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ABSTRACT OF THE DISSERTATION

Effect of Care Coordination for Subpopulations

of High-Utilizing Medicaid Patients

Elaine Michelle Albertson
Doctor of Philosophy in Health Policy and Management
University of California, Los Angeles, 2022

Professor Nadereh Pourat, Chair

Background: Patients who use a large volume of health services, especially costly acute care, are
known as high utilizers. An increasing number of programs target high utilizers, with a goal of
improving health and reducing disproportionate use. These real-world programs often enroll
heterogeneous populations with varying health needs and utilization histories. To appropriately
evaluate programs that target high utilizers, there is a need to understand enrollee heterogeneity
and how program effects vary across subpopulations. Objectives: Using data from California
Whole Person Care (WPC), which provided cross-sector care coordination spanning health and
social services to high-utilizing Medicaid patients, I explored: (1) what health needs
characterized enrollee subpopulations, (2) what utilization trajectories prior to WPC enrollment
characterized enrollee subpopulations, and (3) what were differential program effects for classes

defined based on health needs and utilization. Methods: I used WPC enrollment data, and

i



Medicaid enrollment and claims. I used latent class analysis (LCA) to identify classes based on
health needs, and group-based trajectory modeling (GBTM) to identify classes based on pre-
enrollment utilization trajectories. I used difference-in-difference analysis to evaluate impacts of
care coordination across classes. Results: LCA identified five classes, the largest consisting of
enrollees with low overall needs (32.0%), high physical health needs (27.5%), and high
behavioral health needs (26.3%). GBTM identified two classes: “Moderate-to-High™ utilization
(18.6%), and “Low” utilization (81.4%). High behavioral health need was associated with high
utilization. Compared to program-assigned target populations, analysis classified more enrollees
as having high health needs, and fewer as high utilizers. When LCA and GMM classes were
cross-tabulated, all had significantly decreased adjusted rates of ED visits after WPC
participation, and all but one had decreased hospitalizations. Enrollees with high behavioral
health needs had significantly larger decreases in hospitalizations compared to several classes.
Implications: Governments and health care organizations should consider enrollee heterogeneity
when developing cross-sector care coordination or other interventions to reduce utilization.
Classification methods including LCA and GBTM can inform intervention tailoring and
evaluation. Though care coordination is promising for enrollees with many backgrounds,
programs should anticipate larger impacts for some subpopulations, and provide additional

resources or innovative strategies accordingly.
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L. INTRODUCTION
Motivation for this Dissertation, Main Analyses, and Significance

My research objective was to evaluate the effect of care coordination on subpopulations
of enrollees who had varying health needs and utilization trajectories prior to program
enrollment, using data from Whole Person Care (WPC), a Section 1115(a) Medicaid waiver
program in California. I extended beyond core WPC evaluation activities, which followed
program-defined target populations and did not include the analyses in this dissertation. |
identified distinct subpopulations of enrollees based on their health and utilization history prior
to WPC enrollment, described their characteristics, and evaluated the overall impact of care
coordination on utilization outcomes for different subpopulations.

Individuals who use a disproportionately high amount of health care services have
become the focus of efforts to reduce avoidable health spending and improve population health
in the United States (U.S.). Many health care systems have developed interventions to reduce
unnecessary utilization. However, unlike randomized controlled studies, most of these programs
are based on enrollment criteria selected by the program (e.g., a recent emergency department
visit, or homelessness) without randomization to intervention and control groups, and offer
providers discretion over who to enroll. These approaches to enrollment result in unknown
heterogeneity in health needs and utilization trajectories of enrolled patients, which poses
challenges to evaluating program impact. For example, program effects may be different for
multi-morbid enrollees with a single episode of hospitalization, compared to those with serious
mental health conditions and multiple episodes of high utilization prior to enrollment,

underscoring the importance of subgroup analysis stratified by enrollee subpopulation.



I identified distinct subpopulations among current and potential high utilizers enrolled in
WPC, which aimed to reduce inappropriate acute care use, and I explored whether care
coordination effects differed across subpopulations of high utilizers with different utilization
trajectories. Analysis consisted of mixture models, specifically latent class analysis (LCA) and
group-based trajectory modeling (GBTM)), to classify enrollees into subpopulations based on
their health needs, and on their utilization history prior to enrolling in the program. Classification
of enrollees into subpopulations was followed by a difference-in-difference analysis to evaluate
the effect of care coordination on acute care utilization (emergency and inpatient care) for
different subpopulations of enrollees. This analysis was conducted using the example of WPC, a
Medicaid care coordination program that aimed to reduce inappropriate utilization of emergency
and inpatient services. My study was significant because I demonstrated the importance of
considering how program enrollment goals may differ from the reality of who is enrolled, and
because I provided much-needed quantitative evidence regarding the effect of care coordination

on service use for current and potential high utilizers.

High Utilizers
Definition and Characteristics

Though definitions vary, high utilizers can be broadly described as patients with a history
of high use of health services. Most research on high utilizers defines high utilization as
disproportionate use of acute care services, such as emergency department and inpatient care,
during a given period. For example, analyses have used thresholds such as having three or more
hospitalizations in a year,'? three or more hospitalizations in a six-month period,? or at least one

hospital admission or at least two emergency department visits in a quarter.* Other analyses have



used more subjective thresholds specific to their study population, such as defining high utilizers
as those with a rate of emergency department use within the top 10% of all study enrollees.’ Less
commonly, some have treated high utilization as equivalent to having high health spending,
using thresholds such as exceeding $10,000 in annual health spending to identify “high
utilizers.”®

High utilizers are not always at high risk of adverse health outcomes, but there is a large
amount of overlap between high utilizing and high-risk populations. For example, compared to
the general patient population, high utilizers often have greater health needs including medical

comorbidities and chronic disease,'-%’

and behavioral health conditions including serious mental
illness and substance use disorder'” Additionally, compared to the general population high
utilizers often experience more social and economic challenges such as food insecurity,®

homelessness or unstable housing,'”# limited education,®® low income level or lack of

employment,-%3 childhood trauma,® and a history of criminal justice system involvement.’

Interventions to Address High Use

In the United States, high utilizers have become a focus of many health care
improvement initiatives due to rising health care costs and incentives for quality improvement
such as alternative payment models. Improving care for high utilizing patients has been
described as an “urgent priority” for humanitarian and financial reasons,'? and reducing
unnecessary acute care utilization has been described as “pivotal.”'! As a result, provider
organizations and insurers have developed myriad interventions that target high utilizers to

reduce avoidable utilization and improve health outcomes.'?



One systematic review of interventions to decrease use of acute care by high utilizers
identified care coordination as a key approach for addressing high use.!? Though many
definitions exist,'*~!° care coordination can be broadly defined as team-based linkage and
management of care across providers or settings, including information sharing and
accountability structures. care coordination has been implemented in a variety of settings to link
patients to medical care, behavioral health care, and social services.!?® Notably, because
profiles of high utilizers indicate that many have complex health and social needs, cross-sector
care coordination programs have emerged that link patients to social services that are not usually
provided in health care, such as housing, employment assistance, and other supports. Prior
research has evaluated the effect of coordinating health care and social services on utilization
outcomes, with mixed results.?!?22425.28 However, these evaluations have typically reported
effects for all enrollees together, rather than disaggregating by enrollee subpopulation. Lack of
subpopulation analysis may be due to relatively small enrollment in many of these programs,
which often consist of a few hundred enrollees or less. One study of care coordination across
health care and social services with a larger enrollee pool of over 19,000 patients included a
subgroup analysis focused on those with a history of high utilization, but provided limited
resolution on trajectories of utilization over time.? There remains a need to understand how care

coordination interventions affect subpopulations of enrollees.



The Whole Person Care Program: Coordinating Health Care and Social Services for High
Utilizers
Services and Implementation

The California Whole Person Care (WPC) program, administered by the state’s Medicaid
program known as “Medi-Cal,” provided an opportunity for a more granular understanding of
the effect of care coordination on subpopulations of high utilizers. Established in 2016, WPC is a
$3 billion statewide project supported by a Medicaid Section 1115(a) waiver from the Centers
for Medicare and Medicaid Services (CMS).*® As of March 2021, WPC had served 222,102
unique individuals.®' The program is administered as a collection of twenty-five county-based
pilot programs run by “lead entities,” typically city or county agencies. Each lead entity
facilitates collaboration between local governmental and community-based partner organizations
to strengthen and coordinate medical, behavioral health, and social services for enrollees.?°
Though all pilots are required to coordinate care across sectors, some provide additional
supportive services such as medical respite for enrollees who needed a place to recover after
care, employment assistance for enrollees with economic instability, and sobering centers to
divert enrollees experiencing an acute substance abuse episode from the emergency

department.*°

Target Populations and Enrollment

WPC aimed to reduce avoidable acute care utilization by enrolling “high-risk, high-
utilizing” Medi-Cal beneficiaries.>?> However, the twenty-five county-based pilots had a high
degree of latitude in identifying and enrolling patients. Approaches varied in two main ways

(Introduction Table 1). First, pilots used different enrollment strategies. These included referrals



from partner and non-partner organizations (80% of pilots), and use of administrative data to
identify prospective enrollees (44% of pilots).>3 Of those that used administrative data, one
primarily used predictive modeling to identify people who were at risk of future adverse events.
Second, pilots elected to focus enrollment on different WPC target populations, and were
permitted flexibility in how they defined these target populations. Per the requirements for
participating in WPC, pilots classified enrollees into six target populations that were defined by
the state: high utilizers, people experiencing homelessness, people at-risk of homelessness,
people with serious mental illness or substance use disorder, people with chronic physical
conditions, and people with a history of criminal justice system involvement. Thus, some pilots
enrolled people based on high utilization, either documented prior to enrollment or expected in
the future based on predictions, while other pilots enrolled people based on health or social
conditions such as experiences of homeless, criminal justice system involvement, or behavioral
health or medical diagnoses. Pilot definitions of who was a “high utilizer” were especially
variable, and an interim evaluation report found that enrollees in this WPC target population
actually had lower average acute care utilization prior to enrollment compared to enrollees
targeted for behavioral health conditions or experiencing homelessness.?* Though flexible
enrollment rules supported the implementation frameworks and needs of each pilot, they did not
systematically classify enrollee medical and social complexity or utilization patterns prior to

enrollment, creating unknown heterogeneity in the enrollee population.



Introduction Table 1. Enrollment strategy and target population by WPC Pilot county.

WPC Target Population(s)

SMI- AR-

WPC Pilot County Enrollment Strategy HU CPC SUD HM HM JI
Alameda —  Administratively Enrolled . .
Contra Costa —  Predictive Risk Modeling with Two Risk
Levels
Kemn —  Health Plan Administrative Data . . . .
—  Referrals
Kings —  Referrals-Based System i i
Los Angeles — Referrals . . . . . .
Marin —  Administrative Data . . .
—  Referrals
Mendocino — Referrals *
Monterey — Referrals .
—  Direct Outreach
Napa — Referrals . i
Orange —  Administrative Managed Care Data . .
—  Referrals
Placer — Referrals . i i o ° *
Riverside —  Screening at Probation *
Sacramento —  Direct Referrals . .
—  Outreach
San Bernardino —  Identified Via Administrative Data
(Medical Record, Health Department)
San Diego —  Referrals from Direct Service Partners . . .
San Francisco —  Administrative Data o
San Joaquin —  Referrals .
—  Health Plan Lists ' ) )
San Mateo —  Administrative Data .
—  Referrals
Santa Clara —  Referrals
—  Administrative Lists '
Santa Cruz —  Open Referral Process i .
Shasta — Referrals . i i ° *
Small Counties —  Referrals o
—  Targeted and Active Outreach ' ' )
Solano — Referrals
—  Administrative Data ' )
Sonoma — Referrals o * *
Ventura — Referrals

Administrative Data

Tabulated from interim evaluation report (Exhibit 15: Selection of Primary Target Population by WPC Pilot; Appendix M:

Care Coordination Case Studies).*?

Abbreviations refer to High Utilizers (HU); Chronic Physical Conditions (CPC); Serious Mental Illness/Substance Use

Disorder (SMI-SUD); Homeless (HM); At-Risk-of-Homelessness (AR-HM); Justice-Involved (JI).

« indicates inclusion of specific target population.



Evaluation

The California Department of Health Care Services (DHCS) contracted the state-level
evaluation of WPC to the UCLA Center for Health Policy Research (UCLA). This in-depth
evaluation was designed to address eleven questions related to program implementation and
sustainability, and impacts on quality of care, enrollee health, and cost of care.?* UCLA collected
information from multiple sources to inform the evaluation. Available data included: (1) claims
data for WPC enrollees and a control group spanning pre- and post-enrollment periods; (2)
qualitative interviews with program leadership and staff; (3) surveys of representatives of lead
entities and their partner organizations; and (4) documentation and reports created by the
program.

The interim WPC evaluation published in 2019 used a quasi-experimental approach to
examine the program’s effect on utilization across the six program-defined target populations
(Introduction Table 1).3* However, the evaluation did not include an empirical classification of
WPC enrollees based on health needs or utilization trajectories prior to enrollment, leaving a gap

in assessing how the program impacted different enrollee subpopulations.

Research Objective and Specific Aims
Aim 1. Understanding Characteristics of High Utilizers and Their Utilization Trajectories

First, I explored the health needs of current and potential high utilizers targeted by WPC,
and their trajectories of acute care utilization prior to WPC enrollment. The research questions
and hypotheses were:
e Research question 1: Are there distinct subpopulations of WPC enrollees who can be

identified based on medical and behavioral health conditions?



Hypothesis 1: There will be distinct subpopulations with different combinations of medical
and behavioral health conditions, because counties with WPC pilot programs each had
flexibility in modifying or adding enrollment criteria, and in classifying enrollees into the
program-defined WPC target populations. This flexibility led to unknown heterogeneity in
health conditions among those enrolled in WPC.

e Research question 2: Are there distinct longitudinal trajectories of acute care utilization
before WPC enrollment?
Hypothesis 2a: There will be distinct subpopulations who had different utilization
trajectories, including intermittent or persistent high utilization, prior to WPC enrollment.
This is because counties with WPC pilot programs did not always select enrollees based on
longitudinal utilization patterns, and may have focused more broadly on predicted high use,
or high use at certain time points prior to enrollment.
Hypothesis 2b: Subpopulations of high utilizers with high health needs will have higher and
more persistent levels of utilization prior to enrollment compared to subpopulations with
lower health needs. This is because those with more complex needs may have had difficulty
navigating the system on their own and required more care coordination services to address

root causes of utilization.

Aim 2. Effect of Care Coordination for High Utilizers with Varying Utilization Trajectories
For this aim, I evaluated the effect of care coordination on acute care utilization for
enrollees with different health needs and utilization trajectories prior to enrollment. This aim

addressed the following research question:



Research question 3: How will care coordination impact acute care utilization of WPC
enrollees with different health needs and utilization trajectories prior to enrollment?
Hypothesis 3a: Care coordination will have a smaller effect on the acute care utilization of
enrollees with high physical health needs, high behavioral health needs, or both. This is
because they may have conditions had that are difficult to resolve, and need more intensive
services beyond care coordination alone.

Hypothesis 3b: Care coordination will have a smaller effect on enrollees with persistent high
utilization prior to enrollment compared to enrollees with low utilization. This is because
they may have more severe conditions leading to frequent acute care utilization, or have low
health needs but more entrenched acute care utilization behaviors that made it difficult to

reduce service use through care coordination alone.
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II. IDENTIFYING SUBPOPULATIONS OF MEDICAID PATIENTS IN A CARE
COORDINATION INTERVENTION TARGETING HIGH UTILIZERS: A LATENT

CLASS ANALYSIS

Abstract

Background: Patients who use a large volume of health services, especially costly acute care,
are known as high utilizers. An increasing number of health care programs target current and
potential high utilizers to improve health and reduce disproportionate service use. However,
especially in large or statewide programs, enrollment criteria can be applied differently by
implementing organizations, leading to heterogeneity in the participating population, and
creating problems when interventions and evaluations do not address the experiences of
important subgroups. Identifying subpopulations can improve understanding of high utilizers and
facilitate valuable subgroup analysis. Objective: To understand the combination of health
indicators that characterize subpopulations of a large sample of Medicaid patients enrolled in a
complex, large-scale care coordination program that targeted current and potential high utilizers.
Methods: Adult patients who enrolled during the first two years of the program and who were
continuously enrolled in Medicaid for at least two years prior to program initiation were included
in a latent class analysis (LCA) (n = 73,186). Health indicators were constructed from claims
data, and consisted of pre-program chronic condition diagnoses categorized into nine clinically
relevant variables. A final model was selected based on goodness-of-fit statistics and
interpretability. Classes were described in terms of demographics, program target populations,
health conditions, and utilization. Results: An assessment of LCA output indicated a five-class

solution. The biggest class consisted of patients with low physical and behavioral health need
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(32%), who were enrolled because the intervention targeted both current and potential high
utilizers based on social and health factors beyond utilization history. Additional large classes
were high physical but low behavioral health need (28%), and low physical but high behavioral
need (26%). Implications: Interventions designed to reduce high utilization should focus on
those with different levels and types of need since those at lower levels of need may still be at
risk of high utilization. Understanding the health profiles of enrollees can clarify how enrollment
criteria are applied in practice, and has implications for how to treat and manage different

subpopulations.

Background

For decades, the United States has spent markedly more per capita on health care
compared to every other wealthy country, without achieving parity in population health
outcomes such as life expectancy.** Though high prices are an important driver of high costs,?
high utilization including the amount and intensity of services accounts for a notable portion of
health expenditure growth.’® With a goal of improving health, resulting in lower utilization and
therefore lower costs,'? health systems and insurers have developed interventions for patients
who use a disproportionate amount of costly care.'? These programs are most effective when
they first classify patients into types, so that program developers can create the best intervention
given the unique mix of conditions in the patient population, and can better evaluate program
impacts for different subpopulations.’”°

Prior studies that classified high utilizers provided valuable insights to inform the
development and provision of services. For example, one study identified five classes of patients

who had high inpatient admission rates in a safety net health system, and recommended specific
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types of services to support each class (e.g., homeless-oriented, gender-oriented, and substance
use-oriented services).*® Another identified seven classes of medically complex patients in a
large integrated health system, and suggested management strategies for each (e.g., coordinated
mental health and social services for patients in the “Psychiatric Illness” class).*! Additional
studies have provided similar examples of interventions that targeted patients based on identified
subpopulations. #4247

The analytic approach used to classify high utilizers can influence whether the resulting
classifications are useful for informing interventions. For example, one study used a machine
learning algorithm to identify 25 classes of high utilizing Medicaid patients, but provided no
clinical recommendations related to each class.*® Another classified a nationally representative
sample of Medicare beneficiaries, but concluded that heterogeneity of the population prevented
the resulting classifications from being clinically meaningful.*® These studies highlight the
importance of having a well-defined study aim for classification analysis, and identifying a
useful number of classes to interpret and translate findings into practice.*!47-50

Additionally, studies that focus on cost, rather than health conditions, to define high
utilizers may miss important aspects of this population such as what health factors drive the high
cost, and what classes emerge among lower-cost high utilizers. For example, one study classified
frequent users of a hospital’s emergency department into four classes (short-term, cardiac, long-
term, and minor care) with the aim of identifying opportunities for cost savings, but did not
deeply discuss the underlying health-related reasons for visits.’! In another cost-focused analysis,
one study selected patients with the top 1% of expenditures in a health system, and classified
them based on their clinical conditions.*® Because of the high cost of care for elderly and end-of-

life patients, the resulting sample was significantly older than the general health system
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population (mean age of 62 vs. 49 years old), and the analysis thus provided little insight into
younger subpopulations.

My study provided new insight into classes of current and potential high utilizers and
their potential intervention needs by classifying, based on their health status, Medicaid patients
enrolled in a large-scale care coordination program. The statewide California Whole Person Care
(WPC) program was established in 2016 under a Medicaid Section 1115(a) waiver from the
Centers for Medicare and Medicaid Services (CMS).3? As of March 2021, the program had
enrolled 222,102 unique individuals across 25 “lead entities” (typically led by county
agencies).’! Through a mix of strategies and services, the program coordinated medical,
behavioral health, and social services for Medicaid patients with complex needs.?° Key program
goals included reducing emergency department and inpatient use.>

Based on guidance from the state agency that administered WPC, lead entities focused on
enrolling people who met the criteria of six target populations: high utilizers, people
experiencing homeless, people at-risk of homelessness, people with serious mental illness or
substance use disorder, people with chronic physical conditions, and people with a history of
criminal justice system involvement.>* Some lead entities targeted only one of these groups,
while others targeted several or all of them. To accommodate regional differences, the state also
granted lead entities a high degree of flexibility in patient recruitment strategies and enrollment
criteria, resulting in heterogeneity within target populations. For example, though the Contra
Costa County WPC Pilot focused only on the “High Utilizers” WPC target population, they used
an algorithm to enroll patients based on risk of future high utilization, rather than prior utilization
alone, leading to potential discrepancies between the target population label and actual utilization

histories.* In the context of this complex real-world intervention, I used an empirical, data-
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driven classification method to explore whether there were distinct subgroups of WPC enrollees

who could be identified based on health conditions.

Methods
Study Sample

The study sample consisted of adults who enrolled in WPC in 2017 or 2018, and who had
been enrolled in the state’s Medicaid program for at least two years prior to enrollment in WPC
(Figure 1.1). When patients enrolled in WPC multiple times (e.g., with interim periods of
disenrollment) I used the first WPC enrollment date. To allow for small breaks in Medicaid
enrollment, I defined two years of prior Medicaid enrollment as consisting of 11 or more months
enrolled in Medicaid during the first year prior to WPC enrollment, and 11 or more months
enrolled in Medicaid during the second year prior to WPC enrollment. I excluded a small percent
of enrollees (<3%) because they lacked a Client Identification Number (CIN) and could not be
linked to Medicaid claims. Of the 106,820 adults who enrolled in 2017 or 2018 and had a CIN,
73,186 were enrolled in Medicaid for at least two years prior to enrollment (allowing for 1 month
disenrolled per year) and constituted the final analytic sample. The study sample contained
67.9% of the people who enrolled in WPC in 2017 or 2018 (n = 107,726), and 33.9% of the
overall WPC population who enrolled during the first four years of the program from 2017

through 2020 (n = 215,810).
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Figure 1.1 Flowchart of included and excluded enrollees.

All WPC Enrollees in 4
Years of Program
(N =215,810)

Excluded Because No
Client Identification
Number (CIN) for Linkage
to Claims
(N =5,172)

Had a CIN for Linkage to
Claims
(N =210,638)

Excluded because WPC
Enrollment Didn’t Start in
2017 or 2018
(N=102,912)

WPC Enroliment Started in

Excluded because Under

2017 or 2018 Age 18
(N =107,726) (N =906)
Excluded because Not
Age 18 and Over Enrolled in Medi-Cal for
(N = 106,820) Two Years Prior to WPC
(N =33,634)

Enrolled in Medi-Cal for
Two Years Prior to WPC
Enroliment
(At Least 11 Months During
the Year Directly Prior to
WPC Enroliment AND At
Least 11 Months During
the Year 2 Years Prior to
WPC Enrollment)
(N=73,186;
33.9% of Original N =
215,810)
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Latent Class Analysis

I used latent class analysis (LCA) to identify classes of WPC enrollees. Studies have used
both LCA and machine learning clustering algorithms such as k-means to identify enrollee
classes based on clinical and diagnostic indicators of health status.*%4!47-% Though machine
learning clustering algorithms have gained popularity, LCA remains a prevalent method of
patient classification.’? LCA offers benefits including goodness-of-fit statistics that are widely
used in frequentist statistics, such as the Akaike and Bayesian Information Criteria (AIC and
BIC), to aid in identification of the optimal number of classes (machine learning cluster analyses
often use data visualization or other iterative methods®3-#); class membership probabilities to
understand the certainty of class assignment; and freedom from needing to standardize variables
prior to analysis.>>>° I cleaned data and conducted descriptive analysis in RStudio Version
1.2.5003,% and conducted LCA in Mplus Version 7.%7

I identified enrollee classes based on the presence of chronic medical and behavioral
health conditions during the two years prior two WPC enrollment. For the WPC evaluation, 70
health condition indicators were constructed from Medicaid claims using code lists from the
Chronic Conditions Data Warehouse (CCW).*® Using literature review and expert input, I
collapsed the indicators into nine clinically meaningful and mutually exclusive categories
relevant to the context of the WPC program (Table 1.1). For each category, I classified each
enrollee as “1” if they had any condition in that category at any point during the two years prior
to WPC enrollment, and as “0” if they never had any of the conditions in that category during the
two years prior to WPC enrollment. I conducted sensitivity analysis to check robustness of

results to inclusion and exclusion of selected variables from the categories.
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I implemented the LCA for two to nine classes, progressively increasing the number of
random starting values to ensure that the best log likelihood value was replicated and the results
were stable.>® I obtained posterior probabilities of membership in each class, and assigned class
membership based on highest probability. I selected the final number of classes based on
goodness-of-fit statistics (AIC, BIC, and entropy), a threshold of at least 5% of the sample being

in the smallest class, and clinical relevance of the results.

Table 1.1. Mutually exclusive indicators used in LCA.

Indicator Included Conditions
1. Ambulatory Care-Sensitive Diabetes; Hyperlipidemia; Hypertension; Obesity
Conditions
2. Moderate-to-Severe Acute myocardial infarction; Atrial fibrillation; Heart failure; Ischemic
Cardiovascular Disease heart disease; Peripheral vascular disease; Stroke
3. Kidney or Liver Disease Liver disease; Chronic kidney disease (CKD); Viral hepatitis (A
through E)
4. Respiratory Disease Asthma; Chronic obstructive pulmonary disease (COPD)
5. Anxiety or Depression Anxiety disorders; Depression
6. Serious Mental Illness Bipolar disorder; Personality disorders; Schizophrenia and psychotic
disorders
7. Substance Use Disorder Alcohol use disorder; Drug use disorder
8. Other Complicating Cancer (colorectal, endometrial, breast, lung, and prostate); Leukemia
Conditions - High Acuity and lymphoma, HIV/AIDS; Traumatic brain injury; Spinal cord
injury; Spina bifida; Alzheimer’s disease and dementia; Cerebral
palsy; Cystic fibrosis; Multiple sclerosis; Muscular dystrophy;
Hip/pelvic fracture
9. Other Complicating Acquired hypothyroidism; Benign prostatic hyperplasia; Osteoporosis;
Conditions - Moderate-to- Arthritis; Fibromyalgia, chronic pain, and fatigue; Pressure and
Low Acuity chronic ulcers; Anemia; PTSD; ADHD; Epilepsy; Migraine and

chronic headache; Autism spectrum disorders; Intellectual disabilities;
Learning disabilities; Other developmental delays; Cataract;
Glaucoma; Blindness and visual impairment; Deafness and hearing
impairment; Mobility impairment; Tobacco use

Kidney and liver disease were combined into one category because they had notable overlap in the sample (29% of
those with liver disease or viral hepatitis also had CKD), and because these diseases both can result from substance use
disorder (SUD),®%¢! which was prevalent in this sample. Prevalence of conditions are provided in Appendix 1.5.

18



Characterization of Latent Health Needs Classes

I linked class membership to enrollee demographics and acute care utilization prior to
WPC enrollment to further characterize the resulting classes. I obtained enrollee demographics
from Medicaid enrollment data. These consisted of gender (female vs. male), age (17 and under,
18 to 34, 35 to 49, 50 to 64, or 65 and over), race and ethnicity (White, Black, Latinx, Asian or
Pacific Islander, American Indian or Alaska Native, or Other/Unknown), and preferred language
for communication (English, Spanish, or Other). Additionally, I constructed an indicator of
homelessness from WPC enrollment reports provided by program lead entities. I classified
enrollees as experiencing homelessness if they were ever classified as homeless in the reports
from the first two years of the program (2017 and 2018). I defined acute care utilization based on
the number of outpatient emergency department (ED) visits, followed by discharge, and inpatient
hospitalizations recorded in enrollee claims during the two years prior to WPC enrollment. Based
on definitions commonly used in the literature,%>-%* I defined ED super-utilizers as enrollees who
had an average of six or more ED outpatient visits (i.e., not leading to admission) per year during
the two years prior to WPC enrollment, and inpatient super-utilizers as enrollees who had an
average of four or more inpatient admissions per year during the two years prior to WPC

enrollment.

Results
Overall Sample Characteristics

The study sample consisted of 73,186 adults with an initial WPC enrollment date in 2017
or 2018, who had two years of Medicaid enrollment prior to WPC initiation (Table 1.2). This

included the 69% of the 106,820 total adults who enrolled in 2017 or 2018 who were also
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enrolled in Medi-Cal for at least two years prior to WPC (Figure 1.1). For the 19% of the sample
who had more than one enrollment in WPC, this analysis used only the first enrollment date. Just
over half of the sample consisted of male-identifying enrollees (51.6%) and Black and Latinx
enrollees (25.9% and 23.6%, respectively). Most of the sample preferred to speak English
(85.7%). A large proportion (38.9%) were classified by program staff as having experienced
homelessness in 2017 or 2018.

The sample used in this study significantly differed in almost all demographic and health
characteristics from the residual WPC enrollees, i.e., those who were not included in the analysis
due to lacking a CIN for linkage to claims, enrolling after 2018, being under age 18, or not
having two years of prior Medi-Cal enrollment. As examples, some of the most notable
demographic differences were that the study sample contained fewer enrollees who were
experiencing homelessness (38.9% vs. 45.9%), male (51.6% vs. 58.5%), aged 18 to 34 (26.2%
vs. 34.2%), and Latinx (23.6% vs. 28.8%). The study sample also had a higher proportion of
enrollees with each of the nine health condition indicators included in the LCA. Comparing the
study sample to residual WPC enrollees restricted to those who enrolled in 2017 or 2018 yielded

similar results (Appendix 1.1).
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Table 1.2. Demographics of the study sample and residual WPC enrollees not in the sample.

Characteristic Study Sample Residual Enrollees p-value
N 73,186 137,452
% Homeless 38.9 459 <0.001
% Male 51.6 58.5 <0.001
% by Age Group
17 and Under 0.0 2.7 <0.001
18to 34 26.2 34.2 <0.001
35t0 49 27.0 28.3 <0.001
50 to 64 379 27.7 <0.001
65 and Over 9.0 7.1 <0.001
% by Race
White 27.7 25.7 <0.001
Black 25.9 22.6 <0.001
Latinx 23.6 28.8 <0.001
API 5.6 6.6 <0.001
AIAN 0.7 0.6 0.052
Other/Unknown 16.4 15.7 <0.001
% by Language
English 85.7 84.8 <0.001
Spanish 9.1 9.8 <0.001
Other/Unknown 5.2 5.3 0.415
% by Health Condition
Ambulatory Care-Sensitive Conditions 51.6 34.7 <0.001
Moderate-to-Severe Cardiovascular Disease 16.8 10.4 <0.001
Kidney or Liver Disease 26.3 17.2 <0.001
Respiratory Disease 23.7 14.2 <0.001
Anxiety or Depression 46.7 33.7 <0.001
Serious Mental Illness 37.0 25.2 <0.001
Substance Use Disorder 37.4 29.7 <0.001
Other Complicating Conditions - High Acuity 11.7 7.4 <0.001
Other Complicating Conditions - Moderate-to-Low Acuity 64.3 454 <0.001

The study sample consisted of members of the overall WPC population who enrolled in 2017 or 2018, were age 18 and over,
and were enrolled in Medi-Cal for two years prior to WPC enrollment, allowing for one month disenrolled per year (n =
73,186). The residual enrollees not included in the sample consisted of those who enrolled after 2018, or who were under age
18 or enrolled in Medi-Cal for less than two years prior to WPC enrollment, allowing for one month disenrolled per year (n =
137,452).

p-values derived from two-sample two-tailed Z-tests of proportions. Abbreviations refer to Asian or Pacific Islander (API);
American Indian or Alaska Native (AIAN). Health conditions presented in this table consist of the nine model indicators used
in the LCA.
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Latent Class Model Selection

I selected the five-class model based on an assessment of goodness-of-fit statistics, class
sizes, and clinical interpretability of the resulting groups (Table 1.3). A six-class model also
provided clinically meaningful classes (Appendix 1.2), but I selected the five-class model due to
superior fit statistics. AIC and BIC continually decreased from two to nine classes, indicating
better fit with each additional class, but graphs indicated a point of diminishing returns after five
classes (Appendix 1.3). Entropy, a measure of how well classes are differentiated,® peaked at
five classes, though it remained below the standard threshold of >= 0.8 for all models. After five
classes, average probability of being assigned to each class (class assignment certainty) reduced
to low levels for some classes (Appendix 1.3). The smallest class of the five-class model
contained 4.0% of the sample (2,904 individuals), which I considered close enough to the pre-

selected cutoff of 5% for a class size.

Table 1.3. LCA goodness-of-fit statistics and proportion of sample in the smallest class for two

to nine classes.

Classes AIC BIC Entropy % of Sample in Smallest Class
2 742045.1 742220.0 0.570 47.6%
3 727396.0 727662.8 0.629 26.8%
4 722269.9 722628.7 0.609 9.7%
5 721192.0 721642.8 0.656 4.0%
6 720186.6 720729.4 0.613 5.6%
7 719608.7 720243.5 0.583 6.3%
8 719164.4 719891.3 0.581 6.1%
9 718874.0 719692.8 0.608 6.2%
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Latent Class Health Characteristics

The five latent classes had distinct health condition profiles (Figure 1.2). The first class,
“High Overall” (10.3% of the sample), had the highest prevalence of all physical and behavioral
health conditions except ambulatory care-sensitive conditions (diabetes, hyperlipidemia,
hypertension, or obesity), for which it had the second highest prevalence. The second class,
“High Physical Health” (27.5% of the sample), had the highest prevalence of ambulatory care-
sensitive conditions, moderate prevalence of other physical health conditions, and low
prevalence of behavioral health conditions. The third class, “Serious Mental Illness and
Substance Use Disorder (SMI and SUD)” (26.3% of the sample), had the second highest
prevalence of behavioral health conditions, and a low prevalence of physical health conditions.
The fourth class, “Substance Use Disorder with Complications (SUD with Complications)”
(4.0% of the sample), had a high prevalence of substance use disorder, the second highest
prevalence of kidney or liver disease and moderate-to-severe cardiovascular disease, and the
lowest prevalence of ambulatory care-sensitive conditions. The fifth class, “Low Overall”
(32.0% of the sample), had the lowest prevalence of nearly all physical and behavioral health
conditions.

The six-class model (Appendix 1.2) differed from the five-class model in its inclusion of
a class for “Ambulatory Care-Sensitive (ACS) without Serious Complications.” This class had a
high prevalence of other complicating factors of moderate-to-low acuity, and a moderate
prevalence of ambulatory care-sensitive conditions such as diabetes and hypertension. It
consisted mainly of enrollees who had been assigned to the “High Physical Health” and “Low
Overall” classes in the five-class model. However, this sixth class had a low certainty of class

assignment (Appendix 1.3), meaning that it may not represent a meaningful group of enrollees.
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Figure 1.2. Prevalence of health conditions by class in the five-class model.
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Health conditions presented in this figure consist of the nine model indicators used in the LCA: (1) Ambulatory-Care Sensitive
Conditions (ACS); (2) Moderate-to-Severe Cardiovascular Disease (Cardiovascular); (3) Kidney or Liver Disease
(Kidney/Liver); (4) Respiratory Disease (Respiratory); (5) Anxiety or Depression (Anx/Depress); (6) Serious Mental Illness
(SMI); (7) Substance Use Disorder (SUD); (8) Other Complicating Conditions - High Acuity (Other - Acute); (9) Other
Complicating Conditions - Moderate-to-Low Acuity (Other - Less Acute).
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Latent Class by Enrollee Utilization

Latent classes varied in acute care utilization prior to WPC enrollment (Figure 1.3). This
was expected because WPC permitted enrollment of both current high utilizers, and potential
high utilizers that pilots determined, through various methods, to be at-risk of avoidable acute
care use.>® The “High Overall” class contained the highest proportion qualifying as super-
utilizers of outpatient emergency department (ED) care, followed by discharge (38.2%); or
super-utilizers of inpatient care, operationalized as number of hospitalizations (16.6%). Despite
having high physical health needs, members of the “High Physical Health” class had the second
lowest proportion of ED super-utilizers (6.8%), and a low proportion of inpatient super-utilizers
(2.1%). The “SMI and SUD” class had the second highest proportion of enrollees meeting this
study’s definition of ED super-utilizer (13.8%), but a low proportion of inpatient super-utilizers
(2.1%). Compared to the “SMI and SUD” class, the “SUD with Complications” class had
slightly lower proportions of ED super-utilizers (9.6%) and inpatient super-utilizers (1.7%). The
“Low Overall” class had the lowest proportions of ED super-utilizers (1.4%) and inpatient super-

utilizers (0.1%).
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Figure 1.3. Utilization prior to WPC enrollment by class for the five-class model.

High Overall High Physical Health SMI and SUD
(10.3%) (27.5%) (26.3%)
ED Super-Utilizer - 38.2% ED Super-Utilizer I 6.8% ED Super-Utilizer I 13.8%
Inpatient Super- Inpatient Super- Inpatient Super-
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(4.0%) (32.0%)
ED Super-Utilizer I 9.6% ED Super-Utilizer 1.4%
Inpatient Super- Inpatient Super-
Utilizer ‘ 1.7% Utilizer 0.1%

ED Super-Utilizer: an average of 6 or more outpatient emergency department visits per year during the two years prior to WPC
enrollment, significantly different proportions across classes (Pearson’s y2 = 8925.1, df = 4, p-value < 0.001); Inpatient Super-
Utilizer: an average of 4 or more inpatient admissions per year during the two years prior to WPC enrollment, significantly
different proportions across classes (Pearson’s y2 = 5802.6, df = 4, p-value < 0.001).

Latent Class by Demographics

There was some variation in the demographics of the latent classes (Table 1.4).
Compared to the other classes, the “High Overall” class had the highest proportion of enrollees
classified as homeless (51.8%) and aged 50 to 64 (56.2%), and had the lowest proportion of
Latinx (18.8%) and Spanish-speaking (4.0%) enrollees. The “High Physical Health” class had
the highest proportion of enrollees aged 65 and over (17.0%), and who were identified as Latinx
(26.1%) or Spanish-speaking (14.7%). This class had the lowest proportion of enrollees
identified as homeless (31.5%), White (23.6%), or English-speaking (77.2%). The “SMI and
SUD?” class had the highest proportion of English-speaking enrollees (92.7%), the second highest
proportion of enrollees classified as homeless (46.6%), and the lowest proportion of patients

aged 65 and over (2.6%). The “SUD with Complications” class had the highest proportion of
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patients identified as White (35.9%) or male (60.9%), and the lowest proportion of patients
identified as Black or African American (22.0%). The “Low Overall” class had the lowest
proportion of patients identified as male (50.4%), and the highest proportion of patients

identified as aged 18 to 34 (40.0%), or Black or African American (27.5%).

Table 1.4. Demographics of the five classes.

Latent Class

High Physical SUD with
Characteristic High Overall Health SMI and SUD Complications Low Overall p-value
N 7,536 20,104 19,251 2,904 23,391
% of Sample 10.3 27.5 26.3 4.0 32.0
% Homeless 51.8 31.5 46.6 449 34.1 <0.001
% Male 54.9 50.5 51.6 60.9 50.4 <0.001
% by Age Group
18 to 34 10.7 8.8 34.8 18.4 40.0 <0.001
35to 49 25.7 20.7 329 271 27.8 <0.001
50 to 64 56.2 53.5 29.7 429 24.8 <0.001
65 and Over 7.4 17.0 2.6 11.5 7.4 <0.001
% by Race
White 34.6 23.6 31.9 35.9 24.5 <0.001
Black 26.7 249 25.5 22.0 27.5 <0.001
Latinx 18.8 26.1 21.1 20.1 25.6 <0.001
API 2.7 8.8 3.2 4.2 5.9 <0.001
AIAN 1.0 0.6 0.7 0.8 0.6 <0.001
Other/Unknown 16.2 15.9 17.6 17.1 15.9 <0.001
% by Language
English 92.5 77.2 92.7 88.7 84.8 <0.001
Spanish 4.0 14.7 4.0 7.0 10.2 <0.001
Other 3.6 8.0 3.2 4.3 5.0 <0.001

Pearson’s y2 test indicated significantly different proportions across classes for all demographics (p < 0.001). Abbreviations
refer to serious mental illness (SMI); substance use disorder (SUD); Asian or Pacific Islander (API); American Indian or
Alaska Native (AIAN).

Latent Class by WPC Target Populations

Latent classes had similarities and differences from the six WPC target populations
defined by program lead entities (Figure 1.4). For example, the chronic physical conditions target
population was most prevalent in the “High Overall” and the “High Physical Health” classes

(10.9% and 8.2%, respectively), which aligned with the high prevalence of physical health
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conditions in these classes. The SMI/SUD target population was most prevalent in the “High
Overall,” “SMI and SUD,” and “SUD with Complications” classes (19.9%, 14.9% , and 11.5%,
respectively), which aligned with the high prevalence of behavioral health conditions in these
classes. The justice-involved target population was also most prevalent in the “SMI and SUD”
class (9.0%), reflecting potential intersections between behavioral health and criminal justice
system involvement.

Examples of discrepancies included that the “High Physical Health” class had the highest
prevalence of the high utilizer WPC-defined target population (63.4%), even though this class
had the second lowest proportion of super-utilizers based on the definitions used in this study. By
contrast, the “High Overall” class had the second lowest prevalence of the high utilizer target
population (47.1%), even though it had the highest proportion of super-utilizers. This likely
reflects broad allowance for current and potential future high utilizers in the WPC high utilizer
target population. Additionally, in all classes most enrollees were in either the high utilizer target
population (44.9% to 63.4% of each class) or the homeless WPC target population (37.0% to
62.5% of each class), while few were in the WPC target populations based on health conditions

(chronic physical conditions, and SMI/SUD).
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Figure 1.4. WPC target population by class for the five-class model.
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Target populations presented in this figure consist of the six target populations defined by the WPC program: (1) High Utilizers;
(2) Chronic Physical Conditions (CPC); (3) Serious Mental Illness or Substance Use Disorder (SMI/SUD); (4) Homeless; (5) At-

Justice-Involved

I 6.5%

Risk of Homelessness (At-Risk of Hmls); (6) Justice-Involved.
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Discussion

I identified five distinct classes of enrollees in a large-scale care coordination Medicaid
demonstration program that aimed to reduce acute care utilization of Medicaid beneficiaries with
complex needs. Classes were separated by types of health conditions and comorbidities,
including the presence of ambulatory care-sensitive physical health conditions such as diabetes
and hypertension, more acute physical health conditions, behavioral health conditions, and other
complicating factors such as chronic pain and disabilities. Below I discuss the five classes I
identified, and their similarities and differences compared to subpopulations identified in other
analyses of high utilizing and medically complex populations.

First, in this analysis, I identified a small but notable class with “High Overall” health
need, both physical and behavioral (10% of the sample), which also had high rates of acute care
(ED and hospitalization) super-utilization. This finding was similar to other studies that
classified only a small proportion of patients as having high overall acuity. For example, studies
of high utilizers with complex health needs classified between 8% and 14% of patients as having
the highest medical acuity and most extreme acute care utilization compared to the rest of the
sample.*%414 Broader analyses of general patient populations, not restricted to high utilizers or
medically complex patients, have classified between 3% and 7% of patients as having high
overall need and high ED utilization.***:¢2 These patterns indicate that, even among populations
selected for high utilization and medical complexity, very high health need is relatively
uncommon.

Second, more unique to this study was the finding of a large “High Physical Health”
needs class of predominantly older adults with high prevalence of physical health conditions,

especially ambulatory care-sensitive conditions such as diabetes and hypertension (Figure 1.2);
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low prevalence of behavioral health conditions; moderate-to-low acute care utilization; and a
high proportion of Latinx and Spanish-speaking patients (28% of the sample). A similar class
was also identified in one other study of safety net patients.*? In other analyses, patients with
high physical but low behavioral health need were split across classes defined by specific types
of physical health conditions such as renal disease, cardiovascular disease, and cancer;*">° or
across classes defined by types of utilization due to the inclusion of utilization variables as
indicators in the classification models.****> The association between low behavioral health need
and a high proportion of Latinx patients in this class could arise from actual differences in health
conditions, or from confounding factors such as differences in culture, language, or access to
care by race and ethnicity.%

Third, the identification of an “SMI and SUD” class with high prevalence of mental
health and substance use disorder, low prevalence of physical health conditions, and somewhat
high ED and inpatient utilization (26% of the sample) was consistent with the WPC focus on
targeting behavioral health needs and providing related services,*® and was consistent with prior
literature. For example, other studies of high utilizers found classes with a high prevalence of
behavioral health conditions that also had high acute care utilization.**>!> Fourth, and more
novel, was the finding of a small “SUD with Complications” class with a high prevalence of
substance use disorder, low prevalence of mental health conditions, and high physical health
conditions including kidney and liver disease (4% of the sample). This class may reflect physical
complications that arise from substance use disorder, and is distinct from classes identified in
nearly all other studies of high utilizers. One study in a safety net health system identified a class
defined by alcohol use, homelessness, and physical health conditions including high rates of liver

disease (16% of the sample), which suggests that similar classes may exist in some contexts.*’
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Finally, the finding of the fifth large “Low Overall” class with low health need (32% of
the sample) was especially consistent with prior studies. Analyses of high utilizing and medically
complex populations have found large low-acuity classes, ranging from 28% to 33% of the study
sample.*14%0 Broader studies of general patient populations, not restricted to high utilizers, have
found low acuity classes comprising 28% to 58% of patients.*>*+47 In this analysis, the “Low
Overall” health needs class was disproportionately young, and had low acute care utilization
prior to enrollment in WPC. Given the variation in enrollment strategies across WPC, members
of this group were probably enrolled on the basis of social risk factors, rather than medical
complexity or utilization history. For example, the Riverside Pilot targeted enrollment only on
the basis of having a history of criminal justice system involvement,3* and had the largest
proportion of enrollees classified as “Low Overall” health needs in this sample (Appendix 1.4).

The discrepancies identified between the latent classes and the program-identified target
populations reflect the flexible target population definitions used in the WPC program. Lead
entities were required to classify enrollees into six target populations,*® but were not required to
adhere to any standardized definition of each target population. As a result, program-defined
target populations only partially reflected what needs enrollees had, and what services might best
address those needs. Latent class analysis based on health conditions provided useful
supplemental insight. Implications of identifying patient classes based on health need will be
discussed more broadly in the chapter of this dissertation that compares the program outcomes

for each class.
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Limitations

Though this study contributed a unique perspective on current and potential high utilizers
enrolled in a large Medicaid program, it also had limitations. First, this study used a non-random
sample of patients enrolled in an intervention, which contextualized findings in a real-world
program but also limited generalizability to other populations such as Medicare, or Medicaid as a
whole. Second, this study further restricted to adults who enrolled during the first two years of
WPC, and who had a full two years of Medicaid enrollment prior to WPC initiation (allowing for
one month per year unenrolled). Enrollees in the study sample had slightly different
demographics and a higher prevalence of health conditions compared to residual enrollees not
included in the sample. Results may thus be generalizable only to current and potential high
utilizers with stable Medicaid enrollment, and who were likely to be enrolled early on in a care
coordination program (e.g., those with the most acute needs). Third, the LCA relied only on
indicators of health conditions, and did not include as indicators other patient attributes such as
utilization or demographics. This decision ensured that classes were defined based on health
status rather than potential confounding factors such as age, but limited comparisons to other
studies that incorporated additional indicators when identifying latent classes. Finally, the LCA
used indicators constructed from claims data, representing diagnoses reported at encounters that
were billed to Medicaid. The indicators may under-represent some health conditions, and do not

fully capture differences in severity of disease.

Implications
My analyses indicated that interventions focused on reducing high utilization should

consider patients with different types of health needs, including those with high physical health
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needs, high behavioral health needs, or a combination of high physical and behavioral health
needs. However, those without complex conditions could also be enrolled to prevent future high
utilization. Evaluators and practitioners should leverage empirical classification methods such as
LCA to classify patients into meaningful and distinct clinical categories to design better
interventions and improve patient outcomes. Classification analyses can provide important
insights into how program impacts vary across subpopulations,®® as long as meaningful classes
are identified. When enrollment criteria are flexible, as in complex large-scale interventions such
as WPC, classification can clarify to what extent program-defined target populations are suitable
for use in analysis, and can allocate heterogeneous populations into groups based on acuity to

assist with targeting of resources.
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Appendices
Appendix 1.1. Comparison to residual sample limited to those who enrolled in 2017 or 2018.
Appendix 1.1. Table 1. Demographics of the study sample and residual WPC enrollees from

2017 and 2018.

Characteristic Study Sample Residual Enrollees p-value
N 73,186 34,540
% Homeless 38.9 53.1 <0.001
% Male 51.6 65.8 <0.001
% by Age Group
17 and Under 0.0 2.6 <0.001
18to 34 26.2 35.8 <0.001
35t0 49 27.0 30.7 <0.001
50 to 64 379 26.5 <0.001
65 and Over 9.0 43 <0.001
% by Race
White 27.7 28.7 0.002
Black 25.9 24.3 <0.001
Latinx 23.6 25.6 <0.001
API 5.6 4.3 <0.001
AIAN 0.7 0.7 0.944
Other/Unknown 16.4 16.4 0.688
% by Language
English 85.7 90.8 <0.001
Spanish 9.1 7.2 <0.001
Other/Unknown 5.2 2.0 <0.001
% by Health Condition
Ambulatory Care-Sensitive Conditions 51.6 26.7 <0.001
Moderate-to-Severe Cardiovascular Disease 16.8 7.9 <0.001
Kidney or Liver Disease 26.3 13.5 <0.001
Respiratory Disease 23.7 11.9 <0.001
Anxiety or Depression 46.7 30.6 <0.001
Serious Mental Illness 37.0 26.8 <0.001
Substance Use Disorder 37.4 30.1 <0.001
Other Complicating Conditions - High Acuity 11.7 6.4 <0.001
Other Complicating Conditions - Moderate-to-Low Acuity 64.3 38.4 <0.001

The study sample consisted of members of the overall WPC population who enrolled in 2017 or 2018, were age 18 and over,
and were enrolled in Medi-Cal for two years prior to WPC enrollment, allowing for one month disenrolled per year (n =
73,186). The residual enrollees not included in the sample consisted of those who enrolled in 2017 or 2018, and who were
under age 18 or enrolled in Medi-Cal for less than two years prior to WPC enrollment, allowing for one month disenrolled per
year (n = 34,540).

p-values derived from two-sample two-tailed Z-tests of proportions. Abbreviations refer to Asian or Pacific Islander (API);

American Indian or Alaska Native (AIAN). Health conditions presented in this table consist of the nine model indicators used
in the LCA.
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Appendix 1.2. Results of six-class model.

Appendix 1.2. Table 1. Demographics of the six classes

Latent Class

High  ACS with Serious  ACS without Serious SMI and SUD with Low
Characteristic Overall Complications Complications SUD Complications Overall p-value
N 7,405 14,273 12,461 18,605 4,072 16,370
% of Sample 10.1 19.5 17.0 25.4 5.6 22.4
% Homeless 51.9 34.9 25.9 46.5 48.1 35.7 <0.001
% Male 53.7 56.9 37.5 52.6 62.4 52.9 <0.001
% by Age Group
18 to 34 11.1 6.8 26.4 35.1 24.3 40.0 <0.001
35 to 49 25.9 19.6 26.2 33.1 29.9 26.8 <0.001
50 to 64 55.6 55.8 36.5 29.2 385 25.1 <0.001
65 and Over 7.3 17.9 10.9 2.6 7.2 8.0 <0.001
% by Race
White 35.1 24.5 24.2 31.4 37.3 23.2 <0.001
Black 26.9 24.6 25.1 26.0 22.5 28.1 <0.001
Latinx 18.4 25.9 26.2 20.8 20.4 26.2 <0.001
API 2.6 8.7 7.5 3.3 3.2 6.0 <0.001
AIAN 1.0 0.7 0.6 0.7 0.9 0.5 <0.001
Other/Unknown 16.0 15.7 16.3 17.8 15.8 15.9 <0.001
% by Language
English 92.8 78.4 78.7 92.7 91.3 85.1 <0.001
Spanish 3.7 14.1 14.1 3.9 5.7 10.0 <0.001
Other 4.9 6.7 35 7.6 3.0 3.7 <0.001

Pearson’s y2 test indicated significantly different proportions across classes for all demographics (p < 0.001). Abbreviations
refer to ambulatory care-sensitive conditions (ACS); serious mental illness (SMI); substance use disorder (SUD); Asian or

Pacific Islander (API); American Indian or Alaska Native (AIAN).
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Appendix 1.2. Figure 1. Prevalence of health conditions by class for the six-class model.
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Health conditions presented in this figure consist of the nine model indicators used in the LCA: (1) Ambulatory-Care Sensitive
Conditions (ACS); (2) Moderate-to-Severe Cardiovascular Disease (Cardiovascular); (3) Kidney or Liver Disease
(Kidney/Liver); (4) Respiratory Disease (Respiratory); (5) Anxiety or Depression (Anx/Depress); (6) Serious Mental Illness
(SMI); (7) Substance Use Disorder (SUD); (8) Other Complicating Conditions - High Acuity (Other - Acute); (9) Other
Complicating Conditions - Moderate-to-Low Acuity (Other - Less Acute).
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Appendix 1.2 Figure 2. Utilization by class for the six-class model.
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ED Super-Utilizer: an average of 6 or more outpatient emergency department visits per year during the two years prior to WPC
enrollment, significantly different proportions across classes (Pearson’s y2 = 8809.8, df = 4, p-value < 0.001); Inpatient Super-
Utilizer: an average of 4 or more inpatient admissions per year during the two years prior to WPC enrollment, significantly
different proportions across classes (Pearson’s y2 = 5626.6, df = 4, p-value < 0.001).
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Appendix 1.2. Figure 3. WPC target population by class for the six-class model.
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Target populations presented in this figure consist of the six target populations defined by the WPC program: (1) High Utilizers;
(2) Chronic Physical Conditions (CPC); (3) Serious Mental Illness or Substance Use Disorder (SMI/SUD); (4) Homeless; (5) At-
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Appendix 1.3. Comparison of five-class and six-class model results.
Appendix 1.3. Table 1. Average probability of assignment to each class, among those who were

assigned to it.

Average Probability of Class Members Being

Assigned to This Class
Class Label 5-Class Model 6-Class Model

High Overall 0.76 0.77
High Physical Health 0.79 -

ACS without Serious Complications - 0.52
ACS with Serious Complications - 0.84
SMI and SUD 0.75 0.73
SUD with Complications 0.74 0.66
Low Overall 0.80 0.80

This table indicates that the new class that emerged in the six-class model (“ACS without Serious Complications”) had a
low certainty of class assignment (0.52).

Average probability of assignment to each class was taken from the diagonal elements of the posterior probability
matrix. Values closer to 1 indicate that people assigned to Class k had a high probability of being in Class k relative to
their probabilities of being in other classes (i.e., high certainty of class assignment). Values of 0.8 and above are
considered indicators of good class assignment.67
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Appendix 1.3. Table 2. Percent of each class in the five-class model that was assigned to each

class in the six-class model.

Percent Assigned to Each Class in Six-Class Model

ACS with ACS without SMI
High Serious Serious and SUD with Low
Class in Five-Class Model Overall Complications Complications SUD Complications Overall Row Total
High Overall 94.9 4.5 0.0 0.6 0.0 0.0 100.0
High Physical Health 0.0 69.6 30.4 0.0 0.0 0.0 100.0
SMI and SUD 1.2 0.0 2.7 93.5 2.5 0.0 100.0
SUD with Complications 0.2 0.0 10.8 0.4 88.6 0.1 100.0
Low Overall 0.0 0.0 23.5 2.1 4.5 70.0 100.0

The new class that emerged in the six-class model (“ACS without Serious Complications”) mostly included enrollees from two
classes from the five-class model: ‘High Physical Health’, and ‘Low Overall’. Abbreviations refer to ambulatory care-sensitive
conditions (ACS); serious mental illness (SMI); substance use disorder (SUD).

Appendix 1.3. Table 3. Percent of each class in the six-class model that was assigned to each

class in the five-class model.

Percent Assigned to Each Class in Five-Class Model

High High Physical SUD with
Class in Six-Class Model Overall Health SMI and SUD Complications Low Overall Row Total

High Overall 96.7 0.0 3.2 0.1 0.0 100.0
ACS with Serious 2.3 97.7 0.0 0.0 0.0 100.0
Complications

ACS without Serious 0.0 488 42 25 445 100.0
Complications

SMI and SUD 0.2 0.0 97.0 0.1 2.7 100.0
SUD with Complications 0.0 0.0 11.7 62.6 25.8 100.0
Low Overall 0.0 0.0 0.0 0.0 100.0 100.0

The new class that emerged in the six-class model (“ACS without Serious Complications”) mostly included enrollees from two
classes from the five-class model: ‘High Physical Health’, and ‘Low Overall’. Abbreviations refer to ambulatory care-sensitive
conditions (ACS); serious mental illness (SMI); substance use disorder (SUD).
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Appendix 1.3. Figure 1. Visualization of AIC and BIC for two to nine classes.
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As is common in LCA,% AIC and BIC continued to decrease as number of classes increased, so there was no global minimum to
use as an indicator of model fit. In this situation, a plot of AIC or BIC can be inspected to identify an “elbow” that indicates

diminishing returns in model fit as the number of classes increases.®> The plot for this analysis had an “elbow” around four to five
classes, indicating that more than five classes resulted in diminishing returns in improving fit.
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Appendix 1.4. Enrollee health needs classes by WPC Pilot county for study sample.

Appendix 1.4. Table 1. Percent of WPC Pilot county enrollees by health needs classes for study

sample.
Percent of Enrollees in Sample by Health Needs Classes
Number of High
Enrollees in High Physical SMI and SUD with Low
WPC Pilot County Sample Overall Health SUD Complications Overall Total
Alameda 7,101 12.9 25.1 33.8 4.6 23.7 100.0
Contra Costa 23,805 3.8 34.7 15.0 3.8 42.8 100.0
Kern 410 * * * * 38.3 100.0
Kings 165 * * * * 27.9 100.0
Los Angeles 19,820 14.3 22.7 33.6 2.7 26.7 100.0
Marin 470 * * * * 24.9 100.0
Mendocino 224 * * * * 10.7 100.0
Monterey 92 * * * * * 100.0
Napa 206 * * * * 22.8 100.0
Orange 4,238 12.1 23.6 28.5 3.6 323 100.0
Placer 188 * * * * 22.3 100.0
Riverside 1,139 4.0 9.9 26.4 3.9 55.8 100.0
Sacramento 611 18.7 26.7 21.6 7.4 25.7 100.0
San Bernardino 573 * * * * 12.2 100.0
San Diego 188 * * * * * 100.0
San Francisco 6,677 9.4 16.8 31.7 7.4 34.8 100.0
San Joaquin 667 22.5 26.2 32.1 4.8 14.4 100.0
San Mateo 2,325 12.5 39.1 23.9 3.9 20.7 100.0
Santa Clara 2,444 12.5 41.2 24.0 4.8 17.6 100.0
Santa Cruz 342 * * * * 8.5 100.0
Shasta 179 * * * * * 100.0
Small Counties 55 * * * * * 100.0
Solano 127 * * * * * 100.0
Sonoma 344 * * * * 16.6 100.0
Ventura 796 18.2 32.7 29.9 4.4 14.8 100.0

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD).

* indicates suppressed due to small sample size to protect confidentiality.
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Appendix 1.5. Prevalence of specific health conditions in the study sample.

Appendix 1.5. Table 1. Prevalence of specific health conditions in the study sample, by LCA

44

indicator.

Indicator Condition % with Condition
Ambulatory Care-Sensitive Diabetes 20.0
Conditions Hypetlipidemia 15.3

Hypertension 37.2
Obesity 13.8
Moderate-to-Severe Acute myocardial infarction 2.1
Cardiovascular Disease Atrial fibrillation 2.8
Heart failure 6.6
Ischemic heart disease 7.6
Stroke 4.6
Peripheral vascular disease 3.6
Kidney or Liver Disease Chronic kidney disease 16.5
Liver disease 8.4
Viral hepatitis (A through E) 7.6
Respiratory Disease Asthma 14.1
Chronic Obstructive Pulmonary Disease (COPD) 14.3
Anxiety or Depression Anxiety 29.6
Depression 354
Serious Mental Illness Bipolar disorder 21.2
Personality disorders 4.5
Schizophrenia and psychotic disorders 27.8
Substance Use Disorder Alcohol use disorder 18.8
Drug use disorder 28.0
Other Complicating Conditions -  Alzheimer’s disease and dementia 2.6
High Acuity Cancer, breast 0.8
Cancer, colorectal 0.5
Cancer, endometrial 0.2
Cancer, lung 0.3
Cancer, prostate 0.4
Hip/pelvic fracture 0.9
Cerebral palsy 0.2
Cystic fibrosis 0.5
HIV/AIDS 34
Leukemia and lymphoma 0.5
Multiple sclerosis 0.4
Muscular dystrophy 0.1
Spina bifida 0.2
Spinal cord injury 1.1
Traumatic brain injury 0.9



Indicator

Condition

% with Condition

9.

Other Complicating Conditions -
Moderate-to-Low Acuity

Acquired hypothyroidism
Anemia

Benign prostatic hyperplasia
Cataract

Glaucoma

Osteoporosis

Arthritis

ADHD

Autism spectrum disorders
Epilepsy

Fibromyalgia, chronic pain, and fatigue
Intellectual disabilities

Learning disabilities

Migraine and chronic headache
Mobility impairment

Other developmental delays
Pressure and chronic ulcers
PTSD

Blindness and visual impairment
Deafness and hearing impairment
Tobacco use

5.1
15.1
2.5
6.2
3.9
1.1
16.9
3.9
0.3
52
24.0
1.4
0.3
7.4
23
0.4
4.5
7.5
0.3
23
18.6
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III. LATENT TRAJECTORIES OF ACUTE CARE UTILIZATION AND

INTERSECTIONS WITH HEALTH NEEDS IN A MEDICAID POPULATION

Abstract

Background: Interest has grown in reducing the acute care utilization of high utilizers who
frequent the emergency department (ED) and have high rates of hospitalizations. Interventions
that target high utilizers are effective when they impact patterns and drivers of high utilization.
Objective: To understand the acute care utilization patterns of adults prior to enrollment in a
large Medicaid care coordination demonstration program, and to describe associations between
patient health needs and utilization patterns. Methods: Group-based trajectory modeling
(GBTM) was used to classify 73,186 enrollees based on trajectory of outpatient ED visits and
hospitalizations during the eight quarters prior to enrollment in the program. Classes were
characterized by demographics, persistence of high utilization over consecutive quarters, and
health needs (defined in a prior cross-sectional latent class analysis). Results: GBTM indicated a
two-class model: “Moderate-to-High” utilization (18.6%, mean of 2.2 ED and 0.5
hospitalizations per quarter) and “Low” utilization” (81.4%, mean of 0.3 ED and < 0.1
hospitalizations per quarter). Both classes had an increasing trend in ED and hospitalizations,
though they differed in amount of growth, persistence of high utilization, and health conditions
representing physical and behavioral health needs. In the “Moderate-to-High” class, 94% of
enrollees had high physical health needs, behavioral health needs, or both, and in the “Low”
class, 62% of enrollees had high physical or behavioral health needs. Implications: Depending
on enrollment criteria, interventions that target high utilizers may enroll people with a

documented history of high utilization, as well as people with a high predicted risk of future high
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utilization, leading to heterogeneity in enrollee utilization history prior to enrollment.
Understanding patterns and drivers of high utilization, such as the association between health
needs and high utilization observed in this study, is important in implementation and evaluation

of interventions that target high utilizers of care.

Background

Patients who use large amounts of acute care have become the target of many
interventions to improve health outcomes and reduce avoidable expenditure.'? To inform
tailoring of interventions, studies have identified heterogeneous classes of high utilizers based on
demographics, diagnoses, and utilization patterns.>!->%-62:41:404 T ongitudinal variation in
utilization has emerged as a particularly important consideration, with evidence indicating that
only small proportions of patients have persistent high use over time.>*%*~"! However, prior
analyses that classified high utilizers either treated utilization as cross-sectional,*!->:%2 or used
utilization in post hoc longitudinal analyses of classes that were identified through a cross-
sectional approach.* To better understand high utilizers and inform interventions, there is a need
to identify classes of patients based on their longitudinal utilization patterns.

Longitudinal classification approaches have been widely used in the health and
behavioral sciences to identify distinct clinical and developmental trajectories in heterogeneous
populations.”7 Studies have classified patients based on longitudinal trajectories of health

78-84 medication adherence,®®7 and cost of care.’33 Almost absent from

status and symptoms,
this literature, however, is classification of patients based on utilization trajectories over time.

One analysis classified high-risk patients based on longitudinal risk scores that reflected their

probability of hospitalization, but did not model actual acute care utilization.”* Two additional
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studies classified patients based on trajectories of acute care utilization, but relied on relatively
small samples in specific contexts (geriatric care and chronic kidney disease).”>°¢ Similar
analyses in broader populations are lacking. Furthermore, though cost of care and utilization can
be correlated, studies that classified patients based on longitudinal cost trajectories resulted in

89.90,92.93 There remains a

classes that were highly influenced by the high cost of end-of-life care.
need for analyses of utilization trajectories that are not confounded by cost.

Additionally, it is unclear whether certain health conditions are associated with different
trajectories of acute care use. Compared to the general population, high utilizers often have high

physical health needs, such as chronic medical conditions, %’

and high behavioral health needs,
such as serious mental illness and substance use disorder.!” One study of a nationally
representative sample found that patients with persistent high utilization had more physical
comorbidities and greater mental stress compared to patients with low or one-time high
utilization.® In another study, patients experiencing homelessness with behavioral health
conditions had persistent high use of acute care over time.* Further research is needed to confirm
if associations between comorbidities and longitudinal trajectories of acute care use exist in
additional populations, and to understand if there are unexpected populations that may have
implications for program planning and evaluation, such as those with low comorbidity and high
utilization, or high comorbidity and low utilization.

The study that I present in this chapter addressed two gaps in the literature related to high
utilizers. First, I contributed new understanding of longitudinal trajectories of acute care
utilization in a large sample of Medicaid patients. Second, I compared the results of this

longitudinal classification with the results of a latent class analysis (described in Chapter 2) to

understand intersections of acute care utilization and health needs. I conducted this analysis
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using data from Whole Person Care (WPC), a large Medicaid demonstration program in

California. The WPC program is described in the Introduction and in Chapter 2.

Methods
Study Sample

The study sample consisted of 73,186 adults who enrolled in WPC in 2017 or 2018. I
described details of the sample in Chapter 2. I included only those who had a full two years of
Medicaid enrollment prior to WPC, allowing for one month of disenrollment per year, which

happens frequently during the renewal period.

Latent Trajectory Analysis

In this analysis, I modeled acute care utilization using two longitudinal observed
variables: number of outpatient emergency department (ED) visits, that did not lead to
admission, per quarter; and number of hospitalizations per quarter. I generated these variables by
setting the date eight quarters before each enrollee’s first WPC enrollment date as their time
zero, and counting the number of ED and hospitalizations in each quarter starting from that date.
To avoid capturing the effect of the intervention, I limited the analysis to the eight quarters prior
to each enrollee’s first date of WPC enrollment.

I used group-based trajectory modeling (GBTM), also known as latent class growth
analysis,”” to identify heterogeneous latent classes of WPC enrollees based on trajectories of
acute care utilization. GBTM is a subtype of growth mixture modeling (GMM)*%-1°! that assumes
no within-class variance of intercepts or slopes. I selected GBTM over GMM for several reasons.

First, GBTM has been frequently used in studies that classified patients based on longitudinal
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trajectories of health care utilization®>® and health care cost.®®°? Second, GBTM is consistent
with the theoretical assumption that there is, in reality, a continuous distribution of various
trajectories throughout the study sample, rather than literal distinct groups of patients with
completely separate trajectories.”®’” Third, GBTM is a simplified version of GMM, and
therefore is often preferred in practice over GMM because it is less susceptible to errors and
convergence issues.””” Important considerations when developing any GMM analysis, including
GBTM, include whether and how to allow for nonlinear growth,'%>!193 whether the distribution of
the longitudinal observed variable violates assumptions of normality,'* and whether multiple
variables should be modeled jointly as “parallel processes.”'% I conducted analysis in three steps
to address these considerations.

In the first step, as recommended in the literature,”'% I implemented ordinary single-
class growth models, i.e., random effects regression models, separately for ED and
hospitalizations. Based on the results of the growth models, I assessed the potential fit of non-
normal distributions for these skewed count data. Based on model dispersion parameters and
exploratory analysis that showed that observed variances exceeded the means (Appendix 2.1), |
proceeded with a negative binomial distribution to allow for flexibility from the equidispersion
assumptions of the Poisson distribution.!?” I decided to use a flexible “latent basis” approach to
address nonlinearity, which allowed the slope to vary between each time point, thus freeing the
class trajectories from assumptions of a specific functional form such as quadratic or cubic

growth.!03

In the second step, I implemented GBTMs with two to four classes separately for ED
and hospitalizations, using latent basis models with a negative binomial distribution. I fixed

slope and intercept variances at zero to define the models as GBTMSs.”>%7 In the third step, I

implemented parallel process GBTMs with two to four classes that defined classes based on a
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combination of ED and hospitalizations together. These models each generated one latent class
variable that accounted for trends in both ED and hospitalizations, rather than separate latent
class variables for ED and hospitalizations. I assigned patients to classes based on their highest
posterior probability of class membership and described class characteristics. Additionally, as a
sensitivity analysis I reran the LCA from Chapter 2 using probability of utilization trajectory
class membership as a distal outcome, to estimate the statistical significance of the associations
between health and utilization classes while retaining the original results of the LCA. I

implemented all models in Mplus Version 7.5

Characterization of Latent Trajectory Classes

I assessed utilization trajectory latent class demographics and health conditions,
described in detail in Chapter 2. Additionally, I analyzed associations between the resulting
latent trajectory classes and persistent high utilization. I examined persistence as a characteristic
of the trajectory classes, not as a label for the classes themselves, because the trajectories that
defined the classes consisted of the average levels and slopes for each class and did not
specifically reflect the average persistence or quarters in a row that enrollees had high utilization.
I defined persistent high utilization based on a similar latent class analysis of high-utilizing
patients experiencing homelessness.* That study defined super-utilizers as those with at least one
hospitalization or at least two ED visits per quarter, and found significant differences between
transitory and persistent super-utilizers when using a threshold of three or more quarters to
classify patients as persistently high. Based on that analysis, I defined persistent high utilization
as having at least one hospitalization or at least two outpatient ED visits for three or more

consecutive quarters.
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Results
Ordinary Growth Models

Ordinary growth models that fit one trajectory for the overall sample, without identifying
subpopulations, indicated low but increasing ED and hospitalizations on average during the eight
quarters prior to WPC enrollment. Enrollees had zero events in a large proportion of quarters
(Appendix 2.1). However, I still proceeded with an ordinary negative binomial distribution
instead of a zero-inflated distribution because the unadjusted GBTM did not contain meaningful
predictors to include in the inflate equation to predict a value of zero; and because challenges
arose related to achieving model convergence when an inflate equation was added. Though
trends appeared linear (Figure 2.1), I proceeded with the latent basis approach allowing
flexibility in slope between each quarter, rather than imposing a functional form such as linear or
quadratic growth, to capture idiosyncrasies and variation in longitudinal patterns between
classes.

Enrollees had overall mean ED over the eight quarters of 0.64 visits per enrollee per
quarter, and ED rose from 0.55 visits to 0.76 visits per quarter during the study period, a 39.2%
increase. Enrollees had overall mean hospitalizations of 0.13 per quarter, and hospitalizations
rose from 0.11 to 0.19 hospitalizations per quarter during the study period, a 68.6% increase.
These averages were less than commonly used thresholds for high utilization, such as six or more
ED visits per year, or four or more hospitalizations per year.%>%* Approximately 12% of the

overall sample had persistent high utilization (Appendix 2.1).
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Figure 2.1. Mean ED (left) and hospitalizations (right) per quarter in the overall study sample.
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Parallel Process GBTM

Table 2.1 shows AIC, BIC and entropy, which are commonly used fit statistics that I
evaluated to decide between two-, three-, or four-class parallel process models. Lower AIC and
BIC values are favorable and indicate better model fit when comparing two models, and higher
entropy values closer to one are favorable and indicate clearer delineation of the latent classes.
Table 2.1 results indicated that a two-class or three-class model was preferred. I selected the two-
class model because it resulted in higher entropy and certainty of class assignment. The two-
class model also provided a large enough sample size in the smallest class to permit meaningful
comparisons when comparing health characteristics between classes. Though the three-class
model had lower entropy, it also had lower AIC and BIC indicating better model fit based on
those statistics, and I included it in Appendix 2.3 for comparison. The three-class model
identified a notable class of “High” utilizers with the most extreme utilization (5.5% of the
sample), but the small size of this class posed challenges to meaningful comparisons with health

characteristics classes.
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Table 2.1. Goodness-of-fit statistics for parallel process GBTMs of ED with hospitalization (IP)

with two to four classes.

Outcome Classes AIC BIC Entropy % of Sample in Smallest Class
ED and IP 2 1529595.1  1530045.9 0.880 18.6%

3 1497357.1 1497964 .4 0.805 5.5%

4 1489998.0  1490761.7 0.777 5.0%

Models.estimated using a negative binomial distribution, and a latent basis approach allowing for different slopes between each
time point.

The two-class model identified enrollees with “Moderate-to-High” utilization (18.6%
of the sample), and “Low” utilization (81.4% of the sample). Mean estimated ED and
hospitalization utilization increased over time for both classes (Figure 2.2). The “Moderate-to-
High” class had overall mean ED over the eight quarters of 2.20 visits per quarter, and ED
increased by 28.2% during the study period. The “Low” utilization trajectory class had overall
mean ED of 0.28 visits per quarter, and ED increased by 59.1%. The “Moderate-to-High”
utilization trajectory class had an overall mean of 0.53 hospitalizations per quarter, and
hospitalizations increased by 60.6%. The “Low” utilization trajectory class had an overall mean
of 0.05 hospitalizations per quarter, and hospitalizations increased by 86.9%. Sensitivity analysis
consisting of single process GBTMs for ED and hospitalizations produced similar results to the

parallel process models. The single process models are summarized in Appendix 2.2.
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Figure 2.2. Model estimated mean ED (top) and hospitalizations (bottom) per quarter for the

two-class parallel process model.
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Trajectory Class by Demographics

Demographics varied across the utilization trajectory classes (Table 2.2). The “Moderate-
to-High” utilization class had higher proportions of enrollees identified as experiencing
homelessness (52.7%), ages 35 to 49 or 50 to 64 (30.3% and 40.1%, respectively), White or
Black (31.6% and 27.0%, respectively), and English-speaking (92.6%). The “Low” utilization
class had higher proportions of enrollees identified as age 18 to 34 (26.5%), age 65 and over

(9.9%), Latinx (24.2%), and speaking a language other than English (15.8%).
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Table 2.2. Demographics of the two utilization trajectory classes.

Latent Class
Characteristic =~ Moderate-to-High Utilization Low Utilization p-value
N 13,622 59,564
% of Sample 18.6 81.4
% Experiencing 52.7 35.8 <0.001
Homeless
% Male 54.4 50.9 <0.001
% by Age Group
18 to 34 24.8 26.5 <0.001
35t049 30.3 26.2 <0.001
50 to 64 40.1 37.4 <0.001
65 and Over 4.8 9.9 <0.001
% by Race
White 31.6 26.8 <0.001
Black 27.0 25.7 0.001
Latinx 21.3 24.2 <0.001
API 2.5 6.3 <0.001
AIAN 0.9 0.6 <0.001
Other/Unknown 16.6 16.4 0.510
% by Language
English 92.6 84.2 <0.001
Spanish 4.9 10.0 <0.001
Other 2.5 5.8 <0.001

Pearson’s y2 test indicated significantly different proportions across classes for almost all demographics (p < 0.001).
Abbreviations refer to Asian or Pacific Islander (API); American Indian or Alaska Native (AIAN).
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Trajectory Class by Persistent High Utilization

Utilization trajectory classes varied by persistence of high utilization (Figure 2.3). All
enrollees in the “Moderate-to-High” utilization class had at least one quarter where they met the
criteria for high utilization, and 60.0% were persistent high utilizers, defined based on prior
literature* as having at least one hospitalization or at least two outpatient ED visits for three or
more consecutive quarters. Approximately half of enrollees in the “Low” utilization class
(48.2%) had at least one quarter where they met the criteria for high utilization, and only 1.1%
were persistent high utilizers. Appendix 2.1 contains additional details on patterns of persistent

utilization by quarter.

Figure 2.3. High utilization (HU) and persistence by utilization trajectory class for the two-class

parallel process model.

Moderate-High Utilization Low Utilization
(18.3%) (81.7%)
1+ Quarters of HU -% 1+ Quarters of HU - 48.2%
3+ Consecutive 60.0% 3+ Consecutive 11%
Quarters of HU L Quarters of HU 70

Trajectory Class by Health Needs

Descriptive analysis showed associations between health needs class, determined in the
prior LCA, and utilization trajectory class from the parallel process GBTM (Figure 2.4). The
“Moderate-to-High” trajectory had the largest proportions of enrollees with “High Overall”

health needs including both physical and behavioral comorbidities; “Serious Mental Illness
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(SMI) and Substance Use Disorder (SUD)” behavioral health needs with few physical
comorbidities; and “SUD with Complications” health needs including both SUD and physical
comorbidities. The “Low” utilization trajectory had the largest proportions of enrollees with
“High Physical Health” needs with few behavioral comorbidities; and “Low Overall” health
needs with few comorbidities of any type. A model regressing probability of utilization trajectory
class membership as a distal outcome on health needs class confirmed a statistically significant
association between utilization and health needs, with the “High Overall” health needs class
having the highest probability of being in the “Moderate-to-High” utilization trajectory class

(Appendix 2.5).

Figure 2.4. Health needs latent class by utilization trajectory class for the two-class parallel

process model.

Moderate-High Utilization Low Utilization
(18.3%) (81.7%)
High Overall - 32.9% High Overall | 5.1%

High P[] 23.1% HighpH [ 28.5%
smiandsuo [ 33.7% SMI and SUD - 24.6%

SUD with Comp. | 4.4% SUD with Comp. I 3.9%

Low Overall I 5.8% Low Overall - 37.9%

Health needs latent classes presented in this figure were defined in Chapter 2, and consist of: (1) High Overall; (2) High Physical
Health (PH); (3) Serious Mental Illness (SMI) and Substance Use Disorder (SUD); (4) SUD with Complications; (5) Low
Overall.
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Discussion

Based on trajectories of acute care utilization prior to enrollment, I identified two distinct
classes of enrollees of a large-scale Medicaid care coordination program that targeted patients
with high utilization and complex social and health needs. Though both classes had increasing
utilization prior to enrollment, they varied in the level and rate of growth, persistence of
utilization, and demographic and health characteristics. Further dividing the sample into three
classes identified a small class of enrollees with very high utilization that persisted over
consecutive quarters (Appendix 2.3). The three-class approach could be useful for identifying the
most extreme high utilizers to focus on in research or interventions, though the two-class
approach was more appropriate for this study to ensure adequate subpopulation sizes for joint
analysis of utilization and health needs.

The first class, 18% of the sample, had moderate-to-high rates of outpatient ED visits and
hospitalizations. Most of this class had persistent high utilization. This class had the largest
proportions of enrollees classified as experiencing homeless, with high overall health needs, and
with high behavioral health needs. Prior studies noted similar intersections between high
utilization of acute care services, homelessness status,!”-® and behavioral health
comorbidity.!”#+3162 Interestingly, this class also had the lowest proportion of enrollees aged 65
and over, indicating that the high medical complexity experienced by many older adults was not
a key driver of high utilization in the study sample. The association between behavioral health
and high acute care utilization suggests that care coordination or other interventions targeting
enrollees with serious mental illness or substance use disorder could be an important component

of reducing avoidable service use.
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The second class, 82% of the sample, had low rates of outpatient ED visits and
hospitalizations. Almost no enrollees in this class had persistent high utilization, and this class
had a moderate percent increase in ED and a large percent increase in hospitalizations over time.
One prior study of latent utilization trajectories in a narrow sample of patients with renal disease
classified 35% of patients into a similar low utilizer class.’® However, the authors used a three-
class model that included an additional 58% in an intermediate utilizer class; it is possible that
with a two-class model they may have generated a similarly large low utilizer trajectory group.
This class contained the largest proportion of patients with high physical health needs, further
highlighting the role of behavioral health in driving acute care utilization for this population.

An additional notable difference between the classes was a higher prevalence in the
“Low” utilization class of enrollees who preferred to speak Spanish and who were identified as
Latinx (Table 2.2). This finding also arose in the three-class model (Appendix 2.3). There are
several possible explanations for why Latinx enrollees had lower average acute care utilization.
As shown in Chapter 2, the “High Physical Health” needs class included a high proportion of
Latinx enrollees. It is possible that utilization rates were lower for this demographic group
because behavioral health needs were more associated with high utilization than physical health
needs. Additionally, it is possible that limitations on access to care or cultural differences led to a
larger proportion of Latinx patients in the “Low” utilization class.®® WPC enrollment strategies
(discussed in the Introduction chapter) relied mainly on referrals and review of administrative
data, and it is possible that some aspect of these strategies led to differential enrollment by race
and ethnicity. Further analysis would be needed to explore potential reasons for racial differences

in utilization in low-income and Medicaid-enrolled populations.
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Compared to the large percent increases in hospitalizations, the percent increases in ED
were small-to-moderate for both classes over the study period. The greater growth in
hospitalizations could be a result of two factors. First, because ED rates were already high it
would require a larger absolute change to generate a large percent increase in ED during the
study period. Second, most of the entities engaged in the WPC program leveraged referrals to

identify prospective enrollees.!%

It is possible that people who were hospitalized during the
WPC enrollment period were more likely to be flagged for referral, meaning that people with a

sharp uptick in hospitalizations may have been more likely to be enrolled.

Limitations

This study offered novel insights into the longitudinal utilization trajectories of a large
population of patients in a care coordination program that aimed to reduce avoidable acute care
utilization, but results should be interpreted in light of limitations. The population was, by
definition, heterogeneous and may have contained additional utilization trajectories beyond those
identified. Analysis of more targeted samples, such as patients seeking care for selected medical
or behavioral health diagnoses, or patients in selected demographic groups, could provide more
resolution on unique longitudinal patterns. For example, one study of a small population of
adults with functional disabilities identified nonlinear trajectories with notable drops and peaks.®>

I discussed additional limitations related to sample selection and generalizability in Chapter 2.

Implications
Health services researchers and analysts should consider longitudinal methods when

classifying patients based on utilization. Compared to cross-sectional summaries of visits in a
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given quarter or year, longitudinal analysis allows for quantification of trends, both linear and
nonlinear, and a deeper understanding of the persistence of high utilization over time. These
details can inform targeted outreach to engage patients with different utilization patterns in
tailored interventions, and can inform evaluations by indicating what utilization targets might be
realistic for enrollee subpopulations. Latent class approaches such as GMM and GBTM offer the
special advantage of revealing patterns and thresholds for high utilization that analysts might not
recognize a priori. Though studies have used these methods to understand other health care
outcomes such as health status and cost over time, there is a need for research that uses GMM
and GBTM to characterize utilization. Additionally, because behavioral health is often associated
with high acute care utilization, government agencies and health care organizations seeking to
curb avoidable service use should consider the behavioral health needs of the target population.
Interventions that support enrollees in addressing challenges associated with serious mental
illness and substance use disorder have the potential to reduce emergency visits and

hospitalizations.
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Appendices

Appendix 2.1. Descriptive analysis of utilization over time.

Appendix 2.1. Table 1. Descriptive analysis of outpatient emergency department (ED) and

inpatient hospitalization (IP) count variables.

50t 75t 9gth
Outcome Quarter Mean Variance SD Min %ile %ile %ile Max % 0’s
ED -8 0.55 258 161 0 0 1 7 >50  73.7
-7 0.56 262 162 0 0 1 7 >50  73.6
-6 0.59 279 167 0 0 1 7 >50 725
-5 0.61 290 1.70 0 0 1 7 >50  72.0
-4 0.67 3.10 1.76 O 0 1 7 >50  69.0
-3 0.68 319 1.79 0 0 1 8 >50  69.0
-2 0.70 328 181 0 0 1 8 >50  67.9
-1 0.76 363 191 0 0 1 8 >50  66.0
1P -8 0.11 029 053 0 0 0 2 >13 927
-7 0.11 027 052 0 0 0 2 >13 927
-6 0.12 029 054 0 0 0 2 >13 925
-5 0.12 029 054 0 0 0 2 >13 923
-4 0.14 036 0.60 O 0 0 3 >13  91.2
-3 0.15 036 060 O 0 0 3 >13  90.6
-2 0.16 041 064 O 0 0 3 >13  90.0
-1 0.19 051 071 O 0 0 3 >13  88.7

Quarters refer to the quarter prior to WPC enrollment, with Quarter -8 referring to the 8" quarter prior to WPC enrollment, and
Quarter -1 referring to the quarter prior to WPC enrollment.

Abbreviations refer to the standard deviation (SD); percentile (%ile); minimum (Min), maximum (Max), and the percent of the

values that were equal to zero (% 0’s).

I omitted exact values for the maximum for confidentiality.
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Appendix 2.1. Table 2. Descriptive analysis of high utilization and persistence by quarter.

Item Percent
% With 1+ Quarters of High Utilization 57.9
% W'ith 3+ Coqsecutive Quarters of.High U.tiliz'ation 10.0
Starting from First Occurrence of High Utilization
% W'ith 3+ Consecutive Quarters of High Utilization 121
Starting from Any Quarter '
% With 3 + C.onsecgt'ive or Non-Consecutive 213
Quarters of High Utilization
% With High Utilization by Quarter of First
Occurrence of High Utilization
Quarter -8 15.7
Quarter -7 8.9
Quarter -6 6.8
Quarter -5 5.6
Quarter -4 5.9
Quarter -3 5.2
Quarter -2 4.9
Quarter -1 4.9
No High Utilization 42.1

High utilization defined based on a similar latent class analysis of high-utilizing patients experiencing homelessness,* as having
at least one hospitalization or at least two outpatient ED visits in the quarter.

Quarters refer to the quarter prior to WPC enrollment, with Quarter -8 referring to the 8" quarter prior to WPC enrollment, and
Quarter -1 referring to the quarter prior to WPC enrollment.
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Appendix 2.1. Table 3. Persistence of high utilization during consecutive quarters after first

occurrence of high utilization.

Number of Consecutive Quarters with High
Utilization After Quarter of First Occurrence of
High Utilization
(% of Row)

Quarter of First
Occurrence of

High Utilization N 0 1 2 3 4 5 6 7  Total
-8 11,482 55.0 164 &1 44 27 20 15 99 1000
-7 6,506 67.4 16.0 63 32 1.8 13 4.0 - 100.0
-6 4945 703 154 63 28 1.2 4.1 - - 100.0
-5 4,118 70.6 16.7 52 28 46 - - - 100.0
-4 4,293 749 14.0 5.1 6.0 - - - - 100.0
-3 3,799 773 134 9.3 - - - - - 100.0
-2 3,621 743 25.7 - - - - - - 100.0
-1 3,586 100.0 - - - - - - - 100.0

No High Utilization 30,836
Total 73,186

High utilization defined based on a similar latent class analysis of high-utilizing patients experiencing homelessness,* as having
at least one hospitalization or at least two outpatient ED visits in the quarter.

Quarters refer to the quarter prior to WPC enrollment, with Quarter -8 referring to the 8" quarter prior to WPC enrollment, and
Quarter -1 referring to the quarter prior to WPC enrollment.
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Appendix 2.1. Table 4. Persistence of high utilization during any consecutive or non-consecutive

quarters after first occurrence of high utilization.

Number of Quarters (Consecutive or Non-
Consecutive) with High Utilization After Quarter of
First Occurrence of High Utilization (% of Row)

Quarter of First
Occurrence of

High Utilization N 0 1 2 3 4 5 6 7  Total
-8 11,482 16.0 16.7 153 126 113 96 86 99 100.0
-7 6,506 245 239 187 129 97 62 4.0 - 100.0
-6 4,945 309 277 193 113 6.7 4.1 - - 100.0
-5 4,118 375 309 174 96 46 - - - 100.0
-4 4,293 525 28.0 135 6.0 - - - - 100.0
-3 3,799 63.6 27.1 9.3 - - - - - 100.0
-2 3,621 743 25.7 - - - - - - 100.0
-1 3,586 100.0 - - - - - - - 100.0

No High Utilization 30,836
Total 73,186

High utilization defined based on a similar latent class analysis of high-utilizing patients experiencing homelessness,* as having
at least one hospitalization or at least two outpatient ED visits in the quarter.

Quarters refer to the quarter prior to WPC enrollment, with Quarter -8 referring to the 8" quarter prior to WPC enrollment, and
Quarter -1 referring to the quarter prior to WPC enrollment.
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Appendix 2.2. Results of two-class and three-class single process models.

Appendix 2.2. Table 1. Goodness-of-fit statistics for single process GBTMs of ED and

hospitalizations with two to four classes.

Outcome Classes AIC BIC Entropy % of Sample in Smallest Class
ED 2 1116577.4 1116807.4 0.855 19.1%

3 1091005.6  1091318.4 0.791 4.7%

4 1084465.4  1084861.1 0.735 1.9%
IP 2 406629.7 406859.8 0.875 10.6%

3 399440.0 399752.8 0.801 2.3%

4 398240.5 398636.2 0.741 0.6%

Models estimated using a negative binomial distribution, and a latent basis approach allowing for different slopes between each

time point.
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Appendix 2.2. Figure 1. Model estimated mean ED (top) and hospitalizations (bottom) per

quarter for the two-class single process models.
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Appendix 2.2. Figure 2. Model estimated mean ED (top) and hospitalizations (bottom) per

quarter for the three-class single process models.
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Appendix 2.3. Results of three-class parallel process model.

Appendix 2.3. Figure 1. Model estimated mean ED (top) and hospitalizations (bottom) per

quarter for the three-class parallel process model.
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Appendix 2.3. Table 1.

Demographics of the three utilization trajectory classes.

Latent Class
Characteristic High Moderate Low p-value
N 4,037 23,906 45,243
% of Sample 5.5 32.7 61.8
% Experiencing 60.9 43.4 34.6 <0.001
Homeless
% Male 60.2 50.0 51.7 <0.001
% by Age Group
18 to 34 20.5 28.4 25.5 <0.001
35t049 31.8 28.8 25.6 <0.001
50 to 64 43.4 37.2 37.8 <0.001
65 and Over 4.3 5.6 11.2 <0.001
% by Race
White 324 29.7 26.2 <0.001
Black 28.3 26.2 25.6 0.001
Latinx 18.8 23.7 24.0 <0.001
API 1.7 3.6 7.0 <0.001
AIAN 0.9 0.8 0.6 <0.001
Other/Unknown 18.0 16.0 16.5 0.004
% by Language
English 94.0 82.9 89.7 <0.001
Spanish 3.1 10.5 7.4 <0.001
Other 2.8 0.6 2.9 <0.001

Pearson’s y2 test indicated significantly different proportions across classes for all demographics (p < 0.001). Abbreviations

refer to Asian or Pacific Islander (API); American Indian or Alaska Native (AIAN).
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Appendix 2.3. Figure 2. High utilization (HU) and persistence by utilization trajectory class for

the three-class parallel process model.

High Utilization

Moderate Utilization Low Utilization
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Appendix 2.3. Figure 3. Health needs latent class by utilization trajectory class for the three-class

parallel process model.

High Utilization Moderate Utilization

Low Utilization
(5.5%) (32.7%) (61.8%)
High Overall - 54.4% High Overall . 15.8% High Overall | 3.4%
High PH ] 15.2% High PH [ 28.6% High PH [ 28.0%
smiandsuo [ 26.9% smiandsuD [ 34.3%

SMI and SUD . 22.0%

SUD with Comp. | 3.4%

Low Overall . 15.9% Low Overall - 43.2%

SUD with Comp. I 2.7% SUD with Comp. I 5.3%

Low Overall ‘ 0.9%

Health needs latent classes presented in this figure were defined in Chapter 2, and consist of: (1) High Overall; (2) High Physical
Health; (3) Serious Mental Illness (SMI) and Substance Use Disorder (SUD); (4) SUD with Complications; (5) Low Overall.
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Appendix 2.4. Comparison of two-class and three-class parallel process model results.
Appendix 2.4. Table 1. Average probability of assignment to each class, among those who were

assigned to it.

Average Probability of Class Members Being
Assigned to This Class

Class Label 2-Class Model 3-Class Model
High - 0.93
Moderate-to-High 0.93 -
Moderate - 0.89
Low 0.98 0.92

This table indicates that though probabilities dropped slightly for the three-class model, all classes had a high certainty of class
assignment (>0.8).

Average probability of assignment to each class was taken from the diagonal elements of the posterior probability matrix.
Values closer to 1 indicate that people assigned to Class & had a high probability of being in Class & relative to their
probabilities of being in other classes (i.e., high certainty of class assignment). Values of 0.8 and above are considered
indicators of good class assignment.®’
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Appendix 2.4. Table 2. Percent of each class in the two-class model that was assigned to each

class in the three-class model.

Percent Assigned to Each Class in Three-Class Model

Class in Two-Class Model High Moderate Low
Moderate-to-High 29.1 70.9 0.0
Low 0.0 24.0 76.1

Appendix 2.4. Table 3. Percent of each class in the three-class model that was assigned to each

class in the two-class model.

Percent Assigned to Each Class in Three-Class Model

Class in Three-Class Model Moderate-to-High Low
High 100.0 0.0
Moderate 39.8 60.2
Low 0.0 100.0
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Appendix 2.4. Figure 1. Visualization of AIC and BIC for two to four classes.
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As is common in LCA,% AIC and BIC continued to decrease as number of classes increased, so there was no global minimum to
use as an indicator of model fit. In this situation, a plot of AIC or BIC can be inspected to identify an “elbow” that indicates

diminishing returns in model fit as the number of classes increases.®> The plot for this analysis had an “elbow” at three classes,
indicating that more than three classes resulted in diminishing returns in improving fit.
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Appendix 2.5. Regression of utilization trajectory class on health needs class.
Appendix 2.5. Table 1. Results of regression of probability of being in “Moderate-to-High”

utilization trajectory class on health needs class.

Health Needs Class Coefficient Confidence Interval p-value
High Overall (Reference) 0.00 - -
High Physical Health -4.47 -4.73 to -4.21 <0.001
SMI and SUD -3.47 -3.73 to -3.21 <0.001
SUD with Complications -2.45 -2.81t0 -2.08 <0.001
Low Overall -45.19 -57.87 to -32.52 <0.001

Coefficients reflect the effect on probability of being in the “Moderate-to-High” utilization trajectory class (rather than the
“Low” utilization trajectory class), comparing each health needs class to the “High Overall” health needs class as a reference.
Compared to the “High Overall” health needs class, all other classes had a significantly lower probability of being in the
“Moderate-to-High” utilization class, with the “Low Overall” health needs group having the lowest probability.

Model estimated using the posterior probability of being in the “Moderate-to-High” utilization trajectory class as the outcome
(rather than binary assignment to the highest probability class) to reflect the probabilistic nature of class assignment and

capture assignment error.

Model estimated using the Mplus (R3STEP) approach to ensure the health needs classes did not change with the addition of the
utilization trajectory classes as a distal outcome.
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Appendix 2.6. Enrollee utilization trajectory classes by WPC Pilot county for study sample.
Appendix 2.6. Table 1. Percent of WPC Pilot county enrollees by utilization trajectory classes

for study sample.

Percent of Enrollees in Sample by Utilization Trajectory Classes

Number of
Enrollees in Moderate-High
WPC Pilot County Sample Utilization Low Utilization Total
Alameda 7,101 22.7 71.3 100.0
Contra Costa 23,805 8.3 91.7 100.0
Kern 410 14.2 85.9 100.0
Kings 165 18.2 81.8 100.0
Los Angeles 19,820 22.0 78.0 100.0
Marin 470 25.7 74.3 100.0
Mendocino 224 43.8 56.3 100.0
Monterey 92 47.8 52.2 100.0
Napa 206 27.7 72.3 100.0
Orange 4,238 20.8 79.2 100.0
Placer 188 29.3 70.7 100.0
Riverside 1,139 7.6 92.5 100.0
Sacramento 611 32.1 67.9 100.0
San Bernardino 573 31.2 68.8 100.0
San Diego 188 50.5 49.5 100.0
San Francisco 6,677 234 76.6 100.0
San Joaquin 667 52.2 47.8 100.0
San Mateo 2,325 25.2 74.8 100.0
Santa Clara 2,444 24 .4 75.6 100.0
Santa Cruz 342 26.3 73.7 100.0
Shasta 179 56.4 43.6 100.0
Small Counties 55 * * 100.0
Solano 127 63.0 37.0 100.0
Sonoma 344 37.2 62.8 100.0
Ventura 796 33.5 66.5 100.0

Utilization trajectory classes were defined in Chapter 3.
Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD).

* indicates suppressed due to small sample size to protect confidentiality.

77



IV. DIFFERENTIAL EFFECTS OF CROSS-SECTOR CARE COORDINATION FOR

SUBPOPULATIONS OF MEDICAID PATIENTS

Abstract

Background: Coordination of health care and social services can improve health and reduce
avoidable acute care utilization for patients with complex needs. Little is understood about the
effect of cross-sector care coordination for enrollees with different health needs and utilization
histories prior to receipt of services. Objective: To understand how an intervention that
coordinated health care and social services impacted different enrollee classes, defined based on
health needs and pre-enrollment utilization trajectories documented in claims data. Methods: [
conducted a pre-post interrupted time series analysis using segmented multilevel models to
evaluate change in number of enrollee outpatient emergency department (ED) visits and
hospitalizations over eight quarters following enrollment in a cross-sector care coordination
program. I incorporated an interaction with enrollee classes identified through prior latent class
analyses as moderators to understand differential patterns across groups. Results: Nearly every
class had decreased rates of ED visits and hospitalizations after enrollment. The one exception
was the class with low overall health needs and moderate-to-high pre-enrollment utilization,
which had a non-significant decrease in hospitalization rates. This class also had significantly
smaller reductions in ED visit rates compared to all other classes. Enrollees with substance use
disorder (SUD) with complications and moderate-to-high utilization also had significantly
smaller reductions in ED visit and hospitalization rates compared to several classes. Enrollees
with serious mental illness (SMI) and SUD, with low or moderate-to-high utilization, had

significantly larger reductions in hospitalizations compared to several classes. Implications:
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Organizations implementing cross-sector care coordination interventions should anticipate that
program effects will vary depending on enrollee health and pre-enrollment utilization
trajectories. Analyses of enrollee subpopulations can help target and tailor interventions, and can
provide insight into opportunities for high beneficial impact on utilization and health outcomes.
Programs should consider potential trade-offs between focusing on small subpopulations that
may experience a larger impact, and large subpopulations that may experience a smaller impact

from the intervention.

Background
Over the past decade, health care leaders have increasingly recognized social and
economic factors as key drivers of patient health outcomes and utilization.'”-''? Both theoretical

I and empirical research!*® underscore associations between social disadvantage

frameworks
and high use of acute care. As a result, health care systems, payors, and their community-based
partners have developed interventions to address non-medical needs of at-risk patients, with
some success in reducing avoidable utilization and increasing use of preventive and other
outpatient services.'!>!!* These interventions include care coordination for patients with complex
health and social needs, who may also have high use of acute health care services such as
emergency department (ED) and inpatient care.!'* Though definitions vary, core components of
care coordination include linking care to multiple providers and members of the enrollee’s
support network, with supports for information sharing and decision-making.!>!> This approach
has been broadly used within the medical sector to refer between primary care and different

types of specialty care to improve care and outcomes, '716,18-20,23,26.27
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A growing number of interventions have coordinated care across health and social
services, referred to in this chapter as cross-sector care coordination.!'* Due to differences in
organization and financing between health and social services,'!>!!6 this type of care
coordination requires more complex processes and infrastructure, such as more diverse teams
and creative mechanisms to share information and accountability, to link across sectors that are
historically siloed and have separate systems of care delivery. One systematic review identified
enrollee needs assessment, in-person contact with enrollees, and standardized protocols for
coordinating care as common in cross-sector care coordination programs.!'* Some cross-sector
care coordination interventions have been large-scale and multi-faceted, enrolling thousands of
patients with a range of needs, and engaging many clinical and community partners.3%!17-119

One aspect of cross-sector care coordination that remains underexplored is whether the
intervention leads to the desired outcomes for enrollees with different health needs and
utilization history. To gain such insight, identification of enrollees into meaningful subgroups is
needed.*® Prior research examined the impact of cross-sector care coordination on outcomes
including health care utilization, with mixed findings including significant reductions in ED
visits and hospitalizations for some programs,?-?® non-significant but notable reductions in ED

2224 and no change for one program that relied

visits and hospitalizations for other programs,
solely on telephone-based care coordination.?! These studies typically reported effects for all
enrollees together, rather than disaggregating based on enrollee attributes. Estimated effects of
care coordination on utilization might be more consistent across studies if similar subpopulations
were compared.

Ignoring enrollee heterogeneity is especially problematic when evaluating impact of the

intervention on utilization because fluctuations in utilization and regression to the mean can
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threaten validity when interventions target outlier high utilizers.'?%!?! For example, one study of
enrollees in an intensive care management program found that cost peaked and started dropping
prior to enrollment, and concluded that evaluations may overstate program impact if they fail to
consider temporal trends in cost in cost and utilization for medically complex enrollees.!??
Research is needed to understand how the impacts of cross-sector care coordination programs
vary for enrollees with different pre-enrollment experiences.

I addressed this gap in knowledge through a pre-post analysis of data from the Whole
Person Care (WPC) program that provided cross-sector care coordination, described in the
Introduction and in Chapter 2. I examined impact on enrollee classes, defined in prior analyses
based on health conditions and utilization trajectories. This analysis examined whether enrollees
with different acute care trajectories and clinical profiles had similar experiences following

receipt of care coordination.

Methods
Study Sample

The study sample consisted of 73,186 adults who enrolled in WPC in 2017 or 2018 and
who had two full years of Medi-Cal enrollment prior to WPC enrollment. The sample was
described in further detail in Chapters 2 and 3. All of the sample received care coordination
through WPC, regardless of if they were classified as high or low health need or utilization in
this analysis. WPC enrollment criteria allowed for enrollment based on factors such as social
need and predicted risk of high utilization,*? leading to the inclusion of some enrollees with low

health need and low utilization who still received support from the program.
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Study Period

I centered the study period to each enrollee’s first date of enrollment in WPC, meaning
calendar months varied depending on enrollment date. The study period consisted of a pre-
period, defined as eight quarters prior to enrollment in WPC, and a post-period, defined as eight
quarters after enrollment in WPC starting from the first enrollment date. In the pre-period, due to
inclusion criteria all members of the sample were enrolled in Medi-Cal for a full eight quarters,
allowing for one month of disenrollment per year which is common during transitional periods.

In the post-period, length of enrollment varied (Appendix 3.4).

Variables

I created two outcome variables to evaluate change in acute care utilization associated
with enrollment in WPC for each enrollee class. These consisted of number of enrollee
outpatient emergency department visits that were followed by discharge, per quarter (ED); and
number of enrollee inpatient hospitalizations per quarter (IP). My independent variable of
interest was a 10-level categorical variable that classified enrollees using a cross-tabulation of 5
health needs classes and 2 utilization trajectory classes, based on the results of the latent class
analysis (LCA) and group-based trajectory modeling (GBTM) in previous chapters.

I described covariates in further detail in Chapter 2. These consisted of enrollee
demographics (gender, age, race, and language); whether the enrollee was experiencing
homelessness; whether the enrollee was in the justice-involved WPC target population; the
enrollee’s annual Chronic Illness and Disability Payment System (CDPS) score; the year first
enrolled in WPC (2017 or 2018); county of first enrollment in WPC; and number of months from

first enrollment in WPC to last enrollment in WPC during the eight quarter post-period.
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Pre-Post Analysis

I used segmented regression to compare acute care utilization during eight quarters prior
to and eight quarters after enrollment in WPC, with the post-period starting at the first WPC
enrollment date. Segmented regression is widely used to evaluate health-related outcomes in
non-randomized observational studies with an interrupted time series design.'?>!?* Typical
segmented regression includes an interaction between a time variable and an intervention
variable to allow different regression lines to be estimated prior to and after the intervention.
Estimated model parameters can be compared to assess change in slope and intercept between
the pre-period and the post-period.

To implement segmented models, I constructed an intervention dummy variable set to 0
prior to WPC enrollment (Quarter 1 through Quarter 8) and set to 1 after WPC enrollment
(Quarter 9 through Quarter 16). I constructed a time variable consisting of an incremental count
of quarters, with the first quarter set to zero for ease of model interpretation (0 through 15). To
allow estimates to vary by enrollee subgroup, I constructed a three-way interaction of the
intervention dummy variable, time, and an enrollee class variable. Using an interaction term in
one integrated model, rather than stratifying and running one model per enrollee class, facilitated
inter-class comparisons. The class variable was constructed as a cross-tabulation of enrollee
health needs classes and enrollee utilization trajectory classes, defined in Chapter 3. On average,
enrollees had moderate certainty of assignment to their joint health needs and utilization
trajectory class (Appendix 3.1).

I used multilevel models with enrollee as a random effect to address the correlated nature
of the longitudinal data, and adjusted the standard errors to account for clustering by county. To

account for overdispersion I used a negative binomial distribution that relaxed the assumption of
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the Poisson distribution that the mean is equal to the variance.'”” I addressed varying length of
Medi-Cal enrollment by including Medi-Cal enrollment as an “exposure” variable in the count
models. I treated Medi-Cal enrollment as an exposure rather than a covariate because Medi-Cal
enrollment defined the period when ED and hospitalizations could be documented in claims data,
and was thus important for standardizing the number of visits to be able to compare across
groups. To check robustness of results to changes in model specifications, I ran variations of the
main models without selected covariates, and without clustered standard errors (Appendix 3.2). I
implemented all models in Stata 16.1 using the menbreg command.

To understand change in utilization trajectory associated with WPC enrollment, I used
linear combinations of estimated model coefficients to calculate the difference in pre-period and
post-period slope for each class. To understand how pre-post differences varied across classes, |
used linear combinations of estimated model coefficients to compare the pre-post differences of
each class to each other class. I presented unexponentiated values, representing additive change
in /n(Number of Events), in all tables to allow for analysis of difference on the linear scale.
Where relevant, I also included exponentiated values, representing multiplicative or percent
change in number of events, in the text to improve interpretability. Appendix 3.3 contains

additional detail on calculations, which were implemented with the Stata /incom command.

Results
Overview of Sample by Class

Table 3.1 shows the distribution of the sample by joint health need and utilization
trajectory classes. Three of the classes comprised 74.1% of the sample: “Low Overall” health

needs with “Low Utilization™ trajectory (30.9%), “High Physical Health” health needs with
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“Low Utilization” trajectory (23.2%), and “SMI and SUD” health needs with “Low Utilization”

trajectory (20.0%). The remaining classes ranged from 0.8% to 6.3% of the sample.

Table 3.1. Sample distribution by joint health needs and utilization trajectory classes.

Utilization Trajectory

Health Needs Classes Classes N %
High Overall Moderate-High Utilization 4,482 6.1
High Physical Health Moderate-High Utilization 3,153 43
SMI and SUD Moderate-High Utilization 4,595 6.3
SUD with Complications Moderate-High Utilization 596 0.8
Low Overall Moderate-High Utilization 796 1.1
High Overall Low Utilization 3,054 4.2
High Physical Health Low Utilization 16,951 23.2
SMI and SUD Low Utilization 14,656 20.0
SUD with Complications Low Utilization 2,308 3.2
Low Overall Low Utilization 22,595 30.9

Total 73,186 100.0

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3. Abbreviations refer to serious mental
illness (SMI); substance use disorder (SUD).

Medi-Cal and WPC Enrollment

In the post-period, Medi-Cal enrollment varied for each enrollee, though 81.6% of the
sample was enrolled for at least 22 of the 24 months (Appendix 3.4). Also, in the post-period,
WPC enrollment varied for each enrollee, and only 35.8% of the sample was enrolled for at least
22 of the 24 months (Appendix 3.4). Variation in WPC enrollment length was expected due to

different approaches to program graduation used in each WPC Pilot.>
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Descriptive Analysis of Outcomes by Class

For nearly all classes, actual mean number of ED visits consistently increased during the
pre-period, indicating a positive rate of change prior to WPC enrollment, and consistently
decreased during the post-period, indicating a negative rate of change after WPC enrollment
(Appendix 3.5) Several classes, such as those with “High Overall” and “SMI and SUD” health
needs with “Moderate-to-High Utilization trajectories during the pre-period, had a plateau in
ED visits during the quarter prior to enrollment in WPC, indicating that some of the effect
identified through modeling could be due to factors other than the program for these classes. This
pattern was most pronounced for the small class of enrollees with “Low Overall” health needs
and “Moderate-to-High Utilization™ trajectory, which had a clear decline in rate of change of ED
visits starting four quarters prior to WPC enrollment.

As with ED visits, for nearly all classes, actual mean number of hospitalizations
consistently increased during the pre-period, and consistently decreased during the post-period
(Appendix 3.5). Several classes, such as those with “High Overall” and “High Physical Health”
needs with “Moderate-to-High Utilization” trajectories during the pre-period had a small decline
in hospitalizations during the quarter prior to enrollment in WPC, indicating that some of the

modeled effect could be due to factors other than the program.

Unadjusted Analysis of Outcomes by Class

Appendix 3.6 presents unadjusted pre-post analysis of ED visits by joint health needs and

utilization trajectory class.

86



Adjusted Analysis of Outcomes by Class
For all classes, adjusted rates of change in ED visits decreased significantly from the pre-

period to the post-period (Table 3.2).

Table 3.2. Adjusted difference from pre-period to post-period in rate of change of mean

outpatient ED visits per quarter, by health needs and utilization trajectory classes.

Rate of Rate of Difference in

Change Change Rate of Change

During 2 During 2 Before and Rate

Utilization Trajectory  Years Prior to  Years Post  of Change After
Health Needs Classes Classes Enrollment Enrollment (Post - Pre) p-value
High Overall Moderate-High Utilization 0.01 -0.05 -0.06 <0.001*
High Physical Health Moderate-High Utilization 0.00 -0.05 -0.05 <0.001*
SMI and SUD Moderate-High Utilization 0.01 -0.05 -0.06 <0.001*
SUD with Complications =~ Moderate-High Utilization 0.00 -0.05 -0.05 <0.001*
Low Overall Moderate-High Utilization -0.01 -0.03 -0.03 0.001*
High Overall Low Utilization 0.04 -0.03 -0.06 <0.001*
High Physical Health Low Utilization 0.05 -0.03 -0.08 <0.001*
SMI and SUD Low Utilization 0.04 -0.03 -0.07 <0.001*
SUD with Complications ~ Low Utilization 0.04 -0.04 -0.08 <0.001*
Low Overall Low Utilization 0.06 -0.03 -0.09 <0.001*

“Rate of Change” refers to the unexponentiated slope, which is the change in /n(Number of Events) associated with an increase
of 1 quarter. For example, a rate of 0.01 indicates a multiplicative increase of exp(0.01) = 1.01, or a 1% increase estimated
number of visits from quarter x to quarter x + 1. Appendix 3.5 presents predicted number of ED visits and hospitalizations at
the start and end of each period, by class.

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale, and have a null value of 0.0.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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I found multiple cross-class differences in rates of change for ED visit rates. Table 3.3
shows the comparison of the rates of decline in ED visits by health and utilization trajectory
classes. A positive value indicates greater decrease in rate of change, or a potentially greater
program effect, for the reference class listed in the left-hand column, compared to the
comparison class listed on the top.

ED rates of the enrollee class with “Low Overall” health needs with “Moderate-to-High
Utilization” pre-enrollment trajectory declined significantly less than all other classes, possibly
due to the early decline in mean ED rates prior to WPC enrollment for this class (Appendix 3.5).
For example, the decline for this class was 7% (Absolute Value of Cross-Class Difference =
0.07; 1.07 exponentiated or a 7% difference in difference) lower than the class with “Low
Overall” health needs with “Low Utilization,” and was 2% to 5% less of a decline compared to
all other classes. For this class of “Low Overall” health needs with “Moderate-to-High
Utilization™ trajectory, the adjusted model predicted a 4% decrease in ED visits per quarter
during the pre-period, from 2.51 to 2.42, and a 20% decrease in ED visits per quarter during the
post-period, from 1.84 to 1.47. By comparison, for the class of “High Overall” health needs with
“Moderate-to-High Utilization™ trajectory, the adjusted model predicted a 6% increase in ED
visits per quarter during the pre-period, from 2.35 to 2.49, and a 29% decrease in ED visits per
quarter during the post-period, from 2.10 to 1.48.

ED rates of the enrollee class with “SUD with Complications” health needs and
“Moderate-to-High Utilization” trajectory also declined significantly less than several other
classes. For example, the decline for this class was 3% less than “High Physical Health” and
“SUD with Complications” health needs with “Low Utilization,” and 2% less than “SMI and

SUD” health needs with “Low Utilization.” For this class of “SUD with Complications” health
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needs with “Moderate-to-High Utilization” trajectory, the adjusted model predicted a 3%
decrease in ED visits per quarter during the pre-period, from 2.09 to 2.03, and a 31% decrease in
ED visits per quarter during the post-period, from 1.75 to 1.21.

ED rates of the enrollee class with “High Physical Health” needs with “Low Utilization”
declined significant more than the class of “High Overall” health needs with “Moderate-to-High
Utilization.” For the “High Physical Health” needs with “Low Utilization™ class, the adjusted
model predicted a 39% increase in ED visits per quarter during the pre-period, from 0.37 to 0.51,
and an 18% decrease in ED visits per quarter during the post-period, from 0.48 to 0.39.
Additionally, ED rates of the enrollee class with “High Physical Health Needs” with “Moderate-
to-High Utilization” declined significantly less than the class of “SUD with Complications”
health needs and “Low Utilization.” For the “High Physical Health” needs with “Moderate-to-
High Utilization” class, the adjusted model predicted a 1% increase in ED visits per quarter
during the pre-period, from 1.86 to 1.89, and a 29% decrease in ED visits per quarter during the

post-period, from 1.57 to 1.11.
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Table 3.3. The relative decline in ED visits across health needs and utilization trajectory classes.

Differences in Rates of Change Cross Class
(Differencecomparison - Differencereference)

Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SMI- SUD-
Classes Classes HO HPH SUD C LO HO HPH SUD C LO
High Overall Moderate-High -
High Physical Health Moderate-High -0.01 -
SMI and SUD Moderate-High  0.01 0.01 -
SUD with. Moderate-High -0.01  0.00 -0.02 -
Complications
Low Overall Moderate-High -0.03* -0.02* -0.04* -0.02* -
High Overall Low 0.01 0.01 0.00 0.02 0.04* -
High Physical Health Low 0.02* 0.02 0.0l 0.03* 0.05* 0.01 -
SMI and SUD Low 0.01 0.01 0.00  0.02* 0.04* 0.00 -0.01 -
SUD with Low 002 0.03* 001 003* 005% 00 000 001 -
Complications
Low Overall Low 0.04 004 003 005 0.07* 0.03 002 003 0.02 -

A positive value indicates greater decrease in rate of change, or a potentially greater program effect, for the reference class
listed in the left-hand column, compared to the comparison class listed on the top.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to High Overall health needs (HO); High Physical Health needs (HPH); Serious Mental Illness or
Substance Use Disorder health needs (SMI-SUD); SUD with Complications health needs (SUD-C); and Low Overall health
needs (LO); pre-period (Pre); post-period (Post).

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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Adjusted rates of change in hospitalizations decreased significantly from the pre-period

to the post-period for all classes except for the “Low Overall” health needs “Moderate-to-High

Utilization™ trajectory class (Table 3.4).

Table 3.4. Adjusted difference from pre-period to post-period in rate of change of mean

hospitalizations per quarter, by health needs and utilization trajectory classes.

Rate of Rate of Difference in

Change Change Rate of Change

During 2 During 2 Before and Rate

Utilization Trajectory  Years Prior to  Years Post  of Change After
Health Needs Classes Classes Enrollment Enrollment (Post - Pre) p-value
High Overall Moderate-High Utilization 0.02 -0.05 -0.07 <0.001*
High Physical Health Moderate-High Utilization 0.00 -0.04 -0.05 <0.001*
SMI and SUD Moderate-High Utilization 0.03 -0.07 -0.10 <0.001*
SUD with Complications =~ Moderate-High Utilization -0.02 -0.05 -0.03 0.008*

Low Overall Moderate-High Utilization 0.00 -0.05 -0.05 0.231

High Overall Low Utilization 0.06 -0.03 -0.09 <0.001*
High Physical Health Low Utilization 0.06 -0.03 -0.09 <0.001*
SMI and SUD Low Utilization 0.08 -0.04 -0.11 <0.001*
SUD with Complications  Low Utilization 0.07 -0.04 -0.10 <0.001*
Low Overall Low Utilization 0.07 -0.05 -0.11 <0.001*

“Rate of Change” refers to the unexponentiated slope, which is the change in /n(Number of Events) associated with an increase
of 1 quarter. For example, a rate of 0.01 indicates a multiplicative increase of exp(0.01) = 1.01, or a 1% increase estimated
number of visits from quarter x to quarter x + 1. Appendix 3.5 presents predicted number of ED visits and hospitalizations at
the start and end of each period, by class.

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of

difference on the linear scale, and have a null value of 0.0.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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I found multiple cross-class differences in rates of change for hospitalizations. Table 3.5
shows the comparison of the rates of decline in hospitalizations by health and utilization
trajectory classes, in the same format as Table 3.3 (described above). Hospitalization rates of the
enrollee class with “SUD with Complications” health needs and “Moderate-to-High Utilization”
declined significantly less than seven other classes. For example, the decline for this class was
9% less than “Low Overall” health needs with “Low Utilization,” 8% less than “SMI and SUD”
with “Low Utilization,” 7% less than “SUD with Complications” health needs with “Low
Utilization” and “SMI and SUD” with “Moderate-to-High Utilization,” 6% less than “High
Overall” and “High Physical Health” with “Low Utilization,” and 4% less than “High Overall”
health needs with “Moderate-to-High Utilization.” For this class of “SUD with Complications”
health needs with “Moderate-to-High Utilization™ trajectory, the adjusted model predicted a 12%
decrease in hospitalizations per quarter during the pre-period, from 1.08 to 0.95, and a 28%
decrease in hospitalizations per quarter during the post-period, from 0.85 to 0.61. By
comparison, for the class of “High Overall” health needs with “Moderate-to-High Utilization”
trajectory, the adjusted model predicted a 16% increase in hospitalizations per quarter during the
pre-period, from 0.91 to 1.05, and a 28% decrease in hospitalizations per quarter during the post-
period, from 0.89 to 0.64.

Hospitalization rates for the “Low Overall” health needs and “Low Utilization” trajectory
class declined 9% more than the class with “SUD with Complications” health needs with
“Moderate-to-High Utilization,” 7% more than “High Physical Health” needs with “Moderate-
to-High Utilization,” 5% more than “High Overall” health needs with “Moderate-to-High
Utilization,” and 2% more than “High Physical Health” needs with “Low Utilization.” For this

class of “Low Overall” health needs with “Low Utilization,” the adjusted model predicted a 58%
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increase in hospitalizations during the pre-period, from 0.14 to 0.22, and a 29% decrease in
hospitalizations during the post-period, from 0.30 to 0.21.

Additionally, hospitalization rates of the enrollee class with “SMI and SUD” health needs
with “Low Utilization” trajectory declined significantly more than several other classes. For
example, the decline for this class was 8% more than “SUD with Complications” health needs
with “Moderate-to-High Utilization,” 7% more than “High Physical Health” needs with
“Moderate-to-High Utilization,” 6% more than “Low Overall” health needs with “Moderate-to-
High Utilization,” and 4% more than “High Overall” health needs with “Moderate-to-High
Utilization.” For this class of “SMI and SUD” health needs with “Low Utilization,” the adjusted
model predicted a 70% increase in hospitalizations per quarter during the pre-period, from 0.14
to 0.24, and a 23% decrease in hospitalizations per quarter during the post-period, from 0.26 to
0.20. Hospitalization rates of the enrollee class with “SMI and SUD” health needs with
“Moderate to High Utilization™ trajectory also declined significantly more than all other classes
with “Moderate to High Utilization.” For this class of “SMI and SUD” health needs with
“Moderate-to-High Utilization, the adjusted model predicted a 27% increase in hospitalizations
per quarter during the pre-period, from 0.66 to 0.83, and a 37% decrease in hospitalizations per

quarter during the post-period, from 0.71 to 0.45.
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Table 3.5. The relative decline in hospitalizations across health needs and utilization trajectory

classes.
Differences in Rates of Change Cross Class
(Differencecomparison - Differencegeference)
Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SMI- SUD-

Classes Classes HO HPH SUD C LO HO HPH SUD C LO
High Overall Moderate-High -
High Physical Health Moderate-High -0.02* -
SMI and SUD Moderate-High  0.03*  0.05* -
SUD with. Moderate-High -0.04* -0.02 -0.07% -
Complications
Low Overall Moderate-High -0.02  0.00 -0.05* 0.02 -
High Overall Low 0.02  0.04* -0.02 0.06* 0.03 -
High Physical Health Low 0.02  0.04* -0.01 0.06* 004 0.00 -
SMI and SUD Low 0.04* 0.07* 0.01 0.08* 0.06* 0.03 0.02 -
SUD with Low 004 0.06* 000 007* 005 002 001 -001 -
Complications
Low Overall Low 0.05* 0.07* 0.0l 0.09* 0.06 003 0.02* 000 0.0l 0.05

A positive value indicates greater decrease in rate of change, or a potentially greater program effect, for the reference class
listed in the left-hand column, compared to the comparison class listed on the top.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to High Overall health needs (HO); High Physical Health needs (HPH); Serious Mental Illness or
Substance Use Disorder health needs (SMI-SUD); SUD with Complications health needs (SUD-C); and Low Overall health
needs (LO); pre-period (Pre); post-period (Post).

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.

94



Discussion

This analysis identified reductions in ED visits and hospitalizations associated with
enrollment in WPC, a program that coordinated medical care, behavioral health care, and social
services for Medicaid enrollees with complex needs. In adjusted models, all enrollee classes,
defined based on health needs and pre-enrollment utilization, had significantly decreased rates of
ED visits and hospitalizations after enrolling in WPC, except for the class of “Low Overall”
health needs with “Moderate-to-High Utilization” which had a non-significant decrease in
hospitalizations. These consistent findings indicated that services provided under WPC likely
reduced acute care service use for enrollees. Similarly, the interim evaluation of WPC included a
comparison of adjusted trends in rates of ED visits and hospitalizations for WPC enrollees, not
classified into subpopulations, with a control group of Medicaid beneficiaries. Those findings
showed a decrease in both types of acute care utilization compared to controls during the second
year of the program.?

The finding that a small class of enrollees with “Low Overall” health needs and
“Moderate-to-High Utilization™ trajectories (1.1% of the sample) did not experience as much
reduction in ED visits and hospitalizations than almost all other classes requires further research.
This class had high proportions of female enrollees (62.1%), young enrollees aged 18 to 34
(53.6%), and enrollees identified as Black or African American (30.9%) and Latinx (25.8%), but
a low proportion of enrollees experiencing homelessness (35.3%). This class also had a decrease
in average ED visits per quarter starting several quarters before WPC enrollment, and had the
lowest levels of hospitalization of all the classes that had “Moderate-to-High Utilization”
(Appendix 3.5). There are multiple potential explanations for the seemingly paradoxical finding

of this class with low health needs but high utilization. It is possible that these enrollees may
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have frequented the ED due to social, economic, or behavioral factors, not measured by the
variables included in this study. Additionally, it is possible that enrollees in this class had
undiagnosed conditions or higher severity that were not reflected in claims data, but still resulted
in high utilization. Disparities in diagnoses for women and people of color have been
documented for conditions including mental illness, cancer, heart disease, and lung disease.!?>:126

Another notable small class of enrollees consisted of those with “SUD with
Complications” health needs and “Moderate-to-High Utilization” trajectory prior to enrollment
(0.8% of the sample), which had smaller decreases in ED visits and hospitalizations compared to
some classes. The most noteworthy characteristics of this class were a high proportion of male
enrollees (61.6%) and enrollees experiencing homelessness (52.4%). It is possible that WPC
services did not adequately coordinate the care of these enrollees, or did not provide other types
of assistance that were needed.

Additionally, enrollees with “SMI and SUD” health needs, with both “Low Utilization”
(20.0% of the sample) and “Moderate to High Utilization” (6.3% of the sample) prior to WPC
enrollment, had large decreases in hospitalization rates from the pre-period to the post-period.
This pattern may indicate that cross-sector care coordination was especially effective at reducing
rates of admissions for enrollees experiencing serious mental illness or substance use disorder.
This finding is consistent with aspects of WPC implementation that supported behavioral health
referrals and services. For example, approximately half of WPC Pilots selected enrollees with
behavioral health conditions as a target population.*® Program regulations also required WPC
Pilots to partner with at least one specialty mental health agency, and in a survey of early
implementation pilot representatives ranked mental health providers as having high buy-in for

data sharing and care coordination relative to other social services and health care providers.??
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Beyond WPC, patients with behavioral health conditions have been the target of other cross-
sector care coordination interventions that provided linkages to medical, social, and behavioral
health services.>*'?7-12% There is potential for holistic care including health and social support to
have greater beneficial impact for this population compared to health support alone.

Several other classes had significantly different decreases in ED visits and
hospitalizations. For example, enrollees with “High Physical Health” needs and “Low
Utilization™ trajectory had a significantly greater decrease in ED visits than the “High Overall,”
“SUD with Complications,” and “Low Overall” health needs classes with “Moderate-to-High”
utilization. This class also had a significantly greater decrease in hospitalizations than the “High
Physical Health” and “SUD with Complications” health needs classes that had “Moderate-to-
High” utilization. Furthermore, enrollees with “High Physical Health” needs and ‘“Moderate-to-
High” utilization had significantly smaller decreases in ED visits and hospitalizations compared
to several other classes. The finding of opposite results for enrollees with similar physical health
needs but different pre-period utilization indicates that prior utilization may have had a stronger
influence on post-enrollment acute care utilization than physical health status.

Finally, for ED visits, enrollees with “Low Overall” health needs and “Low Utilization”
trajectory prior to WPC enrollment had a significantly larger decrease in rates than the class with
“Low Overall” health need and “Moderate-to-High Utilization,” For hospitalizations, the “Low
Overall” health needs and “Low Utilization” class had multiple significantly larger decreases
compared to four classes, three of which also had “Moderate-to-High Utilization” during the pre-
period. Though these findings may seem counter-intuitive because enrollees in this class by
definition had low pre-enrollment utilization, they are a result of large decreases in rates,

particularly hospitalization, after WPC enrollment; and not large changes in mean level of
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utilization (Appendix 3.5). The finding of a larger decrease in rate among historically low
utilizers compared to some classes of high utilizers was consistent with other studies of cross-
sector care coordination, such as one analysis that found no significant effect on utilization for a
“high-needs” subgroup of enrollees.?! Similarly, another evaluation of care coordination for
frequent ED users found that high acute care utilization at baseline predicted slower rates of
decrease after enrollment.?* Smaller decreases in rates among high utilizers may reflect the
difficulty of changing entrenched behaviors and addressing complex health conditions that lead

to acute care utilization.

Limitations

Results should be interpreted in light of two key limitations. First, because the focus of
this study was to understand differences in the impact of cross-sector care coordination between
subgroups of enrollees, and because appropriate matching to controls would likely require
identification of control group latent classes beyond the scope of this dissertation, this analysis
relied only on data from the treatment group and did not include a control group of Medi-Cal
enrollees not enrolled in WPC. Therefore, the within-class differences presented could be a result
of regression to the mean. Several classes had plateaus and even declines prior to WPC
enrollment in actual mean numbers of ED visits and hospitalizations (Appendix 3.5), indicating
that some of the observed decrease in rate of change from the pre-period to the post-period may
be explained by factors other than enrollment in WPC. However, an interim evaluation of the
overall enrolled population, not classified into subpopulations, found declines in ED visits and
hospitalizations relative to controls, indicating that care coordination had an impact.** Second,

this study relied on assignment of enrollees to latent classes based on their greatest posterior
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probability of class membership. Enrollees in the smaller classes in particular had only moderate
certainty of class assignment (Appendix 3.1), and so results may be more reliable for the larger
classes with higher certainty of class assignment. I described additional limitations related to

sample selection, generalizability, and enrollee classification in Chapters 2 and 3.

Implications

Cross-sector care coordination programs that include both health and social services, and
offer interventions to reduce acute care utilization for current and potential high utilizers, may
have different effects on enrollees with different health needs and utilization trajectories prior to
enrollment. To maximize resource efficiency and program effectiveness, government agencies
and health care organizations developing these programs should consider the clinical histories of
the target population, and should tailor service type and intensity accordingly. In programs that
aim to reduce acute care utilization, trade-offs may arise when deciding whether to focus on
small subpopulations with high pre-enrollment utilization, or large subpopulations with low pre-
enrollment utilization. For example, this study provided evidence that cross-sector care
coordination had a significantly limited impact on a small but potentially important class of
enrollees with low overall health needs (as documented in claims) but high utilization prior to
enrollment. Similarly, this study found limited reductions in acute care utilization for another
small but potentially impactful class of enrollees who had SUD with physical health
complications and high utilization prior to enrollment. Government agencies and health care
organizations should evaluate whether it is an efficient use of resources to focus on small but

high utilizing groups that may require intensive services.
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Additionally, this study found that cross-sector care coordination resulted in a
significantly greater reduction in hospitalizations for the large population of enrollees with SMI
and SUD, compared to patients with physical health conditions alone, regardless of whether prior
utilization was low or high. Cross-sector care coordination may be an effective strategy for
reducing inpatient stays for people with mental illness and substance use disorder. Future
research should evaluate the effect of cross-sector care coordination for enrollee subpopulations
based on health needs, utilization history, and other factors such as demographics and social risk
in order to understand high impact opportunities to improve patient care and health outcomes.
Research on the differential effects of cross-sector care coordination for enrollees with varying
health needs and utilization histories can provide novel insights into who may benefit most from

holistic supports, and can contribute to tailored intervention development and evaluation.
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Appendices

Appendix 3.1. Class assignment certainty for joint health needs and enrollee utilization
trajectory classes.

Appendix 3.1. Table 1. Average probability of assignment to each class, among those who were

assigned to it.

Average Probability of Class Members Being
Assigned to This Class

P(Utilization

Utilization Trajectory % of P(Health Needs Trajectory P(Joint
Health Needs Classes Classes Sample Class) Class) Class)
High Overall Moderate-High Utilization 6.1 0.81 0.96 0.78
High Physical Health  Moderate-High Ultilization 4.3 0.82 0.91 0.75
SMI and SUD Moderate-High Utilization 6.3 0.75 0.93 0.69
SUD with Moderate-High Utilization 0.8 0.74 0.91 0.68
Complications
Low Overall Moderate-High Utilization 1.1 0.69 0.86 0.59
High Overall Low Utilization 42 0.69 0.93 0.64
High Physical Health  Low Ultilization 232 0.79 0.97 0.77
SMI and SUD Low Utilization 20.0 0.75 0.97 0.73
SUD with Low Utilization 3.2 0.74 0.96 0.71
Complications
Low Overall Low Utilization 30.9 0.81 0.99 0.80

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.
Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD).

This table indicates that the members of the Low Overall - Moderate-High Utilization, and the High Overall - Low Utilization
classes had the lowest average certainties of joint class assignment.

Average probability of assignment to each class was taken from the diagonal elements of the posterior probability matrix. For
each enrollee, health needs class assignment probability was multiplied by utilization trajectory class probability to calculate
joint class probability. Values closer to 1 indicate that people assigned to Class & had a high probability of being in Class &
relative to their probabilities of being in other classes (i.e., high certainty of class assignment). Values of 0.8 and above are
considered indicators of good class assignment.’
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Appendix 3.2. Robustness check of models with varying specifications.
Appendix 3.2. Table 1. Significant difference in difference in slope of mean outpatient ED visits

per quarter, for varying model specifications, comparing all health needs and utilization classes.

Models with Significant Difference in Difference Compared to Reference
(Differencecomparison - Differencereference)

Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SUD-
Classes Classes HO HPH SUD C LO HO HPH C LO
High Overall Moderate-High -
High Physical Health Moderate-High -
SMI and SUD Moderate-High 2 -
SUD with .
Complications Moderate-High > )
. 1,2,3, 1,23, 123, L3, )
Low Overall Moderate-High 456 456 45 45
. 1,2,3,
High Overall Low 45
. . 1,2,3, 1,2,3, 12,3,
High Physical Health Low 4 2 2 45 456
1, 1,2,3,
SMI and SUD Low 2 4 456
SUD with Low 1,2, 6 1,2, 1,23, )
Complications 4 4 45,6
1 )2’37
Low Overall Low 2 2 2 2 456 -

Numbers 1 through 6 indicate that the difference in difference, for the reference versus the comparison, was significant in the
model (p < 0.05). Numbers refer to models with the following specifications:
1. Main model (described in text).
Main model, with no clustered standard errors.
Main model, with Medi-Cal Enrollment replacing WPC enrollment as covariate.
Main model, with no covariate for months enrolled in Medi-Cal or WPC.
Main model, with no covariate for CDPS score.
Unadjusted model, including random effects and clustered standard errors.

Sk wd

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to High Overall health needs (HO); High Physical Health needs (HPH); Serious Mental Illness or
Substance Use Disorder health needs (SMI-SUD); SUD with Complications health needs (SUD-C); and Low Overall health
needs (LO); pre-period (Pre); post-period (Post).

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.
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Appendix 3.2. Table 2. Significant difference in difference in slope of mean hospitalizations per

quarter, for varying model specifications, comparing all health needs and utilization classes.

Models with Significant Difference in Difference Compared to Reference
(Differencecomparison - Differencegeference)

Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SMI- SUD-
Classes Classes HO HPH SUD C HO HPH SUD C LO
High Overall Moderate-High -
. . . 1,2,3
High Physical Health Moderate-High 4’ ’ -
SMI and SUD Moderate-High 1’2’3’ 1’2’3’ -
SUD with . 1.3, 1,2,3,
Complications Moderate-High 4.5 4,5
. 1.3,
Low Overall Moderate-High 456 -
. 1,2,3, 1,2,3,
High Overall Low 4 45 -
High Physical Health Low 2 1,23, 1,2.3, -
4 4,5
172)3’ 172)3’ 172)3’ 1)2’37
SMI and SUD Low 4 4 4 456 2 2 -
SUD with 1,2,3, 1,2,3,
Complications Low 2 4 456 3,6 6 6 )
172)3’ 172)3’ 172)3’ 1)2)
Low Overall Low 4 4 45 2 2 -

Numbers 1 through 6 indicate that the difference in difference, for the reference versus the comparison, was significant in the
model (p < 0.05). Numbers refer to models with the following specifications:
1. Main model (described in text).
Main model, with no clustered standard errors.
Main model, with Medi-Cal Enrollment replacing WPC enrollment as covariate.
Main model, with no covariate for months enrolled in Medi-Cal or WPC.
Main model, with no covariate for CDPS score.
Unadjusted model, including random effects and clustered standard errors.

SN

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to High Overall health needs (HO); High Physical Health needs (HPH); Serious Mental Illness or
Substance Use Disorder health needs (SMI-SUD); SUD with Complications health needs (SUD-C); and Low Overall health
needs (LO); pre-period (Pre); post-period (Post).

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.
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Appendix 3.3. Estimated regression coefficients and formulas used to calculate selected

parameters.

Appendix 3.3. Table 1. Estimated regression coefficients and formulas.

Coefficient or

Component in

Shorthand in

Formula Regression Equation  Results Section Interpretation
Bo Bo - Reference group intercept in the pre-period.
— — Pre Slope . .
By B X Quarter (Reference) Reference class slope in the pre-period.
— — . Reference group level change at the start of
L2 B X Intervention ) the intervention.
7 Bs x Quarter (ggregfg Reference class difference in slopes
3 : - - o
X Intervention (Reference) between the pre-period and the post-period.
Difference between the comparison group
Ba B X Class - and the reference group in intercept in the
pre-period.
— Difference between the comparison group
= Bs X Class . :
Bs - and the reference group in slope in the pre-
X Quarter .
period.
— Difference between the comparison group
= Be X Class .
Be . - and the reference group in level at the start
X Intervention : :
of the intervention.
B, X Class Difference between the comparison group
B, X Quarter - and the reference group in slope in the post-
X Intervention period compared with the pre-period.
= = Pre Slope . . .
B1 + Bs See above. (Comparison) Comparison class slope in the pre-period
B+ B See above Post Slope Reference class slope in the post-period
17T P3 ' (Reference) P postp '
— Post Slope . . .
By + Bs + Bs + B See above. (Comparison) Comparison class slope in the post-period.
AT See above (ggtegfg Comparison class difference in slopes
Bs + B ' . between the pre-period and the post-period.
(Comparison)
Difference from
— Reference Comparison class difference in slopes
B, See above. . . .
(Differencecrass -  between the pre-period and the post-period.
DifferenCeReference)

Interpretations based in part on Linden 2015."3° Unexponentiated estimated coefficients represent the change in /n(Number of

Events), and have a null value of 0.0. Exponentiated coefficients (e.g., ePstB; ). refer to incidence rate ratios (IRRs), which
represent the multiplicative or percentage change in number of events, and have a null value of 1.0.
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Appendix 3.4. Descriptive analysis of post-period Medi-Cal enrollment and WPC enrollment.

Appendix 3.4. Table 1. Post-period Medi-Cal and WPC enrollment.

Post-Period Medi-Cal

Enrollment Post-Period WPC Enrollment

Mean Months (SD) 21.9 (5.0) 14.1 (8.6)
% Enrolled by Duration

1 to 3 months 1.4 14.5

4 to 6 months 1.9 12.1

7 to 9 months 2.1 11.3

10 to 12 months 2.4 7.6

13 to 15 months 2.9 10.2

16 to 18 months 3.2 4.5

19 to 21 months 44 4.1

22 to 24 months 81.6 35.8

Post-period Medi-Cal enrollment calculated as the total number of months each enrollee was enrolled in Medi-Cal during the
eight quarters starting from first enrollment in WPC.

Post-period WPC enrollment calculated as the total number of months between each enrollee’s first and last enrollment date
during the eight quarter post-period, including start and end months.
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Appendix 3.5. Graphs of predicted and actual means.

Appendix 3.5. Figure 1. Adjusted predictions of number of ED visits, and actual values.

Actuals Adjusted
Moderate-to-High Utilization Trajectory

Low Utilization Trajectory

High Overall Health Needs (6.1%)

4
3 235 2:49g 10
—e 1.48
2 —————
1
0
1 9 17
High Physical Health Needs (4.3%)
4
3 1186 1.89
2 —— 157 1.11
R
1
0
1 9 17
SMI and SUD Health Needs (6.3%)
4
3 210 231 g9
P 1.32
.\
1
0
1 9 17

SUD with Complications Health Needs (0.8%)

4
3 2.09 2.03 1.75
) ——— 1.21
\
1
0
1 9 17
Low Overall Health Needs (1.1%)
4
3 2.51 2.42
1.84
—
1
0
1 9 17

High Overall Health Needs (4.2%)

4
3
2
L [042 0.55 0.61 0.50
0
1 9 17
High Physical Health Needs (23.2%)
4
3
2
1 0.37 0.51 0.48 0.39
0
1 9 17
SMI and SUD Health Needs (20.0%)
4
3
2
, (042 0.55 0.57 0.47
0
1 9 17

SUD with Complications Health Needs (3.2%)

4
3
2
. 0.50 0.66 0.65 0.50
0
1 9 17
Low Overall Health Needs (30.9%)
4
3
2 0.78
, [050 /6 0.64 0.51
0
1 9 17

Labeled with predicted means at Quarters 1, 8, 9, and 16. Line at x = 9 indicates start of post-period.

x-axis = Quarters of the Study Period. y-axis = Number of Events.

Unadjusted predictions closely followed actual values, and are omitted here to simplify the graphs.
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Appendix 3.5. Figure 2. Adjusted predictions of number of hospitalizations, and actual values.

Actuals Adjusted
Moderate-to-High Utilization Trajectory Low Utilization Trajectory
High Overall Health Needs (6.1%) High Overall Health Needs (4.2%)
2 2
0.91 1.05 0.89 0.64
1 — ' 1 0.34
—_——— 0.23 . 0.34 0.29
0 0
1 9 17 1 9 17
High Physical Health Needs (4.3%) High Physical Health Needs (23.2%)
2 2
. 0.90 0.91 0.72 0.53 )
—_—— 0.19 0.31 031 0.26
0 0
1 9 17 1 9 17
SMI and SUD Health Needs (6.3%) SMI and SUD Health Needs (20.0%)
2 2
0.83
1 0.66 0.71 0.45 1
— —— 0.14 0.24 0.26 0.20
0 0
1 9 17 1 9 17
SUD with Complications Health Needs (0.8%) SUD with Complications Health Needs (3.2%)
2 2
1.08
. 095 (gc 061
e —————— o
—_— 1 030 047 038 0.29
0 0
Low Overall Health Needs (1.1%) Low Overall Health Needs (30.9%)
2 2
1 |0.63 064 ¢
. 0.36 1
e 0.14 0.22 0.30 0.21
0 0
1 9 17 1 9 17

Labeled with predicted means at Quarters 1, 8, 9, and 16. Line at x = 9 indicates start of post-period.
x-axis = Quarters of the Study Period. y-axis = Number of Events

Unadjusted predictions closely followed actual values, and are omitted here to simplify the graphs.
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Appendix 3.6. Unadjusted analysis of outcomes by class.
Appendix 3.6. Table 1. Unadjusted difference from pre-period to post-period in rate of change of

mean outpatient ED visits per quarter, by health needs and utilization trajectory classes.

Rate of Rate of Difference in

Change Change Rate of Change

During 2 During 2 Before and Rate

Utilization Trajectory  Years Prior to  Years Post  of Change After
Health Needs Classes Classes Enrollment Enrollment (Post - Pre) p-value
High Overall Moderate-High Utilization 0.03 -0.09 -0.12 <0.001*
High Physical Health Moderate-High Utilization 0.03 -0.09 -0.12 <0.001*
SMI and SUD Moderate-High Utilization 0.03 -0.09 -0.11 <0.001*
SUD with Complications =~ Moderate-High Utilization 0.03 -0.09 -0.12 <0.001*
Low Overall Moderate-High Utilization 0.01 -0.07 -0.08 <0.001*
High Overall Low Utilization 0.06 -0.06 -0.11 <0.001*
High Physical Health Low Utilization 0.07 -0.05 -0.13 <0.001*
SMI and SUD Low Utilization 0.05 -0.06 -0.12 <0.001*
SUD with Complications ~ Low Utilization 0.07 -0.07 -0.15 <0.001*
Low Overall Low Utilization 0.09 -0.06 -0.16 <0.001*

“Rate of Change” refers to the unexponentiated slope, which is the change in /n(Number of Events) associated with an increase
of 1 quarter. For example, a rate of 0.01 indicates a multiplicative increase of exp(0.01) = 1.01, or a 1% increase estimated
number of visits from quarter x to quarter x + 1. Appendix 5 presents predicted number of ED visits and hospitalizations at the
start and end of each period, by class.

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale, and have a null value of 0.0.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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Appendix 3.6. Table 2. The relative decline in ED visits across health needs and utilization

trajectory classes.

Differences in Rates of Change Cross Class
(Differencecomparison - Differencegeference)

Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SMI- SUD-
Classes Classes HO HPH SUD C LO HO HPH SUD C LO
High Overall Moderate-High -
High Physical Health Moderate-High ~ 0.00 -
SMI and SUD Moderate-High -0.01  -0.01 -
SUD with. Moderate-High  0.00  0.00 001 -
Complications
Low Overall Moderate-High -0.04* -0.04* -0.03 -0.04 -
High Overall Low -0.01 -0.01 0.00 -0.01 0.03 -
High Physical Health Low 0.01 0.00 0.02 0.01 0.04% 0.01 -
SMI and SUD Low 0.00 -0.01 0.01 0.00 0.03* 0.00 -0.01% -
SUD with Low 003 002 0.03* 003 0.06* 0.03* 002 003 -
Complications
Low Overall Low 0.03 003 004 003 0.07¢* 0.04 003 0.04 0.01 -

A positive value indicates greater decrease in rate of change, or a potentially greater program effect, for the reference class
listed in the left-hand column, compared to the comparison class listed on the top.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).
Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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Appendix 3.6. Table 3. Unadjusted difference from pre-period to post-period in rate of change of

mean hospitalizations per quarter, by health needs and utilization trajectory classes.

Rate of Rate of Difference in

Change Change Rate of Change

During 2 During 2 Before and Rate

Utilization Trajectory  Years Prior to  Years Post  of Change After
Health Needs Classes Classes Enrollment Enrollment (Post - Pre) p-value
High Overall Moderate-High Utilization 0.07 -0.10 -0.16 <0.001*
High Physical Health Moderate-High Utilization 0.07 -0.09 -0.17 <0.001*
SMI and SUD Moderate-High Utilization 0.06 -0.10 -0.16 <0.001*
SUD with Complications =~ Moderate-High Utilization 0.04 -0.09 -0.13 <0.001*
Low Overall Moderate-High Utilization 0.03 -0.08 -0.10 0.016*
High Overall Low Utilization 0.10 -0.06 -0.15 <0.001*
High Physical Health Low Utilization 0.11 -0.05 -0.16 <0.001*
SMI and SUD Low Utilization 0.10 -0.06 -0.16 <0.001*
SUD with Complications  Low Utilization 0.12 -0.08 -0.20 <0.001*
Low Overall Low Utilization 0.10 -0.07 -0.16 <0.001*

“Rate of Change” refers to the unexponentiated slope, which is the change in /n(Number of Events) associated with an increase
of 1 quarter. For example, a rate of 0.01 indicates a multiplicative increase of exp(0.01) = 1.01, or a 1% increase estimated
number of visits from quarter x to quarter x + 1. Appendix 5 presents predicted number of ED visits and hospitalizations at the
start and end of each period, by class.

Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of

difference on the linear scale, and have a null value of 0.0.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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Appendix 3.6. Table 4. The relative decline in hospitalizations across health needs and utilization

trajectory classes.

Differences in Rates of Change Cross Class
(Differencecomparison - Differencegeference)

Reference Moderate-High Utilization Low Utilization
Utilization
Health Needs Trajectory SMI- SUD- SMI- SUD-
Classes Classes HO HPH SUD C LO HO HPH SUD C LO
High Overall Moderate-High -
High Physical Health Moderate-High ~ 0.00 -
SMI and SUD Moderate-High  0.00  -0.01 -
SUD with. Moderate-High -0.03  -0.03 -0.03 -
Complications
Low Overall Moderate-High -0.06 -0.06 -0.06* -0.03 -
High Overall Low -0.01 -0.01 -0.01 0.02 0.05 -
High Physical Health Low 0.00 -0.01 0.00 003 0.06 0.0l -
SMI and SUD Low -0.01 -0.01 0.00 0.03 0.05* 0.00 0.00 -
SUD with Low 004 004 004 007 0.10% 0.05% 0.04* 004 -
Complications
Low Overall Low 0.00 000 000 003 0.06 0.0l 0.01 0.01  -0.04 -

A positive value indicates greater decrease in rate of change, or a potentially greater program effect, for the reference class
listed in the left-hand column, compared to the comparison class listed on the top.

Health needs and utilization trajectory classes were defined in Chapter 2 and Chapter 3.

Abbreviations refer to serious mental illness (SMI); substance use disorder (SUD); pre-period (Pre); post-period (Post).
Values are unexponentiated estimated coefficients from multilevel negative binomial regression using enrollee as a random
effect, and adjusting standard errors for clustering by county. Unexponentiated values are presented to allow analysis of
difference on the linear scale. Unexponentiated estimated coefficients represent the change in /n(Number of Events) associated
with each additional quarter, and have a null value of 0.0.

Appendix 3.3 contains the interpretation of regression coefficients and formulas used to calculate selected parameters.

* p <0.05; p-values calculated using Stata /incom command.
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V.SUMMARY AND IMPLICATIONS
Summary

These analyses indicated that in Whole Person Care (WPC), a large-scale cross-sector
care coordination program that linked health and social services for Medicaid enrollees in
California, significant heterogeneity arose in enrollee health needs and pre-enrollment utilization
history. Furthermore, change in rate of acute care utilization after receipt of services varied by
health needs and prior utilization. Latent class analysis categorized enrollees into five classes
based on health needs, measured using medical and behavioral health diagnoses in Medicaid
claims during the two years prior to WPC enrollment. The classes consisted of enrollees with
“High Overall” health needs (10.3%), “High Physical Health” needs (27.5%), “Serious Mental
Illness (SMI) and Substance Use Disorder (SUD)” health needs (26.3%), “SUD with
Complications” health needs (4.0%), and “Low Overall” health needs (32.0%). These
populations aligned with WPC program-defined target populations to some extent, though there
were discrepancies. For example, though LCA categorized over a quarter of enrollees into the
“High Physical Health” needs class, less than 10% of the sample was in the “Chronic Physical
Conditions” WPC target population. Similarly, though LCA categorized over a quarter of
enrollees into the “SMI and SUD” needs class, only 12% of the sample was in the “SMI/SUD”
WPC target population. It is possible that program-defined target populations were used
internally to improve program implementation. However, my analyses showed that for
evaluation, relying on programmatic designations such as WPC target populations would risk
underrepresenting the health needs of enrollees with notable comorbidities.

Analysis of prior utilization trajectories using group-based trajectory modeling (GBTM)

further highlighted the value of data-driven classification of enrollees in large and complex
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interventions, especially those that target current and potential high utilizers. GBTM analysis
supplemented the LCA, and identified two classes of enrollees with “Moderate-to-High”
utilization trajectory (18.3%), and “Low” utilization trajectory (81.7%). Like the LCA, GBTM
revealed discrepancies between patterns in the data and a WPC program-defined target
population. Though over half of enrollees were in the WPC “High Utilizers™ target population, a
much smaller proportion were categorized into the “Moderate-to-High” utilization trajectory
class based on number of acute care encounters documented in Medicaid claims data during the
two years prior to WPC enrollment. This was expected because some WPC Pilots classified
enrollees into the WPC “High Utilizers™ target population based risk of future high utilization,
rather than prior utilization alone. For example, Contra Costa’s primary target population was
“High Utilizers,” and they based enrollment on an innovative predictive risk model that
identified adults expected to have future avoidable acute care use.* Compared to the variety and
uncertainty in target population definitions, GBTM analysis provided a standardized approach to
systematically assess enrollees.

The final analysis assessed the acute care utilization of WPC enrollees in the above
classes before and after enrollment in WPC, and showed that rates of outpatient ED visits
followed by discharge and hospitalizations decreased for all classes during the two-year post
period relative to the two-year pre-period, except for a small but notable class with “Low
Overall” health needs and “Moderate-to-High” pre-enrollment utilization (1.1%) which had a
non-significant decrease in hospitalization rates. In cross-class comparisons, decreases in rates
were typically smaller for enrollees with “Moderate-to-High” utilization trajectories prior to
enrollment, especially those with “Low Overall” and “SUD with Complications” health needs.

This finding supported my a priori hypothesis that care coordination would have a smaller effect
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on enrollees with high utilization prior to enrollment compared to enrollees with low utilization,
because high utilizers may have had more entrenched needs or behaviors. Additionally, enrollees
with “SMI and SUD” health needs, with both “Moderate-to-High” and “Low” prior utilization
trajectories, had a large decrease in rates of hospitalizations compared to the other classes. This
could be due to aspects of WPC that focused on behavioral health, such as the requirement that
pilots partner with at least one specialty mental health agency, and implementation of sobering
centers in some pilots.?® These results provide evidence that care coordination may have had a
marginally greater impact on acute care utilization of some classes of enrollees, but additional

evidence is needed to confirm this trend.

Overall Limitations

There were limitations to these analyses. First, reliance on claims data led to potential
under-representation of diagnoses and utilization, limited understanding of disease severity, and
limited details on enrollee social and economic experiences. Though analysis identified a large
subpopulation of patients with “Low Overall” health needs, it is possible that some conditions
were not documented in claims for members of this group. Second, selection of a non-random
sample of intervention enrollees increased relevance in a real-world context, but limited
generalizability to other populations and settings. For example, the identified classes might not
generalize to states other than California with a different demographic composition or landscape
of services and policies, or to patients enrolled in other insurance such as Medicare in which the
population could be older and have greater or different medical complexity. Third, assignment of
enrollees to classes based on their highest probability of class assignment introduced potential

misclassification error. Fourth, lack of a control group limited causal interpretation of the within-
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class changes in rates of acute care utilization from the pre-period to the post-period. These

limitations could be addressed in future research.

Implications for Research and Practice

Cross-sector care coordination is a valuable approach to addressing social determinants
of health, improving health outcomes, and reducing avoidable utilization. Prior research found
mixed results regarding reductions in acute care utilization after cross-sector care coordination,
but used small samples of intervention enrollees and did not disaggregate by enrollee
subpopulation.?!22:2425:28 In light of this gap in research, the findings of this study have
implications for researchers and evaluators, as well as government agencies and health care
organizations implementing care coordination or other interventions that target heterogeneous
groups of current and potential high utilizers. Examples of programs for which this study’s
implications could be relevant include WPC itself,* the State of California CalAIM Enhanced
Care Management (ECM) program scheduled for full implementation in 2023,'3! the Hennepin

Health initiative in Minnesota,?132-134

and the Johns Hopkins Community Health Partnership in
Maryland.!”

There were two key implications of this research, described in additional detail below.
First, there are several dimensions that can be used to characterize subpopulations of
heterogeneous enrollees in cross-sector care coordination and other programs that target high
utilizers. These include prior and anticipated future utilization, health and social complexity,
subpopulation size, and expected impact of the intervention for each subpopulation. Data-driven

classification approaches such as LCA and GBTM can surface meaningful information about

enrollee heterogeneity, but even without in-depth quantitative analysis program managers and
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analysts can still conceptualize target populations in terms of these dimensions to inform
implementation and evaluation. Second, cross-sector care coordination and other interventions
that aim to reduce acute care utilization may have a greater impact on some enrollees than others.
Program managers can increase return on investment by implementing tailored strategies that

focus care based on identified and prioritized subpopulations.

Framework for Characterizing Heterogeneous Enrollee Populations

This dissertation demonstrated that identifying enrollee heterogeneity was useful in
systematically characterizing subpopulations in a California Medicaid demonstration program
that focused on a large population of current and potential future high utilizers. It is important to
use data-driven methods to classify heterogeneity in other real-world programs that target
patients with complex health needs and utilization histories, or in which enrollment criteria can
be implemented differently and include criteria chosen by implementing entities. For example, in
California, in a new Enhanced Care Management (ECM) Medicaid benefit under the CalAIM

program, the eligibility criteria for each of the six “Populations of Focus,”'*3

allow flexibility
(e.g., enroll people who “meet one or more of the following criteria”); allow subjectivity (e.g.,
enroll people “for whom coordination of services would likely result in improved health
outcomes and/or decreased utilization); and use intersectional definitions including social
needs, health needs, and utilization histories (e.g., enroll people who are “transitioning from
incarceration...[and have]...Chronic mental illness [or] Substance Use Disorder’). Successful
outcomes of this program could depend on use of LCA, or less technical approaches, to

understand subpopulations of enrollees and gain insight into what intervention strategies could

be most effective given enrollee characteristics.
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This dissertation highlighted four key dimensions that care coordination programs and
other interventions that target high utilizers can use to meaningfully characterize heterogeneous
subpopulations of enrollees (Summary and Implications Figure 1). Subpopulations can be
characterized in terms of: (1) utilization, including documented prior utilization and anticipated
risk of future utilization based on predictive risk models or qualitative assessment of risk; (2)
health and social complexity, including the extent to which basic needs are met as well as
medical and behavioral health needs; (3) subpopulation size, including absolute number of
people and the relative proportion of the overall population that is in each subpopulation; and (4)
expected impact of the program for each subpopulation, assessed prior to the program or during
early implementation through expert input, literature review, or pilot analyses.

Classifying heterogeneous enrollees into subpopulations based on these dimensions can
help government agencies, program managers, and other stakeholders clarify who is enrolled and
why. This in turn can inform program conceptualization and development. For example, in
WPC, clearer distinction between current high utilizers and potential future high utilizers might
have changed who was assigned to the “High Utilizers” program-defined target population,
leading to a different understanding of the program during implementation and evaluation.
Similarly, quantifying the high prevalence of mental health conditions and substance use
disorder among enrollees, and identifying the significant associations between behavioral health
needs and high pre-enrollment acute care utilization, could have influenced program decisions to

strengthen behavioral health staffing, partnerships, and intervention strategies in WPC.
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Summary and Implications Figure 1. Framework for characterizing heterogeneous populations

enrolled in care coordination or other programs that target high utilizers.
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Strategies for Increasing Program Impact Based on Classification

After identifying subpopulations, program managers can develop strategies tailored to
different subpopulations to achieve a greater return on investment from the program. Specific
strategies depend on the context, but could include: more intensive supports for large populations
with high needs and histories of high utilization; varied and specialized supports for populations
with mixed sizes, needs, and utilization histories; and lighter support and monitoring for small
populations with low needs and histories of low utilization (Summary and Implications Table 1).

This dissertation found that in WPC, enrollees with “SMI and SUD” health needs, with
both low and high prior utilization, had especially large decreases in hospitalizations. This may
be due to WPC targeting people with behavioral health conditions and providing tailored
behavioral health supports.3®3* Other cross-sector care coordination interventions have also
focused improving health and reducing avoidable utilization for people with SMI or SUD,
indicating the widespread importance of this population.?*!?"-12 Additionally, prior research on
cross-sector care coordination found smaller reductions in acute care utilization for enrollees
with high utilization prior to enrollment.?!>* This trend was reflected to some extent in this
dissertation, though WPC impact also varied by health need in addition to utilization history. It
may be necessary to provide more specialized or intensive care coordination services to reduce

acute care utilization for enrollees with a history of persistent high service use.
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Summary and Implications Table 1. Example strategies for increasing program impact, by four

dimensions for characterizing heterogeneous populations enrolled in care coordination or other

programs that target high utilizers.

Dimensions for Characterizing Enrollees

Health and Expected
Util- Social Population Program Example WPC
Priority ization Complexity Size Impact Classes Example Strategies
High High High High High Intensive care coordination
. . . including frequent in-person
High Low High High contact may be required to have
High High High Low an impact.
Strong behavioral health
High High Low High SMI-SUD — High Util. supports for enrollees with
. . . . mental illness or substance use
Low High High High SMI-SUD — Low Util. disorder.
Moderate High Low High Low Tailor care coordination to the
. . diverse utilization patterns and
High Low Low High health needs of these
High High Low Low  HPH - High Util. subpopulations.
Consider trade-offs between
Low Low High High LO - Low Util. population size and expected
) . . program impact, e.g., it may be
Low High High Low HPH — Low Util. worthwhile to target lower
Low High Low High utilizers if t}.le.re are many of
them and utilization trends are
expected to notably decline.
Low High Low Low Low LO - High Util. Low-touch care coordination
. such as phone-based or
Low Low High Low infrequent contact may be
Low Low Low High adequate. o )
Monitor for shifts into higher
Low High Low Low HO - Low Util. priority subpopulations.
Low Low Low Low

Abbreviations refer to Serious Mental Illness and Substance Use Disorder health needs (SMI-SUD); High Physical Health
needs (HPH); Low Overall health needs (LO), High Overall health needs (HO), and Utilization (Util.).
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Opportunities for Future Research

More research is needed to validate whether the subpopulations identified in this research
exist in other programs that target high utilizers; whether similar reductions in ED visits and
hospitalizations would be observed after program enrollment; and to what extent differences in
rates of acute care utilization can be causally attributed to participation in care coordination.
There is ample opportunity to deepen evaluation insights and tailor interventions by using

subpopulation analysis to better understand patient health needs and utilization histories.
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