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Chapter 1: Problem Statement

1.0 Introduction
Chronic pain is one of the most common reasons adults seek medical care in the

United States.'™ It is defined by epidemiologists as pain that lasts for at least three months
as this characterization has been determined to be a reasonable metric for pain persisting
past the normal time for tissue healing.> Prevalence estimates vary, but approximately 20%
of US adults are living with chronic pain, with higher rates among certain subgroups,
including those who have lower socio-economic status, older adults, women, rural
residents, and those on public health insurance.! Chronic pain has substantial personal,
societal, and economic costs including increased dependence on opioids, poor mental
health, and contributes an estimated $560 billion each year in direct medical costs, lost
productivity, and disability program-costs.* Chronic pain is the leading cause of disability in
the US and treatment is rarely effective at substantially reducing or ameliorating the pain
itself even when functional improvements are achieved.®®

Chronic pain is a complex condition and is best understood through the
biopsychosocial framework.3 Psychological and social factors are often at least as
important as underlying biological factors, greatly influencing the physical manifestations
and treatment response to chronic pain. Among those influences, psychosocial
conditions, such as depression, pain catastrophizing, and fear avoidance beliefs, are the
most potent predictors of chronic pain and chronic pain-related disability, though most
variation in explaining these outcomes remains unmeasured.® Nevertheless, the majority

of readily available and insurance-covered treatment options have focused on somewhat



narrow biomedical remediation via opioid therapies, steroid and other epidural injections,
and spinal surgeries. Recently, there has been a shift to considering a whole person
approach, incorporating psychological-based approaches as well as additional non-
pharmacologic physical and biology-based approaches.?710-13

There are many types of chronic pain, including fibromyalgia, chronic pain due to
trauma, general chronic pain syndrome, chronic neck pain, and chronic back pain. Of
these, chronic low back pain is the most prevalent and the leading cause of disability
worldwide.® Chronic back pain is a nociceptive condition, meaning it is not possible in
most cases to identify a specific source of the pain. ° However, chronic back pain can be
exacerbated by psychosocial conditions, such as anxiety or depression,>!* and by working
conditions that require repetitive manual labor with little opportunity for modification.®
Those with a lower socioeconomic status (SES) are overrepresented in jobs requiring
manual labor, which can exacerbate existing inequities related to chronic pain outcomes
and further increase poverty if people are forced out of the workforce due to their pain.>*

While treatment options for chronic pain increasingly address psychosocial
contributors, social contributors are not as well understood. Better understanding social
contributors to chronic pain may offer insight into the origins of inequities in chronic pain
outcomes and may help to explain unmeasured variation in chronic pain outcomes.
Focusing on the social mechanisms of inequity in pain outcomes or access to treatment
can inform policy interventions aimed at increasing health equity.®

Health equity is defined as the absence of avoidable or remediable differences in

health among groups of people with different levels of advantages or disadvantages.'’ The



definition of health equity assumes that the differences are avoidable, therefore, public
policy is one avenue to pursue remediation.!’ Medicaid policies, specifically, deserve
attention because certain Medicaid policies have the potential to improve health equity at
the population level through creating accessible, high quality, and low-cost care for a large
population of low-income individuals who often face health inequities. Additionally, the
structure and organization of Medicaid policies differ by state, leading to the ability to
compare the implementation and effects across various states. However, by focusing
within the traditional boundaries of healthcare policy and the healthcare system (e.g.,
access to medical care), certain Medicaid policies may not address upstream, social
determinants of health, or effectively address health outcomes.

In this dissertation | focused on the Oregon Back and Neck Pain policy, a Medicaid
payer strategy introduced in 2016, which sought to increase access to nonpharmacologic
treatment (NPT) services while minimizing the use of opioid treatment. 8 The policy
consisted of two guidelines: reimbursing providers for NPT while simultaneously requiring
the de-prescribing of opioids.*® While financing NPT for pain is a critical policy lever for
extending access to treatments for chronic pain, the policy does not explicitly contain
additional levers to increase equity among the most socially at risk.

The Oregon Back and Neck Pain policy focuses on back and neck pain and does not
address the many other types of chronic pain. In this dissertation, | limited my focus to
chronic back and neck pain, though the majority of the literature is on chronic back pain. In
the following sections, | describe existing treatment options for chronic pain, how chronic

pain rose to the national agenda and led to the Oregon Back and Neck Pain policy,



inequities in chronic pain outcomes, and a conceptual model of health equity concepts. |
then present the theoretical foundation for the research, the research question and aims,
and finally, the purpose and significance of this work.

1.1 Treatment Options for Chronic Pain

1.1.0 Opioids and Other Biomedical Treatments

Over the past several decades, the primary method for treating chronic pain in the
US has been through a narrow focus on biomedical treatments, such as epidural
injections, surgeries, prescription opioids, and other drugs such as non-steroidal anti-
inflammatory drugs (NSAIDs). Among the most common and controversial of pain-related
care has been opioid treatment.?%?! This is the result of several factors. First, chronic pain
is primarily treated by primary care physicians (PCPs), where appointment times have been
shortened over time leaving opioids as a relatively quick solution for treatment.?%23
Additionally, physicians faced mounting pressure to avoid undertreatment of chronic pain
at a time when the identification and prevalence of chronic pain was increasing in the US
population. ¥1%1213 Qpioids are inexpensive and generally covered under most insurance
plans resulting in a treatment option that has high accessibility for most patients.?? The
liberalization of laws governing opioids across states and aggressive pharmaceutical
marketing also contributed to the increased availability of and prescribing of opioids.?4?°
Finally, opioids were believed to be the most efficacious way to reduce or manage pain,
despite the extremely limited evidence of their efficacy.?%21,26:27

As opioid use for the treatment of chronic pain escalated, limitations in its efficacy
and adverse effects became evident.'>!3 At the same time, opioid dependence and

addiction greatly increased, leading to the current opioid epidemic.1*3 Opioid addiction,



overdose, and deaths catalyzed physicians, researchers, and policy-makers to recognize
the significant risks and concerns about using opioids as the first line treatment for chronic
pain. This has led to the proliferation of research and policy development on NPT for
chronic pain.3#

1.1.1 Non-pharmacologic Treatments

The National Academies of Science?® and National Pain Strategy (NPS)?° reports
recommend that the management of chronic pain be integrated, multimodal,
interdisciplinary, evidence-based, and tailored to individual patient needs. Psychosocial
needs, in addition to biological factors, are the strongest predictors of pain chronicity and
pain-related disability,>3°32 thus deserving consideration when determining appropriate
treatment.?252° NPTs for chronic pain include exercise and physical therapy, mind-body
practices (e.g., Tai Chi, yoga), psychological therapies (e.g., cognitive behavioral therapy
[CBT], acceptance and commitment therapy, and relaxation techniques), mindfulness
practices, acupuncture, osteopathic medicine, spinal manipulation therapy, and various
physical modalities (e.g., traction, superficial heat or cold, bracing, transcutaneous
electrical nerve stimulation). NPTs shift the focus from prioritizing pain reduction to
improving functioning and quality of life.32¢ The choice of NPT is driven both by availability
and the type and severity of chronic pain. In addition to each of these therapies, many of
those suffering from chronic pain report relief with anti-inflammatory and related dietary
practices although research support for such approaches is nascent.33

Although embraced by many patients and their PCPs alike, this shift away from

opioids and towards NPT poses a major challenge for PCPs who are overseeing and



coordinating the care of patients with chronic pain. Challenges include serving diverse
populations with varying levels of access to and comfort with NPT, lack of reimbursement
strategies to support NPTs, and lack of availability of evidence-based treatment options;32%
however, there is little evidence that opioids and other biomedical treatments are as
effective or have a sustained impact when compared to NPT for chronic pain in achieving
sustained functional improvements for patients with chronic pain.?%?’ The magnitude of
the problem of chronic pain, opioid use, and the lack of availability of evidence-based
resources requires multiple sectors (e.g., policy, research, and health systems) to come
together to seek solutions to guide clinical and policy decision-making.

1.2 Policies Aimed at Addressing Chronic Pain Treatment

By the mid-2010s, many national organizations and task forces, including the NIH
National Pain Strategy task force, National Academy of Medicine, the CDC, The Joint
Commission, the FDA, and the American College of Physicians all released guidelines,
statements, or recommendations indicating that evidence-based, comprehensive pain
treatment options should be implemented. They also acknowledged that the reliance on
opioid therapy as the primary method of treatment did not remedy the problem of chronic
pain, but rather exacerbated it as well as created other problems like increased mortality
risk, addiction, and disability.?® In 2016, the National Academy for State Health Policy
showed that only 12 states had implemented Medicaid policy changes to encourage the
use of NPT.3* Among Medicaid, Medicare, and commercial insurance plans, Heyward et al.

found that most plans covered chiropractic, physical therapy, and occupational therapy,
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but most did not provide coverage for acupuncture or other NPT treatments such as
evidence-based pain-specific psychotherapy approaches.?>

In response to these national recommendations, the State of Oregon enacted a
Medicaid payer strategy, the Oregon Back and Neck Pain policy, through the Oregon Health
Plan (OHP) in 2016. This policy was designed to enhance access to safe, evidence-based
NPT options, including pain-specific psychotherapy approaches,*® while restricting
reimbursement for opioids for back and neck pain and increasing required safety measures
when opioids were prescribed.'® The policy was made up of two guidelines aimed at: (1)
reducing initiation of or encouraging tapering opioid therapy and (2) increasing the
availability and use of NPT for chronic back and neck pain through provider reimbursement
for previously uncovered NPT options. The primary goal of the policy was not cost-savings,
but rather more effective management of chronic back and neck pain via a broad set of NPT
treatments among the Medicaid population.3®

The policy suggested stratifying patients into three pain-related disability risk
categories — low-, medium-, or high-risk — based on patient responses to the STarT Back
Assessment Tool which asks patients about pain-related functioning and concerns.3” The
STarT Back Assessment Tool is a validated assessment used to determine risk level for poor
functional prognosis based on psychosocial indicators.?” This risk stratification encouraged
Oregon’s coordinated care organizations (CCOs) to target more intensive NPT services to
those patients with the greatest need, though CCOs were not required to implement the
policy in this way. For those considered low-risk, the policy allowed for pharmacotherapy

limited to NSAIDs, acetaminophen, or muscle relaxants and NPT options limited to four or
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fewer visits per year of osteopathic or chiropractic manipulative therapy, acupuncture,
and/or physical or occupational therapy. For those in the medium- and high-risk categories,
they were allowed NSAIDs, acetaminophen, muscle relaxants and additionally opioid
medications if not used as afirst line treatment option and prescribed with evidence of a
referral to one or more of the NPT options. The policy originally limited opioid prescriptions
to no more than a 90-day supply and restricted epidural steroid injections. The medium-
and high-risk groups were allowed opioid pharmacotherapy if used in conjunction with up
to 30 visits per year of any combination of the following NPTs: cognitive behavioral therapy,
rehabilitative therapy, osteopathic or chiropractic manipulative therapy, acupuncture,
yoga, massage, supervised exercise therapy, and/or intensive interdisciplinary
rehabilitation.

Table 1. Oregon Back and Neck Pain Policy: Recommended Stratification using STarT Back

Tool”

Low-risk Medium- and High-risk

Pharmacotherapy: Pharmacotherapy:

Limited to NSAIDs, acetaminophen, or muscle | NSAIDs, acetaminophen, or muscle relaxants plus

relaxants opioid medications if used in conjunction with NPT
Non-pharmacotherapy: < 4 visits per year Non-pharmacotherapy: < 30 visits per year
Osteopathic or chiropractic manipulative Cognitive behavioral therapy, rehabilitative therapy,
therapy, acupuncture, and/or physical or osteopathic or chiropractic manipulative therapy,
occupational therapy acupuncture, yoga, massage, supervised exercise

12



therapy, and/or intensive interdisciplinary

rehabilitation

"Not reimbursed: Opioids used as a first line treatment option, opioids not prescribed in conjunction with NPT, opioids

prescribed for >90 day supply, or epidural injections.

In 2018, the Health Evidence Review Commission (HERC) was presented with a
proposal to amend the policy to expand coverage beyond back and neck pain to include
five additional types of pain: chronic pain due to trauma, chronic postprocedural pain,
chronic pain syndrome, other chronic pain, and fiboromyalgia. In 2019, the HERC decided
not to include the additional five types of chronic pain, leaving the policy limited to chronic
back and neck pain.®® They also formally voted to remove the opioid tapering requirement
from the policy, saying that the decision to taper off opioids should be made between the
provider and patient on an individualized basis.3? They cited public pressure and an
external review of the evidence that had been conducted to understand the effectiveness
of opioid therapy in the treatment of chronic pain.

While the goals of the policy followed best practices, the policy itself did not contain
specific implementation guidelines, resulting in varied implementation of the policy across
Oregon CCOs. Based on conversations with the Pl of the parent study on which this
dissertation is based, described below, challenges included opioid tapering being
complicated by prior Oregon Medicaid policies that dictated opioid prescribing, epidural
steroid injections never fully being restricted, lack of understanding or knowledge of the

STarT Back assessment tool resulting in no rigorous risk stratification, among others.*°
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1.3 Inequities in Chronic Pain

Racial, ethnic, social economic status (SES), language proficiency, education, and
geographic inequities in reported pain, response, and access to treatment are well
documented throughout the literature, but evidence on the mechanisms underlying these
inequities is lacking.*'~*3 Patients living in poverty; Black, Indigenous, and other people of
color (BIPOC); women; and the elderly are more likely to report more severe pain and pain-
related disability than other patients.***¢ In addition to having worse pain outcomes,
people living in poverty, BIPOC, and the elderly also have higher rates of psychiatric and
clinical comorbidities and psychological distress which are important mediators in pain-
related outcomes.* 8 Beyond biological and psychosocial contributors to pain, BIPOC
people and people of any race living in poverty are more likely to be un- or underinsured,
delay seeking care, experience care in a fragmented or uncoordinated way, and have worse
treatment outcomes.*’ They are also more likely to work in professions that require
repetitive physical movements which can lead to or further exacerbate chronic back pain.®

In a study of NPT use before and after the implementation of the Oregon Back and
Neck Pain policy, Choo et al.”° found that while there was a 23% increase in overall
utilization of NPT, Black, American Indian/Alaskan Native, and Hispanic patients were less
likely than white patients to access NPT. Additionally, those living in urban areas and the
elderly were more likely to access NPT compared to those who lived in rural areas or were
younger.>° These results indicate that there are disparities in the level of access afforded by

the policy, but do not explore potential mechanisms that may be driving the inequities.
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Social inequities are important not only in considering access to and utilization of
pain treatments, but also because these inequities act as stressors that can exacerbate
psychosocial conditions, many of which have been shown to lead to increased pain
severity and reduced functioning.3? Increased pain severity or disability can then lead to
further un- or under-employment, emotional distress, and reduced mobility, creating a
positive feedback loop that could lead to more inequities.? While the literature thoroughly
documents that there are racial, ethnic, and SES inequities in chronic pain (and a separate
body of literature explains the role of psychosocial conditions in exacerbating chronic
pain), a gap exists in theoretically and empirically linking the ways that social inequities
may be associated with chronic pain.

1.4 Social Determinants, Demographics, and Social Risk

As research on the effects of our social environments on health has expanded, so
too has the lexicon of terms used. In this dissertation, | use the terms political
determinants of health, social determinants of health, social risk, and demographics as
defined below.

The WHO defines the social determinants of health as the conditions in which
people are born, grow, pray, play, and work, and they are also shaped by the wider policies
and systems in a society.>* One of the broadest forces shaping our social determinants is
policy. Michael Marmot, one of the first to write about social determinants of health,
approached his research through the lens of public policy, elucidating how policy shaped
the social conditions in which people are born and age.>? The “political determinants of

health”, those forces that shape the conditions of daily life, are perhaps the most upstream
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determinant that affect the distribution of access to housing, secure financial futures,
healthy and affordable foods, environmental conditions that ensure safe water and air, as
well as other forces that interact with genetic predispositions to diseases and conditions.>3
These political determinants of health are the broader level of structures, processes, and
outputs that interact and mutually reinforce each other to either advance health equity or
exacerbate health inequity.”3

Social determinants of health are structural and environmental conditions in which
people live and work; are influenced by policy decisions, or the political determinants of
health; and have an impact on health. Social determinants of health operate in society at
multiple levels, i.e., they can be individually or geographically-based, and shape more
downstream individual social factors, such as social isolation, income, transportation
security, and food security. Social determinants of health affect everyone and can have
negative or protective effects on health.>1>*

Social risk can be thought of as individual-level adverse effects of social
determinants of health that are associated with poor health and can vary across
demographic characteristics, such as age, race, ethnicity, and gender.>* Alderwick and
Gottlieb argue that making a distinction between the social determinants of health and
social risk factors is important because identifying social risk factors can help health
systems develop targeted interventions to address them.>* Many social risk factors are
actionable and modifiable from a health system perspective, whereas broader social
determinants of health are not and require policy change. A few social risk factors, like

education and un- or underemployment are not easily or directly modifiable by the health
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system but are nevertheless downstream effects of larger social or political determinants
of health. Additionally, they argue that the term “risk factor” is currently used to describe
any individual-level clinical exposure that increases the chances of poor health outcomes,
therefore, the same logic should be extended to social exposures which also act as risk
factors for health outcomes.>*

Finally, demographic factors describe the non-modifiable characteristics of
individuals, such as age, race, ethnicity, and gender. In research, demographic factors are
typically the characteristics used to describe inequities, but are not themselves the causes
of inequities. Policies often disproportionately advantage or disadvantage certain groups of
people, which in turn affects the way their social determinants of health are structured,
and results in differential social and geographic risk factors across groups.

Figure 1 illustrates each of these relationships based on a modified social-
ecological framework,> with concepts relevant to this dissertation in red text.

Figure 1. Modified Social-Ecological Model for Political and Social Determinants of

Health, Social Risk, and Demographics
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1.5 Problem Statement

The early 2000s marked the “Decade of Pain Control and Research”>¢ and the
subsequent years have seen an increase in chronic pain research and related policy
initiatives. This includes research identifying psychosocial conditions as major predictors

of chronic pain outcomes and a shift in treatment options away from pharmacotherapies
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toward NPT treatments.3?2 Research has also exposed vast racial and ethnic inequities in
chronic pain outcomes; however, policy and research have failed to move beyond
quantifying inequities to understanding and addressing modifiable mechanisms that may
be driving the inequities.*? Research has shown that socioeconomic status is a major
predictor of chronic pain, with those who have the lowest socioeconomic status
experiencing worse pain-related health outcomes than those with higher socioeconomic
status, however, more research is needed to understand additional risk factors that may
act as mediators to the relationship between psychosocial conditions and chronic pain.
Additionally, there is an important gap in understanding whether social risk and
psychosocial factors have a bidirectional relationship when examining chronic pain
outcomes; however, this question is beyond the scope of this dissertation.

While other states have allowed for Medicaid to reimburse for NPT, the Oregon Back
and Neck Pain policy is the only policy in the United States that both has targeted
restrictions on reimbursing less safe biomedical pain treatments including long term opioid
treatment and has included reimbursement for a broad set of evidence-based NPT
services. Further, the policy was formulated in a manner that encouraged the use of risk
stratification to match the types and amounts of services to the evidence base suggesting
who is most likely to benefit from such treatment and allow a way for CCOs to manage the
costs of expanding reimbursable NPT for back and neck pain. However, implementation of
the policy varied substantially between CCOs and expanding coverage to NPT services
alone may not be enough to increase equity in outcomes for those with increased social

risk. For example, the policy did not include any provisions to help overcome social and
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other barriers this population may face, including food insecurity, housing insecurity,
financial insecurity, transportation insecurity, health system implementation and referral to
NPT services, availability of NPT providers in a given area. Understanding how social risks
affects chronic pain-related outcomes can serve to inform future state policies, clinical
implementation strategies, and health services interventions aimed at increasing equity in
treatment for people living with chronic pain.

1.6 Research Question and Aims

This dissertation sought to answer the following question: How do social risks affect
the effectiveness of the Oregon Back and Neck Pain policy on use of NPT and chronic pain-
related outcomes among eligible Medicaid enrollees at federally qualified health centers?

| answered this research question with three distinct aims. In all three aims, |
utilized a sample of individuals from Oregon, where the Oregon Back and Neck Pain policy
was implemented, and California, where a similar policy was not in place, but which faced
similar pressure to change their approach to pain treatment (e.g., restricting opioid
treatment), allowing for comparison across states. Data on this sample come from the
Back on Track (BoT) study and were collected via surveys administered at five evenly
spaced timepoints over a 12-month interval. More information about the sample and data
sources are described in subsequent sections. The modeling and analytic approach used
in this dissertation was a multi-group (MG) finite mixture model (FMM). The aims of the
dissertation were
Aim 1: Characterize patterns of NPT utilization over 12-months across states with and

without the Oregon Back and Neck Pain Policy (Oregon v. California).
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Aim 2: Examine the effects of social risks, socio-demographic characteristics, and clinical
characteristics on patterns of self-reported use of nonpharmacological therapy (NPT)
over 12-months across states with and without the Oregon Back and Neck Pain policy

(Oregon v. California).

Aim 3: Examine the effects of social risks, socio-demographic characteristics, and clinical
characteristics on change in pain-related outcomes between baseline and 6-months and
6-months to 12-months across states with and without the Oregon Back and Neck Pain
policy.
1.7 Theoretical Approaches

This dissertation was guided by one major theory and two complementary applied
frameworks. The major theory used is the Ecosocial Theory of Disease Distribution
(ecosocial theory, in short). Nancy Krieger first introduced ecosocial theory in 1994 and has
subsequently expanded it over the last three decades.>’~®! Ecosocial theory is used to
describe and explain causal relationships in disease distribution and production by
focusing on the ways in which individuals exist in spheres of multi-level influence that often
become embodied and influence our health outcomes. Ecosocial theory allows for
understanding the ways in which policies, discrimination, and poverty become embodied
and their effects cumulate over time to change populations’ exposure, susceptibility, and
resistance to disease. Krieger includes government as a central feature in the ecosocial
theory, as the primary force that has agency and accountability for how structural factors

act as determinants of health. This dissertation will explore how the Oregon Back and Neck
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Pain policy and social determinants of health intersect to effect chronic pain outcomes for
a population of Medicaid enrollees in federally qualified health centers (FQHCs).

To do this, | used two complementary frameworks. First, | used the Multi-level
Influences on Quality of Care conceptual model put forth by Clauser and colleagues.®%%3
The Multi-level Influences on Quality of Care for Chronic Pain (Figure 2) is a modified social
ecological model that was originally created to describe the multi-level influences on
cancer care and is intended to show that multiple levels exert influence on the quality of
care that a patient receives in a healthcare system and that quality of care translates into
health outcomes. This model is appropriate to use in this dissertation because the Oregon
Back and Neck Pain policy and the health-related service spending initiative, described in
Chapter 2, are multi-level policy interventions targeting the patient and other core levels of
influence, each with an intent on impacting the quality of care a patient receives and,
ultimately, on health outcomes.

Figure 2. Multi-level Influences on Quality of Chronic Pain Care”
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The final conceptual model used in this dissertation is based on Aday and
Andersen’s Behavioral Model of Health Care Utilization®* which has been used many times
over the last 50 years in health services research to understand societal and individual
determinants of health services utilization. In 2000, Gelberg, Andersen, and Leake®
applied a new version of the Behavioral Model to a population experiencing homelessness
and called it The Behavioral Model for Vulnerable Populations. The value of this updated
model is that it allows for the social determinants of health to be included along the
pathway that explains or predicts health utilization and health outcomes, though it does

not account for upstream social determinants in the external environment. This
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dissertation will expand on The Behavioral Model for Vulnerable Populations to add a Policy
Environment and geographic determinants of health and provider availability as part of the
External Environment in addition to the individual Population Characteristics to guide the
design, variable selection, and hypotheses generated in this dissertation (Figure 4) for both
NPT service utilization and chronic pain outcomes. More detail about each theory and
framework and how they are applied in this dissertation is presented in Chapter 2.

Figure 3. Behavioral Model of Health Services Utilization for Marginalized Populations”
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1.8 Purpose and Significance

The purpose of this dissertation was to inform more equitable federal and state
policies seeking to improve outcomes for people living with chronic pain by better
understanding the role of social risks within a biopsychosocial framework. In 2012,
Meghani et al.®® and Campbell et al.*? argued that we know that racial and ethnic
disparities in pain outcomes and treatment effectiveness exist, but we know much less

about the mechanisms at play that create those disparities. In other words, itis time to
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move from identifying problems of health disparities toward exploring and enacting
evidence-based solutions that increase health equity.

This dissertation was aimed at understanding the policy-amenable health system,
community, and individual social risks that may lead to poorer outcomes of care and
inequitable access to NPT services. Other mechanisms driving disparities that are not a
focus of this dissertation include aspects of provider bias that systematically
underdiagnose pain because of the incorrect belief that BIPOC patients have a higher pain
tolerance or under-prescribe pain treatment because the provider may lack trust that
BIPOC patients will adhere to medication guidelines.®” While understanding and improving
the individual provider response and patient-provider relationship is critical to advancing
health equity, | will not explicitly investigate how provider bias may influence the outcomes
because the focus of this dissertation is on broader social contexts that are susceptible to
policy interventions.

The Oregon Back and Neck Pain policy is the first in the United States to extend
Medicaid benefits to such a wide range of NPT services and punctuated the policy
landscape due to its novel use of recent evidence-based treatment for chronic pain and the
goal of the policy aimed at increasing access and improving outcomes rather than focusing
solely on cost-savings. Now, we have a window of opportunity to contribute to the evidence
base for equitable chronic pain policy that is created by the following three elements
emerging at once: a proliferation of state policies aimed at increasing access to NPT
services, including psychosocial approaches, over traditional biomedical treatments; a

national and state politic that is moving rapidly toward progressive, equity-oriented
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approaches to chronic pain management; and a chronic pain problem that is creating
substantial personal and economic burden on the country. The confluence of policies,
politics, and problems are what John Kingdon termed “the three streams” that, when they
converge, create a short window of opportunity for change.®® This is the time to further our
understanding of whether the Oregon Back and Neck Pain policy worked differently for
different groups of people so that social risks can be better accounted for in the

biopsychosocial framework of chronic pain and in future state policies.

26



Chapter 2: Literature Review

2.0 Introduction: Burden of Chronic Pain

Chronic pain is a common and complex problem affecting millions of people in the
United States and globally. Though often resulting from an acute injury, chronic painis a
unique condition with specific psychological, behavioral, biological, and social risk factors
associated with it. From a population health perspective, it is important to understand the
prevalence and determinants of chronic pain so that policymakers, healthcare leaders,
and public health researchers know how to treat and manage pain for those most affected.

Chronic pain is one of the most common reasons adults seek medical care in the
United States.’™ Chronic pain is defined by epidemiologists as pain that lasts for at least
three months as this characterization has been determined to be a reasonable metric for
pain persisting past the normal time for tissue healing.> Chronic pain can be due to cancer
or non-cancerous causes. The focus of this dissertation will be on chronic non-cancer
back and neck pain.

Chronic pain has substantial personal, societal, and economic costs including
increased dependence on opioids, poor mental health, lost productivity, and disability
program-costs.* Chronic pain contributes an estimated $560 billion each year in direct
medical costs.* Chronic pain is the leading cause of disability in the US and globally and
treatment is rarely effective at substantially reducing or ameliorating the pain itself even
when functional improvements are achieved.®® Chronic pain contributes more to years
with lived disability than other common mental health and physical conditions

combined.® Chronic pain contributes an estimated 10.1 million years annually lived with
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disability compared to 9 million for diabetes, hearing loss, chronic obstructive pulmonary
disorder, stokes, Alzheimer’s disease and related dementias, asthma, opioid use disorder,
and alcohol use disorder combined.®

Prevalence estimates vary, but approximately 20% of US adults are living with
disabling chronic pain at any given time, with higher rates among certain subgroups,
including those who have lower socio-economic status, older adults, women, rural
residents, and those on public health insurance.! The prevalence of chronic pain has been
growing over time and disparities in prevalence are increasing, according to one study
analyzing National Health Interview Survey data from 2002-2018.7° Chronic back pain is the
most common type of pain and the prevalence of back pain increased by about 15% and
neck pain increased by 16% between 2002 and 2018.7° For those whose income was less
than twice the poverty level, their level of back or neck pain increased between 34-39%
compared to 9% for those whose income was four times the poverty level.”®

This chapter reviews the relevant literature to orient readers of this dissertation to
the general burden of chronic pain in the United States; the biopsychosocial model through
which chronic pain is best understood; biological, psychological, behavioral and social
drivers of chronic pain and associated disparities; key aspects of the national policy
landscape of chronic pain and the opioid epidemic; chronic pain treatment option efficacy,
effectiveness, and risk of harm; the Oregon Back and Neck Pain policy; the history of
Oregon innovations in health policy; CCOs and health-related service spending; gaps in the
literature; and finally, the theoretical underpinnings that inform the subsequent design,

hypotheses, and methods.
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2.1 The Biopsychosocial Model of Pain

Chronic pain is a complex condition, influenced by many different factors, and is
best understood through the biopsychosocial framework.33° The biopsychosocial
framework is an antidote to the biomedical reductionist framing that suggests that the
mind and body are two separate parts of the body that do not interact. Instead, the
biopsychosocial model provides a framework whereby biological, psychosocial, social,
and other factors intersect rather than treating each as a discrete medical condition.

In 1965, Melzack and Wall introduced the Gate Control Theory of Pain, which was
the first theory to show that psychosocial factors played a significant role in the perception
of pain.”! Based on the Gate Control Theory, the biopsychosocial framework was first
developed by Engel in 1977 via the Conceptual Model of Illness and later expanded upon by
Loeser in the Conceptual Model of Pain.?° Prior to the development of the biopsychosocial
model of illness and pain, pain that did not have clear physiological origin was not treated
as “real” pain as the biomedical model of pain dominated current thinking, thereby
reducing the broader role of psychological and social aspects in the etiology and
maintenance of chronic pain.3°

The current dominant theory supporting the biopsychosocial model is the
neuromatrix theory of pain put forth by Melzack in 2001, which proposes that the
experience of pain is influenced by a number of centers in the brain’s neural network.”? The
theory posits that pain is influenced by stress, which can be created by the pain itself or
other external causes. Pain is also influenced by how an individual experiences the

sensation of pain, how the individual thinks about pain and their ability to do anything
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about it, how the individual responds to pain through movement or behavior change, and
finally how the individual feels about the pain.’? Biological, psychological, and social inputs
each play a significant role in determining who develops chronic pain and how an
individual experiences it.

The biopsychosocial model allowed pain to be viewed as a dynamic interaction
between biological, psychological, and social factors that is also a subjective experience
involving emotional responses and behaviors that are affected by those emotional
responses. Each part of the biopsychosocial model is part of the whole and interacts
across levels, supporting the idea first put forth by Waddell in 198773 that pain cannot be
fully understood, treated, or managed without first understanding the whole person who is
exposed to the nociception, or the detection of painful stimuli, that may have caused the
initial acute pain. As | will discuss later, there are many more social aspects that affect
pain, the experience of pain, and the comorbid psychological conditions than other
biological or psychological influences in the model.3°

2.1.1 Psychosocial and Behavioral Factors

The biopsychosocial model is particularly useful for understanding chronic pain
because, as Gatchel®! argues, there is no field where “psychiatric and medical pathologies
intersect more prominently than in pain disorders.” Though evidence is continually being
generated about which psychosocial conditions precede or predict the development of
chronic pain, which ones exacerbate chronic pain, and which ones are exacerbated by
chronic pain, there is a substantial body of evidence detailing the comorbidity of chronic

pain and psychosocial conditions.’*’> Between 30-60% of people who report chronic pain
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also report psychosocial conditions, such as anxiety or depression.47476.77 Both anxiety
and depression are positively predictive of pain and pain-related disability.'*”8 In one of the
first longitudinal clinical trials on pain and depression, Stepped Care for Affective disorders
and Musculoskeletal Pain (SCAMP), Kroenke and colleagues found that there is a
bidirectional and possibly causal relationship between depression and pain, wherein
depression was a strong predictor of pain and pain was a strong predictor of depression.’®
A growing body of literature supports the causal and bidirectional relationship between
pain and depression.47>76

In another longitudinal trial, Stepped Care to Optimize Pain care Effectiveness
(SCOPE), Kroenke and colleagues assessed the SPADE cluster of symptoms (the Sleep
disturbance, Pain, Anxiety, Depression, and low Energy/fatigue), which are the five most
common co-occurring chronic conditions in the general population. They found that 90%
of patients reported multiple conditions among the SPADE symptom cluster. The most
commonly reported co-occurring condition with pain was sleep disturbance, which can
exacerbate psychological distress and increase pain.”® Additionally, they found that a
reduction in the overall cluster symptom severity, measured by a composite score, resulted
in an improvement in multiple functional outcomes related to pain.”® This further highlights
the idea that psychosocial and pain conditions interact synergistically rather than being
experienced by people with these conditions as discrete medical conditions.

In addition to depression and anxiety, pain catastrophizing3?8%-82 is shown to be the
strongest predictor of chronic pain and chronic pain-related disability, though most

variation in explaining these outcomes remains unmeasured.® Pain catastrophizing is
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generally defined as an exaggerated negative mentality towards actual or anticipated pain
and may be a construct made up of three different dimensions: magnification of the pain or
risk of pain, rumination, and helplessness to do anything to prevent or improve pain.8-%
Catastrophizing is related to anxiety and is an independent predictor of depression in
people living with chronic pain,®3” underscoring the importance of the interdependency of
conditions illustrated in the biopsychosocial model.

Several behavioral factors are associated with chronic pain. People who smoke
tobacco, particularly those who are heavy smokers, reported higher levels of pain intensity
than non-smokers.® Alcohol has a complicated relationship with chronic pain. It is often
used by those with chronic pain to “self-medicate,” though the analgesic properties are
short-lived and heavy alcohol users build up a tolerance, requiring them to consume more
to feel any effect.® Some research has indicated that alcohol withdrawal can lead to
increased pain sensitivity, reducing the incentive for those with chronic pain to quit
drinking.®88 The role of nutrition in the development or management of chronic pain is
complicated and understudied. It is possible that the gut microbiome and inflammatory
processes play a role in chronic pain etiology; management and targeted dietary
interventions may be one way to improve pain management. One systematic review of 23
articles found that nutrition was significantly associated with reducing pain severity and
intensity, but all articles were considered low-quality.®® As described later in this chapter,
physical activity and exercise, such as yoga, tai chi, and water aerobics, are shown to be
positively associated with improvement in physical functioning, decreases in pain severity,

and few adverse effects.38
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2.1.2 Biological Factors
Pain has historically been understood and treated as a primarily biomedical

condition.3° That is, clinicians and researchers have sought ways to understand the
biological underpinnings of pain so that a medical intervention can be applied to rid the
body of pain altogether. While research and clinical treatment of pain is steadily moving
toward a more whole person, biopsychosocial approach, there are some key biological
factors that can determine when someone will develop chronic pain or chronic pain-
related disability.

Pain is the body’s alarm system to let us know when injury occurs. In many cases, it
is a useful and transient condition resulting from an injury. This type of short-lived pain that
has a known origin is referred to as acute pain. Having acute pain or chronic pain at another
site in the body is the strongest clinical predictor of developing future chronic pain because
the painful stimuli in other parts of the body alter the brain in such a way that leaves the
individual vulnerable to developing chronic pain.®9! Effectively preventing or managing
acute pain is one of the most important ways to prevent the incidence of chronic pain.®

Another important clinical risk factor for people with chronic pain is having multiple
other chronic comorbid conditions, such as neck or back disorders, mental health
conditions, or cancer.’? Approximately 88% of people with chronic pain have an additional
chronic diagnosis, which complicates treatment protocols for those with chronic pain
because multiple conditions need to be managed simultaneously so that effective pain
control options are likely reduced due to the competing needs of treatment for varied

conditions.®? While having multiple comorbid conditions is not a predictor of later
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developing chronic pain, chronic pain is an independent risk factor for all-cause mortality
among those who have multiple comorbid conditions.®3

Obesity, defined as a BMI greater than 30, is often related to having other comorbid
conditions and is an independent predictor of chronic pain.® While there is limited
evidence that weight loss improves chronic pain, multiple studies have shown that the
likelihood of reporting chronic pain increased substantially as BMl increased.*%
Compared to people with a BMI less than 30, considered a healthy BMI, those with a BMI
30-34 had a relative rate of pain 68% higher; those with a BMI 35-39 had a relative rate
136% higher; and those with a BMI >40 had a relative rate 254% higher.®* When controlling
for other comorbid conditions, the rates are reduced but are still significantly higher for
those who are obese compared to those who are not.>* Not only is obesity a predictor of
chronic pain and related to other health issues like cardiovascular disease, diabetes, and
hypertension, but it is also bidirectionally related to psychosocial conditions that are
known to independently predict chronic pain, such as depression and anxiety.®®

Beyond clinical risk factors, identifying underlying genetic and biological
mechanisms responsible for chronic pain is a continually growing field. The relationship
between chronic pain and genetics is complicated because genes act at multiple levels to
influence how an individual experiences pain, including emotional, behavioral, and
biological processes.’® While neither a single gene nor a broader genetic phenotype has
been identified, there is research ongoing designed to understand what biomarkers are
associated with pain. Sustained increases in stress hormones or inflammatory cells, and

decreases in immune cells have been shown to be associated with chronic pain, but the
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mechanisms underlying these associations are not robustly understood, though
epigenetics is one pathway research is exploring.%®°’

2.1.3 Social Factors

The least studied contributing factors to chronic pain are social and geographic
factors that are associated with developing, maintaining, or exacerbating chronic pain and
chronic pain-related disability. These factors may contribute to chronic pain outcomesina
variety of ways, including being associated with more stressful life events*°70899 gnd
psychosocial conditions that are known to be related to chronic pain,*'%°-103 causing
inequitable access to pain management,*+4%101.104 |gading to people living in environments
that expose them to more chronic stressors,’%8899-101,104-107 gnd contributing to biological,
clinical, or behavioral conditions associated with chronic pain.* Often, these social and
geographic factors are correlated with demographic characteristics, such as age, race,
immigrant status, sexuality, or gender, leading to disparity in levels of chronic pain and
pain-related disability between groups. 4414288108

Generally, older populations experience more chronic pain than younger
populations, though the relationship can be complicated by independently predictive
comorbid conditions that are more common in older adults.88 Women report chronic pain
more frequently, experience higher levels of pain intensity and pain-related disability, and
are more likely to seek treatment than men.®8 Reasons for these gender differences are
largely unknown.

Racial and ethnic disparities in chronic pain are well-documented.**?> Chronic pain

and pain-related disability are more common among populations of color than white
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populations; however, the mechanisms for disparity are understudied.*"-%® Studies have
shown that when adjusted for income, employment, and adverse life events, the
relationship between race, ethnicity, and pain were attenuated.®® In one study of pain
differences across Black, white, and Hispanic participants, race and ethnicity no longer
predicted chronic pain when income, education, employment, and education were
accounted for.*> However, in other studies, race has remained an important predictor of
chronic pain, even when socioeconomic status is included, highlighting that there is
unexplained variation in the relationship between race, ethnicity, and chronic pain
outcomes that have not yet been accounted for.1% Through mechanisms of structural
racism such as historical redlining, discriminatory hiring practices, and poorer access to

quality education, populations of color are more likely to have lower levels of

socioeconomic status,* live in poverty,* have had adverse life events, have higher levels of

medical comorbidities, and higher levels of depression and anxiety, each of which have
been shown to be associated with poorer chronic pain outcomes.*

Socioeconomic status (SES), including SES markers such as income, education,
and neighborhood, is inversely associated with experiencing chronic pain, pain severity,
and pain-related disability.”%8%19> Poverty, in particular, is one of the most well-known
drivers of health inequity across a broad range of outcomes.!%1%7 Poverty is associated
with higher rates of depression and anxiety,!% exposure to chronic stressors, inadequate
living conditions, lack of healthy foods, physically-demanding labor, trauma and adverse
childhood events (ACEs), and lack of access to health insurance.'* In one study, those

with an annual income of $25,000 or less were 71% more likely to have chronic-pain-
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related disability than those with a higher income.* Each of these contributes to increased
levels of chronic pain or poor access to pain management therapies.%*

Employment and occupation are associated with both poverty and chronic pain.
Those who are un- or under-employed often report higher levels of chronic pain and pain-
related disability than those who are employed, though this relationship may be
bidirectional.®’%88 Chronic pain is not only prevalent among those who are unemployed,
but also unemployment can be caused by chronic pain due to disability and associated
limitations that limit the kind of work people can do. People who are unemployed or
otherwise have a low socioeconomic status also often do not have access to health
insurance, which prevents or delays them from seeking treatment or causes care to be
experienced in an uncoordinated or fragmented way, leading to worse health
outcomes.**49101 Additionally, those working in occupations requiring manual labor or
repetitive physical movements report high levels of chronic pain because this type of work
can lead to or further exacerbate chronic pain, particularly chronic back pain.®7%88

Poverty is associated with various psychosocial stressors that contribute to chronic
pain and other psychosocial conditions, namely depression and anxiety.1%-192 Though the
literature on the relationship between poverty stressors, psychosocial conditions, and pain
is nascent, one study sought to understand the relationship between financial hardship,
daily financial worry, and daily pain severity.'%3 The sample consisted of 250 women with
osteoarthritis, fibromyalgia, or both who were asked to keep a daily diary of their financial

concerns and their pain levels. As expected, economic hardship was associated with
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increased daily financial worries, but importantly, days where financial worry was present
were significantly associated with higher levels of pain severity.103

Food insecurity is another type of chronic stressor experienced by many, including
people in poverty. Men and colleagues found in two large samples of Canadians 12 years of
age and olderin 2015 and 2018, that food insecurity was a stronger predictor of chronic
pain, pain severity, and pain-induced functional limitations than income or education.”®
Compared to food-secure individuals, those who were marginally food-insecure were 31%
times more likely to experience chronic pain; those who were moderately food-insecure
were 89% more likely; and those who were severely food-insecure were 329% more likely to
report experiencing chronic pain.®® Food insecurity was also associated with an increased
risk in using prescription opioids in the same samples.®® Whether this association is related
to nutritional deficits that food-insecure individuals may have, daily stress of not having
enough to eat, or both is unknown.3*% The authors included covariates known to be
associated with pain, though some measures, such as availability or utilization of pain
management services, were not directly available and proxies had to be used.

Housing insecurity is another chronic stressor that affects many, including those
living in poverty. The stress of not knowing whether one can afford rent month-to-month or
the stress of being houseless, though, is understudied in relation to chronic pain
outcomes. While little is known about how housing insecurity is related to chronic pain,
geographic factors have been shown to be associated with chronic pain outcomes.
Neighborhood factors that are associated with chronic pain often are highly correlated with

measures of poverty. Environmental stressors, such as exposure to crime, housing status,
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neglected buildings, overflowing trash, and other conditions of impoverishment have been
shown to be associated with increased psychosocial distress and are associated with
increases in chronic pain.®®!! Living in neighborhoods without sidewalks, parks, or
playgrounds creates barriers to physical activity, which is known to impact the prevention
or experience of chronic pain.'°! Finally, where someone lives can hinder access to high
quality healthcare and pain management therapies, including primary care where the
majority of pain is treated or to other providers, such as massage, acupuncture, or physical
therapy practitioners.%?
2.1.4 Biopsychosocial Summary

Psychosocial stressors that result from poverty include housing insecurity, financial
insecurity, food insecurity, unsafe neighborhood conditions, living in neighborhoods
without access to care or opportunities for physical activity, and general impoverished
conditions and have been found to be associated with chronic pain outcomes, though
research in most of these areas is limited. These social and geographic conditions can act
as psychosocial stressors because they may impact the ability to feel like one has control
over the basic needs of their life, let alone the ability to feel that they are in control of their
own pain experience.'°109 The ability to feel like one has agency to control their pain is an
important psychosocial predictor of chronic pain outcomes.® These psychosocial
stressors may also exacerbate catastrophizing and the related condition of anxiety, which
are also known to be important predictors of chronic pain outcomes.3%%” At least one study
has shown that psychosocial conditions like depression and catastrophizing are more

predictive of pain outcomes than poverty, education, or demographic variables'®? which
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highlights the need to understand how social and geographic conditions interact with
psychosocial stressors and chronic pain.

There are many factors associated with the development or severity of chronic pain.
Psychological, social, and geographic factors are often at least as important as underlying
biological factors, greatly influencing the physical manifestations and treatment response
to chronic pain. The contribution of these factors is important to understand so that the
development of chronic pain can be prevented, and treatments can be effectively targeted
and tailored to reduce pain severity and increase functioning. Some factors are amenable
to medical or social intervention, while others can inform the assessment, management,
and prognosis of chronic pain at an individual or societal level.

Demographic and social factors are often not directly amenable to medical
intervention but can inform population-health strategies for prevention or management of
chronic pain or provide context for individual-level assessment and treatment. Inequities
between groups based on demographic characteristics are a result of systemic policies
that have disproportionately benefited certain groups over others, leaving poor, rural, or
communities of color with inequitable and poorer health outcomes and little access to
high quality healthcare. One way to address disparity and increase health equity is to use
policies to redistribute resources and access to historically marginalized communities.

2.2 Pain on the National Agenda
For more than 100 years, a pendulum has swung between liberal use of opioids in

treating chronic pain to restrictive prescribing of opioids.!'° This has been felt most acutely

in the last 30 years. In 1995, Oxycontin, a drug very similar to heroin that is primarily made
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up of oxycodone, was introduced on the market as the first-ever non-addictive narcotic.*?
It was aggressively marketed as such by Purdue Pharma directly to physicians in areas of
the country where manual labor was the main economic activity and, as such, chronic pain
was highly prevalent.”®!! Up to this point, opioids were not thought to be the primary
method with which to treat chronic pain due to their addictive properties. During the
following years, Purdue Pharma worked tirelessly to influence policymakers and healthcare
professionals’ perspectives on opioid prescribing. Pain was termed the “fifth vital sign,”
doctors and healthcare systems were evaluated on their ability to keep pain low or
eradicate it altogether, and patients began advocating for their right to be free of pain, with
the best way to achieve this through OxyContin.'° Treating pain with long-term opioids
became the norm and, because OxyContin was actually highly addictive, this spurred the
opioid epidemic that continues to ravage the country today.!'° The opioid epidemic began
with the belief that opioids were the safest and most effective way to treat pain. Today the
opioid epidemic continues with record-breaking overdose deaths reported in 2020.!2
While policymakers and healthcare leaders now recognize the addictive properties of
opioids and have sought ways to regulate prescribing, the introduction and proliferation of
fentanyl and other synthetic opioids continues to fuel opioid overdoses and deaths.!*?
Simultaneously to the rise of OxyContin and the opioid epidemic, the United States
Congress declared the decade beginning in 2000 as “The Decade of Pain Control and
Research.”*® This was officially promulgated via the Pain Relief Promotion Act wherein
Congress acknowledged that “inadequate treatment of pain, especially for chronic

diseases and conditions, irreversible diseases such as cancer, and end-of-life care, is a

41



serious public health problem.” The Act also stated that physicians “should not hesitate to
dispense or distribute controlled substance when medically indicated for these
conditions,” however it did not limit or alter any of the provisions in the Controlled
Substances Act, which regulates controlled substances and limits the dispensing and
distribution of those substances for legitimate medical purposes.® The Pain Relief and
Promotion Act centers the problem as one of balancing the competing demands of
adequate analgesic pain management with strict regulation of these drugs to prevent
abuse. This idea came to be known as the Doctrine of Balance.>®

During the 2000s, 2010s, and into today, many national organizations have been
involved in issuing new guidelines for the safe prescribing of opioids for pain management
as well as generating evidence that non-pharmacological approaches are safe and
effective treatment options for chronic pain and should be used as afirst line treatment.
Some of these organizations and initiatives that have been influential in the movement to
find effective and safe pain management treatments include the Institute of Medicine’s
report on Relieving Pain in America in 2011,% the subsequent founding of the National Pain
Strategy and their report on a comprehensive population strategy for pain,?° the National
Academies of Science, Engineering and Mathematics meeting in 2018 to discuss safe and
effecting nonpharmacological treatments for pain,?® the Centers for Disease Control and
Prevention (CDC) 2016 opioid prescribing guidelines,!'3 and the Helping End Addiction
Long-term (HEAL) Initiative, which emerged from Congress as a way to address the opioid

epidemic that was affecting many of their constituents and effectively broke down silos
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among NIH divisions so that researchers in pain and researchers in substance use
disorders could coordinate priorities and resources.4

The CDC issued guidelines in 2016 to help guide primary care practitioners in
prescribing opioids for chronic pain.!!3 These guidelines address when to start or continue
opioids for chronic pain, how to select the appropriate opioid and length of treatment, and
how to assess risk of or address addiction or overdose. These guidelines were
accompanied by a growing body of evidence that opioids were not as effective at reducing
pain severity or improving functioning as previously believed, and they had already proven
to carry a substantial risk of harm to individuals and society.?9?!

2.3 Treatment for Chronic Pain

2.3.1 Pharmacologic and Other Biomedical Treatments

Until recently, the primary way of understanding and treating chronic pain has been
through a biomedical model of care where the goal of care has been to identify the source
of pain and treat to eliminate pain altogether.?83% Methods of treatment under a biomedical
modelinclude opioids, other drugs, invasive medical procedures, and epidural steroid
injections as first-line treatment options. Epidural injections have been shown to be
effective for short-term and long-term pain relief, but most studies have not evaluated
functioning.''®> Pharmacologic treatments for chronic pain include opioids and other types
of drugs, including antidepressants, anticonvulsants, non-steroidal anti-inflammatory
drugs (NSAIDs), and acetaminophen.??” Among these, opioids are a central concern for
the public, healthcare systems, and policymakers alike because of the opioid epidemic

that an overreliance on prescription opioids spurred beginning in the late 1990s.
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Opioid prescriptions increased four-fold from 2000-2010 and the United States
remains the largest per-capita consumer of opioids in the world.?®!1® Reasons for the US
consistently being the largest consumer of opioids internationally are multi-faceted. First,
as described above, opioids have been used for years as the first-line treatment for millions
of Americans who have chronic pain.?® The US approach to pain management has primarily
been through a biomedical model of care rather than using non-pharmacological
approaches that have been shown to be efficacious in reducing pain and improving
function. Second, the incentive and reimbursement structures of the US healthcare system
reflect the preference for biomedical care over non-pharmacological care, with insurance
plans that have historically made opioids more affordable and easily accessed over other
treatments and incentive structures that prioritize shorter, more efficient appointments
over longer, visits that may result in better quality pain management.?® Third, the US has
loose marketing policies compared to the rest of the world and decentralized oversight of
prescription monitoring.?® One of the most prominent examples of the impact marketing
had on the opioid epidemic was with OxyContin.>6110:111

Despite the reliance on opioids as a first-line pain treatment, the evidence for the
effectiveness of opioids to relieve pain or improve functioning is limited. The Agency for
Healthcare Research and Quality (AHRQ) conducted a series of three comparative
effectiveness systematic reviews on treatment of chronic pain.>2%2” One of the reviews
focused on opioid efficacy, comparison of opioids to placebo or non-opioid treatment, and
harms associated with opioid use at three time intervals: short-term follow-up (1 to <6

months), intermediate-term (6 to <12 months), and long-term (212 months).?! Outcomes
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included pain levels, function, quality of life, and harms. The review included 115
randomized control trials (RCTs), 40 observational studies, and seven studies of diagnostic
accuracy of opioid risk prediction instruments on a population of adults with various types
of chronic pain.?! The review found that there was a small effect on improvement of pain
and functioning in the short-term for opioids compared to placebo interventions.?! There
was no evidence available for the superiority of opioids compared to placebo in the
intermediate- or long-term. For opioids compared to nonopioids, opioids plus nonopioids
compared to nonopioids, and opioids plus nonopioids compared to opioids alone, there
was no effect or no evidence available for improvement in pain or functioning at all time
points.2! This finding is consistent with a systematic review conducted by Busse and
colleagues in 20182° which found that compared to placebo, opioids have a statistically
significant, but small effect on pain and functioning for people with chronic noncancer
pain. In some cases, results have shown that the use of opioids worsens pain and
functioning. 117,118

The AHRQ systematic review found that opioids compared to placebo or nonopioids
were associated with multiple adverse events (AEs), including discontinuation of a trial due
to AEs, nausea, vomiting, constipation, dizziness, headache, somnolence, and pruritis.?!
Opioids were also associated with serious AEs, including hospitalizations. Additionally,
opioids were found to be associated with an increased risk for abuse, dependence or
addiction; overdose; and all-cause mortality.?!

For low back pain, there is limited evidence that certain antidepressants have a

short-term (1 to <6 months) effect on pain, but there isn’t evidence of intermediate or long-

45



term impact on pain and no evidence that antidepressants improve functioning for people
with low back pain.?’ There is some moderate evidence that some antidepressants have a
large increased risk for certain adverse effects like nausea, vomiting, sedation, or
withdrawal from studies due to AEs.?’

2.3.2 NonPharmacologic Treatments (NPTs)

In the late 2010s, many national organizations put forth reports calling for the use of
evidence-based NPT as the first line of treatment for chronic pain, including those issued
by the IOM, CDC, NASEM, AHRQ and the National Pain Strategy. They recommend that the
management of chronic pain be integrated, multimodal, interdisciplinary, evidence-based,
and tailored to individual patient needs.3*28 Psychosocial needs, in addition to biological
factors, are the strongest predictors of pain chronicity and pain-related disability,33%-32 thus
deserving consideration when determining appropriate treatment for pain
management.3262° NPTs are primarily targeted at addressing functioning rather than
alleviating pain directly.

NPTs for chronic pain include exercise and physical therapy, mind-body practices (e.g.,
Tai Chi, yoga), psychological therapies (e.g., cognitive behavioral therapy [CBT],
acceptance and commitment therapy, and relaxation techniques), mindfulness practices,
acupuncture, osteopathic medicine, spinal manipulation therapy, and various physical
modalities (e.g., traction, superficial heat or cold, bracing, transcutaneous electrical nerve
stimulation). NPTs shift the focus from prioritizing pain reduction to improving functioning
and quality of life.>?6 The choice of NPT is driven both by availability and the type and

severity of chronic pain. In addition to each of these therapies, many of those suffering
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from chronic pain report relief with anti-inflammatory and related dietary practices
although research support for such approaches is nascent.333

In 2020, the AHRQ updated their 2018 report® on recommendations for non-invasive
NPT for 5 types of chronic pain as part of the series of reports devoted to the treatment of
chronic pain described in the previous section.3 The review included predefined search
terms limited to RCTs reporting results at least 1-month post-intervention. The review
included 233 RCTs and assessed strength of evidence (SOE) for three time intervals: short
term (1 to <6 months from treatment completion), intermediate term (6 months to <12
months), and long term (>12 months). Thirty-six percent of the trials included were small
(N<70), resulted in small effect sizes, had limited evidence for effect after 12 months, and
compared against usual care, attention control, or placebo interventions. Only one trial for
chronic back pain included pharmacotherapy as a comparator.3

The following types of NPT were shown to relieve pain or improve functioning for at least
one month following treatment for people with chronic low back pain compared to usual
care: exercise, psychological therapy/CBT, spinal manipulation, low-level laser therapy,
massage, mindfulness-based stress reduction, yoga, acupuncture, and multidisciplinary
rehabilitation (MDR). 3

CBT was the only NPT that showed consistent, though small, effects on relieving pain
and improving functioning across all time-points.3 Exercise showed small to moderate
effects on relieving pain at all time points and a small effect on improving functioning in the
short-term.3 Acupuncture showed small, sustained effects in the short- and long-term for

relieving pain and a small effect on improving functioning in the short-term.3 Manual
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therapies, such as massage and spinal manipulation, showed small effects on functioning
and pain in the short- and intermediate-term. Mindfulness practices showed no effect on
functioning but small effects on pain up to 12-months. Yoga had moderate short-term and
small intermediate effects on functioning with small short-term and moderate
intermediate effects on pain. Finally, multidisciplinary rehabilitation showed small effects
up to 12-months on both pain and functioning.® Other than trials for CBT, acupuncture, or
exercise, most did not assess the impact on pain or functioning after 12-months. If they
did, they did not find an effect, e.g., mindfulness practices, multidisciplinary rehab.3

The types of NPT that have been shown to be most effective varies by type of chronic
pain, though the majority of trials are focused on those with chronic back pain. Those with
chronic neck pain showed improvements with exercise, low-level laser, mind-body
practices, massage, and acupuncture compared to usual care.? The majority of trials
included in the AHRQ review for chronic neck pain were acupuncture trials. Acupuncture
showed small effects on function up to 12-months and no improvement in pain at any
timepoint. Exercise was the next most common intervention for chronic neck pain among
those included in the AHRQ review. Exercise showed a small long-term effect on
functioning but no effect at any other time point or at all for pain. Massage showed
moderate effects for relieving pain and small effects for improving functioning in the short-
term. Low-level laser therapy showed moderate effects in the short-term for both pain and
functioning. Finally, mindfulness practices showed small effects up to 12-months for

functioning and did not assess pain at any timepoint.3
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While the evidence on effect of NPT for chronic back and neck pain is mostly small,
evidence shows that noninvasive NPT is a safe approach to pain management.3 Across all
trials, adverse events and serious adverse events were extremely rare. The most common
harm reported was increased pain in massage, spinal manipulation, and MBSR trials.3
Serious adverse events, e.g., deaths or hospitalizations, among patients participating in a
NPT trialis rare and among those that reported a serious adverse event, all were found to
be unrelated to treatment.''® Importantly, NPT is not associated with mortality, overdose,
addiction, or any other negative outcome.? While evidence may be limited, just as it is for
opioids, NPT is a safer option for pain management and this review underscores why many
national organizations are calling for NPT to be the first-line treatment for people with
chronic pain.

2.3.3 Generating Evidence for NPT

More evidence is needed, particularly as it pertains to marginalized populations, to
better understand how NPT impacts pain severity and functioning. However, generating
evidence for NPT services is challenging for the following reasons:?8

1. Painis a multifactorial condition that fluctuates based on emotional distress,

activity level, among other things. Patients may have multiple comorbidities for
which they are receiving other treatment that is unmeasured in the trials. This
makes it difficult to isolate the treatment effect of the intervention.

2. Pain canvary from day to day and week to week.

3. Mosttrials only assess one intervention rather than multimodal treatment as

recommended.

49



4. Even among trials of the same intervention, there is variation in the frequency and
duration of treatment.

5. The specific tools used to assess pain and functioning vary across studies.

6. There are barriers to carrying out trials in a way that creates generalizable
information, including NPT not being widely available in all areas of the US, e.g.,
rural; people needing transportation to get to treatment; people without the ability
to take regular time off work to go to treatment often do not participate in trials.
While there are gaps in the evidence surrounding NPT treatments, particularly

around the effectiveness of NPT to provide sustained pain relief and among marginalized
populations in particular, the evidence for sustained effect is better than the evidence
available for pharmacologic and other biomedical treatments. NPT treatments are shown
to be safer than opioids, though NPT is not shown to relieve pain as well as analgesics, like
opioids. However, NPT treatments show modest but consistent effects in functioning.
Using the evidence currently available that indicates NPT is a safe and effective method for
managing chronic pain, Oregon sought to expand access of NPT to their Medicaid

population.

2.4 Oregon Medicaid’s Back and Neck Pain Policy
In 2016 the Oregon Health Plan (OHP) introduced the Oregon Back and Neck Pain

policy in response to these national recommendations to limit opioid prescribing and
increase access to NPT as afirst line treatment for chronic pain. The goal of this policy was
to discourage use of biomedical treatments that have limited efficacy and pose significant

patient safety risks by expanding access to safe, effective NPT services for those enrolled in
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Oregon's Medicaid program. The Oregon Back and Neck Pain policy is a Medicaid payer
strategy and was written in response to national recommendations that NPT services, not
opioids, should be the first line of treatment for individuals experiencing chronic back and
neck pain. This policy was designed to enhance access to safe, evidence-based NPT
options, including pain-specific psychotherapy approaches,*® while restricting
reimbursement for opioids for back and neck pain and increasing required safety measures
when opioids were prescribed.'® Medicaid is a potentially ideal lever for addressing health
inequities because many Medicaid enrollees face disparities in chronic pain outcomes and
access to treatment related to underlying social risks such as poverty, lack of
transportation, or food insecurity. By making NPT services covered and reimbursable by
Medicaid, Oregon was potentially expanding access to safer and more effective pain
management for a large portion of the state’s population.

The policy was made up of two guidelines aimed at: (1) reducing initiation of or
encouraging tapering opioid therapy and (2) increasing the availability and use of NPT for
chronic back and neck pain through provider reimbursement for previously uncovered NPT
options. The primary goal of the policy was not cost-savings, but rather more effective
management of chronic back and neck pain via a broad set of NPT treatments among the
Medicaid population.3®

The policy suggested stratifying patients into three pain-related disability risk
categories — low-, medium-, or high-risk — based on patient responses to the STarT Back
Assessment Tool which asks patients about pain-related functioning and concerns.3” The

STarT Back Assessment Tool is a validated assessment used to determine risk level for poor

51



functional prognosis based on a combination of physical and psychosocial factors among
individuals with low back pain of any duration (i.e., acute or chronic).3”1?? |t was developed
to guide primary care providers in determining treatment pathways for patients with low
back pain.1?°

This risk stratification encouraged Oregon’s coordinated care organizations (CCOs)
to target more intensive NPT services to those patients with the greatest need, though
CCOs were not required to implement the policy in this way. For those considered low-risk,
the policy allowed for pharmacotherapy limited to NSAIDs, acetaminophen, or muscle
relaxants and NPT options limited to four or fewer visits per year of osteopathic or
chiropractic manipulative therapy, acupuncture, and/or physical or occupational therapy.
For those in the medium- and high-risk categories, they were allowed NSAIDs,
acetaminophen, muscle relaxants and additionally opioid medications if not used as a first
line treatment option and prescribed with evidence of a referral to one or more of the NPT
options. The policy originally limited opioid prescriptions to no more than a 90-day supply
and restricted epidural steroid injections. The medium- and high-risk groups were allowed
up to 30 visits per year of any combination of the following NPTs: cognitive behavioral
therapy, rehabilitative therapy, osteopathic or chiropractic manipulative therapy,
acupuncture, yoga, massage, supervised exercise therapy, and/or intensive
interdisciplinary rehabilitation.
Table 1. Oregon Back and Neck Pain Policy: Recommended Stratification using STarT Back

Tool”

Low-risk Medium- and High-risk
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Pharmacotherapy: Pharmacotherapy:

Limited to NSAIDs, acetaminophen, or muscle | NSAIDs, acetaminophen, or muscle relaxants plus

relaxants opioid medications if used in conjunction with NPT
Non-pharmacotherapy: < 4 visits per year Non-pharmacotherapy: < 30 visits per year
Osteopathic or chiropractic manipulative Cognitive behavioral therapy, rehabilitative therapy,
therapy, acupuncture, and/or physical or osteopathic or chiropractic manipulative therapy,
occupational therapy acupuncture, yoga, massage, supervised exercise

therapy, and/or intensive interdisciplinary

rehabilitation

"Not reimbursed: Opioids used as a first line treatment option, opioids not prescribed in conjunction with NPT, opioids

prescribed for >90 day supply, or epidural injections.

In 2018, the Health Evidence Review Commission (HERC) was presented with a
proposal to amend the policy to expand coverage beyond back and neck pain to include
five additional types of pain: chronic pain due to trauma, chronic postprocedural pain,
chronic pain syndrome, other chronic pain, and fibromyalgia. In 2019, the HERC decided
not to include the additional five types of chronic pain, leaving the policy limited to chronic
back and neck pain.3® They also formally voted to remove the opioid tapering requirement
from the policy, saying that the decision to taper off opioids should be made between the
provider and patient on an individualized basis.3? They cited public pressure and an
external review of the evidence that had been conducted to understand the effectiveness
of opioid therapy in the treatment of chronic pain.

While the goals of the policy followed best practices, the policy itself did not contain

specific implementation guidelines for the CCOs to use, resulting in varied implementation
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of the policy across Oregon CCOs. Based on conversations with the parent study on which
this dissertation is based, described below, challenges included opioid tapering being
complicated by prior Oregon Medicaid policies that dictated opioid prescribing, epidural
steroid injections never fully being restricted, lack of understanding or knowledge of the
STarT Back assessment tool resulting in no rigorous risk stratification, among other.%°

Two main studies, a study by Choo and colleagues®® and the Back on Track study by
DeBar, sought to evaluate the effect of the Oregon Back and Neck Pain policy on NPT
service utilization in Oregon and one of those studies additionally included chronic pain
outcomes. Choo et al.>® evaluated the changes in NPT use before and after the
implementation of the Oregon Back and Neck Pain policy guidelines as well as the
relationship between the changes and demographic characteristics. While there was a
23% increase in overall utilization of NPT, Black, American Indian/Alaskan Native, and
Hispanic patients were less likely to access NPT compared to white patients. Additionally,
those living in urban areas and the elderly were more likely to access NPT compared to
those who lived in rural areas or were younger.”® The results from Choo et al.’s evaluation of
the impact of the Oregon Back and Neck Pain policy guidelines on utilization indicates that
there are disparities in the level of access afforded by the policy. However, their research
does not explain what mechanisms were at play that may be driving the disparities.

The Back on Track study was designed to address the comparative effectiveness of
different payer or health system strategies that aim to prevent unsafe opioid prescribing.
Back on Track used a quasi-experimental design to compare changes in utilization and pain

outcomes between Oregon and California, a state that did not implement a Medicaid
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strategy to expand access to NPT services. The study collected data on enrollees at five
timepoints over 12 months between November 2019 and November 2020 on two cohorts.
One cohortis people who were chronic opioid users and another cohort of “new starts,”
people who did not have evidence of chronic opioid use at the time of study enrollment.
Though the Oregon Back and Neck Pain policy impacted all Medicaid enrollees in Oregon,
data from the Back on Track study are from federally-qualified health centers (FQHCs).
Historically, FQHC patients are more likely than other Medicaid enrollees to have limited
access to pain-related services. Results are forthcoming for this study. This dissertation
used data from the Back on Track study from both cohorts across Oregon and California.

2.5 Oregon Health Policy Innovation Landscape

The following sections provide background information on innovation in Oregon under the
OHP and how social determinants of health are prioritized through spending in the CCOs.
2.5.1 The Triple Aim and Oregon CCOs

The social determinants of health have been increasingly discussed in health
system and policymaking circles since the early 2010s when the Patient Protection and
Affordable Care Act (ACA) was introduced and passed into law. The Triple Aim*?! of
improving the experience of care, improving the health of populations, and reducing per
capita costs of healthcare were the three pillars of the ACA, which was the first national
policy to embody these aims. The ACA ushered in millions of previously un- or under-
insured individuals into the insurance risk pools, many of whom are both medically and
socially complex patients. This presented new challenges such as how to appropriately set

quality metrics across health systems serving populations that make achieving those

55



metrics more difficult than other health systems, how to reduce per capita costs without
penalizing health systems serving socially complex patients, and how to ensure access to
care was equitable across populations. To achieve population health equity, improve care,
and reduce costs, health systems, payors, and policymakers needed to understand and
account for the vast social conditions that are drivers of health.
2.5.2 Oregon’s Innovation with the Oregon Health Plan

Well before Berwick and colleagues?®?! published their seminal paper on the Triple
Aim in 2008, Oregon was a leader in experimenting with socially progressive healthcare
policies that held the essence of the Triple Aim. In the early 1990s, the Oregon Health Plan
(OHP), Oregon’s Medicaid program, was used to expand coverage to Oregonians who were
living at or below the federal poverty line (FPL) while simultaneously reducing healthcare
costs.'?? The state legislature did this through what widely became known as “rationing”
care. In 1989, the Oregon Health Services Commission was established and this
commission prepared a list of 709 health services and diagnoses that were ranked relative
to their societal benefit, rather than relative to their individual benefit. The goal of this was
to increase coverage to un- and under-insured Oregonians while controlling costs by
limiting high expense and low benefit services. The “line” was drawn originally at 587 so
anything above the line was covered by Medicaid and anything below the line was not. In
the beginning, there was a backlash across the state and nationally to the concept of
rationing care.'?? In practice, though, the list of Medicaid services became a set of basic
benefits packages and was ultimately heralded by advocates, policymakers, and

healthcare systems as achieving greater coverage and expanded care options for
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Oregonians.'?3 Setting the line, though, did not result in substantial cost-savings as hoped
for.123

Another component of the early 1990s OHP was the required enrollment for all
Medicaid members into managed care organizations (MCOs).*22 Much of Oregon’s
Medicaid population had already been covered by MCOs so the transition to coverage
requirement was not as difficult as it may have been in other states. Under MCOs, the
capitation payments were made large enough to cover the cost of care so that providers,
hospitals, and MCOs supported funding for Medicaid and were incentivized to accept
Medicaid patients, thereby increasing access to high quality care. In 1997, the per member
per month rate was $130, one of the highest in the country, though still below that of
Medicare or private insurance.'*> Under MCOs, the financial risk is transferred to MCOs, so
services that fell below the line were not necessarily restricted. Instead, the MCO and
capitated payment structure allowed greater flexibility to approve necessary treatments
that fell below the coverage line. MCOs, along with a substantial cigarette tax instituted at
the same time, accounted for the majority of cost-savings under the OHP.%23

In a telephone survey of nondisabled adults who were either enrolled in OHP or
were food stamp (now, SNAP) recipients on private insurance or uninsured, Mitchell and
colleagues!®* found that OHP was associated with a higher percentage of enrollees having
a usual source of care than food stamp recipients. Those enrolled in OHP reported higher
use of dental care and prescription drug use, but also reported a higher rate of unmet need
for prescription drugs, mostly due to having conditions below the line that prevented drugs

from being covered.?* OHP enrollees were as satisfied with their care as food stamp
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enrollees on private insurance and there was no evidence that rationing substantially
restricted access to services.1?

The early OHP, though a success by many measures, was nhot without its problems.
The expansion of OHP and the requirement for Medicaid members to be enrolled in MCOs
substantially reduced the rate of reimbursement for FQHC and safety net clinics and
reduced previously earmarked dollars for safety net hospitals that served large proportions
of uninsured Oregonians.?> Many safety net providers were not part of MCOs, leaving
safety net providers with sicker, more complex patients and fewer dollars.'? In the early
days of OHP, the capitation payment was a flat rate and did not account for risk-
adjustment. Though risk-adjustment is central to determining payments now, this originally
disadvantaged MCOs serving more medically and socially complex patients.

The second phase of OHP began in 2003 where the plan was split into two plans:
OHP Plus and OHP Standard.*?®!?” OHP Plus covered those who were categorically eligible
for Medicaid, which includes (up to specific income thresholds) children and pregnant
women, the disabled, and families enrolled in Temporary Assistance to Needy Families
(TANF). OHP Standard is a Medicaid expansion program designed to cover those not
categorically eligible for Medicaid.1?6'%7 In addition to splitting the plan into two parts, OHP
began instituting premiums for low-income families meeting certain income thresholds.
While these premiums were low, they were still too expensive for most families to afford
leaving many people uninsured again. Additionally, due to budgetary shortfalls, OHP
Standard was closed to new enrollments in 2004. By 2007, OHP had lost 75% of its

enrollment.126
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To try to address this drastic increase in the uninsured population, the Oregon
legislature decided to reopen OHP Standard for enrollment in 2008. They had a budget to
allow 10,000 new enrollees, though anticipated that demand would be much higher. To try
to account for the high demand in a way that was fair, Oregon applied for a waiver from
CMS to implement a lottery system whereby people could sign-up with low-entry
requirements (e.g., basic demographic information) and be entered for a chance to be
selected.'?’ If selected, they were required to verify eligibility and submit the proper
paperwork to be enrolled in OHP Standard. This unique approach allowed researchers to
study the impacts of expansion of public health insurance on health care utilization, health
outcomes, and financial impact on individuals using a randomized controlled design. One
year after applicants were randomly assigned to either be enrolled in OHP Standard or not,
those enrolled were about 25% more likely to have health insurance, have statistically
significantly higher health care utilization, have lower out-of-pocket medical costs and
debt, and have better self-reported physical and mental health than those not selected for
OHP Standard.'?’

From its inception, OHP has been innovative and prioritized how to expand access
to the greatest number of individuals as possible in Oregon. As an attempt to expand
coverage and control costs, OHP introduced the coordinated care organization, which
would go on to become a successful national model for delivering coordinated care using

population health approaches.
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2.5.3 Oregon’s Coordinated Care Organizations

In 2012, CMS approved a waiver that established 16 coordinated care organizations
(CCOs) across the state of Oregon. The waiver was to allow CCOs to operate under global
budgets and the state promised that they would reduce the Medicaid per capita spending
growth rate from 5.4% to 3.4% over 3 years and sustain it.1?812° With the approval of the
waiver, CMS invested $1.9 billion dollars over 5 years. Each region of the state was covered
by at least one CCO and each CCO had several clinics for which it was responsible.

The CCO model grew out of the previous model of managed care organizations
(MCOs), but differed in several key ways. First, CCOs integrated physical, behavioral, and
dental health care and coordinated certain social services in the community for their
members.1?812° This allowed for the expansion of mental health care and addiction
treatment across the state. Second, CCOs operated under global budgets which allowed
the CCO to move away from the MCO fee-for-service (FFS) model and vertically integrate
provider and payor.1?%12° Global budgets meant that the CCO had to meet certain quality
metrics to receive their full payments or risk losing money and much of this risk was
transferred to providers. However, using performance on quality of care metrics rather than
a fee-for-service model also allowed providers to deliver the treatment that would ensure
their patients reached optimal health rather than being restricted by OHP’s prioritized list.
Additionally, progress on metrics were tracked and reported transparently to the state
which led to more accountability for the CCOs. Third, unlike their MCO predecessor and
the related Accountable Care Organizations (ACOs), CCOs had an administrative layer that

acted as an intermediary and contracting agent between the state and providers.128129
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Finally, the governance structure of CCOs differs from the original MCO model. CCOs are
required to have a community advisory council (CAC) that is made up of local officials,
community members, and a majority of people the CCO serves. In addition, the CCO board
must contain at least one CAC member and they must engage seniors, people with
disabilities, communities of color, individuals who use behavioral health services, and
providers when making decisions so that more stakeholders than just payers are
represented.1?812°

Oregon was successful in reducing the Medicaid growth rate and sustaining it at
3.4%, meeting their requirement under the CMS waiver.?3° McConnell and colleagues?!3!
compared Oregon’s CCO performance with different models in Colorado and Washington
state. When compared to Colorado, a state that had a very similar, though less expensive,
Accountable Care Organization model, expenditures declined in both states and there was
no statistically significant difference between the two. However, when compared to
Washington, Oregon had a 7 percent relative reduction of expenditures across evaluation
and management, imaging, procedures, text, and inpatient facility care, though most of the
reduction was driven by reduced inpatient utilization. Oregon also showed reductions in
avoidable hospitalizations, but additionally showed reductions in primary care
utilization.3!
2.5.4 CCOs and Health Disparities

One of the priorities of the CCOs was to eliminate health disparities and with the
changes from the previous MCO model, they were uniquely situated to help address the

social determinants of health of their members that contribute to those disparities in
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health outcomes.*3? CCOs sought to reduce disparities through several specific ways. First,
CCOs were each required to develop and implement transformation plans that were
geared toward reducing disparities in their member populations. These plans included
ensuring their organization abilities and staffing were adequate to serve a linguistically and
culturally diverse community, hiring new staff dedicated to increasing health equity,
updating cultural competency policies, and analyzing data in ways that would unearth
disparities in quality metrics between racial and ethnic populations.!3?

The second way CCOs sought to eliminate health disparities was by forming
regional Health Equity Coalitions that provided guidance to the CCOs. The coalitions
supported diverse representation reflective of the communities served by the CCO on the
CAC. Finally, the coalitions advocated for services in neighborhoods where people of color
lived to ensure CCOs were equitably investing in all communities.!3?

The third component in the CCO strategy to eliminate health disparities was to
expand the use of community health workers (CHWS).132 Community health workers are lay
members of the community who may or may not work within a healthcare setting, but who
often share characteristics with the communities they serve, e.g., linguistic, racial, ethnic,
socioeconomic. They can act in many capacities, including offering interpretation services,
providing culturally appropriate health education, helping people navigate the healthcare
system to get care they need, coaching individuals on healthy behaviors, acting as
community advocate to the healthcare system, or providing some basic services like taking

vital signs. The CHWs serve as a bridge between members and their local CCO.
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McConnell and colleagues'3? evaluated the impact of CCOs on Black-white and
American Indian-white health disparities. Prior to the implementation of CCOs in 2012,
large disparities between the groups existed. After implementation, several key metrics had
a narrower gap but disparities persisted. After CCO implementation, there was a 36%
reduction in the disparity for primary care visits, though other studies have shown that
primary care visits reduced overall, so it is not clear whether this is a reduction in disparity
or a result of overall reduced primary care utilization. There was a reduction in Black-white
disparity for three of four access to care, but a key measure of emergency department
utilization was unchanged. Higher rates of ED utilization persist among Black and American
Indian populations compared to white populations.!*?

As discussed earlier, quantifying disparities is insufficient to be able to increase
health equity. To increase health equity, researchers and policymakers must understand
the factors that are contributing to these disparities and seek interventions to address
them. Medicaid policy is potentially an ideal mechanism to address social determinants of
health to improve health outcomes because Medicaid provides coverage for over 86 million
people as of January 202233 and this population is much more likely to have higher social
risks compared to a commercially insured population.3* Because Medicaid policy is
written by the states and states contract with CCOs, MCOs, and ACOs, there is an
opportunity to embed incentives or requirements to address social determinants of health
through value-based payment structures.** Finally, there may be internal motivation by
CCOs to address social determinants of health if doing so allows them to reduce spending

on medical services and capture a larger share of capitation payments.3*
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2.5.5 Flexible Service Spending
The Medicaid policy in Oregon that sought to require CCOs to help address the

social determinants of health of their enrollees was through a category of spending called
Health-Related Services (HRS).*3* CCOs were allowed to spend a portion of their budgets
on services not covered by traditional billing or encounter codes, but that were thought to
be related to the health of the population. Typically, these were social services and
spending could be directed at the community or individual levels. HRS was originally
known as Flexible Service Spending from 2012-2017 and was inconsistently used because
there was lack of clarity about what exactly fell under “flexible services”.’3* In 2017, Oregon
issued a rule clarification along with their Medicaid Waiver 1115 that defined a new
category of spending on social determinants of health called “Health-Related Services”
that included flexible services.’* HRS was defined as cost-effective services offered as an
adjunct to medical services, and community benefit initiatives, defined as community-
level interventions focused on improving population health and health care quality. In
2017, Medicaid also changed calculations for medical loss ratios, a concern raised by
earlier adopters of flexible service spending, so that if interventions delivered as part of
HRS reduced the medical services that people needed their capitation rates were not
affected by this.'3* The goal was to ensure there was not a perverse incentive to avoid
addressing the social determinants of health.

Part of the prioritization of HRS spending involved conducting community health
assessments and discussing priorities based on those assessments with the CACs of each

CCO.13* Once priorities were defined, CCOs entered into formal agreements or contracts
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with community-based organizations who would receive investments under HRS. CCOs
also were required to report detailed information on HRS spending publicly.

During the first three years of the new waiver, 2017-2020, HRS spending increased
by 120%, from $7.2 million in 2016 to $16.2 million in 2019.13> However, spending varied
widely among CCOs, ranging from an average of $0.04 per member to $10.30. Some of the
variation can be accounted for in CCOs being in different phases of developing processes
to support spending on HRS and another source of variation may be due to CCOs spending
on social determinants of health was coming out of other budget categories like quality
incentives or prior year profits.13°

The majority of the HRS spending was devoted to community benefit initiatives. This
made up 57% of total HRS spending across CCOs.'3> Nearly half of the community benefit
spending was not categorized, but among the half that was, categories included housing,
training and education, food security, and support for capacity building in community-
based organizations. Individual services comprised 24% of HRS spending and those
categories were more defined than community benefit initiatives.3> Spending on individual
services included primary training, education, transportation, and case management with
a smaller proportion devoted to food, social supports, home services, housing, and others.

CCO spending on HRS was flexible and not uniform across regions.'3> Smaller
CCOs or CCOs inrural areas lack the same networks of community-based organizations
that larger, more urban CCOs can leverage. This can potentially lead to differential impact
of HRS for CCO populations because there may not be as much capacity in small, rural

areas to carry out HRS initiatives. Additionally, the COVID-19 pandemic placed additional
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strain on the social service and health care sectors. Oregon released 2020 quality
incentives early to help alleviate some of this pressure.'3® This release allowed CCOs to
quickly channelresources to partners who could help with emergency housing, food, and
other needs, which was in higher demand both because of the pandemic, but also because
of the unusually aggressive fire season that affected much of Oregon in summer 2020.
Finally, in response to the racial justice uprisings in summer 2020 and the need to make
HRS initiatives more widely available, some CCOs sought to build new partnerships with
community-based organizations that served communities of color and created websites to
allow members to directly request assistance.!®®

2.6 Gaps in the Literature

This dissertation addressed three critical gaps in the literature.

Gap 1: Effectiveness of NPT services among socially and economically disadvantaged
populations.

Strong evidence on the effectiveness of NPT services for long-term functioning and
pain relief does not exist, even among socially advantaged populations.3?8 The available
evidence indicates that NPT services are as safe or safer than biomedical approaches, but
the quality of the evidence is modest at best, mostly focused on short-term outcomes, and
rarely includes subgroup analyses.>?2 Generating evidence on treatments for chronic pain
is challenging and few studies have sought to focus on what works among the most
disadvantaged groups. Given the disparities that exist in chronic pain and utilization
outcomes, generating evidence about the effectiveness of NPT services among those

experiencing disparities is critical. By evaluating how a policy designed to increase access
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to NPT services among Medicaid enrollees at FQHCs affected chronic pain outcomes, this
dissertation contributed to addressing this gap in the literature, though more rigorous

clinical trials will be needed to examine effectiveness.

Gap 2: How socialrisks influence chronic pain outcomes and health services utilization.

Disparities in chronic pain outcomes are well-documented across many different
groups, including those living in poverty, minoritized racial and ethnic populations, rural
people, older people, among others.4424488 |dentifying disparities is important, but
identifying the source of those disparities is a crucial next step in determining how to
increase health equity.®® The social determinants of health are one potential source of
disparities in chronic pain outcomes and treatment utilization. Indeed, we know that social
determinants of health operate at multiple levels of influence and can influence health
outcomes and health services access across a broad range of conditions.>*1%-107 Social
factors are key drivers in the biopsychosocial model of pain,3° yet, the relationship between
chronic pain, social determinants of health, and other psychosocial factors is complicated
and understudied. Social factors not only affect pain and functioning, other psychosocial
comorbidities known to predict chronic pain, but also act to enable or hinder utilization of
pain management treatment options. This dissertation contributed to the literature on the
biopsychosocial model of chronic pain and pain management utilization by identifying
specific social determinants of health, at the geographic and/or individual levels, that are
predictive of chronic pain outcomes and NPT service utilization so that future health policy
and health system interventions may take these social determinants of health into account

when seeking to increase health equity among chronic pain populations.
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Gap 3: How Medicaid policy may be used to increase health equity.

While scientists are seeking to understand these complex interactions between
chronic pain and biopsychosocial factors, policymakers are moving forward to try to
address pressing issues affecting people today through multi-level policy interventions that
seek to affect change for the individual, health system, clinics, providers, and within the
community. Often, multiple policies are enacted simultaneously with differing goals, e.g.,
to impact the quality of chronic pain care and to address social determinants of health.
Evaluating how one Medicaid policy®'° that seeks to impact chronic pain by increasing
access to NPT services is critical to understanding the overall impact on populations. This
dissertation sought to address this gap by assessing how access to NPT services impacted
Medicaid enrollees while accounting for various social determinants of health with varying
levels of social determinants of health.

2.7 Theoretical Frameworks

One primary theory and two complementary frameworks guided this dissertation
and informed the design, key variables, and hypotheses that will be described in further
detail in Chapter 3.

2.7.1 Ecosocial Theory

This dissertation was guided by the Ecosocial Theory of Disease Distribution
(ecosocial theory, in short). Krieger first introduced ecosocial theory in 1994 and has
subsequently expanded it over the last three decades.>’-%! Ecosocial theory was used to
describe and explain causal relationships in disease distribution and production. >7-61

Ecosocial theory is used to describe and explain causal relationships in disease
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distribution and production. Specifically, the theory contains four constructs —
embodiment; pathways to embodiment; the cumulative interplay of exposure,
susceptibility, and resistance; and agency and accountability — that must be considered in
concert to understand the multi-level relationships between social factors and disease
development. Embodiment is the process of the body being in synergistic relationship with
the ecosystem in which it exists. This core concept is intended to capture the ways in
which “nature” and “nurture” are not separate, opposing stances, but rather that the
interaction between the two can phenotypically alter populations. Embodiment is
continual and the process is influenced by political, social, communal, and environmental
forces. In her later work, Krieger introduces the concept embodying (in)justice as a way to
denote how historical and contemporary exposures to justice or injustice reside in the body
and have effects on the health of populations.®! The pathways to embodiment capture the
multitude of ways through which embodiment occurs by making explicit the various factors
that exert force on the body. Cumulative interplay describes how patterns of disease occur
within a multi-level context and how people in different socio-economic positions
experience different exposures, susceptibilities, and resistances to risk factors that lead to
disease. Finally, Krieger regards government as central to the process of embodiment
because of the power it holds in controlling health and wealth in societies. This is reflected
in her fourth construct of agency and accountability where she argues that the government
and policy-making institutions are responsible for the production of disease through
policies that perpetuate inequity, power structures, and discrimination. The ecosocial

theory is multi-level and considers history or time as well as processes and power to be
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central constructs helping to explain differential outcomes. Each construct onits own is
important but they all must be considered in concert to understand the mechanisms at
play — the how and why —in determining health disparities and finding solutions to increase
health equity.

Ecosocial theory guided this dissertation because the lived experiences of racism,
sexism, and poverty, both historically across generations and contemporarily in present
day, are embodied in the populations experiencing chronic pain. The pathways to this
embodiment are ongoing and create a cumulative interplay across time. The pathways to
embodimentinclude access or lack of access to healthy foods, nearby healthcare,
education, social supports, adequate housing, healthy physical activity, and well-paying,
safe jobs, to name a few. These pathways can act as stressors, mediating the relationship
between exposures, psychosocial conditions, and outcomes. Finally, in addition to
pathways to embodiment, | consider agency and accountability in how the Oregon Back
and Neck Pain policy and the health-related service spending initiative was used to
potentially increase health equity by expanding access to NPT services and addressing
social determinants of health at multiple levels. The relationship between healthcare
systems and marginalized populations, including populations of color and people of any
race living in poverty, is justifiably fraught. For generations, healthcare systems have
harmed these populations in the name of medicine, resulting in a lack of trust from these
communities. Understanding what effect the policies that sought to address disparities

and mechanisms of disparities (e.g., financial insecurity, medically underserved
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communities, food insecurity) had on health outcomes and healthcare access is important
to inform future policies and health system interventions.
2.7.2 Social Ecological or Multi-level Influences on Quality of Care Framework

The social ecological framework, introduced by Bronfenbrenner in the 1970s,13°
depicts five levels of environment with the individual in the middle. The five levels originally
used, from outermost to innermost, are the chronosystem, macrosystem, exosystem,
mesosystem, and microsystem. The levels are interconnected and what happensin one
level influences the next level, with each level exerting cumulative influence on the center,
or individual.'3¢ The social ecological framework is a useful conceptual model to use with
the ecosocial theory because it can depict the interrelated nature of the national, state,
community, health system, and individual spheres that influence a person’s health over
time. It is used often to describe how complex or multi-level healthcare system or policy
interventions, social determinants of health, and individual behaviors or clinical profiles
impact the outcome of interest.

This dissertation used the Multi-level Influences on Quality of Care conceptual
model put forth by Clauser and colleagues®%3This dissertation will use the Multi-level
Influences on Quality of Care conceptual model put forth by Clauser and colleagues®?® to
guide the design, variable selection, and hypotheses of all three aims. The Multi-level
Influences on Quality of Care for Chronic Pain (Figure 1) is a modified social ecological
model that was originally created to describe the multi-level influences on cancer care and
is intended to show that multiple levels exert influence on the quality of care that a patient

receives in a healthcare system and that quality of care translates into health

71



outcomes.®2%3 Specifically, the Clauser at al. model is concerned with which spheres
multi-level interventions impact and the impact on quality of care and health outcomes. A
multi-level intervention is defined as any intervention that targets the patient and at least
two additional levels of influence, e.g., health system and providers.®? The levels of
influence used in the original model are the national health policy environment, the state
health policy environments, local community environment, organization and/or practice
setting, provider/team, family and social supports, and the individual patient.

This model was appropriate to use in this dissertation because the Oregon Back and
Neck Pain policy is a multi-level policy interventions targeting the patient and other core
levels of influence, each with an intent on impacting the quality of care a patient receives
and, ultimately, on health outcomes.

Figure 1. Multi-level Influences on Quality of Chronic Pain Care”
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2.7.3 The Behavioral Model of Health Care Utilization for Vulnerable Populations

The final conceptual model used in this dissertation was based off Aday and
Andersen’s Behavioral Model of Health Care Utilization®* (Figure 2) which has been used
many times over the last 50 years in health services research to understand societal and
individual determinants of health services utilization. The model was originally proposed in
the 1960s to both predict and explain how predisposing characteristics, enabling or
hindering resources, and patient need influenced the use of health services.® The model
was updated several times to reflect growing understanding of the multiple levels of

influence that impact utilization and how utilization impacts health outcomes.'3” In 1974,
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the model was updated to include the role of the health care system and health policy and

their impact on how populations utilize health services.®* The model was updated in the

early 1990s to incorporate the role of the external environment, e.g., political,

environmental, and economic contexts, in predicting or explaining utilization. At this time,

the model also expanded beyond just a model of utilization, but also incorporated health

status as an outcome with behavioral utilization measures used as a predictor. In 1995,

Andersen put forth a version of the model includes dynamic feedback loops to indicate the

multi-directional and multi-level influence that health behaviors and health outcomes have

on predispositions, enabling or hindering resources and health practices.'?’

Figure 2. Phase 4 of Andersen’s Behavioral Model of Health Services Utilization'?’
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In 2000, Gelberg, Andersen, and Leake® applied a new version of the Behavioral

Model to a population experiencing homelessness and called it The Behavioral Model for

Vulnerable Populations (Figure 3). They argue that the original Behavioral Model needed to

include specific domains that are relevant to populations who are disadvantaged within
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society, so they updated the model to include Vulnerable Domains for each model
characteristic. ® The value of this updated model is that it allows for the social
determinants of health to be included along the pathway that explains or predicts health
utilization and health outcomes, though it does not account for upstream social

determinants in the external environment.
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Figure 3. The Behavioral Model for Vulnerable Populations®
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This dissertation expanded on The Behavioral Model for Vulnerable Populations to
add a Policy Environment in addition to the individual Population Characteristics to guide
the design, variable selection, and hypotheses generated in this dissertation (Figure 4) for
both NPT service utilization and chronic pain outcomes. The addition of the Policy
Environment as its own domain underscores the role of government, as described by
Krieger, in shaping population characteristics as well as health behaviors and outcomes in
the Behavioral Model. The two new arrows from Outcomes back to the Policy Environment
and the External Environment, accounts for how health outcomes impact decisions
policymakers make about issues affecting their constituents and how health outcomes
affect portions of the External Environment, such as the level of poverty. Finally, the original
model did not account for how the external environment directly impacts the health
behaviors, but | have added this arrow to account for certain geographic characteristics,
such as provider availability, that could impact utilization behaviors. The specifics of the

variables, hypotheses, and design are detailed in Chapter 3
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Figure 4. Behavioral Model of Health Services Utilization for Marginalized Populations”
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2.8 Conclusion

This chapter reviews the literature on the general burden of chronic pain in the
United States; biopsychosocial model through which chronic pain is best understood;
biological, psychological, behavioral and social drivers of chronic pain and associated
disparities; key aspects of the national policy landscape of chronic pain and the opioid
epidemic; chronic pain treatment option efficacy, effectiveness, and risk of harm; Oregon
Back and Neck Pain policy; gaps in the literature; and finally, theoretical underpinnings that
inform the subsequent design, hypotheses, and methods. Synthesis of this literature
highlights critical gaps in the availability of evidence for the effectiveness of NPT among a
socially and economically disadvantaged population, the role of social determinants of
health in influencing chronic pain outcomes and health services utilization, and how
Medicaid policy may be used to increase health equity. Using theories and frameworks
designed to account for the role of social determinants of health by acknowledging the
inter-related nature of the national policy environment, state policy environment,
community, health system, and individual spheres of influence can help elucidate the
pathways through which health equity may be increased. A comprehensive analysis of how
chronic pain outcomes and health services utilization among Medicaid recipients receiving
care at FQHCs are influenced by these spheres of influence is needed to understand the
unique role that social determinants of health and Medicaid policies play in determining
health and health services outcomes among socially and economically disadvantaged

populations.
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Chapter 3: Design and Methods

3.0 Methods

3.0.1Study Design and Settings

This analysis used secondary data from the Back on Track (BoT) study. BoT was led
by a research team at Kaiser Permanente in partnership with OCHIN, a Health Resources
and Administrative Services (HRSA)-designated non-profit network that provides, among
other health information technology services, electronic health record (EHR) service for
federally qualified health centers (FQHCs) and is a national leader in health information
technology services for community health centers serving low-income individuals. OCHIN
includes 186 FQHCs in Oregon and 105 FQHCs in California with >450 similar clinics
across the country. BoT study participants were recruited through 81 participating OCHIN
clinics.

Bol was a quasi-experimental study evaluating the Oregon Back and Neck Pain
(OBNP) policy and included three substudies. This current study relied on data from a
prospective cohort substudy that used patient surveys to evaluate changes in pain,
functional outcomes, satisfaction, treatment-related adverse events, and use of policy-
relevant pain-related treatment services among patients with a new episode of back and/or
neck pain.

3.0.2 Data Collection and Sample
Participants were recruited between June 2018-May 2019, with survey data collected
between June 2018 — June 2020. The sample was identified using criteria from the

electronic health record (EHR), mailed recruitment materials, and screened for study
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eligibility over the phone. For those who screened eligible, they were consented and

enrolled in the study.

In addition to no evidence of receiving long term opioid therapy (LTOT) in the previous 6

months, study eligibility required that enrolled individuals did not have evidence of a
primary care visit with a back or neck pain diagnosis in the 90 days prior to the in-person
primary care visit with a back and/or neck pain diagnosis. Thus, this was a cohort of
patients who were beginning a new episode of care for back and/or neck pain without
evidence of current or recent opioid treatment. The specific inclusion criteria for the
sample are presented below in Table 3.1.

Table 3.1. Sample Eligibility Criteria

Eligibility Criteria (data source in parentheses)

18-64 years of age and currently enrolled in Medicaid (EHR)

Completed =1 in-person primary care visit from 6/1/2017-5/31/2019 with at least one of the
back/ neck pain diagnosis covered by the Oregon Back and Neck Pain policy (“eligible visit”;
EHR)

No in-person visits that meet the above criteria for the “eligible visit” in the 90 days prior to the
“eligible visit” (EHR) suggesting a “new episode” of care

No evidence of patient being prescribed opioids consistent with chronic opioid therapy in 90
days prior to recruitment (EHR)

Had an active mailing address (EHR)

No malignant cancer diagnosis or evidence of having received hospice or other end-of-life
palliative care in year prior to recruitment (EHR)

Had an appointment at clinic for back or neck pain in past month (Eligibility screener)

Had NOT taken any opioid medications on a daily basis for two months or more during the three
months prior to recruitment (Eligibility screener)

The sample was followed for 12 months post-enrollment and was administered
assessments every three months (baseline, 3-months, 6-months, 9-months, and 12-

months). The initial assessment will be referred to as “baseline” throughout the text, but

occurred within one month of the new episode of care, thus capturing outcomes and care
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received after a new episode of back/neck pain was diagnosed. There were 1,690 people
enrolled and eligible for all four follow-up assessments.

Participants represent 48 clinics across 12 coordinated care organizations (CCOs) in
Oregon and 33 clinics across 7 managed care organizations (MCOs) in California. Oregon's
CCOs™8 and California's Medicaid MCOs™* both serve as pivotal structures in delivering
Medicaid services, emphasizing integrated care and cost containment. Oregon's CCOs
operate under a global budget model, integrating physical, behavioral, and dental health
services, and are accountable for health outcomes within their communities.™ Similarly,
California's MCOs provide managed care services to Medi-Cal beneficiaries, focusing on
coordinated care to improve quality and reduce costs.' Both states have implemented
performance-based incentives to enhance care quality and have incorporated community-
based organizations to address social determinants of health, reflecting a shared
commitment to holistic, value-driven healthcare delivery.’

The assessment period for each participant and the total 12-month survey
administration period occurred after the policy was deemed fully implemented and NPT
services were being reimbursed by Centers for Medicare and Medicaid Services (CMS; July
2017). The advantage of this is the assessment period reflected how the policy operated
when relatively mature with respect to provision of NPT services — from June 2018 through
June 2020.

Figure 3.1. Sample Recruitment and Oregon Back and Neck Pain Policy (OBNP)

Timeline
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3.0.3 Data Sources

The survey assessed sociodemographic information, social risks, social support for
pain management, use of policy-relevant NPT treatment services, pain intensity and
interference, and clinical characteristics. The study also utilized EHR data to construct
indices of rurality and federal poverty level (FPL) of those in the surrounding region, date of
birth, mental health and substance use diagnoses, and to construct a comorbidity index of
disease severity, the Charlson Comorbidity Index.'#?
3.0.3.1 Social Determinants of Health and Sociodemographic Measures

A description of the variables included in the Aims 2 and 3 analyses as predictors can
be found in Table 3.2. Social risk was captured using three questions: medical financial
insecurity in the previous 12 months (0=No, 1=Yes), food insecurity in the previous 12
months (0=No, 1=Yes), and housing insecurity in the upcoming 2 months (0=No, 1=Yes).
Social support was measured by a single question asking whether the person has sought
support from others in their life to manage their pain (0=No, 1=Yes). These variables reflect

the measures of social determinants of health available in the data.
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The sociodemographic variables included age (centered), sex (0=male, 1=female), race
and ethnicity (1=non-Hispanic white, 2=non-Hispanic Black, Indigenous, or other people of
color [BIPOC], and 3=Hispanic), education (1=less than high school, 2=high school, or 3=at
least some college), individual federal poverty level (FPL) (0% FPL, 0.01%-99.99% FPL,
100%-149.9% FPL, and 2150% FPL), and rurality based on clinic location (0O=urban,
1=rural). The non-Hispanic BIPOC category includes multiple races due to small sample
sizes in the individual racial categories. Age, sex, race and ethnicity, and rurality were
determined based on information from the EHR and education was self-reported on the
baseline survey.
3.0.3.2 Clinical Characteristics

The clinical characteristics of participants include the number of painful conditions
(continuous), STarT Back Score (1=low risk, 2=medium risk, and 3=high risk), type of
qualifying pain diagnosis (1=back pain, 2=neck pain, or 3=both), any diagnosed substance
use condition (0=no substance use, 1=at least one substance use), any diagnosed mental
health condition (0=no mental health condition, 1=at least one mental health condition),
and the Charlson Comorbidity Index (continuous).

The policy suggested stratifying patients into three pain-related disability risk
categories — low-, medium-, or high-risk — based on patient responses to the STarT Back
Assessment Tool which asks patients about pain-related functioning and concerns.?” The
STarT Back Assessment Tool is a validated assessment used to determine risk level for poor
functional prognosis based on psychosocial indicators and is intended to guide primary

care providers in identifying appropriate care pathways for patients with low back pain.37:12°
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This risk stratification encouraged Oregon’s CCOs to target more intensive NPT services to
those patients with the greatest need, though CCOs were not required to implement the
policy in this way. More information about this stratification tool is found in Chapter 2.

Pain conditions were defined based on the pain-related ICD-10 diagnosis
corresponding to the non-malignant chronic pain condition clusters developed for the
National Pain Strategy pain condition clusters.’? Substance use conditions were defined
as having at least one diagnosis in the year prior to enrollment for alcohol abuse, cannabis-
related disorder, drug abuse, or opioid-related disorder. Mental health conditions were
defined as having at least one diagnosis in the year prior to enrollment for anxiety,
depression, PTSD, ADHD, bipolar disorder, or schizophrenia. Number of painful conditions,
type of qualifying pain diagnosis, substance use, mental health, and the Charlson
Comorbidity Index were determined based on information from the EHR and the STarT Back
Score was based on baseline survey.

Table 3.2. Predictors Included in Analyses
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Measure

Brief Description of Measure

Food Binary:

Insecurity” In the last 12 months, did you ever eat less than you felt you should
because there wasn’t enough money for food?

No=0
Yes=1

Housing Binary:

Insecurity” Are you worried or concerned that in the next two months you may not
have stable housing that you own, rent, or stay in as a partofa
household?

No=0
Yes=1

Medical Binary:

Financial In the last 12 months, have you needed to see a doctor but could not

Insecurity” because of cost?

No=0
Yes=1

Social Binary:

Support for Since your last clinic visit, have you used any of these strategies to

Pain manage your pain: seeking support from others in your life?

Management” | No=0
Yes=1

Federal Categorical:

Poverty Level 0, 0%

(FPL) 1,0.01%-99.99%

Percentage* 2,100.0%-149.9%

3, 2150.0%-199.9%

Age* Continuous, centered

Female* Binary:

No=0
Yes=1

Race® Categorical:

White, non-Hispanic=1
BIPOC, non-Hispanic=2
Hispanic=3

Education Categorical: 1=Less than high school; 2=High school graduate; 3=At least

level” some college

Rural® Binary:

Urban=0
Rural=1

STarT Back Categorical:

score” Low risk=1
Medium risk=2
High risk=3

Type of Categorical:

Qualifying Back=1

Pain Neck=2

Diagnosis* Both=3
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Number of Continuous
additional
pain Pain-related ICD-10 diagnosis corresponding to the non-malignant
conditions (in chronic pain condition clusters developed for the National Pain Strategy
addition to chronic pain condition clusters
back/neck
pain)in
baseline
period®
Any Binary:
psychosocial | Atleast 1 diagnosis of the following:
conditionsin Anxiety
baseline Depression
period® PTSD
Other MH diagnosis
Any Binary:
substance At least 1 diagnosis of the following:
use disorder Alcohol abuse
condition at Cannabis-related disorder
baseline* Drug abuse
Opioid related disorder
Charlson Continuous:
Comorbidity Burden of chronic disease based on 12 ICD-10 diagnostic categories.
Index* Higher score indicate more disease

*Source: Electronic health record (EHR); 'Self-reported at baseline

3.0.4 Outcome Measures

3.0.4.1 NPT Service Utilization

Participants were asked about their NPT service utilization in the prior 3-months (for
baseline, participants were asked about relevant health service utilization since their most
recent clinic visit). Participants were asked about use of acupuncture, chiropractic,
massage therapy, physical or occupation therapy, cognitive behavioral therapy (CBT) or
acceptance and commitment therapy (ACT), psychotherapy, and yoga. For each type of
service, they were asked the following series of questions: Have you used this service in the
last 3-months (0=No, 1=Yes); if yes, why (1=to improve well-being/general health, 2=to
manage back or neck pain, 3=to manage pain other than back or neck pain, 4=to manage a
condition other than pain); overall, how often have you done this in the last 3 months

(1=once, 2=a few times, 3=once a week or more, 4=daily or almost daily); and, did your
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health insurance pay for this service (1=yes, it paid the entire cost of the service and | paid
nothing, 2=it paid some of the cost, but | paid for part of the service and/or a copay, 3=no, |
paid the entire cost of the service, 4=no, the service was free, 5=don’t know). The full set of

survey questions are available in Table 3.3.
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Table 3.3. NPT Use Survey Questions

Have you used this If yes, why? Overall, how often have Did your health insurance pay for
service in the last 3 Check all that apply. you done this in the last 3 this service?
months? months?
Acupuncture: 0 Yes [J Toimprove well-being / [J Once [1  Yes, it paid the entire cost
Stimulation of specific [ No-> Goto general health [l Afewtimes of the service and | paid
points of the body, question 12 [J To manage back or [ Once aweekor nothing
with thin needles below neck pain more [ It paid some of the cost but
[ To manage pain other [ Daily or almost daily | paid for part of the service
than back or neck pain O and / or a co-pay
[J To manage a condition [0 No, | paid the entire cost of
other than pain the service
[l No, the service was free
[1 Don’t know
Chiropractic: Hands O Yes [J  Toimprove well-being / [J Once [1  Yes, it paid the entire cost
on adjustment of spine I No->Goto general health 1 Afewtimes of the service and | paid
and joints to Improve question 13 [ To manage back or [ Onceaweekor nothing
alignment, function or below neck pain more [l It paid some of the cost but
pain [J  To manage pain other [1 Daily or almost daily | paid for part of the service
than back or neck pain 0 and /or a co-pay
0 To manage a condition [1  No, | paid the entire cost of
other than pain the service
[1 No, the service was free
[l Don’t know
Massage Therapy: 0 Yes 0 Toimprove well-being / 0 Once [1 Yes, it paid the entire cost
Hands on pressure, 1 No->Goto general health [1 Afewtimes of the service and | paid
rubbing, or question 14 [l To manage back or [l Onceaweekor nothing
manipulation of below neck pain more [l It paid some of the cost but
muscles and soft [] To manage pain other [1 Daily or almost daily | paid for part of the service
tissue than back or neck pain 0 and / or a co-pay
[1 To manage a condition [0 No, | paid the entire cost of
other than pain the service
[l No, the service was free
[0 Don’t know
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Have you used this If yes, why? Overall, how often have Did your health insurance pay for
service in the last 3 Check all that apply. you done this in the last 3 this service?
months? months?
Rehabilitation 1 Yes (1 Toimprove well-being / [J  Once [J  Yes, it paid the entire cost
Therapies: Hands on 0 No-=>Goto general health [0 Afewtimes of the service and | paid
treatment such as question 15 71 To manage back or T Onceaweekor nothing
traction, TENS, below neck pain more [l It paid some of the cost but
ultrasound, or [0 To manage pain other [ Daily or almost daily I paid for part of the service
mobilization by a than back or neck pain 0 and /or a co-pay
Physical Therapist [J To manage a condition [J  No, | paid the entire cost of
(PT) or Occupational other than pain the service
Therapist (OT) to treat [l No, the service was free
pain or injury ] Don’t know
Coghnitive Behavioral 0  Yes 1 Toimprove well-being / [J Once [J  Yes, it paid the entire cost
Therapy (CBT) or ] No->Goto general health 0 Afewtimes of the service and | paid
Acceptance and question 16 [J Tomanage back or [ Once aweekor nothing
Commitment Therapy below neck pain more [J It paid some of the cost but
(ACT): One-on-one or [0 To manage pain other 0 Daily or almost daily | paid for part of the service
group CBT or ACT by a than back or neck pain 0 and / or a co-pay
psychologist or other [J To manage a condition [J No, | paid the entire cost of
mental health provider other than pain the service
[1 No, the service was free
[1  Don’t know
Psychotherapy: One- 0 Yes 0 Toimprove well-being / 0 Once [l Yes, it paid the entire cost
on-one or group talk 7 No->Goto general health ] Afewtimes of the service and | paid
therapy (not CBT or question 17 [0  To manage back or [l Onceaweekor nothing
ACT) by a psychologist below neck pain more [l It paid some of the cost but
or other mental health [J To manage pain other [0 Daily or almost daily | paid for part of the service
provider than back or neck pain 0 and/or a co-pay
(1 To manage a condition 1 No, | paid the entire cost of
other than pain the service
[l No, the service was free
1  Don’tknow
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Have you used this If yes, why? Overall, how often have Did your health insurance pay for
service in the last 3 Check all that apply. you done this in the last 3 this service?
months? months?

Yoga Group or Class: 0 Yes To improve well-being / [J Once [1  Yes, it paid the entire cost
Practices that [l No->Goto general health 0 Afewtimes of the service and | paid
combine physical question 18 To manage back or T Once aweekor nothing
postures, breathing below neck pain more [1 It paid some of the cost but
techniques, and To manage pain other [] Daily or almost daily I paid for part of the service
meditation or than back or neck pain 0 and / or a co-pay

relaxation

To manage a condition
other than pain

[0 No, | paid the entire cost of
the service

[l No, the service was free

[0 Don’t know
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3.0.4.2 Brief Pain Inventory

The Brief Pain Inventory Short Form (BPI-SF) is a validated assessment that asks
patients to report their average pain severity and pain-related impairments in functioning in
key life domains that has been well-received for use by clinicians and their support staff in
clinical practice settings and has been acceptable to patients in currently and recently
NIH- and PCORI-funded studies.**'*> The BPI-SF is scored as a pain intensity subscale (3
items),'*> pain-related interference (7 items), and a severity composite of the two
subscales (see below for the survey questions).'4* See Table 3.4.

Table 3.4. Brief Pain Inventory Survey Questions
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0 1]/2[3]4]5]6]7]8]9 10

No Pain as bad as you
pain/Does can

not imagine/Completely
interfere interferes

1.

What number best describes how much pain you have right now?

2.

What number best describes your pain at its worst in the last week?

3.

What number best describes your pain on average in the last week?

The next questions ask about how much pain has interfered in your life in the last week.

4. What number best describes how pain has interfered with your general activity in
the last week?

5. What number best describes how pain has interfered with your mood in the last
week?

6. What number best describes how pain has interfered with your walking ability in
the last week?

7. What number best describes how pain has interfered with your normal work
including both work outside the home and housework in the last week?

8. What number best describes how pain has interfered with your relations with
other people in the last week?

9. What number best describes how pain has interfered with your sleep in the last
week?

10. What nhumber best describes how pain has interfered with your enjoyment of life

in the last week?
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3.1 Analyses
3.1.1 Aims 1 and 2 Analysis

3.1.1.1 Latent Class Analysis Overview

Multiple group (MG) repeated measures latent class analysis (RMLCA) was used to
examine the underlying patterns of NPT utilization across the 12-month survey period in
Aims 1 and 2. RMLCA is considered a person-centered analytic approach where a series of
observed responses on indicator variables are used to identify distinct, latent subgroups of
individuals, called classes.'® The class indicators are the observed responses to the NPT
survey questions at each of the five timepoints (see Figure 3.2). RMLCA is particularly
useful for pain management and NPT service use research because it identifies distinct
patterns of individual trajectories over time, capturing the dynamic nature of pain and
treatment experiences.’:*8 This method can distinguish underlying subgroups based on
how patients utilize different NPT services, revealing heterogeneity in treatment
preferences, frequency of use, and responses to pain interventions across multiple
assessment periods.’®49 By recognizing these subgroups, which are latent variables within
the RMLCA model, policymakers, researchers and clinicians can better tailor interventions
and resource allocation, ultimately improving patient outcomes by aligning policy
mechanisms (e.g., availability of NPT services) more closely with individual needs and

usage patterns.’s%%

Figure 3.2. Latent Class Construct Components
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NPT Utilization
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NPT Utilization
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Class Indicator:
NPT Utilization
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3.1.1.2 Class Enumeration

The optimal number of latent classes or subgroups is determined by starting with a
1-class solution and incrementing the number of classes by one until the modelis not
identified.'#® The optimal number of classes is chosen by examining the sample size of the
subgroups, classification probabilities, and model fit criteria including likelihood ratio chi-
square, entropy, the Bayesian Information Criterion (BIC),*>? Akaike Information Criterion
(AIC), Consistent Akaike Information Criterion (CAIC),'*3 and Approximate Weight of
Evidence (AWE).'® The rule for smallest class size is that any class with <10% of the
population is too small and classification probabilities should be at least 0.8. Entropy
ranges from 0 (the model does not fit the data) to 1 (the model perfectly fits the data).
Higher entropy values are desirable, while lower BIC, AIC, CAIC, and AWE values indicate
that a model fits the data better and indicates better certainty of assigning individuals to

the latent classes or subgroups.’® Additionally, for each additional class, the adjusted Lo-
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Mendell Rubin likelihood ratio test (LMR)'** and the bootstrapped likelihood ratio test
(BLRT)®> are used to compare against the K-1 class model to determine the best fitting
model. The approximate Bayes factor (BF) and correct model probabilities (cMP) are used
to compare the K class model against the K+1 class model to determine the best fitting
model.}>® A significant value for the LMR and BLRT indicates that the K class model fits the
data better than a K-1 class model while a larger BF value and value closer to 1 for the cMP
indicates the K class model fits the data better than a K+1 class model. This process is
called “class enumeration” and is used to identify a mixture model that yields empirically,
highly-differentiated, and well-separated latent classes with members having a high degree
of homogeneity in their responses on the class indicators. In addition to examining the
empirical fitindices, there is also practical reflection required to ensure that the subset of
candidate models selected for the final model makes sense subjectively. In this RMLCA,
class enumeration was conducted separately in California and Oregon then in a combined
sample to ensure the number of classes was consistent across states.
3.1.1.3 Repeated Measures Latent Class Indicators

In the RMLCA presented here, NPT utilization latent classes are modeled based on
five indicators for the highest reported frequency of any type of NPT utilization at baseline,
3-months, 6-months, 9-months, and 12-months (see Table 3.5 and Figure 1). These
categorical indicators were used to create subgroups with similar NPT utilization patterns.
Each indicator represents the highest frequency of utilization of any NPT service used for
back or neck pain and regardless of payment type reported during the prior 3-months at

each time point (except baseline, where they were asked about use since their qualifying
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clinic visit; see Figure 1). Payment type was excluded from the indicator definition for two

reasons: first, in the main study, Bol, qualitative data revealed that many CCOs and clinics

provided NPT services that were not covered by CMS, but were nevertheless made

available to participants at a low or no cost to them which is assumed to be an indirect

policy effect of expanding access to NPT services via the OBNP. This is possible because of

the flexible nature CCOs are afforded by the 1115 Waiver in how to spend their allocated

funds for services that benefit their patients.'?'3° Secondly, empirically, the majority of

participants (67-78%) reported at each timepoint that the service most frequently used was

covered in part or in full by CMS, thereby reducing potential bias that payment type could

be associated with how frequently participants are using NPT services (see Supplement 1).

Table 3.5. NPT Utilization Indicator Definition

Outcome Brief Description of Measure
Use of NPT | If used any of the following services in the past 3 months
services

e Acupuncture
e Chiropractic
e Massage therapy

e PTorOT
e CBT/ACT
e Other Psychotherapy
e Yoga
AND

Reason: To manage back or neck pain

Frequency: Never or once, a few times, once a week or more

In the raw data, there are 5 frequency options when participants were asked how

often they used each NPT service in the previous 3-months (or since their most recent

clinic visit [14-28 days ago] at baseline): Never, once, a few times, weekly or almost weekly,
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daily or more. In the model tested in this dissertation, there are three frequency categories
for each indicator: Never or once, a few times, and weekly or more. Those who reported
that they did not use an NPT service (i.e., “never”) and those who reported they used a
service once during the prior 3-months for the back/neck pain are combined into a single
category, “never or once”. Those who reported they used an NPT service a few times during
the prior 3-months for the back/neck pain are in their own category, and those who
reported having used an NPT service at least weekly to daily are combined into a single
category, “weekly+”.

The decision to collapse the “never” and the “once” categories is based on clinical
justification that using a service “once” during the past 3-months may offer the same
therapeutic benefit as never using the service at all. Participants may have only used a
service once because a particular NPT service was not a good fit or participants judged the
service to have no benefit (or that the service’s downsides did not outweigh the potential
benefits). Therefore, the therapeutic benefit for those who only used a service once may
not be different from those who never used a service at all. Additionally, those who
reported using NPT once may represent a different kind of utilizer than someone who has
used a service more than once during the previous 3-months (e.g., someone who is trying
to find an NPT service that works for them may use that service only once). Those who
reported using an NPT service weekly or daily are combined into a single category because
among the types of services that were available, certain services like PT, acupuncture,
chiropractic care, and CBT or other psychotherapy are unlikely to be offered daily whereas

other services like yoga or massage could be used daily. So, combining the weekly and
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daily reflects a category that captures the most likely highest frequency of use for a given
modality. Additionally, the sample size was small for those using a service daily which
could lead to unstable class solutions.

A participant could have reported that they used more than one NPT service during the
prior 3-months, though this was rare (see Supplement 1). In these cases, the highest
frequency is used for that person’s indicator, e.g., if a participant reported at 3-months that
they used massage once and acupuncture weekly or more during the previous 3-months,
that person’s 3-months indicator value would be “weekly or more”.

Figure 3.3 represents the final construction of the RMLCA model that includes five
indicators representing the highest reported frequency of NPT use at each timepoint.

Figure 3.3. Repeated Measures Latent Class Model

NPT Utilization

6M
never+once, a few times,
oy . weekly+ oy .
NPT Utilization y NPT Utilization
3Mm oM
nevertance, a few times, nevertance, a few times,
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NPT Utilization NPT Utilization
BL 12M
never+ance, a few times, never+once, a few times,
wieekly+ weekly+

Latent Class
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3.1.1.5 Multiple Group Analysis
Finally, multiple group (MG) analysis was applied to the final RMLCA model to

determine whether the latent classes/subgroups reflecting different patterns of NPT
utilization differed between the states (see Figure 3.4). MG models are used primarily in
moderation analyses with a grouping variable that will illustrate the group effect of
interest.>’71%0 Typically, when not using a MG model, this grouping variable is a fixed effect
indicator and can be used to illustrate whether the outcome was different between groups
on average. However, to assess indirect or moderating effects under the traditional
approach, the binary indicator would need to be modeled as interaction terms which
makes the analyses much more computationally complex, particularly when dealing with
latent variables. MG modeling, on the other hand, allows for parameters to vary across
groups if needed and does not require the creation of interaction terms, thereby reducing
the computational complexity of the model.?>”-1%0 Each model, e.g., logistic regression or
latent growth model, is estimated simultaneously for each state and the results are
independent.

Figure 3.4. Multiple Group Repeated Measures Latent Class Model
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MG modeling allows for measurement invariance to be tested in each group to
determine whether the latent classes are the same and, if measurement invariance holds,
to examine how class prevalences and effect sizes differ between groups.'’ Testing for
measurement invariance ensures that latent classes have the same meaning and
interpretation across different groups. Establishing invariance confirms that observed
differences between groups reflect true substantive differences rather than measurement
artifacts or biases.’’” Additionally in multiple group models, regression models are
estimated simultaneously in each group.'™® The grouping variable in this study was state
and consists of two groups: Oregon (where the Oregon Neck and Back Pain policy was
implemented) and California (where no similar policy was in place).
3.1.1.6 RMLCA and Descriptive Analyses for Aims 1 and 2

Descriptive summary statistics (i.e., frequency and percentages for categorical
variables and mean and standard deviations (SD) for continuous variables) for participant
baseline demographic characteristics, baseline clinical characteristics, and baseline
outcomes overall and stratified by state are presented.

Latent class logistic regression was used to examine how observed covariates
predicted membership in the latent classes in each of the states. A multiple group model
was used and the logistic regressions for each state were estimated independently and
simultaneously. Because LCA is based on the probability that an individual belongs to a
certain class (rather than static assignment), the RMLCA measurement model and the
regression model are estimated simultaneously.'® The logistic regression model uses a

logit link function™? that produces a set of regression coefficients for each covariate and
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then these regression coefficients are then exponentiated to more interpretable odds
ratios.™®’

To ensure the best solution for the model was found, random starts were set at 100
and bootstrap draws set to 1,000.'®® In Mplus, the random starts option is used to help
avoid local maxima and ensure that the best (global) solution is found when estimating
latent class models. Because these models involve complex likelihood estimations, using
multiple sets of starting values increases the chances of identifying the solution with the
highest log-likelihood (i.e., the best fitting model).'®*%* The estimator was full information
maximum likelihood with robust standard errors which is the recommended estimator for
categorical dependent variables.'®® All RMLCA analyses were conducted using Mplus

version 8'% and descriptive analyses were conducted using SAS 9.4.

3.1.2 Aim 3 Analysis

3.1.2.1 Piecewise Latent Growth Model

Multiple group, piecewise latent growth modeling was used to analyze the change in
pain severity via the BPI-SF between baseline and 6-months and between 6-months and
12-months. The period from baseline to 6-months corresponds to the time when
participants in Oregon would have been receiving the majority of the NPT services they
were newly eligible for under the OBNP because the OBNP limited the number of
treatments available to people. Using a piecewise model allows for understanding how
change in BPI score may correlate with the most active time period under the policy and to
understand long-term changes in pain levels by assessing the period from 6-months to 12-

months.
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Latent growth modeling (LGM) is used to measure individual growth trajectories or
change over time in terms of an underlying, latent process.16%167.167 Rather than using more
traditional approaches like hierarchical linear modeling where time is considered a level
rather than an indicator of growth, LGM allows time to be a parameter that can be
estimated. It also allows for the initial, baseline value (i.e., the intercept) to be analyzed.
Latent growth modeling allows for the continuous outcome to be measured as the slope of
the line, to account for and separate systematic versus random bias, and to adjust for the
intercept of the pain score.'®”168 |n the piecewise latent growth model, the outcomes will
be two slopes of the change in pain score between baseline and 6-months and the second
between 6-months and 12-months.!®%168 The slopes and the intercept are modeled as
latent variables and the error terms, E, are covarying (see Figure 3.5)

Figure 3.5. Piecewise Latent Growth Model

Initial pain Change in Change in
severity pain severity pain severity
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3.1.2.2 Model Fit

Model fit is assessed using several fit indices produced by Mplus. Absolute fit indices
measure how well the model reproduces the observed data and include the overall chi-
square test, standardized root mean square residual (SRMR) with excellent fit represented
with values < 0.05,®° and root mean square error of approximation (RMSEA) with good fit
represented with values < 0.06.7%"70 Relative fit indices compare the fit of a given model to
a baseline (i.e., null) model. The relative fit indice reported here is the comparative fit index
(CFI) with good fit represented with values = 0.95.""
3.1.2.3 Covariates

To examine whether covariates predict individual differences in change over time,
covariates were included as predictors of the slope factor in the latent growth model. This
was accomplished by specifying regression paths from each covariate to the latent slope,
allowing estimation of the extent to which each covariate accounted for variability in the
rate of change across individuals. Statistically significant path coefficients were interpreted
as evidence that the covariate was associated with the trajectory of change. Model fit
indices were evaluated to ensure that inclusion of covariates did not substantially degrade
overall model fit. In addition, covariates were also examined as predictors of the intercept
factor to account for baseline differences in the outcome.

3.1.3 Missing Data

Missing data patterns were examined for each indicator variable for the Aim 1 and

Aim 2 RMLCA and for the BPI-SF score in Aim 3 to determine the appropriate missing data

mechanism. Chi-square tests (for categorical covariates) and independent samples t-tests
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(for continuous covariates) were used to assess whether missingness was related to
observed covariates. Significant associations indicated that missingness was dependent
on observed variables rather than on unobserved/unmeasured variables, supporting the
assumption that data were missing at random (MAR)."72173

Given the MAR assumption, missing data were handled using full information
maximum likelihood (FIML) estimation with the robust maximum likelihood estimator
(MLR,) which is the recommended estimator for categorical dependent variables.'®® FIML
uses all available data points to produce unbiased parameter estimates under MAR,
making it an appropriate approach for repeated measures latent class analysis and latent
growth modeling.'®4173174 There were two individuals who were missing all survey data and
five individuals who were missing NPT use data at all five timepoints and they were

excluded from the analysis. The final analytic sample size was 1,683.
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Chapter 4: Results

4.0 Results Overview

This chapter presents descriptive data on the sample characteristics and NPT
utilization followed by results for the 3 aims of this dissertation. Descriptive results include
the observed distribution of any NPT service use over the five timepoints and descriptive
statistics of the samples within Oregon, California, and overall. Aim 1 results include the
class enumeration, measurement invariance, unadjusted model probabilities for a 3-class
solution, and state prevalence results. Aim 2 results include the final adjusted model fit,
adjusted model probabilities, and logistic regression results for the multiple group
repeated measures latent class analysis (RMLCA). Aim 3 results include the results for the
piecewise latent growth model and regression analysis. Specific aims are described below.

4.1 Specific Aims

Aim 1: Characterize patterns of NPT utilization over 12-months across states with and
without the Oregon Back and Neck Pain policy (Oregon v. California).

Aim 2: Examine the effects of social risks, socio-demographic characteristics, and clinical
characteristics on patterns of self-reported use of nonpharmacological therapy (NPT) over
12-months across states with and without the Oregon Back and Neck Pain policy (Oregon v.
California).

Aim 3: Examine the effects of social risks, socio-demographic characteristics, and clinical
characteristics on change in pain-related outcomes between baseline and 6-months and
6-months to 12-months across states with and without the Oregon Back and Neck Pain

policy (Oregon v. California).
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4.3 Descriptive Results

4.3.1 Sample Descriptives

Table 4.1 shows the baseline characteristics of the sample overall and by state
(California and Oregon) and results of the chi-square or t-tests determining whether there
were statistically significant differences in baseline characteristics for those in the two
states. The average age was 42.8 years (SD 12.7). The sample was majority female (65% in
Oregon and 61% in California) and white (55% in California and 77% in Oregon; p<0.0001).
California had a higher percentage of non-Hispanic Black (17.5%) and Hispanic (19%)
participants compared to Oregon (4% and 9.2%, respectively). Overall, 17% of the sample
lived in rural locations, 46% had a high school education or less, and 66% were living below
the FPL. FPL was associated with state, with 69% of California participants living below the
FPL compared to 62% of Oregon participants (p<0.0001).

The majority of participants were at high risk of persistent disabling symptoms
based on their STaRT Back scores (72.2%) and rates were similar across California and
Oregon. Participants in California were more likely to have back pain (64.1%) or both back
and neck pain (27.5%) than neck pain only (64.1%) when compared to participants in
Oregon (p<0.01). Overall, 93.3% of participants met criteria for chronic pain with pain
lasting 3 months or more and had an average of 1.8 (SD 1.3) painful conditions.
Participants in Oregon were more likely to have at least one mental health condition
(52.6%) compared to those in California (43.4%; p<0.001). Participants in Oregon (13.4%)
were more likely than those in California (10.3%) to have a substance use condition,
though this was not statistically significant. On average, participants had 1.2 (SD 1.5)

medical comorbidities.
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Rates were similar across states for medical financial insecurity, food insecurity,

housing insecurity, and social support for pain management. Overall, 21.1% of the sample

reported medical financial insecurity, 34.4% reported food insecurity, and 31.6% reported

housing insecurity. Just over half the sample in each state reported having at least one

social risk. Half of the sample reported having social support for their pain management

during the last year. On the baseline assessment, Oregon participants reported having

used at least one type of NPT service weekly or more (19.7%) sometime during the prior

month between their qualifying clinic visit and study enrollment at a higher rate than

California participants (14.7%) and this was statistically significant (p=0.02).

Table 4.1. Baseline Characteristics of the Sample, Overall and by State

| Overall | California | Oregon | P-value’
Socio-demographics
Age,” mean (SD) 42.8 (12.7) 43.5(12.9) 42.2 (12.6) 0.05
Female," N (%) 1062 (62.9) 487 (60.6) 575 (65.1) 0.06
Race,” N (%) <.0001
White, non-
Hispanic 1124 (66.6) 442 (55.0) 682 (77.2)
Black, non-
Hispanic 175 (10.4) 141 (17.5) 34 (3.9)
Hispanic 234 (13.9) 153 (19.0) 81(9.2)
Other 70 (4.2) 26 (3.2) 44 (5.0)
Missing 85 (5.0) 42 (5.2) 43 (4.9)
Rural,2N (%) 289(17.1) 124 (15.4) 165 (18.7) 0.15
Missing 17 (1.0) 10 (1.2) 7 (0.8)
Education,” N (%) 0.09
Less than high
school 259 (15.3) 128 (15.9) 131 (14.8)
High school 521 (30.9) 264 (32.8) 257 (29.1)
College or more 889 (52.7) 400 (49.8) 489 (55.3)
Missing 19(1.1) 12 (1.5) 7(0.8)
FPL Percentage,? N (%) <.0001
0% 417 (24.7) 182 (22.6) 235 (26.6)
0.01%-99.99% 690 (40.9) 376 (46.8) 314 (35.5)
100%-149.9% 287 (17.0) 100 (12.4) 187 (21.2)
150%-199.9% 94 (5.6) 33(4.1) 61 (6.9)
>200% 83 (4.9) 29 (3.6) 54 (6.1)
Missing 117 (6.9) 84 (10.5) 33(3.7)

Clinical Characteristics
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STarT Back Score," N 0.37
(%)

Low risk 126 (7.5) 63 (7.8) 63 (7.1)

Medium risk 180(10.7) 75 (9.3) 105(11.9)

High risk 1218 (72.2) 585 (72.8) 533 (71.6)

Missing 164 (9.7) 81(10.1) 83(9.4)
Back and Neck Pain,> N <0.01
(%)

Back pain 1069 (63.3) 515 (64.1) 554 (62.7)

Neck pain 185(11.0) 68 (8.5) 117 (13.2)

Both 434 (25.7) 221 (27.5) 213 (24.1)
Pain Duration 23 1574 (93.3) 751 (93.4) 823 (93.1) 0.75
months,’ N (%)

Missing 11(0.7) 4(0.5) 7(0.8)
Number of pain 1.8(1.3) 1.8(1.3) 1.8(1.3) 0.47
conditions,?® mean
(SD)
Any mental health 814 (48.2) 349 (43.4) 465 (52.6) <0.0001
condition,?* N (%)
Any substance use 201 (11.9) 83(10.3) 118 (13.4) 0.06
condition,?® N (%)
Charlson Comorbidity 1.2(1.5) 1.2(1.5) 1.3(1.5) 0.30
Index,? mean (SD)

Social Risk and Social Support

Medical Financial 357 (21.1) 157 (19.5) 200 (22.6) 0.23
Insecurity,” N (%)

Missing 31(1.8) 17 (2.1) 14(1.6)
Food Insecurity," N (%) | 581 (34.4) 293 (36.4) 288 (32.6) 0.22

Missing 36 (2.1) 18 (2.2) 18 (2.0)
Housing Insecurity,” N 533 (31.6) 266 (33.1) 267 (30.2) 0.42
(%)

Missing 53(3.1) 26 (3.2) 27 (3.1)
Social Support - Pain,” | 847 (50.2) 394 (49.0) 453 (51.2) 0.34
N (%)

Missing 25 (1.5) 15(1.9) 10(1.1)
Social Risk, N (%) 921 (54.6) 447 (55.6) 474 (53.6) 0.46

Missing 51 (3.0) 27 (3.4) 24 (2.7)

NPT Use

NPT BL,"® N (%) 0.02

Never 927 (54.9) 462 (57.5) 465 (52.6)

Once 190 (11.3) 82(10.2) 108 (12.2)

Afew times 191 (11.3) 96 (11.9) 95 (10.8)

Once a week or

more 237 (14.0) 90 (11.2) 147 (16.6)

Daily or almost

daily 55 (3.3) 28 (3.5) 27 (3.1

Missing 88 (5.2) 46 (5.7) 42 (4.8)

'Self-reported at baseline

2Electronic health record (EHR)

3Pain conditions included: Limb/extremity pain, joint pain and non-systemic, non-inflammatory arthritic disorders; Fibromyalgia;
Headache; Orofacial, ear, and temporomandibular disorder pain; Abdominal and bowel pain; Urogenital, pelvic and menstrual pain;
Musculoskeletal chest pain; Neuropathy; Systemic disorders or diseases causing pain; General pain; Other painful conditions
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“Mental health conditions included: Depression, anxiety, PTSD, ADHD, bipolar disorder, schizophrenia, other mental health conditions
SSubstance use conditions included: Alcohol use disorder, cannabis use disorder, opioid use disorder, other drug use disorder
SHighest frequency among any service used for pain at baseline

’P-values from chi-square for binary/categorical variables and t-tests for continuous variables

4.3.2 Observed Distributions of NPT Utilization Across 12-months

The observed distribution for the combined, Oregon, and California samples are
shown in Table 4.2. Overall, the majority of participants reported using any NPT service
once or never at baseline (69.8%) and 18.2% reported weekly or more use at baseline.
Weekly or more use of NPT services increased at 3-months (24.9%) and 6-months (23.1%)
and then returned to near baseline levels at 12-months. Participants reported occasional
utilization less frequently at baseline (11.9%) compared to all other timepoints. Most
participants reported never or once using NPT services at all timepoints (ranging from
53.8% to 69.8%).

Table 4.2. Observed Proportions for NPT Frequency at Five Timepoints (Class

Indicators) in California, Oregon, and the Combined Sample

CA OR Comb
Obs. Obs. Obs.
NPTBL
Never + Once 0.718 0.681 0.698
AFew Times 0.127 0.113 0.119
Weekly+ 0.156 0.207 0.182
NPT3M
Never + Once 0.606 0.477 0.538
A Few Times 0.195 0.228 0.213
Weekly+ 0.199 0.295 0.249
NPT6M
Never + Once 0.594 0.581 0.587
A Few Times 0.200 0.165 0.182
Weekly+ 0.206 0.254 0.231
NPTOM
Never + Once 0.638 0.616 0.627
A Few Times 0.197 0.170 0.183
Weekly+ 0.164 0.214 0.191
NPT12M
Never + Once 0.644 0.677 0.662
A Few Times 0.188 0.144 0.165
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Weekly+ 0.168 | 0.179 | 0.174

4.4 Aim 1 Results

Aim 1: Characterize patterns of NPT utilization over 12-months across states with and

without the Oregon Back and Neck Pain policy (Oregon v. California).

4.4.1 Class Enumeration

4.4.1.1 Class Enumeration: Oregon

The results of the class enumeration are presented in the following section. Class
enumeration was conducted in the California and Oregon samples separately and then in
the combined sample, testing whether a K+1 class solution fit the data better than the K
class solution. The 1-class through 4-class models are presented below (Table 4.3). In
Oregon, the 5-class model was not identified meaning there was insufficient data to find a
stable solution. Model non-identification can occur for multiple reasons including having
too few observations in the data relative to the number of parameters being estimated, the
mode is overly complex (e.g., trying to extract 5 classes when only 3 meaningful ones exist),
convergence issues, or when multiple sets of parameter estimates produce similar or
identical likelihoods making it impossible to distinguish between them reliably. Overall, the
3-class model fit the data best compared to the other class solutions. The 2-class model
had the lowest BIC (6140.692) and the best correct model probability (0.995), but no other
fit criteria indicated the 2-class model as the optimal model. The 3-class model has the
next lowest BIC (6151.324), which is the strongest predictor of model fit, and lowest AWE
(6076.549). The Bayes Factor measures whether the 3-class model fits the data better than

a 4-class model and indicates that the 3-class model is the best (2444199.584). The
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adjusted LMR is nearly significant (0.062) and the bootstrapped p-value is significant
(<0.0001), indicating that the 3-class model is a better fit than the 2-class model. The 4-
class model has the lowest AIC (5975.340) and CAIC (6058.995); however, the BIC, LMR p-
value, and all other fit criteria do not indicate that it is the best fitting model. The entropy
difference between the 3- and 4-class models is negligible (3-class E=0.64, 4-class E=0.68)
and the 4-class model has 4 thresholds that approach extreme values leading to
convergence issues. Finally, while the 4-class solution did have adequate sample size for
the smallest class (N=123.1, 14%), the 3-class solution had a slightly larger smallest class
(N=162, 18.4%) which made the classes more stable when used in further analyses.

The item response probabilities for the Oregon 3-class solution are presented in
Table 4.4 and represent the probability of a participant responding to an item in a certain
way based on their class membership. Class 1 is referred to as “high utilizers” as this
subgroup of participants reported high utilization (i.e., weekly or more) at each of the five
timepoints relative to their observed distribution. Class 2 is referred to as “occasional
utilizers” as this subgroup utilized NPT services “a few times” across all timepoints with the
biggest increase at 6-months (item response probability=0.748). Finally, class 3 are the
“never utilizers” given their low or no utilization at all timepoints. The never utilizer class is
the largest (52.9%) followed by the high utilizers (28.8%) and the occasional utilizers
(18.4%).
4.4.1.2 Class Enumeration: California

In the California sample (Table 4.3), the model was not well-identified with a 5-class

solution, so classes 1-4 were assessed for model fit. The 4-class solution had the best
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absolute fit based on the likelihood ratio chi-square (212.5; p=0.24) and entropy (0.682).
However, the 3-class solution had better fit relative to the 2 and 4-class solutions
(BIC=5251.8, CAIC=5162.7, AWE=5178.7). Additionally, the 3-class solution had Lo-
Mendel Reuben p-value (0.02), boot-strapped p-value (<0.0001) indicating it fit better than
a 2-class solution and the Bayes Factor (7,926,679,036) and correct model probability that
indicated the 3-class model fit better than the 4-class model. The Bayes Factor and correct
model probability statistics were not able to be calculated for the 4-class model because
the 5-class model was not identified and therefore did not produce fit indices on which to
compare. While entropy is lower in the 3-class model (0.667) than the 4-class model
(0.682), the difference is small (difference=0.015) given that a perfect model fit would be
equalto 1 and the worst model fit would be equal to 0.

While some fit criteria indicate that the 4-class model fits the data better, the 3-
class model has more fit criteria indicating that it is the best model. Additionally, the rule
for class size is that the smallest class should have at least 10% of the sample init. The 4-
class model smallest class was 5.7% (N=45.6). For these reasons, the 3-class model fits
the California data best compared to the other class solutions.

The item response probabilities for the California 3-class solution are presented in
Table 4.4 and represent the probability of a participant responding to an item in a certain
way based on their class membership. Class 1 is referred to as “high utilizers” as this
subgroup of participants reported high utilization (i.e., weekly or more) at each of the five
timepoints relative to their observed distribution. Class 2 is referred to as “occasional

utilizers” as this subgroup utilized NPT services “a few times” across all timepoints with
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increases at 3-months (item response probability=0.643) and 6-months (item response
probability=0.679). Finally, class 3 is characterized by low or no utilization at all timepoints.
Class 3 is referred to as the “never utilizers” given their low or no utilization at all time
points. The never utilizer class is the largest (55.7%) followed by the high utilizers (25.9%)
and the occasional utilizers (18.4%).
4.4.1.3 Class Enumeration: Combined Sample

In the combined sample, the 1-class through 5-class models are presented below.
The model was not identified with a 6-class solution (Table 4.3). Results from the RMLCA
suggested that a 3-class solution was the best fit for the combined data. Although the 5-
class solution had the lowest AIC value (11047.70) and the highest entropy value (0.651),
statistical significance for the adjusted LMRT decreased substantially beyond the 3-class
solution and the BIC (11287.04), Adj-LMRT (<0.0001), BLRT (<0.0001), and BF
(815762213.7) indicate the 3-class solution is the optimally fitting model for the data
relative to the 4-class model. The 5-class solution also failed to converge for the BLRT and
the 6-class solution was not identified. Finally, the 4- and 5-class solutions did not have

adequate sample size in the smallest class (4-class: N=118.3, 7%; 5-class: N=152.2, 9%).
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Table 4.3. Repeated Measures Latent Class Analysis Fit Indices for California, Oregon, and the Combined Sample

Model ‘ LL I npar I LR x2* ‘ df I p-value | AIC! I BIC! I CAIC! | AWE! ‘ Adj LMR p-value? | Boot-strapped p-value? | BF (K,K+1)3 cmP(K)* E®
California
1-class | -2840.07 10 | 797.752 | 232 | <0.0001 | 5700.131 5746.99 | 5719.168 | 5724.168 n/a n/a 1.277E-100 2.9232E-108 | n/a
2-class | -2573.28 21 | 349.168 | 221 | <0.0001 | 5188.559 | 5286.962 | 5228.536 | 5239.036 <0.0001 <0.0001 2.28915E-08 | 2.28915E-08 0.673
3-class | -2518.92 32 | 240.438 | 210 0.0734 | 5101.829 | 5251.777 | 5162.746 | 5178.746 0.0167 <0.0001 7926679036 | 0.999999977 0.667
4-class | -2504.94 43 212.48 | 199 0.2438 | 5095.872 | 5297.364 | 5177.728 | 5199.228 0.4203 0.06 n/a n/a 0.682
5-class Model not identified
Oregon
1-class | -3257.63 10 | 756.686 | 232 | <0.0001 | 6535.258 6583.08 | 6554.713 | 6559.713 n/a n/a 8.64304E-97 | 8.60079E-97 n/a
2-class | -2999.13 21 | 364.335 | 221 | <0.0001 | 6040.265 | 6140.692 | 6081.121 | 6091.621 <0.0001 <0.0001 203.5679794 | 0.995111649 0.641
3-class | -2967.15 32 | 300.363 | 210 | <0.0001 | 5998.294 | 6151.324 | 6060.549 | 6076.549 0.062 <0.0001 2744199.584 | 0.004888351 0.640
4-class | -2944.67 43 | 255.409 | 199 0.0043 | 5975.340 | 6180.974 | 6058.995 | 6080.495 0.1802 <0.0001 n/a n/a 0.679
5-class Model not identified
Combined Sample

1-class | -6120.84 10 | 1132.92 | 232 | <0.0001 | 12261.68 | 12315.97 | 12283.94 | 12288.94 n/a n/a 4.9092E-207 | 3.7268E-224 n/a
2-class | -5604.94 21 | 507.745 | 221 | <0.0001 | 11251.88 | 11365.88 | 11298.63 | 11309.13 <0.0001 <0.0001 7.59152E-18 | 7.59152E-18 0.646
3-class | -5524.67 32 | 347.194 | 210 | <0.0001 | 11113.33 | 11287.04 | 11184.57 | 11200.57 <0.0001 <0.0001 315762213.7 | 0.999999997 0.634
4-class | -5503.38 43 | 304.624 | 199 | <0.0001 | 11092.76 | 11326.18 | 11188.48 | 11209.98 0.2475 <0.0001 1513.984203 | 3.16694E-09 0.633
5-class | -5469.85 54 | 237.556 | 188 0.0083 | 11047.70 | 11340.83 | 11167.90 11194.9 0.2089 did not converge 0 n/a 0.651
6-class Model notidentified

1 The lowest values indicate that a model fits the data better and indicates better certainty of assigning individuals to the latent classes or subgroups.'®
2 The adjusted Lo-Mendell Rubin likelihood ratio test (LMR)*>* and the bootstrapped likelihood ratio test (BLRT)*** is used to compare against the K-1 class model to determine the best fitting

model. Significant values indicate that the K-class model is the best fitting model compared to the K-1 class model.
3 The approximate Bayes factor (BF) is used to compare the K class model against the K+1 class model to determine the best fitting model.**® A larger BF value indicates the K class model fits

the data better than a K+1 class model.
4 The correct model probabilities (cMP) is used to compare the K class model against the K+1 class model to determine the best fitting model.*>® A value closer to 1 for the cMP indicates the
K class model fits the data better than a K+1 class model.

5 Entropy ranges from 0 (the model does not fit the data) to 1 (the model perfectly fits the data). Higher entropy values are desirable. "%
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The item response probabilities for the combined sample 3-class solution are
presented in Table 4.4 and represent the probability of a participant responding to an item
in a certain way based on their class membership. Similar to the individual state RMLCA
results, the 3 classes for the combined data were characterized as “high utilizers, (27.3%)”

“occasional utilizers, (18.5%)” and “never utilizers (54.1%).
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Table 4.4. Item Response Probabilities for 3-class Solutions in California, Oregon, and the Combined Sample

California Oregon Combined
High Occ. Never High Occ. Never High Occ. Never
utilizers utilizers utilizers utilizer utilizers utilizer utilizer utilizers utilizer
(25.9%) (18.4%) (55.7%) (28.8%) (18.4%) (52.9%) (27.3%) (18.5%) (54.1%)
NPTBL
Never + Once | 0.480 0.482 0.899 0.562 0.429 0.831 0.530 0.446 0.865
AFew Times 0.151 0.374 0.036 0.057 0.321 0.072 0.097 0.346 0.054
Weekly+ 0.369 0.144 0.065 0.381 0.250 0.097 0.373 0.209 0.080
NPT3M
Never + Once | 0.330 0.192 0.877 0.184 0.226 0.722 0.258 0.206 0.794
A Few Times 0.112 0.643 0.083 0.205 0.449 0.166 0.157 0.535 0.130
Weekly+ 0.557 0.165 0.040 0.611 0.325 0.112 0.584 0.259 0.076
NPTEM
Never + Once | 0.195 0.292 0.886 0.181 0.186 0.934 0.204 0.222 0.908
AFew Times 0.157 0.679 0.057 0.027 0.748 0.037 0.085 0.704 0.049
Weekly+ 0.649 0.029 0.057 0.792 0.065 0.029 0.711 0.074 0.043
NPTOM
Never + Once | 0.187 0.380 0.954 0.240 0.257 0.945 0.213 0.315 0.951
AFew Times 0.255 0.549 0.041 0.225 0.487 0.030 0.218 0.538 0.038
Weekly+ 0.558 0.071 0.005 0.534 0.255 0.025 0.569 0.147 0.011
NPT12M
Never + Once | 0.331 0.423 0.886 0.467 0.449 0.884 0.406 0.429 0.887
A Few Times 0.221 0.455 0.076 0.180 0.329 0.055 0.189 0.397 0.066
Weekly+ 0.448 0.122 0.038 0.353 0.223 0.061 0.405 0.174 0.047
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4.4.2 Measurement Invariance

After determining that the 3-class solution was the best solution in the samples
individually and collectively, measurement invariance was tested between the states. First,
a Wald test was used to determine whether classes were statistically significantly different
from each other between states (i.e., testing whether the classes can be interpreted the
same) and then each item threshold was tested individually (see Table 4.6). An item
threshold value reflects how likely it is that someone in a particular class will endorse that
value, e.g., how likely it is that someone in a high utilizer class would endorse never using
an NPT service, and is used for measurement invariance testing. Thresholds are the log-
odds of the item response probabilities presented in Table 4.4. If the threshold values are
not statistically significantly different from each other, they can be set to be invariant (i.e.,
equal across groups) and interpreted the same. If thresholds are statistically significantly
different, they must be allowed to freely vary. See Table 4.5 for an overview of the
differences between item response probabilities and thresholds.

Table 4.5 Differences Between Item Response Probabilities and Thresholds

Concept H Refers to... H Scale HLevelH Main Use ‘
Iltem Response ||Probability of endorsing an Class-||Interpreting class
. . - . Oto1 o
Probability item given an assigned class level |characteristics
Threshold Log-odc;l§ of item response o0 10 400 Class- Stat|§t|caltest|ng (e.g.,
probability level |linvariance)

Classes 1 (high utilizers) and 2 (occasional utilizers) were not statistically
significantly different from each other and, as expected, none of the thresholds were

statistically significantly different from each other with those classes. Class 3 (never
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utilizers) was statistically significantly different between the states (p=0.015). There were
three thresholds that were statistically significantly different between Oregon and
California (NPTBL Never or Once category, p=0.04; NPT3M Never or Once, p=0.003; NPT3M
A Few Times, p=0.018). This suggests that there is some degree of differential item
functioning for never utilizers at baseline and 3-months between the states, i.e., those in
Oregon and California in the never utilizer class have different probabilities of giving the
same response at baseline and 3-months. This aligns with the implementation of the OBNP
policy that would likely have influenced the proportion of individuals utilizing NPT services
shortly after their new episode of back/neck pain.

Table 4.6. Measurement Invariance Testing for Multiple Group RMLCA

Wald Value | p-value
Class 1: Occasional v.
Occasional 8.141 0.6151
NPTBL
Never or Once 0.176 0.6749
A few times 0.55 0.4582
NPT3M
Never or Once 0.074 0.7851
A few times 0.783 0.3763
NPT6M
Never or Once 0.301 0.5835
A few times 0.06 0.8062
NPTOM
Never or Once 0.871 0.3506
Afew times 2.508 0.1133
NPT12M
Never or Once 0.044 0.8339
Afew times 1.134 0.2868
Class 2: High v. High 15.839 0.1043
NPTBL
Never or Once 1.174 0.2785
Afew times 0.022 0.8831
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NPT3M
Never or Once 3.06 0.0803
Afew times 0.364 0.5464
NPT6M
Never or Once 0.014 0.9053
Afew times 0.654 0.4187
NPTOM
Never or Once 0.565 0.4521
Afew times 0.05 0.8223
NPT12M
Never or Once 3.638 0.0565
A few times 1.513 0.2187
Class 3: Neverv. Never 21.968 0.0153
NPTBL
Never or Once 4.218 0.04
A few times 1.882 0.1701
NPT3M
Never or Once 8.895 0.0029
Afewtimes 5.589 0.0181
NPT6M
Never or Once 1.164 0.2806
A few times 0.761 0.3829
NPTOM
Never or Once 0.071 0.7892
A few times 616 0.4326
NPT12M
Never or Once 0.004 0.9482
Afew times 0.907 0.3408

4.4.3 Final Unadjusted Model

The final model item response probabilities are presented in Figures 4.1, 4.2, and
4.3 and Table 4.7 with the highest item response probabilities at each timepointin each
class highlighted to help illustrate class patterns. Because measurement invariance testing
showed that only three thresholds in the never utilizer class were statistically significantly
different between Oregon and California, all other parameters are held constant across the
states. Mplus requires that if one parameter is freed within a timepoint, then all parameters
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in that timepoint must vary, so all thresholds in NPTBL and NPT3M in the never utilizer class
are freely varying.

Class 1, high utilizers, is characterized by frequent utilization at the majority of
timepoints relative to the observed distributions in both states and the highest frequency of
weekly or more utilization at 3-months (58.6%), 6-months (70.1%), and 9-months (56.9%).
Class 2, occasional utilizers, is characterized by individuals who reported NPT utilization of
“a few times” at the majority of timepoints, with the highest frequencies at 3-months
(54.4%), 6-months (71.2%), and 9-months (54.2%). Finally, class 3, never utilizers, is
characterized by never or only once NPT utilization at all timepoints. Freely varying
parameters are bolded in Table 4.7.

California and Oregon had similar prevalences in each class, though Oregon had a
higher prevalence of high utilizers (p=0.09). Among high utilizers, Oregon’s prevalence was
61.2% and California’s was 38.8%. Among occasional utilizers, Oregon’s prevalence was
47.2% and California’s was 52.8%. Finally, among never utilizers, Oregon’s prevalence was
49.8% and California’s was 50.2%.

Table 4.7. Unadjusted Item Response Probabilities for the Multiple Group Model

California Oregon
High Occ. Never High Occ. Never
utilizers utilizers utilizers utilizers utilizers utilizer
NPTBL
Never + Once | 0.522 0.453 0.896" 0.522 0.453 0.831
A Few Times 0.101 0.353 0.041 0.101 0.353 0.067
Weekly+ 0.377 0.194 0.063 0.377 0.194 0.101
NPT3M
Never + Once | 0.247 0.221 0.878 0.247 0.221 0.708
A Few Times 0.167 0.544 0.087 0.167 0.544 0.167
Weekly+ 0.586 0.235 0.035 0.586 0.235 0.125
NPT6M
Never + Once | 0.196 0.237 0.903 0.196 0.237 0.903
A Few Times 0.103 0.712 0.047 0.103 0.712 0.047
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Weekly+ 0.701 0.051 0.050 0.701 0.051 0.050
NPTOM

Never + Once | 0.200 0.325 0.953 0.200 0.325 0.953

AFewTimes | 0.231 0.542 0.036 0.231 0.542 0.036

Weekly+ 0.569 0.133 0.012 0.569 0.133 0.012
NPT12M

Never + Once | 0.403 0.426 0.887 0.403 0.426 0.887

AFewTimes | 0.194 0.408 0.064 0.194 0.408 0.064

Weekly+ 0.403 0.167 0.048 0.403 0.167 0.048

*Bolded items are freely estimated parameters.

Figure 4.1 Unadjusted Item Response Probabilities for the Multiple Group Model: High

Utilizers
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Figure 4.2 Unadjusted Item Response Probabilities for the Multiple Group Model:

Occasional Utilizers
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Unadjusted Item Response Probabilities: Occasional Utilizer
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Figure 4.3 Unadjusted Item Response Probabilities for the Multiple Group Model:

Never Utilizers

Unadjusted Item Response Probabilities: Never Utilizer Class
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4.4.4 Aim 1 Summary

Results from the multiple-group repeated measures latent class analysis (MG
RMLCA) indicated that a 3-class solution—comprising high, occasional, and never utilizers
of nonpharmacologic therapy (NPT)—was the best fit for the data, with strong
measurement invariance across Oregon and California. There were slight differences at the
baseline and 3-month time-points in the never utilizer class suggesting that individuals in
Oregon had slightly higher utilization of NPT utilization than those in California in the never
utilizer class. This higher utilization at baseline and 3-months among the never utilizer
class may suggest a policy effect where the OBNP policy encouraged higher NPT
engagement than in California where a similar policy was not in place The final unadjusted
model results are presented in Table 4.7 showing the probabilities for each class by state
with only the baseline and 3-month timepoints varying in the never utilizer class. All other

class probabilities are the same across Oregon and California.

4.5 Aim 2 Results

Aim 2: Examine the effects of social risks, socio-demographic characteristics, and
clinical characteristics on patterns of self-reported use of nonpharmacological
therapy (NPT) over 12-months across states with and without the Oregon Back and
Neck Pain policy (Oregon v. California).

4.5.1 Adjusted Latent Class Results

Results from the MG RMLCA suggested that a 3-class solution was the best fit for
the data and that measurement invariance held across California and Oregon. These
results have been described in detail in the previous section. Because the latent class
probabilities are estimated simultaneously with the regression model, certain model fit

criteria and class probabilities can change when covariates are added. The absolute model
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fit, measured by entropy, improved when all covariates were included, going from 0.634 in
the unadjusted model to 0.706 in the adjusted model.

Additionally, the average latent class probabilities for most likely latent class
membership by latent class was also improved with the inclusion of covariates. This
indicates that the probability that someone is in a certain class is correctly classified into
that class increased with covariates included in the model. Table 4.8 shows the
classification probabilities for most likely latent class based on the unadjusted model and
Table 4.9 shows the same for the adjusted model. The probabilities on the diagonal should
be >0.8 to have a high degree of confidence in classification.’”®'7¢ For Class 1 (high utilizers)
in the unadjusted model, the classification probability is 0.834, 0.767 for Class 2
(occasional utilizers), and 0.877 for Class 3 (never utilizers). Because Class 2 is below the
0.8 threshold, this indicates that there is some imprecision in classification and individuals
could belong to another class. In this case, the second most likely class they could belong
tois Class 1 (probability=0.136). In the adjusted model, the classification probabilities
improve. The probability for Class 1is 0.862, 0.799 for Class 2, and 0.892 for Class 3. The
classification probability increased for Class 2 to near the 0.8 threshold.

Table 4.8. The Average Latent Class Posterior Probabilities for Most Likely Latent Class

Membership by Latent Class — Unadjusted Model

Most Likely Latent Class Membership

Avg. Latent Class Prob. Class 1 Class 2 Class 3
Class 1 0.834 0.089 0.077
Class 2 0.136 0.767 0.098
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Class 3

0.068

0.054

0.877

Table 4.9. The Average Latent Class Posterior Probabilities for Most Likely Latent Class

Membership by Latent Class — Adjusted Model

Most Likely Latent Class Membership
Avg. Latent Class Prob. Class 1 Class 2 Class 3
Class 1 0.868 0.061 0.071
Class 2 0.116 0.804 0.080
Class 3 0.065 0.040 0.895

Measurement invariance held across states for all but two thresholds. The latent
classes in the 3-class solution were the same across California and Oregon (adjusted item
response probabilities presented in Table 4.10 and Figures 4.4, 4.5, 4.6), with only the
baseline and 3-month indicators varying in Class 3. Class 3 composition varies slightly
between Oregon and California as evidenced in the freely estimated item response
probabilities for the baseline and 3-month timepoints. Oregon participants are somewhat
more likely to report higher utilization at 3 months (Weekly or More item response
probability=0.147; A Few Times item response probability=0.136) compared to California
(Weekly or More item response probability=0.032; A Few Times item response
probability=0.079). However, Oregonians in Class 3 were still more likely to report never or
only once using an NPT service during the prior three months (item response
probability=0.717) compared to the observed distribution (0.477).

Table 4.10. Adjusted California Item Response Probabilities

126



California Oregon
High Occ. Never High Occ. Never
utilizers utilizers utilizers utilizers utilizers utilizer

NPTBL

Never + Once | 0.490 0.463 0.894 0.490 0.463 0.853

A Few Times 0.114 0.369 0.041 0.114 0.369 0.061

Weekly+ 0.396 0.168 0.065 0.396 0.168 0.086
NPT3M

Never + Once | 0.257 0.123 0.890 0.257 0.123 0.717

A Few Times 0.175 0.651 0.079 0.175 0.651 0.136

Weekly+ 0.568 0.226 0.032 0.568 0.226 0.147
NPT6M

Never + Once | 0.213 0.246 0.900 0.213 0.246 0.900

AFew Times 0.166 0.683 0.046 0.166 0.683 0.046

Weekly+ 0.620 0.072 0.054 0.620 0.072 0.054
NPTOM

Never + Once | 0.177 0.425 0.945 0.177 0.425 0.945

AFew Times 0.238 0.519 0.041 0.238 0.519 0.041

Weekly+ 0.585 0.057 0.014 0.585 0.057 0.014
NPT12M

Never + Once | 0.405 0.515 0.883 0.405 0.515 0.883

A Few Times 0.226 0.351 0.064 0.226 0.351 0.064

Weekly+ 0.369 0.134 0.053 0.369 0.134 0.053

Figure 4.4 Adjusted Item Response Probabilities for the Multiple Group Model : High

Utilizers
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Figure 4.5 Adjusted Item Response Probabilities for the Multiple Group Model :

Occasional Utilizers
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Figure 4.6 Adjusted Item Response Probabilities for the Multiple Group Model : Never
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Adjusted class prevalences are similar to the unadjusted prevalences. Oregon
participants represent 63.8% and California participants 36.2% of Class 1 (“high utilizers”)
which is characterized by a higher probability (> 0.5) of reporting use of NPT services weekly
or more at 3-, 6-, and 9-months, with higher than observed rates of utilization at baseline
and 12-months. Class 2 (“occasional utilizers) is comprised of 47.1% Oregon participants
and 52.9% California participants and is characterized by a higher probability of reporting
infrequent utilization (i.e., those reporting “a few times” in the prior three months) during
the 3-, 6-, and 9-month periods. Finally, Class 3 (“never utilizers”) is comprised of 54.5% of
Oregon participants and 45.5% of California participants and is characterized by reported

patterns of very low (i.e., “once”) or never NPT utilization at all timepoints.
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4.5.2 Logistic Regression Results

Table 4.11 shows the adjusted odds ratios (ORs) and 95% confidence intervals (Cls)
for each of the predictors regressed on the three NPT utilization latent classes, using the
“never utilizer” class as the reference group, across California and Oregon. Neither food
insecurity nor housing insecurity were associated with NPT utilization class membership in
either state. Medical financial insecurity was associated with higher odds of being a high
utilizer than a never utilizer in Oregon (OR=2.16, 95% CI=1.214-3.823). Social support for
pain management was associated with higher odds of being in both the high utilizer and
occasional utilizer class compared to the never utilizers in Oregon (high utilizer OR=2.97,
95% CIl=1.815-4.854; occasional utilizer OR=2.64, 95% CIl=1.095-6.341).

FPL had opposite effects across states among the high utilizer class. Individuals in
California who were 0.01%-99.99% of the FPL were less likely to be a high utilizer versus a
never utilizer compared to those who were at least 150% of the FPL (ORo.015%-99.99%=0.33, 95%
Cl=0.128-0.852). Individuals in Oregon who were 100%-149.9% of the FPL were more likely
to be a high utilizer versus a never utilizer compared to those who were at least 150% of the
FPL (OR100%-140.0%=2.77, 95% CI=1.151-6.683). In both states, having a lower FPL was
associated with lower odds of being an occasional utilizer than a never utilizer, though
none of these ORs were significant.

Other statistically significant predictors of NPT utilization class membership
included education, STarT Back Score, type of qualifying pain diagnosis, and the Charlson
Comorbidity Index. Less than a high school education was associated with lower odds of

being a high utilizer than a never utilizer compared to having at least some college
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education in both states (CA ORLessis=0.45, 95% C1=0.215-0.926; OR OR\esshs=0.30, 95%
Cl1=0.130-0.685) and associated with being an occasional utilizer versus a never utilizer in
Oregon (ORessis=0.11, 95% CI1=0.015-0.825). Having a high school degree was associated
with lower odds of being a high utilizer versus a never utilizer compared to having at least
some college education in California (ORus=0.39, 95% CI=0.184-0.838) and with lower
odds of being an occasional utilizer versus a never utilizer in Oregon (ORus=0.25, 95%
CI=0.067-0.957).

Having low risk on the STarT Back Score was associated with lower odds of being a
high utilizer versus a never utilizer compared to having a high-risk score in California
(ORLowrisk=0.11, 95% CI=0.020-0.648). Having both back and neck pain was associated with
greater odds of being an occasional utilizer versus a never utilizer compared to having only
back pain in California (ORgotn=4.05, 95% CI=1.131-14.517). Finally, having a higher
Charlson Comorbidity Index score was associated with lower odds of being an occasional

utilizer versus a never utilizer in California (ORcc=0.76, 95% CI=0.594-0.963).
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Table 4.11. Adjusted Odds Ratios for Predictors of NPT Utilization Latent Classes

California Oregon
High Utilizer Occasional Utilizer Never Utilizer High Utilizer Occasional Utilizer U':(iel\i,:;r
Model OR 95% ClI OR 95% CI OR 95% ClI OR 95% ClI
FPL Percentage, socialrisk,
social support, covariates
Food Insecurity 1.162 0.653-2.068 0.923 | 0.372-2.287 1.198 0.664-2.164 1.550 | 0.538-4.471
Housing Insecurity 0.881 0.464-1.675 1.184 | 0.496-2.825 0.994 0.541-1.827 0.589 | 0.198-1.747
Medical Financial Insecurity 1.087 0.522-2.264 1.561 | 0.647-3.767 2.155 1.214-3.823 3.092 | 0.939-10.183
Social Support 1.704 0.972-2.988 1.594 | 0.695-3.652 2.968 1.815-4.854 | 2.635 | 1.095-6.341
FPL
0% 0.436 0.151-1.256 0.948 | 0.224-4.009 2.065 0.875-4.876 0.256 | 0.058-1.122
0.01%-99.99% 0.330 0.128-0.852 0.377 0.114-1.25 1.122 0.49-2.569 0.559 0.201-1.554
100%-149.9% 0.371 0.125-1.103 0.465 | 0.067-3.212 2.773 1.151-6.683 0.662 | 0.203-2.155
>150% Referent Referent
Age 0.992 0.967-1.017 0.975 | 0.945-1.006 § 1.005 0.985-1.026 1.017 | 0.977-1.059 g
Female 1.722 0.906-3.273 3.633 | 0.988-13.353 g 1.525 0.88-2.643 0.696 | 0.259-1.871 )
Race/Ethnicity :L? é
Non-Hispanic white Referent s Referent @
Non-Hispanic BIPOC 0.365 0.12-1.113 0.74 0.175-3.129 0.726 0.340-1.553 0.740 | 0.084-6.497
Hispanic 1.053 0.87-1.273 1.127 | 0.855-1.486 0.842 0.671-1.056 1.187 | 0.821-1.716
Education
Less than high school 0.446 0.215-0.926 0.386 | 0.117-1.276 0.299 0.130-0.685 0.111 0.015-0.825
High school 0.392 0.184-0.838 0.63 0.239-1.659 0.783 0.449-1.367 0.253 | 0.067-0.957
College or more Referent Referent
Rural 1.552 0.799-3.017 0.266 | 0.024-2.907 0.735 0.418-1.292 0.428 | 0.117-1.564
Number of pain conditions 0.959 0.746-1.234 0.922 | 0.709-1.199 1.265 1.043-1.535 1.222 | 0.793-1.882
STarT Back Score
Low risk 0.114 0.020-0.648 2.075 | 0.524-8.212 0.580 0.251-1.339 1.248 | 0.318-4.906
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Medium risk

0.249-1.405 | 1.083

‘ 0.338-3.474

0.279-1.394 | 1.748 ‘

0.591
High risk Referent
Back and Neck Pain | ‘
Back pain Referent
Neck pain 1.211 0.511-2.868 0.27 0.022-3.381
Both 1.314 0.616-2.800 4.051 | 1.131-14.517
Any substance use condition 2.718 0.929-7.950 1.72 | 0.209-14.144
Any mental health condition 1.032 0.556-1.916 1.095 | 0.406-2.953
Charlson comorbidity index 0.940 0.771-1.148 0.756 | 0.594-0.963

0.624 0.536-5.698

Referent

|

Referent
1.399 0.698-2.805 1.438 0.288-7.184
1.612 0.889-2.922 1.099 0.406-2.974
0.854 0.402-1.816 1.871 0.395-8.862
0.723 0.441-1.185 1.269 0.452-3.562
1.000 0.861-1.162 0.716 0.398-1.288
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4.5.3 Aim 2 Summary

The RMLCA 3-class solution model fit and classification accuracy improved after
adding covariates, with entropy increasing from 0.634 to 0.706. Classification probabilities
also improved, particularly for Class 2, indicating greater confidence in class assignment
after adjustment.

Adjusted class prevalence estimates showed that Oregon participants made up a
higher proportion of high utilizers (63.8%) compared to California (36.2%), reflecting higher
NPT engagement, possibly due to the Oregon Back and Neck Pain (OBNP) policy. While
both states shared similar class structures, Oregon participants in the low/never use class
reported modestly higher use at baseline and 3-months than California participants,
suggesting that Oregon’s policy increased early engagement with NPT.

In adjusted regression models, social support and medical financial insecurity were
significant predictors of NPT utilization class membership in Oregon. Participants with
these characteristics were more likely to be high or occasional utilizers than never utilizers.
Financial status (FPL) was a significant and divergent predictor of class membership by
state: in Oregon, mid-level FPL (100-149%) was associated with being in the high utilizer
class, while in California, the lowest FPL group (<100%) was associated with a lower
likelihood of being in the high utilizer class.

Educational attainment, STarT Back risk scores, pain diagnosis type, and
comorbidity burden also influenced class membership. Notably, lower education was
consistently associated with lower odds of membership in the high utilization class,

emphasizing persistent disparities even in policy-supportive environments.
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4.6 Aim 3 Results

Aim 3: Examine the effects of social risks, socio-demographic characteristics, and
clinical characteristics on change in pain-related outcomes between baseline and 6-
months and 6-months to 12-months across states with and without the Oregon Back
and Neck Pain policy (Oregon v. California).
4.6.1 Aim 3 Overview

The Aim 3 analysis included a multiple group, piecewise latent growth model. In
addition, linear regression was used to examine predictors of change in BPI score
simultaneously in Oregon and California with the same primary predictors and covariates
used in Aim 2. The specific outcomes were the change (slope) in BPI score between
baseline and 6-months and the change (slope) in BPI score between 6-months and 12-
months, all as latent variables as indicated in Figure 3.5 These two 6-month time periods
during the 12-month follow-up were chosen to reflect when newly diagnosed participants
would have first been exposed to NPT services for their pain and when they were most likely
to use the majority of these services. The second time period from 6-months to 12-months
reflects the time when fewer NPT services were likely utilized and, thus, more likely reflects
sustained maintenance effects or attenuated effects of treatment on pain for those for
whom NPT services received. The result of the 6-month to 12-month BPI score is
dependent on where the participant ended up after their first six months in the study. First,
model fit and overall change in slope at each time segment for Oregon and California are
presented and then Table 4.13 shows the results of the multiple group piecewise latent

growth model results at the two timepoints. The intercepts were not the primary outcome
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of interest and thus are not reported, but is a latent variable modeled in the piecewise LGM
along with the two latent slope variables.
4.6.2 Latent Growth Model Fit Indices and Overall Slopes

The fitindices of the model suggest the model fits the data well. The chi-square
(p=0.967), probability RMSEA <0.05 (100%), CFI (1.0), and the SRMR (0.012) all indicate the
modelis a good fit for the data (Table 4.12). Figure 4.7 shows the overall change in BPI
score between baseline and 6-months and 6-months to 12-months for each state.
Participants in California had a slightly higher BPI score than participants in Oregon at
baseline. In Oregon, the mean score of the BPI at baseline was 5.85 (SE=0.120) and the
mean score of the BPI at baseline in California was 6.02 (SE=0.095). Participants in Oregon
had a greater reduction in BPI score from baseline to 6-months (slope=-0.35, SE=0.038)
than participants in California (slope=-0.18, SE=0.040) and both were statistically
significantly different from zero (p<0.0001). There were similar modest rates of reduction in
the BPI score from 6-months to 12-months for both states and neither were statistically
significant (OR slope=-0.03, SE=0.037; CA slope=-0.06, SE=0.037).

Table 4.12. Piecewise Latent Growth Model Fit Indices

FitIndices Value
Chi-square p-value 0.97
Probability RMSEA <0.05 | 100%
CFlI 1.0
SRMR 0.01

Figure 4.7. Overall Changes in BPl Score for Oregon and California from Baseline to 6-

months and 6-months to 12-months

136



Change in BPIl Scrore for CA and OR

Chart Area |
=
8
’ b=-0.18*
o B — > b=-0.06
; -
g 5 —': — =
— = &
S b=-0.33 b=-0.03
3
2
1
0
bl 3m Bm 9m 1Z2m
Time
*p<0.0001

4.6.3 Piecewise Linear Regression Results

Food insecurity, housing insecurity, and medical financial insecurity were not
significant predictors of change in BPI score in either interval. Social support for pain
management was a statistically significant predictor of the change in BPI score from
baseline to 6-months (8 =-0.23, SE=0.078, p=0.003) and maintained from 6-months to 12-
months (8=0.04, p=0.5) in Oregon.

Race/ethnicity was a statistically significant predictor of change in BPI score in both
intervals in California. Non-Hispanic Black or other race had a reduction in BPIl score from
6-months to 12-months (8=-0.21, SE=0.104, p=0.05) compared to Non-Hispanic white

participants. Hispanic participants had an increase in BPI score from baseline to 6-months
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(8=0.07, SE=0.027, p=0.008) and a reduction from 6-months to 12-months (8=-0.05,
SE=0.026, p=0.05) compared to Non-Hispanic white participants. High school education
was a statistically significant predictor of change in BPI score from baseline to 6-months in
Oregon. Those in Oregon with a high school education had an increase in BPI score
between baseline and 6-months (=0.18, SE=0.088, p=0.04) compared to those with at
least some college.

The STarT Back Score was a statistically significant predictor of change in BPI from
baseline to 6-months in both Oregon and California. Those in California with low risk
(B=0.74, SE=0.146, p=<0.0001) medium risk (8=0.39, SE=0.129, p=0.002) had an increase
in BPI score from baseline to 6-months compared to those with high risk. Those in Oregon
with medium risk had an increase in BPI score from baseline to 6-months compared to
those with high risk (8=0.31, SE=0.119, p=0.01). Having both back and neck pain was
associated with an increase in BPI score (8=0.20, SE=0.091, p=0.03) in Oregon between
baseline and 6-months compared to having back pain only. In California, having at least
one substance use condition was associated with an increase in BP| score between
baseline and 6-months compared to individuals without a substance use condition
(B=0.26, SE=0.131, p=0.05). In Oregon, those with depression or anxiety had a decrease in
BPI score from 6-months to 12-months compared to individuals without depression or

anxiety (8=-0.16, SE=0.077, p=0.04).
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Table 4.13. Results of Multiple Group Piecewise Latent Growth Modeling in Oregon and California

California Oregon
B (SE) B (SE) B (SE) B (SE)
BL-6M p-value 6M-12M p-value | BL-6M p-value | 6M-12M p-value
Food insecurity 0.153 (0.087) 0.08 | 0.064 (0.083) 0.439 | 0.06 (0.089) 0.5 | 0.118(0.085) 0.167
Housing insecurity -0.007 (0.09) 0.935 | -0.081 (0.085) 0.341 | 0.052(0.09) 0.563 | 0.01(0.087) 0.907
Medical Financial Insecurity 0.076 (0.1) 0.448 | -0.104 (0.094) 0.272 | -0.086 (0.092) 0.35 | 0.156(0.091) 0.085
Any social support for pain 0.06 (0.081) 0.457 | -0.083 (0.076) 0.28 | -0.23(0.078) 0.003 | 0.044 (0.075) 0.554
Federal Poverty Level (FPL)
0% FPL 0.019(0.153) 0.9 | 0.125(0.141) 0.376 | 0.004 (0.127) 0.974 | 0.044 (0.123) 0.719
0.01-99.99% FPL 0.049 (0.142) 0.732 | 0.251(0.13) 0.053 | 0.052(0.12) 0.669 | 0.032(0.117) 0.785
100-149.9% FPL 0.118 (0.167) 0.479 | 0.006 (0.154) 0.968 | 0.001 (0.131) 0.995 | -0.029(0.128) 0.818
150-200+%
Age (centered) 0.001 (0.003) 0.773 | -0.004 (0.003) 0.229 | -0.002 (0.003) 0.598 | -0.003 (0.003) 0.419
Sex
Female 0.099 (0.084) 0.239 | -0.042 (0.081) 0.601 | 0.031(0.083) 0.71 | -0.089 (0.08) 0.263
Male
Race/Ethnicity
Non-Hispanic Black or other 0.048 (0.109) 0.659 | -0.207 (0.104) 0.047 | 0.048(0.138) 0.728 | -0.018(0.136) 0.896
Hispanic 0.072(0.027) 0.008 | -0.051 (0.026) 0.045 | -0.006 (0.035) 0.871 | -0.02(0.035) 0.563
Non-Hispanic white
Education
Less than high school -0.012(0.116) 0.915 | -0.006 (0.114) 0.959 | 0.153(0.114) 0.181 | 0.059(0.111) 0.598
High school 0.073(0.09) 0.422 | 0.024(0.086) 0.78 | 0.179(0.088) 0.043 | -0.1(0.086) 0.247
Some college or more
Rurality
Rural -0.091 (0.099) 0.358 | -0.055 (0.093) 0.55 | -0.037 (0.094) 0.694 | 0.117(0.09) 0.193
Urban
Number of painful conditions -0.004 (0.033) 0.907 | -0.03(0.031) 0.329 | -0.001 (0.032) 0.983 | -0.02(0.031) 0.51
STaRT Back Score
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Low risk 0.741 (0.146) <0.0001 | -0.237 (0.138) 0.085 | 0.265 (0.144) 0.066 | -0.117(0.138) 0.397
Medium risk 0.39(0.129) 0.002 | -0.158 (0.119) 0.184 | 0.306 (0.119) 0.01 | -0.09(0.113) 0.426
High risk
Type of qualifying pain
Neck pain -0.05 (0.148) 0.737 | -0.011 (0.145) 0.938 | 0.167(0.117) 0.155 | -0.096 (0.113) 0.397
Neck and back pain -0.02 (0.091) 0.827 | -0.04 (0.086) 0.638 | 0.202(0.091) 0.026 | 0.007 (0.087) 0.937
Back pain
Any substance use condition 0.258 (0.131) 0.049 | 0.054(0.126) 0.67 | 0.068 (0.112) 0.544 | 0.027 (0.108) 0.803
Any depression or anxiety -0.097 (0.083) 0.242 | 0.065 (0.079) 0.412 | 0.037 (0.08) 0.644 | -0.163 (0.077) 0.035
Charlson comorbidity index 0.024(0.028) 0.387 | 0.018 (0.026) 0.486 | -0.022 (0.027) 0.402 | 0.019(0.025) 0.459
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4.6.4 Aim 3 Summary
The latent growth model fit indices indicated excellent fit ()(2 p=0.967; RMSEA=0;

CFI=1.0; SRMR=0.012). At baseline, California participants reported slightly higher pain
scores (BPI=6.02) than Oregon participants (BPI=5.85). Oregon participants experienced
greater reductions in pain from baseline to 6 months (slope=-0.35) than Californians
(slope=-0.18), with similar reductions from 6 to 12 months in both states. Social support
for pain management significantly predicted pain reduction in Oregon from baseline to 6
months (8=-0.23, p=0.003). In California, race/ethnicity predicted relative pain change:
Hispanic participants had modestly increased pain from baseline to 6 months (=0.07)
relative to white participants while Non-Hispanic Black or other race participants had pain
reductions from 6-12 months (8=-0.21). In Oregon, high school education was associated
with increased pain over the first 6 months. STarT Back scores significantly predicted pain
increases from baseline to 6 months in both states for low- and medium-risk groups. Other
predictors included comorbid pain conditions, substance use, and mental health

diagnoses.
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Chapter 5: Conclusion

5.0 Discussion Overview

This study advances our understanding of how Medicaid policy influences the use of
nonpharmacologic therapies (NPT) for back and neck pain by identifying distinct patterns
of utilization and exploring their predictors. Using repeated measures latent class analysis
across Medicaid populations in Oregon and California, the research identified three
distinct patterns of NPT utilization over 12 months —high utilizers, occasional utilizers, and
low/never utilizers—demonstrating empirical support for the existence of subgroups of NPT
engagement that have the potential to inform Medicaid policies and clinical initiatives
desighed to increase access to NPT services. This structure was consistent across states,
providing a stable foundation for further analysis of predictors and outcomes.

Importantly, this work extends prior literature by linking the existence of these latent
subgroups to a specific policy context: Oregon’s Back and Neck Pain (OBNP) policy. While
both states included individuals initiating care for a new episode of back and neck pain and
offered some NPT coverage, Oregon’s comprehensive policy and coordinated care
organization (CCO) model led to modestly higher NPT utilization even among the "never"
class, suggesting that state-level policy may influence engagement even among those less
likely to seek care. This underscores that policy interventions can alter the broader care
landscape, not only for those who fully engage but also for those on the margins of use.

One of the study’s most novel contributions is its examination of how social support
and socioeconomic context intersect with policy to influence care use and outcomes. In

Oregon, individuals with social support for pain management were more likely to fall into
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the high or occasional NPT user classes and also reported modest improvements in pain
scores over time relative to individuals without social support for pain management. These
relationships were not observed in California, providing suggestive evidence that the OBNP
policy, particularly its integration of community health workers and emphasis on
addressing social needs, may have enhanced feelings of support and facilitated care
engagement. These findings highlight the importance of structural supports in enabling
patient-centered, equitable care.

Additionally, the study identified persistent disparities in NPT utilization by
education level and variation in pain severity (i.e., BPl score) by race and ethnicity,
particularly in California. These findings suggest that even with access to NPT, marginalized
groups may face additional barriers to effective engagement. Oregon’s more integrated and
equity-focused policy model may mitigate some of these disparities, although more
targeted interventions remain necessary to increase early engagement with NPT services.

Oregon and California had modest reductions in their pain severity scores between
baseline and 6-months with the reductions persisting up to 12-months. Oregon had slightly
greater reduction than California from baseline to 6-months which may be due to the
expanded access of NPT services under the OBNP; however, modest results were not
unexpected for two primary reasons. First, while California did offer some coverage for
services such as physical therapy and acupuncture, they did not have a comprehensive
Medicaid reimbursement policy for NPT services similar to OBNP and California residents
found access to NPT services limited because of the stringent qualifications.”” Second,

the majority of participants in both states did not report using any NPT service for pain
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management and among those that did, it is possible they did not receive therapeutic
dose.

Finally, the association between lower STarT Back scores and relative increases in
pain severity highlights limitations in using existing risk stratification tools for chronic pain
populations without allowing providers to override the risk stratification rules. The STaRT
Back Tool is intended to allow providers to apply their clinical judgement about a person’s
risk of developing persistent disabling symptoms even when the tool designates someone
as low risk.’® When used as risk-stratification tool to determine care pathways, providers
should be given the freedom to deviate from the STaRT Back score when clinically
appropriate.

Together, these findings suggest that Medicaid policies aiming to expand access to
nonpharmacologic care for pain management should address not only coverage but also
the systems, supports, and social environments in which care is delivered. By identifying
meaningful subgroups and understanding how structural factors shape engagement,
states can design more targeted, equitable, and effective interventions to improve
outcomes for people with chronic pain.

5.1 Latent Subgroups

The class enumeration process using data from California, Oregon, and the combined
sample showed that the 3-class solution was the best fitting model. This offers good
evidence that the 3-class solution in the final, multiple group model fit the data best given
the concordance between the three samples.’® Measurement invariance testing provided

confidence that the latent classes have the same meaning and interpretation across the
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states. There were differences in the baseline and 3-month timepoints among the never
utilizer class in that Oregon participants had a higher probability of reporting higher rates of
NPT utilization than California, suggesting that the OBNP policy may have nudged early NPT
engagement compared to California. While both samples were entering new episodes of
care for back/neck pain and some coverage was available for NPT services in California,
the comprehensive coverage of the OBNP policy along with the structure of the CCO care
modelin Oregon resulted in modestly greater increases in reported use.

Understanding latent subgroups of NPT utilization over time is a foundational step in
health services and policy research. Before examining predictors or outcomes, latent class
analysis (LCA) allows researchers to uncover naturally occurring patterns in how
individuals engage with the healthcare system especially in contexts where utilization is
highly variable and influenced by both individual and structural factors.

In this study, identifying subgroups of NPT use ranging from high utilizers to occasional
and low/never users provides a critical empirical basis for several reasons. First, it can
reveal real-world heterogeneity. NPT services are often delivered in diverse settings, with
varying frequency and patient engagement. By identifying distinct utilization subgroups, we
can characterize the real-world complexity of how patients actually use these services over
time, beyond what average utilization statistics can show. This is especially important for
Medicaid populations, where access, preferences, and barriers differ significantly.

Second, these subgroups can inform policies targeting resource allocation.
Policymakers need to understand who is using services and how often to design policies

that promote equitable and efficient care. For example, a low-utilizer group may signal
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unmet need, access barriers, issues with knowledge of available services, or simply lack of
interest. Mapping these subgroups is essential for tailoring interventions, payment reforms,
and benefit design.

Finally, these subgroups lay the groundwork for more advanced modeling. Before
examining predictors or outcomes, class enumeration defines the dependent structure
that will guide subsequent modeling. Knowing that three distinct patterns exist rather than
assuming uniform use improves the conceptual and statistical validity of regression
analyses that follow. It ensures that policy effects or patient characteristics are evaluated
in relation to meaningful behavioral phenotypes rather than arbitrary groupings.

5.2 Predictors of Latent Subgroups and Pain Severity

This study offers important insights into how Medicaid policy design can shape
utilization patterns of NPT and influence pain outcomes. Despite similar latent class
structures in Oregon and California, these findings offer suggestive evidence that Oregon’s
Back and Neck Pain policy may have had a broader impact on engagement with NPT,
particularly through its relationship with social support for pain management, and early
reductions in pain scores. These results point to the potential of state-level policy
interventions to do more than expand coverage; they can also shift care norms, social
contexts, and therapeutic engagement.

Results in Oregon suggest that the OBNP had a positive effect of increasing access to
and utilization of services for individuals with low financial resources. This may be due to
two different policy mechanisms. In Oregon as part of the OBNP, community health

workers (CHWSs) were responsible for helping to connect individuals to services to help
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address their social needs prior to or at the same time as referral to NPT services. This
plausibly could account for the increased likelihood of higher utilization for those who
reported having medical financial insecurity or lower FPL if they were referred to services
that provided financial assistance. In randomized trials, CHW-led interventions for
individuals with chronic pain in low resource settings have shown clinical and functional
improvements among people who worked directly with the CHW for their pain
management and navigation of the healthcare system."”® CHW’s also reported that their
primary roles in safety net hospitals are often focused on addressing social determinants
of health, but they also feel that they play a vital role in directly improving access to NPT
services."®

Additionally, because medical financial insecurity was associated with higher odds of
being a high utilizer of NPT services, the fact that the OBNP allowed for NPT services to be
covered by Medicaid may account for this association. Individuals with lower
socioeconomic status are more likely to report not utilization treatments for pain** and
more likely to report having severe pain, so increasing access to this population is critical
to improving their ability to manage pain.'®

Moreover, the association between social support and improvements in pain scores

in Oregon during the first six months aligns with the timing of when most NPT services were
likely delivered. This temporal pattern reinforces the possibility that availability of NPT
services, especially when socially-supported and policy-enabled, can lead to measurable

improvements in pain outcomes. The absence of a similar effect in California suggests that
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coverage alone may not be enough to generate meaningful or equitable outcomes without
a supportive policy and care delivery infrastructure.

Participants were asked on the baseline assessment whether they sought support
from others in their life to manage their pain. In the case of participants from Oregon, it is
possible that during their recent qualifying clinic visit in which back or neck pain was
diagnosed, that they began the referral or, in some cases, treatment with NPT services. As
mentioned earlier, a central tenet of the CCO model is the engagement of CHWs and the
prioritization of social risks for the Medicaid population. So, itis also possible that the
structure of the CCOs and the embedded OBNP policy increased feelings of social support
which increased utilization of NPT services and reduced pain outcomes over time. This
aligns with literature on the role of the CHW in primary care safety net settings where
CHWs report providing support in addressing social determinants of health, assisting in
navigating the healthcare system, and in providing direct access to community-based NPT
service.'® Social supportis a core tenet of the Multi-level Influences on Quality of Care®¢:
which influences the quality of care and outcomes.

Persistent disparities in NPT utilization by education level in both states highlight the
need for targeted efforts to improve access and engagement among populations with lower
educational attainment. This could include culturally and linguistically appropriate
outreach, navigation services, transportation supports, and strategies to improve health
literacy around nonpharmacologic treatment options. Engagement with NPT services has
been shown to be influenced by patient familiarity with or knowledge about specific

treatment options.’' In one review, the authors identified that patients are generally
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interested in NPT services, but without knowledge about the services then they are less
likely to engage.'' Without such supports, individuals with lower education may remain
underserved even in contexts with generous coverage.'®?

The differential effects of race and ethnicity on pain trajectories in California, but
not Oregon, raise additional concerns about structural inequities in pain care. The delayed
improvements in pain among BIPOC individuals and the early worsening among Hispanic
individuals may reflect systemic barriers to timely or culturally responsive care.®
Delayed improvements may also be due to the time needed to build trust with providers to
become engaged in treatment, particularly for individuals with chronic pain' The absence
of these associations in Oregon suggests that integrated care models and policy-driven
NPT access may help mitigate some racial disparities, although it is also possible that the
lack of association between race and NPT utilization is due to the low sample size in
Oregon.

Finally, the finding that individuals classified as low or medium risk on the STaRT
Back tool had greater increases in pain than those at high-risk challenges existing
assumptions about stratified care. It may be that high-risk individuals received more
attention and resources due to their risk, while others were under-treated. However, it’s
more likely that the tool was not appropriate for use in our sample without allowing
providers to override the STaRT Back score stratification. The STarT Back tool was validated
in a study that allowed for providers to apply their clinical judgement about the risk
individuals had on developing persistent disabling pain regardless of what the tool

indicated. This resulted in people being stratified manually as medium or high risk when
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the tool scored them as low risk.?”"2 The findings of this study suggest this is an
appropriate and necessary approach if the STaRT Back tool is to be used to determine
treatment pathways under Medicaid policies.

In clinical settings, knowing which patients fall into distinct utilization profiles can
help tailor care plans. For example, a patient likely to fall into the “occasional user” class
may benefit from additional outreach or motivational support, while a “high utilizer” may
require coordinated care planning to ensure all services being utilized are appropriate.
From a value-based care perspective, these subgroups can inform performance
measurement, risk adjustment, and care management strategies.

Policies like Oregon’s Back and Neck Pain policy operate in complex, real-world
systems. Latent class analysis helps to characterize variation in service uptake that could
otherwise confound or mask policy effects. Understanding utilization patterns and their
predictors is essential for interpreting heterogeneity in policy impact and informing
adaptive implementation strategies.

5.3 Limitations

Limitations of this study include that the item response probabilities for the high and
occasional utilizers are just over 0.50 and only over 0.50 at 3-months, 6-months, and 9-
months for the high utilizers before dropping lower. This means that even though they have
a higher probability than not of reporting weekly or occasional use of an NPT service, that
the probability of being in a high or occasional utilizer class is not very strong. These labels

were chosen to describe the patterns broadly, but may not be the best descriptors. The
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lower probabilities could be due to either the survey construction or due to low reported
use of any NPT service.

The timing of the study relative to implementation of the OBNP policy is another
limitation. The OBNP policy was initiated two years prior and was deemed fully
implemented 6-months prior to study enrollment. The effects of policy implementation on
CCOs, clinics, CHWSs, and patients could have influenced patterns of and exposure to NPT
utilization before enrollment if use had begun prior to study enrollment. However, the study
attempted to control for this by requiring that all participants have a new episode of care
defined by a new diagnosis of back/neck pain near the time of enrollment to try to prevent
enrolling individuals who may have already had back/neck pain and been receiving NPT
treatmentin the year prior.

Another main limitation of the current study includes the construction of indicators of
the NPT utilization latent class model, which does not allow for the specific type of NPT
service or multiple NPT services to be accounted for when characterizing patterns of use.
To do so would have required multiple complex models and would have complicated
interpretation of patterns. Additionally, the item response options were collapsed such that
those who reported never utilizing and utilizing a service once were included in the same
category. This does not allow for a true characterization of a “never” utilization group
because there are some who reported using a service one time; however, the majority of
participants reported never using a service, so it is reasonable to interpret this class in this

way.

151



Additionally, the NPT baseline measure used in this study is not a true measure of
exposure to NPT services or pain levels before the qualifying back or neck pain diagnosis.
Rather, it was a measure of exposure and pain within a month of their new episode of care.
The study collected some data on NPT utilization up to 6 months prior to the new episode
of care; however, this question did not include other information about frequency of use
and whether the service was used for back/neck pain, a requirement for the NPT utilization
model in the current study.

The analysis and interpretation of results was also limited in the conclusions that can
be drawn from the social support for pain management measure. This was a single
measure that was not psychometrically validated to measure social support and did not
give explicit guidance to participants about what is meant by “social support for pain
management”. | have contextualized the findings in this dissertation within the Oregon
Back and Neck Pain policy, wraparound services that CCOs provided to individuals with
pain (e.g., in-house pain services, free NPT services), and the CCO 2.0 emphasis on helping
to address social needs. This contextualization is based on qualitative findings from the
main study and discussions with the parent study Pl; however, it is not possible to know
whether these are the elements participants were considering when they answered this
question in Oregon since this dissertation did not include qualitative data.

Finally, policy mechanisms that may have contributed to the findings were not
measured during the study. These include the role CHWSs played in helping individuals
navigate social needs in the community, other programs at CCOs that aided in addressing

social risks, and the variability of how NPT services or the referral processes were
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embedded within each CCO clinic. This would allow more nuanced understanding of how
the Oregon CCO model and the OBNP policy allowed for higher utilization among those
with lower socioeconomic resources and to it would help explain the social support
findings.

5.4 Future Directions

Future research should examine mechanisms through which social support,
provided by structural policy mechanism or at the individual level provided by caregivers
and family, modifies the effect of policy interventions on pain outcomes, including
qualitative studies of patient and provider perspectives. Comparative evaluations of
different state Medicaid policies, particularly those embedding NPT into value-based care,
can help identify best practices. Research should also explore interventions, such as
delivering services in medically underserved areas, developing strategies to increase
knowledge about NPT services, or testing ways to enhance provider-patient trust, to reduce
education- and race-based disparities in NPT access. Longitudinal studies beyond 12
months may reveal longer-term effects of NPT engagement. Finally, exploring the role of
care team integration, referral networks, and provider attitudes within policy environments
may help refine strategies for effective implementation of NPT policy reforms.

5.5 Conclusions

These findings suggest that Medicaid policies aiming to expand access to NPT
services should go beyond coverage alone. Integrating NPT services into delivery systems
via care coordination, community outreach, and payment models may enhance both
utilization and patient outcomes. Policies should also address social determinants of care
engagement by fostering environments where NPT is supported by providers, peers, and
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families. Embedding these therapies into value-based payment arrangements and
leveraging Medicaid managed care entities may be key pathways for broader impact.
Clinically, these results underscore the potential importance of screening for and
facilitating social support for pain management as part of routine care. Providers should be
trained to discuss nonpharmacologic options, refer to NPT providers within Medicaid
networks, and encourage shared decision-making that reflects patients' social context.
Risk stratification tools like STaRT Back may require revisiting to ensure they effectively
guide care pathways in diverse populations. Integrating community health workers or peer
support roles into chronic pain care teams may also enhance outcomes, especially for

those at lower educational or socioeconomic levels.
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6.0 Supplement 1

The analysis presented in Table S.1 was completed to understand what the
distribution of payment type was overall and across states for the highest frequency of
utilization (i.e., the variable that defines the latent class indicator at each time point) to
ensure that payment type was not biasing how the classes were defined. This addressed
concerns that a large proportion of participants may have self-paid for services and thus
may make drawing conclusions about policy effectiveness difficult.

Table S.1 shows the distribution of payment type for the highest frequency of
utilization at each timepoint among those with any NPT service use. At all timepoints for
both Oregon and California, the majority of participants reported that insurance paid for
their service use in full or in part. At all five timepoints, California participants reported
using services for free the same or slightly more than those in Oregon. At 12-months, the
proportion of Oregon participants who reported that they self-paid for a service increased
to 23%; at all other timepoints, the proportion in Oregon ranged from 11.5%-17% and the
proportion in California ranged from 15%-20%.

At nearly all timepoints in both states, the proportion of participants who said that
insurance covered at least part of their service was >70%. Additionally, the results show
that at all timepoints, except 12-months, Oregon participants reported insurance covering
their services at a higher rate than in California, something that makes sense given the
coverage of the OBNP policy.

Table S.1. Payment Type Among Those with Any NPT Service Use for Back Pain by State

CA OR Total
N (%) N (%) N (%)

Baseline
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Insurance Paid in 189 (71.1) 246 (78.6) 435 (75.1)

Full or Part

Free 25(9.4) 20 (6.4) 45 (7.8)

Self-pay 52 (19.6) 47 (15.0) 99 (17.1)
3-Months

Insurance Paid in 169 (72.8) 286 (82.0) 455 (78.3)

Full or Part

Free 28 (12.1) 23 (6.6) 51 (8.8)

Self-pay 35(15.1) 40 (11.5) 75 (12.9)
6-Months

Insurance Paid in 181 (75.4) 200 (76.1) 381 (75.8)

Full or Part

Free 23 (9.6) 18 (6.8) 41 (8.2)

Self-pay 36 (15.0) 45(17.1) 81 (16.1)
9-Months

Insurance Paid in 131 (66.2) 177 (70.2) 308 (68.4)

Full or Part

Free 32(16.2) 37 (14.7) 69 (15.3)

Self-pay 35(17.7) 38 (15.1) 73(16.2)
12-Months

Insurance Paid in 120 (70.6) 130 (63.4) 250 (66.7)

Full or Part

Free 23(13.5) 28 (13.7) 51 (13.6)

Self-pay 27 (15.88) 47 (22.9) 74 (19.7)

Table S.2 shows the number of NPT services reported at each timepoint overall and
by state. This analysis is supplementary and descriptive data to help readers have a better
understanding of all NPT data available versus what was used in construction of the latent
class indicators which does not take into account multiple service use, but only the highest
frequency of service use regardless of how many (or which) services were reported. At
nearly all timepoints, the majority of participants did not report using any NPT service,
except for Oregon participants at 3-months (43.3%). This aligns with the OBNP policy
implementation where the sample with a new episode of neck/back pain would have been
offered services/referrals to services early in the course of their episode of care for

back/neck pain. Among participants who used any service, the majority in both states used
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only one. Oregon participants were more likely to report using three or more services

compared to California which also may reflect the ability of Oregon participants to have

access to a broader range of covered NPT services under the OBNP policy. This was not a

central question of the dissertation, but rather is provided as descriptive data on the

frequency of number of NPT service types used to better inform the reader of the extant

data available on NPT service use.

Table S.2. Number of NPT Service Types' Used at Each Timepoint by State

CA OR Total
N (%) N (%) N (%)
Baseline
0 508 (63.2) 507 (57.4) 1015 (60.1)
1 125 (15.6) 163 (18.4) 288 (17.1)
2 83(10.3) 106 (12.0) 189(11.2)
3 54 (6.7) 67 (7.6) 121 (7.2)
4 22 (2.7) 24 (2.7) 46 (2.7)
5 8(1.0) 12 (1.4) 20(1.2)
6 4 (0.5) 4 (0.5) 8(0.5)
7 - 1(0.1) 1(0.1)
3-Months
0 348 (56.0) 299 (43.3) 647 (49.3)
1 117 (18.8) 157 (22.7) 274 (20.9)
2 81(13.0) 118 (17.1) 199 (15.2)
3 45 (7.3) 63 (9.1) 108 (8.2)
4 24 (3.9) 41 (5.9) 65 (5.0)
5 4(0.6) 9(1.3) 13(1.0)
6 2(0.3) 2(0.3) 4 (0.3)
7 - 2(0.3) 2(0.2)
6-Months
0 336 (52.3) 373 (54.1) 709 (53.3)
1 132 (20.6) 129 (18.7) 261 (19.6)
2 100 (15.6) 89(12.9) 189 (14.2)
3 48 (7.5) 69 (10.0) 117 (8.8)
4 21 (3.3) 18 (2.6) 39 (2.9)
5 4 (0.6) 9(1.3) 13(1.0)
6 - 2(0.3) 2(0.2)
7 1(0.2) - 1(0.1)
9-Months
0 362 (58.3) 386 (56.6) 748 (57.4)
1 117 (18.8) 131(19.2) 248 (19.0)
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2 86 (13.9) 83(12.2) 169 (13.0)
3 33 (5.3) 53(7.8) 86 (6.6)
4 12 (1.9) 17 (2.5) 29(2.2)
5 9(1.5) 7 (1.0) 16 (1.2)
6 2(0.3) 3(0.4) 5(0.4)

7 - 2(0.3) 2(0.2)

12-Months

0 366 (61.4) 421 (63.2) 787 (62.4)
1 97 (16.3) 101 (15.2) 198 (15.7)
2 95 (15.9) 81 (12.2) 176 (14.0)
3 25 (4.2) 37 (5.6) 62 (4.9)
4 7(1.2) 20 (3.0) 27 (2.1)
5 3(0.5) 4 (0.6) 7 (0.6)

6 3(0.5) 2(0.3) 5(0.4)

7

-

psychotherapy, yoga, massage, and physical or occupational therapy.

NPT service types includes acupuncture, chiropractic therapy, cognitive behavioral therapy, other
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