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S ocial risk factors include patients’ nonclinical, economic, 

and contextual characteristics that may adversely affect 

health.1-3 As important drivers of morbidity, mortality, 

utilization, and health care costs, social risk factors are important 

for health risk assessment and both individual and population 

health management.4,5 Specifically, social risk factor information 

may improve risk prediction models6,7 and identify patients in 

need of social services.8 Because of the potential value of social 

risk factor information, federal agencies, clinical organizations, 

and health system experts advocate for better collection and use 

of patient social risk factor information.9

Despite the potential value of social risk factor information to 

individual patient care and population health management activi-

ties, health care organizations’ current methods to measure this 

information are fraught with challenges. Patient-facing social risk 

questionnaires have not been consistently validated,10 diagnostic 

codes such as International Classification of Diseases, Tenth Revision 

(ICD-10) Z codes are underutilized,11-13 area-level measures (eg, zip 

code–level demographics) can mask heterogeneity across individuals 

and are prone to the ecological fallacy,14,15 and extracting free-text 

clinical documentation from electronic health records (EHRs) 

remains difficult for many organizations.16,17 As a result, any one of 

these methods may not be sufficient for health care organizations 

to collect the information necessary to make inferences about 

patients’ and populations’ social risk factors.

Computable social risk factor phenotypes derived from routinely 

collected structured EHR or health information exchange (HIE) 

data may be an alternative approach to measuring social factors.18 

Computable phenotypes are representations of patient conditions 

or characteristics that can be obtained from EHR data by combining 

a defined set of variables and logical expressions.19-21 Data such as 

demographics, insurance information, billing histories, appointment 

status, emergency contacts, and language preferences exist in most 

EHRs. Although such data may not contribute to understanding 

patients’ clinical status, they are reflective of characteristics of 

social and economic well-being and thus may be amenable to use 

in social risk factor phenotypes. Additionally, using structured data 
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ABSTRACT

OBJECTIVES: Computable social risk factor phenotypes 
derived from routinely collected structured electronic health 
record (EHR) or health information exchange (HIE) data 
may represent a feasible and robust approach to measuring 
social factors. This study convened an expert panel to 
identify and assess the quality of individual EHR and HIE 
structured data elements that could be used as components 
in future computable social risk factor phenotypes.

STUDY DESIGN: Technical expert panel.

METHODS: A 2-round Delphi technique included 17 experts 
with an in-depth knowledge of available EHR and/or HIE 
data. The first-round identification sessions followed 
a nominal group approach to generate candidate data 
elements that may relate to socioeconomics, cultural 
context, social relationships, and community context. In the 
second-round survey, panelists rated each data element 
according to overall data quality and likelihood of systematic 
differences in quality across populations (ie, bias).

RESULTS: Panelists identified a total of 89 structured data 
elements. About half of the data elements (n = 45) were 
related to socioeconomic characteristics. The panelists 
identified a diverse set of data elements. Elements used in 
reimbursement-related processes were generally rated as 
higher quality. Panelists noted that several data elements 
may be subject to implicit bias or reflect biased systems of 
care, which may limit their utility in measuring social factors.

CONCLUSIONS: Routinely collected structured data within 
EHR and HIE systems may reflect patient social risk factors. 
Identifying and assessing available data elements serves as 
a foundational step toward developing future computable 
social factor phenotypes.
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elements already routinely collected as part of 

clinical and business operation workflows may 

mitigate the challenges of underutilization of 

screening surveys and diagnosis coding, addi-

tional data collection burden, and the technical 

implementation hurdles of natural language 

processing (NLP) for textual data. Moreover, 

when applied to HIE data, which combine 

patient data across organizations over time, 

robust computable social risk factor phenotypes 

may be constructed that reduce missing data 

challenges22,23 and increase explanatory power.19 

However, biomedical informatics and health 

services research have devoted little attention 

to the potential value of developing phenotypes 

from existing structured data for social risk 

factor measurement in favor of questionnaires, 

area-level data linkage, and NLP.18,24

From existing work on computable phenotypes, we know that 

poor data quality25 and data that are inconsistently collected across 

patient populations may result in inaccurate and otherwise biased 

phenotypes.26 Therefore, as a foundational step, we convened an 

expert panel to identify and assess the quality of individual EHR 

and HIE data elements that might be useful, accurate, and unbiased 

components to include in future computable social risk factor 

phenotype development. Our work sets the stage for the future 

quantitative development of computable social risk phenotypes by 

providing expert insight to guide selection of candidate data elements.

MATERIALS AND METHODS
We used a 2-round Delphi technique to identify and preliminarily 

evaluate structured data elements as candidates for use in future 

computable phenotype development.27,28

Expert Panel Formation

We recruited 17 individuals (of 18 invitations) with in-depth knowledge 

of EHR and/or HIE data based on publications or practice experi-

ence in 1 or more of the following 3 areas: EHR or HIE technology 

management in a health care organization; clinical or operational 

practice that involved data collection; or EHR or HIE research. The 

majority of respondents were affiliated with research or academic 

medical institutions (n = 14) and the remainder were individuals in 

leadership roles at health information technology organizations 

(n = 3). The panel represented organizations located on the East 

Coast and West Coast and in the South and Midwest. Five of the 

panel members were physicians. Expert panel members received 

a financial incentive of $250 for participating in the focus group 

and follow-up survey. Panelists were split across 2 identification 

sessions that each followed a common protocol.

In advance of the identification sessions, we provided each 

panelist with a summary of the research objectives of identifying 

and assessing potential structured data elements, a description 

of the expectations, and a shared definition of social risk factors 

(ie, any patient-level nonclinical economic, contextual, and 

psychosocial characteristics and factors). Because computable 

phenotypes are useful if generalizable,21 we instructed panelists 

to focus on structured data elements that they would expect to 

be commonly available in EHR or HIE data. We asked panelists to 

exclude unstructured data elements (eg, clinical note or other text 

data), data elements requiring linkage to sources outside of typical 

EHR or HIE systems (eg, tax records), and patient-facing social risk 

factor questionnaires because those are not widely adopted. These 

restrictions were intended to prioritize potential structured data 

elements that would be widely available. Panelists’ ideas were not 

restricted to specific age groups. We provided this information 

to each panel member during a short preparatory phone call in 

advance of the identification sessions.

Round 1: Identification

The study team (consisting of authors J.R.V., H.E.K., C.M., and C.A.H.) 

conducted two 90-minute group identification sessions (n = 8 and 

n = 9) via videoconference. In each of these sessions, we followed a 

nominal group approach in which each panelist, in turn, was asked 

to suggest a data element, until all ideas were exhausted. A research 

team member documented the ideas generated in real time and 

displayed them on screen during the session. To help organize the 

idea generation, when suggesting data elements, panelists were 

asked to categorize them into 1 or more broad categories of social 

risk factors1,29,30: socioeconomic status (eg, employment, financial, 

food insecurity/hunger, housing instability); cultural context (eg, 

language, health literacy); social relationships (eg, social support, 

incarceration); and community context (eg, housing quality, 

transportation, safety/violence).

The 2 identification sessions were treated as independent (ie, 

findings from the first were not shared with the second). The research 

team deduplicated suggested data elements from across the 2 panels.

TAKEAWAY POINTS

Computable phenotypes are measurements of patient conditions or characteristics that can 
be obtained from existing data by combining a defined set of variables and logical expressions. 
Routinely collected structured data within electronic health records and health information 
exchange systems are reflective of characteristics of social and economic well-being and 
thus may be amenable to use in social risk factor phenotype development. An expert panel 
identified and assessed structured data elements to support future development of social risk 
factor computable phenotyping.

 › Computable phenotypes represent an additional method of measuring patient social factors 
that leverages existing data sources and workflows.

 › Structured data elements used in reimbursement-related processes may be of the highest 
quality for use in phenotyping.

 › Currently collected structured data elements such as International Classification of Diseases, 
Tenth Revision Z codes and Logical Observation Identifiers Names and Codes are potentially 
susceptible to bias.

 › Computable phenotyping will require transforming or combining data elements into novel 
and potentially more informative measures.
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Round 2: Assessment
Panelists were asked to rate data elements identified in round 1 

based on 2 characteristics (defined below): quality and likelihood 

of systematic differences across demographic groups. The purpose 

of this rating exercise was to begin evaluating the feasibility and 

appropriateness of real-world EHR or HIE data for future computable 

phenotypes. The rating survey was conducted using REDCap.31,32 

Before administering, 4 core research team members and 2 panelists 

pilot tested the survey.

Is the data element high quality? We defined high-quality data 

elements as those that were concurrently complete, accurate, and up 

to date in an EHR or HIE system. These 3 dimensions are common 

components of data quality frameworks.33,34 Panel members rated 

each element on a 5-point scale from poor quality to excellent quality 

(eAppendix A [eAppendices available at ajmc.com]).

What is the likelihood of systematic differences in data quality? 

Differential data quality across patient demographic groups (eg, race/

ethnicity, gender, age, sexual orientation) can lead to inaccurate 

and biased social risk factor measurement, risk prediction, and 

population health management activities. Systematic differences 

in quality could be due to a lack of patient diversity, differential 

work processes, structural barriers to care, or broader societal 

conditions.35 Panel members rated each element on a 5-point scale 

from extremely unlikely different data quality to extremely likely 

different data quality.

Finally, to better understand each panel member’s frame of 

reference when completing the survey, we included a single item to 

gauge if responses were rooted in experiences with data from hospital 

settings, physician/group practice settings, and/or HIE systems.

Analyses 

Analyses were divided by the identification and assessment phases 

of data collection. First, we determined counts of identified potential 

data elements by social risk factor category. We also determined 

data elements suggested in each social risk category during the 

identification sessions. These sessions also generated group discus-

sion on potential risks and limitations of each data element, which 

we summarized. Next, we computed frequencies and percentages 

to describe panelists’ ratings of each data element during the 

assessment portion of the panel. We created 2-way scatterplots to 

illustrate the plurality of panelists who responded at the 2 extremes 

of the respective scales (eg, top 2 box approach).36 The plots help 

identify those factors that they generally perceived to be of higher 

data quality and also as less likely to have systematic differences 

across groups. We plotted the data elements for each social factor 

category separately. To facilitate visualization, we labeled reported 

data elements as billing and payment, diagnoses and clinical data, 

encounters and appointments, identifiers and contact information, 

language, referrals and orders, social determinants of health codes, 

and other. The full distribution of responses for every data element 

is presented in eAppendix B. To examine consistency in ratings 

across panel members, we also grouped average data element 

ratings by social factor category and stratified by panel member 

type (physician or nonphysician) and primary frame of reference 

when answering questions (EHR or HIE) (eAppendix C).

RESULTS
Identification: Potential Data Elements 
(identification session)

Across the 2 identification sessions, panelists generated a total of 

89 structured data elements (Table). However, due to the cooccur-

ring nature of social risk factors, several suggested data elements 

pertained to multiple categories. About half of the identified 

elements (n = 45 of 89) were relevant to the socioeconomic status 

category. Within the socioeconomic status category, most data 

elements were suggested as relevant to financial status followed by 

employment, food insecurity/hunger, and housing instability. The 

socioeconomic category also included several data elements that 

we considered to be general indicators of socioeconomic-related 

needs. Candidate data elements reflected billing, identifiers, orders, 

and utilization data.

Identification: Observations on Concerns, 
Considerations, and Limitations Regarding Data 
Elements (identification session)

During identification, panelists recognized multiple limitations 

related to structured data elements. These concerns included the 

potential for inherently biased data elements, inconsistent data 

collection processes, potential variation across patient populations, 

and the limitations of area-level measures. For example, a panelist 

noted that discrimination occurs in the care delivery processes and 

that underserved populations face barriers in accessing services, 

which could lead to biased data. Similarly, another panelist noted 

that credit scores may be very predictive of patients’ financial risks 

and needs, but this data element is known to be biased by race. 

Similarly, another noted that inconsistent data collection also 

limited the usefulness of some data elements. As one panelist stated 

about documenting homelessness, “There are some ICD codes that 

nobody uses.” Another panelist agreed with the limited adoption, 

but he noted that “…the ICD code is going to be very specific when 

used.” Panelists noted that computable phenotypes may need to 

be developed for different patient populations. For example, some 

data elements could be relevant for adults but would not be relevant 

for pediatric populations. Alternatively, a phenotype could prove 

useful for patients with high health care utilization only. Finally, 

one panelist noted the “poor overlap” between area-level measures 

and patients’ self-reported social risk factors.

Assessment: Perceptions of Data Quality and 
Likelihood of Systematic Differences in Quality

When responding to the assessment surveys, most (n = 12 of 17) 

of the panel members reported primarily thinking about data 

that come from HIE systems. Clinicians and nonclinicians did 
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not vary substantially in their assessments 

of data quality and likelihood of systematic 

differences in data quality across populations. 

Panelists’ assessment of the likelihood of 

systematic differences in data quality across 

populations did vary based on whether they 

reported primarily thinking of HIE systems vs 

EHR systems. Those who reported thinking 

primarily about HIE systems most frequently 

reported that quality was likely to be different 

across populations for the socioeconomic, 

social relationship, and community context 

categories (eAppendix C).

Socioeconomic Status Data 
Element Assessment

Data elements that are both higher quality 

and unlikely to have systematic differences 

across populations are preferable. For those 

data elements suggested by the panelists as 

relevant to socioeconomic status, only identi-

fier and contact information and billing and 

payment-related data elements were frequently 

rated as “very good” or “excellent” quality 

and at the same time rated as also “unlikely” 

or “extremely unlikely” to have differential 

quality across patient groups (Figure 1). These 

elements included date of birth, last name, 

address, insurance type, bills in collection, 

payment method, days in accounts receiv-

able, and outstanding bills. Many more data 

elements were generally viewed as low quality 

(ie, “fair” or “poor”). Notably, panelists rated the 

ICD-10 Z and Logical Observation Identifiers 

Names and Codes (LOINC) codes that represent 

various social risk factors, several data elements 

related to referrals to specific social services 

and providers, and inability to do telehealth 

visits as lower quality (ie, “fair” or “poor”) and 

simultaneously “likely” or “extremely likely” to 

have differential quality across patient groups.

Cultural Context Data 
Element Assessment

Panelists rated only address and EHR portal account presence and 

usage as high quality (ie, “very good” or “excellent”) (Figure 2). 

Panelists also considered these elements to generally be “unlikely” 

or “extremely unlikely” to have differential quality across patient 

groups. Conversely, more than half of panelists rated presence of 

advance directives, language of discharge instructions, primary 

language, and the need and use of interpreters as low quality (ie, “fair” 

or “poor”) and as “likely” or “extremely likely” to have differential 

quality across patient groups. Again, ICD-10 Z codes and similar 

LOINC codes related to education and literacy were rated of low 

quality and likely to have different data quality across populations.

Social Relationships Data Element Assessment

Panelists rated few social relationship data elements as high quality 

overall (ie, “very good” or “excellent”) (Figure 3). The majority of 

panelists rated social relationship–relevant ICD-10 Z and LOINC 

TABLE. Number of Candidate Data Elements by Social Risk Factor Category

Category and 
social risk

Data elementsa

(n = 89)
Example data elements with potential use in 

measuring social risk factors

Socioeconomic status 45

Employment 10
Changes in insurance over time (private to Medicaid or 

self-pay or uninsured)

Financial 21

Zero-dollar billing; payment by cash; outstanding bills; 
days in collection; referrals to financial counseling; 
discharge to long-term care that does not accept 

Medicaid; leaving expensive prescriptions unfilled but 
filling lower-cost ones

Food insecurity 7

Referrals to food pantries; orders for supplemental 
nutrition assistance; orders for food trays or nutritional 
supplements in the absence of clinical indication; diag-

nosis of failure to thrive; observed weight loss

Housing instability 2

Number of different addresses; disparate addresses 
across EHRs; changes in telephone numbers; map-
ping patient addresses to known shelters; missing 

address fields; state residence of “XX”; zip codes that 
are missing, “00000,” or “99999”

General indicators 9

Presence or length of social worker or case manager 
note; number of times social service notes accessed 

(EHR log files); missing or multiple dates of birth, 
aliases, last names, Social Security numbers, driver’s 

license numbers, or phone numbers; EHR portal 
account; completed or failed telehealth appointments; 

email address on file

Cultural context 11

Health literacy 5 No patient portal usage

Language 6 Interpreter services used

Social relationships 17

Social support 15

Location of patients’ emergency contacts (eg, same 
address or different states); marital status; changes 
to last name; missing emergency contacts; presence 
of depression screening; changes to or missing guar-

antor or authorized health record viewers; longer than 
expected hospital stays

Incarceration 2
Law enforcement discharge disposition location, 

admission source, or place of service 

Community context 18

Housing quality 3 Presence of lead screening

Transportation 6
Billed transportation services; referral to transporta-

tion service; missed appointments

Safety/violence 10
ICD codes for injuries related to crimes (eg, firearms, 

stabbings)

EHR, electronic health record; ICD, International Classification of Diseases.
aData elements may appear in more than 1 category and social risk (ie, not mutually exclusive).
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codes as low quality and “likely” or “extremely likely” to have 

differential quality across patient groups.

Community Context Data Element Assessment

In the community context domain (Figure 4), some data elements 

associated with identity and contact information, diagnoses and 

clinical data, and encounters and appointments, such as address, 

arrival by ambulance, and emergency department visits associated 

with trauma or injury, were viewed by more panelists as higher 

quality and “unlikely” or “extremely likely” to have differential data 

quality across populations. Other diagnoses and clinical data were 

also considered “unlikely” or “extremely likely” to have differential 

data quality across populations but were nevertheless viewed as 

having “fair” or “poor” data quality. Again, panelists rated community 

context–relevant ICD-10 Z and LOINC codes as “likely” or “extremely 

likely” to have differential data quality across populations and to 

be of poorer data quality.

DISCUSSION
Our panel of 17 EHR and HIE data experts identified and commented 

on routinely collected structured data elements for potential use in 

the future development of computable social risk factor phenotypes. 

Panelists highlighted several specific concerns about overall data 

quality and the potential for systematic quality differences across 

populations that may lead to bias and other data inaccuracies. This 

novel and foundational work can be used to help develop future 

computable phenotypes for social factors.

Bills in collection
Coinsurance

Days in accounts receivable

Dual eligibility

Failed credit
card chargesInsurance registration – changes

Zero-dollar billing

Insurance type

List of employers

List of employers

Blue Dot missing label

Outstanding bills

Using multiple
credit cards

Dramatic weight loss

Failure to thrive/dramatic weight loss
Social service note present

Disposition of failed telehealth visits
Inability to do telehealth

Long stay for
low-acuity conditionsTelehealth no show

Address

Date of birth

Email address

Name

Name changes

Occupational status/occupation

Phone attempts unanswered
Phone number noted as a known shelter

Social Security Number

Telephone number

Order for dietetic meals

Order for food trays 

Order for nutritional supplementsOTC medications prescribed

Referral – financial counseling

Referral – food pantry 

Referrals – social care 

Referrals – WIC

LOINC – housing and economics

LOINC – employment
and unemployment

Z Code – employment
and unemployment Z Code – housing and economics

Z Code – occupational exposure

Billing and payment Diagnoses and clinical data Other Encounters and appointments

Identifiers and contact information Referrals and orders SDOH codes

LOINC – occupational exposure
100%

100%

100% 0% 100%

Likely/extremely likely Unlikely/extremely unlikely

Very good/excellent

Fair/poor

QUALITY

SYSTEMATIC DIFFERENCES IN DATA QUALITY

FIGURE 1. Data Elements Relevant to Socioeconomic Statusa

LOINC, Logical Observation Identifiers Names and Codes; OTC, over the counter; SDOH, social determinants of health; WIC, Women, Infants, and Children Program.
aThe y-axis indicates percentages of expert panelists who rated perceived quality (very good/excellent vs fair/poor). The x-axis indicates percentages of expert panel-
ists who rated perceived likelihood of systematic differences in data quality across demographic groups (unlikely/extremely unlikely vs likely/extremely likely). Only the 
plurality of respondents’ views are reported for each data element for clarity and labeled according to author-interpreted categories.
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Data quality (defined in this study as complete, accurate, and 

up to date) is a long-standing concern in biomedical informatics, 

particularly when data are used for purposes other than those for which 

they were originally collected.37 Panelists generally perceived data 

elements of the highest quality to be those used in reimbursement-

related processes (eg, identifiers and contact information, billing 

and payment-related data, diagnoses), which is consistent with 

prior studies.38,39 In addition, panelists reported that these data 

elements were among those less likely to be systematically different 

in quality across populations. Given these advantageous qualities, 

reimbursement-related data elements may be viable candidates for 

use in computable phenotypes development.

In general, the most consistently identified quality concerns related 

to structured data elements that have been designed to document 

social risk factors: ICD-10 Z and LOINC codes. Evidence indicates 

that these codes are substantially underutilized in practice.11-13 Not 

only did the expert panel results question the quality of these data, 

but they also indicated that these were among the most likely to have 

different data quality across populations. These perceptions align 

with a recent quantitative analysis indicating that ICD-10 Z codes 

are a specific indicator of social risk, but one that is collected in a 

biased fashion.40 Increasing adoption, explicit reimbursement for 

documenting social needs, or the mapping of screening question-

naires to these standards41 may eventually increase the utility of these 

data elements. However, currently their application to computable 

phenotyping or other measurement activities appears limited.

Poor-quality data can undermine any application to care delivery. 

However, when data quality is systematically different across 

Advance directive

No patient portal usage

Patient portal account
(present or missing)

Address

Interpreter needed
Interpreter requested

Interpreter services used

Language of
discharge instructions

or patient handouts

Primary language

Z code – education and literacy

LOINC – problems related to education and literacy

Other Identifiers and contact information Language SDOH codesDiagnosis and clinical data

100%

100%

100% 0% 100%

Likely/extremely likely Unlikely/extremely unlikely

Very good/excellent

Fair/poor

QUALITY

SYSTEMATIC DIFFERENCES IN DATA QUALITY

FIGURE 2. Data Elements Relevant to Cultural Contexta

LOINC, Logical Observation Identifiers Names and Codes; SDOH, social determinants of health.
aThe y-axis indicates percentages of expert panelists who rated perceived quality (very good/excellent vs fair/poor). The x-axis indicates percentages of expert panel-
ists who rated perceived likelihood of systematic differences in data quality across demographic groups (unlikely/extremely unlikely vs likely/extremely likely). Only the 
plurality of respondents’ views are reported for each data element for clarity and labeled according to author-interpreted categories.
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populations, the risks increase that any measurement strategy, 

including computed phenotypes, could perpetuate societal biases 

and inequitable practices in health care.42,43 Related applications 

of health data have demonstrated the risk of drawing the wrong 

inferences about patients. For example, a widely utilized risk 

stratification tool systematically recommended healthier White 

patients over sicker Black patients for care management programs, 

because it failed to account for differential levels of access.44 

Similarly, disease risk models developed in homogenous majority 

populations do not perform well for minority groups.45 The future 

development of computable social risk factor phenotypes will 

require attention to the risks of biased and differential quality data 

because the processes for collecting health care data are highly 

variable.46,47 Multiple frameworks and methodologies for identifying 

and mitigating bias exist, which could be applied to these data.48,49 

Additionally, like any advanced analytics interventions, computable 

social factor phenotypes would need to be continually evaluated 

and monitored for effectiveness and lack of bias.50

Effectively identifying patients’ social risks is necessary for health 

care organizations to initiate appropriate referrals to services.51 

Vendors, collaboratives, and health care organizations have success-

fully integrated screening questions into EHR systems and workflows 

to support data collection.41,52,53 Nevertheless, usage of screening 

questionnaires in practice is highly variable54 and, when used, they 

have increased staff’s data collection burden.55 As a measurement 

strategy reliant on existing data and one that can be potentially 

FIGURE 3. Structured Data Elements Relevant to Social Relationshipsa

ED, emergency department; LOINC, Logical Observation Identifiers Names and Codes; SDOH, social determinants of health.
aThe y-axis indicates percentages of expert panelists who rated perceived quality (very good/excellent vs fair/poor). The x-axis indicates percentages of expert panel-
ists who rated perceived likelihood of systematic differences in data quality across demographic groups (unlikely/extremely unlikely vs likely/extremely likely). Only the 
plurality of respondents’ views are reported for each data element for clarity and labeled according to author-interpreted categories.
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and departure

Emergency contact info

Marital status

Mother-baby
record linkage
(birth records)

Z code – primary support group
Z code – psychosocial circumstancesZ code – social environment

LOINC – primary support group

LOINC – psychosocial circumstances

LOINC – social environment

Encounters and appointments Identifiers and contact information SDOH codesBilling and payment

100%

100%

100% 0% 100%

Likely/extremely likely Unlikely/extremely unlikely

Very good/excellent

Fair/poor

QUALITY

SYSTEMATIC DIFFERENCES IN DATA QUALITY
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automated, computable social factor phenotypes could support the 

screening use case while avoiding the challenges of administering 

questionnaires. However, screening for social risk factors in health 

care can be a sensitive issue for patients56,57 and automated computable 

phenotypes are admittedly not as transparent a screening strategy 

as patient-completed questionnaires. If computable social factor 

phenotypes could be successfully developed, future work should 

include assessments of patient acceptability.

Next Steps

Developing computable phenotypes was beyond the scope of this 

Delphi panel. Nevertheless, the findings in this paper provide a 

candidate list of data elements that could be further evaluated for 

constructing computable phenotypes. As part of the identifica-

tion process, panelists explained or justified their suggested data 

elements. Often, these explanations took the form of methods for 

transforming or combining data elements into novel and potentially 

more informative measures. As an example, panelists emphasized the 

potential to gain information by looking at changes in data elements 

over time. The most salient examples were changes in addresses 

to identify housing instability, in insurance status for financial 

status, or in emergency contact information for social relation-

ships, which are regularly updated for billing and reimbursement 

reasons. Others have suggested similar uses of change in address 

data over time.58 Likewise, panel members noted the information to 

be gained by explainable missingness (ie, instances in which social 

FIGURE 4. Structured Data Elements Relevant to Community Contexta

ED, emergency department; LOINC, Logical Observation Identifiers Names and Codes; SDOH, social determinants of health; STI, sexually transmitted infection.
aThe y-axis indicates percentages of expert panelists who rated perceived quality (very good/excellent vs fair/poor). The x-axis indicates percentages of expert panel-
ists who rated perceived likelihood of systematic differences in data quality across demographic groups (unlikely/extremely unlikely vs likely/extremely likely). Only the 
plurality of respondents’ views are reported for each data element for clarity and labeled according to author-interpreted categories.
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Diagnosis of crime-related injuries

Gun ownership

Identifiers and contact informationDiagnosis and clinical data

Code – lead poisoning/associated diagnosis

Z Code – problems related
to upbringing

LOINC – problems related to upbringing

Encounters and appointments Other Referrals and orders SDOH codes

100%

100%

100% 0% 100%

Likely/extremely likely Unlikely/extremely unlikely

Very good/excellent

Fair/poor

QUALITY

SYSTEMATIC DIFFERENCES IN DATA QUALITY
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METHODS

circumstances would result in data not being recorded or intention-

ally recorded as missing, as in the case of missing zip codes, phone 

numbers, or addresses for homeless individuals). Other important 

recommendations related to combining data across patients. For 

example, novel data points could be created by identifying the 

number of individuals sharing an address to indicate financial 

strain or by noting reciprocal emergency contacts as indicators of 

social support. Panelists also surfaced the possibility that social 

need could be identified using evidence of discordant utilization. 

An example of this type included ordering nutritional supplements 

or specific meals without an accompanying diagnosis that suggested 

a clinical need. Lastly, ideas from panel members also included 

using the information from the components of the patient record. 

This included the presence, absence, length, or accessing of social 

worker notes or even the frequency with which the patient portal was 

used. Therefore, in addition to raw, untransformed data elements, 

future work to develop computable phenotypes should consider 

these data transformations or combinations—including changes 

over time, explainable missingness, combining data across patients, 

discordant utilization, and the components of the patient record.

Limitations

Given the variation in the usage of social risk factors, risks, and needs 

in practice and the literature, it is possible that panel members had 

different conceptualizations of the social risk factors discussed. 

For identification, such variation likely had little effect, but the 

actual movement to phenotype construction would require clear 

construct definitions. Similarly, our survey did not reflect the multi-

dimensional nature of data quality (eg, conformance, completeness, 

plausibility) but relied on a single question to reduce respondent 

burden. Additional work would be necessary to understand the 

different data quality ratings of each data element. For example, 

we cannot tell from this study if elements were rated as low quality 

due to perceived inaccuracy or that the data elements could not be 

relied upon because they were used too infrequently. Additional 

study would be required to compare panelists’ perceptions with 

actual data quality metrics. Also, the panelists were instructed to 

exclude nonstructured and other sources of data. Of course, these 

are important sources of social risk factor information, but their 

potential usage in computable phenotypes represents a different 

set of challenges than the ones explored in this panel. Still, the 

identified structured data elements could be combined with 

structured data from survey questionnaires or even unstructured 

data extracted from NLP, where available. Such combinations could 

be more informative. Although expert panel members recognized 

that social risk factors change over time, the issue of appropriate 

intervals for measuring social risk factors was not included in this 

Delphi panel. Lastly, our expert panel reflected individuals with 

knowledge about EHR and HIE data sources and processes that 

generated data for clinical, research, and business purposes. A 

different set of panel members, with different backgrounds, may 

have identified other data elements.

CONCLUSIONS
EHRs and HIE systems contain structured data elements that reflect 

patient social circumstances, and these data may be useful in 

developing computable phenotypes. Efforts to develop phenotypes 

should consider data quality and risks for systematic differences 

across populations. Future computable phenotyping research should 

validate strategies for incorporating concepts such as changes over 

time, explainable missingness, combining data across patients, 

discordant utilization, and the components of the patient record. n
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When you think about healthcare data that are available for analytic and research purposes, are you thinking
primarily about data that come from:  (YOU MAY CHECK MORE THAN ONE)

Hospital settings
Physician / group practice settings
Health information exchange systems

Please read the following guidance carefully. It was written based on feedback from survey pilot testers to help make
the questions easier for you to answer.

  The purpose of this survey is to elicit your expert opinion on the quality of electronic data elements that may be
useful proxies for patients' social information.  The intent is to get your general intuition about each data element. 
The survey results will serve as preliminary data for future, more rigorous, evaluations of social factor data quality.   

  First, you will be asked to judge whether each data element is high quality.  We define high quality as data that are:
 complete, accurate, AND, up-to-date.     

  Second, you will be asked to judge if there are systematic differences in data quality across patient demographic
groups (i.e., patients of different races, ethnicity, genders, or sexual orientations).  Differences may be due to any
reason from differential access to services, to discrimination, to workflow issues.

  Please respond to all questions using your best intitution about data contained in the health information systems
with which you are most familiar.  For example, while answering the questions, imagine that you evaluated the
quality of data for all patients in your organization's EHR or HIE.  What do you think the evaluation would reveal?   

  We do NOT expect you to make judgments about patient data beyond the data that you regularly work with in your
organization.   

  We do NOT expect you to run actual queries or analysis on your data systems or gather information from colleagues
in your organization.   

  We recognize that the survey questions ask about multiple concepts at once.  Please use your best intuition about
the data overall.

Please  rate the extent to which each of the following data elements is high quality.  We define high quality as data
that are:  complete, accurate, AND, up-to-date.

eAPPENDIX A. SURVEY 
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Please rate the following items on their level of quality.
Poor quality Fair quality Good quality Very Good

quality
Excellent quality

Activity of daily living (ADL) 
assessments

Address
Advance directive
Arrive by ambulance
Billing - bills in collection
Billing - days in accounts 
receivable

Billing - how you pay
Billing - list of employer
Billing - outstanding bills 
Billing - zero dollar billing
Date of birth
Diagnosis of crime-related 
injuries (fire arms, stabbings, 
etc.)
Discharge to jail or prison
Disposition of failed telehealth 
visits

Email address
Emergency contact information 
Gurantor
Guarantor permission to access 
chart

Gun ownership
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Please rate the following items on their level of quality.
Poor quality Fair quality Good quality Very Good

quality
Excellent quality

Health insurance - co-insurance
Health insurance dual eligbility 
status

Health insurance type
ICD 10 Code - Lead
posioning/associated diagnosis

ICD 10 Code  for dramatic 
weight loss

ICD 10 Code for failure to thrive 
(pediatrics)/dramatic weight loss

ICD 10 Z Code - Occupational 
exposure to risk factors

ICD 10 Z Code - Other problems 
related to primary support 
group, including family 
circumstances

ICD 10 Z Code - Problems 
related to certain psychosocial 
circumstances

ICD 10 Z Code - Problems 
related to education and literacy

ICD 10 Z Code - Problems 
related to employment and 
unemployment

ICD 10 Z Code - Problems 
related to housing and economic 
circumstances

ICD 10 Z Code - Problems 
related to social environment

ICD 10 Z Code - Problems 
related to upbringing

Inability to do telehealth (no 
internet)

Incident reporting systems -
other incidents that get reported 
institutionally

Incident reporting systems -
security called
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Please rate the following items on their level of quality.
Poor quality Fair quality Good quality Very Good

quality
Excellent quality

Insurance registration - change 
in insurance

Insurance registration - job title
Interpreter needed
Interpreter requested
Interpreter services used
Language of discharge 
instructions or patient handouts

Lead screening (particularly 
before 1st birthday)

Leave without being seen
LOINC Codes - Occupational 
exposure to risk factors

LOINC Codes - Other problems 
related to primary support 
group, including family 
circumstances

LOINC Codes - Problems related 
to certain psychosocial 
circumstances

LOINC Codes - Problems related 
to education and literacy

LOINC Codes - Problems related 
to employment and 
unemployment

LOINC Codes - Problems related 
to housing and economic 
circumstances

LOINC Codes - Problems related 
to social environment

LOINC Codes - Problems related 
to upbringing

Long inpatient stay for low 
acuity conditions

Long stay ED visits (from end of 
clinical encounter to discharge)
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Please rate the following items on their level of quality.
Poor quality Fair quality Good quality Very Good

quality
Excellent quality

Marital status
Missed primary care 
appointments/no shows

Missed referrals
Mother-baby record linkage
(birth records)

Multiple ED visits for
injuries/trauma

Name
Name changes
No patient portal usage 
Occupational status/occupation
Order for dietetic meals
(outpatient)

Order for food trays (outpatient) 
Order for nutritional 
supplements (outpatient)

Order for transportation services 
OTC medications prescribed
Patient portal account (present 
or missing)

Payment - failed credit card 
charges

Payment - using multiple credit 
cards

Pelvic inflammatory disease

 

https://projectredcap.org


projectredcap.org

Please rate the following items on their level of quality.
Poor quality Fair quality Good quality Very Good

quality
Excellent quality

Presence of a legally authorized
representative (LAR)

Primary language
Referral to food pantry or
foodbank

Referrals to financial counseling
Referrals to social care provider
Referrals to WIC
Rescheduling of visits
Service location jail or prison
Social service note accessed
Social service note present
Social Security Number
STI among women
Telehealth no show
Telephone - Number of phone
call attempts that were
unanswered

Telephone - Phone number
Telephone - Phone number
noted as a known shelter

Time between discharge and
departure

Please indicate the likelihood of systematic differences in data quality across patient demographic groups (i.e.,
patients of different races, ethnicity, genders, or sexual orientations) on the following data elements.

https://projectredcap.org
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Rate the following data elements on their likelihood of having systematic differences in data
quality across patient demographic groups.

Extremely
unlikely different

Unlikely different Neutral Likely different Extremely likely
different

Activity of daily living (ADL) 
assessments

Address
Advance directive
Arrive by ambulance
Billing - bills in collection
Billing - days in accounts 
receivable

Billing - how you pay
Billing - list of employer 
Billing - outstanding bills 
Billing - zero dollar billing 
Date of birth
Diagnosis of crime-related 
injuries (fire arms, stabbings, 
etc.)
Discharge to jail or prison
Disposition of failed telehealth 
visits

Email address
Emergency contact information 
Guarantor
Guarantor permission to access 
charge

Gun ownership
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Rate the following data elements on their likelihood of having systematic differences in data
quality across patient demographic groups.

Extremely
unlikely different

Unlikely different Neutral Likely different Extremely likely
different

Health insurance - co-insurance
Health insurance dual eligibility 
status

Health insurance type
ICD 10 Code - Lead
posioning/associated diagnosis

ICD 10 Code - dramatic weight 
loss

ICD 10 Code - failure to thrive 
(pediatrics)/dramatic weight loss

ICD 10 Z Code - Occupational 
exposure to risk factors

ICD 10 Z Code - Other problems 
related to primary support 
group, including family 
circumstances

ICD 10 Z Code - Problems 
related to certain psychosocial 
circumstances

ICD 10 Z Code - Problems 
related to education and literacy

ICD 10 Z Code - Problems 
related to employment and 
unemployment

ICD 10 Z Code - Problems 
related to housing and economic 
circumstances

ICD 10 Z Code - Problems 
related to social environment

ICD 10 Z Code - Problems 
related to upbringing

Inability to do telehealth (no 
internet)

Incident reporting systems -
other incidents that get reported 
institutionally

Incident reporting systems -
security called
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Rate the following data elements on their likelihood of having systematic differences in data
quality across patient demographic groups.

Extremely
unlikely different

Unlikely different Neutral Likely different Extremely likely
different

Insurance registration - change 
in insurance

Insurance registration - job title
Interpreter needed
Interpreter requested
Interpreter services used
Language of discharge 
instructions or patient handouts

Lead screening (particularly 
before 1st birthday)

Leave without being seen
LOINC Codes - Occupational 
exposure to risk factors

LOINC Codes - Other problems 
related to primary support 
group, including family 
circumstances

LOINC Codes - Problems related 
to certain psychosocial 
circumstances

LOINC  Codes - Problems related 
to education and literacy

LOINC Codes - Problems related 
to employment and 
unemployment

LOINC Codes - Problems related 
to housing and economic 
circumstances

LOINC Codes - Problems related 
to social environment

LOINC Codes - Problems related 
to upbringing

Long inpatient stay for low 
acuity conditions

Long stay ED visits (from end of 
clinical encounter to discharge)
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Rate the following data elements on their likelihood of having systematic differences in data
quality across patient demographic groups.

Extremely
unlikely different

Unlikely different Neutral Likely different Extremely likely
different

Marital status
Missed primary care 
appointments/no shows

Missed referrals
Mother-baby record linkage
(birth records)

Multiple ED visits for
injuries/trauma

Name
Name changes
No patient portal usage
Occupation status/occupation
Order for dietetic meals
(outpatient)

Order for food trays (outpatient) 
Order for nutritional 
supplements (outpatient)

Order for transportation services 
OTC medications prescribed
Patient portal account (present 
or missing)

Payment - failed credit card 
charges

Payment - using multiple credit 
cards

Pelvic inflammatory disease
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Rate the following data elements on their likelihood of having systematic differences in data
quality across patient demographic groups.

Extremely
unlikely different

Unlikely different Neutral Likely different Extremely likely
different

Presence of a legally authorized
representative (LAR)

Prmary language
Referral to food pantry or
foodbank

Referrals to financial counseling
Referrals to social care provider
Referrals to WIC
Rescheduling of visits
Service location jail or prison
Social service note accessed
Social service note present
Social Security number
STI among women
Telehealth no-show
Telephone- Number of phone
call attempts that were
unanswered

Telephone - Phone number
Telephone - Phone number
noted as a known shelter

Time between discharge and
departure

PLEASE ENTER YOUR E-MAIL

__________________________________
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eAppendix B. Full Distribution of Technical Expert Panel Responses 

eAppendix Figure 1. Structured data elements relevant to socioeconomic status, expert panel 

ratings of perceived quality (Panel A) and perceived likelihood for systematic differences in data 

quality across populations (Panel B).  

Panel A 

 
 

  



 

Panel B 

 
Note: Expert panel member ratings (missing responses excluded). 

 

 

 



eAppendix Figure 2. Structured data elements relevant to cultural context, expert panel ratings 

of perceived quality (Panel A) and perceived likelihood for systematic differences in data quality 

across populations (Panel B). 

 

Panel A

 
Panel B

 
Note: Expert panel member ratings (missing responses excluded). 



eAppendix Figure 3. Structured data elements relevant to social relationships, expert panel 

ratings of perceived quality (Panel A) and perceived likelihood for systematic differences in data 

quality across populations (Panel B).  

Panel A 

 
Panel B 

 
Note: Expert panel member ratings (missing responses excluded). 



eAppendix Figure 4. Structured data elements relevant to community context, expert panel 

ratings of perceived quality (Panel A) and perceived likelihood for systematic differences in data 

quality across populations (Panel B).  

 

Panel A 

 
Panel B 

 
 

Note: Expert panel member ratings (missing responses excluded). 



eAppendix C. Number of Candidate Data Elements by Social Risk Factor Category and Mean 

Assessment Scores 

  Panelist 
background 

HIE frame of 
reference 

 Data 
elements1 

Physician 
(n=5) 

Non-
physician 
(n=12) 

Yes 
(n=12) 

No 
(n=5) 

Category n mean mean mean mean 
Socioeconomic 45     
Quality2  2.56 2.57 2.54 2.64 
Systematic 
differences3 

 2.78 2.70 2.99 1.80 

Cultural context 11     
Quality  2.69 2.49 2.48 2.72 
Systematic 
differences 

 3.04 3.14 3.21 2.74 

Social 
relationships 

17     

Quality  2.30 2.43 2.35 2.51 
Systematic 
differences 

 3.04 2.79 3.19 1.69 

Community 
context 

18     

Quality  2.75 2.48 2.63 2.38 
Systematic 
differences 

 3.03 2.61 3.06 1.65 

1Data elements may appear in more than one category 
2% Good / Very good / excellent quality 
3% Likely different / extremely likely different 
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