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ABSTRACT

Objective: Electronic health records (EHRs) are increasingly used to capture social determinants of health (SDH)

data, though there are few published studies of clinicians’ engagement with captured data and whether engage-

ment influences health and healthcare utilization. We compared the relative frequency of clinician engagement

with discrete SDH data to the frequency of engagement with other common types of medical history

information using data from inpatient hospitalizations.

Materials and Methods: We created measures of data engagement capturing instances of data documentation

(data added/updated) or review (review of data that were previously documented) during a hospitalization. We

applied these measures to four domains of EHR data, (medical, family, behavioral, and SDH) and explored asso-

ciations between data engagement and hospital readmission risk.

Results: SDH data engagement was associated with lower readmission risk. Yet, there were lower levels of

SDH data engagement (8.37% of hospitalizations) than medical (12.48%), behavioral (17.77%), and family

(14.42%) history data engagement. In hospitalizations where data were available from prior hospitalizations/out-

patient encounters, a larger proportion of hospitalizations had SDH data engagement than other domains

(72.60%).

Discussion: The goal of SDH data collection is to drive interventions to reduce social risk. Data on when and

how clinical teams engage with SDH data should be used to inform informatics initiatives to address health and

healthcare disparities.

Conclusion: Overall levels of SDH data engagement were lower than those of common medical, behavioral,

and family history data, suggesting opportunities to enhance clinician SDH data engagement to support social

services referrals and quality measurement efforts.
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BACKGROUND AND SIGNIFICANCE

Motivated by shifts towards value-based payment and efforts to

improve health outcomes, US healthcare organizations are increas-

ingly screening patients for unmet health-related social risks such as

food, housing, and transportation insecurity, which are downstream

manifestations of broader social (SDH), economic, and political

determinants of health.1–7 While SDH data in the electronic health

record (EHR) have traditionally been captured in free-text clinical

notes, there is a push to include them in discrete structured data

fields.8 The standardization and accessibility of discrete documenta-

tion make these data more accessible to clinicians, enabling them to

engage with SDH data by documenting and/or reviewing. Structured

SDH data capture can also support population health management

efforts to understand the prevalence of social risk factors in patient

populations. Additionally, discrete documentation of data stored in

computable formats can be used to trigger clinical decision support

(CDS) tools that suggest adjustments to medical care decisions based

on patients’ social circumstances9,10 or used with community

resource referral platforms (CRRPs)11 to address needs by providing

referrals to community-based organizations (CBOs).12–16

Social needs adversely impact health outcomes,17–19 including

hospital readmission risk.20–23 Screening and subsequent programs

to address social needs in healthcare settings may create additional

opportunities for social needs to be identified and addressed, and to

tailor care plans to circumvent social barriers that contribute to

worse health outcomes. For example, knowledge that a patient has

transportation needs can help a care team to either provide that

patient with transportation vouchers in order to travel to a follow-

up appointment, or to arrange telehealth follow-up so that the

patient does not have to navigate coming to an in-person appoint-

ment. Engaging with SDH information in EHRs should ideally help

clinicians adapt their discharge planning to take into account patient

social barriers. However, the association between SDH data engage-

ment and readmission risk, a particularly salient clinical outcome

given the high cost of hospital readmissions,24,25 is currently

unknown. Engagement represents a different concept than the mere

presence or absence of medical and social risk factors, as it signifies

a clinician interacting with the data in a measurable way. Given

established associations between SDH and readmission,20–23 SDH

data engagement, and subsequent social care to address patients’

needs, may decrease the likelihood of preventable readmissions.

Additionally, it is unclear how much clinicians engage with SDH

data relative to other EHR data. Using data from the EHR audit log,

clinician engagement with SDH data and other forms of common

clinical data, including medical, family, and behavioral history, can

be quantitatively measured. Measures of engagement with each of

these types of data may be useful in predicting readmissions, espe-

cially if engagement is a proxy for clinicians’ knowledge of patient

social circumstances and subsequent efforts to tailor medical deci-

sion making to overcome social barriers to care or target interven-

tions to prevent avoidable readmissions. Prior work has shown that

while discrete social data fields are now widely available in EHRs,

levels of SDH data engagement are low.26 Indeed, prior work found

that discrete patient social history question fields were used during

only 0.03% of hospitalizations and discrete social documentation in

the problem list occurred during 0.09% of hospitalizations, though

other types of free-text social history documentation fields were

more frequently used (patient social history text used during 12.1%

of hospitalization and social work notes written during 27.5% of

hospitalizations).26 However, previous work only examines absolute

levels of engagement; no study directly compares the frequency of

documentation and review of discrete SDH data relative to other

common types of discrete clinical information, such as medical, fam-

ily, and behavioral history. Understanding the differences in clini-

cian engagement with different types of data can help determine

whether discrete SDH fields are underutilized relative to other data

fields. Substantially lower frequency of SDH data engagement rela-

tive to common medical history data may indicate missed opportu-

nities to address patients’ social needs and to tailor medical care

accordingly.

To the extent that we observe lower levels of SDH data engage-

ment relative to common medical history data, we can inform

efforts to increase engagement by identifying characteristics associ-

ated with lower and higher levels of use. Insights from patient char-

acteristics can shed light on whether SDH data engagement is

occurring equitably across patient populations to avoid creating or

perpetuating health inequities.27 For example, demographic groups

with lower relative rates of SDH data engagement may be subject to

inequities because they would not benefit from referrals to CBOs

and/or from medical care adjusted to account for social circumstan-

ces. Insights from encounter characteristics can shed light on

whether specialty or practice-based workflows contribute to any

observed differences.28 Ultimately, understanding SDH data engage-

ment is valuable because it should facilitate better patient manage-

ment and improved health outcomes by informing clinicians about

social circumstances relevant to providing care.

OBJECTIVE

We explored associations between clinician engagement with SDH

and hospital readmissions. We also sought to compare the frequency

of clinician engagement with discrete SDH data (via documentation

and/or review of these data) to the frequency of other common types

of discrete medical history information (medical, family, and behav-

ioral history fields). Finally, we sought to identify patient and

encounter characteristics associated with higher levels of SDH data

engagement. We focused on an inpatient population and activities

during hospitalizations because it afforded discrete time-bounded

windows in which to observe data engagement and during which,

ideally, patient medical, family, behavior, and social histories are

reviewed. We conducted this study at UCSF Health, a large aca-

demic medical center using an Epic EHR, and created measures of

clinician data engagement behaviors that may be generalized to a

wide variety of clinical settings. Taken together, our results offer

new insights into the implementation and value of discrete capture

of SDH information in EHRs.

METHODS

Setting and study sample
The study sample included all inpatient encounters at the four UCSF

Health hospitals between February 1, 2018 and April 30, 2021. For

each hospitalization, we extracted metadata capturing whether discrete

SDH, medical history, family history, and behavioral history documen-

tation occurred (from data element-specific tables) and metadata cap-

turing whether discrete SDH/medical/family/behavioral history

documentation was reviewed (from audit log tables) from Epic’s

reporting database (Clarity). We also extracted patient demographics

(age, gender, race, ethnicity, insurance class, whether the patient had a

UCSF primary care physician [PCP]) and hospitalization characteristics
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(admission and discharge time, admission source, and discharge loca-

tion). For our readmission analysis, we focused specifically on patients’

first hospitalization and subsequent readmission, if present, at UCSF

Health.

History activity domains
Our analysis focused on user behavior within the History Activity,29

the Epic tool designed for discrete data documentation and review

of medical, family, behavioral, and SDH history. In our institution’s

EHR instance of the History Activity, users document relevant medi-

cal and family history discrete items using the types of fields listed in

Table 1. Some of the behavioral and SDH fields are presented as

radial buttons and text fields mapped to specific history items and

screening questions, whereas others are available as pages within the

patient’s “History” tab. The range of fields available in each history

domain is shown in Table 1. Screen captures of the History Activity

user interface are shown in Supplementary Appendices SA–SD.

History activity discrete data engagement measures
We created measures of clinician engagement with History Activity

data, separately for each history domain (SDH, medical, family, and

behavioral). These measures capture whether there was one or more

instances in which a clinician documented (either via adding or edit-

ing at least one history field such as those in Table 1) or reviewed (as

indicated by the user clicking the “Mark as Reviewed” button asso-

ciated with the landing page on which the field exists) data between

the time of admission and the time of discharge.

Because History Activity data could have been documented dur-

ing an inpatient or ambulatory encounter prior to the index hospi-

talization, we created another set of clinician engagement measures

limited to hospitalizations of patients that had prehospitalization

documentation. For example, if a given patient had a medical his-

tory field and an SDH field documented prior to the index hospital-

ization (but no prior family or behavioral history documentation),

they would be labeled as having prior medical history and SDH doc-

umentation but not family or behavioral history documentation.

These alternative measures allowed us to explore whether having

prior history data in the EHR was associated with engagement dur-

ing an encounter.

Finally, to evaluate if the presence of a previously documented

social need was associated with SDH data engagement, we created

measures of previously documented social needs for three types of

social risk factors signifying whether the risk was present or absent:

financial resource strain, food insecurity, and transportation needs.

Statistical analyses
We constructed Kaplan–Meier survival tables and computed log-

rank statistics to assess time to 30-day, 90-day, and 1-year readmis-

sions by SDH data engagement. We assessed readmission risk using

Cox proportional hazard regression models adjusted for patient

demographic and hospitalization characteristics. We generated log–

log plots of survival to ensure that our models met the assumption

of proportional hazards. We computed point estimates using a linear

combination of coefficients postestimation test to characterize the

differences in magnitude between the coefficients for each of our his-

tory measures.

Next, we focused only on our primary measure of SDH data

engagement and identified patient demographic and hospitalization

characteristics associated with SDH history data engagement versus

no engagement using multivariable logistic regression. Finally, we

measured the proportion of hospitalizations with History Activity

data engagement for each domain: Medical, Family, Behavioral, and

SDH—both for our primary and alternative measures.

All analyses were performed using Stata version 17 (StataCorp).

This study was approved by UCSF’s IRB (# 20-30268).

RESULTS

Our study sample included 69 921 unique patients and 137 330

inpatient hospitalizations (Table 2). Patients had an average length

of stay of 6.93 days.

Readmissions associated with SDH data engagement
In Kaplan–Meier curves, we observe a lower likelihood of 30-day,

90-day, and 1-year readmission among encounters with SDH date

engagement relative to encounters without (1-year readmission risk

shown in Figure 1). Similarly, in a log-rank test of the null hypothe-

sis of having no difference in survival between patients with no SDH

data engagement and those with SDH data engagement, we reject

the null hypothesis and observe significant differences in survival

(v2¼607.62, P< .001).

In patient-level Cox regression models adjusted for age, gender,

race, ethnicity, insurance type, whether the patient has a UCSF PCP,

admission type, and discharge service, we observe that encounters with

SDH data engagement had a significantly lower likelihood of 30-day,

90-day, and 1-year readmission relative to encounters without

(Table 3). Similarly, we observe a significantly lower likelihood of 30-

day, 90-day, and 1-year readmission among encounters with medical,

family, and/or behavioral history engagement, relative to those without

(Table 3). However, in postestimation tests, we observe significantly

larger in magnitude coefficients on our SDH data engagement

measures relative to medical and behavioral history data engagement

Table 1. Documentation fields in each history domain

Medical Family Behavioral SDH

• Name of disease/problem
• Approximate date of onset
• Problem nickname
• Who provided the medical history
• Surgical history
• Pertinent negative history

• Family member ID
• Relationship to patient
• Date of birth
• Age at death
• Genetic sex
• Adoption status and parents
• Fertility status
• Family member’s medical history

• Smoking/Tobacco use
• Alcohol use
• Illicit drug use
• Sexual activity

• Marital status and number of

children
• Employment
• Education attainment
• Financial resource strain
• Food insecurity
• Transportation needs

SDH: social determinants of health.
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coefficients. Patients with previously documented financial resource

strain had a significantly lower likelihood of 30-day, 90-day, and-1

year readmission relative to those without, though neither previous

documentation of food insecurity nor transportation need were signifi-

cantly associated with readmission risk compared to those without

these social risk factors (Figure 2).

Characteristics associated with SDH data engagement

during inpatient hospitalization
Among all hospitalizations, older patients had lower odds of SDH

data engagement during the hospitalization relative to younger

patients (Table 4). Non-Hispanic Black or African American and

Hispanic patients had lower odds of SDH data engagement during

hospitalizations relative to Non-Hispanic White patients and His-

panic or Latine patients. Relative to privately insured patients, Med-

icare patients and those who self-pay for care had lower odds of

SDH data engagement. Emergency, urgent care, trauma center, and

newborn admissions had higher odds of SDH data engagement rela-

tive to elective admissions, while surgical and subspecialty dis-

charges had lower odds of SDH data engagement relative to medical

discharges. Finally, patients with previously documented financial

resource strain, food insecurity, and transportation needs in the His-

tory Activity had a significantly higher likelihood of SDH data

engagement than those without.

Comparing levels of engagement for medical, family,

behavioral, and SDH history data
We observed substantial variation across our engagement measures,

with behavioral and medical history featuring higher levels of

engagement than family and SDH measures. Specifically, behavioral

and medical history fields had the highest level of engagement dur-

ing hospitalization (17.77% and 12.48% of hospitalizations, respec-

tively, Figure 3). Family history subsequently had a lower level of

engagement (14.42% of hospitalizations). SDH had the lowest level

of engagement, during 8.37% of hospitalizations.

For our alternative measures that were limited to encounters

with documentation prior to the index hospitalization, a larger pro-

portion of hospitalizations had data engagement during the index

Table 2. Inpatient hospitalization characteristics (February 1,

2018–April 30, 2021, n¼ 137 330)

N %

Admission type

Elective 48 654 35.43

Emergency 47 485 34.58

Urgent 39 835 29.01

Trauma center 191 0.14

Newborn 1165 0.85

Discharge service

Medical 44 458 32.37

Surgical 52 149 37.97

Subspecialty 40 691 29.63

Other 32 0.02

Had UCSF primary care physician 33 548 24.43

Age on admission (mean in years [SD]) 48.2 (23.8)

Gender

Female 73 398 53.45

Male 63 892 46.52

Other/Unknown 40 0.03

Race

White or Caucasian 68 927 50.19

Black or African American 13 563 9.88

Asian 21 852 15.9

Native Hawaiian or Other Pacific Islander 1698 1.24

American Indian or Alaskan Native 1475 1.07

Other 27 490 20.02

Unknown/Declined 2325 1.69

Ethnicity

Hispanic or Latine 25 869 18.84

Not Hispanic or Latine 108 924 79.32

Unknown/Declined 2537 1.85

Insurance type

Private 43 637 31.78

Medicare 53 077 38.65

Medicaid/Medical 34 818 25.35

Self-pay 4568 3.33

Other 1230 0.90

Length of stay (mean in days [SD]) 6.93 (13.0)

UCSF: University of California, San Francisco.

Figure 1. Kaplan–Meier survival estimates for 1 year readmission given SDH

data engagement: UCSF Health (February 1, 2018–April 30, 2021, n¼69 916).

SDH: social determinants of health; UCSF: University of California, San

Francisco.

Table 3. Patient-level Cox Regression Models predicting readmis-

sion: UCSF Health (hazard ratios, n¼ 69 916, Adjusted for patient

and encounter characteristics)a

30 days 90 days 1 year

Encounter had SDH data

engagement (ref: No SDH Data

Engagement)

0.751*** 0.759*** 0.772***

Encounter had medical history

engagement (ref: No Medical

Hx Engagement)

0.682*** 0.673*** 0.665***

Encounter had family history

engagement (ref: No Family Hx

Engagement)

0.836*** 0.836*** 0.853***

Encounter had behavioral history

engagement (ref: No Behavioral

Engagement)

0.517*** 0.504*** 0.497***

SDH: social determinants of health.
aAdjusted for age, gender, race, ethnicity, insurance status, has UCSF PCP,

admission type, discharge service, and documented financial resource strain,

food insecurity, or transportation need.

***P< .001.
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hospitalization than observed in our full sample. SDH data engage-

ment was the highest: 72.60% of 15 837 hospitalizations with prior

SDH data available (Figure 4). This was followed by behavioral his-

tory (54.81% of 76 411 hospitalizations with prior behavioral his-

tory data available), medical (34.79% of 82 380 hospitalizations

with prior medical history data available), and family (34.75% of

56 971 hospitalizations with prior family history data available).

Discussion
Using a novel quantitative measure of SDH data engagement to

measure clinicians’ interaction with structured SDH documentation,

we found that SDH data engagement was associated with a lower

probability of hospital readmission. This emphasizes the importance

of SDH data accessibility especially as SDH documentation tools are

increasingly implemented in EHRs. Our measures of History Activ-

ity engagement may serve as a proxy for use of different types of

clinical information, ultimately in service of measuring clinician cog-

nitive processes and behaviors related to using these data. For exam-

ple, the observed reduction in readmission risk among patients with

SDH data engagement may represent clinicians who have the

capacity or resources to identify and address patients’ social needs,

and indeed, we observe that patients with previously documented

financial resource strain had a significantly lower likelihood of read-

mission. While further work is needed to explore how clinicians are

engaging with SDH data, our findings highlight that any SDH data

engagement is relevant to readmission.

We also observed that clinicians engaged with SDH data at

lower levels than medical, family, and behavioral history structured

data fields. While clinician engagement with historical EHR data is

known to be low,26 our study adds to this by showing frequently

clinicians engage with SDH data relative to other types of medical

history data. While we found engagement to be low across all four

domains, SDH data engagement was notably lower, as we observed

that clinicians engaged with SDH historical data in fewer than 1-in-

10 hospitalizations. Several reasons may explain low relative levels

of SDH data engagement. First, the different history domains are

presented on separate pages in the Epic user interface, and thus clini-

cians may not be aware of SDH data documentation capabilities in

their EHR, despite availability in most vendors’ EHR products.30

Additionally, clinicians may have limited training related to SDH

screening and social care,31,32 and current clinical workflows may

lack sufficient time, resources, or staffing to address patients’ social

needs.33,34

Conversely, in instances in which each respective history domain

had data documented before the hospitalization, clinicians engaged

with SDH data more often than they did with medical, family, and

behavioral history fields. This finding may indicate that clinicians

view SDH data to be important to review. Furthermore, the

observed higher level of SDH data engagement among those hospi-

talizations with previously documented SDH data, especially when

certain social needs are present, may be partially explained by the

Epic Social Determinants of Health Wheel and Sidebar widgets,

Figure 2. Kaplan–Meier survival estimates for 1 year readmission given docu-

mentation of financial resource strain: UCSF Health (February 1, 2018–April

30, 2021, n¼69 916). UCSF: University of California, San Francisco.

Table 4. Inpatient hospitalization-level logistic regression models

predicting SDH data engagement (odds ratios, n¼ 137 330)

SDH data engagement

Age

<26 1

�26 and age <50 0.470***

�50 and age <65 0.456***

�65 0.636***

Gender

Female 1

Male 1.030

Other/Unknown 1.324

Race

White or Caucasian 1

Black or African American 0.905**

Asian 1.007

Native Hawaiian or Other Pacific Islander 1.224*

American Indian or Alaskan Native 1.023

Other 1.177***

Unknown/Declined 1.405***

Ethnicity

Not Hispanic or Latine 1

Hispanic or Latine 0.885***

Unknown/Declined 1.353***

Insurance

Private 1

Medicare 0.687***

Medicaid/Medical 0.979

Self-pay 0.885*

Other 1.124

Has UCSF PCP 0.682***

Admission source

Elective 1

Emergency 2.451***

Urgent 1.930***

Trauma center 7.806***

Newborn 1.896***

Discharge service

Medical 1

Surgical 0.673***

Subspecialty 0.712***

Other 1.121

Patient had documented financial resource strain 5.418***

Patient had documented food insecurity 1.626*

Patient had documented transportation need 1.860*

SDH: social determinants of health; UCSF PCP: University of California,

San Francisco primary care physician.

*P< .05.

**P< .01.

***P< .001.
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which display icons in green, yellow, and red corresponding to social

risk from previously documented data. As a result, clinicians may

have had additional prompting to engage with SDH data for

patients with previously documented SDH data may be due to this

visual display of social risk, potentially suggesting that interventions

focused on the EHR user interface may create opportunities to

improve SDH data engagement. However, it is also possible that our

observation of high levels of engagement with previously collected

SDH data can be attributed to patient populations whose clinicians

are more motivated to engage with these data, such as patients with

complex social needs or chronic medical conditions.

We observed disparities in engagement with SDH data across

demographic groups, with older patients; Black, African American,

Hispanic, and Latine patients; and publicly insured patients having

lower odds of SDH data engagement during hospitalization. This

may contribute to inequities in readmissions given our finding of the

association between SDH data engagement and readmission risk.

Demographic groups with lower relative rates of clinician SDH data

engagement, possibly due to conscious or unconscious bias on behalf

of clinicians,35 may not benefit from referrals to community resour-

ces and/or receive medical care adjusted to account for social cir-

cumstances.10,27 Given known social disparities among older

patients36 and those identifying as Black or African American and

Hispanic or Latine,37 it is especially important that clinicians engage

with SDH data to provide beneficial social care resources when nec-

essary. These findings suggest that informatics can help us identify

disparities among certain patient populations and clinics. Further-

more, informatics may provide opportunities for interventions to

encourage SDH data engagement in those demographic groups with

historically less SDH data engagement and who may be subject to

health disparities, such as via CDS tools and user interface adapta-

tions.

Similarly, we observed the differences in odds of engagement

with SDH data across admissions sources and discharge service

areas. Higher observed odds of SDH data engagement in admissions

from emergency departments, urgent care, and trauma centers rela-

tive to elective admissions may suggest that engagement is more

likely among patients with critical acute needs and who may be par-

ticularly vulnerable based on social context at discharge. Further

research should explore effective strategies for addressing the needs

of these patients. Additionally, lower observed odds of SDH data

engagement among surgical and subspecialty hospitalizations are

likely to reflect the current capability of these specialties to provide

social risk-informed or targeted care. These specialties may offer

untapped opportunities for informatics interventions to expand

engagement with SDH data. For example, evidence linking SDH to

worsened postoperative outcomes38–41 has motivated calls for surgi-

cal practices to begin screening for and addressing social needs prior

to surgical procedures to improve outcomes such as length of

stay.41,42 Furthermore, in clinics with limited opportunities for

training or historically less engagement in social care, informatics

tools such as CDS and CRRPs may allow providers to offer referral

resources.43 Finally, our observation that patients with previously

documented financial resource strain, food insecurity, and transpor-

tation needs had a significantly higher likelihood of SDH data

engagement may suggest that clinicians are interested to know about

and use social risk factor data to address social needs or to tailor

clinical decisions accordingly.

In a broader context, our results can inform efforts to advance

social care quality measures. Such measures are under consideration

and development at several agencies, including NCQA,44–46

CMS,47,48 and the Joint Commission.49–51 While currently proposed

measures may focus on screening and referrals,46 the creation of

measures related to SDH data engagement, a critical step in between

screening and referrals representing clinicians’ intention to inform

themselves about patients’ social needs, may offer additional context

about the extent to which clinicians across an institution are inter-

acting with SDH data, which in turn may be used to inform the

design of interventions to promote social care. Quality measures

may make use of discrete SDH data for measurement and reporting,

though low rates of SDH data engagement would limit the ability to

measure how often screening and social care interventions are in

use, especially during encounters in which no SDH data engagement

occurs. Furthermore, variation in SDH screening and data engage-

ment across patient populations and clinical settings may further

limit the extent to which discrete SDH data used in quality measures

capture the true extent of screening and social care provided to

patients. As a result, understanding relative levels of engagement

with the SDH data that are reported will be important to contextu-

alizing these data as quality measures are implemented.

Limitations
Several key limitations of this study should be considered. First, our

study only represents engagement with structured data elements

Figure 3. Inpatient hospitalizations with medical, family, behavioral, and SDH

history engagement: UCSF Health (February 1, 2018–April 30, 2021,

n¼137 330). SDH: social determinants of health; UCSF: University of Califor-

nia, San Francisco.

Figure 4. Inpatient hospitalizations with medical, family, behavioral, and SDH

history engagement limited to those with prior documentation: UCSF Health

(February 1, 2018–April 30, 2021, n¼ 137 330). SDH: social determinants of

health; UCSF: University of California, San Francisco.
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contained within the History Activity. As clinicians are likely discus-

sing social history data with patients and documenting it in other

areas of the chart such as free-text clinical notes or ICD-10 Z codes,

our data do not attempt to capture all the modalities in which clini-

cians are both discussing and documenting SDH. Indeed, prior work

has shown that SDH information is more readily documented in free

note text as opposed to structured data.52 Additionally, SDH data

captured in the History Activity do not represent the entirety of

SDH data in the EHR, and clinicians may engage with other sources

of SDH data in other parts of the EHR, such as patient self-reported

SDH data captured in the patient portal. As a result, our measures

reflect only clinician engagement with History Activity SDH data,

and engagement with other SDH data may be occurring that is not

measured here. Furthermore, EHR tools to mark data elements as

reviewed may be used inconsistently, and in UCSF’s version of Epic,

it can indicate the review of multiple history items, limiting our abil-

ity to identify which specific fields were reviewed. Engagement with

SDH data may also be difficult to measure because other members

of the healthcare team, such as case managers or social workers,

may perform follow-up which may not be reflected in our measures.

Moreover, our measures of engagement may not reflect clinicians’

review of the Epic Social Determinants of Health Wheel and Sidebar

widgets, which we are unable to measure with available data. Addi-

tionally, we are unable to capture whether clinicians view the SDH

data on the page and simply do not click the “Mark as Reviewed”

button. Our estimates of SDH (and all other domain) engagement

are likely underestimates of actually viewing the information.

Finally, our measures represent engagement with history data in

only one institution’s instance of the History Activity, which may

not match those in other facilities. However, UCSF uses a widely

adopted EHR and has both patient populations and clinician popu-

lations that likely generalizes to other inpatient settings in the United

States.

CONCLUSION

We found that metadata measurement of clinician engagement with

EHR SDH data is a strong predictor of hospital readmission. How-

ever, overall levels of SDH data engagement—including both data

documentation and review—are lower than those of common medi-

cal, behavioral, and family history data. When SDH data fields were

previously documented we observed higher levels of subsequent

SDH data engagement, suggesting that SDH data are valuable and

indicating the need for workflows that encourage both the capture

and use of structured SDH data. Informatics interventions, including

CDS and EHR user interfaces, should emphasize equity considera-

tions to address observed disparities in SDH data engagement across

patient demographic groups. More broadly, these efforts will help

facilitate the utilization of social services referrals and support

emerging quality measurement efforts.

AUTHOR CONTRIBUTIONS

BI contributed to the conception and design of this study, data col-

lection, data analysis and interpretation, drafting of the article, crit-

ical revision of the article, and final approval of the version to be

published. JA-M, LG, and MP contributed to the conception and

design of this study, data interpretation, drafting of the article, crit-

ical revision of the article, and final approval of the version to be

published. BI, JA-M, LG, and MP agree to be accountable for all

aspects of the work in ensuring that questions related to the accu-

racy or integrity of any part of the work are appropriately investi-

gated and resolved.

SUPPLEMENTARY MATERIAL

Supplementary material is available at Journal of the American

Medical Informatics Association online.

CONFLICT OF INTEREST STATEMENT

None declared.

DATA AVAILABILITY

The data underlying this article cannot be shared publicly in order

to protect the privacy of individuals represented in the dataset.

REFERENCES

1. Muhlestein D, Saunders RS, Richards R, McClellan MB. Recent progress

in the value journey: growth of ACOs and value-based payment models in

2018. Health Affairs Blog 2018. https://www.healthaffairs.org/do/10.

1377/hblog20180810.481968/full/. Accessed November 28, 2021.

2. Fichtenberg CM, Alley DE, Mistry KB. Improving social needs interven-

tion research: key questions for advancing the field. Am J Prev Med 2019;

57 (6 Suppl 1): S47–54.

3. Gottlieb L, Fichtenberg C, Alderwick H, Adler N. Social determinants of

health: what’s a healthcare system to do? J Healthc Manag 2019; 64 (4):

243–57.

4. VanLare JM, Blum JD, Conway PH. Linking performance with payment:

implementing the physician value-based payment modifier. JAMA 2012;

308 (20): 2089–90.

5. Meddings J, Reichert H, Smith SN, et al. The impact of disability and

social determinants of health on condition-specific readmissions beyond

Medicare risk adjustments: a cohort study. J Gen Intern Med 2017; 32

(1): 71–80.

6. Ash AS, Mick EO, Ellis RP, Kiefe CI, Allison JJ, Clark MA. Social deter-

minants of health in managed care payment formulas. JAMA Intern Med

2017; 177 (10): 1424–30.

7. Healthcare Intelligence Network. 2019 Healthcare Benchmarks: Social

Determinants of Health. https://hin.3dcartstores.com/2019-Healthcare-

Benchmarks-Social-Determinants-of-Health_p_5324.html. Accessed November

20, 2021.

8. Senteio C, Veinot T, Adler-Milstein J, Richardson C. Physicians’ percep-

tions of the impact of the EHR on the collection and retrieval of psychoso-

cial information in outpatient diabetes care. Int J Med Inform 2018; 113:

9–16.

9. National Academies of Sciences, Medicine. Integrating Social Care into

the Delivery of Health Care: Moving Upstream to Improve the Nation’s

Health. Washington, DC: The National Academies Press; 2020.

10. Alderwick H, Gottlieb LM. Meanings and misunderstandings: a social

determinants of health Lexicon for health care systems. Milbank Q 2019;

97: 407.

11. Research on Integrating Social & Medical Care j SIREN j Community

Resource Referral Platforms: A Guide for Health Care Organizations.

https://sirenetwork.ucsf.edu/tools-resources/resources/community-resource-

referral-platforms-guide-health-care-organizations. Accessed March 5,

2020.

12. Gottlieb LM, Tirozzi KJ, Manchanda R, Burns AR, Sandel MT. Moving

electronic medical records upstream: incorporating social determinants of

health. Am J Prev Med 2015; 48 (2): 215–8.

13. Adler NE, Stead WW. Patients in context – EHR capture of social and

behavioral determinants of health. N Engl J Med 2015; 372 (8): 698–701.

Journal of the American Medical Informatics Association, 2023, Vol. 30, No. 3 509

https://academic.oup.com/jamia/article-lookup/doi/10.1093/jamia/ocac251#supplementary-data
https://www.healthaffairs.org/do/10.1377/hblog20180810.481968/full/
https://www.healthaffairs.org/do/10.1377/hblog20180810.481968/full/
https://hin.3dcartstores.com/2019-Healthcare-Benchmarks-Social-Determinants-of-Health_p_5324.html
https://hin.3dcartstores.com/2019-Healthcare-Benchmarks-Social-Determinants-of-Health_p_5324.html
https://sirenetwork.ucsf.edu/tools-resources/resources/community-resource-referral-platforms-guide-health-care-organizations
https://sirenetwork.ucsf.edu/tools-resources/resources/community-resource-referral-platforms-guide-health-care-organizations


14. Committee on the Recommended Social and Behavioral Domains and

Measures for Electronic Health Records; Board on Population Health and

Public Health Practice; Institute of Medicine. Capturing Social and Behav-

ioral Domains in Electronic Health Records: Phase 1. Washington, DC:

National Academies Press; 2014. http://www.nationalacademies.org/

hmd/Reports/2014/Capturing-Social-and-Behavioral-Domains-in-Electronic-

Health-Records-Phase-1.aspx. Accessed July 25, 2018.

15. Committee on the Recommended Social and Behavioral Domains and

Measures for Electronic Health Records, Board on Population Health and

Public Health Practice, Institute of Medicine. Capturing Social and Behav-

ioral Domains and Measures in Electronic Health Records: Phase 2.

Washington, DC: National Academies Press; 2015. http://www.ncbi.nlm.

nih.gov/books/NBK268995/. Accessed July 25, 2018.

16. Hripcsak G, Forrest CB, Brennan PF, Stead WW. Informatics to support

the IOM social and behavioral domains and measures. J Am Med Inform

Assoc 2015; 22 (4): 921–4.

17. Ahnquist J, Wamala SP, Lindstrom M. Social determinants of health – a

question of social or economic capital? Interaction effects of socioeco-

nomic factors on health outcomes. Soc Sci Med 2012; 74 (6): 930–9.

18. Bernstein CN, Walld R, Marrie RA. Social determinants of outcomes in

inflammatory bowel disease. Am J Gastroenterol 2020; 115 (12):

2036–46.

19. Luong M-LN, Cleveland RJ, Nyrop KA, Callahan LF. Social determinants

and osteoarthritis outcomes. Aging Health 2012; 8 (4): 413–37.

20. Evans WN, Kroeger S, Munnich EL, Ortuzar G, Wagner Kl. Reducing

readmissions by addressing the social determinants of health. Am J Health

Econ 2021; 7 (1): 1–40.

21. Zhang Y, Zhang Y, Sholle E, et al. Assessing the impact of social determi-

nants of health on predictive models for potentially avoidable 30-day

readmission or death. PLoS One 2020; 15 (6): e0235064.

22. Lax Y, Martinez M, Brown NM. Social determinants of health and hospi-

tal readmission. Pediatrics 2017; 140 (5): e20171427.

23. Baker MC, Alberti PM, Tsao T-Y, Fluegge K, Howland RE, Haberman

M. Social determinants matter for hospital readmission policy: insights

from New York City. Health Aff 2021; 40 (4): 645–54.

24. Friedman B, Basu J. The rate and cost of hospital readmissions for pre-

ventable conditions. Med Care Res Rev 2004; 61 (2): 225–40.

25. Burke RE, Coleman EA. Interventions to decrease hospital readmissions:

keys for cost-effectiveness. JAMA Intern Med 2013; 173 (8): 695–8.

26. Wang M, Pantell MS, Gottlieb LM, Adler-Milstein J. Documentation and

review of social determinants of health data in the EHR: measures and

associated insights. J Am Med Inform Assoc 2021; 28 (12): 2608–16.

27. Veinot TC, Mitchell H, Ancker JS. Good intentions are not enough: how

informatics interventions can worsen inequality. J Am Med Inform Assoc

2018; 25 (8): 1080–8.

28. Schickedanz A, Hamity C, Rogers A, Sharp AL, Jackson A. Clinician

experiences and attitudes regarding screening for social determinants of

health in a large integrated health system. Med Care 2019; 57(6 Suppl 2):

S197–201.

29. NewYork-Presbyterian Hospital. EpicTogether: Glossary of Epic Terms;

2020. https://epictogetherny.org/Docs/EpicTogether_Glossary.pdf.

Accessed May 2, 2022.

30. Iott B, Pantell M, Adler-Milstein J, Gottlieb L. Physician awareness of

social determinants of health documentation capability in the electronic

health record. J Am Med Inform Assoc 2022; 29 (12): 2110–6.

31. Garg A, Boynton-Jarrett R, Dworkin PH. Avoiding the unintended conse-

quences of screening for social determinants of health. JAMA 2016; 316

(8): 813–4.

32. Axelson DJ, Stull MJ, Coates WC. Social determinants of health: a missing

link in emergency medicine training. AEM Educ Train 2018; 2 (1): 66–8.

33. Gruß I, Bunce A, Davis J, et al. Initiating and implementing social determi-

nants of health data collection in community health centers. Popul Health

Manag 2021; 24 (1): 52–8.

34. Herrera C-N, Brochier A, Pellicer M, Garg A, Drainoni M. Implementing

social determinants of health screening at community health centers: clini-

cian and staff perspectives. J Prim Care Community Health 2019; 10:

2150132719887260.

35. Byhoff E, De Marchis EH, Hessler D, et al. Part II: a qualitative study of

social risk screening acceptability in patients and caregivers. Am J Prev

Med 2019; 57 (6 Suppl 1): S38–46.

36. Pooler JA, Hartline-Grafton H, DeBor M, Sudore RL, Seligman HK. Food

insecurity: a key social determinant of health for older adults. J Am Ger-

iatr Soc 2019; 67 (3): 421–4.

37. Barr DA. Health Disparities in the United States: Social Class, Race, Eth-

nicity, and the Social Determinants of Health. Baltimore, MD: JHU Press;

2019.

38. Paro A, Hyer JM, Diaz A, et al. Profiles in social vulnerability: the associa-

tion of social determinants of health with postoperative surgical out-

comes. Surgery 2021; 170 (6): 1777–84.

39. Yap ZL, Summers SJ, Grant AR, Moseley GL, Karran EL. The role of the

social determinants of health in outcomes of surgery for low back pain: a

systematic review and narrative synthesis. Spine J 2022; 22 (5): 793–809.

40. Bonner SN, Wakeam E. The volume–outcome relationship in lung cancer

surgery: the impact of the social determinants of health care delivery. J

Thorac Cardiovasc Surg 2022; 163 (6): 1933–7.

41. Fox M. Social determinants of health and surgery: an overview. Bull Am

Coll Surg 2021; 106: 12–21. https://bulletin.facs.org/2021/05/social-

determinants-of-health-and-surgery-an-overview/. Accessed July 25,

2022.

42. Bradywood A, Leming-Lee TS, Watters R, Blackmore C. Implementing

screening for social determinants of health using the Core 5 screening tool.

BMJ Open Qual 2021; 10 (3): e001362.

43. Cartier Y, Fichtenberg C, Gottlieb LM. Implementing community

resource referral technology: facilitators and barriers described by early

adopters. Health Aff 2020; 39 (4): 662–9.

44. Hayes T. HEDIS
VR

Public Comment Period Is Now Open. NCQA; 2022.

https://www.ncqa.org/blog/hedis-public-comment-period-is-now-open/ Accessed

July 15, 2022.

45. National Committee for Quality Assurance. Health equity and social

determinants of health in HEDIS: data for measurement; 2021.https://

www.ncqa.org/wp-content/uploads/2021/06/20210622_NCQA_Health_

Equity_Social_Determinants_of_Health_in_HEDIS.pdf. Accessed March

23, 2022.

46. PatientEngagementHIT. How NCQA created measures on social determi-

nants of health screenings. PatientEngagementHIT; 2022. https://patient-

engagementhit.com/features/how-ncqa-created-measures-on-social-deter-

minants-of-health-screenings. Accessed July 15, 2022.

47. Nuzum R, Lewis C, Chang DI. Measuring what matters: social drivers of

health. Commonw Fund 2021; doi:10.26099/q0pa-xf79

48. CMS Proposes Policies to Advance Health Equity and Maternal Health,

Support Hospitals; 2022. https://www.cms.gov/newsroom/press-releases/

cms-proposes-policies-advance-health-equity-and-maternal-health-support-

hospitals

49. Quick Safety Issue 60: understanding the needs of diverse populations in

your community j The Joint Commission.https://www.jointcommission.

org/resources/news-and-multimedia/newsletters/newsletters/quick-safety/

quick-safety-issue-60/. Accessed July 15, 2022.

50. Addressing health care disparities by improving quality and safety. Jt

Comm Sentin Event Alert; 2021. https://www.jointcommission.org/-/

media/tjc/documents/resources/patient-safety-topics/sentinel-event/sea-64-

addressing-hc-disparities-final.pdf. Accessed July 15, 2022.

51. Comment on proposed new, revised requirements on reducing health care

disparities j The Joint Commission. https://www.jointcommission.org/

resources/news-and-multimedia/newsletters/newsletters/joint-commission-

online/march-23-2022/comment-on-proposed-new-revised-requirements-on-

reducing-health-care-disparities/. Accessed July 15, 2022.

52. Navathe AS, Zhong F, Lei VJ, et al. Hospital readmission and social risk

factors identified from physician notes. Health Serv Res 2018; 53 (2):

1110–36.

510 Journal of the American Medical Informatics Association, 2023, Vol. 30, No. 3

http://www.nationalacademies.org/hmd/Reports/2014/Capturing-Social-and-Behavioral-Domains-in-Electronic-Health-Records-Phase-1.aspx
http://www.nationalacademies.org/hmd/Reports/2014/Capturing-Social-and-Behavioral-Domains-in-Electronic-Health-Records-Phase-1.aspx
http://www.nationalacademies.org/hmd/Reports/2014/Capturing-Social-and-Behavioral-Domains-in-Electronic-Health-Records-Phase-1.aspx
http://www.ncbi.nlm.nih.gov/books/NBK268995/
http://www.ncbi.nlm.nih.gov/books/NBK268995/
https://epictogetherny.org/Docs/EpicTogether_Glossary.pdf
https://bulletin.facs.org/2021/05/social-determinants-of-health-and-surgery-an-overview/
https://bulletin.facs.org/2021/05/social-determinants-of-health-and-surgery-an-overview/
https://www.ncqa.org/blog/hedis-public-comment-period-is-now-open/
https://www.ncqa.org/wp-content/uploads/2021/06/20210622_NCQA_Health_Equity_Social_Determinants_of_Health_in_HEDIS.pdf
https://www.ncqa.org/wp-content/uploads/2021/06/20210622_NCQA_Health_Equity_Social_Determinants_of_Health_in_HEDIS.pdf
https://www.ncqa.org/wp-content/uploads/2021/06/20210622_NCQA_Health_Equity_Social_Determinants_of_Health_in_HEDIS.pdf
https://patientengagementhit.com/features/how-ncqa-created-measures-on-social-determinants-of-health-screenings
https://patientengagementhit.com/features/how-ncqa-created-measures-on-social-determinants-of-health-screenings
https://patientengagementhit.com/features/how-ncqa-created-measures-on-social-determinants-of-health-screenings
https://doi.org/10.26099/q0pa-xf79
https://www.cms.gov/newsroom/press-releases/cms-proposes-policies-advance-health-equity-and-maternal-health-support-hospitals
https://www.cms.gov/newsroom/press-releases/cms-proposes-policies-advance-health-equity-and-maternal-health-support-hospitals
https://www.cms.gov/newsroom/press-releases/cms-proposes-policies-advance-health-equity-and-maternal-health-support-hospitals
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/quick-safety/quick-safety-issue-60/
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/quick-safety/quick-safety-issue-60/
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/quick-safety/quick-safety-issue-60/
https://www.jointcommission.org/-/media/tjc/documents/resources/patient-safety-topics/sentinel-event/sea-64-addressing-hc-disparities-final.pdf
https://www.jointcommission.org/-/media/tjc/documents/resources/patient-safety-topics/sentinel-event/sea-64-addressing-hc-disparities-final.pdf
https://www.jointcommission.org/-/media/tjc/documents/resources/patient-safety-topics/sentinel-event/sea-64-addressing-hc-disparities-final.pdf
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/joint-commission-online/march-23-2022/comment-on-proposed-new-revised-requirements-on-reducing-health-care-disparities/
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/joint-commission-online/march-23-2022/comment-on-proposed-new-revised-requirements-on-reducing-health-care-disparities/
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/joint-commission-online/march-23-2022/comment-on-proposed-new-revised-requirements-on-reducing-health-care-disparities/
https://www.jointcommission.org/resources/news-and-multimedia/newsletters/newsletters/joint-commission-online/march-23-2022/comment-on-proposed-new-revised-requirements-on-reducing-health-care-disparities/



