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Patient Segmentation: 
Balancing Population and Individual Care
• Integrated health care systems like the VA aim to 

coordinate care around the needs of the patient
• System challenge: 
Construct an efficient and sustainable healthcare system to care for 

entire patient populations…while tailoring (personalizing) care to 
individual Veterans 
Build system that balances population-care and individual-level care

• Potential solution: 
Segment populations into a small set of groups that share similar 

healthcare needs
With the goal of effectively and efficiently meeting individual 

Veterans’ needs



Data-Driven Subgroups



Risk Level Segments/Groups



How to Segment 
Patient Populations



Machine Learning

Unsupervised ML
Pattern Discovery

Categorical 
(subgroups)

Cluster Analysis
K-means

Latent Variable models
Latent Class Analysis

Latent trajectory analysis
Growth mixture models

Continuous 
(scores)

Dimensionality Reduction/
Index Scoring

Principal Components

Latent variable models/
Scale Scoring

Exploratory Factor Analysis
Confirmatory Factor Analysis

Supervised ML
Classifying/Predicting

Categorical

Single Learning 
Algorithms

Logistic regression
Classification Trees

Support Vector ML
Neural Net

Ensemble Learning 
Algorithms

Random Forests
Gradient Boosting

Bagging

Continuous

Single Learning 
Algorithms

Linear regression
Regression Trees

Support Vector ML
Neural Net

Ensemble Learning 
Algorithms

Random Forests
Gradient Boosting

Bagging

Machine-Learning Methods in Health Outcomes Research & Policy: 
Unsupervised vs. Supervised Machine Learning

Deep Learning/
Artificial Intelligence

Focus is on clustering 
and association  

Focus is on predicting 
outcome



Classification and Regression Tree 
(CART) predicting hospitalization

Schiltz, Nicholas, et al. Identifying Specific Combinations of 
Multimorbidity that Contribute to Health Care Resource Utilization: An 
Analytic Approach. Medical care. 2016.



Dimensionality

Prenovost, Katherine M., et al. Using item response theory with health system 
data to identify latent groups of patients with multiple health conditions. PloS
one . 2018



Zemedikun, Dawit T. et al. Patterns of Multimorbidity in Middle-Aged and Older 
Adults: An Analysis of the UK Biobank Data. Mayo Clinic Proceedings, 2018.

Cluster Analysis of Multimorbidity



Literature Review
• 12 published studies that applied data-driven segmentation 

methods to high-risk patient populations
• Healthcare system and governmental settings
• Lessons

• Data inputs matter
• Choose data that will lead to meaningful interpretation
• Missing or biased data can lead to incomplete or 

misleading results
• Rarely are next steps taken after groups are published
• No published results of interventions based on subgroups

Arnold J, Thorpe J, Rosland AM. American Journal of Managed Care. In Press 2021.



Arnold J, Thorpe J, Rosland AM. American Journal of Managed Care. In Press 2021.



High Risk Primary Care 
Patient Subgroups



Zulman DM, et al., BMJ Open. 2015



We can identify WHO 
is at high risk for hospitalization
• VA Risk Prediction scores have 
high predictive accuracy

• Care Assessment Needs (CAN) 
score for mortality, hospitalization

• Risk 3M for ambulatory care 
sensitive hospitalizations

• And others



Two Patients with High CAN Scores:

• Elderly woman with severe congestive heart failure, diabetes, and frailty

• Young man with substance use disorder, housing instability and high blood pressure

Typical Approaches: Challenges: 
• Comprehensive individual assessment • Individualized assessment is time and 

or resource consuming
• One intervention applied to all • One-size-fits-all interventions have not 

been effective



High Risk Veteran Subgroups

Sort high CAN patients into common groups based on diagnosis profile

Address common ‘care steps’ for all members of a group at the same time

Support proactive, efficient management of patients at high risk of 
hospitalization

Solution:
Use VA data to uncover latent, data-driven groups 
among high risk patients



Latent Class Analysis Models 

• For the population, how many meaningful classes 
exist

• For each group, how many patients are matched 
(class prevalence)

• For each chronic condition, how likely it is to be 
present in each group (item response probability)

• For each patient, how closely do their diagnoses 
align with the profile of each group (predicted 
probability)



Latent Class Analysis 2018 & 2020

High-Risk Patient Sample
• PACT Patients with probability of 1-year hospitalization ≥ 90th

percentile (based on VA Care Assessment Needs prediction score) at 
any time during 2018 or 2020 

Data Entered Into Models
• 26 chronic diagnoses commonly managed in primary care
• Coded “yes” if any ICD-10 for the condition in the 24 months prior to 

cohort entry in 2 outpatient or 1 inpatient encounters

Number of Classes
• Tested 1 to 7



Prevalence of Latent Classes Identified in 
2018 (n=951,771) & 2020 (n=978,771) 
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Diagnoses 
by Group
2018 blue
2020 outl ine



Individual Change in Status, Among Patients Observed in 
2018 and 2020 (n=563,725)

Group in 2020, Row Percent 
Group and Prevalence in 
2018

Substance 
Use Disord.

Mental 
Health

Cardio-
met.

Low 
Diagnoses

Multi-
System

Unassigned

Substance Use Disorders (16%) 64 8 0 5 16 6
Mental Health (18%) 6 61 9 8 7 9
Cardiometabolic (23%)  0 3 76 13 3 4
Low Diagnosis (25%) 3 9 15 60 6 7
Multi-System (10%) 3 11 26 6 45 9
Unassigned (8%) 6 19 22 18 16 18

Data are row percent: patient status in 2020 by group assignment in 2018

563,725 (59%) of the patients in the 2018 cohort were also in the 2020 high risk cohort



Model Equity 
Algorithms can perpetuate health disparities

• Machine learning algorithms find patterns in data
• Social disparity is embedded in our health services data 

• Different actual rates of exposures and illness
• Different access to medical care and likelihood of official diagnosis
• Differences in medical record documentation once diagnosed

• Algorithms built on health services data will reflect and can 
perpetuate those disparities

• Most methods of assessing equity focus on evaluating 
algorithms that predict an observed outcome



Model Equity for latent class analysis
How to check

Do models perform well for 
subpopulations of patients? 
• Compare predicted probabilities by 

subpopulation 
• Compare profiles of conditions by 

subpopulation 

Investigate missing data:  
• Are there conditions that are 

systematically underdiagnosed or 
underdocumented in certain 
subpopulations?

Modeling Options

Covariates: Adding subpopulation 
characteristic as a model covariate may 
increase predicted probabilities of group 
membership

Stratification: Analyze separate models if 
evidence of meaningfully different 
subpopulations is found

Address the impact of missing data: 
External data sources, multiple imputation, 
sensitivity analyses



Applications



Linking Segments to Action
Use healthcare system data to examine:
• Distinct outcome patterns by group
• Diagnosis and utilization patterns by group
• Unique care needs or care gaps by group



11

34

8
14

28

54

17

23

25

5
9

22

3
0

10

20

30

40

50

60

70

80

90

100

Death Any Acute Hospitalization Any 30-day Readmission

Pe
rc

en
t

Mortality and Hospitalizations Over 1 Year, 2018 Cohort

Multi-System Cardiomatabolic Mental Health Substance Use Low Diagnosis



67

96

42

74

98

51

63

82

43

52

87

22

69

95

37

0

10

20

30

40

50

60

70

80

90

100

Age (Mean, years) Gender (% Male) Marital Status (% Married)

Patient Characteristics, 2018 Cohort

Multi-System Cardiomatabolic Mental Health Substance Use Low Diagnosis



6

25
29

53

0.4

7

32

47

4

15
19

49

24

51

33

55

2

11

36

53

0

10

20

30

40

50

60

70

80

90

100

Unemployment Indicator Housing Instability Services Low Income Indicator Low SES Neighborhood

Pe
rc

en
t

Socioeconomic EHR/Administrative Variables, 2018 Cohort

Multi-System Cardiomatabolic Mental Health Substance Use Low Diagnosis



17

5

31

11
7

33

9

4

30

7
2

19

7
4

25

0

10

20

30

40

50

60

70

80

90

100

Falls Visually Impaired Hearing Impaired

Pe
rc

en
t

Functional Status, 2018 Cohort

Multi-System Cardiomatabolic Mental Health Substance Use Low Diagnosis



5.1

3.4

5.8

1.9

7.3

4.7

3.1

5.9

1.3 1.0

5.0

2.5

4.1

1.4

7.2

3.7

1.7
2.3

1.7

16.7

4.2

2.3

4.6

1.2
2.2

0

2

4

6

8

10

12

14

16

18

Primary Care In Person Primary Care Phone Specialty Clinic (Non Procedural) ED/Urgent Care Mental Health In-Person
(Individual or Group)

VA Outpatient Encounters Per Year, 2018 Cohort

Multi-System Cardiomatabolic Mental Health Substance Use Low Diagnosis



High Risk Subgroups Management 
PCAS Tool: Development

High Risk Veteran Subgroups models
Link subgroups to outcome and utilization patterns
Input from two VA-wide expert panels (2016, 2018)

Tool programming (CSDE, Spark Seed Spread 
Innovation Program)
Two rounds of user-testing from PCPs and RNs at 
multiple PACT sites
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https://secure.vssc.med.va.gov/PCAS

https://secure.vssc.med.va.gov/PCAS


No –
Add a Task





Possible Applications for High Risk 
Patient Subgroups

• Tailor bundled interventions to each group’s common diagnoses
• Monitor patients for signs of conditions that are most common group 

reasons for hospital admission
• Meet patients ‘where they are’ (e.g. intervene with Substance Use 

group in ED, Multisystem over the phone)
• Assign main case manager / care coordinator to appropriate specialist
• Track facility quality metrics / outcomes by group
• Programs target groups that have apparent gaps in services (e.g. 

Home Based Primary Care, Palliative Care)



Additional Information

PCAS Tool SharePoint

VA Office of Primary Care Analytic Team

VA Primary Care High Risk Investigator Network
https://www.complexcaring.pitt.edu/va-primary-care-high-risk-investigator-network

Ann-Marie.Rosland@va.gov

Joshua.Thorpe@va.gov

Franya.Hutchins@va.gov

https://dvagov.sharepoint.com/sites/VHACSDE/PCAS
https://pubmed.ncbi.nlm.nih.gov/34175100/
https://www.complexcaring.pitt.edu/va-primary-care-high-risk-investigator-network
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