Uni-
versity of Wisconsin–Madison (DF, KV); and McCourt School of Public 
Policy, Georgetown University, Washington, DC (TD).

n Table 4. Sensitivity, Specificity, and Predictive Values by Risk Threshold

50th Percentile 75th Percentile 90th Percentile

High ED

Demographics only

  Sensitivity 0.712 0.451 0.208

  Specificity 0.520 0.769 0.912

  Positive predictive value 0.125 0.158 0.185

  Negative predictive value 0.950 0.936 0.923

Demographics + HNA

  Sensitivity 0.786 0.540 0.285

  Specificity 0.526 0.783 0.925

  Positive predictive value 0.138 0.193 0.266

  Negative predictive value 0.962 0.947 0.931

Any hospitalization

Demographics only

  Sensitivity 0.619 0.340 0.141

  Specificity 0.510 0.755 0.911

  Positive predictive value 0.113 0.123 0.138

  Negative predictive value 0.930 0.919 0.913

Demographics + HNA

  Sensitivity 0.689 0.439 0.234

  Specificity 0.523 0.773 0.917

  Positive predictive value 0.127 0.163 0.222

  Negative predictive value 0.943 0.932 0.922

High cost

Demographics only

  Sensitivity 0.622 0.341 0.143

  Specificity 0.521 0.757 0.911

  Positive predictive value 0.127 0.136 0.153

  Negative predictive value 0.925 0.911 0.904

Demographics + HNA

  Sensitivity 0.736 0.519 0.300

  Specificity 0.531 0.780 0.922

  Positive predictive value 0.150 0.209 0.301

  Negative predictive value 0.947 0.935 0.921

ED indicates emergency department; HNA, health needs assessment. 
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eAppendix.

n eAppendix Table. Descriptive Statistics, HNA Completers Versus Non-Completers

 
Characteristic

Has HNA 
N = 34,087

No HNA 
N = 14,373

H0:HNA = No HNA 
P

Age, years (mean, SD) 42.16 (13.65) 37.71 (14.18) <.01

Gender, % male 48.53% 55.96% <.01

Race (%)

  White 77.68% 76.40% <.01

  Black 14.51% 13.84% <.04

  Other 2.75% 3.51% <.01

  Unknown 5.06% 6.25% <.01

Hispanic ethnicity (%) 3.84% 3.94% <.58

Income (%)

  0%-50% FPL 41.36% 34.36% <.01

  51%-100% FPL 18.85% 14.51% <.01

  101%-138% FPL 16.34% 12.08% <.01

  >138% FPL 21.01% 15.99% <.01

  Income missing 2.44% 23.06% <.01

Any ED visit over study period 33.81% 32.15% <.01

Any inpatient over study period 9.23% 6.72% <.01

Expenditures over study period, mean (SD) $3233 (8552) $2189 (9511) <.01

ED  indicates emergency department; HNA, health needs assessment.

n eAppendix Figure. HNA Screenshot

Please check the box for any medical condition that John has right now 

Asthma Cancer 

Diabetes 

COPD (Chronic Obstructive 
Pulmonary Disease 
Emphysema 

Stroke 

Does John...

         feel that  he/she has a problem with his/her use of alcohol or drugs?

         indicate that he/she has been hospilatlized or had other medical care for 
         emotional or psychiatric reasons In the last two years?

         take more than 5 prescription medications? 

         use tobaco?

         have a regular doctor?

         have a regular clinic or hospital?

Y    |   N

Y    |   N

Depression

Heart Problems High Blood Pressure 

You told us that John has asthma: Has John...

         been to the emergency room in the past 12 months because of asthma?

         been hospitalized in the past 12 months because of asthma?
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