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ABSTRACT

Obijective. To develop a systematic and reproducible way to identify patients at increased risk for
higher healthcare costs. Methods. Medical records were analyzed for 9,581 adults who were
primary care patients in the University of Missouri Health System and who were enrolled in
Medicare or Medicaid. Patients were categorized into one of four risk tiers as of October 1, 2013,
and the four tiers were compared on demographic characteristics, number of healthcare episodes,
and healthcare charges in the year before and the year after cohort formation. Results. The mean
number of healthcare episodes and the sum of healthcare charges in the year following cohort
formation were higher for patients in the higher-risk tiers. Conclusions. Retrospective information
that is easily extracted from medical records can be used to create risk tiers that provide highly
useful information about the prospective risk of healthcare utilization and costs.

INTRODUCTION

The Chronic Care Model* proposed improving the effectiveness of interactions between patients
and providers as a way of promoting the “triple aim” of healthcare:? (a) better health, (b) better
care, and (c) lower costs.? These positive outcomes may be anticipated on the basis of improved
interactions between informed, activated patients and prepared, proactive providers 1. Evidence
also has shown that patients with care coordinators have fewer emergency department and urgent
care episodes,* hospital admissions,® and readmissions.®
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Care coordination is ... the deliberate organization of patient care activities between two or more
participants (including the patient) involved in the patient’s care to facilitate the appropriate
delivery of health service...”’ 2. Care coordination is increasingly being used across the healthcare
system to improve patient outcomes for populations of patients and is a core element of both the
triple aim and the Chronic Care Model. In order for care coordinators to manage populations of
patients, they must be able to identify the patients who are most in need of their services; one
approach to this challenge is risk stratification. Indeed, risk stratification is crucial for effective
population health management® because it provides care coordinators the opportunity to focus their
work on those patients who will benefit the most.®*! By bridging the implementation gaps in the
Chronic Care Model, well-designed risk stratification supports the transition from the traditional
“reactive” model of medical care'? to one of maintaining health and avoiding preventable
conditions. Risk stratification is a potentially powerful tool for predicting population health
outcomes, and previous healthcare utilization has been shown to be a useful predictor of future
healthcare needs.™

Although the literature contains many studies and reviews of condition-specific risk stratification,
most predictive indices have less than 90 percent accuracy* and relatively few attempts have been
made to stratify entire primary care populations. Notable examples include the Scottish SPARRA
risk index for readmission of patients who had been recently discharged from the hospital® and the
Welsh Prism risk index for emergency admissions.*® In the United States, the Michigan Primary
Care Transformation Project!’ defined four functional tiers upon which intensity of services was
based, rather than relying on a predictive index. The tiers are as follows: (a) Navigating the
Medical Neighborhood, (b) Transition Care, (c) Care Management, and (d) Complex Care
Management. The Senior Segmentation Algorithm,® developed by the Kaiser Permanente
healthcare system, also used four tiers that were more descriptive than functional; those were (a)
Without Chronic Conditions, (b) With One or More Chronic Conditions, (c) With Advanced
IlIness or End-organ Failure, and (d) With Extreme Frailty or Nearing the End of Life. The Senior
Segmentation Algorithm, while objective and reproducible, has been validated only in patients
aged 65 years and older. Other models that have been applied to community-dwelling populations
with varying degrees of success are Dr. Chad Boult’s work on risk scores to identify high risk
patients from Medicare data,'® the Charlson and Elixhauser comorbidity indices,? and the work by
Dr. Hal Luft on the yearly stability of Medicare utilization and costs.?

In this study, the objective was to develop a systematic, reproducible way to identify subgroups in
a managed population at risk for higher utilization of healthcare resources as measured by
healthcare episodes and charges.

METHODS
Population

In February of 2013, the LIGHT2 project (Leveraging Information Technology to Guide Hi- Tech
and Hi-Touch Care, pronounced “light squared”) began enrolling adults who were primary care
patients in the University of Missouri Health System and who were already enrolled in Medicare
and/or Medicaid. LIGHT2 was a Health Care Innovation Award from CMS (Centers for Medicare
and Medicaid Services) to achieve the Triple Aim of better health, better care, and lower costs by
using advanced information technology and care coordination.?? In order to define a stable cohort,
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this study limited data analysis to 9,581 patients who were enrolled before the first three months of
care coordination was completed on July 1, 2013, and who were still enrolled when patients were
first evaluated for risk stratification on October 1, 2013.

Primary Care Setting

Adult primary care in the University of Missouri Health System (UMHS) is provided by
approximately 133 primary care physicians who practice in nine regional clinics; the Department
of Family and Community Medicine operates five local outpatient clinics and two in nearby
communities, and the General Internal Medicine section of the Department of Medicine operates
two local clinics. This community-based, primary care focus is supported by an extensive UMHS
tertiary-care system of six hospitals and more than 50 clinics, staffed by approximately 550
university physicians.

Data Source

All data on diagnoses, outpatient visits, and hospital episodes and charges were retrieved from the
University of Missouri Health System electronic medical record as maintained by clinicians and
staff between 2012 and 2014.

Rationale for Categorical Approach

For the purpose of differentiating levels of care coordination intensity, a categorical approach has
some advantages over an index. Each category can receive a customized level of care coordination
in a manner similar to the “functional tiers” of the Michigan Primary Care Transformation
Project.” One potential disadvantage to some previous approaches®!# is that they sometimes rely
on socioeconomic and other data for which characteristics can vary widely across settings. In order
to predicate the risk tiers on more universally reproducible criteria, socioeconomic factors were not
included in the development of risk tiers for this study using the general criteria of diagnoses and
utilization. Specifically, the 27 chronic conditions that are included in the Chronic Conditions Data
Warehouse? provide a standard set of diagnoses that are relevant to population health management
of Medicare/Medicaid patients in a primary care setting (see Figure 1). In addition, healthcare
utilization was extracted for (a) outpatient visits, which may be encouraged or even increased as
part of care coordination, and (b) the more costly hospital-based episodes, which include
emergency department episodes, observation stays, and hospital admissions.

Number and Definitions of Tiers

Tier Definitions. The definitions of the four LIGHT?2 risk tiers are shown in Table 1. These tiers
were conceptualized to be generally similar to the “functional tiers” developed by the Michigan
Primary Care Transformation Project!’ and the “care groups” used in the Senior Segmentation
Algorithm.*® For the purposes of risk stratification, the LIGHT? tiers were defined as (1) No
Chronic Conditions, (2) Chronic Conditions, Stable, (3) Chronic Conditions, Unstable, and (4)
Chronic Conditions, Complex. These broad categories of chronic-disease acuity describe all
members of a managed adult population with some specificity, but the categories also are general
enough to be applied to a variety of environments and conditions.

Tier Calculations. The breakpoints between tiers were determined deductively in an effort to
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reflect the intent of the functional tier definitions. The lowest or “No Chronic Conditions” category
(Tier 1) was reserved for enrollees who had none of the 27 diagnoses included in the CMS Chronic
Conditions Data Warehouse.? For those enrollees with one or more chronic conditions, placement
in either Tier 2, 3, or 4 was based on the frequency of outpatient clinic visits and hospital episodes
(including emergency department episodes, observations stays, and hospital admissions) during the
12 months prior to analysis. Patients with one or more of the 27 CMS chronic conditions were
stratified as “Chronic Conditions, Stable” (Tier 2) if they had four or fewer outpatient visits and no
hospital episodes associated with their chronic conditions in the preceding 12 months. Based on
the clinical experience of two authors (LS, LP), patients were stratified as “Chronic Conditions,
Unstable” (Tier 3) if they had 5 to 12 outpatient visits or one hospital episode related to any
chronic conditions during the preceding 12 months, and were stratified as “Chronic Conditions,
Complex” (Tier 4) if they exceeded 12 related outpatient visits or had two or more related hospital
episodes during the preceding 12 months.

Data Collection

Cohort Formation. In order to test the ability of these queries to predict risk for higher utilization
of healthcare resources, the population was divided into tiers based on their clinical history as of a
given date (October 1, 2013) and was treated thereafter as four fixed cohorts. For each cohort, the
healthcare episodes and charges were calculated retrospectively for the 12 months before cohort
formation (October 1, 2012, to September 30, 2013) to provide a baseline, and then prospectively
for the subsequent 12 months (October 1, 2013, to September 30, 2014) to examine the utility of
the risk stratification methodology.

Cohort Attrition. Attrition (e.g. death, relocation) during the 12 months after cohort formation
reduced the size of the cohort by 208 patients, or 2.2%. Because excluding these patients was
likely to bias the data collection toward healthier patients, their outcomes were included for those
months in which they were alive and enrolled in the LIGHT2 program. A patient enrolled for one
month after cohort formation, therefore, would contribute one-twelfth as much to the mean
episodes and charges for his or her tier subgroup as another patient who was enrolled for the entire
12 months.

Inflation Adjustment. In order to compare baseline and prospective charges, all charges were
adjusted to 2014 dollars. Since healthcare charges were adjusted upward by 3% on April 1 of each
year during the study period, charges billed from April 1, 2013, to March 31, 2014, were adjusted
by multiplying times 1.03. Charges billed from October 1, 2012, to March 31, 2013,were
multiplied by (1.03 x 1.03) or 1.061.

Statistical Methods

Statistical comparisons of outcomes between tiers used the Kruskal-Wallis Test, a nonparametric
analogue of the standard one-way ANOVA. Statistically significant (p < 0.05) overall tests were
followed by pairwise rank-based comparisons;?* all comparisons were two-sided.

RESULTS

Demographic Description of the Cohort
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Of 9,581 patients in the cohort, 63% (n = 6,014) were in Tier 2 on October 1, 2013, while Tiers 1
and 3 comprised 16% each (n = 1,554 for Tier 1; n = 1,555 for Tier 3), with the remaining 5% (n
= 458) in Tier 4. More than three-fourths of the Tier 1 enrollees were younger than 65, but fewer
than half of the enrollees in the other tiers were under 65. Overall, 4,185 of the 9,581 patients
(44%) were younger than 65 years old. Approximately three-fifths of the enrollees in every tier
were female. Figure 1 shows the prevalence of the Chronic Conditions Data Warehouse?®
diagnoses in the LIGHT2 population.

Baseline Analyses of Hospital Episodes by Tier

During the 12 months before cohort formation, the mean number of emergency department
episodes was 0.20, 0.18, 0.52, and 1.45 in each tier respectively; observation stays averaged 0.10,
0.09, 0.41, and 1.16 respectively; and there were 0.09, 0.09, 0.47, and 1.86 mean inpatient
admissions in each respective tier. The number of episodes was significantly different overall
among the tiers (p < 0.001) and progressively higher in successive tiers in pairwise comparisons (p
< 0.001 for all comparisons), except that there were no significant differences between numbers of
episodes in Tiers 1 and 2 (p = 0.304 for emergency, p = 0.967 for observation, and p

= 0.739 for inpatient). Because the data were skewed, the median number of episodes of all types
was zero for Tiers 1, 2, and 3. For Tier 4, the median number of emergency episodes was zero, and
the median number of observation and inpatient episodes was 1. The median values of zero
indicate that over half of the lower tier patients had no hospital episodes during the baseline year.

Baseline Analyses of Healthcare Charges by Tier

During the 12 months before cohort formation, mean healthcare charges in the four tiers
(respectively $6,208, $10,889, $43,059, and $115,228) were significantly different overall and in
pairwise comparisons (p < 0.001 overall and for all comparisons). Median charges in each tier
(respectively $658, $2,641, $19,707, and $66,182) were likewise significantly higher in higher
tiers (p < 0.001 overall and for all pairwise comparisons). Tiers 3 and 4, comprising only 21% of
the total population, accounted for 61% of total healthcare charges. Because lower tiers were
defined by fewer or no healthcare episodes, the finding that enrollees in these tiers had fewer mean
hospital episodes and lower charges was expected. However, these numbers show the magnitude
of the differences between the subgroups in each tier at baseline, and they provide the basis for tier
categorization on the date of cohort formation (October 1, 2013).

Prospective Analyses of Hospital Episodes by Tier

Figure 2 shows the mean number of hospital episodes by type, within each tier, during the 12
months following cohort formation. For all episode types, the overall differences remained
significant (p < 0.001). Tier 4 enrollees had significantly more episodes on average than Tier 3
patients; they, in turn, had significantly more episodes than Tier 2 or Tier 1 patients (p < 0.001 for
all comparisons). There were no significant differences between Tier 1 and Tier 2 emergency
episodes (p = 0.279), but the numbers of observation and inpatient episodes were significantly
different between these two tiers (p < 0.001 for each type). For all tiers, the median number of
episodes of all types was zero.

Prospective Analyses of Healthcare Charges by Tier
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Figure 3 shows the mean and total healthcare charges by tier during the 12 months after cohort
formation. Tiers 3 and 4, comprising 21% of the total population, accounted for 43% of total
healthcare charges. Overall differences were significant (p < 0.001). Tier 4 enrollees had
significantly higher charges on average than Tier 3 patients, which had significantly higher charges
than Tier 2 patients; and these in turn where significantly higher than for Tier 1 patients (p < 0.001
for all comparisons). Median charges in each tier (respectively $0, $2,343, $8,662, and $20,412)
were likewise significantly different overall (p < 0.001) and higher in the higher tiers (p < 0.001
for all comparisons).

DISCUSSION

The primary conclusion is that the LIGHT2 risk stratification methodology successfully met the
objective of identifying which subgroups of Medicare/Medicaid patients were at risk of utilizing
more healthcare resources. Specifically, information about healthcare utilization and charges over
the previous twelve months provided highly useful information about what is likely to occur going
forward. This finding confirms the expectation that past utilization is a good predictor of future
utilization. When viewed through a population health lens, the extraction of readily available
retrospective data can provide care coordinators with useful information that allows them to focus
their efforts on those patients who care needs are most expensive, and who may require more
intensive management.

A second observation is that the risk tiers created in this study were defined on the basis of
diagnoses that are included in the Chronic Conditions Data Warehouse?® and on utilization
categories that are in general use in healthcare systems. Because these are easily reproducible, the
LIGHT?2 risk stratification framework is potentially applicable to other healthcare systems.

A third observation is that there were no differences between Tier 1 patients and Tier 2 patients in
the mean number of hospital episodes during the retrospective (i.e., baseline) period.

Similarly, in the prospective period, there was no difference in mean number of emergency
department episodes between Tiers 1 and 2. Accordingly, the cost and utilization patterns of Tier 2
patients are, in some ways, not notably different from Tier 1. Therefore, from a population health
standpoint, time and resources devoted to keeping Tier 2 patients from evolving into the much
more costly Tier 3 category would appear to be a useful care coordination strategy.

Finally, Tiers 3 and 4, comprising only 21% of the total population, accounted for 61% of total
baseline healthcare charges and 43% of total prospective healthcare charges. The decrease in this
difference from the baseline to the prospective measure reflects that prior healthcare episodes and
charges are not a perfect, but nevertheless, highly useful predictor of prospective utilization.
Specifically, the consumption of a large proportion of healthcare resources by a relatively small
minority of the population (Tiers 3 and 4), even in the prospective year, underscores the
importance of the early identification of those patients (or subgroups) who are most “at risk” for
high healthcare utilization.

Limitations
Measurement of baseline and prospective utilization included only healthcare episodes that

occurred within the University of Missouri Health System. Accordingly, these results likely under-
report utilization by excluding healthcare episodes at other local or out-of-town facilities; inclusion
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of this additional data could possibly improve the accuracy of risk stratification. In addition,
healthcare charges were used as a proxy for healthcare costs, although claims data would be a
more accurate source of cost information. Lastly, the generalizability of the LIGHT2 risk
stratification methodology to other settings remains an empirical question. The study sample
included only adults who received Medicare or Medicaid services in central Missouri, which may
limit the generalizability of these findings to the wider US population.

Future Research

This preliminary work would be strengthened by validation against other populations that may
have different prevalence of chronic conditions, age-adjusted death rates, or rates of relocation as
well as different distributions of race/ethnicity, educational attainment, economic status, and
literacy. Because the data used in the LIGHT?2 risk stratification methodology is available in any
healthcare system, replication of this four-tier methodology in other settings would be instructive.
Additional studies that incorporate claims data also could be conducted to examine whether the
accuracy of risk stratification could be improved. While this study demonstrates the predictive
power of a tiered model, continuous risk scoring may be even more powerful, and development of
such a model would also be helpful.

ACKNOWLEDGMENTS

This publication was made possible by Grant Number 1C1CMS331001-01-00 from the
Department of Health and Human Services, Centers for Medicare & Medicaid Services. The
contents of this publication are solely the responsibility of the authors and do not necessarily
represent the official views of the U.S. Department of Health and Human Services or any of its
agencies.

The authors gratefully acknowledge the editorial assistance of Cynthia Haydon, University of
Missouri.

REFERENCES

1. Wagner EH, Glasgow RE, Davis C, et al. Quality Improvement in Chronic IlIness Care: A
Collaborative Approach. The Joint Commission journal on quality improvement. Feb
2001;27(2):63-80.

2. Berwick DM, Nolan TW, Whittington J. The Triple Aim: Care, Health, and Cost. Health
Affairs (Millwood). May-Jun 2008;27(3):759-769.

3. Glasgow RE, Orleans CT, Wagner EH. Does the Chronic Care Model Serve Also as a
Template for Improving Prevention? The Milbank quarterly. 2001;79(4):579-612, iv-v.

4. Kruse RL, Parker Oliver D, Mehr DR, Petroski GF, Swenson DL, Zweig SC. Using Mortality
Risk Scores for Long-Term Prognosis of Nursing Home Residents: Caution Is Recommended. The
journals of gerontology Series A, Biological sciences and medical sciences. Nov
2010;65(11):1235-1241.

5. Sanderson C, Dixon J. Conditions for which onset or hospital admission is potentially
preventable by timely and effective ambulatory care. Journal of health services research & policy.
Oct 2000;5(4):222-230.

6. Verhaegh KJ, MacNeil-Vroomen JL, Eslami S, Geerlings SE, de Rooij SE, Buurman BM.
Transitional Care Interventions Prevent Hospital Readmissions for Adults with Chronic Ilinesses.
Health Affairs (Millwood). Sep 12014;33(9):1531-15309.

7. McDonald G, Vickers MH, Mohan S, Wilkes L, Jackson D. Workplace Conversations:

1135



Building and Maintaining Collaborative Capital. Contemporary nurse. Aug-Oct 2010;36(1-2):96-
105.

8. World Health Organization. Preventing Chronic Diseases: A Vital Investment 2005.

9. McCusker J, Bellavance F, Cardin S, Trepanier S, Verdon J, Ardman O. Detection of Older
People at Increased Risk of Adverse Health Outcomes After an Emergency Visit: The ISAR
Screening Tool. The Journal of the American Geriatrics Society. Oct 1999;47(10):1229-1237.

10. van Walraven C, Dhalla IA, Bell C, et al. Derivation and Validation of an Index to Predict
Early Death or Unplanned Readmission After Discharge From Hospital to the Community.
Canadian Medical Association Journal. Apr 6 2010;182(6):551-557.

11. Suijker JJ, Buurman BM, ter Riet G, et al. Comprehensive Geriatric Assessment,
Multifactorial Interventions and Nurse-Led Care Coordination to Prevent Functional Decline in
Community-Dwelling Older Persons: Protocol of a Cluster Randomized Trial. BMC health
services research. 2012;12:85.

12. Snyderman R, Williams RS. Prospective Medicine: The Next Health Care Transformation.
Academic medicine : journal of the Association of American Medical Colleges. Nov
2003;78(11):1079-1084.

13. Wherry LR, Burns ME, Leininger LJ. Using Self-Reported Health Measures to Predict High-
Need Cases Among Medicaid-Eligible Adults. Health services research. Dec 2014;49 Suppl
2:2147-2172.

14. Yourman LC, Lee SJ, Schonberg MA, Widera EW, Smith AK. Prognostic Indices for Older
Adults: A Systematic Review. The Journal of the American Medical Association. Jan 11
2012;307(2):182-192.

15. National Health Services Scotland. SPARRA: Scottish Patients At Risk of Readmission and
Admission 2006.

16. Hutchings HA, Evans BA, Fitzsimmons D, et al. Predictive Risk Stratification Model: A
Progressive Cluster-Randomised Trial in Chronic Conditions Management (PRISMATIC)
Research Protocol. Trials. 2013;14:301.

17. Michigan Department of Community Health. Michigan Primary Care Transformation Project:
Information for Michigan POs/PHOs and Payers 2011.

18. Zhou YY, Wong W, Li H. Improving Care for Older Adults: A Model to Segment the Senior
Population. The Permanente journal. Summer 2014;18(3):18-21.

19. Boult C, Karm L, Groves C. Improving Chronic Care: The “Guided Care” Model. Perm J.
2008 Winter;12(1):50-54.

20. Austin SR, Wong YN, Uzzo RG, Beck JR, Egleston BL. Why Summary Comorbidity
Measures Such As the Charlson Comorbidity Index and Elixhauser Score Work. Med Care. 2015
Sep;53(9):e65-72.

21. Radany MH1, Luft HS. Estimating Hospital Admission Patterns Using Medicare Data. Soc
Sci Med. 1993 Dec;37(12):1431-9.

22. Popejoy LL, Jaddoo J, Sherman J, Howk C, Nguyen R, Parker JC. Monitoring Resource
Utilization in a Health Care Coordination Program. Professional case management. Nov-Dec
2015;20(6):310-320.

23. Buccaneer AGDC. Chronic Conditions Data Warehouse. Available at:
https://www.ccwdata.org/web/guest/condition-categories. Accessed 8/25/15.

24. Critchlow DE FM. On Distribution-Free Multiple Comparisons in the One-Way Analysis of
Variance. Communications in Statistics - Theory and Methods. 1991;20(1):127-139.

1136


http://www.ccwdata.org/web/guest/condition-categories
http://www.ccwdata.org/web/guest/condition-categories

TABLES

Table 1: Operationalized Queries

Tier Definition (based on healthcare episodes in the past 12 months)
1: No Chronic Zero chronic conditions listed in the Chronic Conditions Data Warehouse
Conditions
2: Chronic Conditions, |One or more chronic conditions
Stable AND (hospital episodes = 0 AND outpatient visits < 5)
3: Chronic Conditions, |One or more chronic conditions
Unstable AND (hospital episodes = 1 OR outpatient visits from 5 to 12)
4: Chronic Conditions, |One or more chronic conditions
Complex AND (hospital episodes > 1 OR outpatient visits > 12)
FIGURES

Figure 1: Prevalence of 27 Defined Chronic Conditions
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Figure 2: Prospective Hospital Episodes by Tier
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Figure 3: Prospective Healthcare Charges by Tier
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