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C ommonly used risk algorithms in healthcare, including 

indices to predict hospital readmission, define “high-

risk” patients by disease-based (eg, comorbidity index) or 

utilization-based (eg, number of emergency department [ED] visits) 

factors.1,2 Clinicians and systems can target interventions to such 

high-risk groups—so-called “precision delivery.”3 However, current 

programs that target high-risk individuals, including high-risk 

case management programs, do not uniformly reduce utilization 

or adverse outcomes.4

Why might such interventions be ineffective? Perhaps the 

problem is in our conception of risk, rather than the interventions.

An individual’s health phenotype has far-reaching connections 

with social, behavioral, and environmental factors, such as housing 

instability and food insecurity. Nevertheless, few risk models 

include variables associated with social determinants of health, 

such as income level or educational attainment, and traditional 

risk models often identify such individuals when it is too late 

to intervene upon socioeconomic risk factors.5 To complement 

risk-stratification models based on clinical severity, we introduce 

the “sociobehavioral phenotype”—actionable risk profiles based 

on empirically derived social, economic, and behavioral deter-

minants of health.

Defining the Sociobehavioral Phenotype: 
Lessons From Precision Medicine

To build and implement sociobehavioral phenotypes, clinicians, 

researchers, and systems leaders can draw lessons from the field of 

precision medicine. Consider the analogy of metastatic non–small 

cell lung cancer (NSCLC): Prior to the advent of targeted and immune-

based therapy, cytotoxic chemotherapy was the standard of care. 

Genomic sequencing of tumor cells identified pathologic mutations; 

researchers later targeted such mutations in drug development. 

Subsequent development of targeted inhibitors and evaluation in 

randomized trials led to many more therapeutic options becoming 

available for NSCLC. As new therapies targeting pathologic “driver” 

mutations became available, oncologists integrated screening for 

such mutations into the workup of NSCLC.

Just as many driver mutations exist in lung cancer, driver 

socioeconomic risk factors (eg, poor social support, housing 

instability) or behaviors (eg, medication nonadherence) underlie 

many individuals’ health outcomes, such as mortality or acute 

care utilization. Clinicians and researchers can analyze large 

observational data sets to classify 1 or more of these common risk 

factors into distinct sociobehavioral phenotypes and subsequently 

test interventions targeted toward those phenotypes.

The Added Value of the Sociobehavioral Phenotype

The sociobehavioral phenotype aligns well with broader calls for 

providers to screen for social determinants of health. In resource-

constrained environments, it is of paramount importance to target 

interventions to the individuals most likely to derive benefit from 

them. However, current interventions may not serve the majority 

of patients with predominantly sociobehavioral contributors to 

poor health. Take, for example, a telephonic case management 

program targeted to individuals with high likelihoods of hospital 

readmission. Although such a program may benefit some subtypes 

of patients, it is unlikely that a telephone-based program would 

succeed for a homeless individual who does not have a reliable 

address or telephone number. An unknown phone number may also 

go unanswered due to fear or suspicion. Furthermore, telephonic 

or remote case management programs may fail to lower health 

expenditures because certain high-risk patients rely on frequent 

in-person contact.4 Sociobehavioral phenotyping based on electronic 

health record (EHR) data may identify driver risk factors to develop 

and refine effective interventions for such individuals.

A Coordinated Research Agenda

Learning from the precision medicine example, a coordinated research 

agenda with parallel and iterative data mining and experimentation 

could identify relevant sociobehavioral phenotypes that ameliorate 

social determinants of health (Figure). Mining large databases 

from EHRs and observational studies are necessary first steps to 

identify sociobehavioral phenotypes. There are examples of this: 

Using a large sample of clinical notes from the Veterans Health 
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Administration (VHA), researchers have developed and validated 

natural language processing lexicons to identify individuals who 

are homeless or at high risk of being homeless.6 Additionally, neural 

network methods applied to data from the Health and Retirement 

Study have yielded potential sociobehavioral phenotypes, such as 

elderly patients with few children and thus little social support, that 

are predictive of poor health outcomes.7 Clinicians and researchers 

will need to supplement these EHR-derived phenotypes with primary 

survey data collection focused on driver social and behavioral 

risk factors, perhaps as part of regular screens for socioeconomic 

determinants of health.

After defining and validating sociobehavioral phenotypes, 

clinicians and delivery scientists can identify which phenotypes 

are actionable by developing randomized trials of interventions in 

specific subgroups. Unlike the situation in metastatic lung cancer a 

decade ago, healthcare delivery scientists have an armamentarium 

of community-based interventions to use among selected high-risk 

individuals. These include home-based and 

visiting nurse care, telephonic case manage-

ment, wireless technologies, community health 

workers, patient-centered medical homes, 

social service programs, and direct financial 

assistance. By examining the effect of a social 

service or patient engagement intervention 

stratified by a sociobehavioral phenotype, 

policy makers and clinicians can determine 

which subpopulations derive benefit from 

each intervention, which can facilitate more 

efficient enrollment into these interventions (Table).

Nascent examples of sociobehavioral phenotyping are a harbinger 

of broader success. Since 2013, the VHA has deployed a screening 

for homelessness, the Homelessness Screening Clinical Reminder, 

for all patients who access outpatient VHA care.8 Applying machine 

learning models to VHA EHR data reliably identifies patient 

phenotypes at high risk (>90%) of reporting homelessness, a 

risk factor for acute care utilization.9 For individuals at high risk 

of homelessness, the VHA deploys interventions, including a 

homelessness primary care action team and temporary housing, 

that are associated with reduced ED utilization among those with 

previously high utilization.10

Identifying Heterogeneity Within Phenotypes

As in a genomics-based precision medicine framework, there will still 

be heterogeneity within a sociobehavioral phenotype. For example, 

the aforementioned examples of sociobehavioral phenotyping 

define phenotypes by singular socioeconomic risk factors, such as 

homelessness. Although homelessness could contribute to healthcare 

utilization, reasons for homelessness are varied. The single male 

who faces chronic housing insecurity due to substance use and 

mental illness would likely have a different set of needs than the 

mother of 4 children who is fleeing domestic violence. Each of these 

reasons demands different interventions to address underlying 

causes of social instability. Unsupervised clustering algorithms 

applied to very large data sets could help identify heterogeneity 

within socioeconomic risk factor groups. Such algorithms may 

differentiate between the constellation of homelessness, substance 

abuse, and poor primary care follow-up versus a constellation of 

homelessness, food insecurity, and diabetes. By leveraging data across 

a large number of patients, delivery scientists and policy makers 

can identify combinations of social factors that result in a particular 

pattern of morbidity, utilization, and cost, then prioritize different 

interventions or sequences of interventions for such phenotypes.

Limitations

There are several challenges in defining and implementing socio-

behavioral phenotypes. Patient-level socioeconomic data are often 

not readily available in structured data sets. Additionally, accounting 

for socioeconomic risk factors in individual patient care may increase 

information overload among overstretched clinicians—who may 

TAKEAWAY POINTS

 › Social determinants of health lead to increased healthcare utilization and poor outcomes, 
but efforts to risk-stratify patients have largely ignored these risk factors. 

 › Advanced analytics applied to electronic health records and primary survey collection can 
reveal distinct phenotypes of individuals with actionable sociobehavioral contributors to health. 

 › Healthcare organizations can target these sociobehavioral phenotypes with evidence-
based interventions. 

 › We propose a research agenda to identify, validate, and apply sociobehavioral phenotypes 
in healthcare.

Mining large EHR databases  
to establish potential phenotypes

Identification of  
potential interventions

Primary data collection with a focus  
on sociobehavioral risk factors

Pragmatic trials and prospective studies  
testing phenotype-based interventions

Validating phenotypes using  
observational and prospective data

Large progam evaluations  
of interventions at scale

FIGURE.  A Research Agenda for Establishing and Generalizing 
Sociobehavioral Phenotypes

EHR indicates electronic health record.
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have trouble managing the data to which they already have access. 

And certain sociobehavioral phenotypes, such as food insecurity, 

carry risks of stigma and further alienating patients. Patients who 

fall into certain sociobehavioral phenotypes will need protections 

to ensure that they are not excluded from appropriate care or 

subjected to bias. Partnerships between academia and patient and 

advocacy groups could aid in refining data-generated phenotypes and 

associated interventions to ensure maximal uptake and acceptance.

CONCLUSIONS
Targeting interventions based on their ability to improve specific 

sociobehavioral risk factors is more likely to be successful than 

broad—and often blind—application of resource-constrained 

interventions. Just as oncologists in the precision medicine era 

screen for actionable mutations to guide use of targeted therapies, 

delivery scientists and clinicians can study and target interventions 

based on sociobehavioral phenotypes. Perhaps then we may experi-

ence a revolution in addressing socioeconomic determinants of 

health—similar to the precision medicine revolution of today. n
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TABLE. Illustrative Associations Between Phenotypes and Interventions in Precision Medicine and Precision Delivery Frameworks

Precision Medicine Precision Delivery

Problem Death from metastatic NSCLC Hospitalization, readmission, or avoidable adverse outcomes due to socioeconomic risk factors

Risk phenotype
“Driver” mutation  

in gene encoding EGFR
Inadequate access  
to transportation

Food insecurity
Medication nonadherence 

due to lack of health literacy
Housing instability 
due to low income 

Intervention EGFR inhibitor
Discounted fares for 
ride-sharing services

Enrollment in a 
home-delivered 
meals program

Telephonic case management 
program and/or visiting 

nurse program for 
medication reminders

Enrollment in 
low-income 

housing program

EGFR indicates epidermal growth factor receptor; NSCLC, non–small cell lung cancer.


