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INTRODUCTION

Health systems are increasingly adopting intensive primary care
and care coordination programs to improve outcomes for high-
need, high-cost (HNHC) patients, the 5% of patients who ac-
count for over 50% of health care costs.1 However, research on
such programs has shown mixed results, improving patient
satisfaction but having limited impact on quality of life, illness
control, and need for acute care services.2, 3 As a group, HNHC
patients are defined based on their utilization of care, rather than
their clinical conditions. Yet, to better manage HNHC patients,
clinicians need to match patients to care models tailored to their
clinical conditions.4 Here, we utilized an open-source, machine
learning method to describe different subgroups of HNHC pa-
tients based on their clinical characteristics for an urbanMedicaid
population in the Mount Sinai Health System (MSHS).

METHODS

Study Population

We examined administrative claims from 34,764 patients insured
by a Medicaid managed care organization that operates in New
York and New Jersey who were admitted to at least one hospital
contained withinMSHS between 1/1/2014 and 12/31/2015. This
study was approved by the Icahn School of Medicine at Mount
Sinai Institutional Review Board (IRB-16-01066).

High-Need, High-Cost Criteria

We selected patients ages 18 years and older who ful-
filled either of two inclusion criteria: admitted at least
three times within any 12-month period between 2014
and 2015 or admitted at least two times within the same
time period, with at least one serious mental health
condition as a primary diagnosis. We chose this defini-
tion based on Johnson et al.5 A hospitalization was
defined as ICD-9 primary diagnosis codes in inpatient
hospital claims; secondary and tertiary diagnoses were
comorbidities.

Data Preparation

Using Medicaid claims data, we created a dataset of
patient features consisting of ICD-9-based clinical condi-
tion categories, 31 electronic health record clinical codes,
and demographic variables, including age, sex, and neigh-
borhood of residence. We used the Clinical Classification
Software scheme to categorize each primary diagnosis
ICD-9 code into one of 250 clinical condition categories.5

For each clinical condition category, we created a variable
that was equal to one when a patient’s claim line item
included a primary diagnosis code fell into that category,
and zero otherwise.

Data Analysis

Clustering is an unsupervised machine learning method for
exploring non-parametric patterns within data that may not be
discernable by parametric multivariate regression methods.
We used affinity propagation (AP), a clustering algorithm that
does not require the number of clusters in the data set to be
known a priori.6

We utilized the apcluster package in R (3.3.1) using
RStudio (version 0.99.903) for our analysis. For ease of inter-
pretation, we focused on the top 25 clusters by size. The results
were interpreted for clinical salience by investigators with
clinical expertise (SN and JS).

Dr. Doupe and Ms. Villanueva were affiliated with the Department of
Health System Design and Global Health, Arnhold Institute for Global
Health, and Icahn School of Medicine at Mount Sinai during the time the
work was conducted.
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RESULTS

Cohort Characteristics

There were 2397 patients in our cohort. The average age of
patients was 46.5 (standard deviation [SD] 15.0) years and
56% were female (Table 1). The average number of admis-
sions was 79 (SD 45.2) and total cost of care was $50,700
(SD $68,300).

Clinical and Cost Characteristics for Top 25
Clusters

Table 1 presents the main findings. The two largest clusters were
characterized by depression and other mood disorders. Twelve
of the top 25 clusters were primarilymental health and substance
use conditions. Other prominent clusters included pregnancy-
and birth-related complications, heart conditions, and diabetes.

Table 1 Characteristics of Top 25 Clusters

Prevalent clinical
condition code(s)

Prevalent electronic
health record code(s)

Number of
patients

Percent
of total
cohort (%)

Female,
% (SD)

Age,
years (SD)

Average
number of
comorbidities
(SD)

Total cost
of care,
‘000 $ (SD)

Overall cohort – 2397 100.0 56.0 46.5 (15.0) 10.8 (9.0) 50.7 (68.3)
Mood disorders Depression 46 1.9 69.6 (46.5) 31.7 (9.5) 5.4 (4.1) 22.9 (16.6)
Mood disorders Depression 42 1.8 69.0 (46.8) 38.8 (13.5) 5.3 (3.8) 19.3 (19.5)
Schizophrenia and
other psychotic disorders

38 1.6 34.2 (48.0) 40.6 (14.6) 4.7 (4.1) 13.6 (14.1)

Coronary atherosclerosis
and other heart disease;
nonspecific chest pain

Ischemic heart disease;
hypertension;
hyperlipidemia;
diabetes; depression

34 1.4 61.8 (49.3) 56.7 (5.3) 12.1 (7.1) 76.7 (63.6)

Schizophrenia and other
psychotic disorders

34 1.4 35.3 (48.5) 33.8 (11.4) 3.5 (2.8) 25.2 (30.5)

Liveborn; other
complications of birth;
other pregnancy and
delivery including normal

28 1.2 100.0 (0) 33.1 (6.3) 7.4 (4.0) 10.4 (8.2)

Substance-related disorders;
alcohol-related disorders

Depression 26 1.1 23.1 (42.7) 40.9 (10.2) 7.0 (3.9) 15.8 (11.3)

Schizophrenia and other
psychotic disorders;
Mood disorders

Depression 25 1.0 72.0 (45.8) 34.0 (11.8) 6.0 (3.1) 28.2 (20.0)

Substance-related disorders Hypertension 25 1.0 24.0 (43.5) 46.8 (12.9) 5.2 (3.6) 15.1 (16.1)
Coronary atherosclerosis
and other heart disease;
nonspecific chest pain

Ischemic heart
disease; hypertension;
hyperlipidemia

25 1.0 36.0 (49.0) 64.1 (13.4) 12.7 (7.2) 35.4 (33.8)

Polyhydramnios and other
problems of amniotic cavity

24 1.0 100.0 (0) 29.4 (5.1) 4.7 (2.2) 7.0 (6.8)

Nonspecific chest pain Rheumatoid arthritis
osteoarthritis;
hyperlipidemia

24 1.0 37.5 (49.5) 52.8 (8.3) 8.8 (6.9) 32.4 (21.8)

Other complications
of pregnancy

Anemia 24 1.0 95.8 (20.4) 33.1 (7.5) 7.8 (4.1) 19.0 (20.4)

Mood disorders Depression 23 1.0 73.9 (44.9) 36.7 (14.1) 6.7 (4.7) 47.1 (68.7)
Mood disorders Depression 22 0.9 68.2 (47.7) 40.5 (14.4) 5.3 (3.4) 43.0 (38.9)
Other complications
of birth

22 0.9 90.9 (29.4) 31.7 (10.2) 6.2 (3.4) 11.5 (7.5)

Diabetes mellitus
with complications

Diabetes; chronic
kidney disease

22 0.9 27.3 (45.6) 42.3 (13.7) 10.1 (7.1) 55.7 (52.3)

Schizophrenia and
other psychotic disorders

21 0.9 52.4 (51.2) 37.7 (12.8) 3.2 (2.9) 14.8 (14.1)

Mood disorders Depression 21 0.9 52.4 (51.2) 34.1 (12.4) 4.6 (3.0) 18.0 (20.9)
Mood disorders Depression;

hyperlipidemia;
hypertension

21 0.9 66.7 (48.3) 50.0 (11.7) 8.5 (6.0) 39.7 (25.6)

–* 20 0.8 50.0 (51.3) 47.8 (12.6) 8.6 (6.1) 35.8 (32.6)
Mood disorders;
schizophrenia and
other psychotic disorders

20 0.8 50.0 (51.3) 37.4 (12.3) 5.3 (6.2) 17.7 (17.9)

Alcohol-related disorders Depression; diabetes;
hyperlipidemia;
hypertension

20 0.8 35.0 (49.0) 52.2 (6.4) 5.5 (3.7) 30.7 (28.0)

–* 20 0.8 40.0 (50.3) 45.9 (13.9) 7.6 (5.0) 30.6 (58.0)
Early or threatened labor 20 0.8 95.0 (22.4) 28.0 (4.6) 5.7 (2.4) 29.3 (54.8)

*These clusters did not have a clear association with a clinical condition

1407Nuti et al.: Clustering High-Need, High-Cost Medicaid BeneficiariesJGIM



There was surprisingly large variation in average costs of
care across the top 25 clusters, ranging from $7000 to $76,600
per patient per year.

DISCUSSION

We used an open-source machine learning method to describe
different subgroups of HNHC patients based on their clinical
characteristics. The largest HNHC patient subgroups were char-
acterized by mental and behavioral health conditions. We found
marked heterogeneity in HNHC patient costs across the differ-
ent subgroups. We also identified an unexpected patient popu-
lation: patients with pregnancy-related complications.
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