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I t is well documented that for any health care system patient 

population, there is a small subset of patients who have 

disproportionally high medical utilization, incur the majority 

of medical costs, and are at highest risk of poor health outcomes 

(“high-risk patients”).1-3 Despite the fact that health care systems 

and payers have become very successful at identifying who among 

their patients are high risk and high cost, interventions that apply 

one approach to all patients who are identified as high risk have 

not improved health outcomes.4-8 The challenge for health care 

organizations remains this: how to translate their ability to predict 

risk into interventions that provide high-risk patients the care that 

they need to prevent unnecessary hospitalizations and improve 

health outcomes.9

Heterogenous health profiles and health care needs among 

high-risk patients make it difficult to design an effective one-size-

fits-all intervention approach.10 However, fully individualized care 

management for each patient takes more resources per patient than 

health care systems can typically provide. Similarly, addressing 

high-risk patients’ health conditions one at a time is ineffective and 

inefficient,11 as most high-risk patients have numerous concurrent 

health conditions and use health care across a variety of settings. 

Dividing high-risk patients into groups based on similar sets 

of health conditions and health care needs would allow health 

care systems to develop a set of interventions optimized for each 

group. For this reason, the National Academy of Medicine 2017 

report Effective Care for High-Need Patients called for a “taxonomy 

that presents holistic guidance on how care and finite resources 

should be targeted and delivered to improve the health of high-

need individuals.”5

Following the lead of marketing and other industries,12 health care 

systems are starting to use patient data to empirically segment their 

high-risk populations.10,13 Previous attempts to segment high-risk 

populations were driven by descriptive, a priori assumptions about 

which conditions define patients with similar health care needs.12,14,15 

Those approaches may work well for general populations with low 

morbidity for whom comprehensive epidemiologic information 

is available. For populations of higher-risk patients, however, this 
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ABSTRACT

OBJECTIVES: Empiric segmentation is a rapidly growing, 
learning health system approach that uses large health care 
system data sets to identify groups of high-risk patients who 
may benefit from similar interventions. We aimed to review 
studies that used data-driven approaches to segment high-
risk patient populations and describe how their designs and 
findings can inform health care leaders who are interested 
in applying similar techniques to their patient populations.

STUDY DESIGN: Structured literature review.

METHODS: We searched for original research articles 
published since 2000 that identified high-risk adult patient 
populations and applied data-driven analyses to segment 
the population. Two reviewers independently extracted study 
population source and criteria for high-risk designation, 
segmentation method, data types included, model selection 
criteria, and model results from the identified studies.

RESULTS: Our search identified 224 articles, 12 of which 
met criteria for full review. Of these, 8 segmented high-risk 
patients and 4 segmented diagnoses without assigning 
patients to unique groups. Studies segmenting patients more 
often had clinically interpretable results. Common groups 
were defined by high prevalence of diabetes, cardiovascular 
disease, psychiatric conditions including substance use 
disorders, and neurologic disease (eg, stroke). Few studies 
incorporated patients’ functional or social factors. Resulting 
patient and diagnosis clusters varied in ways closely linked 
to the model inputs, patient population inclusion criteria, 
and health care system context.

CONCLUSIONS: Empiric segmentation can yield clinically 
relevant groups of patients with complex medical needs. 
Segmentation results are context dependent, suggesting the 
need for careful design and interpretation of segmentation 
models to ensure that results can inform clinical care and 
program design in the target setting.
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approach is limited by assumptions about the similarities of high-risk 

populations and the ability of descriptive methods to distinguish 

combinations of only 2 or 3 conditions at a time.16-18 Prespecified 

disease combinations with known high degrees of association 

in a general population, such as diabetes and heart disease, may 

also be common within a high-risk patient population, but these 

prespecified combinations may not best distinguish subgroups 

from one another or help identify drivers of health outcomes. In 

addition, simply describing which diagnoses co-occur can overlook 

patients with different but related sets of conditions that have 

“concordant” management approaches and can be grouped for similar 

clinical interventions.19,20 Generic a priori classification schemes 

also do not allow health care systems to customize interventions 

to the segments that exist within their own high-risk population. 

Data-driven segmentation addresses these 

limitations by allowing patient data to “speak 

for itself” by using complex patterns in the 

large volume of health data generated by 

high-risk patients to reveal subgroups. Health 

care systems can then design and implement 

a limited set of interventions customized to 

these empiric groups and use outcomes data 

to feed back into continuous improvement of 

care for each group.21

In the last decade, empiric segmentation of 

high-risk patients has exploded in popularity. 

Several publications have outlined the reasons 

that segmentation may be useful to high-risk 

patient care9,21 and others have outlined options 

for segmentation modeling methods.22 However, 

there is not consensus on the best approach 

to using segmentation models with high-risk 

populations. There is now an opportunity to 

summarize patterns among methods and 

results from this first wave of applied studies 

to inform future segmentation studies and 

increase the likelihood that these analyses 

can improve patient care.

We conducted a structured review of 

published research articles that used empiric 

techniques to segment a health care system’s 

high-risk patients or their health conditions 

into data-driven groups. We describe how 

each study approached model design and 

interpretation and discuss how these deci-

sions may have influenced study results. We 

then summarize patterns across studies and 

address implications for how segmentation 

study design can be optimized to ensure 

that findings will be most applicable to care 

improvements for high-risk patients.

METHODS
We conducted a structured literature review of original research 

articles that identified medically high-risk health care system 

patient populations and applied data-driven analysis approaches 

to segment the population.

Search Strategy

We first used PubMed to search Medline and PubMed Central 

databases for original English-language research articles published 

between January 2000 and January 2020. We included relevant 

Medical Subject Headings and free-text terms as outlined in Table 1. 

We then examined bibliographies from each article identified by 

this initial search to identify additional potentially relevant studies. 

TAKEAWAY POINTS

Health care systems are increasingly using patient data to segment high-risk populations, but 
these analyses have not been widely translated into risk-reducing interventions. In this review 
of 12 published empiric high-risk patient segmentation studies, we find:

 › Groups identified varied based on patient inclusion criteria, the patient factors that are input 
into models, data sources, and model type.

 › Groups were often defined by common chronic health conditions, but few studies input 
patients’ functional or social factors into models.

 › We provide summary recommendations that health care systems can use to guide future 
high-risk patient segmentation analyses so that they can best inform design of group-
tailored interventions.

TABLE 1. PubMed Search Query

Multimorbidity/high-risk/
high-cost Methods Chronic disease

MeSH

• Multimorbidity

• Delivery of health care, 
integrated/economics

• Health care costs

• Health services needs 
and demand/economics

Free text

• Multimorbidity

• High-cost, high-need

• Complex(ity) primary care

MeSH

• Cluster analysis

• Machine learning

• Models, statistical

Free text

• Latent class analysis

• Item response theory

• Mixture item response theory

• Cluster analysis

• Predictive modeling

MeSH

• Chronic disease

• Chronic disease/economics

• Chronic disease/
epidemiology

Free text

• Chronic disease

Final search

(((((((((“Multimorbidity”[MeSh]) OR (((“Delivery of Health Care, Integrated/economics”[MeSH]) OR 
“Health Care Costs”[MeSH]) OR (“Health Services Needs and Demand/economics”[MeSH])))) AND 
((“Cluster Analysis”[MeSH]) OR “Models, Statistical”[MeSH])) AND ((“Chronic Disease”[MeSH]) 
OR (“Chronic Disease/economics”[MeSH] OR “Chronic Disease/epidemiology”[MeSH]))) AND 
(“Adult”[MeSH])))) OR (((((((multimorbidity) OR (((high-cost high-need) OR high-cost) OR high-
need)) OR ((complex*) AND primary care))) AND (((((((latent class analysis) OR latent class)) OR 
((item response theory) OR mixture item response theory)) OR ((cluster analysis) OR clustering)) 
OR predictive modeling)) AND chronic disease)))

MeSH, Medical Subject Headings.
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Finally, we conducted additional hand searches using keywords 

and articles entered into Google Scholar.

Study Inclusion and Exclusion Criteria

A total of 219 articles resulted from our initial Medline search, and 

an additional 5 potential articles were identified via reference 

review and hand searching. We excluded “gray” literature such 

as conference abstracts, unpublished theses, or industry reports. 

Studies were included if their population of focus was adults 

(18 years or older) and selected based on (1) high observed health 

care costs or utilization, (2) high predicted health care costs or 

utilization, or (3) high predicted risk for poor health outcomes, 

including patients with documented multimorbidity. Although age 

itself may be considered a risk factor for poor health outcomes, we 

excluded study populations solely defined by older age. We excluded 

studies that segmented general populations not otherwise known 

to be high risk or high cost, as well as studies conducted among 

narrower disease- or syndrome-specific populations. Studies 

were included if they used empiric, data-driven modeling strate-

gies to segment their population23 (ie, they did not apply a priori 

segments). Included studies applied modeling strategies either 

to the entire high-risk population or to broad strata within that 

population (such as men/women). To determine whether studies 

from our search met the inclusion criteria listed above, 2 authors 

(J.A. and J.M.-M.) reviewed the abstract of each article, then the full 

text of any article in which inclusion information was not clear 

from the abstract. In one instance with lack of consensus, a third 

author (A.M.R.) reviewed the full article text to determine whether 

inclusion criteria were met.

Data Extraction

Two authors (J.A. and J.M.-M.) independently extracted prespecified 

data from the included articles and their published supplementary 

materials. A third author (A.M.R.) reviewed and resolved any 

conflicting results. For each publication, we extracted the source 

population, high-risk or high-cost selection criteria, segmentation 

method and reported model fit metrics, variables included in 

segmentation models, sources of variables (eg, electronic health 

record [EHR], patient report), the stated criteria for selecting the 

optimal segmentation result, and the resulting patient or diagnosis 

groups, as described by the original article authors.

RESULTS
We found 12 articles24-35 that matched our inclusion criteria: 

8 patient-clustering (Table 227-31,33-38) and 4 diagnosis-clustering 

(Table 324-26,32) articles. High-risk patients were selected based on 

high cost (1 study),27 a risk-scoring system (3 studies),28,29,35 and 

multimorbidity (8 studies).24-26,30-34 High-risk study populations 

were drawn from the adult populations of the US Veterans Health 

Administration (2 studies),24,28 US Medicare enrollees (1 study),33 

1 US nongovernmental regional health system (Kaiser Permanente, 

3 studies),27,34,35 and non-US governmental (Switzerland, 1 study)26 

and regional (5 studies)25,29-32 health systems. Most study populations 

were from 2010 or later, but one study included patients from 200930 

and another from 1997 to 2000.24 In 6 of 9 samples based in health 

care systems, patients were restricted to those receiving primary 

care in that health care system.24-26,28,30,34

Studies typically used between 20 and 80 patient data variables 

in their segmentation models, with a range from 12 to 263. Most 

studies limited clinical diagnosis inputs to those with a minimal 

population prevalence (ie, 1% of 5% of the study population), or 

applied judgment in selecting conditions most relevant to clinical 

interventions. The most common patient data inputs were clinical 

diagnoses, derived either from EHR or billing data. One study 

combined clinical diagnoses with utilization patterns also obtained 

from the EHR.33 Three studies used patient-reported data on health 

status, functional status, or social needs.33-35

Of the 8 patient-clustering studies (Table 227-31,33-38), 2 studies30,31 

used cluster analysis39 and 5 used latent class analysis40 or a closely 

related method.27-29,33,35 One study used both and compared the 

results.34 All 4 of the diagnosis-clustering studies (Table 324-26,32) 

used cluster analysis24-26,32 and 1 additionally used exploratory factor 

analysis.41 Goodness-of-fit metrics were reported for 6 of the 14 

models. No studies used patient outcomes to determine patient 

groupings (eg, “supervised” segmentation42).

With each empiric segmentation method, multiple solutions 

are possible, particularly in terms of the total number of resulting 

segments. Thirteen of the 14 analyses provided details on the 

criteria they used to select their “final” or “best” model solution, as 

outlined in Tables 2 and 3 under “Model Selection Method.”24,25,27-35 

Six studies used only statistical or analytical model fit measures, 

without describing a role for clinical judgment in final model 

selection.29-33,35 Four studies used statistical measures as an initial 

screen, then used clinical judgment for the final selection.25,27,28,34 

Clinical judgment as a criterion was rarely described beyond 

“clinical interpretability.” However, 1 study described this in detail 

as including (1) whether the groups of conditions matched known 

epidemiology, (2) whether it would be clinically useful to be aware 

of co-occurring conditions within a cluster, and (3) whether the 

chronic conditions within the cluster would respond to similar 

clinical management approaches.24 This was also the only study to 

use clinical judgment as the sole criteria for final model selection.

The segments derived from empiric modeling were highly 

influenced by the population, modeling approach, and variables 

chosen. Patient-clustering studies were more clinically interpretable 

than diagnosis-clustering studies and resulted in fewer segments 

(median, 6 vs 28). Similarly, studies that included clinical judg-

ment in their model selection methods typically resulted in more 

clinically interpretable results compared with studies relying on 

purely statistical criteria. In the 2 studies that included functional 

limitations (eg, ability to perform activities of daily living) as inputs 

along with chronic condition diagnoses, these functional variables 

were key in differentiating resulting groups.33,34
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In 2 of the 4 studies with patient samples identified by high cost 

or utilization, there was 1 resulting group defined by “few comor-

bidities”27 or “low needs.”35 This “healthier” segment was the largest 

one in both of these studies (33% and 53% of patients, respectively). 

This implies that there were patient factors associated with cost 

or utilization that were not included in the models. Similarly, in 

3 of the 4 studies that segmented patients with multimorbidity, 

the largest groups were defined as “healthy” (22%),34 “nonspecific, 

common conditions” (34%-38%),30 or “nonspecific, lower than 

typical prevalence of most diagnoses” (41%).31 Patients in these 

groups typically had conditions that were common across all 

groups, such as hypertension, without additional conditions that 

distinguished their group from others.

Although the resulting groups varied significantly among studies, 

some patterns emerged. The most common groups were defined 

by high prevalence of diabetes, cardiovascular disease, psychiatric 

conditions including substance use disorders, and neurologic 

disease (eg, stroke). Groups defined by pain with arthritis, liver 

TABLE 2. Patient-Clustering Studies From High-risk Populations27-31,33-38

Citation; 
N and source 
population 

Study 
population 

year(s)

High-risk 
selection 
criterion

Segmentation 
method
(model 

performance 
metrics)

Included 
variables

Model selection 
method Resulting patient groups

High observed cost population

Davis et al (2018)27; 
21,183 US adults 
continuously 
enrolled in Kaiser 
Permanente 
Southern 
California

2010
Top 1% in total 

observed health 
care expenditures

LCA
(average 
posterior 

probability)

53 acute and 
chronic condition 

diagnoses 
from EHR

BIC, clinical 
judgment 

• Few comorbidities (33%)

• CVD, CHF, COPD (17%)

• Cancer, blood, autoimmune (14%)

• ESRD, DM, metabolic (12%)

• Sepsis, CVD, CHF, malnutrition (11%)

• DM, CVD, CHF, retinopathy (8%)

• CVA, head injury, paralysis/coma (5%)

High predicted utilization population

Prenovost et al 
(2018)28; 68,400 US 
adults receiving 
primary care in the 
Veterans Health 
Administration 

2014

10% sample of the 
top 10th percentile 

in predicted risk 
of hospitalization 
in the next year 
based on CAN-

2-H score36

Mixture LCA-
IRT models

(goodness-of-
fit metrics not 

reported)

31 chronic 
condition 
diagnoses 
from EHR

Information 
criteria (BIC) 
then clinical 
judgment of 

interpretability 

• DM, CVD, CKD (35%)

• Depression, bipolar, PTSD, DM (21%)

• SUD, depression, PTSD, bipolar (15%)

• Cancer, CVD, CKD (13%)

• Liver (9%)

• Cancer, depression (7%)

Buja et al (2018)29; 
2691 Italian adults 
≥ 65 years living in 
the Veneto region

After 2012 
(end date 
not given)

High ACG-
predicted health 
care utilization37

LCA
(goodness-of-
fit metrics not 

reported)

15 chronic 
condition 
diagnoses 
from EHR

BIC to select the 
optimal model

• Cancer, HTN, CHF (30%) 

• CVD, CHF, DM (22%)

• Dementia, neurovascular, 
depression (19%)

• Cancer (18%)

• COPD, asthma, CHF (10%) 

Rogers et al 
(2020)35; 2533 
US adults 
enrolled in Kaiser 
Permanente

12/2015-
11/2016 

Predicted to be 
in the top 1% 
of health care 

utilizers using in-
house predictive 

modeling38

LCA
(goodness-of-
fit metrics not 

reported)

14 patient-
reported “social 
risks” obtained 

via phone surveya 

BIC to select the 
optimal model

• High prevalence all SDOH, 
food insecurity (17%)

• High-medium SDOH (13%)

• Medium SDOH, caregiver 
assistance (17%)

• Low SDOH (53%)

Multimorbidity population

Keeney et al 
(2019)33;
4,156,594 
US Medicare 
beneficiaries

2014

“High needs” 
based on 

multimorbidity, 
prior year 

utilization, and 
dependence in 
mobility/ADLs

LCA
(smallest 

mean 
posterior 

probability, 
entropy)

12 clinical 
variablesb 

Log likelihood, 
BIC, and Lo-

Mendell-Rubin 
likelihood 
ratio test

5-class model 

• ≥ 6 comorbidities and 
hospitalizations (33%)

• IHD with home care (23%)

• IHD with hospitalization and SNF (22%)

• Home care use (12%)

• ADRD, NH use, and functional 
limitation (10%)

(continued)
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TABLE 2. (Continued) Patient-Clustering Studies From High-risk Populations27-31,33-38

Citation; 
N and source 
population 

Study 
population 

year(s)

High-risk 
selection 
criterion

Segmentation 
method
(model 

performance 
metrics)

Included 
variables

Model selection 
method Resulting patient groups

Multimorbidity population (continued)

Bayliss et al 
(2019)34; 
9617 US 
adult Kaiser 
Permanente 
members 
≥ 65 years who 
completed at least 
1 MRA

2014-2017

Identified as 
having “advanced 

illness” based 
on complex or 

multiple chronic 
conditions 
or geriatric 
syndromes

Cluster 
and LCA 

(goodness-
of-fit metrics 
not reported)

20 patient-
reported items 
from the MRA, 

including 
health status, 
psychosocial 
factors, mood 

symptoms, 
health behaviors, 

ADL/iADLs

Cluster analysis: 
cubic clustering 

criteria 
and pseudo 
F-statistic, 

then clinical 
judgment.  

LCA: Bayesian 
information 

criteria 
then clinical 
judgment. 

The cluster analysis resulted in  
14 clusters, including: 

• Healthy (22%)

• Inactive but relatively healthy (8%)

• Memory, hearing, balance (6%)

• Balance, urinary incontinence, pain (5%)

• Pain with poor sleep, but active (4%)

• Poor physical and mental health (4%)

• Globally sick (3%)

• Memory, ADL/IADL limitations (3%)

• Not easily interpreted (6 clusters, 45%)

LCA resulted in an 8-class solution, 
5 clinically interpretable classes (64% 
of the population) and 3 classes not 
easily clinically interpretable (36% of 
the population). 

Guisado-Clavero 
et al (2018)30; 
190,108 adults 
aged 65-94 years 
who used 
primary health 
care centers in 
Barcelona, Spain

2009
2 or more 

comorbid chronic 
conditions

k-means 
cluster 
analysis 

stratified by 
age and sex

(Jaccard 
bootstrapping 

values)

83-85 chronic 
conditions 

with at least 
1% prevalence 

in each 
subpopulation

Calinski-
Harabasz 
criteria

6 cluster solution for each analysis: 

• Nonspecific (34%-38%)

• MSK (14%-18%)

• Endocrine-metabolic (13%-20%)

• GI (women)/GI-respiratory (men) 
(10%-16%)

• Neuropsychiatric (9%-15%)

• CVD (6%-12%)

Violán et al 
(2018)31; 408,994 
patients aged 
45-64 years in 
Catalonia, Spain

2010
2 or more 

comorbid chronic 
conditions 

k-means 
cluster 
analysis 
stratified 

by sex

(Jaccard 
bootstrapping 

values and 
exclusivity)

263 diagnoses 
from EHR

Calinski-
Harabasz index 

Women: 

• Nonspecific (41%)

• MSK (15%)

• Skin, eye and ear, breast (13%)

• GI, liver, kidney stones (12%)

• Metabolic, HTN, and heart (11%)

• Infections, injuries, GU (10%)

Men: 

• Nonspecific (39%)

• Drug abuse, liver, lung, mood (15%)

• GI, GU, venous/lymph (12%)

• MSK (12%)

• Heart, metabolic, retinal (11%)

• Eye, ENT, skin, infections (11%)

ACG, adjusted clinical group; ADL, activities of daily living; ADRD, Alzheimer disease and related disorders; BIC, Bayesian information criteria; CAN-2-H, Care 
Assessment Needs score; CHF, congestive heart failure; CKD, chronic kidney disease; CLD, chronic liver disease; COPD, chronic obstructive pulmonary disease; 
CVA, cerebrovascular accident; CVD, cardiovascular disease; DM, diabetes mellitus; EHR, electronic health record; ENT, ear, nose, and throat; ESRD, end-stage 
renal disease; GERD, gastroesophageal reflux disease; GI, gastrointestinal; GU, genitourinary; HBV, hepatitis B virus; HCV, hepatitis C virus; HTN, hypertension; 
IADL, independent ADL; IHD, ischemic heart disease; IRT, item response theory; LBP, low back pain; LCA, latent class analysis; MRA, Medicare Risk Assessment; 
MSK, musculoskeletal; NH, nursing home; PTSD, posttraumatic stress disorder; SDOH, social determinants of health; SNF, skilled nursing facility; SUD, substance 
use disorder; TIA, transient ischemic attack.
aSocial risks included food insecurity, housing safety, financial, employment, health literacy, and social support.
bThe 12 clinical variables included presence of specific complex chronic conditions (IHD, CHF, atrial fibrillation, ADRD, COPD/asthma, and CKD), presence of 
≥ 2 complex chronic conditions, presence of ≥ 6 chronic conditions, SNF or NH use, use of home care services, hospitalization, and functional limitations.
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disease, obesity, cancer, and renal disease were also found in more 

than 1 study. It is important to note that in groups named for their 

most common 1 or 2 conditions, patients typically have additional 

health conditions beyond those that the group is named for, and 

some may not have the condition the group is named for but rather 

other conditions in a pattern similar to that of other patients in 

the same group.

DISCUSSION
In this structured literature review, we found 12 articles that applied 

empiric segmentation methods to high-risk or high-cost patient 

populations. Nine articles were published since 2018, indicating 

rapidly growing interest in these techniques. Underlying populations 

were most often defined by multimorbidity and less often by high 

observed or predicted cost or utilization. Most studies segmented 

patients based on clinical conditions, but a few incorporated 

functional or social conditions. Groups defined by cardiometabolic, 

mental health, substance use disorder, and neurologic conditions 

were common. However, groupings varied in ways that could be 

traced to health care system context and selection of population and 

modeling inputs. This suggests that although model results from 

other systems may provide a starting point for common segments to 

be expected, systems will want to conduct segmentation analyses on 

their own high-risk patient populations to obtain the most relevant 

and applicable results. Based on these observations, we created 

a “prescription” for health care systems intending to use data-driven 

segmentation for their high-risk patient populations (Figure).

Our findings indicate that the results and applicability of 

segmentation analyses are heavily influenced by study design 

decisions. Setting will influence the type of data available and 

interventions available to use for resulting patient segments. For 

studies set within a health care system, all but 1 included only 

those patients engaged with primary care over time. This may 

reflect how health care systems define patients who “belong” to 

them, but it may also reflect that primary care providers are tasked 

TABLE 3. Diagnosis-Clustering Studies Among High-risk Patient Populations24-26,32

Citation;
N and source 
population 

Study 
population 

year(s)

High-risk 
selection 
criterion

Segmentation method
(model 

performance metrics) Included variables
Model selection 

method Resulting diagnosis groups

Multimorbidity population

Cornell et al (2009)24;
1,327,382 US 
adults receiving 
primary care in 
the Veterans Health 
Administration

1997-2000

2 or more 
comorbid 
chronic 

conditions 

Hierarchical 
cluster analysis  
(goodness-of-fit 

metrics not reported)

45 chronic 
condition diagnoses 

from EHR, 
reduced to 23 to 
improve clinical 

interpretability of 
resulting clusters

Clinical judgment 
including clinical 
interpretability 

• Obesity (obesity, LBP, OA, 
BPH, GERD) 

• Metabolic (DM, HTN, HLD, IHD)

• Neurovascular (PVD, CVA, TIA, 
ADRD, seizures)

• Liver (HBV, HCV, CLD, HIV)

• Dual diagnosis (SUD, alcohol, 
schizophrenia, bipolar) 

• Mixed anxiety-depression 
(depression, PTSD, anxiety)

Deruaz-Luyet et al 
(2017)26; 888 Swiss 
adults using 
primary care 

2015

3 or more 
comorbid 
chronic 

conditions

Hierarchal 
cluster analysis  
(goodness-of-fit 

metrics not reported)

24 chronic 
condition diagnoses 

from EHR
No criteria given 

• Cardiovascular

• Metabolic and age-related

• Tobacco, alcohol, and COPD

• Pain, MSK, and psychological

Roso-Llorach et al 
(2018)32; 408,994 
adults aged 
45-64 years in 
Catalonia, Spain

2010

2 or more 
comorbid 
chronic 

conditions

Sex-stratified 
hierarchal cluster  

(approximate 
unbiased probability)  
and EFA (goodness-

of-fit metrics 
not reported)

79 (women) 
and 73 (men) 
active acute/

chronic diagnoses 
from EHR 

Cluster analysis: 
Rand index, 

pseudo T-squared 
statistic

EFA: Scree-
plot with the 
“elbow rule”

Cluster analysis resulted 
in 53 clusters for women, 

15 clusters for men. 
EFA resulted in 9 factors for 

women and 10 factors for men. 
Neither analysis was easily 

clinically interpretable. 

Foguet-Boreu et 
al (2015)25; 322,328 
adults ≥ 65 years 
using primary care in 
Catalonia, Spain

2010

2 or more 
comorbid 
chronic 

conditions

Sex- and age-stratified 
cluster analyses  

(approximate unbiased 
probability) 

263 diagnoses 
from EHR

Adjusted Rand 
Index, then 

clinical judgment

Numbers of clusters per 
stratum ranged from 42 to 85. 
There were a small number of 
clinically interpretable clusters, 
but the majority were not easily 

clinically interpretable. 

ADRD, Alzheimer disease and related disorders; BPH, benign prostatic hyperplasia; CLD, chronic liver disease; COPD, chronic obstructive pulmonary disease; CVA, 
cerebrovascular accident; DM, diabetes mellitus; EFA, exploratory factor analysis; EHR, electronic health record; GERD, gastroesophageal reflux disease; HBV, 
hepatitis B virus; HCV, hepatitis C virus; HLD, hyperlipidemia; HTN, hypertension; IHD, ischemic heart disease; LBP, low back pain; MSK, musculoskeletal; OA, 
osteoarthritis; PTSD, posttraumatic stress disorder; PVD, peripheral vascular disease; SUD, substance use disorder; TIA, transient ischemic attack.
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with managing multimorbidity and mitigating 

hospitalization risk within these systems.43 

High-risk selection criteria similarly affect the 

available data and interventions. Analyzing 

high-cost patients will highlight conditions 

that are expensive and not necessarily common, 

such as sepsis, whereas analyzing those with 

multimorbidity will highlight conditions that 

represent a significant proportion of disease 

burden among the population, regardless of 

whether they drive utilization.

The studies reviewed paint a compelling 

picture of how important the selection of inputs 

is in determining model results. Simply put, you 

cannot get out what you do not (or cannot) put 

in. Most studies included only clinical diagnoses, 

limiting findings to patterns among those 

conditions. Studies adding patient-reported 

health status or social risks found groupings 

distinguished by those variables. One study 

combined diagnostic data with utilization 

data, and resulting groups had a combination 

of those factors.33 Therefore, it is essential in 

segmentation analyses to carefully preselect the 

input variables that will most directly inform 

the resulting tailored interventions.

Segmentation model results are also highly 

dependent on how input variables were measured. 

For example, if diagnoses are based on billing 

codes, conditions that are often left off billing 

claims will be underrepresented. If efficiency is 

attained by using easily accessed data, it needs 

to be balanced against improved accuracy that 

can be obtained through more comprehensive 

but cumbersome data extraction (eg, indicators 

that incorporate lab results, prescription records, 

or patient-reported information). Further, bias inherent to data 

sources will affect segmentation results. For example, people in the 

United States who belong to minority racial groups are less likely to 

receive a depression diagnosis from a health care provider44; thus, 

segmentation results may not reveal the importance of depression 

in that population. A balance needs to be struck between efficiency 

and completeness of input measures, and sources of bias should be 

considered when interpreting and applying results.

The major choice in modeling approach is among models that 

build patient clusters based on latent similarities among their 

traits (eg, latent class analysis) and models that build condition (or 

other trait) clusters. A thorough discussion of model types in each 

category, and their pros and cons, has been well summarized in other 

literature.22,45,46 Essentially, patient clustering results in patients 

being “assigned” to groupings that they most resemble. In contrast, 

condition clustering will assign each condition to a cluster and most 

patients will cross multiple clusters. Intended application can drive 

the decision among approaches, such as dividing a population for 

assignment to case management vs developing interventions open 

to any patient with a certain cluster of conditions. In this review, 

more studies used a patient clustering approach, and these studies’ 

results were more clinically interpretable.

Regardless of the segmentation methods used, it is important to 

evaluate model fit using appropriate metrics. Statistical metrics of 

model performance, when carefully chosen and interpreted, can 

provide information about how well the model fits the underlying 

data, but they should supplement and not supplant utility in model 

selection. A model with better statistical metrics that results in a 

less useful population segmentation may not be preferred over 

an alternative model with inferior metrics but more actionable 

segments. Relatedly, special attention should be paid to the areas of 

the population with lower measures of model fit to help understand 

 

POPULATION: Ensure that the population is large enough to support the data-
driven modeling approach. Consider whether the population is heterogeneous 
enough to warrant designing different interventions for subpopulations. 
Consider whether to define the population based on high predicted risk, high 
observed cost, or multimorbidity.

    

SITUATION: Identify the outcome of interest (eg, improved health care utiliza-
tion, health-associated quality of life, quality-of-care metrics). Consider the 
range of potential interventions and domains over which the interventions 
could potentially address or could be tailored, as this will define the lens 
through which the segmentation will proceed.

DATA INPUTS: Assess available data sources to identify what information 
is available and how it maps to the information needed to develop and tailor 
the interventions in step 2. Consider collecting new information if needed or 
acknowledge where the limits of available information will constrain the seg-
mentation models and influence the results. Acknowledge any bias inherent in 
the data and consider how this may influence the model results.

MODELING APPROACH: Perform the population segmentation using either 
a patient or health condition clustering approach. In either case, develop a 
method in advance for how to determine the clinically optimal solution. This 
will include statistical/technical approaches but should also include clinical/
expert review to choose the most useful result among top contenders. Con-
sider adjusting the inputs and rerunning the segmentation analysis to explore 
how choice of inputs affects the results.

 

NEXT STEPS: Describe resulting patient groups in terms of sociodemograph-
ics, utilization patterns, and modifiable health risks and health care needs. 
Validate groupings based on prospective health outcomes. Design interven-
tions tailored to each group’s profile.

FIGURE 1. Prescription for Designing a Data-Driven Segmentation Project to Inform Care 
Planning and Interventions for High-risk Populations
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where the modeling approach may be failing. The ultimate measure 

of success is demonstration of improved outcomes after applying 

interventions informed by the modeling results.

Notable limitations to this review include that (1) the time period 

was restricted to 20 years, although a hand search for additional 

studies found only 1 relevant study published prior to 2010; 

(2) studies with geriatric populations, general-risk populations, or 

disease-defined populations were not included; (3) gray literature 

was not included; and (4) studies published in languages other than 

English were not included. Formal meta-analysis of results was not 

possible because of the variety of study contexts and techniques 

that influenced results.

After using a thoughtful approach to high-risk population 

segmentation, key next steps are to (1) describe the characteristics of 

patients in each group, including demographics, utilization patterns, 

modifiable risk factors, and gaps in receipt of recommended care, 

and (2) demonstrate that resulting groups have clinically distinct 

outcomes. Both are integral to validating clinical significance of 

groups and identifying care needs and appropriate intervention 

settings for each group. We identified only 2 studies that prospectively 

examined observed utilization or outcomes occurring after patient 

segmentation.33,47 Once segments are determined, risk prediction 

models can also be tailored to the factors that predict outcomes 

within each group; we did not find any studies that took this approach.

The ultimate goal of patient segmentation models should be to 

inform clinical care and system-level care planning. We did not 

find any studies that reported the results of patient- or system-level 

interventions based on empiric segments of high-risk patients. 

Future intervention studies can use patient segments as a starting 

point for design of tailored interventions, using descriptive and 

qualitative methods to further identify the health care needs, common 

care settings, and outcome-associated risk factors to address for 

each group. Trajectories of risk, utilization, or outcomes observed 

for each patient segment can inform study design to account for 

each group’s expected amount of regression to the mean.48,49 In 

many segmentation approaches, there are patients who remain 

unassigned to a group—these patients can be prioritized as likely 

requiring more individualized needs assessments. In addition 

to patient-level interventions, health care systems can also use 

segmentation results for system-level planning, such as staffing 

and training required to meet each group’s needs.10 Responsibility 

for care coordination or panel management can be assigned to 

the person in the system most appropriate for each group. Finally, 

learning health care systems can use their robust data and advanced 

analytic capabilities to track, and iteratively improve, care delivery 

and outcomes for each high-risk patient group.

CONCLUSIONS
We found significant variation in the data choices and modeling 

approaches among studies that empirically segmented high-risk 

or high-cost patients and their health conditions. The decisions 

made during the modeling process greatly affected the groups that 

emerged from models. Careful consideration should be given to 

modeling design to maximize the utility of the resulting groups 

in health care system program design. The next wave of studies 

segmenting high-risk patients can use lessons learned from this 

review to improve study design and take the next steps of using 

clinical validation and needs assessment to design tailored inter-

ventions for patient groups. Ultimately, interventions tailored to 

meet the needs of empirically derived segments of high-risk patient 

populations need to be tested to determine whether this approach 

will improve patient outcomes. n
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