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ttempts to lower medical costs by identifying and intervening

in the care of patients with the greatest need, sometimes

referred to as “hotspotting,” is a theoretically attractive
approach to reducing health care spending and improving popula-
tion health.! Unfortunately, a recent evaluation of one of the most
prominent hotspotting programs found that the program failed to
reduce readmissions and costs.? Evaluation results suggest that the
positive effects attributed to similar care management programs
may result from research designs that do not adequately control
for regression to the mean, rather than the ability of these care
management programs to reduce costs. This highlights a challenge
that many care management programs face: Although it is easy to
identify patients with high past utilization, these patients will not
necessarily be the highest utilizers in the future.*®

Prior utilization information is likely to be an important element
inidentifying high-cost patients, butideally it would be combined
with other data to identify the rising risk population. Collecting
potentially useful data such as admission, discharge, and transfer
(ADT) feeds from hospitals and integrating them into predictive
modeling are problematic in practice. As a result, health plans
and state Medicaid agencies have used risk prediction models
primarily based on claims data.®” However, these claims-based
actuarial models lack information on the social determinants of
health (SDOH) associated with medical spending.®® This is the
result of difficulties in collecting and integrating member-specific
SDOH data into processes for risk stratification and directing care
management resources, which have proved challenging for insurers
and providers alike. Although many health insurers recognize the
need to address SDOH and have been active in developing programs
to do so," developing the infrastructure needed to collect individual-
level SDOH data has been more challenging. Even accountable
care organizations (ACOs) actively engaged in programs to address
SDOH struggle to assess members’ SDOH needs and to incorporate
this information into targeted interventions." Providers have also
reported similar challenges in collecting and using SDOH data.”
In addition to lacking data on SDOH factors affecting utilization

and cost, claims-based models are subject to lags between service

ABSTRACT

OBJECTIVES: To determine whether a risk prediction
model using artificial intelligence (Al) to combine multiple
data sources, including claims data, demographics,

social determinants of health (SDOH) data, and admission,
discharge, and transfer (ADT) alerts, more accurately
identifies high-cost members than traditional models.

STUDY DESIGN: The study used data from a Medicaid
accountable care organization and included a population

of 61,850 members continuously enrolled between May 2018
and April 2019.

METHODS: Risk scores generated by 2 models were
estimated for each member. One model, developed by
Medical Home Network, used Al to analyze SDOH data,

ADT activity, and claims and demographic characteristics,
whereas the other model (Chronic Illness and Disability
Payment System [CDPS]) relied only on demographic and
claims information. To compare models, we calculated mean,
median, and total spending for members with the highest 5%
of Al risk scores and compared these with spending metrics
for members with the highest 5% of CDPS scores. We also
compared the number of members with the highest 5% of
costs prospectively identified by each model as highest risk.
We segmented the population by length of prior enrollment
to control for varying levels of claims experience.

RESULTS: The Al model consistently identified a higher
proportion of the highest-spending members. Members
deemed highest risk by the Al model also had higher spending
than members deemed highest risk by the CDPS model.

CONCLUSIONS: Identification of high-cost members can
be improved by using Al to combine traditional sources

of data (eg, claims and demographic information) with
nontraditional sources (eg, SDOH, admission alerts).
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Al and Risk Prediction

TAKEAWAY POINTS

Prediction models that supplement claims information with data on social determinants of
health, care management information, and admission, discharge, and transfer alerts and
analyze these data using artificial intelligence (Al) can identify members with high future
. . 1 f ful spending more accurately than regression-based models that rely solely on claims and
1s an 1ntegral component of successtul care demographic data.

management programs,” and this response >

is hindered when ADT information is not

provision and claims receipt. This resultsin a
lack of real-time information about inpatient
admissions, discharges, and transfers, as well
as emergency department (ED) visits. The ability
torapidly respond to these acute medical events

Al allows risk stratification programs to integrate multiple data sources into a single,
actionable model.

v

More timely, dynamic, and accurate risk stratification enables allocation of care management

included in risk stratification models. 3 -
resources to patients on whom care management can have the greatest impact.

Care management programs are limited not
only by the data to which they have access but
also by the models used to leverage these data.
Many models fail to take advantage of recent
developments in the field of artificial intelli-
gence (Al), relying instead on basic regression techniques or relatively

» Care management programs should collect and use information other than claims data
for risk stratification.

TABLE 1. Sample Size Losses by Exclusion Condition

simple algorithms based on prior utilization of specific services. Unique Member-
In this article, we examine the performance of a risk prediction members  months
score developed by Medical Home Network (MHN) that is based on Total insured population 163,362 1,615,693
both traditional data elements available to managed care organiza- ~ Excluded populations:
tions (including demographic information and medical/pharmacy Members with any pregnancy spending -7480 -68,551
claims) and nontraditional data elements (including SDOH, ADT, 155,882 1,547,142
and care management information). This risk score is constructed Members who were case managed -11,446  -126,186
using Al. We compare its performance against the Chronic Illness 144,436 1,420,956
and Disability Payment System (CDPS) risk score, which predicts Spending observations outside the 5454 202721
future spend using only traditional data elements. May 2018-April 2019 study period
138,982 1,218,235
DATA AND METHODS e o mants sy perot T 47208
Study data were provided by an ACO delegated for care manage- BE{U7 [LaiEE?
ment of a Medicaid population in Cook County, Illinois. This Members with missing risk score information 221 2652
Final sample size 61,850 742,200

population includes individuals eligible for Medicaid through the
Affordable Care Act’s Medicaid expansion provision, Medicaid-
eligible mothers and children (referred to as the “family health

Risk Models

We compared 2 models used to assess risk for members. The first, CDPS,
is designed to predict risk for Medicaid populations** and is used by

plan”), and individuals eligible for Medicaid because of disability
(the “integrated care program”).

For this study, we analyzed spending in the 12 months between
May 2018 and April 2019. We excluded individuals with any
pregnancy-related spending during the study period because the risk
prediction models that we examined are not calibrated to predict

many state Medicaid agencies to set rates for Medicaid managed care
plans. CDPS is a regression-based model that relies on medical and
pharmacy claims history to predict spending based on diagnoses and
pregnancy-related spending and because pregnant members are  demographic factors. The CDPS model includes clusters of diagnoses
referred to care management by means other than the Al model and
are served by a different care management program. This resulted

in exclusion of 7480 members from the sample. In addition, we

defined by a combination of empirical analysis and clinical judgment.

The second risk model, referred to here as the Al model, uses the
same demographic variables (including member age) and medical and
pharmacy claims data as the CDPS model but adds several additional
data sources, including SDOH data, ADT data, and data provided by

excluded 11,446 individuals engaged in case management at some
point during their enrollment in the ACO. We chose to exclude
care managers. SDOH information is collected using a proprietary
member survey known as the Health Risk Assessment (HRA). The

these members because case management efforts could affect
the spending that our risk scoring models attempted to predict.
Finally, we excluded 76,911 members not continuously enrolled
during the study period and 221 members with missing risk score
information. Our final sample consisted of 61,850 individuals
continuously enrolled over 12 months. Table 1 provides details

HRA collects information on the most common chronic illnesses
with potential for care management impact, recent inpatient or
ED utilizations, and SDOH-related barriers to treatment adherence.
The information collected by the HRA is listed in the eAppendix

on how our sample was derived.

(available atajmc.com). Surveys are administered to most members
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TABLE 2. Descriptive Statistics

Mean or n SD or %

CDPS risk score 0.952 0.790
Al risk score 42.07 28.04
Months of prior enrollment

0-3 1761 2.8%

4-12 30,970 50.1%

>12 29,119 47.1%
Female 34,740 56.2%
Age 21.9 18.3
Enrollment category

Family health plan 48,934 79.1%

ACA expansion 9677 15.7%

Integrated care program 3239 5.2%
Total spending ($ annual) 2070 9904
Medical spending ($ annual) 1321 6846
Total population 61,850

ACA, Affordable Care Act; Al, artificial intelligence; CDPS, Chronic Illness
and Disability Payment System.

(approximately 85%) within 60 days of plan enrollment and repeated
based on risk level or on triggered events, such as member request
orasudden increase in utilization. The HRA data are fed into the Al
model, along with medical claims, pharmacy claims, care manage-
ment, and other administrative data, to develop an individual Al
risk score for each patient. The Al model then employs a machine
learning regression model to predict the total cost of members’
medical claims. The training data for the model contain historical
member data using an 80/20 split to define training and testing
samples. Once an ideal set of hyperparameters is identified, the
entire training set is used to create the final version of the model
and tested on the withheld testing sample.

We calculated predictions from each risk model using data
available as of May 2018, the beginning of the study period, before
cost measurement began. It is possible that the models’ relative
performances may differ for individuals with different lengths of
claims experience. Because the CDPS model is primarily claims based,
it may be less able than the Al model to identify costly beneficiaries
without an extensive claims history, as the Al model includes both
claims and nonclaims data. However, the inclusion of nonclaims
data may be less important as a member’s claims history grows. To
account for this possibility, we stratified our sample into 3 different
categories based on prior claims experience as of the beginning of
the study period. We estimated model performance separately for
members with O to 3 months of prior enrollment, members with
4 to 12 months of prior enrollment, and members with more than
12 months of prior enrollment.

Analysis and Outcome Measures

Our goal was to assess how successful each model is at identifying
members with the top 5% of spending (although we varied the

5% definition of “high-spending” in sensitivity analyses because
different care management organizations’ definitions of high-
spending members targeted for intervention may vary based on
the care management resources an organization has available).
Spending was defined as total medical and pharmacy spending.
We chose to examine the models’ ability to identify members
in the top 5% of spending rather than to accurately estimate the
exact dollar amount of a member’s spending because identifying
high-spending members is a more important step in allocating care
management resources than identifying exact member spending
amounts. Using methods similar to those of prior studies,” we
compared risk prediction models by calculating mean, median,
and total spending for members with the highest 5% of risk scores
at the beginning of the study period. We then compared these
amounts againstactual spending for members with the highest 5%
of costs from May 2018 to April 2019. Risk prediction models that
successfully identify high-cost members will identify more total
and median spending. As an additional measure of each model’s
performance, we found the percentage of members in the highest
5% of spending who were also in the highest 5% of risk scores.

RESULTS

Sample Characteristics

Table 2 shows the characteristics of our population. The mean CDPS
risk score was 0.952, with a range of 0.072 to 41.77. Similarly, the mean
Al risk score was 42.07, ranging from 0 to 100. (The Al risk score is
based on predictive costs for all members transformed to a 0-100
ranked scale.) Our sample includes 29,119 members with more than
12 months of prior enrollment at the start of the study period and
30,970 members with between 4 and 12 months of prior enrollment.
Only 1761 members in the group had fewer than 4 months of prior
enrollment. Consistent with the Medicaid population in general,
our sample is relatively young, with a mean age of 21.9 years, and
is 56% female. Most members (79.1%) are Medicaid-eligible parents
and children, 15.7% of members are from the Affordable Care Act
expansion population, and 5.2% are Medicaid eligible because of a
disability. Mean annual spending was $2070 per member, although
spending variance was high, with an SD of $9904.

Spending Comparisons

Table 3 compares spending measures for the 5% of members with
the highest costs with those for the groups of members with (1) the
highest 5% of Al risk scores and (2) the highest 5% of CDPS risk
scores. Results are stratified by the number of months that members
were enrolled before the predictive risk scores were computed. For
members with the longest claims history (those with more than
12 months of prior enrollment), the top 5% of members by spending
(n=1456 members) incurred a total of $38,543,492 in costs (mean,
$26,472; median, $16,078). Members with the highest 5% of Al risk
scores incurred a total cost of $20,892,684 during the study period
(mean, $14,349 per member; median, $7265). Forty-one percent of
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TABLE 3. Comparison of Spending Among Members With the Highest Actual and Predicted Total Costs®

Median annual
spending ($)

Mean annual

Total annual Members in the top 5%

0-3 months prior enrollment (n=88)

Highest cost by actual spending 16,349
Highest predicted cost: Al model 7539
Highest predicted cost: CDPS model 4048

spending ($) spending ($) of spending (n [%])
28,205 2,482,068 88 (100%)
13,503 1,188,256 40 (45%)
8964 788,850 27 (31%)

4-12 months of prior enrollment (n=1548)

Highest cost by actual spending 11,903
Highest predicted cost: Al model 5621
Highest predicted cost: CDPS model 2344

21,485 33,258,444 1548 (100%)
12,663 19,601,514 728 (47%)
9409 14,564,726 480 (31%)

> 12 months of prior enrollment (n=1456)

Highest cost by actual spending 16,078
Highest predicted cost: Al model 7265
Highest predicted cost: CDPS model 3753

26,472 38,543,492 1456 (100%)
14,349 20,892,684 597 (41%)
11,808 17,192,192 422 (29%)

Al, artificial intelligence; CDPS, Chronic Illness and Disability Payment System.

2Each panel compares characteristics of the group of members with the highest 5% of actual costs with those of the groups of members with the highest 5% of Al

and CDPS risk scores.

members with the highest Al risk scores were also in the group of
members with the highest spend. By way of comparison, mean and
median costs for the group of members with the highest 5% of CDPS
risk scores were lower ($11,808 and $3753, respectively), and only
29% of members with the highest CDPS scores were in the highest
spending group. The Al model’s high-risk group therefore had
higher total and mean and median spending than the CDPS model’s
high-risk group, and the Al model identified a larger number of the
highest-cost members than the CDPS model did.

Furthermore, the Al model identified 41% more of the highest
spending members (175 additional members) than the CDPS
model, and these members had $3.7 million more in total spending
(20,892,684 compared with $17,192,192). As a result, assigning care
managers based on Al risk scores gives managed care organizations
the chance to focus care management resources on a higher portion
of high-cost members than if they risk stratified using CDPS scores.

It was initially expected that the Al model might outperform the
CDPS model among the population of members with the fewest
months of prior enrollment (and hence the least claims history).
However, as shown in Table 3, Al identified more members with
the highest 5% of actual spending and identified members with
higher mean, median, and total spending than did CDPS, across
all prior enrollment groups.

Sensitivity Analyses

Sensitivity analyses tested whether results were robust to our definition
of high-cost members (ie, members with the highest 5% of spending),
our exclusion of case-managed enrollees, and focus on total spending
as opposed to medical spending alone. Primary results defined the
high-cost group as those with the highest 5% of spending, and we
varied this definition of high-cost, setting it at the top 1% and then
the top 3% of members by cost. Similarly, sensitivity analyses were

conducted including the 11,446 members who participated in case
management. These analyses were repeated using medical spending
as an outcome (as opposed to medical and pharmacy spending). In
all cases, the results were similar to those presented above. These
results are available from the authors upon request.

DISCUSSION

Many payers and delivery systems engage in care management
efforts to reduce medical spending by identifying patients likely to
incur high costs, then intervening to reduce preventable spending.
Unfortunately, despite many available predictive models, identi-
fication of members with the highest future spending remains
challenging. Our results suggest that this is due in part to the heavy
reliance of these models on demographic and claims data and their
inability to incorporate other sources of data.

Identifying preventable spending may require identifying patients
with rapidly rising risk scores, not just patients whose risk scores are
already high. In fact, the ACO studied is already targeting members
with rapidly rising risk scores for care management. Understanding
how to best incorporate risk score changes into risk stratification
efforts is an opportunity for future research. However, to the extent
that this type of risk trajectory analysis can improve risk stratifica-
tion, plans without the infrastructure to combine data sources in
real time will miss care management opportunities.

Some care management organizations struggle to construct data
infrastructure and to create the processes that are necessary to
collect nonclaims data, analyze data from multiple sources, and use
these to deploy care management resources. This is not surprising,
as all aspects of this process are challenging. Collecting SDOH
information is not a straightforward process, and the industry has
notadopted standard instruments for collecting these data. Unlike
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SDOH information, ADT information is available in a standardized
format, but communities often lack infrastructure to communicate
this information among hospitals, insurers, and care management
programs. Although stakeholders in some areas of the country have
collaborated to establish health information exchanges to facilitate
transmission of patient data among unaffiliated providers, these
exchanges are still the exception rather than the rule. As a result,
many care management programs must rely on claims data thatare
often atleast 3 months old due to the lag between service delivery and
claims processing. Finally, even organizations that have managed
to collect and store data from multiple disparate sources might
lack the expertise to analyze the data in a way that informs care
management efforts. Alternatively, some plans might be able to
combine these data but still rely on older analytical techniques that
lack the predictive improvements that more recent Al techniques
offer. Even plans that successfully incorporate multiple data sets
into AI models may face challenges making these data usable to
care managers. The organization providing data for this study
identifies factors contributing to a member’s high risk score so
that case managers can better understand the characteristics that
make a member high risk.

Ultimately, a care management program'’s ability to affect utiliza-
tion and cost will depend on the interventions the program makes.
However, even the best interventions are unlikely to be successful
if they are targeted toward low-cost patients with little potential
benefit. These results underscore the importance of care management
programs’ investment in improved data infrastructure and analysis.

Limitations

Our analyses are limited in several ways. First, our data come from
a single ACO operating in a single geographic area and serving a
Medicaid population more likely to face SDOH-related barriers than
members of a commercially insured population. For instance, of
the SDOH factors incorporated in the Al model, some of the most
highly correlated with cost were needs related to food, clothing, or
housing and self-reported health rating of fair or poor.® These results
may not generalize to other ACOs or health plans whose member
populations differ significantly. However, even if this is the case,
many care management programs serve similar populations to
whom these results are likely to generalize. Second, our data are
drawn from a single 12-month period, May 2018 through April 2019.
We cannot identify any unique events occurring during this period
that would make the Al model’s predictions more accurate than they
would be during other time periods; however, it remains possible
that results from other time periods could vary. Third, although
the AI model was relatively successful at identifying high-cost
individuals, it was still unable to identify roughly half of the high-
cost members. Part of this challenge is driven by the random nature
of some health spending. However, MHN is currently working to
add other data to the model, particularly clinical laboratory data,
to improve prediction. Finally, our analyses focus on identifying
practices that can improve the ability to identify members who will

incur high costs. Identification is the first step in creating programs
to control medical spending, but the ability to identify high-cost
members does not ensure cost reductions. Ultimately, the effect
on spending depends on the effectiveness of the care management
program, and successful cost reduction is by no means assured.
Several prominent care management programs have failed to
demonstrate changes in utilization or cost outcomes,*'® although
others report greater success.?”!® To address this issue, the care
manager for the ACO being studied is developing disease-specific
interventions to target conditions that are both highly prevalent
and are associated with high costs in the AI model.

CONCLUSIONS

Many care management programs have limited sources of data
on their members, and many use regression-based methods to
identify members at risk of high spending. Our results suggest
that a model developed using Al and analyzing data that include
claims, demographics, SDOH, and ADT information can more
successfully identify high-cost members than a model based on
claims and demographic data alone. We suggest that care manage-
ment programs can better target their interventions by investing in
the infrastructure necessary to collect, store, and update new data
sources and in the expertise to combine these data using advanced
analytic methods. ®
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