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Background: With rising health spending, predicting costs is es-

sential to identify patients for interventions. Many of the existing

approaches have moderate predictive ability, which may result, in

part, from not considering potentially meaningful changes in

spending over time. Group-based trajectory modeling could be used

to classify patients into dynamic long-term spending patterns.

Objectives: To classify patients by their spending patterns over a 1-

year period and to assess the ability of models to predict patients in

the highest spending trajectory and the top 5% of annual spending

using prior-year predictors.

Subjects: We identified all fully insured adult members enrolled in

a large US nationwide insurer and used medical and prescription

data from 2009 to 2011.

Research Design: Group-based trajectory modeling was used to

classify patients by their spending patterns over a 1-year period. We

assessed the predictive ability of models that categorized patients in

the top fifth percentile of annual spending and in the highest

spending trajectory, using logistic regression and split-sample val-

idation. Models were estimated using investigator-specified varia-

bles and a proprietary risk-adjustment method.

Results: Among 998,651 patients, in the best-performing model,

prediction was strong for patients in the highest trajectory group

(C-statistic: 0.86; R2: 0.47). The C-statistic of being in the top fifth

percentile of spending in the best-performing model was 0.82 (R2: 0.26).

Approaches using nonproprietary investigator-specified methods

performed almost as well as other risk-adjustment methods

(C-statistic: 0.81 vs. 0.82).

Conclusions: Trajectory modeling may be a useful way to predict

costly patients that could be implementable by payers to improve

cost-containment efforts.
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trajectory
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Total national spending on health care in the United States
has exceeded 17% of the gross domestic product and is

projected to increase further in coming years.1 Efforts to
contain and manage costs rely, in part, on the ability to ac-
curately predict patients’ spending. There have been many
previous attempts at prediction using a variety of patient
features and data sources. However, these approaches have
achieved modest predictive ability, rely on potentially cost-
prohibitive proprietary platforms, and/or use data that may
be challenging for payers and researchers to quickly obtain,
such as medical claims.2–5

Current approaches have generally attempted to predict
a single composite value of total health care spending and
have often defined patients as “high-cost” if their ex-
penditures are in the top fifth percentile of their beneficiary
pool.6,7 However, the threshold for determining what con-
stitutes high health spending is somewhat arbitrary, and
many patients may experience substantial increases or de-
creases in spending over the course of a year, which may not
be reflected in single composite measures.4,5,8–11 Under-
standing the dynamics of spending may be important for
prediction and ultimately cost-containment.

In contrast, group-based trajectory modeling, an ap-
plication of finite mixture modeling, is a promising alter-
native strategy that estimates changes over time in an
outcome that is measured repeatedly and identifies in-
dividuals with similar longitudinal patterns.12–14 This meth-
od has been applied in the context of long-term medication
adherence, levels of disability, and clinical biomarkers and
has been shown to be even better than single composite
values.12,13,15–17 Trajectories have also been successfully
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predicted as outcomes in previous modeling approaches.18

Group-based trajectory models have not been applied to
health care spending, even though costs are as dynamic as
these other outcomes.

METHODS
In this study, our objective was to apply group-based

trajectory modeling to describe and classify overall spending
patterns over a 1-year period as well as identify patients with
particularly high utilization within these spending patterns
for potential cost-containment. We then assessed the ability
to predict high resource utilization using predictors from the
prior year. Lastly, we compared the ability of models to
predict these spending outcomes using variables derived
from health care databases with a commonly used propri-
etary risk-adjustment method.

Setting and Study Design
This study used medical and prescription data for the

years 2009–2011 for all fully insured adult members enrolled
in Aetna, a large US nationwide insurer. These data con-
tained complete paid claims data for all procedures, physi-
cian encounters, hospitalizations, and filled prescriptions
(including dose dispensed and amounts paid by the insurer
and the patient). These data were linked to eligibility data
that included age, sex, and zip code of residence. Aggregate
data on socioeconomic status, race, and educational attain-
ment were obtained by linking zip code of residence with
data from the 2010 US Census. The Institutional Review
Board of Brigham and Women’s Hospital approved the
study.

Our cohort was constructed using 2 different “entry”
years, 2010 and 2011, to enhance generalizability over dif-
ferent years (Supplemental Fig. 1, Supplemental Digital
Content 1, http://links.lww.com/MLR/B288). To be in-
cluded, patients (18 y or above) were required to maintain
continuous eligibility for the entire calendar year (January to
December) and for Z1 calendar year before their entry year.
This prior year is hereafter referred to as the baseline year
(eg, 2009 or 2010, depending on the entry year). In addition,
they had to have Z1 pharmacy and medical claim in both
the entry year and baseline year to ensure active insurance
use. Patients were excluded if they had missing sex and age
information. If patients were eligible for both entry years,
only their first year was examined.

Costs
We measured total monthly health care spending for

each eligible patient by summing all of the allowed inpatient
costs, outpatient medical and physician office visit costs, and
outpatient drug costs. Monthly costs were generated by
summing the costs per month, dividing by the number of
days in that month and multiplying by 30. Costs were then
logarithmically transformed to normalize their distribution,
as frequently done in previous research.11,19 All costs were
inflated using the medical care component of the consumer
price index to 2011 dollars when necessary.

Baseline Predictors
We specified 36 clinically relevant characteristics us-

ing enrollment files and medical and pharmacy claims in the
12 months before cohort entry. All investigator-specified
predictors are shown in Table 1. Sociodemographic charac-
teristics included age, sex, region, health plan, and
community-level variables based on member’s ZIP code of
residence, such as median household income, race/ethnicity,
and educational attainment. Clinical characteristics were
measured using International Classification of Diseases
Ninth edition codes in medical files and included human
immunodeficiency virus infection and acquired immune de-
ficiency syndrome, cancer, end-stage renal disease, coronary
artery disease, chronic obstructive pulmonary disease/asth-
ma, hypertension, hyperlipidemia, congestive heart failure,
stroke, major depression, diabetes, liver disease, chronic
kidney disease, atrial fibrillation, Alzheimer/dementia, os-
teoporosis, alcohol use, obesity, stress, and tobacco use
(Supplemental Table 1, Supplemental Digital Content 1,
http://links.lww.com/MLR/B288). Each member’s numbers
of unique prescriptions (by generic name), outpatient
physician office visits, emergency room visits not leading to
hospitalizations, days spent in the hospital, and log-
transformed spending in the baseline year, and generosity
of medical and prescription benefits (copayments and de-
ductibles/total net payments) were also measured.20

The use of and adherence to 25 common, chronic
medication classes (eg, beta-blockers) were measured in the
baseline year (Supplemental Table 2, Supplemental Digital
Content 1, http://links.lww.com/MLR/B288). For each class
with Z1 prescription filled in the first 6 months of the
baseline year, we created a “supply diary” beginning with the
first fill. This diary linked all of the observed fills based on
dispensing date and days’ supply; switching was allowed
within each class of molecularly related drugs. From this
diary, we calculated the proportion of days covered (PDC) as
a weighted average across any of the 25 classes that the
patient filled, to yield one average PDC.21,22 For the appli-
cable prediction models, use of any chronic disease medi-
cation was included as a binary indicator variable; average
PDC was included as an interaction variable so the logistic
regression would provide estimates on all patients and not
just those with Z1 chronic medication.

Risk Adjustment Instruments
We also classified patients using several common, va-

lidated risk adjustment methods. The Johns Hopkins Adjusted
Clinical Group (ACG) case-mix system uses a proprietary
algorithm based on medical and pharmacy claims to predict
costs as well as the likelihood of being a high-cost patient.
This risk adjustment method is thought to perform very well
compared with other proprietary and nonproprietary instru-
ments.23 As commonly applied in the literature, the individual
Aggregated Diagnosis Groups and Rx-defined Morbidity
Groups generated from this case-mix software were entered
as separate binary indicators.3,7,23 In addition, we estimated
the combined comorbidity score, a validated diagnosis-based
tool, as a proxy for comorbidity and each patient’s Rx-risk
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TABLE 1. Baseline Characteristics of High-Cost Patients by Spending Definition

Percentile-based Cost Definition Trajectory-based Cost Definition

Characteristics

Full Cohort

(N=998,651)

Top 5th Percentile

(N=49,934)

Lower 95th Percentile

(N=948,717)

High-cost Trajectory

(N=314,271)

Other Trajectories

(N=684,380)

Demographic
Female (%) 59.6 56.1 59.8 61.1 58.9
Age [mean (SD)] (y) 45.8 (13.7) 51.9 (12.8) 45.5 (13.7) 50.9 (13.0) 43.5 (13.5)
West region (%) 17.8 19.0 17.7 18.0 17.7
South region (%) 41.9 39.3 42.1 42.0 41.9
Midwest region (%) 8.9 9.0 8.9 8.7 9.0
Northeast region (%) 31.4 32.7 31.3 31.4 31.4
Benefits’ generosity [mean (SD)]

Prescription 0.5 (0.3) 0.4 (0.3) 0.5 (0.3) 0.4 (0.2) 0.5 (0.3)
Medical 0.3 (0.2) 0.2 (0.1) 0.3 (0.2) 0.2 (0.1) 0.3 (0.2)

Health plan type (%)
PPO 22.1 20.4 22.2 20.1 23.0
POS 19.3 19.1 19.3 19.2 19.4
HMO 32.9 34.6 33.8 33.2 32.7
Managed choice 24.6 24.8 24.6 26.2 23.9
Other 1.1 1.2 1.1 1.3 1.0

% Black [mean
(SD)]

12.1 (18.3) 12.5 (19.2) 12.1 (18.3) 11.9 (18.2) 12.2 (18.4)

Income median
[mean (SD)]

70,992 (25,968) 70,157 (26,322) 71,036 (25,948) 71,308 (26,239) 70,847 (25,841)

% HS graduate
[mean (SD)]

88.6 (8.3) 88.3 (8.3) 88.5 (8.3) 88.8 (8.0) 88.5 (8.4)

Clinical
Alcohol abuse (%) 4.2 8.3 4.0 5.4 3.7
Atrial fibrillation (%) 0.1 0.6 0.1 0.3 0.1
Coronary artery

disease (%)
0.7 3.2 0.5 1.6 0.2

Cancer (%) 5.5 16.7 4.9 9.3 3.7
Congestive heart

failure (%)
0.1 0.8 0.1 0.3 0.1

Chronic kidney
disease (%)

1.4 6.2 1.1 3.1 0.6

COPD/asthma (%) 9.0 15.4 8.7 13.2 7.1
Dementia (%) 0.3 1.0 0.2 0.6 0.1
Depression (%) 8.2 14.5 7.9 14.4 5.3
Diabetes (%) 7.2 15.8 6.8 14.6 3.8
End-stage renal

disease (%)
0.1 1.8 0.1 0.4 0.1

HIV/AIDS (%) 0.3 3.0 0.2 0.8 0.1
Hyperlipidemia (%) 32.2 43.6 31.6 46.7 25.5
Hypertension (%) 26.8 42.6 26.0 42.3 19.7
Liver disease (%) 0.1 0.8 0.1 0.3 0.1
Obesity (%) 5.3 9.6 5.1 7.5 4.3
Osteoporosis (%) 6.4 11.6 6.1 10.1 4.7
Stress (%) 3.6 5.8 3.5 5.6 2.7
Stroke (%) 0.2 0.7 0.1 0.4 0.1
Tobacco use (%) 4.6 9.4 4.4 6.0 4.0
ER visits, [mean

(SD)]
0.3 (0.8) 0.6 (1.7) 0.2 (0.7) 0.3 (1.0) 0.2 (0.6)

Office visits [mean
(SD)]

10.0 (11.7) 22.0 (25.3) 9.3 (10.2) 15.9 (16.3) 7.2 (7.4)

Hospital days [mean
(SD)]

0.6 (16.5) 3.2 (33.1) 0.5 (15.1) 1.2 (24.6) 0.3 (10.9)

Costs
Year 1 costs [mean

(SD)]
5968 (16,566) 27,702 (51,120) 4824 (10,941) 11,390 (25,524) 3478 (9031)

Medication use and adherence
Prescriptions [mean

(SD)]
5.5 (4.3) 10.0 (7.0) 5.2 (4.0) 8.4 (5.3) 4.1 (3.0)

Medication use (%) 45.1 63.4 44.1 70.2 33.6
Adherence [mean

(SD)]
0.7 (0.3) 0.7 (0.3) 0.7 (0.3) 0.8 (0.2) 0.7 (0.3)

(Continued )
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score, a commonly used risk adjustment tool using pharmacy
claims.9,24

Identification of High-Cost Patients
Costly patients were defined 2 different ways. We first

identified a “high-cost” group of patients using trajectory
modeling based on consistently high longitudinal spend-
ing.12,13,15 Second, we classified patients as “high-cost” if
they were within the top fifth percentile of the most costly
patients based on annual spending, which is similar to other
approaches in the literature.

In the trajectory approach, we used the SAS procedure
Proc Traj, a free SAS add-on that fits a semiparametric
mixture model to longitudinal data, as previously de-
scribed.13,15,25 In brief, group-based trajectory models were
developed as an application of finite mixture modeling and
identify clusters of individuals who follow similar patterns
over time.13 This modeling approach analyzes longitudinal
data by fitting a semiparametric (discrete) mixture model and
assigns groupings in data based on their probability dis-
tributions.25 We modeled longitudinal cost trajectories in the
entry year (2010 or 2011) using calendar month as the time
variable and a censored normal model. The models were
estimated using a “forward” classifying approach using from
2 to 7 groups, each time investigating model fit using the
Bayesian information criterion (BIC), whereby lower BIC

indicates better model fit.13 The number of groups inves-
tigated was capped at 7, owing to the ability to interpret
separate trajectory groups, lowest BIC obtained, Z5% of the
sample in each group, and the abilities of models to con-
verge.14 All these factors are considerations in choosing the
best trajectory model.25–27 The group-based trajectory
modeling approach estimates each individual’s probability of
membership in each group and assigns individuals to the
trajectory group based on their highest probability of mem-
bership.

Statistical Analysis
To assess the ability to predict costly patients, we

compared the performance of models that categorized pa-
tients within the top fifth percentile of annual spending
versus the best-fitting trajectory model that identified a
“high-cost” group against all other trajectory groups. For
each of these 2 cost outcomes, we fit 5 different prediction
models using logistic regression. As shown in Table 2, model
1 utilized patient demographic and clinical characteristics as
predictors, model 2 used characteristics that were obtainable
using only pharmacy claims and enrollment data, and model
3 utilized all investigator-specified baseline characteristics.
In addition, model 4 included the predictors from the Johns
Hopkins ACG software alone, and model 5 incorporated the
ACG software predictors with other baseline predictors, a

TABLE 1. Baseline Characteristics of High-Cost Patients by Spending Definition (continued)

Percentile-based Cost Definition Trajectory-based Cost Definition

Characteristics

Full Cohort

(N=998,651)

Top 5th Percentile

(N=49,934)

Lower 95th Percentile

(N=948,717)

High-cost Trajectory

(N=314,271)

Other Trajectories

(N=684,380)

Risk adjustment measures
Comorbidity score

[mean (SD)]
0.1 (0.9) 8.7 (1.9) 0.1 (0.8) 0.3 (1.3) 0.1 (0.7)

Rx-risk [mean (SD)] 2.4 (2.0) 4.3 (2.7) 2.2 (1.9) 3.8 (2.3) 1.8 (1.5)
No. ADGs [mean

(SD)]
5.3 (3.3) 8.0 (4.1) 5.1 (3.2) 6.9 (3.6) 4.5 (2.8)

No. Rx-MGs [mean
(SD)]

4.4 (3.0) 7.5 (4.4) 4.2 (2.8) 6.3 (3.5) 3.4 (2.2)

ADG indicates Adjusted Diagnosis Group; COPD, Chronic Obstructive Pulmonary Disease; ER, emergency room; HIV/AIDS, human immunodeficiency virus infection and
acquired immune deficiency syndrome; HS, high school; Rx-MG, RX-defined morbidity groups.

TABLE 2. Ability of Models to Predict High-Cost Spending Groups

C-statistic (95% CI) Pseudo R2 (95% CI) Net Reclassification Index (95% CI)

Model Predictors

Top 5th

Percentile

High-cost

Trajectory

Top 5th

Percentile

High-cost

Trajectory

Top 5th

Percentile

High-cost

Trajectory

1 Demographic+clinical 0.77 (0.76, 0.78) 0.80 (0.80–0.80) 0.17 (0.16–0.17) 0.32 (0.32–0.32) Referent Referent
2 Pharmacy claims* 0.77 (0.77, 0.77) 0.86 (0.86–0.86) 0.17 (0.16–0.18) 0.46 (0.46–0.47) 0.14 (0.13, 0.15) 0.62 (0.61, 0.63)
3 All ISw 0.81 (0.81, 0.82) 0.85 (0.85–0.85) 0.21 (0.21–0.22) 0.44 (0.43–0.44) 0.60 (0.59, 0.62) 0.67 (0.66, 0.68)
4 ADGs+Rx-MGs 0.80 (0.80, 0.81) 0.83 (0.83, 0.83) 0.22 (0.21, 0.22) 0.39 (0.39, 0.39) 0.45 (0.43, 0.46) 0.52 (0.52, 0.53)
5 ADGs+Rx-MGs+all

ISw
0.82 (0.81, 0.83) 0.86 (0.86, 0.86) 0.26 (0.23, 0.30) 0.47 (0.46–0.47) 0.63 (0.62, 0.64) 0.75 (0.75, 0.76)

*Pharmacy claims: demographic+medication use/adherence+year 1 pharmacy costs.
wInvestigator-specified (IS): demographic+clinical+medication use/adherence+year 1 (baseline) total costs.
ADG indicates adjusted diagnosis group; CI, confidence interval; Rx-MG, RX-defined Morbidity Groups.
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frequently recommended approach.3,23 Secondary models
with other predictor combinations and risk-adjustment
methods were also conducted.

To avoid “over optimism” bias, we used internal split-
sample validation by randomly dividing the full cohort into
two halves as an initial derivation sample and a validation
sample.28 We evaluated each model through discrimination,
performance, and reclassification measures.29 Discrim-
ination, the ability of the model to distinguish between pa-
tients who do and do not experience the outcome, was
measured by the C-statistic, which ranges from 0.5 (non-
informative model) to 1.0 (perfect prediction).30,31 Pseudo R2

were used to assess model performance by examining the
variation explained by the model, ranging from 0 (no var-
iation explained) to 1.0 (all explained).32 The continuous net
reclassification improvement index (NRI) was used to assess
changes in the predicted outcome classification of expanded
models versus model 1 as the base model.22,24 The NRI
measures the net proportion of case and control patients that
are correctly reclassified by other models and is thought to
enhance interpretations from C-statistics due to its increased
sensitivity to changes in model predictions.33 The C-sta-
tistics, R2, and the NRIs were calculated with bootstrapped
95% confidence intervals using 1000 replications with re-
placement sampling.34,35

We also performed several sensitivity analyses. First,
analyses among clinically relevant patient subgroups were
conducted, including males and females separately, patients
aged below and above 65 years, and among patients with
diabetes, hypertension, or depression. The best non-
proprietary predictive model (defined by the highest C-sta-
tistic) and the model using only variables obtainable from

pharmacy claims data were used for these subanalyses. We
also estimated models that predicted spending in the top 10th
percentile and models that included an indicator of use and a
PDC interaction term for the medication classes individually
rather than an average PDC. For clinical context, we ex-
plored the relationship between potentially intervenable pa-
tient characteristics (eg, alcohol use) and high-cost trajectory
membership and prediction in model 3. Finally, we measured
the spending in the entry year associated with modifiable risk
factors36 and estimated additional trajectory models (Sup-
plement, Supplemental Digital Content 1, http://links.
lww.com/MLR/B288).

All analyses were performed using SAS 9.4 (Cary,
NC).

RESULTS

Cohort Characteristics
In total, 998,651 patients were included in the study

(Supplemental Fig. 1, Supplemental Digital Content 1, http://
links.lww.com/MLR/B288). Their mean age was 45.8 (SD:
13.7), and 59.6% were female. Almost 50% of patients in the
top quartile of spending were not previously costly (Sup-
plemental Fig. 2, Supplemental Digital Content 1, http://
links.lww.com/MLR/B288), indicating dynamic movement
across years. The 7-group trajectory model had the lowest
BIC and is presented in Figure 1; a sample patient case for
each group is shown in Supplemental Table 3 (Supplemental
Digital Content 1, http://links.lww.com/MLR/B288). Base-
line characteristics differed between the “high-cost” spend-
ing groups and the other less costly groups (Table 1).
Baseline characteristics for the other trajectory groups are
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FIGURE 1. Seven spending phenotypes using the trajectory model approach. The mean spending levels using 7-group trajectory
modeling in the full sample are plotted. The percentages refer to the number of patients who belong to each trajectory group out
of the full cohort.
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shown in the Appendix Table. Trajectory modeling ap-
proaches using fewer groups are shown in Supplemental
Figure 3 (Supplemental Digital Content 1, http://links.
lww.com/MLR/B288).

In the 7-group model, the trajectory with the highest
average spending included 31.5% of patients and accounted
for 68.1% of total spending. In comparison, the top fifth
percentile of patients, who all had annual costs exceeding
$25,000, accounted for 44.2% of the cohort’s total spending.
Compared with the high-cost trajectory, the patients in the
top fifth spending percentile had more variation and right
skew in their costs (Fig. 2).

Cost Prediction
Table 2 shows the results of the 5 main prediction

models in the validation sample (N = 499,780). The ability to
accurately predict costly patients was good across all models,
including those using only demographic and clinical char-
acteristics. Models in which high-cost was defined using the
high-cost trajectory had consistently higher C-statistics and
R2 than using the top fifth percentile. For example, the best-
performing high-cost trajectory prediction model had a C-
statistic of 0.86 while the best-performing top fifth percentile
prediction model had a C-statistic of 0.82. Similarly, up to
47% of the variation in costly patients could be explained
using trajectory modeling while only 26% of the variation
could be explained using the top fifth percentile approach.

Overall, the best-performing models for both spending
outcome definitions (model 5) included the Johns Hopkins
ACG software predictors along with age, sex, and baseline

costs (fifth percentile C-statistic: 0.82, R2: 0.26; high-cost tra-
jectory C-statistic: 0.86, R2: 0.47). For both spending outcome
definitions, models including non-proprietary model predictors
(eg, model 3) still had very high predictive ability. These
models outperformed models with other predictor combinations
and risk adjustment instruments (Supplemental Table 4, Sup-
plemental Digital Content 1, http://links.lww.com/MLR/B288).
The multivariate results from the best-performing models
(model 3) are given in Supplemental Table 5 (Supplemental
Digital Content 1, http://links.lww.com/MLR/B288).

Similarly, for both spending outcome definitions, the
model that incorporated only predictors from pharmacy
claims and enrollment information (model 2) was still
strongly predictive of costly patients (top fifth percentile C-
statistic: 0.77; high-cost trajectory C-statistic: 0.86). In fact,
using the trajectory approach, the use of pharmacy claims
alone outperformed the model that included all investigator-
specified characteristics, even when examining the boot-
strapped 95% confidence intervals. The estimates from other
models in the validation sample are shown in Supplemental
Table 4 (Supplemental Digital Content 1, http://links.
lww.com/MLR/B288). The predictive accuracies in the ini-
tial derivation sample (N = 498,871) were similar to the
validation sample (Supplemental Table 6, Supplemental
Digital Content 1, http://links.lww.com/MLR/B288).

Sensitivity and Exploratory Analyses
The C-statistics of the prediction models among patient

subgroups are shown in Figure 3. The trajectory modeling
approach demonstrated good model discrimination within

FIGURE 2. Spending in year 2 by high-cost spending definition.
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strata based upon age, sex, and presence of common chronic
conditions. Specifically, the best-performing investigator-
specified model (model 3) and the pharmacy claims-only
model yielded very similar C-statistics as the full cohort for
both spending outcome definitions. Models that predicted
spending in the top 10th percentile performed similarly to the
top fifth percentile (Supplemental Table 7, Supplemental
Digital Content 1, http://links.lww.com/MLR/B288). Models
that included use and adherence predictors for the medication
classes individually were very similar to the primary analyses
(Supplemental Table 8, Supplemental Digital Content 1,
http://links.lww.com/MLR/B288). Several potentially inter-
venable characteristics, such as depression or obesity, were
associated with high-cost trajectory membership (Supple-
mental Table 9, Supplemental Digital Content 1, http://links.
lww.com/MLR/B288); the ability to predict high-cost
trajectory membership was still high with only potentially
intervenable characteristics. We also provide trajectories of

spending on potentially modifiable risk factors in Supple-
mental Figure 4 (Supplemental Digital Content 1, http://links.
lww.com/MLR/B288) and their prediction statistics in Sup-
plemental Table 10 (Supplemental Digital Content 1, http://
links.lww.com/MLR/B288).

DISCUSSION
In this cohort of commercially insured patients, we

found that the use of group-based trajectory modeling sub-
stantially improved the ability to predict who will be costly
compared with a more conventional approach of defining
high-cost users as those in the top fifth percentile of spend-
ing. This novel cost-modeling approach had high predictive
accuracy, even when using easily implementable and non-
proprietary baseline patient characteristics.

Prior efforts to predict health care spending have had
modest accuracy and primarily assessed model performance using

FIGURE 3. Ability of models to predict high-cost spending within patient subgroups. *Demographic + medication use/adherence
+ year 1 pharmacy costs. winvestigator-specified (IS): demographic + clinical + medication use/adherence + year 1 total costs.
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R2 values; these R2 values range from, approximately, 0.10 to
0.30, depending on predictors and patient population.6,9,37,38

This accuracies may have resulted, in part, because of how the
outcome of interest, costs, has been categorized or calculated.
Existing approaches have often focused on the use of a single
measure of costs, such as total yearly costs or a threshold-
based measure, like being in the top fifth spending percentile,
which collapse an entire year’s spending into a single static
variable. As a result, patients who have consistently high
spending throughout the year are grouped together with other,
potentially different patients, who may have extremely high
but short-lived periods of resource consumption.

In this study, we sought to evaluate a novel, cost-
modeling approach that has been shown to better classify and
improve the ability to predict other similarly dynamic out-
comes.15,27 This approach, group-based trajectory modeling,
estimates changes over time in an outcome that is measured
repeatedly and identifies individuals who have similar
longitudinal patterns. One advantage of this approach is that
it allows the data to define the outcome, rather than using an
arbitrarily selected threshold of costly patients. This way of
empirically defining costly patients may explain why tra-
jectory models in our study performed better than more
conventionally defining patients in the top fifth percentile. In
addition, because this cost-modeling approach incorporates
the timing of incurred costs, we may better identify when to
intervene on costly patients.

The size of the high-cost trajectory group itself war-
rants further reflection. The trajectory modeling method
classified 31% of the patients into the high-cost group, as
opposed to, by definition, a much smaller proportion of pa-
tients using the top fifth spending percentile approach, which
is why the average spending is lower. Although the top fifth
percentile of patients accounts for an extremely dispropor-
tionate amount of spending, targeting more patients for cost-
containment might be beneficial for several reasons. First,
lowering the spending of a larger subgroup of costly patients
will lower overall spending in the population, even if the
average spending per patient only slightly decreases. Second,
these patients were identified as being consistently high
spenders, rather than episodically high spenders.

Of course, it may be infeasible to intervene upon a
group as large as the high-cost trajectory, and not all costs
may be preventable. Therefore, identifying additional sub-
groups may be necessary, and this trajectory approach may
be a starting point. For example, a prediction rule, such as
Supplemental Table 8 (Supplemental Digital Content 1,
http://links.lww.com/MLR/B288), could be applied to the
high-cost trajectory to identify patients with potentially
modifiable characteristics who might be the ultimate target
for cost-containment. Additional approaches that estimate
trajectories of modifiable costs could also be useful.

We also compared the ability of models to predict
costly patients using a variety of available variables derived
from health care databases with commonly used risk-
adjustment methods. One of proprietary approaches, the
Johns Hopkins ACG system, has been shown to have fa-
vorable predictive accuracy in total costs and top fifth per-
centile of annual spending compared with other approaches

but can still be cost-prohibitive for researchers and other
health care organizations.6,7 We found that commonly-used
baseline characteristics also remarkably predicted costly
patients. Using demographic, clinical, and prior year
cost characteristics to predict either spending outcome was
only slightly inferior to the ACG methodology based on all
of the model performance measures. Thus, regardless
of how spending is defined, costly patients may still
be readily predicted even when proprietary candidate pre-
dictors may be infeasible or unavailable. This good model
performance persisted even when predicting costly patients
within subgroups of age, sex, and common chronic con-
ditions, indicating good applicability across different types
of patients.

Similarly, the models incorporating only predictors
available in pharmacy claims data were also highly pre-
dictive of costly patients, performing only slightly worse
than models using all available information, consistent with
prior analyses from the Society of Actuaries showing that
pharmacy claims data are powerful predictors of future
costs.39 These findings support that even pharmacy benefit
managers, without access to all clinical claims data, may be
able prospectively identify patients who are likely to be
costly. These data are frequently more easily and quickly
accessible to payers for policy decision-making, enabling
these organizations to accurately target disease management
programs and cost-containment.

These findings should be interpreted in light of several
limitations. First, we restricted the analyses to patients with
complete covariate information; while only a small pro-
portion of the original cohort was lost (1.5%), these patients
were also less likely to costly. We also only included patients
if they used their insurance at least once to ensure active
benefits. Although these patients would not have been clas-
sified as costly, the trajectories and predictive ability could
have differed if all patients had been included. We also ex-
amined trajectories over the calendar year; patients with in-
complete enrollment or other policy-level start and end
dates may have different patterns. Second, due to differences
in how the outcomes are categorized, the model performance
of predicting a cost trajectory (a binary outcome) cannot
be directly compared with predicting total costs (a con-
tinuous outcome), which is why the trajectory models
were compared with the top fifth spending percentile rather
than total costs; however, this threshold-based method
is also frequently used. The candidate variables that were
included in these prediction models may also not be ex-
haustive. Lastly, these results cannot be generalized to other
payment systems, such as Medicaid or Medicare beneficia-
ries. Future work should consider trajectories with longer
time horizons, stratifications by clinical condition, or further
identifying and estimating potentially modifiable or discre-
tionary costs.

In conclusion, we found that a dynamic approach using
group-based trajectory models may be highly accurate and
outperforms other conventional methods of identifying high-
cost patients. This strategy is easily implementable and could
optimize predictions that identify patients for potential cost-
containment.
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APPENDIX

TABLE 1. Baseline Characteristics of the Other 6 Trajectory Groups

Characteristics

Low Cost

(N=133,378)

Declining

(N=74,208)

Early Bell Curve

(N=86,726)

Moderate Cost

(N=255,922)

Late Bell Curve

(N=66,604)

Rising

(N=67,542)

Female (%) 48.9 54.0 62.1 63.8 61.6 59.3
Age [mean (SD)] (y) 39.7 (12.8) 40.8 (13.1) 42.8 (13.4) 46.5 (13.3) 43.7 (13.4) 43.2 (13.0)
West region (%) 17.9 17.7 17.8 17.7 17.3 17.7
South region (%) 42.5 41.4 41.3 42.0 42.0 41.4
Midwest region (%) 9.1 9.2 8.7 9.2 8.6 9.1
Northeast region (%) 30.5 31.7 32.2 31.2 32.1 31.8
Rx benefits’ generosity

[mean (SD)]
0.6 (0.3) 0.6 (0.3) 0.5 (0.3) 0.5 (0.3) 0.6 (0.3) 0.6 (0.3)

Medical benefits’ generosity
[mean (SD)]

0.3 (0.2) 0.3 (0.3) 0.3 (0.3) 0.3 (0.2) 0.3 (0.2) 0.3 (0.3)

Health plan type (%)
PPO 24.5 23.5 23.0 22.1 22.6 23.6
POS 18.7 19.4 19.6 20.0 19.3 19.1
HMO 32.1 32.5 33.1 33.0 33.2 32.5
Managed choice 23.8 23.6 23.3 24.1 24.9 23.8
Other 0.9 1.0 1.0 1.1 1.0 1.1

% Black [mean (SD)] 12.4 (18.5) 12.2 (18.3) 12.4 (18.6) 12.0 (18.2) 12.3 (18.5) 12.2 (18.4)
Income median [mean (SD)] 70,060 (25,504) 70,787 (25,832) 70,964 (25,890) 70,898 (25,771) 71,629 (26,437) 71,349

(26,072)
% HS graduate, [mean (SD)] 88.1 (8.8) 88.4 (8.5) 88.5 (8.4) 88.7 (8.1) 88.7 (8.3) 88.6 (8.3)
Alcohol abuse (%) 3.6 3.8 3.8 3.7 3.5 3.6
Atrial fibrillation (%) 0.1 0.1 0.1 0.1 0.1 0.1
Coronary artery disease (%) 0.1 0.1 0.3 0.4 0.2 0.2
Cancer (%) 2.0 2.8 3.9 5.0 3.7 3.2
Congestive heart failure (%) 0.1 0.1 0.1 0.1 0.1 0.1
Chronic kidney disease (%) 0.2 0.3 0.6 0.9 0.5 0.4
COPD/asthma (%) 5.6 6.5 7.0 8.1 6.9 6.9
Dementia (%) 0.1 0.1 0.2 0.2 0.1 0.1
Depression (%) 2.6 4.0 6.2 7.4 4.6 4.0
Diabetes (%) 1.2 2.0 3.6 6.2 3.4 2.6
End-stage renal disease (%) 0.1 0.1 0.1 0.1 0.1 0.1
HIV/AIDS (%) 0.1 0.1 0.1 0.2 0.1 0.1
Hypertension (%) 9.3 12.4 18.4 29.2 18.0 15.1
Hyperlipidemia (%) 15.1 18.8 24.6 34.2 24.7 22.4
Liver disease (%) 0.1 0.1 0.1 0.1 0.1 0.1
Obesity (%) 3.0 3.8 4.7 5.1 4.1 4.0
Osteoporosis (%) 2.4 3.3 4.7 6.4 4.9 4.3
Stress (%) 1.7 2.4 3.3 3.2 2.4 2.4
Stroke (%) 0.1 0.1 0.1 0.1 0.1 0.1
Tobacco use (%) 3.8 4.0 4.1 4.1 3.8 3.9
ER visits [mean (SD)] 0.2 (0.6) 0.2 (0.7) 0.2 (0.7) 0.2 (0.6) 0.2 (0.6) 0.2 (0.6)
Office visits [mean (SD)] 4.9 (5.1) 6.3 (6.6) 8.1 (8.3) 8.7 (8.3) 7.0 (6.9) 6.5 (6.3)
Hospital days [mean (SD)] 0.2 (1.7) 0.4 (20.4) 0.4 (13.7) 0.4 (9.1) 0.3 (1.7) 0.3 (12.9)
Year 1 costs [mean (SD)] 2189 (5931) 2947 (7062) 3896 (9806) 4342 (11,023) 3220 (7195) 2961 (7351)
Prescriptions [mean (SD)] 3.0 (2.2) 3.5 (2.5) 4.3 (3.0) 5.0 (3.3) 3.9 (2.7) 3.7 (2.6)
Medication use (%) 13.4 19.6 31.9 51.8 30.2 24.9
Adherence [mean (SD)] 0.5 (0.3) 0.6 (0.3) 0.7 (0.3) 0.7 (0.2) 0.6 (0.3) 0.6 (0.3)
Comorbidity score [mean

(SD)]
0.1 (1.2) 0.1 (0.6) 0.1 (0.7) 0.1 (0.8) 0.1 (0.6) 0.1 (0.6)

Rx-risk [mean (SD)] 1.2 (1.2) 1.4 (1.3) 1.8 (1.5) 2.3 (1.6) 1.7 (1.4) 1.5 (1.4)
No. ADGs [mean (SD)] 3.6 (2.4) 4.1 (2.6) 4.7 (2.8) 5.1 (3.0) 4.5 (2.8) 4.3 (2.7)
No. Rx-MGS [mean (SD)] 2.6 (1.7) 3.0 (1.9) 3.5 (2.2) 4.1 (2.4) 3.3 (2.1) 3.1 (2.0)

ADG indicates adjusted diagnosis group; ER, emergency room; HIV/AIDS, human immunodeficiency virus infection and acquired immune deficiency syndrome; HS, high
school; COPD, chronic obstructive pulmonary disease; Rx-MG, RX-defined Morbidity Groups.
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