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Abdulaziz Tijjani Bako
THE ROLE OF SOCIAL WORKERS IN ADDRESSING PATIENTS' UNMET
SOCIAL NEEDS IN THE PRIMARY CARE SETTING

Unmet social needs pose significant risk to both patients and healthcare organizations by
increasing morbidity, mortality, utilization, and costs. Health care delivery organizations
are increasingly employing social workers to address social needs, given the growing
number of policies mandating them to identify and address their patients’ social needs.
However, social workers largely document their activities using unstructured or semi-
structured textual descriptions, which may not provide information that is useful for
modeling, decision-making, and evaluation. Therefore, without the ability to convert
these social work documentations into usable information, the utility of these textual
descriptions may be limited. While manual reviews are costly, time-consuming, and
require technical skills, text mining algorithms such as natural language processing
(NLP) and machine learning (ML) offer cheap and scalable solutions to extracting
meaningful information from large text data. Moreover, the ability to extract information
on social needs and social work interventions from free-text data within electronic health
records (EHR) offers the opportunity to comprehensively evaluate the outcomes specific
social work interventions. However, the use of text mining tools to convert these text data
into usable information has not been well explored. Furthermore, only few studies sought
to comprehensively investigate the outcomes of specific social work interventions in a
safety-net population.
To investigate the role of social workers in addressing patients’ social needs, this

dissertation: 1) utilizes NLP, to extract and categorize the social needs that lead to

Vi



referral to social workers, and market basket analysis (MBA), to investigate the co-
occurrence of these social needs; 2) applies NLP, ML, and deep learning techniques to
extract and categorize the interventions instituted by social workers to address patients’
social needs; and 3) measures the effects of receiving a specific social work intervention

type on healthcare utilization outcomes.

Joshua R Vest, PhD, MPH, Chair
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Chapter One: Introduction
Traditional health care delivery models often overlook the contributions of non-medical
factors towards health outcomes, thereby mainly focusing on biomedical determinants as
the sole motivators of health outcomes.! However, empirical evidence suggests that non-
medical factors, such as social risk factors and social needs, have more profound effects
on health outcomes than medical care.?® Social risk factors and social needs are common
and costly to patients, healthcare organizations, and the larger society. For individuals
and the society, social risk factors and social needs have been associated with increased
morbidity, mortality, health care utilization, and health care cost, as well as poor access to
medical care.®® For health care organizations, social needs and risk factors may cause
resource wastages through missed appointments, thereby complicating care delivery, and
Jor increasing the risk of treatment non-adherence. %!
Social determinants, social risk factors, and social needs currently dominate the health
care discourse, as evidenced by their frequent mention in trade association publications
and websites.'? Moreover, policymakers and payers are increasingly requiring health care
organizations to become more attentive to patients’ needs due to social risk factors.” 1314
Consequently, health care organizations are increasingly paying attention to social risk
factors and social needs.”*34 Truly, if health care organizations and policymakers want
to improve health and wellbeing, social needs must be a priority.
Social determinants of health (SDoH), social risk factors, and social needs
SDoH, social risk factors, and social needs have been inconsistently defined in the
literature, and many authors wrongly use these distinct, but related, terms

Interchangeably.'®*>8  However, based on the framework developed by the Health Care
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Transformation Task Force (HCTTF),*® SDoH are the underlying community-level,
rather than individual-level, socioeconomic conditions that can positively or negatively
influence health. Essentially, SDoH are the conditions into which people are born, grow,
work, live, and age, including the overarching systems and forces that shape these
conditions such as social policies, social norms, political systems, development agendas,
and economic policies.” In contrast, social risk factors are those adverse socioeconomic
conditions that are associated with poor health outcomes.*® Examples of such social risk
factors include financial and housing instability, exposure to violence, environmental
hazards, unsafe living conditions, transportation barriers, social isolation, poor health
behaviors, language barriers, and inadequate health literacy.?°?2 Social needs, however,
encompass those social risk factors that are of immediate concern to an individual.*® In
essence, the concept of social needs emphasizes patients’ concerns, thereby encouraging
patient engagement in their care process.

Of note, the seemingly trivial semantic confusion in the precise and accurate usage of
these terminologies has relevant practical implications. For example, emphasizing social
needs, instead of social risk factors, accentuates the need for shared decision-making in
health care, as well as the need for patients to participate in the identification and
prioritization of the social interventions they critically need. To illustrate this point, a
health organization may use screening tools to identify the social risk factors affecting
their patients, however, the organization may fail to provide those patients the social
interventions they critically need if the organization emphasizes social risk factors, rather
than social needs. In other words, if health care organizations focus only on identifying

the social risk factors affecting their patients, they may fail to prioritize those social risk
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factors that are of immediate concern to their patients. In fact, multiple studies have
shown that the social risk factors identified by social screening tools fail to identify
patients’ immediate social needs.?>?® Therefore, it is important to precisely delineate the
meanings of each of these terms to motivate a rich contextual discussion.

Policies addressing social needs

In addition to the cost and health implications of social needs and social risk factors,
health care organizations face several institutional pressures to better address social needs
and social risk factors. At the federal level, the Patient Protection and Affordable Care
Act (ACA) requires nonprofit hospitals to conduct a community health needs assessment
(CHNA) every 3 years to retain their tax-exempt status.?”? Although the ACA does not
provide specific incentives for hospitals to successfully address the needs identified
during CHNA, the fact that CHNAs, by design, involve collaboration with community
stakeholders will provide incentive for hospitals to address social needs of the
communities they serve.?’28

Additionally, the Center for Medicare and Medicaid Innovation (CMMI), which was
established by the ACA, developed many innovative models to address social needs. For
example, the CMMTI’s “Accountable Health Communities” model (AHCM) awards
healthcare organizations to serve as community hubs that screen Medicare and Medicaid
beneficiaries for social needs; provide referral services; address unmet social needs —
such as housing, food, transportation, and interpersonal violence; provide community
navigation services; and serve as bridges connecting health care organizations with
providers of community services.?®3° Additionally, states receiving grants from CMMI’s

State Innovation Model (SIM) are establishing various policies and initiatives to address
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social needs and risk factors, and in so doing, advancing population and public health.®
Such initiatives and programs include, among others, those seeking to link primary care
patients with needed social services and those seeking to create formal feedback and
referral protocols to connect healthcare providers with social services providers.®! In
addition to these initiatives, many state Medicaid programs and Medicaid Managed Care
Organizations (MCOs) are developing programs to address social needs and social risk
factors. These programs include those that provide employment services®>3 and housing
and/or food assistance to Medicaid beneficiaries,>3" as well as those that provide
incentives for healthcare providers to address the social needs of Medicaid enrollees.*
Fortunately, these policies are yielding good results, as a recent Kaiser Family
Foundation (KFF) research suggests that 91 percent of MCOs are engaged in activities
aimed at addressing patients’ social needs.*

Healthcare organizations’ response to social needs and risk factors

With policymakers and payers increasingly pressing on healthcare organizations to
address social needs, healthcare providers are increasingly introducing procedures to
identify and address these needs.”31* In terms of identifying patients’ needs, the most
common approach is the use of one of the numerous patient-facing screening tools.?3-41
A recent survey of over 300 hospitals and health systems suggested that approximately
88 percent of hospitals screen patients for one or more social needs.*? Specifically,
hospitals are more likely to engage in social needs screening and social interventions in
the inpatient settings and among high-utilizer populations, compared to outpatient and

community settings.*?
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Once social needs are identified using these screening tools, healthcare organizations
must make the vital decision of allocating the responsibility of addressing these social
needs to the appropriate cadre of staff. Ordinarily, physicians bear the primary
responsibility of patients’ care, however, physicians may not be the best cadre of staff to
address social needs and social risks. For example, due to their workflow, training, and
reimbursement, physicians may lack the time to pay attention to social needs, or the skill
to address them.***" Patients’ accounts also indicate the incongruity of assigning
physicians the responsibility of identifying and addressing social needs. In one survey
study assessing patients’ perceptions on integration of care, more than 40 percent of the
study participants reported that their family physician was not aware of their personal
struggles, including the ability to pay for their medication, how they feed themselves, or
how they transport themselves to clinics.*®“° Another study in Canada revealed that only
about 14 percent of women were asked about potential intimate partner violence, even
after presenting with bruises and broken bones®°.

Unlike physicians, social workers are in a unique position to effectively address patients’
social risks and needs.®*® Social workers’ training and workflow put them in a better
position to address the complexities of social needs.>* Notably, social workers address
patients’ social needs from the vantage point of multiple perspectives, including the
person-in-environment, ecological, and biopsychosocial perspectives. The person-in-
environment (PIE) perspective is the key philosophical cornerstone of social work
practice.”® The PIE perspective posits that a person’s behavior can be understood by
looking at the past and present environment(s) of that individual.>> The ecological

perspective posits that individuals function within larger systems,>® whereas the
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biopsychosocial perspective suggests that understanding health, illness, and health care
delivery requires the systematic consideration of biological, psychological, and social
factors, including their complex interactions.®” These perspectives shape social workers’
panoramic way of viewing social needs as products of the larger environment within
which individuals are born, live, and work. Consequently, social workers are better able
to identify and address more social needs of patients than other health professionals.>®
Social workers address social needs by connecting patients to community resources,
providing patients with counseling and support, offering care coordination services, and
aiding patients’ transitions between providers.®°>° Among other roles, social workers
serve as counsellors, helping patients in addressing personal issues; as advocates for poor
and socially excluded patients; and as case managers, linking and referring patients to
needed services and resources in the community.®® Moreover, the presence of social
workers in health care organizations has been associated with improved care
coordination, lower hospital admission rates, fewer emergency visits, shorter lengths of
stay, and cost savings.5>®* Expectedly, the number of social workers employed in health
care organizations, especially in outpatient care delivery settings, is growing.>62
However, increasing the number of social workers in healthcare organizations will not
yield meaningful results if healthcare organizations cannot consistently,
comprehensively, and systematically track and evaluate the activities of social workers.
The challenge of measuring social work activities

Because social workers largely document their activities using unstructured text data,
tracking and evaluating their activities — such as the interventions they institute — remains

challenging.®®54 Given that manual chart reviews are expensive, time-consuming, and
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often require expert reviewers, using novel information extraction methods — such as
NLP and ML, to convert these rich text data into meaningful information useful for
modeling, evaluation, and decision-making — offers a viable alternative for systematic
evaluation of social work activities.486%6°

Furthermore, although previous studies were conducted to investigate the outcomes of
social work interventions, these studies largely treated social work interventions as binary
phenomena, thereby investigating the aggregate effect of providing one or more social
work interventions to patients without necessarily untangling the specific social work
activities driving the health outcomes.®”~"* The ability to use information extraction tools,
such as NLP and ML, to identify social needs and social work interventions from text
data, therefore, opens up the opportunity to comprehensively investigate the outcomes of
specific social work interventions in the healthcare setting.

Overview of the dissertation

Measuring Measuring
interventions impact

Measuring needs

The primary objective of this dissertation is to investigate the role of social workers in
addressing patients’ social needs. This dissertation encompasses three related studies
examining the role of social workers in addressing patients’ social needs. The first study
examined the array of patients’ needs that lead to referral to social workers in a primary
care setting. Using EHR data containing free-text descriptions of the reasons for referral
to social workers, we applied NLP to categorize social needs that lead to referral to social

workers, and market basket analysis to identify co-occurring social needs.
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The second study investigates the interventions instituted by social workers in a primary
care setting. Using EHR data containing social workers’ notes, we applied NLP, ML, and
deep learning techniques to categorize the interventions instituted by social workers to
address patients’ social needs.

The third study measures the association between specific social work interventions and
healthcare utilization outcomes. We used the conditional Poisson regression model, and
for robustness check, the conditional negative binomial regression model, and the fixed-
effects linear model, to examine the relationship between specific social work
intervention types and healthcare utilization measures such as inpatient visits, emergency

department (ED) visits, and missed outpatient appointments.



Chapter Two: Reasons for Social Work Referral in an Urban Safety-net Primary
Care Setting

Background
The role social risk factors and contexts play in patients’ health is increasingly important
to health care delivery organizations. Needs arising from material conditions, social
networks, and living situations result in financial and housing instability, exposure to
violence, environmental hazards, unsafe living conditions, transportation barriers, social
isolation, poor health behaviors, language barriers, and inadequate health literacy.?%??
For the society, these social risk factors increase morbidity, mortality, utilization and
costs, as well as create barriers in access to care.®® For health care delivery
organizations, unmet social needs wastes resources through missed appointments,
complicates care delivery, increases the risk of treatment non-adherence, are a source of
frustration to clinical staff, and put organizations at financial risk.*%!! Moreover, the
likelihood of these negative outcomes is high, because unmet social needs are
exceptionally common. This is particularly true among patients seeking care from safety-
net providers, where the majority of patients face one or more social risk.*:63
Furthermore, policymakers, professional organizations, and payers are all emphasizing
the importance of identifying and addressing patients’ needs due to social factors.”1314
Unmet social needs ultimately have negative effects on patients’ health. Also, surveys
and qualitative data repeatedly indicate that physicians see the importance of social risk
factors and believe these risks should be addressed.”’” Nevertheless, physicians are

likely not the best professionals to address these risks. Physicians may lack the time

during office visits to address social risk factors.”® Many medical specialties do not
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specifically train practitioners to deal with social needs and risk factors.!* Additionally,
most health care organizations do not have sufficient referral mechanisms in place to
enable physicians to get patients to needed services.?®’® As a result physicians may feel
unable or unprepared to address patients’ social risk factors and needs.®

In contrast, social workers are positioned to effectively address patients’ social risks and
needs.>* >3 Social workers’ training and workflows puts them in a better position to
address the complexities of social needs.>* Social workers can address social risks and
needs by connecting patients to community resources, providing counseling and support,
care coordination and transitions to other providers.®°>° Among other roles, social
workers serve as counsellors helping patients in addressing personal issues; as advocates
for poor and socially excluded patients; and as case managers linking and referring
patients to needed services and resources in the community.®° Moreover, the presence of
social workers in health care organizations has been associated with improved care
coordination, lower hospital admission rates, fewer emergency visits, shorter lengths of
patient stay, and cost savings.>>®* Moreover, the number of social workers employed in
health care organizations, especially outpatient care delivery settings, is growing.>*%?
Given the potential role of social workers in addressing patients’ social needs, we sought
to comprehensively describe both patients receiving social work services and the needs
addressed by social workers. Specifically, we describe the array of patient needs
addressed by social workers in a primary care setting. We then describe the patient
characteristics associated with multiple social needs. A better understanding of the
services and needs addressed by social workers, will help health care organizations better

plan and staff their organizations to meet patients’ needs. Health care organizations may
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also be able to design social intervention packages to address social problems that co-
occur frequently.

Methods

Using a combination of natural language processing (NLP) and market basket analysis
(MBA), we describe the social needs that lead to referral to a social worker and the
patient socio-demographic and clinical factors associated with referrals in an urban,
safety-net health system.

Setting and Sample

The study sample included adult patients (n = 33,683) who sought care at Eskenazi
Health outpatient clinics between 2011 and 2016. Eskenazi Health is a safety-net
provider with a 300-bed hospital and a federally qualified health center (FQHC) serving
the Indianapolis, IN area metropolitan area. Of those patients, 7,328 (22%) had an
encounter with an onsite social worker at Eskenazi Health, which employs social workers
in outpatient clinics.

Data

All study data were derived from Eskenazi Health’s electronic health record (EHR) and
from the local health information exchange (HIE) system database. The EHR data
included the free-text description of electronic orders for social work referral as well as
structured patient demographic information. Each electronic order included a short (2 — 3
sentence) justification, reason(s), and/or explanation of the circumstances that led to the
referral. The 7,328 patients had 9,473 associated electronic orders. The Indiana Network
for Patient Care (INPC) is the local HIE database, which includes diagnosis and

encounter data from more than 100 hospitals in the state.
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Derivation of social needs categories

We used the following search terms in Medline (Ovid) to search for articles discussing
social work referral in healthcare settings: “(social work$ or social problem$ or social
service$ or social need$).ti,ab AND “referral.mp. or "Referral and Consultation"/.” Our
search yielded 1,276 articles. We read the title and abstract of each article to identify
articles for full text review. We included only articles discussing social work referral or
consultations in healthcare settings for full text review. We reviewed the full text of 88
articles out of which only 9 articles provided a classification for social problems and/or
social services offered in a healthcare setting (see Table 1 below).

Table 1. List of Social work Referral Categories Identified from the Literature

Caufman, Matthieu, Rabovsky, |Ratoff, 1970 Rempel, Volland, Wrenn, Zielinski, Zittel, 2005
1974 2014 2017 2017 1979 1994 2017
Employment  [Mental Health Financial Poverty Psychiatric Family Elderly Education Health Related
Problem
Financial Substance Employment Housing Relationship Living Alcohol Employment Financial
Abuse Conditions
Food Aging Housing Single Emotional Iliness Child Smoking Mental Health
Parent Abuse
Family Homelessness Social Matrimonial 11l-Health Financial Home Drug Abuse | Transportation
support Problems Issues Services
Government Employment Transport Emotional Food Insurance  |Domestic Alcohol Housing
Problems Security Violence Abuse
Housing Justice system | Psychiatric Psychiatric Mood Rape Sadness Legal
Issues Disturbance
Legal Education Food Domestic
Violence
Law Military Stress Day care need
Enforcement
Clothing Benefits Addiction Homelessness
Consumer Policy Child Food
Protection Development Insecurity
Recreation Social
Exclusion
Household
Essentials
Transportation
Insurance

Two researchers reordered the categories obtained from previous studies, merging, and
splitting some categories based on recommendations from two social work experts. We

derived 17 social needs categories through this literature review process (see Table 2).
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Table 2. Description of social work referral categories

Social need category

Description

Financial

Issues related to helping patients apply for financial assistance, medication assistance
programs, indigent medical care, assistance from Veterans Affairs, drug reimbursement
program, supplemental security Income, Medicaid, medical grant, or health insurance. ==

Food /Food Insecurity

Issues related to referral for access to food pantry services, Supplemental Nutrition
Assistance Program (SNAP) benefits, food stamp, Meals on Wheels, or nutrition
education services.==

Violence and safety

Act(s) of commission or omission that led to failure to protect patient from harm or
potential harm, reported experience of act(s) of physical or sexual violence by a former or
current marital or sexual partner.s

Housing Issues related to assistance with finding a house/apartment/shelter, help with paying rent,
or utility bill application/assistance.=
Legal Issues related to assistance with legal services or conviction/jail.=

Transportation

Issues related to assistance with public transportation, linkage to community
transportation and Medicaid transportation services, or ability to arrive at appointments
and walk/ exercise in safe environments.=s

Behavioral Health

Issues related to behavioral health illnesses, drug abuse, linkage to behavioral health
counselor or clinic, linkage to behavioral health support group, and behavioral health
treatment.=

Aging Issues related to linkage to community services for the elderly and other aging-related
services.”

Education Issues related to linkage to education services, including postsecondary education, life
skills, and community education.=

Employment Issues related to linkage to employment/career services, discrimination in workplace,

stress in the workplace, and other workplace issues.==

Family/Social Support

Issues related to the impact that tangible and emotional support systems involving family
and friends have on health.=

Pregnancy

Issues related to assessment of needs and concerns during pregnancy, and other issues
related to labor and delivery.

Language services

Issues related to need for language and interpretation services

Disability

Issues related to need for disability services and assistance with resources and supplies
for people with disability.

Community Resources

Issues related to the need for linkage to community resources

Adherence

Issues related to adherence to medications and treatment
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Measures: Patients’ social work needs

Following a five-step process, we used NLP to categorize the free-text descriptions in the
electronic orders into 17 different types of social needs requiring social worker service:
1) Using RapidMiner,% we cleaned the free-text of all stop words (e.g. one- and two-
letter words, compositions and prepositions). 2) Using RapidMiner, we tokenized the
sentences into individual words, and using the Porter (2008) stemming algorithm,® we
reduced the length of words and decreased the overall number of individual tokens
(words). 3) We manually reviewed all tokens with frequency of occurrence of 10 or more
(1149 out of 7624 unique tokens) to identify keywords that uniquely match to one the 17
literature-derived social needs categories (see Table 3). 4) We built text association rules
to categorize each referral note into social-work-referral categories. While each token
could be only applied to a single category (e.g., the token “bus” was uniquely associated
with the “transportation” social needs category), a referral note could be assigned to
multiple categories (e.g., a referral note that mentioned “bus” and “addiction” would be
associated with the “transportation” category as well as the “behavioural health”

category).
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Table 3. Example of keywords and tokens for each social work service category

Category

Tokens

Financial

Insur afford finance Medicaid advantage copay pay medicar bill coverag mone income poor
suppl financ ssi cost poverty fund secur expens purchas voucher charit uninsur paid price
benefit buy acquir spendown “spend down” “united christmas service” “patient assistance
program”

2 <

behavioral health

Depress counsel anxiety stress rehab sleep alcohol behavioral psych bipolar dementia drug
stressor depression schizophrenia substance addict memori cocaine anxiety council adhd
suicide marijuana anger counsellor retard mood grief griev ptsd iq alzheim narcot cognit
“panic attack” “anger m”

Legal

Legal attorn custod appeal court incarcer jail inmate

Housing

Hous homeles liv leav shelter rent evict landlord tenant

Food /Food Insecurity

Food meal wheel stamp pantr

Aging

Elder]l “assisted living” seniors geriatr

Family /Social support

famil daughter husband mother mom son caregiv children sister wife baby friend
relationship partner kid father parent cousin brother singl “respite care” alone

Employment

Employ job

Education

School stud college ged class

Transportation

Transport cab indigo taxi bus ride indygo indigo drive

Violence / Safety

Abus safet domest violenc sexual assault threat abuse neglect “legacy house” “home
service” “home care” “home visit” “home nurs”

Language Interpret spanish language
Pregnancy deliv partum preg “needs and concerns during pregnancy” natal
Disability disab bath walker mobilit powerchair gait paresis amput

Community Resources

commun resourc

Home Health

“home health” “home PT”

Adherence

complian adheren adhering comply

To check the performance of the classification rules, we manually coded, and applied the

classification rules to a 5% random sample of referral notes. Agreement between manual

and automated classification rule coding was high: Cohen’s kappa > 0.90 for 16

categories and 0.75 for the remaining category (see Table 4). Consequently, we

categorized all the referral notes using the automated text classification rules.
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Table 4. Level of agreement between manual and automated classification rule coding

Categories Kappa 95% ClI of Precision Recall Accuracy F1-Score
Kappa

Financial 0.96 0.93-0.99 0.95 0.99 0.99 0.97
Behavioral 1 1.00- 1.00 1.00 1.00 1.00 1.00
Health

Legal 0.93 0.80 -1.00 0.88 1.00 1.00 0.93
Housing 0.96 0.90 - 1.00 1.00 0.92 1.00 0.96
Food 1 1.00- 1.00 1.00 1.00 1.00 1.00
Aging 0.92 0.77 - 1.00 0.86 1.00 1.00 0.92
Family 0.99 0.96 - 1.00 0.98 1.00 1.00 0.99
Education 0.75 0.41-1.00 0.60 1.00 1.00 0.75
Employment 0.97 0.92-1.00 1.00 0.95 1.00 0.97
Transportation 1 1.00 - 1.00 1.00 1.00 1.00 1.00
Domestic 0.96 0.88-1.00 1.00 0.92 1.00 0.96
Violence

Language 1 1.00 - 1.00 1.00 1.00 1.00 1.00
Pregnancy 1 1.00-1.00 1.00 1.00 1.00 1.00
Disability 1 1.00-1.00 1.00 1.00 1.00 1.00
Home Health 0.97 0.94-1.00 0.98 0.98 1.00 0.98
Community 0.99 0.98 - 1.00 - 0.00 1.00 0.00
Adherence 1 1.00-1.00 1.00 1.00 1.00 1.00

Analysis

We compared patients with referrals to social workers to patients not referred by
demographic and clinical characteristics using percentages and means. Next, we
identified the most common social needs that lead to referral, i.e., social need categories.
To identify co-occurrence of social need categories, we utilized MBA techniques. MBA
is an approach to identify goods or services that are purchased, or occur, together in a

transaction.®® In the context of health care, MBA has been applied to investigate drug use
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initiation sequences® and the common nursing interventions used for aging adults with
developmental disabilities.®

In MBA, co-occurrence is described using association rules. Each association rule has a
form: A => B, or Left-Hand Side (LHS) => Right-Hand Side (RHS). Also, MBA
provides multiple measures to evaluate the strength and relevance of association

rules:*®* 1) Support is a measure of the probability that a transaction contains both A (the
Item on LHS of a rule) and B (the Item on the right-hand side (RHS) of the rule); 2)
Confidence is a measure of the conditional probability that a transaction contains item B
(Item on the right hand side (RHS)), given that item A (the Item on the left hand
side(LHS)) is already in the transaction; and 3) Lift is a measure of correlation between
item A and item B. If an association rule between item A and item B has a lift of 1, then
item A and item B are independent of each other. If the lift measure is greater than 1, then
the presence of item A is positively correlated with the presence of item B with the
degree of correlation being represented by the lift value. A lift measure that is less than 1
indicates that the presence of item A is negatively correlated with the presence of item B.
In this study, we limited the co-occurrence analysis to only two categories of social
needs, i.e. we applied a two-category association rule to each order. We calculated three
measures of association to describe and identify the co-occurrence of social needs that
lead to a referral to a social worker: support, confidence, and lift.>® In the context of this
study, support is a measure of the probability that an order contains both social needs
categories; confidence is a measure of the conditional probability that an order contains
the second need category, given the presence of the first need category; and lift is a

measure of the likelihood that a transaction containing the first category also contains the
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second category. To conduct our MBA, we used the APRIORI algorithm,® to mine
association rules. The goal of association rules mining using the APRIORI algorithm is to
identify rules that have support and confidence values greater than or equal to
predetermined minimum values (minimum-support and minimum confidence). In the
case of our study, we mined association rules with support of at least 0.001 and
confidence of at least 0.1. We used the “arules” extension package of the open-source R
statistical analysis software® to implement the apriori algorithm.

Results

About 22% of adult patients were referred to a social worker (Table 5). Compared to
patients not referred to a social worker, those referred to a social worker tended to be
younger and female. A higher proportion of patients referred to social workers were
Hispanic, and those referred had higher Charlson comorbidity index scores.

Table 5. Comparison of adult safety-net patients by social worker referral status

Characteristic All patients  |Patients not referred to social |Patients referred to social
worker worker
Age, mean 52.1 52.7 50.0%**
Sex, (%)
Female 68.7 66.8 75.6%**
Male 313 33.2 24 4x**

Race-Ethnicity, (%)

Hispanic 16.6 149 22.6%**
African American Non-Hispanic 40.4 41.8 35.2
White Non-Hispanic 29.6 30.0 28.3
Other Non-Hispanic 4.6 45 4.9
Unknown Race or Ethnicity 8.8 8.8 9.0
Charlson, mean 1.15 1.14 1.2%*
Total, n 33683 26355 7328

* significant at p < 0.05; ** significant at p < 0.01; *** significant at p < 0.001
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The two most common social needs that led to referral to a social worker were financial
needs (25%) and pregnancy-related needs (25%; Figure 1). Behavioral health needs,
which included substance misuse and referral to treatment services, accounted for 16% of
all referrals. Social needs related to family and social support (9%), home health needs
(9%), language limitations (8%), and transportation needs (8%) were also common.
Among those patients with an order for a social worker referral, demographic
characteristics varied by category of service (see Table 6.1 and 6.2). For example,
patients with a referral for aging, home health, disability, food insecurity, and medication
adherence issues had higher mean ages than other categories. In contrast, patients referred
for the pregnancy category were understandably younger. More women were referred in
every category, except medication adherence issues. Higher average comorbidity scores
were observed among patients referred to the categories of home health, transportation,
disability, food insecurity, aging, and medication adherence issues.

Figure 1. Reasons for referrals to a social worker in a primary care setting

L
o —
T o
=
i L]
& & 4
[T =] S
z ©
S o
]
(= Lo ]
L] — _
= o
o W
(o]
s | Ll DDDDD:::.:.
(o]
s 2 o
=§c’@o’§i§<<§i§®’ & 60\@ %Qg-s,“‘\ < Qoo ‘?’g%c:? v‘b © 6\"0@
&S N ot P o X » P
S "d\ 06\ e "\\q, Q’/ Q/ CP
\Q@L Q‘* «‘\{"}
<F

19



0¢

Table 6.1. Demographic and clinical characteristics of patients by social need category

Characteristic

Financial Pregnancy behavioral Family Home Health Language Transportation Disability Housing

Age, mean 57.3 33.7 51.2 55 69.1 38.7 61.5 62.8 54.7
Sex, (%)

Female 60.4 99.5 724 75.5 69.1 94.7 66.4 66.5 64.4

Male 39.6 0.5 27.6 245 30.9 5.3 33.6 335 35.6
Race-Ethnicity, (%)

Hispanic 8.7 50.9 9.4 17.0 43 85.4 5.2 6.5 8.1

African American 40.1 23.0 354 38.8 52.4 25

Non-Hispanic 37.7 43.7 37.8

White Non-Hispanic 38.7 9.7 375 314 30.6 0.6 43.9 355 m4

Other Non-Hispanic 3.2 8.4 41.2 3.9 2.2 3.7 33 3 29

Unknown Race or 9.3 8.0 135 8.8 10.5 7.8

Ethnicity 10.0 11.3 10.5
Charlson, mean 1.7 0.2 1.2 15 2.9 0.3 2.0 2.4 1.7
Total, n 2358 2336 1464 816 810 787 733 629 418




T¢

Table 6.2. Demographic and clinical characteristics of patients by social need category (contd.)

Characteristic Employment Violence Food Legal Education Aging Adherence Community
Resources
Age, mean 50.4 50.2 62.3 53.2 36.9 4.7 64.5 59.0
Sex, (%)
Female 61.1 84 64.9 63.3 73.2 64.9 47.8 64.3
Male 38.9 16 35.1 36.7 26.8 35.1 52.2 35.7

Race-Ethnicity, (%)

Hispanic 15.3 19.9 19.9 18.0 24.7 4.1 8.7 7.1

African American

Non-Hispanic 44.6 25.4 254 32.0 40.2 40.5 435 35.7

White Non-Hispanic 31.2 426 42.6 36.7 175 432 36.2 46.4

Other Non-Hispanic 34 2.3 2.3 2.3 5.2 0 2.9 0.0

Unknown Race or

Ethnicity 5.6 9.8 9.8 11.0 12.4 12.2 8.7 10.7
Charlson, mean 11 1.0 21 12 0.7 2.7 31 1.9

Total, n 321 256 205 128 97 74 69 28




About 22% of referrals to a social worker encompassed at least two different categories
of social need. The most common co-occurring needs were pregnancy and language
limitation (Table 7). Although only 7% of referrals had both pregnancy and language
limitation needs (support = 0.07), patients with pregnancy needs had a high probability of
also reporting language limitations (confidence = 0.78, lift = 2.69). Other issues that
frequently co-occurred were behavioral health with family and social support (support =
0.03; confidence = 0.28; Lift = 1.63); financial with behavioral health (support = 0.025;
confidence = 0.14; Lift = 0.47); and home health needs with disability (support = 0.02;
confidence = 0.26; Lift = 2.57). Referral for financial needs were common given food
insecurity (confidence=0.42), employment (confidence=0.37) and legal needs

(confidence=0.35).
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Table 7. Co-occurrence of reasons for adult primary care referrals to a social worker

Category 1 Category 2 Support Confidence Lift Count
Language Pregnancy 0.077 0.784 2.693 617
Family Behavioral Health 0.030 0.297 1.625 242
Family Financial 0.025 0.246 0.838 201
Behavioral Health Financial 0.025 0.137 0.467 201
Disability Home Health 0.020 0.259 2.567 163
Transportation Financial 0.020 0.220 0.747 161
Disability Financial 0.020 0.253 0.860 159
Housing Financial 0.017 0.321 1.091 134
Employment Financial 0.015 0.368 1.251 118
Home Health Family 0.015 0.146 1.432 118
Home Health Financial 0.012 0.120 0.407 97
Home Health Behavioral Health 0.012 0.115 0.629 93
Food Financial 0.011 0.420 1.427 86
Violence Family 0.010 0.328 3.226 84
Housing Family 0.010 0.199 1.952 83
Violence Behavioral Health 0.010 0.313 1.713 80
Disability Family 0.009 0.114 1.125 72
Employment Family 0.009 0.221 2.175 71
Employment Behavioral Health 0.008 0.206 1.127 66
Housing Behavioral Health 0.007 0.141 0.774 59
Legal Financial 0.006 0.352 1.196 45
Legal Family 0.005 0.344 3.380 44
Education Family 0.005 0.423 4.156 41
Discussion

More than one-fifth of adult primary care patients were referred to a social worker, which
suggests a substantial level of need for services among this safety-net population. The
high number of referrals, as well as the diversity of reasons for referral, indicate a

potentially important and unique role for social workers in ensuring patients’ health and
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well-being. As health care organizations plan to better address social needs and risk
factors, understanding the leading needs and co-occurring needs is essential for effective
staffing decisions and the design of effective intervention packages. A key component of
many health care organizations’ social and population health strategies is to increase
social needs and risk factor screening efforts.”®% As would be expected, screening
studies have similarly documented many of the needs that were observed in this study,
including: financial needs, food insecurity, transport needs, language, social support,
violence and safety, employment, and housing instability.?%% The similarity between
social needs addressed by social workers as documented in previous studies and reasons
for social work referral observed in our study suggests that once organizations identify
patients with these types of social needs and risks through screening, social workers
would be the logical provider to serve patients. In addition, our literature-derived
categorization strategy and referral-based measurement approach highlighted the role of
social workers in providing pregnancy support and behavioral health related services,
which are categories of needs included in some, but not all, social risk screening
tools.?>3%%7 The role of social workers in supporting pregnant women is particularly
notable as pregnancy is linked with other psychosocial issues such as addiction,
depression, and domestic violence.®®1% In addition, pregnancy frequently co-occurred
with language service needs. Because language need can be a significant barrier to health
care access, ! the frequent co-occurrence is another reminder that organizations serving
diverse populations require a multilingual environment.

Additionally, our use of MBA identified other social needs that frequently co-occurred.

The identification of co-occurring needs and services is a strength of MBA in that the
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approach provides a comprehensive view of the challenges facing organizations in
developing effective interventions.®®% For example, there is growing evidence
suggesting that patients with financial needs are more likely to have other psychosocial
needs.1%219 Fyrthermore, studies have shown that patients who receive financial
assistance have better health outcomes.*%-1% Therefore, healthcare organizations cannot
view social needs individually. Instead, patients will require packages of interventions
that simultaneously address co-occurring needs. For example, the common co-occurrence
of the financial category with such diverse needs as transportation, family and social
support, and disability indicates that any organization trying to address these needs will
have to include an underlying financial component.

In this study, social workers were addressing patient needs and risks best handled by non-
medical care professionals. However, simply having social workers on staff to accept
referrals is a necessary, but insufficient requirement for effective workflows. As social
workers become more common in healthcare settings and address key patient risks — and
given that most social work services are not reimbursable — organizations will be tasked
with determining methods to most effectively and efficiently leverage the capabilities of
social workers. Incorporating social needs into risk stratification and including referrals
within clinical decision support systems could assist social workers in primary care
practices to more effectively and efficiently address patients’ social needs.?’
Additionally, simply knowing the chance of co-occurrence of social needs can prompt
additional screening and interviews once one need is identified. Likewise, the reasons for
referral categories and the NLP approach developed in this study could support efficient

workflows. For example, this categorization scheme could be incorporated into a
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structured referral order form within the electronic health record to quickly communicate
the nature of the social needs to a social worker, as well as to improve the analysis,
evaluation, and reporting of patients’ social needs and social worker’ activities. Likewise,
similar NLP approaches could be applied to social work referral notes within the
organization, or to external community organizations, to better measure patient needs.
Limitations

This study has limitations related to measurement and generalizability. First, while our
categories for referral reasons are derived from the literature, it is not exhaustive of every
reason a patient is referred to a social worker. Other methods of categorizing referrals
exist. Second, we relied on NLP to classify referral notes, which could result in
misclassification. However, the agreement between the NLP algorithm and our manual
coding was high. Third, we purposefully limited the MBA to two-category co-occurrence
rules only. We made this decision to facilitate interpretation and because few of the
orders included more than two categories. Using longer documents than order texts, like
clinical notes, might allow for identification of three or more co-occurrences. Fourth, in
this design we are not able to establish causal relationships (i.e., whether one need
precipitates another need), nor were we able to determine if patient needs were resolved.
Lastly, our patient sample was drawn from an FQHC with on-site social workers. As a
result, findings may not reflect other patient populations or providers without such on-site
social work services.

Conclusions

This study, which has been published in the Journal of Social Service Research,%®

demonstrated the utility of market basket analysis in understanding the co-occurring
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social needs that lead to referral to a social worker, as well as the patient characteristics
associated with these social needs. By closely interacting with patients, social workers
could provide hospitals with key insights into social needs of their communities. As
health care organizations plan to better address social needs and risk factors,
understanding the leading and co-occurring patients’ social needs will be essential for
effective staffing decisions and for designing effective social intervention packages.
Moreover, by closely interacting with patients, social workers could provide hospitals
with key insights into social needs of their communities. The findings of our research will
be valuable for designing a decision support algorithm to help social workers address

patients’ social needs more efficiently and effectively.
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Chapter Three: Identification and Classification of Social Work Interventions Using
Natural Language Processing
Background
Traditionally, efforts to improve health outcomes have primarily focused on medical care
services.! However, empirical evidence consistently suggest that social needs and risk
factors have a more profound effect on individual and population health than medical
care.”> Given their professional training and workflows, social workers within health
care settings are uniquely positioned to deliver interventions to address patients’ social
needs.>* Moreover, social workers are increasingly becoming embedded in healthcare
organizations to help address patients’ social needs.!%® However, tracking and evaluating
interventions instituted by social workers remains challenging, since social work
interventions are largely documented as unstructured text data within electronic health
records (EHR)®%4, Unstructured documentation makes it difficult to systematically
monitor and study social work interventions and services - as manual chart reviews are
expensive, time-consuming, and often require expert reviewers.*®666 These limitations
underscore the need for using novel information extraction methods, such as natural
language processing (NLP) and machine learning (ML), to identify and classify
interventions documented in unstructured EHR notes such as social work notes.
Existing research has been successful in using NLP methods to identify social needs with
EHR data. Dorr et al*'® demonstrated that NLP methods could be used to identify chronic
stress, social isolation, financial insecurity, and housing insecurity in the clinical notes of
primary care doctors. Conway et al*'! developed the Moonstone system, which used rule-

based classification to identify housing situations and social support within EHRs. Also,
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Cook et al**? used NLP and machine learning techniques to predict suicidal ideation from
a text message intervention. These studies demonstrated the feasibility and applicability
of using NLP approaches to detect social needs and risks in unstructured clinical data.
Although few studies have developed classification schemes for social work interventions
using manual chart reviews, no study has sought to utilize NLP methods to identify and /
or classify the interventions that social workers offer during clinical appointments,13-118
The purpose of this study is to extract and categorize social work interventions aimed at
addressing patients’ social needs by developing and applying NLP and ML algorithms.
Development of such classification tools supports healthcare organizations’ assessment
and measurement of a growing part of the non-medical workforce. Additionally, this
study highlights the methodological approaches to examine social work interventions in
situations where only unstructured data are accessible. Healthcare organizations armed
with data on social work interventions instituted on their patient population will make
more informed resource-allocation, staffing, quality improvement, and program design
decisions to address their patients’ social needs. Moreover, automation of the
classification of interventions will offer stakeholders an enhanced ability to quantify the
impact of specific social work interventions on patients’ health outcomes.

Methods

We developed a classification scheme from the literature'*318 to categorize interventions
instituted by social workers to address patients’ social needs in an urban, safety-net health
system. We used NLP and ML algorithms for automated categorization of social work
interventions based on this classification scheme. Figure 2 describes, in brief, the process

and pipeline used for this classification and figure 3 provides details of the text
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preprocessing steps. This study is approved by the Indiana University’s Institutional
Review Board.

Figure 2. Classification algorithm pipeline
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Figure 3. Social needs intervention text preprocessing

SVM Classifier

Divide data into .J Townize | Remove stop | ApplyPOS Create vectors Loglstic
training and test sentences from > words + o tagging and { o for tralning and | Regression

dataset | datasets | | | lemmatization validation

Setting & Sample

We used patient record data from Eskenazi Health, a safety-net provider with a 300-bed
hospital and a federally qualified health center (FQHC) serving the Indianapolis, IN
metropolitan area. The study sample included 408 patients with 815 social work
encounters between October 1, 2016 and September 30, 2019.

Data

The study data were derived from Eskenazi Health’s EHR. The EHR data included
patients’ clinical notes and their demographic and clinical characteristics. We obtained
unstructured data containing free-text description of the reason(s) for patient visits, the
intervention(s) instituted by the social worker, and plans for future visits or engagement
from social workers’ notes. We extracted social workers’ notes, using an existing pipeline
(nDepth), by searching clinical notes for the following search terms: “social work™ or
“MSW” or “LCSW?”, or “LSW?”, or “LMSW?”, or “LBSW?”. nDepth, a natural language
processing tool*!® developed by the Regenstrief Institute, conducts both information
retrieval and extraction from textual documents by adapting its existing pipeline to

customizable search queries. nDepth has been used in other clinical domains, including
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gastrointestinal diseases and sarcopenia.*?'?! For this study, nDepth was used to extract
a sample of social work clinical notes from the EHR. The nDepth search retrieved 1,289
clinical notes containing our search terms. Three abstractors (AB, HT, KW) manually
reviewed the retrieved notes and categorized them into notes that were actually written by
a social worker and notes written by other professionals.

The final sample for this study included 815 notes that were determined to be written by
social workers. Notes were deemed as written by a social worker if they were signed off
by a social worker, or if the wordings and structure of the notes clearly indicate
documentation of activities by a social worker. Of the 815 notes determined to be social
work notes, 735 were duly signed off by a social worker. We determined that the
remaining 80 notes were written by the social worker because the wordings and structure
of these notes clearly indicate documentation of activities by a social worker, and thus,
conform with the duly signed notes. The wordings we looked for included phrases like

29 ¢

“This social worker met with patient...,” “social work assessment: (at the beginning of
the note),” and the like. Also, if the structure of the unsigned note is that of a standard
social work assessment, with the writer of the notes mainly identifying social needs
and/or documenting social work interventions, we decided that the note was written by a
social worker. Sections of a standard social work assessment include: Patient
demographics, diagnosis, biopsychosocial assessment, health literacy assessment, living
arrangements, social support, activities of daily living and functional status,
socioeconomic needs, income source, transportation, legal information, and risk of abuse.

Of note, we further reviewed the notes with HM, who is an expert in the field of social

work, to resolve coding ambiguities.
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Measures
Three members of the research team (AB, HT, and KW) developed a classification
scheme for social work interventions, which was derived based on literature review and
expert consultations. We derived 10 non-mutually exclusive categories of social work
interventions briefly defined as follows:
. Financial planning: Provision of resources for funding medications,
treatment, or other care!??
o Supportive counseling: Provision of emotional and mental health support
services, addiction services, among others'?3
. Care coordination: Includes discharge planning, coordination of care
continuity, transition of care, case management, and arrangement and
coordination of home visits?
o Education: Includes health/wellness programs, crisis intervention, and
course planning*?®
. Community service: Involves referrals to community, spiritual, and peer
advocacy organizations, as well as translational services, food assistance,
and clothing assistance'?®
. Applications and reporting: Include help with filling applications, filing
mandatory reports such as the Department of Child Services (DCS)
reporting and the Adult Protective Services (APS) reporting
o Housing: Encompasses shelter provision and other housing assistance.
o Transportation: Provision of transportation fares and passes, as well as

links to transportation services.

33


https://paperpile.com/c/jfgI6w/5kYqX
https://paperpile.com/c/jfgI6w/S2T77
https://paperpile.com/c/jfgI6w/4GuU1
https://paperpile.com/c/jfgI6w/GEN4a
https://paperpile.com/c/jfgI6w/L19MY

. Durable Medical Equipment: Provision, repair, maintenance, and/or
replacement of medical equipment
o Legal: Assistance with link to attorneys, law enforcement, and other legal
services
Further, the three coders independently reviewed 100 randomly selected social work
notes to identify verbs likely to indicate the presence of social work interventions in a
sentence. The abstractors also identified contextual and negation terms associated with
each verb, as well as unique terms that map to each of the 10 intervention categories. The
abstractors, thereupon, manually coded the selected notes into their respective non-
mutually exclusive social work intervention categories. We calculated the rate of
agreement between the three coders using Fleiss’s kappa coefficients, and after resolving
differences, the three coders manually coded the rest of the data. The lexicon of verb and
intervention terms is available in Table 8 and 9, and the initial Fleiss’s Kappa for each

intervention category is available in Table 10.
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Table 8: Key terms for intervention categories used in rule-based algorithm

Social intervention
Categories

Key terms

Financial Planning

anthem, insurance, medicare, advantage, financial counsel, sliding scale, self-pay, self pay,
selfpay, medicaid(not medicaid cab), coverage, ssi, money, pay, free of charge, foc, HIP,
ssdi, entitlements, united health, supplemental security, fund, worker(s) comp, christmas
assistance, gas assistance, gas card, power account, cost, fee , waived, TANF, IMPACT,
walmart card, employment, job, gift spend, CSHCS, FSSA, cash, ADAP

Care coordination

Physical therapy, PT, home health, hh, hha, hhc, care coordination, hha, plan (not followed
by “:), assisted living, nursing home, long-term care, long term care, longterm care, day
care,daycare, personal care, home visit, nurse visit, referral, end of life, sleep, palliative,
study, schedule appointment, referral, transition, transitional, alternative living, medication,
outpatient therapy, linking to a pcp, transition, SAR, VNS

Supportive counseling and
services

Psych, bereavement, crisis intervention, alcohol, substance abuse, culture, coping,
adjustment, comorbid, chaplain, sexualit, rehabilitation, counsel(not financial counsel),
behavioral management, problem-solving, depression, individual therapy, behavior,
cogniti, soothing, relaxation CD, supportive, emotional support, couples counseling,
supportive listening.

Education

class, information, educat, school, GED, guardianship, transition checklist, provided
resource, list of facilit, facilit + list, explain, discuss, encourage, literacy, pamphlet, answer
questions, EIP, handout,

Community/In-house services

food, food pantries, clothing meal(s), home podiatry, SNAP, M.O.wheels (meals on
wheels), Caregivers, BABES coupon, voucher, open-door, care coordination, vocation,
lifeline, department of aging, obama phone, school supplies, shoes, nacs, RMH, first
steps,cshsc, chw, NCCS, Julian Center, Ronald McDonald house, Associations,
organizations, support group, living center, senior care, creative change program, Healthy
families, community action, group, St. Vincent DePaul, dip-in, ALS, GRACE team,
Brooke’s Place, safe sleep program, YMCA,CICOA

Applications and Reporting

POST form, ROI form, Family authorization form,

Release of information, advanced directive, FMLA, documentation/identification, pre-cert,
birth certificate, IPA Agreement, Client Conduct Statement, and Duty to Warm Statement,
child support report, adult protective service report, dcs, aps, CW

Housing Lodging, housing, parking, feeling safe (in-home), safe at home, electricity, running water,
power, Homeless Initiative Program, pedigo, shelter, HUD, accomodation, florence house

Transport medicaid cab, cab, indigo, bus, taxi, transport, travel arrangement, shuttle

DME medical equipment, cane, walker, manual chair, wheelchair, electric chair, shower chair,
test strips, meter, compression hose, bracelet, rollator, cpap

Legal Mlp, legal, court, jail, law, lawyer, crime victims assist, police, prison
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Table 9: Other lexical categories used in rule-based algorithm

Lexical
category

Key terms

Social Worker
terms

social worker, soc worker, soc. worker, s worker, s. worker, sw, social service coordinator, writer, ssc

Intervention
(verb) terms

provided, informed, suggested, contacted, talked, sent, offered, assessed, discussed, inquired, assisted,
suggested, delivered, informed, asked, contacted, updated, collaborated, demonstrated, gave, patient was
given, pt was given, pt. was given, reviewed, explained, verified, spoke, notified, consulted, linked,
educated, helped, requested, referred, reached, called, placed

Forward
negative
assertion terms
for intervention

social worker, soc worker, soc. worker, s worker, s. worker, sw, social service coordinator, writer, ssc, by
patient, by pt, by pt., by mom, by mum, by doctor, by nurse, by rn, by dad, by mother, by father, by
son, by daughter, by friend, by uncle, by aunt

assertion terms
for intervention
verb terms

verb terms
Backward social worker was, sw was, social service coordinator was, ssc was, writer was, soc worker was, s. worker
negative was, s worker was, socal worker was, patient, pt, pt., mom, doctor, nurse, rn, dad, mother, father, son,

daughter, friend, uncle, aunt, not, n't, nt

Table 10: Inter-rater agreement for manual coding

Interventions Kappa
Financial Planning 0.65
Care coordination 0.64
Community Service 0.76
Education 0.52
Supportive Counseling 0.66
Filing Applications and

Reporting 0.77
Housing 0.69
Transportation 0.69
Durable Medical Equipment |0.73
Legal 0.76
Analysis

To categorize the notes based on our 10-category scheme, we used 1) Rule-based

classification algorithms using Python’s regular expressions; 2) machine learning

algorithms such as multinomial Naive Bayes Classification algorithm®?” and multi-label

(One Vs Rest, Binary Relevance, Classifier Chains, and Label Powerset)!28:12°
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classification algorithms using Logistic Regression*?®

and Kernelized Support Vector
Machine (SVM) with radial basis function;**° and 3) a deep learning algorithm for
multilabel classification: the Long Short-term memory (LSTM) recurrent neural
network. 31,

For the rule-based algorithm, we used Python’s in-built regular expressions capabilities to
extract sentences that include a social worker term and one of the intervention verb terms
(see Table 9), where the verb term is not preceded by one of the negative-lookbehind
terms for intervention and not followed by one of the negative-lookahead terms. Social
work notes review and consultation with clinical social workers revealed that these
sentences are likely to contain information about the type of intervention instituted. A
social work note was deemed to indicate the presence of an intervention category if the
extracted sentences in the note also contain one of the intervention key terms for that
category.

For the implementation of the ML and deep learning algorithms, we randomly divided
the data into training (68%), validation (12%), and test (20%) sets. (see Figure 2). We
preprocessed the text in each of these datasets as follows: we tokenized sentences in each
social work note into individual words (tokens), removed stop words (e.g. one- and two-
letter words, compositions, and prepositions), applied part of speech tagging to the
tokens, and stemmed the tokens down to their root words. Next, for implementation of
the ML algorithms, we created feature vectors using the term frequency-inverse
document frequency (tf-idf) vectorizer with single words (unigrams), two consecutive

words (bigrams), and three consecutive words (trigrams). Relatedly, For the LSTM
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model, we created word embeddings using the GloVe word embeddings'® to convert text
inputs to their numeric counterparts.

We used the preprocessed feature vectors (or word embeddings in case of the LSTM
model) from the training dataset to initially train each classifier and the validation dataset
to test the accuracy of the trained classifier. We implemented multiple iterations of
training and validation for each classifier while tuning and optimizing the
hyperparameters of the classification algorithm to attain higher accuracy. Upon achieving
the highest accuracy score possible for each classifier, we coalesced the training and
validation sets and trained a final classifier on them using the optimal hyperparameters.
We also used 5-fold cross validation to evaluate the performance of the logistic
regression, kernelized SVM, linear SVM, and multinomial Naive Bayes algorithms on
the full training data. Finally, for each intervention category, we evaluated the
performance of the rule-based, logistic regression, kernelized SVM, linear SVM, and
multinomial Naive Bayes algorithms on the test data using accuracy; precision or positive
predictive value (PPV); recall (sensitivity); F1-score, which is the harmonic mean of
precision (PPV) and recall (sensitivity); specificity; and area under the curve (AUC).
Results

Our final sample included 815 charts for encounters that were identified as being written
by a social worker. Descriptive information about the sample and categories of social
worker interventions is available in Table 11. Briefly, 43% were Hispanic (43%), the

mean age was 38.7 years, and the majority were female (64%).
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Table 11: Patient demographic characteristics by social work intervention type

Characteristic | All Financial | Discharge | Community | Education | Supportive | Applications | Housing | Transportation | Durable Legal

Categories | Planning Planning Service Counseling | and Medical
Reporting Equipment

Age, mean 38.7 (21.4) | 36.6(18.9) | 35.5(21.9) | 39.5(20.8) 38.9(20.6) | 36.9(22.0) | 33.8(19.1) 329 34.7 (19.9) 39.3(19.7) | 429

(SD) (18.5) (17.9)

Sex, (%)

Female 63.5 65.7 60.6 59.4 61 57.3 60 70.6 65.9 57.1 64.7

Male 36.5 34.3 39.4 40.6 39 42.7 40 29.4 34.1 42.9 35.3

Race-Ethnicity,

(%)

Hispanic 42.9 46.3 42.6 37.7 51.2 45.3 46.7 41.2 39 42.9 47.1

African 35.8 313 36.2 39 34.2 37.3 28.9 35.3 36.6 19 35.3

American

Non-

Hispanic

White Non- 18.6 20.9 19.2 20.3 134 10.7 222 235 22 28.6 17.6

Hispanic

Other Non- 1 0 1 15 1.2 1.7 2.2 0 24 95 0

Hispanic

Unknown 17 15 1 15 0 4 0 0 0 0 0

Race or

Ethnicity

Elixhauser 3.14 (2.6) 2.4 (2.3) 3.4 (2.6) 31(22) 3.1(2.5) 3.2(2.6) 2.6(2.4) 2.6 (2.4) 2.8(2.1) 3.2(2.2) 3.9(2.8)

score, mean

(8.D)

Total, n 408 67 94 69 82 75 45 17 41 21 17




Of the 815 social work notes, the majority (n=598; 73.4%) contained at least one social
work intervention. More specifically, 217 (26.6%) did not include any description of a
social work intervention, 295 (36.2%) included one social work intervention, 207
(25.4%) included two interventions, and 96 (11.8%) included three or more interventions.
The highest number of interventions in a single social work note was six, which was
observed in only 5 of the 815 notes. The most common social work interventions in the
notes included: discharge planning (21.5%), education (21.0%), financial planning
(18.5%), referral to community services and organizations (17.1%), and supportive

counseling (15.3%; Table 12).
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Table 12.1: Social interventions offered by social workers

Interventions Frequency (%) Examples of social work note
(N=815)
Financial 151 (18.5) e  SW provided a medication voucher for patient for the needed medications
Planning o  SW provided $100 in TCC gift cards
e  SW submitted a new contingency form and verified with the pharmacy
that mom had received patient's medication.
e  MSW also obtained approval from SW leadership to assist with the cost of
the patient's prescriptions.
Care coordination | 175 (21.5) e  SW will follow up with the Neuropsychiatric department to ensure the
patient is scheduled for an evaluation.
o  SW met with physician to discuss case.
e  SW submitted home health referral
e  Social worker will continue to follow the patient and family towards
developing an appropriate discharge plan.
e  SW completed and faxed a referral for a public health nurse home visit.
o  SW has sent message to provider to see if she will proceed to order the
rehab and if it is to be outpatient or home based.
o  SW sent fax referral for patient to be evaluated by Neuropsychiatry as
well
Community 139 (17.1) e  Completed referral to safe sleep program in order for patient to get a crib
Service for baby.
e  Brief home visit today to provide Christmas gifts to patient and family
donated by GRACE team.
e  SW referred the family to NACS for assistance
e  Social work -placed online referral to CICOA to see if they are able to
assist.
Education 171 (21.0) o  SW provided [the] mother with resource information for the Downs
Syndrome Indiana group.
e  Social worker informed patient of the team’s recommendation for SAR
e  SW expressed understanding and educated mom and dad on the benefits
of CSHCNS as supplemental insurance
e  Patient was provided a list of detox/in/outpatient services.
e  Social Worker educated patient on the therapy services hospice agency
offers to deal with grief & loss
Supportive 125 (15.3) e  SW offered counseling and problem-solving to assist and patient agreed.
Counseling e  SW will provide individual therapy to address patient’s active symptoms
of depression by exploring cognitive distortions through Cognitive
Behavioral Therapy and creating self-soothing techniques
e  Social worker provided behavioral management of pain
e  Patient seen for CBT for depressed mood.
o  SW offered grief counseling and problem-solving techniques
e  SW also offered counseling and problem-solving to assist and patient
agreed.
e  SW processed coping strategies as well as discussed mother’s supports.
e  SW provided supportive listening and gave pt resource for EMBRACE to

have support for medical diagnoses.
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Table 12.2: Social interventions offered by social workers (contd.)

Interventions Frequency (%) Examples of social work note
(N=815)
Applications and 101 (12.4) e  SW placed call to FSSA to follow up on patient's application.
Reporting e  SW assisted mother with filing DCS report
e  SW will also follow up with APS
e  SW filed a 310 for communication with DCS
e  SW placed call to FSSA to follow up on patient's application.
e  Social worker phoned APS to inquire about the status of patients APS
investigation.
Housing 39 (4.8) e A cot was secured [for patient] at Wheeler Mission for Women
e  SW followed up on lodging accommodations which are serving pt and
brother
e  Social work discussed housing options with patient
e  Provided patient with a subsidized housing list.
e  SW provided lodging and parking to patient
Transportation 90 (11.0) e  Social work assisted patient with finding the appropriate route for
transportation through Indygo
e  Bus pass provided [by SW]
e  Patient was provided an all-day bus pass for transportation home at
discharge.
e  Social work authorized yellow cab voucher to take patient to hospital-
e  SW discussed and received approval from Manager to use Airline
donated tickets for the family to utilize.
Durable Medical 37 (4.5) e  Discussed with MD and received DME order for hospital bed.
Equipment e  SW is currently working on a hospital bed for patient
e  Social worker faxed order, facesheet, and progress notes to Community
DME for wheelchair assistance
e  SW confirmed with the daughter that the raised toilet seat did get
delivered.
e  SW received the order for patient's wheelchair cushions.
Legal 26 (3.2) e  SW provided mother with contact and resource information for Legal
Aid
e  SW encouraged patient to follow up with police
e  SW referred patient to medical legal services to see if this is able to be
expunged
o  SW referred patients to Medical Legal Partnership to evaluate the
possibility of changing patient's immigration status.
e  SW left a message for patient’s case manager to call back to reinforce
need for pt to receive meds while in jail

Models with the highest accuracy included multilabel (One Vs Rest) classifier with
kernelized SVM (accuracy = 0.97), multilabel (One Vs Rest) classifier with logistic
regression (accuracy = 0.96), linear SVC (accuracy = 0.95), and Multinomial Naive

Bayes classifier (accuracy = 0.92; see Table 13).
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Table 13: Average accuracy for all classification algorithms

Model Macro-average Accuracy
Multilabel (On Vs Rest) kernelized SVM with radial basis function 0.97
Multilabel (One Vs Rest) Logistic Regression 0.96
Linear SVM 0.95
Multinomial Naive Bayes classifier 0.92
Multilabel LSTM 0.88
Rule-based 0.87
Multilabel (Label Powerset) kernelized SVM with radial basis function 0.82
Multilabel (Classifier Chains) kernelized SVM with radial basis function 0.81
Multilabel (Binary Relevance) kernelized SVM with radial basis function 0.8
Multilabel (Binary Relevance) Gaussian Naive Bayes Classifier 0.79
Multilabel K-Nearest Neighbor 0.41

Precision (PPV) score was generally higher than the recall (sensitivity) score in the
kernelized SVM, logistic regression, and Linear SVM for most of the intervention
categories (Table 14.1 and 14.2). However, for the multinomial Naive Bayes classifier,
the recall score was higher than the sensitivity score in financial planning, discharge
planning, community service, and education intervention categories. Moreover, the
multinomial Naive Bayes classifier offered the highest recall scores for the financial
planning (recall = 0.86) and community service categories (recall = 0.92; Table 14.2).
Linear SVM provided the best evaluation metrics for the financial planning category
(accuracy = 0.96, precision = 0.91, recall = 0.91, F1-score = 0.91, specificity = 0.98,

AUC = 0.94). The F1-score, which is the harmonic mean of precision (positive predictive
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value) and recall (sensitivity), was high (0.82 - 0.94) using the logistic regression and
kernelized SVM algorithms for the discharge planning, community services, and
transportation categories. The multinomial Naive Bayes algorithms had the worst F1-
score (0.00) in the legal intervention category. Linear SVM offered the best evaluation
metrics for the housing (accuracy = 1.00, precision = 1.00, recall = 1.00, F1-score =
1.00, specificity = 1.00, AUC = 1.00) and durable medical equipment category (accuracy
=0.99, precision = 0.80, recall =1.00, F1-score = 0.89, specificity =0.99, AUC = 0.90;

see Tables 14.1 - 14.3)
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Table 14.1: Evaluation metrics for logistic regression and kernelized SVM algorithms

Logistic Regression

Kernelized Support Vector Machine (SVM)

Performance Accuracy Precision Recall F1- Specificity] AUC | Accuracy Precision Recall Fl-score | Specificity| AUC
Metrics (PPV) (sensitivity) score (PPV) (sensitivity)

Financial 0.95 1.0 0.73 0.85 1.00 0.87 0.95 1.00 0.73 0.85 1.00 0.87
Planning

Care 0.93 0.89 0.89 0.89 0.98 0.93 0.96 0.89 0.89 0.89 0.98 0.94
coordination

Community 0.96 0.85 0.81 0.83 0.98 0.89 0.96 0.89 0.76 0.82 0.99 0.87
Service

Education 0.93 1.0 0.63 0.77 1.00 0.81 0.96 1.00 0.74 0.85 1.00 0.87
Supportive 0.98 1.0 0.89 0.94 1.00 0.94 0.98 1.00 0.89 0.94 1.00 0.94
Counseling

Filing 0.95 1.0 0.55 0.71 1.00 0.78 0.95 1.00 0.56 0.71 1.00 0.78
Applications and

Reporting

Housing 0.98 1.0 0.71 0.83 1.00 0.85 0.99 1.00 0.71 0.83 1.00 0.86
Transportation 0.96 1.0 0.70 0.82 1.00 0.84 0.96 1.00 0.70 0.82 1.00 0.85
Durable Medical 0.99 1.0 0.66 0.8 1.0 0.83 0.99 0.67 0.67 0.67 0.99 0.83
Equipment

Legal 0.99 1.0 0.5 0.67 1.0 0.75 0.99 1.00 0.50 0.67 1.00 0.75
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Table 14.2: Evaluation metrics for multinomial NB and linear SVM algorithms

Multinomial Naive Bayes Model

Linear Support Vector Machine (SVM)

Performance Accuracy Precision Recall Fl-score [Specificity |JAUC | Accuracy Precision Recall Fl-score |[Specificity |AUC
Metrics (PPV) (sensitivity) (PPV) (sensitivity)

Financial 0.91 0.75 0.86 0.80 0.92 0.85 0.96 091 0.91 0.91 0.98 0.94
Planning

Care 0.85 0.52 0.85 0.65 0.85 0.75 0.90 0.76 0.50 0.60 0.97 0.84
coordination

Community 0.89 0.58 0.92 0.71 0.88 0.78 0.94 0.79 0.79 0.79 0.96 0.88
Service

Education 0.87 0.65 0.71 0.68 0.91 0.79 0.88 0.70 0.68 0.69 0.93 0.81
Supportive 0.91 0.89 0.68 0.77 0.99 0.92 0.93 0.88 0.60 0.71 0.99 0.91
Counseling

Filing 0.89 0.57 0.57 0.57 0.94 0.75 0.94 0.89 0.89 0.89 0.75 0.88
Applications

and Reporting

Housing 0.98 0.75 0.60 0.67 0.99 0.87 1.00 1.00 1.00 1.00 1.00 1.00
Transportation | 0.95 0.92 0.63 0.75 0.99 0.94 0.97 0.92 0.79 0.86 0.99 0.96
Durable 0.96 0.67 0.25 0.36 0.99 0.81 0.99 0.80 1.00 0.89 0.99 0.90
Medical

Equipment

Legal 0.95 0.00 0.00 0.00 1.0 0.95 0.96 0.75 0.38 0.50 0.99 0.85




Table 14.3: Evaluation metrics for rule-based algorithm

Rule-based
Performance Metrics Accuracy Precision (PPV) Recall (sensitivity) F1-score
Financial Planning 0.84 0.56 0.56 0.56
Care coordination 0.87 0.56 0.56 0.56
Community Service 0.94 0.66 0.66 0.66
Education 0.81 0.48 0.48 0.48
Supportive Counseling 0.52 0.27 0.27 0.27
Filing Applications and 0.96 0.61 0.61 0.61
Reporting
Housing 0.96 0.63 0.63 0.63
Transportation 0.82 0.43 0.43 0.43
Dura_lble Medical 0.99 0.71 0.71 0.71
Equipment
Legal 0.95 0.32 0.32 0.32

The results of the 5-fold cross validation score are available in table 15.1 and 15.2 and
generally showed that the models performed well for all the social work intervention
categories, with the highest performance, for most categories observed in the kernelized

SVM.
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Table 15.1: Five-fold Cross validation metrics for logistic regression and kernelized SVM algorithms

Logistic Regression

Kernelized Support Vector Machine (SVM)

Performance Accuracy Precision Recall F1-score AUC Accuracy Precision Recall F1-score AUC
Metrics (PPV) (sensitivity) (PPV) (sensitivity)

Financial 0.96 0.98 0.82 0.89 0.98 0.97 0.98 0.88 0.93 0.97

Planning

Discharge 0.94 0.94 0.77 0.84 0.97 0.94 0.93 0.77 0.84 0.97

Planning

Community 0.94 0.93 0.69 0.79 0.94 0.93 0.93 0.68 0.78 0.94

Service

Education 0.92 0.88 0.70 0.77 0.91 0.91 0.86 0.69 0.76 0.91

Supportive 0.94 0.94 0.66 0.77 0.95 0.94 0.91 0.66 0.76 0.94

Counseling

Filing 0.95 0.89 0.61 0.72 0.94 0.94 0.86 0.61 0.71 0.94

Applications

and Reporting

Housing 0.98 0.97 0.73 0.82 0.99 0.98 0.93 0.73 0.81 0.98

Transportation 0.96 1.00 0.58 0.73 0.97 0.95 0.94 0.58 0.71 0.98

Durable 0.98 0.97 0.60 0.70 0.93 0.98 0.97 0.60 0.70 0.93

Medical

Equipment

Legal 0.99 1.00 0.55 0.66 0.91 0.99 1.00 0.55 0.66 0.93




6v

Table 15.2: Five-fold Cross validation metrics for multinomial NB and linear SVM algorithms

Naive Bayes Model Linear Support Vector Machine (SVM)

Interventions Accurac | Precision Recall F1-score AUC Accuracy Precision Recall F1-score AUC

y (PPV) (sensitivity) (PPV) (sensitivity)
Financial Planning 0.85 0.58 0.75 0.65 0.86 0.89 0.73 0.68 0.74 0.85
Discharge Planning 0.83 0.60 0.83 0.69 0.89 0.88 0.78 0.73 0.74 0.89
Community Service 0.81 0.48 0.82 0.60 0.85 0.87 0.64 0.65 0.60 0.85
Education 0.79 0.51 0.69 0.58 0.80 0.82 0.66 0.68 0.62 0.82
Supportive 0.89 0.65 0.61 0.63 0.82 0.92 0.70 0.69 0.68 0.82
Counseling
Filing Applications 0.87 0.49 0.69 0.57 0.85 0.91 0.67 0.55 0.57 0.85
and Reporting
Housing 0.96 0.69 0.45 0.53 0.84 0.96 0.73 0.56 0.59 0.87
Transportation 0.91 0.61 0.54 0.57 0.85 0.94 0.71 0.64 0.68 0.86
Durable Medical 0.96 0.51 0.34 0.40 0.87 0.98 0.71 0.63 0.60 0.87
Equipment
Legal 0.97 0.13 0.10 0.11 0.63 0.97 0.21 0.23 0.26 0.66




Discussion
This study described the extent and nature of social work activities in primary care using

NLP methods. These findings illustrate the key roles social workers play in connecting
patients to other aspects of the health care systems, brokering connections with non-
health care related organizations, as well as providing patient education.

As brokers, social workers link patients to critically needed resources and

services®®!33 This “broker” function was evident in the primary care setting through the
frequent activities of care coordination interventions and referrals to community-based
organizations. These interventions require coordinating services for patients between
different organizations / providers, maintaining communication, and identifying needed
resources from referral partners. A study by Bronstein et al*** showed that involvement of
social workers in provision of post discharge care, a discharge planning intervention, was
associated with fewer 30-day hospital readmissions. These referral activities included
directing patients to organizations that address food insecurity, clothing, spiritual, and
peer-advocacy needs. Pruitt et al. showed that referrals to community-based organizations
offered by social workers are associated with lower healthcare costs**>. Our study shows
that social workers in primary care were offering interventions that are known to help
health care organizations’ efforts to improve quality of care, reduce costs, effectively
manage population health, and thus, attain the Institute of Healthcare Improvement’s
Triple Aim). We intend to investigate the value of social work interventions towards
improving quality outcomes in our future studies.

Social workers frequently educated patients about the availability of resources and
interpretation of medical information. Given that patient education is known to contribute

significantly towards better health outcomes, % the fact that social workers provide
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patient education highlights the significance of social workers in primary care teams.
Also, financial planning, which involves assisting patients with medication, insurance,
and benefits, was a common social intervention instituted by social workers in this study.
Similar to previous studies,>®® our study findings indicated that social workers primarily
address the impact of finances on healthcare access through provision of assistance with
medication, insurance, and benefits, rather than by directly providing monetary
assistance. In a study on diabetic patients, Rabovsky et al found that social workers
addressed mental health issues in 12% of cases by referring patients to mental health
providers.® In our study, social workers addressed mental and behavioral health issues by
directly providing supportive counseling intervention to patients. This finding conflicts
with the opinion that the time-consuming role of providing patients with tangible
resources detracts social workers from their counselor role. Also, this finding suggests
that the practice pattern and/or expertise of the social workers in Rabovsky et al may be
the main reason why social workers outsourced counseling interventions to external
organizations rather than providing the counseling services themselves. Finally, in
previous studies, the nature of the advocacy role of social workers was not evident.
However, in this study, social workers helped patients in completing and filing insurance
coverage or housing applications and reporting child and adult domestic issues to the
appropriate social agencies. This highlights the role of social workers in advocating for
patients, particularly the most vulnerable, a role that was not well explored in previous
StUdiES.86’133'137

Like Pooler et al,**” we found that approximately two-fifths of the social worker notes

included more than one social work intervention. Among this safety-net population, a
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substantial number of patients have co-occurring social needs.'®” The presence of a
sizable proportion of patients receiving multiple social interventions indicates the need
for effective social work staffing and differential use of more experienced social workers
to manage patients with co-occurring social needs.

Previous research suggests that social needs interventions are rarely explored using NLP
methods and machine learning methods, even though unstructured free-text narratives
within EHRs are conducive to NLP- and ML-based classification methods.®® NLP can
effectively be used to determine the types of social work interventions suggested by
social workers operating within healthcare systems. Consistent with the findings of
previous studies, machine learning- and deep learning -based classification algorithms
performed better than rule-based classification methods.!3%° Also, the multilabel LSTM,
a deep learning approach did not perform as well as some machine learning approaches.
This finding may be due to the small sample size in this study, as deep learning
algorithms are known to perform poorly when sample size is small.*4

Limitations

This study, which has been published by the American Journal of Managed Care,** has
several limitations. First, even though we derived the social intervention categories in this
study from consultation with experts and peer-reviewed literature, our classification
scheme interventions may not be exhaustive. Second, the small nature of our sample may
limit the performance of our classification algorithms on new test data. However, for
most of the intervention categories, our evaluation metrics are satisfactory. In addition,
our models were trained using data from a single health system, which weakens the

generalizability of our findings to other hospital systems or other diverse populations.
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Lastly, the range of intervention categories and their relative frequencies in this study
may reflect the characteristics of the population under study and/or the practice pattern of
the social workers in our study site, rather than the general primary care population.
Conclusions

Contextual details of interventions instituted by social workers, which are available in
notes within EHRs, highlight how social needs are addressed by social workers. NLP and
ML can be utilized for automated identification and classification of social work
interventions documented in EHRS. Thus, these methods can be leveraged by healthcare
administrators to gain better insight into the most needed social interventions in their
patient populations, thereby helping organizations make better decisions related to social

work staffing, resource allocation, and patient’s social needs.

53



Chapter Four: The Impact of Social Work Interventions on Healthcare Utilization
Outcomes

Background
As the US healthcare system transitions to value-based care model, policymakers and
payers are increasingly requiring health care delivery organizations to address their
patients’ social needs and social risk factors.'4#143 Initiatives established under the Patient
Protection and Affordable Care Act (ACA) of 2010 — such as the Accountable Health
Communities model, the Health Homes programs, and the requirement on not-for-profit
hospitals to conduct a community health needs assessment (CHNA) once every three
years — are notable examples of health policies aimed at encouraging healthcare
organizations to address their patients’ social risk factors and needs.”31430.3L144 |
response, health care organizations are adopting numerous strategies to address their
patients’ social needs. Among other strategies, health care organizations have invested in
affordable housing;'*® established their own food pantries;**® engaged in community
partnerships with rideshare companies;**” increased screening of their patients for social
needs;*? and are increasingly employing social workers to address their patients’ social
needs.86'1°8
Social workers are uniquely positioned to address patients’ social needs, owing to their
training, skills, philosophical perspective, and workflow.>>>* In general, evidence
suggests that social workers operating within health care organizations can positively
affect patients’ health and outcomes. For example, Matalon et al® found that provision of
biopsychosocial intervention by a care team that included social workers led to

modification of illness behavior and decreased cost of medical investigations. Rose et al®®
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studied the effect of provision of a set of interventions by social workers, in collaboration
with primary care team members, to patients with increased inpatient and emergency
department (ED) use. The researchers found that these interventions led to a decrease in
admissions and ED utilization with significant cost savings. Furthermore, Frank et al*®
found that patients who received financial interventions had lower cost of care. Also, a
study by Bronstein et al** showed that involvement of social workers in provision of post
discharge care was associated with fewer 30-day hospital readmissions.

These previous studies have broadly highlighted the effectiveness of interventions offered
by social workers, yet, they have not comprehensively explored the idea of untwining the
specific interventions driving these outcomes. Specifically, evaluations have mainly
treated social work interventions in health care settings as binary phenomena, whereby
researchers investigate the outcome(s) of providing one or more social work interventions
to patients without necessarily untangling the specific social work activities/interventions
driving the health outcomes.®”~"%72-74 Concurring with findings of previous studies,'**
118137 gur previous works showed that patients commonly have multiple co-occurring
social needs, and that social workers may offer multiple interventions to address the
needs of patients with multiple co-occurring social needs.'%®!4! Given that social workers
offer various types of interventions to patients with multiple co-occurring social needs,
untangling the specific set of social work activities driving healthcare utilization
outcomes may inform resource allocation decisions related to social workers, guide social
workers” workflow, and potentially inform reinforcement, or otherwise, of certain social

work activities.
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The aim of this study is to assess the association between receiving social work
interventions and relevant health care utilization outcomes. Moreover, we aim to provide
greater conceptual clarity by introducing more detailed measurements of actual social
work activities. Strong evidence about the effectiveness of social work interventions is
critical as more health care organizations consider employing social workers for their
expertise in social needs and social risk factors. Moreover, identifying the specific social
work interventions driving health outcomes will help towards shaping social workers’
workflow as well as supporting managerial decisions related to resource allocation for
social workers. Understanding the effectiveness of social work interventions is also
important as policy discussions around reimbursement for social workers continue
thriving.
Methods
In an unbalanced panel design, we measured the association between receiving social
work intervention(s) and patients’ count of ED and /or inpatient admission, as well as the
rate of missed outpatient appointment.
Setting and sample

The study population comes from patients served by Eskenazi Health, a public
safety-net provider with a 300-bed hospital and a federally qualified health center
(FQHC) serving the Indianapolis, Indiana metropolitan area. Our study sample included
282 patients who had received at least one social work intervention between October 1,
2017 and September 30, 2019. The 282 patients had a total of 487 social work

encounters.
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Data

Our primary data source was Eskenazi Health’s EHR system, which provided encounter,
diagnosis, and patient demographic information. To obtain patient encounter and
diagnosis information from patients’ visits to non-Eskenazi providers, we complemented
Eskenazi’s EHR data with the Indiana Network for Patient Care (INPC) data. INPC is the
oldest and largest health information exchange system in the United States, combining
clinical data from more than 100 hospitals, 14,000 practices, and 40,000 providers.
Measures

We used nDepth,**® a natural language processing tool developed by the Regenstrief
Institute, to retrieve social work notes from Ezkenazi Health’s EHR. nDepth allows users
to conduct customizable search queries with text data. We extracted social work notes
using the following search terms: “social work™ or “MSW" or “LCSW?”, or “LSW”, or
“LMSW?”, or “LBSW.” In consultation with social work experts, we developed a
literature-based classification scheme for social work interventions. We then categorized
the retrieved social work notes into non-mutually exclusive social work intervention
categories. A full description of the extraction and categorization process for social work
interventions is available in our previous work.4!

Furthermore, we calculated the average Elixhauser score for each patient in the year they
received their first social work intervention. Elixhauser score is a measure of comorbidity
that has been widely used in predicting health outcomes such as 30-day mortality and 30-

day readmission rates. 143153
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Independent variables

The main independent variables were a set of dummy variables indicating whether a
patient received one of the following social work intervention categories in the previous
month:

e Financial planning: Includes provision of resources for funding medications,
treatments, or other care, as well as assistance with obtaining insurance
and/or benefits'??

e  Supportive counseling: Involves the provision of emotional and mental
health support services'?

e  Care coordination: Involves coordination of care continuity, discharge
planning, transition of care, case management, linking patients with primary
care providers, arranging follow up visits, making follow up calls, and
arranging home visits for discharged patients.1?*

e Education: encompasses health/wellness programs, provision of health
information, crisis intervention, and course planning?®

e  Community service: Involves referrals to community organization, peer
advocacy groups, spiritual organizations, translational services, and food
assistance programs26

e Transportation: Includes provision of transportation fares and passes and
other transportation assistance.

e  Others: Encompasses assistance with housing, durable medical equipment,
and legal issues, as well as reporting to adult and child protective services,

among others.
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Of note, these intervention categories are not mutually exclusive as patients may receive
more than one intervention at any given point in time.

Dependent variables

The primary dependent variables were the total number of ED visits and/or inpatient
visits per month and the rate of missed outpatient appointments in a month. We defined
the rate of missed appointments as the number of no shows per scheduled primary care
visits.

Analysis

We used conditional (fixed-effects) Poisson regression model, with robust standard
errors, to investigate the within-patient effects of receiving a specific social work
intervention type on the monthly count of ED and /or inpatient visits, as well as the
monthly rate of missed outpatient appointments. In this fixed-effects approach, each
patient served as their own control, which effectively accounted for all unobservable
time-invariant patient characteristics. As robustness checks, we modeled these same
within-patient effects using the linear model with individual-level fixed effects and robust
standard errors, as well as conditional (fixed effects) negative binomial regression models
with bias corrected bootstrapped standard errors. We used Bonferroni correction to
account for multiple comparisons. For all our data analysis, we used STATA 16.1.1%* We
considered 0.05 as the alpha level of significance.

Results

The mean age of the patients was 37.2 years. Most of the patients were female, and
Hispanics constituted about 44% of the patients. The mean Elixhauser score among the

patients was 2.7. Care coordination and education were the most frequently offered social
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work interventions (Table 16).

Table 16: Patient characteristics and social work interventions offered

Patient Characteristics and social work interventions

Any social work intervention (n=282)

Age, mean (S.D) 37.2(21.0)
Gender (%)
Female 62.1
Male 37.9
Race / Ethnicity (%)
Hispanic 44.3
African American non-Hispanic 35.8
White non-Hispanic 17.0
Other non-Hispanic 15
Unknown 1.4
Elixhauser score, mean (S.D) 2.7 (1.9)
Monthly inpatient and ED encounters, mean (S.D) 3.7 (6.8)
Monthly rate of missed appointment, mean (S.D) 0.2 (0.2)
Social work interventions (% Yes)
Financial 238
Care Coordination 320
Education 29.1
Community Services 23.0
Transport 14.5
Counseling 24.4
Others 30.1

Note: The social work intervention categories are not mutually exclusive
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In the adjusted conditional (fixed effects) Poisson regression model, receiving care
coordination intervention in the previous month was associated with a lower count of
inpatient and / or ED visits (Table 17). Furthermore, receiving care coordination
intervention in the previous months was associated with a higher rate of missed
appointments (Table 18). However, in the bivariate Poisson regression models, the
aggregate measure of association between provision of any type of social work
intervention and utilization outcomes was not statistically significant (Tables 17 and 18).
No other social work intervention was associated with outcomes.

Our robustness checks (Tables 19 and 20) provided consistent results, with the notable
exception of education intervention in the adjusted fixed-effects negative binomial
regression model. In this model, receiving care coordination intervention in the previous
month was associated with a lower count of inpatient and / or ED visits and a higher rate
of missed appointments (Table 19). Similarly, the adjusted fixed-effects linear model
showed that receiving care coordination intervention was associated with a lower
likelihood of post-discharge inpatient and /or ED visits and a higher likelihood of post-
discharge missed outpatient appointments (Table 20). Similar to the bivariate Poisson
models (Tables 17 and 18), the bivariate fixed-effects linear models and the bivariate
conditional negative binomial regression model did not show evidence of a significant
association between aggregate provision of any type of social work intervention and the
count of ED and inpatient visits (Tables 19 and 20). While receiving education
intervention was associated with a higher count of post-discharge utilization, the
association was not statistically significant after Bonferroni correction (Table 21). The

significance of other associations in all the adjusted models did not change after
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Bonferroni correction (Tables 21 and 22).

Table 17: Poisson regression model coefficients and 95% confidence intervals (CI) for

count of ED and inpatient visits per month
Social work intervention Bivariate association Adjusted model
categories N (D)
Any social work intervention -0.15 (-0.37, 0.06) --

Categories
Financial 0.15 (-0.35, 0.65) 0.13 (-0.32, 0.59)
Care Coordination -0.51 (-0.89, -0.12) * -0.66 (-1.07, -0.26) **
Education 0.04 (-0.27, 0.35) 0.33 (-0.09, 0.76)
Community Services 0.09 (-0.31, 0.50) 0.01 (-0.49, 0.50)
Transportation -0.06 (-0.49, 0.37) -0.32 (-0.80, 0.17)
Counseling -0.10 (-0.63, 0.43) -0.18 (-0.76, 0.41)
Others 0.18 (-0.13, 0.50) 0.33 (-0.04, 0.70)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive

Table 18: Poisson regression model coefficients and 95% confidence intervals (CI) for

rate of missed outpatient appointments
Social work intervention Bivariate association Adjusted model
categories (0] (D)
Any social work intervention 0.93 (0.69, 1.16) *** --

Categories
Financial 0.81(0.32, 1.30) ** 0.36 (-0.23, 0.95)
Care Coordination 1.43 (1.02, 1.85) *** 1.19 (0.74, 1.65) ***
Education 1.17 (0.70, 1.64) *** 0.39 (-0.16, 0.93)
Community Services 1.00 (0.52, 1.47) *** 0.13 (-0.50, 0.77)
Transportation 1.16 (0.69, 1.62) *** 0.61 (-0.03, 1.25)
Counseling 0.88 (0.43, 1.32) *** 0.51 (-0.03, 1.05)
Others 0.70 (0.24, 1.16) ** -0.03 (-0.54, 0.47)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive

Table 19: Robustness check — conditional negative binomial model coefficients and 95%

confidence intervals (Cl) for outcome variables

Social work Count of ED/inpatient visits Rate of missed appointments
intervention categories

Bivariate association Adjusted model Bivariate association Adjusted model
0] (1 0] (1
Any social work -0.19 (-0.44, 0.06) - 0.93 (0.58, 1.27) *** -
intervention
Categories
Financial 0.07 (-0.47, 0.60) 0.09 (-0.47, 0.66) 0.81 (0.14, 1.50) * 0.36 (-0.45, 1.16)
Care Coordination -0.47 (-0.88, -0.06) * | -0.63(-1.07,-0.19)** | 1.43(0.81, 2.05)*** | 1.19(0.51, 1.87)**
Education 0.17 (-0.22, 0.57) 0.51 (0.04, 0.98) * 1.17 (0.50, 1.84) ** 0.39 (-0.42, 1.20)
Community Services | -0.05 (-0.56, 0.46) -0.01 (-0.62, 0.60) 1.00 (0.35, 1.64) ** 0.13 (-0.73, 1.00)
Transportation -0.27 (-0.84, 0.30) -0.45 (-1.08, 0.18) 1.16 (0.41, 1.91) ** 0.61 (-0.27, 1.50)
Counseling -0.17 (-0.78, 0.45) -0.24 (-0.92, 0.44) 0.88 (0.18, 1.57) * 0.51 (-0.29, 1.31)
Others 0.06 (-0.41, 0.53) 0.24 (-0.27, 0.75) 0.70 (0.04, 1.34) * -0.03(-0.83, 0.76)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive
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Table 20: Robustness check — fixed-effects linear regression model coefficients and 95%

confidence intervals (Cl) for outcome variables
Count of ED/inpatient visits

Social work
intervention categories

Any social work
intervention
Categories

Financial

Care Coordination
Education
Community Services
Transportation
Counseling

Others

Bivariate association
(0]
-0.08 (-0.17, 0.21)

Adjusted model
m

Rate of missed appointments

Bivariate association
U]
0.10 (0.07, 0.13)***

Adjusted model
(n

0.05 (-0.14, 0.25)
-0.29 (-0.47,-0.12) **
0.03 (-0.18, 0.24)
0.05 (-0.18, 0.28)
-0.06 (-0.46, 0.35)
-0.03 (-0.18, 0.12)
0.11 (-0.13, 0.35)

0.05 (-0.17, 0.27)
-0.36 (-0.55, -0.17) ***
0.09 (-0.13, 0.31)
0.05 (-0.17, 0.27)
-0.11 (-0.51, 0.29)
-0.03 (-0.19, 0.13)
0.18 (-0.06, 0.42)

0.10 (0.02,
0.14 (0.08,
0.11 (0.04,
0.13 (0.04,
0.17 (0.07,
0.09 (0.03,
0.09 (0.02,

0.17)* | 0.04(-0.03, 0.11)
0.20) *** | 0.11(0.05, 0.17) **
0.17) *** | 0.03 (-0.03, 0.09)
0.21) ** | 0.05(-0.03, 0.13)
0.27)** | 0.10(-0.001, 0.21)
0.16) ** | 0.05(-0.02, 0.11)
0.16)* | 0.002 (-0.07, 0.07)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive

Table 21: Bonferroni corrected model coefficients and 98.3% confidence intervals (CI)
for count of ED/inpatient visits

Social work intervention

categories

Financial

Care Coordination

Education

Community Services

Transportation

Counseling

Others

Fixed-effects Poisson

Regression

0.13 (-0.43, 0.69)
-0.66 (-1.16, -0.17) **
0.33 (-0.19, 0.85)
0.01 (-0.60, 0.61)
-0.32 (-0.91, 0.27)
-0.18 (-0.89, 0.54)
0.33 (-0.12, 0.78)

Fixed-Effects Linear

Regression

0.05 (-0.22, 0.32)

-0.36 (-0.59, -0.13) ***

0.09 (-0.18, 0.36)
0.05 (-0.21, 0.32)
-0.11 (-0.60, 0.38)
-0.03 (-0.23, 0.16)
0.18 (-0.11, 0.48)

Fixed-Effects Negative
Binomial Regression
0.09 (-0.59, 0.78)
-0.63 (-1.17, -0.10) **
0.51 (-0.06, 1.08)
-0.01 (-0.75, 0.74)
-0.45 (-1.21, 0.32)
-0.24 (-1.07, 0.60)
0.24 (-0.39, 0.87)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive

Table 22: Bonferroni corrected model coefficients and 98.3% confidence intervals (ClI)
for rate of missed outpatient appointments

Social work intervention

categories

Financial

Care Coordination

Education

Community Services

Transportation

Counseling

Others

Fixed-effects Poisson
Regression
(0]
0.36 (-0.36, 1.10)

1.19(0.64, 1.75) ***
0.39 (-0.28, 1.05)
0.13 (-0.65, 0.91)
0.61 (-0.17, 1.40)
051 (-0.15, 1.17)
-0.03 (-0.65, 0.58)

Fixed-Effects Linear

Regression

0.04 (-0.05, 0.13)
0.11(0.03, 0.18) **
0.03 (-0.05, 0.11)
0.05 (-0.05, 0.15)
0.10 (-0.02, 0.23)
0.05 (-0.03, 0.12)
0.002 (-0.08, 0.08)

Fixed-Effects Negative
Binomial Regression
0.36 (-0.62, 1.34)
1.19 (0.36, 2.02)**
0.39 (-0.60, 1.38)
0.13 (-0.92, 1.18)
0.61 (-0.47, 1.70)
0.51 (-0.47, 1.50)
-0.03 (-1.01, 0.94)

p-values — * < 0.05; ** < 0.01; *** < 0.001; The social work intervention categories are not mutually exclusive
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Discussion

Overall, social workers offered multiple interventions for patients. Social worker
delivered care coordination interventions were associated with lower subsequent inpatient
and ED utilization in the safety-net primary care setting. However, for other services
there was no indication of association with reduced utilization. Notably, the aggregate
measure of the bivariate association between provision of any type of social work
intervention and all the health care utilization outcomes was not statistically

significant. This helps illustrate why treating social work interventions as binary
phenomena may lead to wrong conclusions about the impact of social work interventions
and why more specific measurement strategies are valuable in evaluating social work
interventions.

The care coordination interventions offered by social workers in this study included
discharge planning, linking patients with primary care providers, arranging follow up
visits, making follow up calls, and arranging home visits for discharged patients.
Previous researchers have termed social workers providing these types of interventions as
“transition coaches.”**>% |t has been suggested that using social workers to provide care
coordination-related interventions may be more cost-effective and less redundant than
using other healthcare personnel.**>-17 This might be due to the ability of social workers
to serve multiple functions within the health care setting, as well as their ability to
address complex patients’ social needs. The findings of this study provide evidence to
support the use of social workers in pursuing care coordination efforts among safety net
healthcare providers intending to reduce early post-discharge rehospitalizations and ED

visits among their patients. Moreover, the fact that our study shows that care coordination
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interventions are associated with reduced inpatient and ED visits suggests that the use of
social workers to provide these services may be a cost-effective solution to attaining the
Institute of Healthcare Improvement’s (IHI) “triple aim” of improving quality of care,
reducing costs, and effectively managing population health.

Our study showed that care coordination intervention is significantly associated with a
higher rate of missed outpatient appointments. This finding, however, should be
interpreted within the context of the care coordination intervention offered in our study
setting. In this study, care coordination intervention was largely provided to inpatients in
the form of discharge planning and arrangement of home visits and follow-up visits.
Therefore, it is conceivable that care coordinators might have been scheduling more post-
discharge appointments for admitted patients, and the patients are not keeping up with the
scheduled outpatient appointments. As such, the fact that care coordination was
significantly associated with a higher rate of missed outpatient appointments might
reflect a high rate of missed post-discharge appointments among patients in this study,
rather than the impact of care coordination intervention itself. Because missed
appointments have been shown to worsen health outcomes and complicate the care
delivery process,1%1:1%8-160 fytyre studies should investigate the factors associated with
missed appointments among patients receiving care coordination intervention.
Furthermore, our study showed that other social work interventions such as financial,
counseling, education, and transportation were not significantly associated with inpatient
and ED visits or rate of missed appointments. While these interventions may not be
associated with the utilization outcomes considered in this study, they may be associated

with other outcomes. Future studies should, therefore, explore other health outcomes that
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may be associated with specific social work interventions. Notably, the fact that this
study identified care coordination intervention as the only social work intervention
associated with lower inpatient and ED utilization means that health care organizations
should allocate more resources to help social workers provide better care coordination
services for their patients. Moreover, finding the specific social work intervention
potentially driving utilization outcomes will guide policymakers in making decisions
related to optimal utilization of social workers in clinical care.

Limitations

This study has limitations related to measurement and generalizability. Our study
participants are limited to patients from a single FQHC. The findings of our study may,
therefore, not be generalizable to the larger Indiana or US population. Furthermore,
although the social work intervention categories used in this study were derived from the
literature, the categorization process may not be exhaustive, making the omission of
certain interventions from our analysis likely. Also, although our fixed effects approach
controlled for observable and unobservable time-invariant covariates, certain unobserved
time-varying covariates may confound the findings of our study. However, the likelihood
of confounding by a time-varying covariate is reduced by the fact that we limited our
analysis to a period of 3 months before and 3 months after receiving a social work
intervention.

Conclusions

Social workers offer various types of interventions to address patients’ social needs. Care
coordination intervention offered by social workers provides an efficient path to attaining

the IHI’s “triple aim” of improving quality of care, reducing costs, and effectively
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managing population health. The findings of this study provide evidence to support the
use of social workers in pursuing care coordination efforts among safety net healthcare
providers intending to reduce early post-discharge rehospitalizations and ED visits among
their patients. Moreover, this study will inform policy makers on designing workflows for
social workers that assures optimum allocation of social work resources to improve

healthcare utilization outcomes.
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Chapter Five: Conclusion
The purpose of this dissertation was to investigate the role of social workers in addressing
patients’ social needs. To accomplish this, I derived a literature-based categorization
scheme for the social needs that lead to referral to social workers in a safety net
population; automated the categorization process using NLP; and evaluated co-
occurrence of the social needs using MBA. Next, | derived a literature-based
categorization scheme for social work interventions and used NLP, ML, and deep
learning to automate the classification process. Finally, | measured the impact of these
literature-derived social work intervention types on healthcare utilization outcomes,
mainly the count of inpatient and ED visits and the rate of missed outpatient
appointments. Each of these individual studies provided specific insights into social
needs and the provision of social work interventions in the health care setting. However,
three cross-cutting themes derived from these individual studies are relevant to current
health care practice and policy:
1. The ubiquity and diversity of the social needs leading to referral to social
workers in this study indicate a requirement for substantial level of organizational
efforts to address social needs. Furthermore, given that social needs commonly
co-occur, and patients with multiple co-occurring needs have worse health
outcomes than patients with single needs,**"161.162 health care organizations could
improve their ability to address social needs by developing packages of
interventions that simultaneously address co-occurring social needs. Moreover, as
recommended by the National Association of Social Workers (NASW),62

patients with multiple and complex social needs require differential use of more
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educated, skilled, and experienced social workers. Therefore, as health care
organizations continue employing social workers, in their efforts to comply with
the ever increasing mandates requiring them to address social needs, 13145362
determining the methods that will help them most effectively and efficiently
leverage the capabilities of social workers becomes paramount.

2. This study proves that text mining and data mining algorithms, such as NLP,
ML, and MBA, could improve health care organizations’ ability to harness the
capabilities of social workers to address patients’ complex social needs. To
illustrate, the social needs extraction and co-occurrence algorithms developed in
this study could be incorporated into an appropriate decision support system to
facilitate social workers’ ability to identify patients’ needs more efficiently,
thereby improving the workflow of social workers. For example, once one need is
identified the decision support system can prompt additional screening for other
potentially co-occurring social needs. Additionally, this study proves that
automated extraction of social work interventions could potentially facilitate
organizational efforts to evaluate the impact of social work activities. In this
study, I developed a literature-based classification scheme for social work
interventions, which | automated using text mining algorithms, and used the
classification scheme to analyze the outcomes of specific social work
interventions. Therefore, organizations can develop algorithms to extract social
work interventions from social workers’ documentations, which are largely in
unstructured format,®3%* and use those algorithms to make decisions related social

work resource allocation and social work staffing. Also, the automated algorithm
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can facilitate quick evaluation of the impact of specific social work interventions.
Importantly, however, the data | used to develop these algorithms came from a
single health system. Consequently, the generalizability of the findings of this
study is limited. Future studies should, therefore, explore using representative
samples to develop extraction algorithms for social needs and social work
interventions. Potentially, these generalizable algorithms can be incorporated into
decision support systems of major EHR vendors to aid organizational efforts to
address social needs.

3. This study contributes to a growing body of literature demonstrating the
impact of social work interventions on health outcomes. As the number of social
workers employed in the health care settings continues growing,*%? indicating
organizational efforts to utilize social workers’ expertise to address social needs,
and as policy debates around social workers’ reimbursement assumes greater
prominence, the need for conceptual clarity regarding the specific social work
activities driving population health becomes pivotal. The findings of this study
suggest that provision of care coordination intervention by social workers is
associated with lower post-discharge inpatient and ED utilization. This finding
offers support for the use of social workers in pursuing care coordination efforts
among safety net healthcare providers intending to reduce early post-discharge
rehospitalizations and ED visits among their patients. Because care coordination
in this study comprises multiple types of interventions, including discharge
planning, home visits, and case management. Future studies should investigate the

specific aspects of care coordination that are driving healthcare utilization
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outcomes. Future studies should also investigate the impact of care coordination,
as well as other social work interventions, on other health outcomes such as cost

of care, length of stay, and mortality, among others.

71



References
Heiman HJ, Artiga S. Beyond health care: the role of social determinants in
promoting health and health equity (2016). 20109.
https://pdfs.semanticscholar.org/5850/c7fd80fd5dbff6930a253ae2¢700d3b21640.pdf
WHO Commission on Social Determinants of Health, World Health Organization.
Closing the Gap in a Generation: Health Equity Through Action on the Social
Determinants of Health : Commission on Social Determinants of Health Final
Report. World Health Organization; 2008.
Seabrook JA, Avison WR. Socioeconomic Status and Cumulative Disadvantage
Processes across the Life Course: Implications for Health Outcomes. Canadian
Review of Sociology/Revue canadienne de sociologie. 2012;49(1):50-68.
d0i:10.1111/j.1755-618x.2011.01280.x
Marmot MG, Shipley MJ, Rose G. Inequalities in death—specific explanations of a
general pattern? The Lancet. 1984;323(8384):1003-1006. doi:10.1016/s0140-
6736(84)92337-7
Galea S, Tracy M, Hoggatt KJ, Dimaggio C, Karpati A. Estimated deaths
attributable to social factors in the United States. Am J Public Health.
2011;101(8):1456-1465.
Beck AF, Huang B, Chundur R, Kahn RS. Housing code violation density associated
with emergency department and hospital use by children with asthma. Health Aff .
2014;33(11):1993-2002.
CDSH. Closing the gap in a generation: health equity through action on the social

determinants of health: final report of the commission on social determinants of

72


http://paperpile.com/b/jfgI6w/tVTag
http://paperpile.com/b/jfgI6w/tVTag
https://pdfs.semanticscholar.org/5850/c7fd80fd5dbff6930a253ae2c700d3b21640.pdf
http://paperpile.com/b/jfgI6w/6bhSF
http://paperpile.com/b/jfgI6w/6bhSF
http://paperpile.com/b/jfgI6w/6bhSF
http://paperpile.com/b/jfgI6w/6bhSF
http://paperpile.com/b/jfgI6w/yptrQ
http://paperpile.com/b/jfgI6w/yptrQ
http://paperpile.com/b/jfgI6w/yptrQ
http://paperpile.com/b/jfgI6w/yptrQ
http://dx.doi.org/10.1111/j.1755-618x.2011.01280.x
http://paperpile.com/b/jfgI6w/NCAYa
http://paperpile.com/b/jfgI6w/NCAYa
http://dx.doi.org/10.1016/s0140-6736(84)92337-7
http://dx.doi.org/10.1016/s0140-6736(84)92337-7
http://paperpile.com/b/jfgI6w/WrHda
http://paperpile.com/b/jfgI6w/WrHda
http://paperpile.com/b/jfgI6w/WrHda
http://paperpile.com/b/jfgI6w/UU5rN
http://paperpile.com/b/jfgI6w/UU5rN
http://paperpile.com/b/jfgI6w/UU5rN
http://paperpile.com/b/jfgI6w/2hvZA
http://paperpile.com/b/jfgI6w/2hvZA

10.

11.

12.

13.

14.

health. 2008.
https://apps.who.int/iris/bitstream/handle/10665/43943/9789246563708 _en.pdf.
Craig SL, Betancourt I, Muskat B. Thinking big, supporting families and enabling
coping: the value of social work in patient and family centered health care. Soc Work
Health Care. 2015;54(5):422-443.

Fitzpatrick T, Rosella LC, Calzavara A, et al. Looking Beyond Income and
Education: Socioeconomic Status Gradients Among Future High-Cost Users of
Health Care. Am J Prev Med. 2015;49(2):161-171.

Anderson ES, Lippert S, Newberry J, Bernstein E, Alter HJ, Wang NE. Addressing
Social Determinants of Health from the Emergency Department through Social
Emergency Medicine. West J Emerg Med. 2016;17(4):487-4809.

Axelson DJ, Stull MJ, Coates WC. Social Determinants of Health: A Missing Link
in Emergency Medicine Training. AEM Educ Train. 2018;2(1):66-68.
Young-Bates L. 8 Trends for Healthcare in 2021. November 2020.
https://blogs.perficient.com/2020/11/11/8-trends-for-healthcare-in-2021/. Accessed
January 2, 2021.

Gusoff G, Fichtenberg C, Gottlieb LM. Professional Medical Association Policy
Statements on Social Health Assessments and Interventions. Perm J. 2018;22.
doi:10.7812/TPP/18-092

Medicaid Managed Care Plans and Access to Care: Results from the Kaiser Family
Foundation 2017 Survey of Medicaid Managed Care Plans. The Henry J. Kaiser

Family Foundation. https://www.kff.org/medicaid/report/medicaid-managed-care-

73


http://paperpile.com/b/jfgI6w/2hvZA
http://paperpile.com/b/jfgI6w/2hvZA
https://apps.who.int/iris/bitstream/handle/10665/43943/9789246563708_en.pdf
http://paperpile.com/b/jfgI6w/2hvZA
http://paperpile.com/b/jfgI6w/Lh9qJ
http://paperpile.com/b/jfgI6w/Lh9qJ
http://paperpile.com/b/jfgI6w/Lh9qJ
http://paperpile.com/b/jfgI6w/MHDIG
http://paperpile.com/b/jfgI6w/MHDIG
http://paperpile.com/b/jfgI6w/MHDIG
http://paperpile.com/b/jfgI6w/nyHZ5
http://paperpile.com/b/jfgI6w/nyHZ5
http://paperpile.com/b/jfgI6w/nyHZ5
http://paperpile.com/b/jfgI6w/CJPZc
http://paperpile.com/b/jfgI6w/CJPZc
http://paperpile.com/b/jfgI6w/PtuQH
http://paperpile.com/b/jfgI6w/PtuQH
https://blogs.perficient.com/2020/11/11/8-trends-for-healthcare-in-2021/
http://paperpile.com/b/jfgI6w/PtuQH
http://paperpile.com/b/jfgI6w/PtuQH
http://paperpile.com/b/jfgI6w/VOwQv
http://paperpile.com/b/jfgI6w/VOwQv
http://paperpile.com/b/jfgI6w/VOwQv
http://dx.doi.org/10.7812/TPP/18-092
http://paperpile.com/b/jfgI6w/LwOka
http://paperpile.com/b/jfgI6w/LwOka
http://paperpile.com/b/jfgI6w/LwOka
https://www.kff.org/medicaid/report/medicaid-managed-care-plans-and-access-to-care-results-from-the-kaiser-family-foundation-2017-survey-of-medicaid-managed-care-plans/

15.

16.

17.

18.

19.

20.

21.

plans-and-access-to-care-results-from-the-kaiser-family-foundation-2017-survey-of-
medicaid-managed-care-plans/. Published March 5, 2018. Accessed April 11, 2019.
Graham H. Social determinants and their unequal distribution: clarifying policy
understandings. Milbank Q. 2004;82(1):101-124.

Kilbourne AM, Switzer G, Hyman K, Crowley-Matoka M, Fine MJ. Advancing
Health Disparities Research Within the Health Care System: A Conceptual
Framework. American Journal of Public Health. 2006;96(12):2113-2121.
doi:10.2105/ajph.2005.077628

Stewart AL, Napoles-Springer AM. Advancing health disparities research: can we
afford to ignore measurement issues? Med Care. 2003;41(11):1207-1220.

Gottlieb L, Sandel M, Adler NE. Collecting and applying data on social
determinants of health in health care settings. JAMA Intern Med.
2013;173(11):1017-1020.

Slater D, Mohanty S, Friedman M. SDoH, Social Risk Factors, Social Needs. Health
Care Transformation Task Force. https://hcttf.org/wp-
content/uploads/2019/09/10.30.2019-SDOH-Social-risk-factors-social-needs-
Webinar-slides.pdf. Published October 3, 2019. Accessed December 20, 2019.

Capp R, Kelley L, Ellis P, et al. Reasons for Frequent Emergency Department Use
by Medicaid Enrollees: A Qualitative Study. Acad Emerg Med. 2016;23(4):476-481.
Malecha PW, Williams JH, Kunzler NM, Goldfrank LR, Alter HJ, Doran KM.
Material Needs of Emergency Department Patients: A Systematic Review. Acad

Emerg Med. 2018;25(3):330-359.

74


https://www.kff.org/medicaid/report/medicaid-managed-care-plans-and-access-to-care-results-from-the-kaiser-family-foundation-2017-survey-of-medicaid-managed-care-plans/
https://www.kff.org/medicaid/report/medicaid-managed-care-plans-and-access-to-care-results-from-the-kaiser-family-foundation-2017-survey-of-medicaid-managed-care-plans/
http://paperpile.com/b/jfgI6w/LwOka
http://paperpile.com/b/jfgI6w/3MgWd
http://paperpile.com/b/jfgI6w/3MgWd
http://paperpile.com/b/jfgI6w/EwWSw
http://paperpile.com/b/jfgI6w/EwWSw
http://paperpile.com/b/jfgI6w/EwWSw
http://paperpile.com/b/jfgI6w/EwWSw
http://dx.doi.org/10.2105/ajph.2005.077628
http://paperpile.com/b/jfgI6w/jyIRc
http://paperpile.com/b/jfgI6w/jyIRc
http://paperpile.com/b/jfgI6w/eQnqa
http://paperpile.com/b/jfgI6w/eQnqa
http://paperpile.com/b/jfgI6w/eQnqa
http://paperpile.com/b/jfgI6w/T2Ave
http://paperpile.com/b/jfgI6w/T2Ave
https://hcttf.org/wp-content/uploads/2019/09/10.30.2019-SDOH-Social-risk-factors-social-needs-Webinar-slides.pdf.
https://hcttf.org/wp-content/uploads/2019/09/10.30.2019-SDOH-Social-risk-factors-social-needs-Webinar-slides.pdf.
https://hcttf.org/wp-content/uploads/2019/09/10.30.2019-SDOH-Social-risk-factors-social-needs-Webinar-slides.pdf.
http://paperpile.com/b/jfgI6w/T2Ave
http://paperpile.com/b/jfgI6w/4Z1tF
http://paperpile.com/b/jfgI6w/4Z1tF
http://paperpile.com/b/jfgI6w/kv0m5
http://paperpile.com/b/jfgI6w/kv0m5
http://paperpile.com/b/jfgI6w/kv0m5

22.

23.

24,

25.

26.

217.

28.

29.

Semple-Hess JE, Pham PK, Cohen SA, Liberman DB. Community Resource Needs
Assessment Among Families Presenting to a Pediatric Emergency Department. Acad
Pediatr. November 2018. doi:10.1016/j.acap.2018.11.009

Singh Ospina N, Phillips KA, Rodriguez-Gutierrez R, et al. Eliciting the Patient’s
Agenda- Secondary Analysis of Recorded Clinical Encounters. J Gen Intern Med.
2019;34(1):36-40.

Bottino CJ, Rhodes ET, Kreatsoulas C, Cox JE, Fleegler EW. Food Insecurity
Screening in Pediatric Primary Care: Can Offering Referrals Help Identify Families
in Need? Acad Pediatr. 2017;17(5):497-503.

Hassan A, Scherer EA, Pikcilingis A, et al. Improving Social Determinants of
Health: Effectiveness of a Web-Based Intervention. Am J Prev Med.
2015;49(6):822-831.

Gold R, Bunce A, Cowburn S, et al. Adoption of Social Determinants of Health
EHR Tools by Community Health Centers. Ann Fam Med. 2018;16(5):399-407.
Benjamin RM. National Prevention Strategy: America’s Plan for Better Health and
Wellness. DIANE Publishing; 2011.

Institute of Medicine, Board on Population Health and Public Health Practice,
Roundtable on Population Health Improvement. Population Health Implications of
the Affordable Care Act: Workshop Summary. National Academies Press; 2014.
Centers for Medicare & Medicaid Services. The Accountable Health Communities
Health-Related Social Needs Screening Tool.

https://innovation.cms.gov/files/worksheets/ahcm-screeningtool.pdf.

75


http://paperpile.com/b/jfgI6w/1CWZX
http://paperpile.com/b/jfgI6w/1CWZX
http://paperpile.com/b/jfgI6w/1CWZX
http://dx.doi.org/10.1016/j.acap.2018.11.009
http://paperpile.com/b/jfgI6w/Tctgw
http://paperpile.com/b/jfgI6w/Tctgw
http://paperpile.com/b/jfgI6w/Tctgw
http://paperpile.com/b/jfgI6w/4eTxj
http://paperpile.com/b/jfgI6w/4eTxj
http://paperpile.com/b/jfgI6w/4eTxj
http://paperpile.com/b/jfgI6w/fz7pK
http://paperpile.com/b/jfgI6w/fz7pK
http://paperpile.com/b/jfgI6w/fz7pK
http://paperpile.com/b/jfgI6w/t36Qw
http://paperpile.com/b/jfgI6w/t36Qw
http://paperpile.com/b/jfgI6w/9LPSQ
http://paperpile.com/b/jfgI6w/9LPSQ
http://paperpile.com/b/jfgI6w/ITsvI
http://paperpile.com/b/jfgI6w/ITsvI
http://paperpile.com/b/jfgI6w/ITsvI
http://paperpile.com/b/jfgI6w/LIW9B
http://paperpile.com/b/jfgI6w/LIW9B
https://innovation.cms.gov/files/worksheets/ahcm-screeningtool.pdf
http://paperpile.com/b/jfgI6w/LIW9B

30.

31.

32.

33.

34.

CMS’ Accountable Health Communities Model selects 32 participants to serve as
local “hubs” linking clinical and community services | CMS. Centers for Medicare
and Medicaid Services. https://www.cms.gov/newsroom/press-releases/cms-
accountable-health-communities-model-selects-32-participants-serve-local-hubs-
linking-clinical. Published April 2017. Accessed December 26, 2019.

The State Innovation Models (SIM) Program: A Look at Round 2 Grantees,. Kaiser
Family Foundation. http://kff.org/medicaid/fact-sheet/the-state-innovation-models-
sim-program-a-look-at-round-2-grantees/. Published September 2015. Accessed
December 26, 2019.

Centers for Medicare & Medicaid Services. https://www.medicaid.gov/Medicaid-
CHIP-Program-Information/By-Topics/Waivers/1115/downloads/hi/hi-quest-
expanded-ca.pdf. Published July 31, 2019.

Gifford K, Ellis E, Edwards BC, et al. Medicaid Moving Ahead in Uncertain Times:
Results from a 50-State Medicaid Budget Survey for State Fiscal Years 2017 and
2018. Kaiser Family Foundation. https://www.kff.org/medicaid/report/medicaid-
moving-ahead-in-uncertain-times-results-from-a-50-state-medicaid-budget-survey-
for-state-fiscal-years-2017-and-2018/. Published October 19, 2017. Accessed
December 27, 2019.

DeMars C. Oregon Bridges The Gap Between Health Care And Community-Based
Health | Health Affairs. February 2015.
https://www.healthaffairs.org/do/10.1377/hblog20150212.044497/full/. Accessed

December 26, 2019.

76


http://paperpile.com/b/jfgI6w/INoN3
http://paperpile.com/b/jfgI6w/INoN3
http://paperpile.com/b/jfgI6w/INoN3
https://www.cms.gov/newsroom/press-releases/cms-accountable-health-communities-model-selects-32-participants-serve-local-hubs-linking-clinical.
https://www.cms.gov/newsroom/press-releases/cms-accountable-health-communities-model-selects-32-participants-serve-local-hubs-linking-clinical.
https://www.cms.gov/newsroom/press-releases/cms-accountable-health-communities-model-selects-32-participants-serve-local-hubs-linking-clinical.
http://paperpile.com/b/jfgI6w/INoN3
http://paperpile.com/b/jfgI6w/DKae9
http://paperpile.com/b/jfgI6w/DKae9
http://kff.org/medicaid/fact-sheet/the-state-innovation-models-sim-program-a-look-at-round-2-grantees/
http://kff.org/medicaid/fact-sheet/the-state-innovation-models-sim-program-a-look-at-round-2-grantees/
http://paperpile.com/b/jfgI6w/DKae9
http://paperpile.com/b/jfgI6w/DKae9
http://paperpile.com/b/jfgI6w/U1nGG
https://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Waivers/1115/downloads/hi/hi-quest-expanded-ca.pdf.
https://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Waivers/1115/downloads/hi/hi-quest-expanded-ca.pdf.
https://www.medicaid.gov/Medicaid-CHIP-Program-Information/By-Topics/Waivers/1115/downloads/hi/hi-quest-expanded-ca.pdf.
http://paperpile.com/b/jfgI6w/U1nGG
http://paperpile.com/b/jfgI6w/eIzlT
http://paperpile.com/b/jfgI6w/eIzlT
http://paperpile.com/b/jfgI6w/eIzlT
https://www.kff.org/medicaid/report/medicaid-moving-ahead-in-uncertain-times-results-from-a-50-state-medicaid-budget-survey-for-state-fiscal-years-2017-and-2018/
https://www.kff.org/medicaid/report/medicaid-moving-ahead-in-uncertain-times-results-from-a-50-state-medicaid-budget-survey-for-state-fiscal-years-2017-and-2018/
https://www.kff.org/medicaid/report/medicaid-moving-ahead-in-uncertain-times-results-from-a-50-state-medicaid-budget-survey-for-state-fiscal-years-2017-and-2018/
http://paperpile.com/b/jfgI6w/eIzlT
http://paperpile.com/b/jfgI6w/eIzlT
http://paperpile.com/b/jfgI6w/X5bH7
http://paperpile.com/b/jfgI6w/X5bH7
https://www.healthaffairs.org/do/10.1377/hblog20150212.044497/full/
http://paperpile.com/b/jfgI6w/X5bH7
http://paperpile.com/b/jfgI6w/X5bH7

35. Kushner J, Tracy K, Lind B, Renfro S, Rowland R, McConnell J. Evaluation of
Oregon’s 2012-2017 Medicaid Waiver.; 2017.
https://www.oregon.gov/oha/HPA/ANALY TICS/Evaluation%20docs/Summative%?2
OMedicaid%20Waiver%20Evaluation%20-%20Final%20Report.pdf.

36. Matulis R, Lloyd J. The History, Evolution, and Future of Medicaid Accountable
Care Organizations. Center for Health Care Strategies.
https://www.chcs.org/resource/history-evolution-future-medicaid-accountable-care-
organizations/. Published February 27, 2018. Accessed December 26, 2019.

37. Guyer J, Shine N, Rudowitz R, Gates A. Key Themes From Delivery System
Reform Incentive Payment (DSRIP) Waivers in 4 States. Kaiser Family Foundation.
http://files.kff.org/attachment/issue-brief-key-themes-from-delivery-system-reform-
incentive-payment-dsrip-waivers-in-4-states. Published April 2015. Accessed
December 12, 2019.

38. Hagan JF, Shaw JS, Duncan PM. Bright Futures: Guidelines for Health Supervision
of Infants, Children, and Adolescents. Amer Academy of Pediatrics; 2008.

39. About the PRAPARE Assessment Tool - NACHC. NACHC.
http://www.nachc.org/research-and-data/prapare/about-the-prapare-assessment-tool/.
Accessed April 11, 2019.

40. The EveryONE Project Tool Kit. https://www.aafp.org/patient-care/social-
determinants-of-health/everyone-project/eop-tools.html. Published August 28, 2018.
Accessed December 27, 2019.

41. CLEAR Collaboration. CLEAR Collaboration. https://www.mcgill.ca/clear/.

Accessed December 27, 2019.

77


http://paperpile.com/b/jfgI6w/2gLMr
http://paperpile.com/b/jfgI6w/2gLMr
https://www.oregon.gov/oha/HPA/ANALYTICS/Evaluation%20docs/Summative%20Medicaid%20Waiver%20Evaluation%20-%20Final%20Report.pdf
https://www.oregon.gov/oha/HPA/ANALYTICS/Evaluation%20docs/Summative%20Medicaid%20Waiver%20Evaluation%20-%20Final%20Report.pdf
http://paperpile.com/b/jfgI6w/2gLMr
http://paperpile.com/b/jfgI6w/nRdAW
http://paperpile.com/b/jfgI6w/nRdAW
https://www.chcs.org/resource/history-evolution-future-medicaid-accountable-care-organizations/
https://www.chcs.org/resource/history-evolution-future-medicaid-accountable-care-organizations/
http://paperpile.com/b/jfgI6w/nRdAW
http://paperpile.com/b/jfgI6w/KFwK8
http://paperpile.com/b/jfgI6w/KFwK8
http://files.kff.org/attachment/issue-brief-key-themes-from-delivery-system-reform-incentive-payment-dsrip-waivers-in-4-states.
http://files.kff.org/attachment/issue-brief-key-themes-from-delivery-system-reform-incentive-payment-dsrip-waivers-in-4-states.
http://paperpile.com/b/jfgI6w/KFwK8
http://paperpile.com/b/jfgI6w/KFwK8
http://paperpile.com/b/jfgI6w/tAQCV
http://paperpile.com/b/jfgI6w/tAQCV
http://paperpile.com/b/jfgI6w/7WLuE
http://paperpile.com/b/jfgI6w/7WLuE
http://www.nachc.org/research-and-data/prapare/about-the-prapare-assessment-tool/
http://paperpile.com/b/jfgI6w/7WLuE
http://paperpile.com/b/jfgI6w/7WLuE
http://paperpile.com/b/jfgI6w/E4S6o
https://www.aafp.org/patient-care/social-determinants-of-health/everyone-project/eop-tools.html.
https://www.aafp.org/patient-care/social-determinants-of-health/everyone-project/eop-tools.html.
http://paperpile.com/b/jfgI6w/E4S6o
http://paperpile.com/b/jfgI6w/E4S6o
http://paperpile.com/b/jfgI6w/y71KP
https://www.mcgill.ca/clear/
http://paperpile.com/b/jfgI6w/y71KP
http://paperpile.com/b/jfgI6w/y71KP

42.

43.

44,

45,

46.

47.

Deloitte Center for Health Solutions. Social determinants of health: How are
hospitals and health systems investing in and addressing social needs?
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/life-sciences-health-
care/us-Ishc-addressing-social-determinants-of-health.pdf. Published 2017. Accessed
December 27, 2019.

Screening for Social Needs: Guiding Care Teams to Engage Patients. American
Hospital Association.
https://www.aha.org/system/files/media/file/2019/09/screening-for-social-needs-
tool-value-initiative-rev-9-26-2019.pdf. Published 2019. Accessed January 9, 2020.
Shankar KN. Social Outreach in the Emergency Department: Are We Doing
Enough? Ann Emerg Med. 2015;66(3):341-342.

Going beyond clinical walls: Solving complex problems. Institute for Clinical
Systems Improvement. https://www.nrhi.org/uploads/going-beyond-clinical-walls-
solving-complex-problems.pdf. Published 2014. Accessed January 9, 2021.
Winfield L, DeSalvo K, Muhlestein D. Social determinants matter, but who is
responsible? 2017 physician survey on social determinants of health. Salt Lake City
Leavitt Partners. 2018. https://leavittpartners.com/whitepaper/social-determinants-
matter-but-who-is-responsible/.

Health Care’s Blind Side: The overlooked connection between social needs and
good health. https://www.rwjf.org/en/library/research/2011/12/health-care-s-blind-

side.html. Published December 1, 2011. Accessed January 9, 2021.

78


http://paperpile.com/b/jfgI6w/qG4tt
http://paperpile.com/b/jfgI6w/qG4tt
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/life-sciences-health-care/us-lshc-addressing-social-determinants-of-health.pdf.
https://www2.deloitte.com/content/dam/Deloitte/us/Documents/life-sciences-health-care/us-lshc-addressing-social-determinants-of-health.pdf.
http://paperpile.com/b/jfgI6w/qG4tt
http://paperpile.com/b/jfgI6w/qG4tt
http://paperpile.com/b/jfgI6w/xZR1
http://paperpile.com/b/jfgI6w/xZR1
https://www.aha.org/system/files/media/file/2019/09/screening-for-social-needs-tool-value-initiative-rev-9-26-2019.pdf.
https://www.aha.org/system/files/media/file/2019/09/screening-for-social-needs-tool-value-initiative-rev-9-26-2019.pdf.
http://paperpile.com/b/jfgI6w/xZR1
http://paperpile.com/b/jfgI6w/EdUS
http://paperpile.com/b/jfgI6w/EdUS
http://paperpile.com/b/jfgI6w/TzLx
http://paperpile.com/b/jfgI6w/TzLx
https://www.nrhi.org/uploads/going-beyond-clinical-walls-solving-complex-problems.pdf.
https://www.nrhi.org/uploads/going-beyond-clinical-walls-solving-complex-problems.pdf.
http://paperpile.com/b/jfgI6w/TzLx
http://paperpile.com/b/jfgI6w/hIG8
http://paperpile.com/b/jfgI6w/hIG8
http://paperpile.com/b/jfgI6w/hIG8
https://leavittpartners.com/whitepaper/social-determinants-matter-but-who-is-responsible/
https://leavittpartners.com/whitepaper/social-determinants-matter-but-who-is-responsible/
http://paperpile.com/b/jfgI6w/hIG8
http://paperpile.com/b/jfgI6w/YHDD
http://paperpile.com/b/jfgI6w/YHDD
https://www.rwjf.org/en/library/research/2011/12/health-care-s-blind-side.html.
https://www.rwjf.org/en/library/research/2011/12/health-care-s-blind-side.html.
http://paperpile.com/b/jfgI6w/YHDD

48.

49,

50.

Y

52.

53.

54,

55.

Kusnoor SV, Koonce TY, Hurley ST, et al. Collection of social determinants of
health in the community clinic setting: a cross-sectional study. BMC Public Health.
2018;18(1):550.

lezzoni LI, Barreto EA, Wint AJ, Hong CSK, Donelan K. Development and
Preliminary Testing of the Health in Community Survey. Journal of Health Care for
the Poor and Underserved. 2015;26(1):134-153. doi:10.1353/hpu.2015.0023

House AA. Intimate partner violence. CMAJ. 2015;187(17):1312.

Craig SL, Bejan R, Muskat B. Making the invisible visible: are health social workers
addressing the social determinants of health? Soc Work Health Care.
2013;52(4):311-331.

Keefe B, Geron SM, Enguidanos S. Integrating social workers into primary care:
physician and nurse perceptions of roles, benefits, and challenges. Soc Work Health
Care. 2009;48(6):579-596.

National Association of Social Workers, Center for Workforce Studies. Assuring the
Sufficiency of a Frontline Workforce: A National Study of Licensed Social Workers ;
Executive Summary.; 2006.

Ruth BJ, Wachman MK, Marshall JW, et al. Health in All Social Work Programs:
Findings From a US National Analysis. Am J Public Health. 2017;107(S3):S267-
S273.

Rogge ME, Cox ME. The Person-in-Environment Perspective in Social Work
Journals. Journal of Social Service Research. 2002;28(2):47-68.

doi:10.1300/j079v28n02_03

79


http://paperpile.com/b/jfgI6w/cMzeK
http://paperpile.com/b/jfgI6w/cMzeK
http://paperpile.com/b/jfgI6w/cMzeK
http://paperpile.com/b/jfgI6w/a8ZmI
http://paperpile.com/b/jfgI6w/a8ZmI
http://paperpile.com/b/jfgI6w/a8ZmI
http://dx.doi.org/10.1353/hpu.2015.0023
http://paperpile.com/b/jfgI6w/2FMCL
http://paperpile.com/b/jfgI6w/8eBnm
http://paperpile.com/b/jfgI6w/8eBnm
http://paperpile.com/b/jfgI6w/8eBnm
http://paperpile.com/b/jfgI6w/0P6Pn
http://paperpile.com/b/jfgI6w/0P6Pn
http://paperpile.com/b/jfgI6w/0P6Pn
http://paperpile.com/b/jfgI6w/Ud4B
http://paperpile.com/b/jfgI6w/Ud4B
http://paperpile.com/b/jfgI6w/Ud4B
http://paperpile.com/b/jfgI6w/4zqCy
http://paperpile.com/b/jfgI6w/4zqCy
http://paperpile.com/b/jfgI6w/4zqCy
http://paperpile.com/b/jfgI6w/eYPSE
http://paperpile.com/b/jfgI6w/eYPSE
http://paperpile.com/b/jfgI6w/eYPSE
http://dx.doi.org/10.1300/j079v28n02_03

56.

S7.

58.

59.

60.

61.

62.

63.

Claiborne N, Vandenburgh H. Social Workers’ Role in Disease Management. Health
& Social Work. 2001;26(4):217-225. doi:10.1093/hsw/26.4.217

Bradford D. The Biopsychosocial Approach: Past, Present, and Future. Psychiatric
Services. 2005;56(11):1466 - a. doi:10.1176/appi.ps.56.11.1466-a

Mizrahi T, Abramson JS. Collaboration between social workers and physicians:
perspectives on a shared case. Soc Work Health Care. 2000;31(3):1-24.

National Academies of Sciences, Engineering, and Medicine. Integrating Social
Care into the Delivery of Health Care: Moving Upstream to Improve the Nation’s
Health. Washington, DC: The National Academies Press; 20109.

Asquith S, Clark CL, Waterhouse L. The Role of the Social Worker in the 21st
Century: A Literature Review. Scottish Executive Education Department Edinburgh;
2005.

Vest JR, Harris LE, Haut DP, Halverson PK, Menachemi N. Indianapolis Provider’s
Use Of Wraparound Services Associated With Reduced Hospitalizations And
Emergency Department Visits. Health Affairs. 2018;37(10):1555-1561.
doi:10.1377/hlthaff.2018.0075

Salsberg E, Quigley L, Acquaviva K, Wyche K, Sliwa S. Results of the nationwide
survey of 2017 social work graduates: The national social work workforce study.
April 2018.
https://www.socialworkers.org/LinkClick.aspx?fileticket=C0r5P1zkMbQ%3D &port
alid=0.

Vest JR, Grannis SJ, Haut DP, Halverson PK, Menachemi N. Using structured and

unstructured data to identify patients’ need for services that address the social

80


http://paperpile.com/b/jfgI6w/RXhzx
http://paperpile.com/b/jfgI6w/RXhzx
http://dx.doi.org/10.1093/hsw/26.4.217
http://paperpile.com/b/jfgI6w/tPxom
http://paperpile.com/b/jfgI6w/tPxom
http://dx.doi.org/10.1176/appi.ps.56.11.1466-a
http://paperpile.com/b/jfgI6w/IhzvN
http://paperpile.com/b/jfgI6w/IhzvN
http://paperpile.com/b/jfgI6w/04fMg
http://paperpile.com/b/jfgI6w/04fMg
http://paperpile.com/b/jfgI6w/04fMg
http://paperpile.com/b/jfgI6w/tdDEh
http://paperpile.com/b/jfgI6w/tdDEh
http://paperpile.com/b/jfgI6w/tdDEh
http://paperpile.com/b/jfgI6w/vYqEB
http://paperpile.com/b/jfgI6w/vYqEB
http://paperpile.com/b/jfgI6w/vYqEB
http://paperpile.com/b/jfgI6w/vYqEB
http://dx.doi.org/10.1377/hlthaff.2018.0075
http://paperpile.com/b/jfgI6w/l7tP
http://paperpile.com/b/jfgI6w/l7tP
http://paperpile.com/b/jfgI6w/l7tP
http://paperpile.com/b/jfgI6w/l7tP
https://www.socialworkers.org/LinkClick.aspx?fileticket=C0r5P1zkMbQ%3D&portalid=0
https://www.socialworkers.org/LinkClick.aspx?fileticket=C0r5P1zkMbQ%3D&portalid=0
http://paperpile.com/b/jfgI6w/l7tP
http://paperpile.com/b/jfgI6w/lSxSv
http://paperpile.com/b/jfgI6w/lSxSv

64.

65.

66.

67.

68.

69.

70.

determinants of health. International Journal of Medical Informatics. 2017;107:101-
106. doi:10.1016/j.ijmedinf.2017.09.008

National Association of Social Workers. Clinical Documentation.
https://cdn.ymaws.com/www.naswoh.org/resource/resmgr/Private_Practice/Clinical_
Documentation_NASW __.pdf. Accessed November 6, 2020.

Kim EJ, Abrahams S, Uwemedimo O, Conigliaro J. Prevalence of Social
Determinants of Health and Associations of Social Needs Among United States
Adults, 2011-2014. Journal of General Internal Medicine. 2019.
d0i:10.1007/s11606-019-05362-3

Hatef E, Rouhizadeh M, Tia I, et al. Assessing the Availability of Data on Social and
Behavioral Determinants in Structured and Unstructured Electronic Health Records:
A Retrospective Analysis of a Multilevel Health Care System. JMIR Med Inform.
2019;7(3):e13802.

Rock BD, Cooper M. Social work in primary care: a demonstration student unit
utilizing practice research. Soc Work Health Care. 2000;31(1):1-17.

Matalon A, Yaphe J, Nahmani T, Maoz B, Portuguez-Chitrit N. The effect of a
multi-disciplinary integrative intervention on health status and general health
perception in primary care frequent attenders. Fam Syst Health. 2009;27(1):77-84.
Rose SM, Hatzenbuehler S, Gilbert E, Bouchard MP, McGill D. A Population
Health Approach to Clinical Social Work with Complex Patients in Primary Care.
Health Soc Work. 2016;41(2):93-100.

Matalon A. A short-term intervention in a multidisciplinary referral clinic for

primary care frequent attenders: description of the model, patient characteristics and

81


http://paperpile.com/b/jfgI6w/lSxSv
http://paperpile.com/b/jfgI6w/lSxSv
http://dx.doi.org/10.1016/j.ijmedinf.2017.09.008
http://paperpile.com/b/jfgI6w/BN8yx
http://paperpile.com/b/jfgI6w/BN8yx
https://cdn.ymaws.com/www.naswoh.org/resource/resmgr/Private_Practice/Clinical_Documentation_NASW_.pdf.
https://cdn.ymaws.com/www.naswoh.org/resource/resmgr/Private_Practice/Clinical_Documentation_NASW_.pdf.
http://paperpile.com/b/jfgI6w/BN8yx
http://paperpile.com/b/jfgI6w/9ugHg
http://paperpile.com/b/jfgI6w/9ugHg
http://paperpile.com/b/jfgI6w/9ugHg
http://paperpile.com/b/jfgI6w/9ugHg
http://dx.doi.org/10.1007/s11606-019-05362-3
http://paperpile.com/b/jfgI6w/7xuFX
http://paperpile.com/b/jfgI6w/7xuFX
http://paperpile.com/b/jfgI6w/7xuFX
http://paperpile.com/b/jfgI6w/7xuFX
http://paperpile.com/b/jfgI6w/8n0tQ
http://paperpile.com/b/jfgI6w/8n0tQ
http://paperpile.com/b/jfgI6w/FeTB2
http://paperpile.com/b/jfgI6w/FeTB2
http://paperpile.com/b/jfgI6w/FeTB2
http://paperpile.com/b/jfgI6w/qx84P
http://paperpile.com/b/jfgI6w/qx84P
http://paperpile.com/b/jfgI6w/qx84P
http://paperpile.com/b/jfgI6w/8MZck
http://paperpile.com/b/jfgI6w/8MZck

71.

72.

73.

74.

75.

76.

their use of medical resources. Family Practice. 2002;19(3):251-256.
doi:10.1093/fampra/19.3.251

Ofman JJ, Sullivan SD, Neumann PJ, et al. Examining the value and quality of
health economic analyses: implications of utilizing the QHES. J Manag Care
Pharm. 2003;9(1):53-61.

Patel B, Sheridan P, Detjen P, et al. Success of a Comprehensive School-Based
Asthma Intervention on Clinical Markers and Resource Utilization for Inner-City
Children with Asthma in Chicago: The Mobile C.A.R.E. Foundation’s Asthma
Management Program. Journal of Asthma. 2007;44(2):113-118.
doi:10.1080/02770900601182343

Eggert GM, Zimmer JG, Hall WJ, Friedman B. Case management: a randomized
controlled study comparing a neighborhood team and a centralized individual model.
Health Serv Res. 1991;26(4):471-507.

Safren SA, O’Cleirigh CM, Skeer M, Elsesser SA, Mayer KH. Project enhance: A
randomized controlled trial of an individualized HIV prevention intervention for
HIV-infected men who have sex with men conducted in a primary care setting.
Health Psychology. 2013;32(2):171-179. doi:10.1037/a0028581

Kaufman A. Theory vs Practice: Should Primary Care Practice Take on Social
Determinants of Health Now? Yes. Ann Fam Med. 2016;14(2):100-101.

Lewis JH, Whelihan K, Navarro I, Boyle KR, SDH Card Study Implementation
Team. Community health center provider ability to identify, treat and account for the

social determinants of health: a card study. BMC Fam Pract. 2016;17:121.

82


http://paperpile.com/b/jfgI6w/8MZck
http://paperpile.com/b/jfgI6w/8MZck
http://dx.doi.org/10.1093/fampra/19.3.251
http://paperpile.com/b/jfgI6w/0CUQw
http://paperpile.com/b/jfgI6w/0CUQw
http://paperpile.com/b/jfgI6w/0CUQw
http://paperpile.com/b/jfgI6w/Oy0u4
http://paperpile.com/b/jfgI6w/Oy0u4
http://paperpile.com/b/jfgI6w/Oy0u4
http://paperpile.com/b/jfgI6w/Oy0u4
http://paperpile.com/b/jfgI6w/Oy0u4
http://dx.doi.org/10.1080/02770900601182343
http://paperpile.com/b/jfgI6w/zR3rS
http://paperpile.com/b/jfgI6w/zR3rS
http://paperpile.com/b/jfgI6w/zR3rS
http://paperpile.com/b/jfgI6w/9qSXF
http://paperpile.com/b/jfgI6w/9qSXF
http://paperpile.com/b/jfgI6w/9qSXF
http://paperpile.com/b/jfgI6w/9qSXF
http://dx.doi.org/10.1037/a0028581
http://paperpile.com/b/jfgI6w/BfxTD
http://paperpile.com/b/jfgI6w/BfxTD
http://paperpile.com/b/jfgI6w/GaWPb
http://paperpile.com/b/jfgI6w/GaWPb
http://paperpile.com/b/jfgI6w/GaWPb

77.

78.

79.

80.

81.

82.

83.

84.

Robinson T, Bryan L, Johnson V, McFadden T, Lazarus S, Simon HK. Hunger: A
Missed Opportunity for Screening in the Pediatric Emergency Department. Clin
Pediatr . 2018;57(11):1318-1325.

Solberg LI. Theory vs Practice: Should Primary Care Practice Take on Social
Determinants of Health Now? No. The Annals of Family Medicine. 2016;14(2):102-
103. doi:10.1370/afm.1918

Lee J, Korba C. Social determinants of health: how are hospitals and health systems
investing in and addressing social needs?[Internet]. New York (NY): Deloitte Center
.... Available from: www2 deloitte com/content/dam.

Behforouz HL, Drain PK, Rhatigan JJ. Rethinking the social history. N Engl J Med.
2014;371(14):1277-1279.

Guo Y, LeDay-Jacobs C, Palmer JL, Bruera E. Psychosocial Assessment of Patients
Who Have Undergone Inpatient Cancer Rehabilitation. Am J Hosp Palliat Care.
2007;24(3):196-201.

Zittel-Palamara K, Fabiano JA, Davis EL, Waldrop DP, Wysocki JA, Goldberg LJ.
Improving patient retention and access to oral health care: the CARES program. J
Dent Educ. 2005;69(8):912-918.

Beck AF, Henize AW, Kahn RS, Reiber KL, Young JJ, Klein MD. Forging a
pediatric primary care-community partnership to support food-insecure families.
Pediatrics. 2014;134(2):e564-e571.

Zielinski S, Paradis HA, Herendeen P, Barbel P. The Identification of Psychosocial
Risk Factors Associated With Child Neglect Using the WE-CARE Screening Tool in

a High-Risk Population. J Pediatr Health Care. 2017;31(4):470-475.

83


http://paperpile.com/b/jfgI6w/URSbD
http://paperpile.com/b/jfgI6w/URSbD
http://paperpile.com/b/jfgI6w/URSbD
http://paperpile.com/b/jfgI6w/9hyDo
http://paperpile.com/b/jfgI6w/9hyDo
http://paperpile.com/b/jfgI6w/9hyDo
http://dx.doi.org/10.1370/afm.1918
http://paperpile.com/b/jfgI6w/VkYvc
http://paperpile.com/b/jfgI6w/VkYvc
http://paperpile.com/b/jfgI6w/VkYvc
http://paperpile.com/b/jfgI6w/6frav
http://paperpile.com/b/jfgI6w/6frav
http://paperpile.com/b/jfgI6w/he7lI
http://paperpile.com/b/jfgI6w/he7lI
http://paperpile.com/b/jfgI6w/he7lI
http://paperpile.com/b/jfgI6w/dFPR9
http://paperpile.com/b/jfgI6w/dFPR9
http://paperpile.com/b/jfgI6w/dFPR9
http://paperpile.com/b/jfgI6w/QbnFt
http://paperpile.com/b/jfgI6w/QbnFt
http://paperpile.com/b/jfgI6w/QbnFt
http://paperpile.com/b/jfgI6w/rzqxl
http://paperpile.com/b/jfgI6w/rzqxl
http://paperpile.com/b/jfgI6w/rzqxl

85.

86.

87.

88.

89.

90.

91.

92.

Colombini M, Dockerty C, Mayhew SH. Barriers and facilitators to integrating
health service responses to intimate partner violence in low-and middle-income
countries: A comparative health systems and service analysis. Stud Fam Plann.
2017;48(2):179-200.

Rabovsky AJ, Rothberg MB, Rose SL, Brateanu A, Kou L, Misra-Hebert AD.
Content and Outcomes of Social Work Consultation for Patients with Diabetes in
Primary Care. J Am Board Fam Med. 2017;30(1):35-43.

Matthieu MM, Gardiner G, Ziegemeier E, Buxton M. Using a service sector
segmented approach to identify community stakeholders who can improve access to
suicide prevention services for veterans. Mil Med. 2014;179(4):388-395.

Hofmann M, Klinkenberg R. RapidMiner: Data Mining Use Cases and Business
Analytics Applications. CRC Press; 2013.

Porter M. The Porter stemming algorithm, 2005. URL http://www tartarus
org/martin/PorterStemmer. 2008.

Ganti V, Gehrke J, Ramakrishnan R. Mining very large databases. Computer .
1999;32(8):38-45.

Jayawardene WP, YoussefAgha AH. Multiple and substitute addictions involving
prescription drugs misuse among 12th graders: gateway theory revisited with Market
Basket Analysis. J Addict Med. 2014;8(2):102-110.

Hahn JE. Using nursing intervention classification in an advance practice registered
nurse—led preventive model for adults aging with developmental disabilities. J Nurs

Scholarsh. 2014. https://onlinelibrary.wiley.com/doi/pdf/10.1111/jnu.12085.

84


http://paperpile.com/b/jfgI6w/xXfat
http://paperpile.com/b/jfgI6w/xXfat
http://paperpile.com/b/jfgI6w/xXfat
http://paperpile.com/b/jfgI6w/xXfat
http://paperpile.com/b/jfgI6w/owVnE
http://paperpile.com/b/jfgI6w/owVnE
http://paperpile.com/b/jfgI6w/owVnE
http://paperpile.com/b/jfgI6w/NzNUO
http://paperpile.com/b/jfgI6w/NzNUO
http://paperpile.com/b/jfgI6w/NzNUO
http://paperpile.com/b/jfgI6w/fPRXW
http://paperpile.com/b/jfgI6w/fPRXW
http://paperpile.com/b/jfgI6w/iL25J
http://paperpile.com/b/jfgI6w/iL25J
http://paperpile.com/b/jfgI6w/z9zsw
http://paperpile.com/b/jfgI6w/z9zsw
http://paperpile.com/b/jfgI6w/zrOve
http://paperpile.com/b/jfgI6w/zrOve
http://paperpile.com/b/jfgI6w/zrOve
http://paperpile.com/b/jfgI6w/jffa4
http://paperpile.com/b/jfgI6w/jffa4
http://paperpile.com/b/jfgI6w/jffa4
https://onlinelibrary.wiley.com/doi/pdf/10.1111/jnu.12085
http://paperpile.com/b/jfgI6w/jffa4

93.

94.

95.

96.

97.

98.

99.

Agrawal R, Srikant R, Others. Fast algorithms for mining association rules. In: Proc.
20th Int. Conf. Very Large Data Bases, VLDB. Vol 1215. ; 1994:487-499.

Team RC. R: A language and environment for statistical computing [Computer
software manual]. Vienna, Austria. 2016.

LaForge K, Gold R, Cottrell E, et al. How 6 Organizations Developed Tools and
Processes for Social Determinants of Health Screening in Primary Care: An
Overview. J Ambul Care Manage. 2018;41(1):2-14.

Page-Reeves J, Kaufman W, Bleecker M, et al. Addressing Social Determinants of
Health in a Clinic Setting: The WellRx Pilot in Albuquerque, New Mexico. J Am
Board Fam Med. 2016;29(3):414-418.

The Health Leads Screening Toolkit — Health Leads. Health Leads.
https://healthleadsusa.org/resources/the-health-leads-screening-toolkit/. Accessed
April 11, 20109.

Ecker J, Abuhamad A, Hill W, et al. Substance Use Disorders in Pregnancy:
Clinical, Ethical, and Research Imperatives of the Opioid Epidemic. American
Journal of Obstetrics and Gynecology. 2019. doi:10.1016/j.ajog.2019.03.022

Hill A, Pallitto C, McCleary-Sills J. A systematic review and meta-analysis of
intimate partner violence during pregnancy and selected birth outcomes. of
Gynecology & ... 2016.

https://onlinelibrary.wiley.com/doi/pdf/10.1016/j.ijgo.2015.10.023.

100. Pearlstein T. Depression during Pregnancy. Best Pract Res Clin Obstet Gynaecol.

2015;29(5):754-764.

101. Bowen S. Language Barriers in Access to Health Care. Health Canada; 2001.

85


http://paperpile.com/b/jfgI6w/Sh76C
http://paperpile.com/b/jfgI6w/Sh76C
http://paperpile.com/b/jfgI6w/yyKJe
http://paperpile.com/b/jfgI6w/yyKJe
http://paperpile.com/b/jfgI6w/zrfmu
http://paperpile.com/b/jfgI6w/zrfmu
http://paperpile.com/b/jfgI6w/zrfmu
http://paperpile.com/b/jfgI6w/tm9pn
http://paperpile.com/b/jfgI6w/tm9pn
http://paperpile.com/b/jfgI6w/tm9pn
http://paperpile.com/b/jfgI6w/zFJE5
http://paperpile.com/b/jfgI6w/zFJE5
https://healthleadsusa.org/resources/the-health-leads-screening-toolkit/
http://paperpile.com/b/jfgI6w/zFJE5
http://paperpile.com/b/jfgI6w/zFJE5
http://paperpile.com/b/jfgI6w/ydqwm
http://paperpile.com/b/jfgI6w/ydqwm
http://paperpile.com/b/jfgI6w/ydqwm
http://dx.doi.org/10.1016/j.ajog.2019.03.022
http://paperpile.com/b/jfgI6w/bqzxE
http://paperpile.com/b/jfgI6w/bqzxE
http://paperpile.com/b/jfgI6w/bqzxE
http://paperpile.com/b/jfgI6w/bqzxE
https://onlinelibrary.wiley.com/doi/pdf/10.1016/j.ijgo.2015.10.023
http://paperpile.com/b/jfgI6w/bqzxE
http://paperpile.com/b/jfgI6w/jQrwg
http://paperpile.com/b/jfgI6w/jQrwg
http://paperpile.com/b/jfgI6w/mK2NJ

102.

103.

104.

105.

106.

107.

108.

Albritton T, Martinez I, Gibson C, Angley M, Grandelski VR. What about Us?
Economic and Policy Changes Affecting Rural HIVV/AIDS Services and Care. Soc
Work Public Health. 2017;32(4):273-289.

Ashman JJ, Conviser R, Pounds MB. Associations between HIV-positive
individuals’ receipt of ancillary services and medical care receipt and retention.
AIDS Care. 2002;14 Suppl 1:5109-S118.

Cook JT, Frank DA, Berkowitz C, et al. Welfare reform and the health of young
children: a sentinel survey in 6 US cities. Arch Pediatr Adolesc Med.
2002;156(7):678-684.

Black MM. Special Supplemental Nutrition Program for Women, Infants, and
Children Participation and Infants” Growth and Health: A Multisite Surveillance
Study. Pediatrics. 2004;114(1):169-176. doi:10.1542/peds.114.1.169

Frank DA, Neault NB, Skalicky A, et al. Heat or eat: the Low Income Home
Energy Assistance Program and nutritional and health risks among children less
than 3 years of age. Pediatrics. 2006;118(5):€1293-e1302.

Vest JR, Menachemi N, Grannis SJ, et al. Impact of Risk Stratification on Referrals
and Uptake of Wraparound Services That Address Social Determinants: A Stepped
Wedged Trial. Am J Prev Med. 2019;56(4):e125-e133.

Bako AT, Walter-McCabe H, Kasthurirathne SN, Halverson PK, Vest JR. Reasons
for Social Work Referrals in an Urban Safety-Net Population: A Natural Language

Processing and Market Basket Analysis Approach. null. September 2020:1-12.

86


http://paperpile.com/b/jfgI6w/Hdi6L
http://paperpile.com/b/jfgI6w/Hdi6L
http://paperpile.com/b/jfgI6w/Hdi6L
http://paperpile.com/b/jfgI6w/T1cRe
http://paperpile.com/b/jfgI6w/T1cRe
http://paperpile.com/b/jfgI6w/T1cRe
http://paperpile.com/b/jfgI6w/haEJQ
http://paperpile.com/b/jfgI6w/haEJQ
http://paperpile.com/b/jfgI6w/haEJQ
http://paperpile.com/b/jfgI6w/DmPFL
http://paperpile.com/b/jfgI6w/DmPFL
http://paperpile.com/b/jfgI6w/DmPFL
http://dx.doi.org/10.1542/peds.114.1.169
http://paperpile.com/b/jfgI6w/UUyVj
http://paperpile.com/b/jfgI6w/UUyVj
http://paperpile.com/b/jfgI6w/UUyVj
http://paperpile.com/b/jfgI6w/DQfdv
http://paperpile.com/b/jfgI6w/DQfdv
http://paperpile.com/b/jfgI6w/DQfdv
http://paperpile.com/b/jfgI6w/t8dwe
http://paperpile.com/b/jfgI6w/t8dwe
http://paperpile.com/b/jfgI6w/t8dwe

109. Occupational Employment Statistics. U.S. Bureau of Labor Statistics.
https://www.bls.gov/oes/tables.htm. Published March 31, 2020. Accessed May 19,
2020.

110. Dorr D, Bejan CA, Pizzimenti C, Singh S, Storer M, Quinones A. Identifying
Patients with Significant Problems Related to Social Determinants of Health with
Natural Language Processing. Stud Health Technol Inform. 2019;264:1456-1457.

111. Conway M, Keyhani S, Christensen L, et al. Moonstone: a novel natural language
processing system for inferring social risk from clinical narratives. J Biomed
Semantics. 2019;10(1):6.

112. Cook BL, Progovac AM, Chen P, Mullin B, Hou S, Baca-Garcia E. Novel Use of
Natural Language Processing (NLP) to Predict Suicidal Ideation and Psychiatric
Symptoms in a Text-Based Mental Health Intervention in Madrid. Comput Math
Methods Med. 2016;2016:8708434.

113. Abeyta N, Freeman ES, Primack D, et al. SCIRehab Project series: the social
work/case management taxonomy. J Spinal Cord Med. 2009;32(3):336-342.

114. Pockett R, Lord B, Dennis J. The development of an Australian national
classification system for social work practice in health care. Soc Work Health Care.
2001;34(1-2):177-193.

115. Anderson RL, Estle G. Predicting level of mental health care among children served
in a delivery system in a rural state. J Rural Health. 2001;17(3):259-265.

116. Viron M, Bello I, Freudenreich O, Shtasel D. Characteristics of homeless adults
with serious mental illness served by a state mental health transitional shelter.

Community Ment Health J. 2014;50(5):560-565.

87


http://paperpile.com/b/jfgI6w/7nks4
http://paperpile.com/b/jfgI6w/7nks4
https://www.bls.gov/oes/tables.htm.
http://paperpile.com/b/jfgI6w/7nks4
http://paperpile.com/b/jfgI6w/7nks4
http://paperpile.com/b/jfgI6w/s5Y2n
http://paperpile.com/b/jfgI6w/s5Y2n
http://paperpile.com/b/jfgI6w/s5Y2n
http://paperpile.com/b/jfgI6w/dM47f
http://paperpile.com/b/jfgI6w/dM47f
http://paperpile.com/b/jfgI6w/dM47f
http://paperpile.com/b/jfgI6w/gpX3j
http://paperpile.com/b/jfgI6w/gpX3j
http://paperpile.com/b/jfgI6w/gpX3j
http://paperpile.com/b/jfgI6w/gpX3j
http://paperpile.com/b/jfgI6w/FgrVz
http://paperpile.com/b/jfgI6w/FgrVz
http://paperpile.com/b/jfgI6w/oNcfS
http://paperpile.com/b/jfgI6w/oNcfS
http://paperpile.com/b/jfgI6w/oNcfS
http://paperpile.com/b/jfgI6w/h5Xmi
http://paperpile.com/b/jfgI6w/h5Xmi
http://paperpile.com/b/jfgI6w/x5xGw
http://paperpile.com/b/jfgI6w/x5xGw
http://paperpile.com/b/jfgI6w/x5xGw

117.

118.

119.

120.

121.

122.

123.

Rosen A, Proctor EK, Staudt M. Targets of Change and Interventions in Social
Work: An Empirically Based Prototype for Developing Practice Guidelines.
Research on Social Work Practice. 2003;13(2):208-233.
doi:10.1177/1049731502250496

Hammond FM, Gassaway J, Abeyta N, Freeman ES, Primack D. The SCIRehab
project: social work and case management. Social work and case management
treatment time during inpatient spinal cord injury rehabilitation. J Spinal Cord Med.
2011;34(2):216-226.

nDepth - Regenstrief Institute. Regenstrief Institute.
https://www.regenstrief.org/implementation/ndepth/. Accessed September 22, 20109.
Imler TD, Ring N, Crabb DW. Su1403 Medical, Social, and Legal Risks to Predict
Alcoholic Liver Disease Using Natural Language Processing and Advanced
Analytics. Gastroenterology. 2015;148(4):S - 499.

Moorthi RN, Broyles AA, El-Azab SA, Guandique CF, Liu Z, Imel EA. Identifying
Sarcopenia, Cachexia, and Frailty in Electronic Health Records, Using Natural
Language Processing. AMIA Proceedings. November 2018.

National Association of Social Workers. Social Workers in Hospitals & Medical
Centers.; 2011.
https://www.socialworkers.org/LinkClick.aspx?fileticket=07001XW1R2w%3D&po
rtalid=0.

Introductory Guide to Clinical Social Work.
https://www.onlinemswprograms.com/careers/types-of-social-work/guide-to-

clinical-social-work.html. Accessed December 18, 2019.

88


http://paperpile.com/b/jfgI6w/5WxW7
http://paperpile.com/b/jfgI6w/5WxW7
http://paperpile.com/b/jfgI6w/5WxW7
http://paperpile.com/b/jfgI6w/5WxW7
http://dx.doi.org/10.1177/1049731502250496
http://paperpile.com/b/jfgI6w/997J9
http://paperpile.com/b/jfgI6w/997J9
http://paperpile.com/b/jfgI6w/997J9
http://paperpile.com/b/jfgI6w/997J9
http://paperpile.com/b/jfgI6w/lvh4V
http://paperpile.com/b/jfgI6w/lvh4V
https://www.regenstrief.org/implementation/ndepth/
http://paperpile.com/b/jfgI6w/lvh4V
http://paperpile.com/b/jfgI6w/W4imB
http://paperpile.com/b/jfgI6w/W4imB
http://paperpile.com/b/jfgI6w/W4imB
http://paperpile.com/b/jfgI6w/hc0sO
http://paperpile.com/b/jfgI6w/hc0sO
http://paperpile.com/b/jfgI6w/hc0sO
http://paperpile.com/b/jfgI6w/5kYqX
http://paperpile.com/b/jfgI6w/5kYqX
https://www.socialworkers.org/LinkClick.aspx?fileticket=o7o0IXW1R2w%3D&portalid=0
https://www.socialworkers.org/LinkClick.aspx?fileticket=o7o0IXW1R2w%3D&portalid=0
http://paperpile.com/b/jfgI6w/5kYqX
http://paperpile.com/b/jfgI6w/S2T77
http://paperpile.com/b/jfgI6w/S2T77
https://www.onlinemswprograms.com/careers/types-of-social-work/guide-to-clinical-social-work.html.
https://www.onlinemswprograms.com/careers/types-of-social-work/guide-to-clinical-social-work.html.
http://paperpile.com/b/jfgI6w/S2T77

124,

125.

126.

127.

128.

129.

130.

131.

Social Solutions. What is Discharge Planning for Social Workers? - Social
Solutions. Social Solutions. https://www.socialsolutions.com/blog/what-is-
discharge-planning-for-social-workers/. Published May 27, 2013. Accessed
December 18, 2019.

Role of School Social Worker | sswaa. sswaa. https://www.sswaa.org/school-social-
work. Accessed December 18, 2019.

Pediatric Education. What Types of Community Services Are Available?
PediatricEducation.org™. https://pediatriceducation.org/2009/11/16/what-types-of-
community-services-are-available/. Published November 16, 2009. Accessed
December 18, 2019.

Kibriya AM, Frank E, Pfahringer B, Holmes G. Multinomial Naive Bayes for Text
Categorization Revisited. Lecture Notes in Computer Science. 2004:488-499.
doi:10.1007/978-3-540-30549-1 43

Bishop CM. Pattern Recognition and Machine Learning. Springer; 2016.

Read J, Pfahringer B, Holmes G, Frank E. Classifier chains for multi-label
classification. Machine Learning. 2011;85(3):333-359. d0i:10.1007/s10994-011-
5256-5

Smola AJ, Scholkopf B. A tutorial on support vector regression. Statistics and
Computing. 2004;14(3):199-222. doi:10.1023/b:stc0.0000035301.49549.88
Sundermeyer M, Ney H, Schluter R. From Feedforward to Recurrent LSTM Neural
Networks for Language Modeling. IEEE/ACM Transactions on Audio, Speech, and

Language Processing. 2015;23(3):517-529. doi:10.1109/taslp.2015.2400218

89


http://paperpile.com/b/jfgI6w/4GuU1
http://paperpile.com/b/jfgI6w/4GuU1
https://www.socialsolutions.com/blog/what-is-discharge-planning-for-social-workers/
https://www.socialsolutions.com/blog/what-is-discharge-planning-for-social-workers/
http://paperpile.com/b/jfgI6w/4GuU1
http://paperpile.com/b/jfgI6w/4GuU1
http://paperpile.com/b/jfgI6w/GEN4a
https://www.sswaa.org/school-social-work.
https://www.sswaa.org/school-social-work.
http://paperpile.com/b/jfgI6w/GEN4a
http://paperpile.com/b/jfgI6w/L19MY
http://paperpile.com/b/jfgI6w/L19MY
https://pediatriceducation.org/2009/11/16/what-types-of-community-services-are-available/
https://pediatriceducation.org/2009/11/16/what-types-of-community-services-are-available/
http://paperpile.com/b/jfgI6w/L19MY
http://paperpile.com/b/jfgI6w/L19MY
http://paperpile.com/b/jfgI6w/XxhVi
http://paperpile.com/b/jfgI6w/XxhVi
http://paperpile.com/b/jfgI6w/XxhVi
http://dx.doi.org/10.1007/978-3-540-30549-1_43
http://paperpile.com/b/jfgI6w/3BiKC
http://paperpile.com/b/jfgI6w/Y9nT3
http://paperpile.com/b/jfgI6w/Y9nT3
http://dx.doi.org/10.1007/s10994-011-5256-5
http://dx.doi.org/10.1007/s10994-011-5256-5
http://paperpile.com/b/jfgI6w/ruOct
http://paperpile.com/b/jfgI6w/ruOct
http://dx.doi.org/10.1023/b:stco.0000035301.49549.88
http://paperpile.com/b/jfgI6w/PMhfW
http://paperpile.com/b/jfgI6w/PMhfW
http://paperpile.com/b/jfgI6w/PMhfW
http://dx.doi.org/10.1109/taslp.2015.2400218

132.

133.

134.

135.

136.

137.

138.

139.

Pennington J, Socher R, Manning C. Glove: Global Vectors for Word
Representation. Proceedings of the 2014 Conference on Empirical Methods in
Natural Language Processing (EMNLP). 2014. doi:10.3115/v1/d14-1162

Craig SL, Muskat B. Bouncers, brokers, and glue: the self-described roles of social
workers in urban hospitals. Health Soc Work. 2013;38(1):7-16.

Bronstein LR, Gould P, Berkowitz SA, James GD, Marks K. Impact of a Social
Work Care Coordination Intervention on Hospital Readmission: A Randomized
Controlled Trial. Soc Work. 2015;60(3):248-255.

Pruitt Z, Emechebe N, Quast T, Taylor P, Bryant K. Expenditure Reductions
Associated with a Social Service Referral Program. Population Health
Management. 2018;21(6):469-476. doi:10.1089/pop.2017.0199

Ramsubeik K, Ramrattan LA, Kaeley GS, Singh JA. Effectiveness of healthcare
educational and behavioral interventions to improve gout outcomes: a systematic
review and meta-analysis. Ther Adv Musculoskelet Dis. 2018;10(12):235-252.
Pooler J, Liu S, Roberts A. Older adults and unmet social needs prevalence and
health implications. IMPAQ International.
https://www.impagint.com/sites/default/files/filessfSDOH%20among%200lder%20a
dults%202017_IssueBrief.pdf. Published 2017. Accessed March 3, 2020.
Hartmann J, Huppertz J, Schamp C, Heitmann M. Comparing automated text
classification methods. International Journal of Research in Marketing.
2019;36(1):20-38. doi:10.1016/j.ijresmar.2018.09.009

Atmadja AR, Purwarianti A. Comparison on the rule based method and statistical

based method on emotion classification for Indonesian Twitter text. 2015

90


http://paperpile.com/b/jfgI6w/jFzJW
http://paperpile.com/b/jfgI6w/jFzJW
http://paperpile.com/b/jfgI6w/jFzJW
http://dx.doi.org/10.3115/v1/d14-1162
http://paperpile.com/b/jfgI6w/8Yn3o
http://paperpile.com/b/jfgI6w/8Yn3o
http://paperpile.com/b/jfgI6w/BP58i
http://paperpile.com/b/jfgI6w/BP58i
http://paperpile.com/b/jfgI6w/BP58i
http://paperpile.com/b/jfgI6w/2z1uG
http://paperpile.com/b/jfgI6w/2z1uG
http://paperpile.com/b/jfgI6w/2z1uG
http://dx.doi.org/10.1089/pop.2017.0199
http://paperpile.com/b/jfgI6w/7x3Ly
http://paperpile.com/b/jfgI6w/7x3Ly
http://paperpile.com/b/jfgI6w/7x3Ly
http://paperpile.com/b/jfgI6w/IRzlk
http://paperpile.com/b/jfgI6w/IRzlk
https://www.impaqint.com/sites/default/files/files/SDOH%20among%20older%20adults%202017_IssueBrief.pdf.
https://www.impaqint.com/sites/default/files/files/SDOH%20among%20older%20adults%202017_IssueBrief.pdf.
http://paperpile.com/b/jfgI6w/IRzlk
http://paperpile.com/b/jfgI6w/q6wAf
http://paperpile.com/b/jfgI6w/q6wAf
http://paperpile.com/b/jfgI6w/q6wAf
http://dx.doi.org/10.1016/j.ijresmar.2018.09.009
http://paperpile.com/b/jfgI6w/LGdgd
http://paperpile.com/b/jfgI6w/LGdgd

140.

141.

142.

143.

144,

145.

International Conference on Information Technology Systems and Innovation
(ICITSI). 2015. doi:10.1109/icitsi.2015.7437692

Oleynik M, Kugic A, Kasac Z, Kreuzthaler M. Evaluating shallow and deep
learning strategies for the 2018 n2c2 shared task on clinical text classification. J Am
Med Inform Assoc. 2019;26(11):1247-1254.

Bako AT, Taylor HL, Wiley KJ, et al. Using natural language processing to classify
social work interventions. Am J Manag Care.

Institute of Medicine, Board on Population Health and Public Health Practice,
Committee on the Recommended Social and Behavioral Domains and Measures for
Electronic Health Records. Capturing Social and Behavioral Domains in Electronic
Health Records: Phase 1. National Academies Press; 2014.

Federal Register, Volume 78 Issue 66 (Friday, April 5, 2013).
https://www.govinfo.gov/content/pkg/FR-2013-04-05/htm1/2013-07959.htm.
Accessed January 9, 2021.

Artiga S, Hinton E. Beyond Health Care: The Role of Social Determinants in
Promoting Health and Health Equity. Kaiser Family Foundation.
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-
the-role-of-social-determinants-in-promoting-health-and-health-equity/. Published
May 2018. Accessed November 9, 2020.

Brown, Marc. Kaiser Permanente Announces Three Initiatives to Improve
Community Health by Tackling Housing Insecurity.

https://www.prnewswire.com/news-releases/kaiser-permanente-announces-three-

91


http://paperpile.com/b/jfgI6w/LGdgd
http://paperpile.com/b/jfgI6w/LGdgd
http://dx.doi.org/10.1109/icitsi.2015.7437692
http://paperpile.com/b/jfgI6w/sytq2
http://paperpile.com/b/jfgI6w/sytq2
http://paperpile.com/b/jfgI6w/sytq2
http://paperpile.com/b/jfgI6w/flwFF
http://paperpile.com/b/jfgI6w/flwFF
http://paperpile.com/b/jfgI6w/qLdE
http://paperpile.com/b/jfgI6w/qLdE
http://paperpile.com/b/jfgI6w/qLdE
http://paperpile.com/b/jfgI6w/qLdE
http://paperpile.com/b/jfgI6w/U9r3
http://paperpile.com/b/jfgI6w/U9r3
https://www.govinfo.gov/content/pkg/FR-2013-04-05/html/2013-07959.htm.
http://paperpile.com/b/jfgI6w/U9r3
http://paperpile.com/b/jfgI6w/U9r3
http://paperpile.com/b/jfgI6w/36zbH
http://paperpile.com/b/jfgI6w/36zbH
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/
https://www.kff.org/racial-equity-and-health-policy/issue-brief/beyond-health-care-the-role-of-social-determinants-in-promoting-health-and-health-equity/
http://paperpile.com/b/jfgI6w/36zbH
http://paperpile.com/b/jfgI6w/36zbH
http://paperpile.com/b/jfgI6w/fOxw
http://paperpile.com/b/jfgI6w/fOxw
https://www.prnewswire.com/news-releases/kaiser-permanente-announces-three-initiatives-to-improve-community-health-by-tackling-housing-insecurity-300778723.html.

146.

147.

148.

149.

150.

151.

initiatives-to-improve-community-health-by-tackling-housing-insecurity-
300778723.html. Published January 15, 2019. Accessed January 9, 2021.

One hospital’s prescription for fighting hunger. American Hospital Association.
https://www.aha.org/news/headline/2017-11-28-one-hospitals-prescription-fighting-
hunger. Published November 2017. Accessed January 9, 2021.

Friedman, Amy. Case Study: Denver Health Medical Center Collaborates with Lyft
to Improve Transportation for Patients. https://www.aha.org/news/insights-and-
analysis/2018-03-01-case-study-denver-health-medical-center-collaborates- lyft.
Published March 1, 2018. Accessed January 9, 2021.

Fabbian F, De Giorgi A, Maietti E, et al. A modified Elixhauser score for predicting
in-hospital mortality in internal medicine admissions. European Journal of Internal
Medicine. 2017;40:37-42. doi:10.1016/j.ejim.2017.02.002

Velu JF, Haas SD, Van Mourik MS, et al. Elixhauser Comorbidity Score Is the Best
Risk Score in Predicting Survival After Mitraclip Implantation. Structural Heart.
2018;2(1):53-57. doi:10.1080/24748706.2017.1404172

Chu Y-T, Ng Y-Y, Wu S-C. Comparison of different comorbidity measures for use
with administrative data in predicting short- and long-term mortality. BMC Health
Services Research. 2010;10(1). doi:10.1186/1472-6963-10-140

Moore BJ, Elixhauser A. Author Response for Identifying Increased Risk of
Readmission and In-hospital Mortality Using Hospital Administrative Data.

Medical Care. 2017;55(10):905. doi:10.1097/mlr.0000000000000794

92


https://www.prnewswire.com/news-releases/kaiser-permanente-announces-three-initiatives-to-improve-community-health-by-tackling-housing-insecurity-300778723.html.
https://www.prnewswire.com/news-releases/kaiser-permanente-announces-three-initiatives-to-improve-community-health-by-tackling-housing-insecurity-300778723.html.
http://paperpile.com/b/jfgI6w/fOxw
http://paperpile.com/b/jfgI6w/wtDM
http://paperpile.com/b/jfgI6w/wtDM
https://www.aha.org/news/headline/2017-11-28-one-hospitals-prescription-fighting-hunger.
https://www.aha.org/news/headline/2017-11-28-one-hospitals-prescription-fighting-hunger.
http://paperpile.com/b/jfgI6w/wtDM
http://paperpile.com/b/jfgI6w/6pvb
http://paperpile.com/b/jfgI6w/6pvb
https://www.aha.org/news/insights-and-analysis/2018-03-01-case-study-denver-health-medical-center-collaborates-lyft.
https://www.aha.org/news/insights-and-analysis/2018-03-01-case-study-denver-health-medical-center-collaborates-lyft.
http://paperpile.com/b/jfgI6w/6pvb
http://paperpile.com/b/jfgI6w/6pvb
http://paperpile.com/b/jfgI6w/9zOiM
http://paperpile.com/b/jfgI6w/9zOiM
http://paperpile.com/b/jfgI6w/9zOiM
http://dx.doi.org/10.1016/j.ejim.2017.02.002
http://paperpile.com/b/jfgI6w/HHNjR
http://paperpile.com/b/jfgI6w/HHNjR
http://paperpile.com/b/jfgI6w/HHNjR
http://dx.doi.org/10.1080/24748706.2017.1404172
http://paperpile.com/b/jfgI6w/5Suzn
http://paperpile.com/b/jfgI6w/5Suzn
http://paperpile.com/b/jfgI6w/5Suzn
http://dx.doi.org/10.1186/1472-6963-10-140
http://paperpile.com/b/jfgI6w/BCggL
http://paperpile.com/b/jfgI6w/BCggL
http://paperpile.com/b/jfgI6w/BCggL
http://dx.doi.org/10.1097/mlr.0000000000000794

152.

153.

154.

155.

156.

157.

158.

Moore BJ, White S, Washington R, Coenen N, Elixhauser A. Identifying Increased
Risk of Readmission and In-hospital Mortality Using Hospital Administrative Data.
Medical Care. 2017;55(7):698-705. doi:10.1097/mlIr.0000000000000735

Buhr RG, Jackson NJ, Kominski GF, Dubinett SM, Ong MK, Mangione CM.
Comorbidity and thirty-day hospital readmission odds in chronic obstructive
pulmonary disease: a comparison of the Charlson and Elixhauser comorbidity
indices. BMC Health Services Research. 2019;19(1). doi:10.1186/s12913-019-
4549-4

StataCorp LLC. Stata statistical software: Release 15 (2017). College Station, TX:
StataCorp LP. 2017.

Adler A, Lipkin C, Cooper L, Agolino M, Jones V. Effect of social work
intervention on hospital discharge transition planning in a special needs population.
Manag Care. 2009;18(11):50-53.

Coleman EA, Parry C, Chalmers S, Min S-J. The care transitions intervention:
results of a randomized controlled trial. Arch Intern Med. 2006;166(17):1822-1828.
Xiang X, Zuverink A, Rosenberg W, Mahmoudi E. Social work-based transitional
care intervention for super utilizers of medical care: a retrospective analysis of the
bridge model for super utilizers. Social Work in Health Care. 2019;58(1):126-141.
doi:10.1080/00981389.2018.1547345

Cheng K-D, Huang C-J, Tsang H-Y, Lin C-H. Factors related to missed first
appointments after discharge among patients with schizophrenia in Taiwan. J

Formos Med Assoc. 2014;113(7):436-441.

93


http://paperpile.com/b/jfgI6w/WTyXM
http://paperpile.com/b/jfgI6w/WTyXM
http://paperpile.com/b/jfgI6w/WTyXM
http://dx.doi.org/10.1097/mlr.0000000000000735
http://paperpile.com/b/jfgI6w/rqFh2
http://paperpile.com/b/jfgI6w/rqFh2
http://paperpile.com/b/jfgI6w/rqFh2
http://paperpile.com/b/jfgI6w/rqFh2
http://dx.doi.org/10.1186/s12913-019-4549-4
http://dx.doi.org/10.1186/s12913-019-4549-4
http://paperpile.com/b/jfgI6w/BnyuZ
http://paperpile.com/b/jfgI6w/BnyuZ
http://paperpile.com/b/jfgI6w/36a1I
http://paperpile.com/b/jfgI6w/36a1I
http://paperpile.com/b/jfgI6w/36a1I
http://paperpile.com/b/jfgI6w/hNNHz
http://paperpile.com/b/jfgI6w/hNNHz
http://paperpile.com/b/jfgI6w/JnLwv
http://paperpile.com/b/jfgI6w/JnLwv
http://paperpile.com/b/jfgI6w/JnLwv
http://paperpile.com/b/jfgI6w/JnLwv
http://dx.doi.org/10.1080/00981389.2018.1547345
http://paperpile.com/b/jfgI6w/rJK6t
http://paperpile.com/b/jfgI6w/rJK6t
http://paperpile.com/b/jfgI6w/rJK6t

159.

160.

161.

162.

163.

Nelson EA, Maruish ME, Axler JL. Effects of discharge planning and compliance
with outpatient appointments on readmission rates. Psychiatr Serv. 2000;51(7):885-
8809.

Lam K, Abrams HB, Matelski J, Okrainec K. Factors associated with attendance at
primary care appointments after discharge from hospital: a retrospective cohort
study. CMAJ Open. 2018;6(4):E587-E593. doi:10.9778/cmajo.20180069

Evans GW, Kim P. Multiple risk exposure as a potential explanatory mechanism for
the socioeconomic status-health gradient. Ann N'Y Acad Sci. 2010;1186:174-189.
Atkins M, Castro I, Sharifi M, et al. Unmet Social Needs and Adherence to
Pediatric Weight Management Interventions: Massachusetts, 2017-2019. American
Journal of Public Health. 2020;110(S2):S251-S257. doi:10.2105/ajph.2020.305772
Case Management Standards Work Group. NASW Standards for Social Work Case
Management. National Association of Social Workers (NASW).
http://www.courts.state.ny.us/reporter/webdocs/nasw_standards_socialwork_casem

gt.htm. Published June 1992. Accessed March 3, 2020.

94


http://paperpile.com/b/jfgI6w/AefTd
http://paperpile.com/b/jfgI6w/AefTd
http://paperpile.com/b/jfgI6w/AefTd
http://paperpile.com/b/jfgI6w/Jgu4v
http://paperpile.com/b/jfgI6w/Jgu4v
http://paperpile.com/b/jfgI6w/Jgu4v
http://dx.doi.org/10.9778/cmajo.20180069
http://paperpile.com/b/jfgI6w/qeOgx
http://paperpile.com/b/jfgI6w/qeOgx
http://paperpile.com/b/jfgI6w/n8CRD
http://paperpile.com/b/jfgI6w/n8CRD
http://paperpile.com/b/jfgI6w/n8CRD
http://dx.doi.org/10.2105/ajph.2020.305772
http://paperpile.com/b/jfgI6w/AcpM
http://paperpile.com/b/jfgI6w/AcpM
http://www.courts.state.ny.us/reporter/webdocs/nasw_standards_socialwork_casemgt.htm.
http://www.courts.state.ny.us/reporter/webdocs/nasw_standards_socialwork_casemgt.htm.
http://paperpile.com/b/jfgI6w/AcpM

Curriculum Vitae

Abdulaziz Tijjani Bako

Education

2016-2021  PhD. in Health Policy and Management (Biostatistics minor)

Indiana University—Purdue University, Indianapolis — April 2021

Dissertation title: The role of social workers in addressing patients’ social

needs in a primary care setting.

2014-2015  Master of Public Health, Health Policy and Management

Texas A&M University — December 2015

2003-2011  Bachelor of Medicine, Bachelor of Surgery (MBBS)

Bayero University Kano — March 2011

Professional Experience

2020- Post Doctoral Fellow

Houston Methodist Hospital

2016-2020 Research Assistant

Indiana University Richard M. Fairbanks School of Public Health,

Indianapolis



2015-2016

2014

2013

Research Assistant

Center for Health Organization Transformation, Texas A&M

Student intern

Rural and Community Health Institute, College Station, Texas.

Medical Officer

General Hospital, Bichi LGA, Kano State, Nigeria

Voluntary Services

2017-Present Volunteer health correspondent

2015-2016

2014-2015

2014-2016

Voice of America Radio Station

Epi-Assist volunteer

Community Assessment for Public Health Emergency Response

(CASPER) surveys

Graduate student leader

Dementia Service-Learning Project, College of Education and Human

Development, Texas A&M University.

Graduate student leader

Texas A&M University’s Aggies Invent Program



2013 Physician Volunteer

World Health Organization (WHO) & United Nations Children’s Fund

(UNICEF)

Peer-Reviewed Publications

1. Bako, A. T., Taylor, H. L., Wiley, K. J., Zheng, J., Walter-McCabe, H. A,
Kasthurirathne, S. N., & & Vest, J. R. (n.d.). Using natural language processing to
classify social work interventions. The American Journal of Managed Care.

2. Bako, A. T., Walter-McCabe, H., Kasthurirathne, S. N., Halverson, P. K., Vest, J,
R. (2020). Reasons for social work referrals in an urban, safety-net population.
December 2019.

3. Dayyab, F. M., lliyasu, G., Ahmad, B. G., Bako, A. T., Ngamariju, S. S., &
Habib, A. G. (2020). Hepatitis B vaccine knowledge and self-reported vaccination
status among healthcare workers in a conflict region in northeastern Nigeria.
Therapeutic Advances in Vaccines and Immunotherapy, 8, 2515135519900743.

4. Ferdinand, A. O., Cheon, O., Bako, A. T., & Kash, B. A. (2019). Interventions
aimed at addressing unplanned hospital readmissions in the US: A systematic
review. Journal of Hospital Administration, 8(1).

5. Vest, J. R., Freedman, S., Unruh, M. A., Bako, A. T., & Simon, K. (2020).
Strategic use of health information exchange and market share, payer mix, and
operating margins. Health Care Management Review.

https://doi.org/10.1097/HMR.0000000000000293


http://paperpile.com/b/jfgI6w/flwFF
http://paperpile.com/b/jfgI6w/flwFF
http://paperpile.com/b/jfgI6w/flwFF

Conference Presentations

1. Bako, A. T., & Vest, J. R. (2019). Reasons for Referral to Social Worker in a
Primary Healthcare Setting: A Market Basket Analysis and Natural Language
Processing Approach. AcademyHealth 2019 Annual Research Meeting.
Washington, DC. June 2-4, 2019.

2. Ferdinand, A.O., Cheon, O., Bako, A.T., Kash, B. (2018). Avoidable Hospital
Readmissions: Top Three Interventions Used Versus Top Three Most Effective
Interventions. Center for Health Organization Transformation Compendium,
2018.

3. Vest JR, Bako A. T., Kasthurirathne SN, Grannis S. Services for Social
Determinants of Health Delivered in Primary Care Settings: Measurement &
Prevalence. AcademyHealth 2017 Annual Research Meeting. New Orleans, LA.
June 25-27, 2017

4. Bako A, Apathy N, Harle CA, Menachemi N, Vest JR. User Concerns Following
Replacement of a Legacy Electronic Health Record: A Longitudinal Qualitative
Study. AcademyHealth 2017 Annual Research Meeting. New Orleans, LA. June
25-27, 2017.

5. Ferdinand, A. O., Sasangohar, F., Bako, A. T., Mack S. (2016). Avoidable
Admissions: The Role of Non-Urgent Emergency Visits. CHOT 2016 Spring 1AB
Meeting. Houston, TX. April 7-8, 2016.

6. Sumners, C. B., Bako A. T., Fabian, O., Martel, I., Molar-Candanosa, R., Gastel,
B. (2016). Communicating Science with Integrity, Effectiveness, Humor, and

More: Some Highlights of the 2016 AAAS Annual Meeting


https://chotnsf.org/wp-content/uploads/2017/09/SPH-33072-0717_CHOT_compendium_SPREADS-1.pdf
https://chotnsf.org/wp-content/uploads/2017/09/SPH-33072-0717_CHOT_compendium_SPREADS-1.pdf
https://www.csescienceeditor.org/article/communicating-science-with-integrity-effectiveness-humor-and-more-some-highlights-of-the-2016-aaas-annual-meeting/
https://www.csescienceeditor.org/article/communicating-science-with-integrity-effectiveness-humor-and-more-some-highlights-of-the-2016-aaas-annual-meeting/

7. Sunusi A., Lawan U. M., Bako, A. T. Hospital Costs and Utilization Pattern for
Paediatric Patients with Sickle Cell Disease Attending a Tertiary Health
Institution: Northern Nigeria — Won Travel award for Presentation at the
Geneva Health Forum, April 2012.

8. Ferdinand, A. O., Bako, A. T., The Role of Disparities in 30-Day Readmission

Rates. A webinar recorded on July 7, 2016

Research Support

Robert Wood Johnson Foundation: Vest & Halverson (Co-Pl) 8/2018-7/2020
Addressing upstream determinants of health through collaboration and analytics (RWJF-

75549)

Role: Research Assistant

$1,000,000

Teaching Experience

e Teaching Assistant, Population & Public Health (MHA course)
e Guest Lecturer, Health Systems Around the World
e Guest Lecturer, Health Administration Ethics

e Guest Lecturer, Chronic & Long-Term Care Administration

Certification Courses and Trainings Completed

e Base SAS online certification course (offered by SAS Institute)


http://ghf.g2hp.net/2012/01/04/hospital-costs-and-utilization-pattern-for-paediatric-patients-with-sickle-cell-disease-attending-a-tertiary-health-institution-in-northern-nigeria/
http://ghf.g2hp.net/2012/01/04/hospital-costs-and-utilization-pattern-for-paediatric-patients-with-sickle-cell-disease-attending-a-tertiary-health-institution-in-northern-nigeria/
http://ghf.g2hp.net/2012/01/04/hospital-costs-and-utilization-pattern-for-paediatric-patients-with-sickle-cell-disease-attending-a-tertiary-health-institution-in-northern-nigeria/
https://chotnsf.org/webinars/
https://chotnsf.org/webinars/

e R Programming (provided by John Hopkins University, through Coursera)
o |HI certificate in healthcare quality
e Training on Exepron Critical Chain Project Management software

e Lean Six Sigma white belt certificate

Leadership Activities

2015-2015  School of Public Health Representative, Texas A&M Graduate and

Professional Council

2015-2015  School of Public Health Representative, Texas A&M Health Science

Centre’s Student Government Board

2015-2015  Graduate Student Mentor, Aggies Invent Program, Texas A&M University

2007- Present Co-founder and Public Relations Officer, Masterpiece Health and

Development Organization

2015-Present Board of Trustees Member, Kano Education Foundation (an Association

of over 5,000 international students studying in various countries)

2010-2010 Chairman, Electoral Committee, Kano State Medical Students Association

2008-2009  Treasurer, National Association of Kano State Students (NAKSS)

2004-2005 Public Relations Officer, Kano State Medical Students Association

(KAMSA National Body)

o Headed the publication of KAMSA Medical Journal



2004-2005 Senator, National Association of Kano State Students

Professional Affiliations

Peer reviewer, American Medical Informatics Association Annual Symposium (2016-

date), American Journal of Managed Care

Student member, Institute of Healthcare Improvement

Student member, AcademyHealth

Student member, American Medical Informatics Association



