ABSTRACT

MELE, JESSICA A. Data Analytics and Decision Making: Evaluating Risk and Burden Associated with
Infectious Respiratory Diseases. (Under the direction of Julie Swann and Osman Ozaltin.)

Infectious respiratory diseases cause substantial burden on healthcare systems in the United
States each year. In recent years, two of the most notable infectious respiratory diseases have been
pneumonia and COVID-19. Recent studies suggest that pneumonia causes 1.5 million unique
hospitalizations in the United States each year whereby COVID-19 is estimated to have caused
4.6 million hospitalizations nationally since it first emerged in 2020. In addition to the increased
risk of severe disease and mortality, pneumonia and COVID-19 both incur substantial healthcare-
associated costs. Understanding risk factors and disease characteristics remain critical components
to improving health outcomes and reducing overall burden associated with these two diseases.

This work explores the use of data analytics to develop tools to overcome modern challenges
surrounding computational modeling and big data in healthcare with the intention to provide
interpretable solutions to inform public health. The proposed models are developed to be used as
tools to improve population health and facilitate intervention design to reduce severe outcomes for
pneumonia and COVID-19. This work proposes new ideas and developments to guide public health
policy and draws insights that result from applying these methods to real-world data.

The ideas presented in this work expand upon current literature surrounding infectious respira-
tory disease risk, prevention, and prevalence, and provides tools to: (i) identify at-risk populations;
(ii) recommend targeted intervention policies; and (iii) evaluate and understand disease burden.
First, risk will be explored via the development of three predictive models to understand and evaluate
30-day risk factors for pneumonia hospitalization at the individual, community, and provider levels.
Next, data-driven models will be employed to provide recommendations for targeted intervention
policies to reduce hospitalizations and healthcare-associated costs. Lastly, disease progression mod-
els will be developed to inform population susceptibility, understand historical risk, and evaluate

mitigation tactics associated with COVID-19.
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CHAPTER 1

INTRODUCTION

1.1 Data Analytics and Medical Decision Making

Description of Big Data

The term “big data” has many definitions, but most agree that the concept centralizes about the
fact that the data in question is large enough to be unmanageable using traditional software [57].
Big data is often described through a characterization of what’s known as the Vs: (i) Volume, (ii)
Velocity, (iii) Variety, and (iv) Veracity [16, 57, 74], with the list still expanding as more information
is gathered on big data. To give a short description of each: (i) Volume refers the size of the data
itself; (ii) Velocity refers to the increased speed that data is collected; (iii) Variety refers to the
diverse types and forms of organized and disorganized data that any given system can collect; and
(iv) Veracity refers to different aspects of data quality, e.g., bias, noise, etc.[57, 74]. Each of these
attributes possess unique benefits and associated challenges with these large-scale datasets. As
such, the development of automated tools for data visualization, acquisition, and decision-making
are in increased demand to aid clinicians, health departments, policy makers, and the public in
understanding and communicating key ideas and concepts that can benefit society.

There have been many advancements in the field of big data, machine learning, and artificial
intelligence, which have provided pathways for profound research and utilization of such large
data sources for various fields and data generation outlets. The utilization of such surpluses of data,
however, requires novel approaches to identify or discover patterns and relationships within the
data [74]. The studies presented in this thesis explore applications of machine learning, artificial
intelligence, and big data with respect to specific questions within the scope of medical decision

making.



Health Care Data

When discussing big data in healthcare, it is important to contextualize the various types of data and
the aggregate volume and growth of information in order to place emphasis on and fully understand
the complexity of the problems which rely on health care data. Health care data comprises a variety
of big data that can be collected in a multitude of forms such as medical histories, patient surveys,
electronic health records, doctor’s notes, lab or imaging results, data collected from wearable devices
or smartphone applications, claims data, and more [57, 74]. In recent years, estimates have shown
that the volume of health data is expanding at rates upwards of 48% growth annually[9, 120]. Other
estimates suggest that healthcare is quickly becoming the fastest growing outlet for data creation,
consumption, and utilization among others such as financial services, manufacturing, and media
and entertainment [43, 68] .

Due to the rapid accruement of and complexity surrounding healthcare data, there remains
a persistent unknown as to which questions can best be answered as well as which data sources
should be collected and used to answer those questions. Presently, there are different techniques
such as data mining, machine learning, and other forms of statistical analyses that are studied
and utilized, but improvements are necessary to combat the limitations of each approach [74]. We
present some of the many challenge and limitations of computational models in healthcare in the
proceeding sections.

A prime example of this extensive accumulation of data coupled with the need to answer never
before asked questions surrounds the COVID-19 pandemic. Since the beginning of the pandemic
in the United States, early 2020, researchers have been presented with the challenges of taking
large scale and highly irregular data to perform analyses that can aid communication between local
health departments and the general public and guide public policy. The challenges presented during
COVID-19 are unique in the sense that data is rapidly accumulating and made publicly available for
researchers to use for various problems. As a result, we are gaining insight towards the limitations of
the data in the context of aiding public policy decision making as well as defining new bounds on

our abilities to rapidly transform data to analyze human behavior and disease spread.

Challenges of Using Healthcare Data

With such existing and continued projected growth unique problems are bound to arise ranging
anywhere from data storage to usability. Even with current efforts in place to draw attention to the
importance of health data collection and participation, big data in health care falls short of being
used to its full potential. The mistranslation from data availability to knowledge or guided clinical
practice is due in part to each data variation, complexity, incompleteness, mismatch of scaling,
lack or shortcomings of computational technologies, and data privacy concerns. [1, 99]. All of these
limitations contribute to the gap between potential and practice. This work will propose new ideas
and developments to overcome these obstacles with the intention to guide public health policy and
report insights that result from applying these methods to real-world data.



1.2 Infectious Diseases in the United States

The United States has historically faced the onset of threat from several infectious diseases ranging
from Smallpox, with a recent outbreak in 1949, to other prevalent diseases such as HIV/AIDS [23, 36].
While some infectious diseases have vaccines or treatments available to lessen their impact, some
remain untreated, and there is always the chance that a new outbreak can emerge. Some of the most
prevalent infectious diseases that the United States faces annually is pneumonia and influenza, and
in recent years, COVID-19 [24, 28]. These illnesses cause substantial burden in terms of prevalence
and high risk of severe outcomes where influenza causes approximately 9 million to 41 million
illnesses annually [35], pneumonia causes 1.5 unique hospitalizations each year [137], and since
it first arrived in the United States COVID-19 has caused approximately 82 million reported cases,
4.6 million hospital admissions, and over 900,000 reported deaths [32]. That means that in recent
years, two of the most burdensome infectious respiratory diseases affecting the United States in
terms of hospitalizations and deaths are pneumonia and the novel coronavirus [24, 32]. As such,
this work focuses on developing computational tools to inform risk factors, intervention strategies,
and burden analyses for pneumonia and COVID-19. In some cases, the work presented here can
also be generalized to inform policy for other diseases or current problems and these ideas will be
presented in each of the chapters where appropriate.

There are multiple problems to solve to improve individual and population health outcomes
attributable to infectious diseases, even specifically for pneumonia and COVID-19. Due to the high
prevalence of these diseases, it is important to identify which of the population is at greatest risk of
severe disease, or even death and how to reduce that risk. Furthermore, targeted intervention policies
are necessary to reduce severe outcomes and overall costs related to this risk. Lastly, public health
experts and medical decision makers could benefit from the addition of tools to fully capture disease
incidence and evaluate transmission dynamics and disease characteristics over time. Presently,
there exists a need to identify risk factors, develop intervention policies, and improve the use of
computational modeling tools to understand total disease burden. This work focuses on addressing
all three of these aspects and provides solutions with regards to infectious respiratory diseases.

The rest of the introduction chapter will provide an overview of the three main areas that this
work will address, namely, risk of severe disease, interventions and prevention, and disease burden.
Each subsection below introduces the relevant ideas, motivation, and key contributions for the

three main objectives of this work.

Risk of Severe Disease

Infectious diseases such as pneumonia and COVID-19 are not only extremely prevalent among the
population each year, but are known to cause increased risk of severe disease or mortality risk [28, 30].
Ramirez et al. report that of the 1.5 million unique patients with community-acquired pneumonia
(CAP) hospitalized each year, one out of every three die within one year of said hospitalization [137].

Understanding pneumonia causes and risk factors can help inform interventions and improve



health literacy so that individuals can make the best decisions regarding their health to avoid these
outcomes. The CDC notes that pneumonia can be caused by a variety of pathogens, bacterial
or viral. Some of the viral diseases that are known to cause pneumonia are COVID-19, human
metapneumovirus (HMPV), human para-influenza virus (HPIV), influenza, pneumococcal disease,
respiratory syncytial virus (RSV), and rhinovirus infection, among others [26]. Ramirez et al. also
were able to identify clusters of CAP within certain populations such as low income and African
American communities which may indicate that these communities are at increased risk of exposure
to a disease that can cause pneumonia [137]. Once an individual acquires a pneumococcal illness,
there are certain known risk factors that increase their likelihood of severe disease or death. Some
include a person’s age or any pre-existing conditions such as alcoholism, chronic heart or lung
disease, diabetes, or decreased immune function [39]. There are other known risk factors such as
certain racial and ethnic groups like Alaska Native, African American, and certain American Indian
populations that can increase an individual’s likelihood of severe infections [30].

One objective of this dissertation will be to assess and evaluate risk factors associated with severe
instances of respiratory diseases. Specifically, we will utilize administrative claims data to evaluate
individual, community, and provider level impacts on an individual’s 30-day risk of experiencing a
hospitalization with a primary diagnosis of pneumonia. A key contribution of this chapter includes
the evaluation of 30-day hospitalization risk, a more immediate time frame compared to other
published studies. Other contributions include assessing risk factors via multiple machine learning
algorithms to evaluate pneumonia hospitalization risk for the general population and using data

sets which are available to multiple stakeholders ranging from hospitals to payers.

Prevention

It is important to identify the most vulnerable populations to target for interventions, or treatments,
to reduce the risk of developing severe disease which could lead to a reduced quality of life or
increased mortality risk. It is well known that the most vulnerable populations for pneumonia and
COVID-19 tend to be those youngest in age, 0-4 years old, and oldest in age, 65+ years old [39]. In
addition to age, there are other factors that put an individual at greater risk, such as one or more
comorbid conditions,i.e., diabetes, hypertension, obesity, cancer, etc., that have immunocompro-
mising consequences. The notion of identifying at-risk populations is already explored in the first
objective of this dissertation. The second objective will explore intervention targeting based on
individual risk scores.

In order to consider whom to target with interventions, it is important to understand what inter-
ventions are available and recommended to the public. Here are summarized several interventions,
varying by accessibility and costs. The easiest and cheapest intervention from an administrative
standpoint is to communicate and teach the importance of making conscientious healthy lifestyle
choices to protect oneself from infectious diseases and reduce the likelihood of experiencing severe
disease. For respiratory diseases, the CDC recommends individuals practice smart hygiene practices

such as washing your hands often and correctly, maintaining a safe distance from those who are



currently infectious, and washing high contamination-risk surfaces, such as kitchen counters and
bathrooms, regularly [34]. These changes are generally risk-free lifestyle choices that can easily
become integrated in an individual’s routine which can greatly improve health-related outcomes.
In addition to these lifestyle changes, individuals can take other measures to improve their overall
health, which lessens the likelihood of severe disease. This could come in the form of attending
general check-ups annually to complete appropriate tests, or screenings, and receive medical advice
specific to one’s health history. Further, if an individual already has been diagnosed with a chronic ill-
ness, or other health condition, they can adhere to guidelines and recommendations to alleviate the
risk attributable to these conditions. For instance, if an individual is pre-diabetic, then making con-
scientious diet choices can greatly improve one’s health outlook [34], and in turn reduces their risk
profile when considering infectious diseases. Outside of daily lifestyle choices one can make, there
are also vaccinations and treatments available that greatly reduce one’s risk of infection and likeli-
hood of severe disease. Concerning pneumonia, the current CDC vaccination recommendations
include vaccines against the pathogens and other diseases that are known to cause pneumonia[30].
These types of interventions require physician assistance to administer and are more costly than
the above-mentioned interventions. Therefore, there exist current recommendations about when
an individual should receive and how often [34].Despite the benefits associated with vaccinations,
there still exists hesitant populations that do not follow the recommended guidelines. Therefore, it
is important to know whom to target with interventions such as supplying information regarding
vaccine safety and efficacy, reminders about when to receive certain immunizations, and with the
vaccines themselves.

While understanding the types of interventions available is important for health experts, this is
only one component of medical decision making processes necessary to improve public health out-
comes. For instance, if you have potential interventions to utilize and distribute, e.g., vaccines, how
many people should receive the intervention? This decision can be impacted by various factors such
as the population at hand or budgetary constraints. If decision makers have an exact budget, then
the decision may be obvious to decidedly distribute interventions to those at highest risk. However,
this decision becomes more complex when it is desirable to make decisions that balance overall costs
and outcomes, whether successful or not, across a set of patients, such as within a hospital system.
In a set of patients with available risk scores, is there a better overall solution to reduce population
outcomes? From a stakeholder’s perspective, such as payers or hospital administrators, it may be
necessary to consider the entire set of patients to determine the best decisions at the population
level rather than focusing on one individual patient at a time due to resource constraints or ease of
decision making. Additionally, the National Association of Community Health Centers notes that
care models based on risk allow for customized care and more appropriate resource selection at the
provider level [51]. In these scenarios there may be uncertainty, surrounding the individual risk or
likelihood of severe outcomes and the overall effectiveness of the intervention to prevent severe
outcomes. As noted above, there are many available intervention types and sometimes it may also
be beneficial to consider distributing an additional intervention of lower cost. These questions



remain important to public health experts faced with the decision to intervene on a population to
reduce severe outcomes, such as hospitalizations, while also considering overall costs.

The second objective of this dissertation is to develop a multi-class method to identify popula-
tions to target with interventions to reduce pneumonia hospitalizations. In this model we consider
two available interventions, and describe a heuristic to identify risk score thresholds to administer
the two types of interventions based on risk scores, efficacy, and unit costs. Some highlighted con-
tributions of this work include the consideration of uncertainty of regarding targeting a population
with two interventions of varying efficacy, and the optimization of expected costs to reduce pneu-
monia hospitalizations. The work presented in this chapter generalizes well to other notions of risk,
for other infectious disease as well as instances where risk scores are available and interventions are

appropriate.

Burden

A more recent infectious disease, COVID-19, has been widely studied within the medical community
to understand and evaluate risk and burden associated with the disease. Similar to pneumonia, it is
well known that likelihood of severe disease, hospitalization, or even death, increases with age and
the presence of certain comorbid conditions [28]. There are other factors, such as geographiclocation
within the United States, which has been found to significantly change the level of risk an individual
might experience, or race and ethnicity where certain population groups have been shown to share a
disproportionate burden of the disease compared to others [32]. Other studies have also shown that
the total disease burden may have been much greater than what was captured, or officially reported,
via lab-confirmed cases, confirmed hospital admissions, and death certificates [10, 32, 42]. As of
May 2022, COVID-19 has been responsible for approximately 82 million documented infections,
45 million unique hospitalizations, and over 1 million deaths in the United States alone. In terms
of costs, hospitalization expenses, which varied depending on whether an individual developed
severe disease, required intensive care or mechanical ventilation, ranged anywhere from $13,000 to
$30,000 per stay [155].

Due to the rapid spread of the disease over time the United States has suffered from inadequate
and insufficient data reporting and thus has relied heavily on the assistance of data analytics and
modeling to inform decisions to reduce disease burden. For instance, compartmental and agent-
based models have been used to aid policymakers and other primary stakeholders to perform
decision analysis on the impact of certain non-pharmaceutical interventions (NPIs) and testing
strategies on disease spread, severe disease, and deaths due to the virus [17, 146]. Policymakers
worked side by side with researchers to create communication tools to make information widely
available and accessible to a variety of populations nationally and globally [54]. Understanding the
impact of these interventions and policies can help inform the future of the pandemic and other
infectious diseases that can cause substantial burden on the healthcare system at large. Furthermore,
understanding under-reporting can inform current issues regarding COVID related outcomes such

as identifying long-COVID populations, where individuals across the country are struggling to



receive assistance due to the lack of an official confirmed positive COVID test to document their
illness [115, 118].

The third objective of this dissertation is to develop methods towards understanding total burden,
i.e., incidence, hospitalizations, and deaths, associated with infectious diseases. We illustrate our
methods by estimating the total disease burden associated with COVID-19 prior to vaccination in
2020. The methods considered in this chapter can be utilized to inform similar problems with other
infectious respiratory diseases. In particular, it is helpful to characterize true disease burden in any
instance when there is under-reporting, under-diagnosis, or any changing disease landscape. Some
key contributions of this chapter include disease modeling that dynamically learns and characterizes
disease landscape from data and considers the impact of new and effective treatments, changing
transmissibility due to variants or human behaviors, and case ascertainment due to infrastructure

and testing capacity.

1.3 Objectives and Organization

The main objectives of this work can be summarized into three main components. Namely, this work
will explore and discuss the synthesis of multiple data sources to achieve the following objectives

specific to infectious respiratory diseases in the United States.

1. Identify at-risk populations.
2. Recommend targeted intervention policies.

3. Evaluate and understand disease burden.

This work expands upon the current literature on infectious respiratory disease risk, prevention,
and spread in the following ways. First, the computational models used in these studies are uniquely
defined with a purpose to provide interpretable solutions for each chapter. These models produce
findings that are consistent with current literature and can be used as tools to aide communications
and bridge the gap between large data in health care and clinical practice. Second, large volume data
sets are carefully considered and incorporated into the separate models. The exploration of different
data sets provides insights upon the usefulness of data and features that help explain individual risk
of infectious respiratory diseases as well as points to data that should be considered and collected
more frequently. Third, the tools described and developed in this work were created to utilize big
data to help inform public health, individual risk, and mitigation. Many of the models can be altered,
or transformed, to aide the same purpose for other areas outside of infectious respiratory diseases.
That is, this work can be expanded to assess risk of other unplanned or adverse events, provide
intervention policy recommendations for other areas where there is well-defined risk and available
interventions, and provide modeling tools for other infectious diseases that may cause burden on

healthcare systems.



Organization

The remainder of this work is outlined in the following manner. Chapter 2 will discuss the devel-
opment of three predictive modeling tools to identify at-risk populations for pneumonia hospital-
izations within 30 days. Chapter 3 provides policies to target interventions to reduce pneumonia
hospitalizations. Chapter 4 offers computational modeling tools and insights to evaluate burden,
e.g., incidence, hospitalization risk, and death, associated with COVID-19. Chapter 5 provides con-
cluding remarks. A review of the computational models and necessary nomenclature is provided in

Appendix A followed by Appendices for relevant additional information from each chapter.



CHAPTER 2

PREDICTIVE MODELING TO ASSESS
30-DAY RISK OF UNPLANNED
PNEUMONIA RELATED
HOSPITALIZATION

2.1 Introduction

Pneumonia causes undue burden on the United States healthcare system each year. Even those
who are able to receive treatment and recover are still at risk for long term health complications.
Grimwood et al. [79] report that a pneumococcal infection during an individual’s developmental
period, e.g. 0 to 5 years of age, lead to increased risk of chronic lung disease, asthma, and chronic
obstructive pulmonary disease in adulthood. Other sources from John Hopkins University note
that complications for pneumonia can include acute respiratory distress syndrome, lung abscesses,
respiratory failure, and sepsis [117]. These life altering illnesses are not taken lightly by individuals
or medical practitioners and in turn research efforts have been dedicated towards understanding
and reducing individual risk of pneumonia and developing severe conditions such as requiring
hospitalization.

Current literature suggests that there are known groups that are of greater risk of developing
pneumonia with serious complications that lead to a higher mortality risk than the general popula-
tion. Namely, the CDC lists individuals of age 65+, certain racial and ethnic groups such as Alaska
Native, African American, and American Indian, and others with conditions such as alcoholism,
chronic diseases, a history of smoking, diabetes, or decreased immune function [30]. Knowing

these risk factors has led to personalized recommendations for individuals to reduce their risk



of pneumococcal disease or severe complications. Ramirez et al.[137] report that mortality rates
following a community-acquired pneumonia hospitalization for 30 days, 6 months, and 1 year
were 13%, 23.4%, and 30.6%, respectively. Additionally, they found that areas with high incidence
of community acquired pneumonia were associated with low-income, who are likely unable to
afford doctor’s visits and necessary preventative medications [147], and black/African American
populations, which are known to have higher prevalence of high-risk comorbid conditions [179].
Due to the complexity of diagnostic measures and poor prognosis for those with high risk factors,
there remains a need to strengthen diagnoses and identify individuals who are in greater need
of interventions to inform policies and target interventions to reduce the burden associated with
severe instances of pneumonia. The following section summarizes the literature on risk evaluation

and efforts for predicting severe outcomes related to pneumonia prognoses and diagnoses.

2.2 Literature Review

Over the years, various prediction and classification models have been developed to understand
factors that can help quantify an individual’s risk of severe disease or mortality. The pneumonia
severity index (PSI) is successful at identifying patients with community-acquired pneumonia who
are less likely to experience severe disease outcomes or death [72] using a two-step prediction rule to
classify individuals into three risk classes depending on medical histories and physical examination
findings. The CURB-65 risk score quantifies pneumonia severity according to increased risk of
30-day mortality captured in a six point metric [106]. An assessment of the PSI, CURB, and CURB-65
scores on evaluating 30-day mortality from pneumonia revealed that the more complex score, PSI,
which utilizes specific information on coexisting conditions performs better at identifying low-risk
individuals [136].

In 2019, a predictive model which uses biomarkers to stratify patients with acute respiratory
infections into one of three risk groups for developing pneumonia, with the highest risk group
identified as having greater than 20% chance of a pneumonia diagnosis [80], showcased the impor-
tance of chest-x ray results in diagnoses and highlighted an association between certain biomarkers
(C-reactive protein existence) and the need for antibiotics for treatment. These results are important
in guiding clinical practice for administering antibiotic treatments and chest x-rays, but in practice
these tools are not available for everyone, particularly those without adequate insurance coverage.
In an analysis aiming to identify leading pathogens causing pneumonia hospitalizations, it was
reported that pathogens were only detected in 38% of adults included in the study [88]. This suggests
that there remains a need to define other variables with stronger predictive power for community
or viral pneumonia related hospitalizations.

These developed models focus on predicting overall severity of disease given that an individual
has a diagnosis of pneumonia. Then, there are some models that focus on evaluating pneumonia
readmission rates within a population [113]. Other models focus on the prediction of pneumonia,

or evaluating risk, based cohorting by pre-existing medical conditions, i.e., those with diagnosed
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respiratory tract infections, myocardial infarction, congestive heart failure, chronic obstructive
pulmonary disease, etc, to name a few [98, 143]. While these studies provide useful results and help
inform how to treat patients at-risk or diagnosed with pneumonia, they do not generalize well to
the general public, where it is known that anyone over 65 years of age is at increased risk of severe
pneumonia [30].

Moving from symptoms and individual health records, the use of administrative claims data has
been explored to understand disease severity. In 2014, administrative claims were used to predict
in-hospital mortality for individuals diagnosed with pneumonia within the first two days of hospital
admission [148]. Other studies sought to develop predictive models for hospital admissions related
to other diseases, which highlight the potential of administrative claims for patient predictions.
Yang et al. described a method to aggregate administrative claims data to develop a predictive model
to assess an individual’s risk of hospital admission given that they have congestive heart failure and
found that the dynamic [175]. They present a dynamic random survival forest model to develop
dynamic variables solely based on administrative claims data and find that the model was successful
at identifying individual risk factors for those with congestive heart failure. Another study used
administrative claims to perform personalized predictions to evaluate risk of unplanned urinary
tract hospitalizations for hierarchical clusters of Medicare beneficiaries [114]. The authors report
that the model achieves reasonable predictive performance and is useful at identifying interpretable
features that can aid intervention design.

The above-mentioned models focus on personal medical histories, and current symptoms
of pneumonia at an individual level. An assessment of community variables and CMS hospital
readmission rates highlights that readmissions for a variety of clinical conditions are influenced
by community factors at an individual’s place of residence [158]. A separate analysis signifies that
social factors such as lower education, low income, and unemployment were highly associated with
readmission and mortality following community-acquired pneumonia [20]. This highlights the need
for careful consideration of community factors when considering pneumonia hospitalization risk.

The closest known existing model in the literature that attempts to develop a predictive model for
pneumonia hospitalization is presented by Uetmatsu et al., where they propose a model to predict
pneumonia hospitalization [167]. The study design in Uematsu et al. specifically included patients
who had undergone specific health checkups as part of a nationwide screening program during
a one year period while the program was active. The follow-up period for whether an individual
experienced an event, e.g. pneumonia hospitalization, was 4-5 years. The study included individuals
age 40-74 years old who were eligible for the nationwide screening study, though it is not clear
what makes an individual eligible for the study and their outcome event rate was approximately
1.68%. While the information gained can prove to be useful to inform lifestyle changes and some
interventions, it does not easily allow for identifying and targeting hospitalizations for those who
may be at risk in the near future.

To the best of our knowledge, this would be the first published study utilizing administrative

claims data to develop a dynamic, predictive model to identify individuals in the general population
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at risk for an unplanned hospital admission with a primary diagnosis of pneumonia within 30 days.
The other predictive models listed above either evaluate mortality risk for confirmed pneumonia
hospitalizations, evaluate readmission risk, or consider risk for cohorts with specific comorbid
conditions, for which the populations have much higher event rate for predictive analysis. The
model presented in this chapter provides interpretable solutions and is extendable and generalizable
to other populations. Furthermore, this study will be the first published to evaluate pneumonia
hospitalization risk using only administrative claims data and publicly available information, which
is useful from a payer’s perspective and can be utilized to evaluate risk at an administration level.
This study is also the first to assess the joint impact of individual, community, and provider, level
information on the risk of pneumonia hospitalizations, unspecific to readmissions, to inform poten-
tial interventions at various levels ranging from the individual to the entire community. The study
also identifies new interpretable and important predictive features for pneumonia hospitalization

prediction such as frailty and community flu activity that can aid intervention practices.

Study Description

This study aims to create a predictive model using individual, community and provider level variables
to assess Medicare beneficiaries risk of unplanned pneumonia hospitalization within 30 days of
a set index date, e.g. the first of every month. We use the Agency for Healthcare Research and
Quality (AHRQ) Prevention Quality Indicator 11 (PQI-11) [2] definition for the numerator to compute
hospital admission rates for Bacterial Pneumonia to create our independent variable. The PQI-11
label is computed using a set of ICD-9 (International Classification of Diseases, Ninth Revision) [46]
diagnosis codes after exclusions listed in Table 2.4. Some of these exclusions defined by AHRQ and
listed in Appendix B include cases with transfers from other facilities, any patient specific medical
history exclusions including claims with any listed diagnosis or procedure codes for sickle cell
anemia, HB-S disease, or an immunocompromised state and cases with missing information. Our

population exclusion criteria includes the same provisions to be consistent with this label definition.

2.3 Methods

Study Population
Inclusion/Exclusion Criteria

This retrospective case-control study cohort comprises a 5% sample of Medicare beneficiaries from
2008 to 2011. For each year, we have access to claims reported in the carrier, inpatient, outpatient,
skilled nursing facility, home health, and durable medical equipment files. To aid in observation com-
pleteness, we required that an individual had at least one claim in 2011 to be included in the study. To
limit potential biases, we instantiated the study population using several other inclusion/exclusion

criteria outlined in Figure 2.1.
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Figure 2.1 This flowchart illustrates the inclusion and exclusion criteria for beneficiaries to be included in
our study. The values on the left-hand side of the diagram represent the number of beneficiaries that are
excluded during each stage in the process in response to the question listed immediately to the right and
with the response listed directly above the connective arrow.
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Requiring that the beneficiary resides in the United States during the study period ensures that
we have access to community and other provider level information obtained from publicly available
datasets including information about quality of care at the beneficiary’s most recent inpatient
provider, type of facility of the most recent inpatient visit, and information pertaining to community
level vaccination rates. Requiring that each beneficiary is enrolled in both parts A and B for all twelve
months of the study period, unless through termination of death, ensures that we have access to
medical billing information from primary care providers, available for those enrolled in Part B, from
which we derive some individual-level medical history variables. We include those who died later
in the year because they are still at risk for an unplanned hospitalization in the earlier months. To
fully capture healthcare utilization for everyone, we exclude beneficiaries enrolled in Managed
Care and those who had conditions that would qualify them for any form of disability insurance.
This exclusion is due to the fact that Managed Care facilities do not submit all their claims to CMS
and individuals with disabilities may be dually eligible for Medicaid, where either dual-enrollment
would result in an incomplete sample of claims data for these individuals.

In accordance with our event definition, we removed all individuals whose claims had diagnosis
and/or procedure codes that fell within the categories for sickle cell anemia, HB-S disease, or an
immunocompromised state defined by AHRQ [2] (see Appendix C), removing those entirely from the
set who had any of these markers in 2008 to 2010 and excluding any later months for beneficiaries
who first met any of these conditions in 2011. Lastly, we remove all individuals that were ever
in hospice care, or are currently enrolled in hospice, since they would likely not benefit from a
prediction by our model, and additionally remove anyone who is currently in an inpatient facility by
the beginning of each month since we are aiming to capture new unplanned hospital admissions.

After the study population has been fully instantiated and appropriate exclusions were applied,
the population consisted of 879,224 unique patients and correspondingly 10,123,471 rows of patient
feature vectors for all index dates for the year 2011. Table 2.1 shows a comparison of demographic
data between patient rows with an event (event rows), and patient rows without an event (non-event
rows). The proportions within each set, event and non-event rows, are compared using a proportions
z-test at two levels of significance where differences are reported at the 0.05 level of significance,
indicated by (*) and the 0.01 level of significant, indicated by (**). The descriptions of the chronic
diseases and CCS categories listed in this table are defined in Table 2.2.

Filtering Patients by Medical History

Of the 10,123,471 patient rows in our data set, only 11,700 are associated with a PQI-11 event, which
yields 0.12% event rate. This rare event occurrence and large class imbalance is likely to lead to poor
discriminantory power. Thus, we applied additional filters to the data based on known risk factors
identified in the literature. The remaining population gets filtered by medical history described
below. The filtering method can be considered as an initial prediction round. Any beneficiary who
does not meet these criteria does not require a prediction because they are considered low-risk.

We used the filtering rules in Figure 2.2 to identify individuals who are at risk for hospitalization.
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Table 2.1 This demographic table illustrates the composition of each patient-row group, (i) event or (ii)
non-event group for this study. We report whether the two groups have statistically significant differences
in counts of each group, according to a two-sided proportions z-test with alpha =0.05 (*) , alpha = 0.01 (**).

Percent Percent
Count Event Count
Rows Event Rows Non-Event Rows Non-Event Rows
(%) (%)
Total Observations 11,700 10,111,771
Unique Beneficiaries 11,109 879,071
Age

Younger than 65 74 0.63 56,375 0.56
65-69 1,444 12.34 2,470,494 24.43 X
70-74 1,742 14.89 2,340,119 23.14 o
75-79 1,987 16.98 1,960,385 19.39 o
80-84 2,398 20.50 1,624,798 16.07 o
85+ 4,055 34.66 1,659,600 16.41 o

Race and Ethnicity

Unknown Race 26 0.22 31,172 0.31
White 10,511 89.84 8,909,999 88.12 o
Black 657 5.62 727,159 7.19 o
Other 93 0.79 134,610 1.33 o
Asian 114 0.97 124,604 1.23 *
Hispanic 218 1.86 138,800 1.37 o
Nortﬁégzman 81 0.69 45,427 0.45 o

Gender

Male 5,077 43.39 3,962,860 39.19 o
Female 6,623 56.61 6,148,911 60.81 o

Chronic Diseases and Disorders

Chronic Diseases

k%
other than Heart 9,582 81.90 6,443,972 63.73
Diseases of the 1,069 9.14 392,448 3.88 o
Nervous System
Heart Disease 7,195 61.50 3,550,312 35.11 ok
Attention and
Personality 2,385 20.38 794,771 7.86 o
Disorders
Sum of CCS Categories
0-2 3,777 32.28 6,380,442 63.10 *
3-5 3,774 32.26 2,534,119 25.06 ok
6-8 2,574 22 870,488 8.61 *
9 or more 1,575 13.46 326,722 3.23 ok
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Table 2.2 CCS Category groupings and corresponding diagnoses used to compare the event and non-event
rows in the study population in Table 2.1

Grouping CCS Category Diagnoses
19 Cancer of bronchus; lung
Chronic 20 Cancer; other respiratory and intrathoracic
diseases 49 Diabetes mellitus without complication
other 50 Diabetes mellitus with complications
than 98 Essential hypertension
heart 99 Hypertension with complications and secondary hypertension
102 Nonspecific chest pain
127 Chronic obstructive pulmonary disease and bronchiectasis
128 Asthma
158 Chronic kidney disease
79 Parkinson’s disease
Diseases of 80 Multiple sclerosis
the nervous 81 Other hereditary and degenerative nervous system conditions
system 85 Coma; stupor; and brain damage
96 Heart valve disorders
Heart 97 Peri-;endo-;and myocarditis; cardiomyopathy
disease 100 Acute myocardial infarction
101 Coronary atherosclerosis and other heart disease
103 Pulmonary heart disease
104 Other and ill-defined heart disease
105 Conduction disorders
106 Cardiac dysrthmias
107 Cardiac arrest and ventricular fibrillation
108 Congestive heart failure; nonhypertensive
652 Attention-deficit, conduct, and disruptive behavior disorders
Attention 653 Delirium, dementia, and amnestic and other cognitive disorders
and 654 Developmental disorders
Personality 658 Personality disorders
Disorders 659 Schizophrenia and other psychotic disorders

Recent claims data in the last 6 months prior to the patient-row index date ensure that we have
information from the administrative claims sample about the patient’s health history including
previous diagnoses and procedures. This is coupled with an inpatient Elixhauser score [64] greater
than zero because of literature that suggests certain comorbid conditions that lead to increased risk
of severe disease or mortality [72]. Our inpatient Elixhauser score is a comorbidity index computed
from diagnosis codes from an individual’s most recent visit to an inpatient facility. The Elixhauser
score is a comborbidity index computed from a set of 30 comorbid conditions, which has shown to
be helpful in prediction of clinical outcomes [64]. Other risk factors identified from the literature
include a history of severe pneumonia or pneumonia hospitalization and previous nursing home
visits [72]. Other literature also points to the fact that certain biomarkers such as temperature,

and respiratory rate [72, 167], are strong indicators of whether someone will experience severe
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Figure 2.2 Filtering criteria to gather beneficiaries based on their medical history, which is applied using
an inclusive 'OR’ statement to create our prediction set.

pneumonia. As discussed in the limitations section regarding administrative claims data, we do not
have access to these biomarkers which serve as individual risk factors. In lieu of personal biomarkers,
we develop a variable to assess whether an individual has respiratory symptoms in the month prior
based on ICD-9 codes described in more detail in Appendix B.

As illustrated in Figure 2.2, applying this filtering technique reduces the patient-row dataset to
454,560 unique patients, 2,842,260 patient rows and 11,155 PQI-11 events. We are left with a 0.39%
PQI-11 event rate, which corresponds to a 72% reduction in the number of patient rows in the data
set and the retention of at least 95% of the PQI-11 events in our original set.

In Table 2.3 we present a few descriptive statistics comparing the event and non-event patient
rows in the set that was filtered out using the criteria outlined in Figure 2.2. If the statistic showed that
there was a potentially implementable policy to identify greater risk populations then the criteria
was considered in addition to the four main filtering criteria. For instance, the mean frailty score is
higher in the non-event patient row set and we would not generally consider patients with lower
frailty scores to be at greater risk so this filtering criteria is not considered. For the other strategies,
such as considering older age groups, smokers, or vaccines such as influenza or pneumonia, we
report that the inclusion of these policies significantly reduces the event rate in the final, resulting
data structure by another 0.09 to 0.26 percentage points, which is a significant reduction when
considering the large size of the overall data structure. Therefore, we conclude that our filtering

criteria is the most appropriate consideration given the lack of recent history;, i.e., zero value for the
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median carrier and inpatient claims in the event group’s patient rows, and the riskier non-event
patient rows, i.e., higher mean frailty score, higher median number of CCS conditions, and higher
percentage of previous influenza-like illnesses, etc.

Table 2.3 Descriptive statistics comparing the event and non-event patient rows of the patient-rows that
were filtered out, or excluded, using the above filtering criteria by recent medical history.

Event Patient Rows Non-Event Patient Rows

Median age group 80-84 70-74
Percentage
Previous ILI (6mth) 2.75% 6.10%
Median Number
CCS Conditions 1 5
Percentage Smokers 26.97% 12.58%

Median Number
Carrier Claims
(1, 3, 6 mth) 0,0,0 1,3,6
Median Number
Inpatient claims

(1,3, 6 mth) 0,0,0 0,0,0
Mean Frailty
Score 0.0119 0.0340
Percentage
influenza vaccine 35.96% 50.89%
Percentage
Pneumonia vaccine 11.93% 17.81%

Study Design

Individual observations, or feature vectors, are aggregated at the monthly level. Variables were
summarized up to and including the month prior to the observation window. We define an event
to be an unplanned hospitalization with a primary diagnosis code for PQI-11, which is a list of 16
ICD-9 codes for pneumonia, given in Table 2.4. We develop models to predict whether an individual
will experience an unplanned hospitalization within 30 days post index date for that patient-row
month. The events are modeled as binary indicator variables which inform whether an individ-
ual experienced an unplanned hospitalization. Our model does not distinguish between hospital
readmissions and first-time admissions.

Letting our index dates be the first of every month in 2011, we define an observation to be a

complete set of dynamically computed variables for a beneficiary for a given index date.
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Table 2.4 List of diagnosis codes provided by AHRQ to compute the numerator for PQI-11 Bacterial Pneu-
monia Admission Rates. "Nos" refers to not-otherwise specified.

ICD-9 Code Description

481 Pneumococcal Pneumonia
4822 H.Influenzae Pneumonia
48230 Strep Pneumonia Unspec
48231 Grp A Strep Pneumonia
48232 Grp B Strep Pneumonia
48239 Oth Strep Pneumonia
48240 Staph Pneu Nos
48241 Meth Sus Pneum D/T Staph
48242 Meth Res Pneu D/T Staph
48249 Staph Pneumonia Nec
4829 Bacterial Pneumonia Nos
4830 Mycoplasma Pneumonia
4831 Chlamydia Pneumonia
4838 Oth spec Org Pneumonia

485 Broncopneumonia Org Nos

486 Pneumonia, Organism Nos

Definition 2.3.1. Let B be the set of all beneficiaries in our sampled study population. Then we

define an observation for an individual i at month m:

Bi,m :={V1,m» Vo myeees Vp,m’Ei,m}»
where1<m<12and1<p <195

Ei =

,m

1 Pneumonia-related hospitalization in month m
0 Otherwise

The resulting dataset is a set of approximately N *12 observations consisting of one patient-row
for each month in 2011 for each beneficiary who was not excluded in our initial assessment for

inclusion.

Variable Creation and Selection

Variable creation can extend back as far as 2008, using the earliest data available to us, and as
recently as the month prior to the prediction window. The variables are aggregated at a monthly
level, i.e. we assume that if a diagnosis code is found for a given month m, then it will not reflect
in an individual’s record until month m+1 to ensure accurate recording. The variables include

both individual level information available from the administrative claims data and community
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and provider level variables from publicly available data sources. Variables were considered either
through identification from relevant literature searches or direct analysis of the data and were
assessed using statistical analyses to identify variables with significant differences, e.g., means or

proportions, between event and non-event patient-rows in the population.

Individual Level Variables

The individual level variables quantify healthcare utilization, comorbidities, and other measures
related specifically to pneumonia. These variables were specifically chosen according to what is
reported in the literature. For instance, in a 2015 study of pathogens and their association with
pneumonia hospitalizations it was reported that of the identified pathogens, viruses were detected
in 27% of the patients and human rhinovirus and influenza viruses were the two most commonly
detected in patients with pneumonia [88]. Other studies have shown that a history of smoking,
obesity, and previous respiratory illnesses are also indicators of increased risk [30, 72]. We include
variables about previous influenza like illnesses, previous diagnosis of pneumonia, smoking, nursing
home status, influenza and pneumococcal vaccinations, Elixhauser scores, frailty scores, and the
presence of comorbidities such as existing cancers and other diseases related to the heart, chest,
and altered mental state. We also have information on each beneficiary’s age, race, and healthcare
utilization in terms of total cost and number of claims. A complete list of the final individual level

variables used in this study is included in Appendix B to this document.

Community and Provider Level Variables

The community and provider level variables gauge healthcare access, quality of healthcare, and
risk due to community parameters. Some variables, which were created from previously identified
community level factors for CAP, include measures of poverty and population demographics [20] We
also collected information surrounding community vaccination rates, influenza activity, measures
of air quality, hospital overall ranking, and type of inpatient facility for an individual’s most recent
inpatient stay.

Documentation describing the data sources, algorithms, and diagnosis and procedure codes for

the creation of the final variables used in model training is provided in Appendix B.

Addressing Correlation and Multi-Collinearities

We begin with a set of 330 variables that characterize an individual’s level of risk up to each index
date for each patient- month row in our dataset. We test for multicollinearities and correlations
among our 147 continuous, 140 binary, and 43 categorical variables. Continuous variables were
iteratively removed from the set until all predictors had variance inflation factors smaller than
fifteen. Continuous variables were also assessed for correlations using the Pearson correlation test
and variables with absolute correlation coefficients greater than 0.7 were iteratievly removed. Binary

features were iteratively removed until all non-ordinal predictors achieved a Phi Coefficient of less
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Figure 2.3 Sampling algorithm for training sets.

than 0.70 in magnitude with every feature in the final set. Finally, we perform a point biserial test
between all continuous and binary variables and remove any variables with correlations greater than
0.7 in magnitude. After all highly correlated variables were removed from the set, the final prediction
data structure had 195 variables: 155 individual level, 24 community level, and 16 provider level

variables.

Model Training

First, we transform all of the conintuous variables using the Absolute Max Scaler preprocessing
function available from SciKit Learn’s preprocessinglibrary[130]. This preprocessing step reduces the
overall computational complexity of our training time and allows for more interpretable coefficients
and feature importances that are generated from each model.

Before performing the train/test split on our patient rows for our dataset, we create a new binary
flag for whether a beneficiary experienced a PQI-11 event during 2011 or not. We then perform a
split where 80% of the beneficiary IDs (train-IDs) are used to create our training set and 20% of the
beneficiary IDs (test-1Ds) are used to create our testing set. We further split the train-IDs into five
folds to perform cross validation analysis. To create the validation training sets, we first begin with
all patient-rows corresponding to the beneficiary IDs in each train-ID fold (validation train-IDs). For
every beneficiary who experienced an event in 2011, we take the patient-row corresponding to the
event and one other random patient rows. For every beneficiary who did not experience an event in
2011, we select two random patient rows. This sampling method was used to prevent overfitting

and enable the models to train on multiple patient rows from the same beneficiaries. No further

21



sampling was done on the testing set and all patient rows selected from the above filtering method
are used for final predictions. An overview of the sampling method to create the validation training
sets is illustrated in Figure 2.3.

We trained three classifiers to perform our patient row classifications. Below we describe the
settings used for the training of each of the final models. We use 5-fold cross validation to fine tune
the hyper parameters described for each classifier and select the parameter with the best mean
balanced accuracy score across all five folds. Here, the balanced accuracy measure used in this
study is defined as the average of recall obtained on each class, or in other words, the accuracy score
applied with class balance sample weights. In this analysis, the inverse event rate in the population
is denoted by p.

1. Logistic Regression Classifier
Our logistic regression classifier is from the SciKit Learn linear_model library [130]. We used
the LogisticRegression class which performs a classification based on a logistic regression for
which we can specify the penalty function, class weights, solver, and maximum iterations. We
can alter other parameters, but these were the ones focused on for this model in particular.
We chose the ‘11’ penalty function, which adds a penalty term using L1-normalization for
incorrect classifications during the training process. This transforms the model into a LASSO
logistic regression. We also report using the liblinear solver and find the best class weights
using a 5-fold cross validation. For reproducibility, the random state is held constant at 1.
Here, we are putting more emphasis, or greater cost, on a False Negative as opposed to a False
Positive. These class weights are used to offset some of the issues we encounter when training

and evaluating our models on a highly imbalanced dataset.

In these instances the majority weight is constant with a value of 1 and we vary the weight

associated with the minority class.

For our hyper parameter search we considered the following possible values.

Minority weights ={1, 2, 3,4,5,6,7,8,9,10,p}.

By considering the balanced accuracy score, we take the best minority class weight to be a
value of 4.

2. Gradient Boosting Classifier
The gradient boosting classifier utilizes the XGBClassifier from the xgboost library in Python
[40]. The gradient boosting classifier utilizes decision trees and optimizes the weights used
to aggregate each tree in the set using a boosted gradient approach. Therefore, for hyper pa-
rameters we felt it was most beneficial to consider the best possible values for the maximum
tree depth in the base learners and the number of estimators (gradient boosted trees) used in

training.
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For our hyper parameter search we considered the following possible values.

Maximum tree depth = {10, 25,50, 75,100, 150}.

Number of estimators = {150, 250,300, 350,400, 500}.

The best value for XGBoost by balanced accuracy score is a depth of 10 and 400 estimators.

3. Random Forest Classifier
Our random forest classifier is from the SciKit Learn Ensemble library [130]. We allow this
method to be trained using a ‘gini’ criterion. The ‘gini’ criterion calls for the use of the Gini
impurity measure to evaluate the split quality of a given node. This function aims to minimize
the overall Gini impurity measure, which is a function of the probability of incorrectly clas-
sifying a patient row within our model. The maximum depth and number of estimators are
found using a 5-fold cross validation. For reproducibility, the random state is held constantat 1.

For our hyper parameter search we considered the following possible values.

Maximum tree depth = {10, 25,50, 75,100, 150}.

Number of estimators = {150, 250,300, 350,400, 500}.
The best value for random forest by balanced accuracy score is a depth of 10 and 500 estimators.

The hyperparameters were chosen by the balanced accuracy score. The balanced accuracy score
was chosen because it is likely the best metric to evaluate a dataset with a class imbalance this large.
Other metrics such as accuracy, PPV, or NPV are known to be poor performance measures when
there is large class imbalance as the models can predict 1s or Os for everyone and receive close to
perfect scores by these metrics. After we choose the best values for each of the hyperparameters, we
make final predictions for our out-of-sample testing set across each fold. We report the mean and
standard deviation across all five CV-folds for each of the output metrics for our validation testing
set in Table 2.6 and in the out of sample testing set shown in Table 2.7.

Post Prediction Feature Analysis

To analyze the most important and relevant features from the three models that are present in this
paper we select the top 60 features by the mean odds ratios for the logistic regression model, and
feature importances for both the XG boost and random forest models. That is, we take the top 20
features from each model and compare the overlap between the top selections. We present the
features that were considered in the top 20 by at least two models in Table 2.5. In this table we also
indicate which models considered each feature important and provide the logistic regression coeffi-

cient for each feature. All of the variables in Table 2.5 were assigned a non-zero coefficient across all
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Figure 2.4 Mean logistic regression coefficients identified by at least two of the three models in the post
prediction analysis. All variables identified in this analysis were assigned a nonzero logistic regression
coefficient across all five folds.

five folds during the logistic regression training iterations. We did not report significance levels or
confidence intervals because the logistic regression model was trained using 'L1’ regularization or
in other words a LASSO algorithm.

2.4 Results

Post-Prediction

Table 2.5 shows the results of the post-prediction analysis where we collect the top 20 variables by
odds ratios and feature importances for the logistic regression and XG boost and random forest
models, respectively. Here, we report the variables that appeared in the top 20 analysis by at least
two of the models. We indicate which model had each variable in the top 20 defined in this manner,
whether the variable is individual, community, or provider level and the logistic regression coefficient
that each variable was assigned. All of the variables in this table were assigned nonzero logistic
regression coefficients across all 5 CV folds and the mean coefficients are given in Figure 2.4. One
variable, the Inpatient Elixhauser van Walraven score, was selected by all three models. The thirteen
remaining variables were selected by different combinations of the three models. Of the fourteen
variables chosen in this analysis 10 were individual, 3 were community, and 1 was a provider level
variable. Six of the variables rely on the month prior to each index date and require the most up to
date data available. These six are high flu activity, moderate flu activity, oncology visit, percent weeks
widespread flu, and respiratory symptoms, and frailty when claims were available to update the

frailty score. A complete list of each variable, logistic regression coefficient, and feature importances
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Table 2.5 Collection of the top 60 variables, e.g., top 20 by odds ratio, and feature importance for logistic
regression and the ensemble methods, respectively. The type indicates "Ind." for individual, "Com." for
community, and "Prov." for provider level variables. The coefficient shown is the mean coefficient from the
logistic regression model across 5-CV folds where each feature in this table was assigned a nonzero coeffi-
cient across all 5 folds using '11-regularization’. Last, the model number indicates whether the variable was
a part of the top 20 for 1:logistic regression, 2:XG boost, or 3:random forest. Confidence intervals are not
generated due to the regularization term used in model training.

Variable Type  Mean Coefficient (LR) Model(s)

Inpatient

Flixhauser "Ind." 3.42 1-3
van Walraven
Score

Carrier (12mths) "Ind." 5.89 1,3
High flu activity "Com." 2.56 1,2
Moderate flu activity "Com." 1.94 1,2
Sum CCS "Ind." 1.23 1,3
Pneumonia Inpatient "nd." 1.20 12

Claims (2010)

SNF Elixhauser "nd." 1.09 13
Score
Oncology visit (1mth) "Ind." 0.86 1,2
Frailty "Ind." 0.84 1,2
Hospital Rating 0 "Prov." -1.56 2,3
Hospital visit (3mths) "Ind." -2.97 2,3
COPD "Ind." 0.33 2,3
Percent weeks " .
widespread flu Com. 0.61 2,3
Respiratory "Ind." -0.78 23

symptoms (1mth)

is provided in Appendix B.
Next, we can look at the distribution of prediction scores according to final prediction classifica-
tions. In Table 2.5 we illustrate this distribution from the logistic regression model. We observe that

the true negatives in the model are more uniform, compared to the false positives which yield a
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Figure 2.5 Histogram of the logistic regression prediction probability distribution for all patient rows.

more right-tailed distribution. The false negatives appear to form a left-tailed distribution whereas
the true positives yield a more uniform distribution. This highlights the model’s confusion in trying
to discern the false positives from the true positives. The false positive predictions are more concen-
trated between 0.5 and 0.65 prediction probabilities. Distribution graphs for XG boost and random
forest are provided in Appendix B.

Model Performance

We report the mean performance metrics across the 5 validation testing sets in Table 2.6. All per-
formance metrics reported in Table 2.6 - 2.7 are reported for the out of sample testing set where
predictions are made from each of the 5 training folds and the standard 0.5 threshold is used to
predict a hospitalization or not from the score. We observe that all three models have a relatively low
precision, or positive predictive value, due to the rare event occurrence in the data, which also yields
similarly low f1-scores. The recall, or sensitivity, was highest for the random forest, followed by the
logistic regression model. The recall measure, also known as the true positive rate indicates that
the logistic regression and random forest models were able to make more correct hospitalization
predictions than the XG boost model. The accuracy measure is about 0.23 and 0.25 times higher for
the XG boost model compared to the logistic regression and random forest models, respectively.
However, the balanced accuracy measures for all three models within 0.025 points of one another.
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The closeness of these scores compared with the differences across recall scores suggests that the
logistic regression and random forest models correctly identify more hospitalizations compared to
the XG boost model, which correctly labels more non-hospitalizations in the set. This is supported
by the specificity, or true negative rate, which is highest for the XG boost model compared to both
logistic regression and random forest.

Next, we can consider the discriminatory powers of each of the models. Table 2.6 indicates that
all models perform within 0.01 points of one another by ROC AUC score. Similarly, Figure 2.6, which
graphs the false positive rate and true positive rate for the out of sample testing set across all 5 CV-
folds, illustrates that the ROC curves of all of the models overlap one another. In Figure 2.6(a) we can
see that approximately higher than halfway through the curve, or slightly higher than 0.5 probability
threshold, there is a switch between which model is leading, or has highest area under the curve.
Prior to halfway, the logistic regression model is leading, where after the halfway point the random
forest becomes the leading model. Overall the areas under the curve are similar, as indicated in
Table 2.6, but we can see that the discriminatory power for the logistic regression slightly decreases
with an increase in the probability threshold, whereas the random forest’s discriminatory power
slightly increases.We also observe in Figure 2.6(b) that all models perform similarly according to the
precision recall curve, where the XG Boost model begins as the leading model, and is overturned by
the logistic regression model at a recall value of approximately 0.1 according to this curve.

In Figure 2.7 we compare the three models in this study with that of the closest existing model
in the literature. It is important to note that the testing sets and variables used in each study are
very different from one another, so while we can observe trends we cannot use these numbers to
strictly compare the models and determine a "best" model. More about the differences between
the study designs is provided in the Discussion section below. Uetmastu, et al. report sensitivity,
specificity, PPV, and NPV for the optimal model presented in their study. We observe that no one
model outperforms the others by all three metrics. The logistic regression and random forest models
yield higher sensitivity and NPV values. The higher sensitivity values indicate that these two models
are able to identify more of the events that occurred in the study compared to the model in the
comparative study. The mean PPV value reported for all three models in this study is approximately
20% of what was reported in the Uematsu study. We describe below how these differences directly

relate to the differences in the event rate in the study population.

2.5 Discussion

Interpretability was a main goal and focus during the design of this study. As such, the features
were carefully designed and selected to create an interpretable framework for administrators or
others in public health who may utilize the information gained from expanding knowledge of
risk factors. We aggregated and synthesized data to understand what individual, community, and

provider level variables further our understanding of an individual’s 30-day risk of a potentially
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Table 2.6 Mean value and standard deviation (-) for each metric across all 5 validation testing sets.

Model Precision  Recall F1 ROC Accuracy Balanced NPV Specificity
[PPV] [Sensitivity] Score AUC Accuracy
Logistic 0.0061 0.7279 0.0121 0.6875 0.5430  0.6351 0.9981 0.5422

Regression (0.0011) (0.0364) (0.0022) (0.0105) (0.0449) (0.0100) (0.0005) (0.0449)

XG 0.0076 0.4434 0.0149  0.6951 0.7763  0.6105 0.9972  0.7776
Boost (0.0012) (0.0345) (0.0023) (0.0216) (0.0152) (0.0181) (0.0008) (0.0151)
Random 0.0060 0.7382 0.0118 0.6950 0.5254  0.6314 0.9981 0.5245

Forest (0.0012) (0.0572) (0.6950) (0.0097) (0.0538) (0.0054) (0.0003) (0.0544)

Table 2.7 Mean and standard deviation for the out of sample testing set across 5 CV-folds for each model
trained in the study, compared to the optimal model presented in Uematsu, et al. in 2017.

Model Sensitivity ~ Specificity PPV NPV
Uematsu, 2017 0.6600 0.6500 0.0320 0.9910
Logistic 0.7119 0.5612 0.0064 0.9980

Regression (0.0055) (0.0072) (0.00) (0.00)
XG 0.4012 0.7922 0.0077 0.9970

Boost (0.0085) (0.0080) (0.0001) (0.00)
Random 0.7475 0.5216 0.0062 0.9981
Forest (0.0118) (0.0060) (0.0001) (0.0001)

preventable pneumonia related hospitalization. First, we will highlight the insights gained from
the individual, community, and provider level variables from each of the three models. Then we
will relate our model to the closest known existing model in terms of model performance and study
design. Lastly, we will describe some challenges and limitations from this work before providing
concluding remarks.

Considering the results in Table 2.5 we can discuss the variables selected by each of the three
models in the post prediction analysis. Looking at this collection of top 20 variables per model,
there is one variable that was grouped by all three models. This variable is a comorbidity score
computed from inpatient claims, the Inpatient Elixhauser van Walraven weighted comorbidity index
[169]. This feature is updated anytime an individual has a new visit to an inpatient facility. The van
Walraven version of the Elixhauser score was created to provide weights to certain comorbidities
end pre-existing conditions that can increase an individual’s mortality risk. It is not surprising that
the weighted version of this score would indicate a higher likelihood of an individual to be at risk for
a pneumonia hospitalization in the next 30 days. We also report that the mean logistic regression
coefficient for this variable is 3.42, which can be thought of as any unit increase in the van Walraven
comorbodity score is associated with an increase in the log-odds of an individual’s likelihood of
pneumonia hospitalization by 3.42.
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Figure 2.6 ROC and Precision Recall Curve for the out of sample testing set predictions for each CV fold
and each model in the study.

There are fourteen total variables that were selected by two of the models where one is provider
level, three are community level, and the remaining features are all individual level variables. The
community level variables involve the flu mean activity level in the month prior to the index date.
Specifically, the variables indicate whether the flu mean activity level within the state was moderate
or high, with a reference group of minimal, and the percentage of weeks that flu was widespread in
the month prior. All three variables have positive logistic regression coefficients and were assigned
nonzero coefficients across all five folds in the training analysis. The provider level variable that was
chosen was the hospital overall rating of 0 in comparison to the reference group for this variable
which is a hospital overall rating of 5. The Center for Medicare and Medicaid Services (CMS) provides
Hospital ratings from all facilities that report CMS. The hospital overall rating of 5 is the highest
rating that a facility can receive and indicates top quality of care. In our dataset, a hospital rating of
0 indicates a missing value, either from the CMS rating or because the individual has not had an
inpatient visit for us to compute the value. The model includes interaction terms between hospital
overall ratings and inpatient visits, for which the interaction term between hospital rating 0 and
ever been in an inpatient facility was assigned a positive coefficient across all 5 CV-folds. This could
indicate that a hospital rating of 0 is acting as a proxy for the patient’s overall health if they have
never had a visit to an inpatient facility.

Other variables mentioned in Table 2.5 indicate that an individual who had similar pneumonia
inpatient visit in 2010, COPD, higher inpatient or SNF Elixhauser van Walraven scores, carrier claims
in the last 12 months, greater sum of comorbid conditions, or a higher frailty index tend to have
higher risk prediction scores. Some others, such as the respiratory symptoms in the past month have
a negative logistic regression coefficient. It is important to note that these results are performed
on a filtered set from the general population where everyone needs to meet at least one of four
filtering criteria, and one of the four is having respiratory symptoms present in your claims diagnoses
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in the month prior to each index date. Taking a look at Figure B.3 in Appendix 2 we can see the
hospitalization rates for patients who were included in the set due to each condition and observe
that patients included due to having a nursing home visit or respiratory symptoms in the month
prior, have a smaller hospitalization rate compared to those who may have been included due to
meeting one of the other conditions. That is to say that having respiratory symptoms in the month
prior to each index date puts an individual at-risk, but not as high of risk as those who may be at
risk due to one of the other conditions. The results also indicate that a hospital visit in the previous
three months may lower an individual’s risk of hospitalization which could be due to the fact that
this individual already experienced a hospitalization or has otherwise received treatment for the
illness that required them to seek care.

To the best of our knowledge, the closest existing model in the literature for predicting pneumonia
hospitalizations comes from a study presented by Uematsu et al. in 2017 [167]. Although we compare
the results of our model to the best one presented in Uematsu, et al. there remain significant
differences across study design that make a direct comparison difficult without addressing and
acknowledging key differences. In the study presented by Uematsu et al., patients participated in
a nationwide program for the screening and management of lifestyle-related diseases. Our study
was not a part of a nationwide screening program and instead included a 5% sample of the entire
population. Furthermore, our model focuses on 30-day prediction versus the five year window
allowed in the Uematsu study. It is possible that the individuals who participated in a nationwide
screening program were more likely to be health conscious and risk-averse people. This study
population selection also greatly reduces the sample size which can relieves models and computers
from large data that are difficult to fit due to memory constraints, i.e., the study population in
Uematsu et al. was a 55,842 sized cohort compared to our 454,560 unique patients with a total
2,842,260 row dataset. The event rate in Uematsu’s population is 1.68% compared to our 0.39%
after filtering. The percentage difference between the event rates is roughly equal to the percentage
difference between the Uematsu’s model’s PPV, 0.032, and the average across all three of our models.
Additionally, the nationwide program included health checkup data, such as hemoglobin count,
body mass index, ECG, fasting blood glucose, blood pressure, and some other patient-specific survey
data such as reported symptoms, alcohol consumption, daily walking habits, and if they were a
current smoker. These specific variables were of the highest odds ratio for their model, and almost all
of them are either not available or difficult to estimate or compute using solely administrative claims
data. This suggests that if we reviewed a subset of our population at higher risk and with an event
rate closer to that in the Uetmatsu study, and the ability to compute similar variables or proxies
for these biomarkers, our predictions may yield an improved PPV. Additionally, a comparison to
other predictive models for specific subgroup populations, e.g., readmissions or congestive heart
failure could be possible if we consider a specific subgroup for comparison, although the models
would need to be re-calibrated and retrained to before producing predictions. Above all else, the
comparative model in the Uematsu study has higher PPV, but is lower across all reported measures

compared to each of the three models presented in this work and does not include analysis of
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community level variables. This means that our model is more important for short term decision

making and informs more about community wide intervention planning.

Challenges and Limitations

Unsurprisingly and consistent with other models in the literature, our results show low positive
predictive values due to the naturally occurring imbalance that is observed within the data and in
the real world. The class imbalance causes the machine learning models to tend towards predicting
all input vectors as the majority class. In order to combat this effect we had to instantiate a bi-level
filtering approach; first by current status as of the index date for each prediction month and then by
medical histories and more recent medical claims information available as described in Figure 2.2.
This method reduced the overall data set by 72% and retained 95% of all events in the data set. Even
with this reduction, we needed to develop a sampling algorithm in order to train models that can
learn something from the data. To further reduce the impact of the large class imbalance we used
hyper parameter tuning to enforce greater weights on incorrectly classifying minority class labels
and try to avoid overfitting to the training data.

The information available from administrative claims data is limited to what is billed at the
discretion of the provider. We cannot view or infer specifics of each visit such as electronic healthcare
data, lab results, prescription drugs ordered or taken, etc. Claims data in general is subject to
incomplete, inaccurate, or otherwise missing data as well as nonspecific diagnosis codes that are
appropriate for billing, but not necessarily to help with creating a health snapshot of an individual
at a point in time. There also exists some time lag between when an individual receives care and
when a claim or billing statement is finally processed. This also aids in the missing-ness of available
data over time as well as potentially causes differences between reality and billing dates which can
have grave impacts on models strictly created to inform an immediate 30-day risk evaluation.

Another limitation lies in the way the data is aggregated. A combination of the above-mentioned
limitations paired with data storage and computational complexity led to the approach to develop
monthly aggregated patient rows. This limits our abilities to capture immediate changes in an
individual’s health at a point in time. Storage concerns notwithstanding, it could be interesting to
consider and compare more immediate changes, perhaps on a weekly level, to more accurately
detect when a significant shift in an individual’s health could lead to a pneumonia-related hospi-
talization. However, as we have concluded from this analysis, more granular level data from an
individual’s health care provider such as lab results, physical examination findings, bio-markers,
and x-ray results could all be useful towards increasing the discriminatory and predictive power of
the models we present in this study. This, however, would require the aggregation of multiple data
sources to pair results of these findings with recent visits to a healthcare provider. If in fact we found
these recent visit markers to be significant for our model development, then we would potentially
have to only include individual’s who had a recent physician visit to measure the significance of
each of these new findings. This would require more recent visits to a doctor’s office prior to each

event, which we have seen from different attempts at patient filtering could reduce the number
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of PQI-11 events which are captured in our set overall. If we had the access, the incorporation of
drug data could prove to be a useful indicator of individual health status, comorbid conditions, and
health behavior that we did not have access to in this study.

2.6 Conclusion

Overall, we find that we are able to contribute the following:

¢ A feature-engineering method to develop a dynamic framework for administrative claims

data for pneumonia hospitalization risk.

¢ A multi-level factor approach, i.e., individual, community and provider level analysis on an

individual’s pneumonia hospitalization risk within 30 days.

¢ Afiltering method based on medical history to identify a population at higher risk for pneu-

monia hospitalizations.

¢ A sampling algorithm to simultaneously reduce the training space and sufficiently train the
models on data from the event versus non-event population at different points in time.

¢ Predictive models to assess an individual’s 30-day risk of pneumonia hospitalization from the
general population without the use of personal biomarkers from specific checkup data.

* Population-level focused analysis, e.g., as appropriate for a stakeholder like a payer or hospital,
across a portfolio of patients.

This study supports the development of a feature engineering method to develop a framework that
is semi-dynamic using administrative claims and publicly available data. We present the algorithms
and scripts to create variables that are used to assess an individual’s health at a point in time and
report the ones that are statistically significant when comparing our event and non-event groups in
terms of their created patient rows in the patient demographic analysis in Table 2.1. These variables
can be used to aid other point scores or prediction measures that have been previously used to
identify risk of severe disease or mortality from a pneumonia-related illness.

The predictive models explored in this study provide a starting point for the framework devel-
opment of the large scale of information that is needed to more accurately predict who is most at
risk of an unplanned hospitalization within 30 days. Future work to improve the predictions could
include the inclusion of more detailed data such as drug and prescription data or health checkup
or electronic health record data. The inclusion of these data will allow researchers to compute the
variables known to have high informative power on general risk for hospitalizations.

Another possible area for improvement would be to incorporate later years of data to get a more
complete health history of an individual. Some comorbidities or other procedures or health histories

prior to the years of data available to us could have created a more accurate snapshot of a patient’s
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health status. Another future direction could be to utilize the same methods and procedures to
analyze the usefulness of administrative claims data and other publicly available data sources on
other adverse events or potentially preventable outcomes.

With the data available to us for this study, we present a filtering framework that allows for the
reduction of beneficiary identifiers and associated most at-risk patient row months dependent
on any of the following factors: (i) a history of a pneumonia-related hospitalization; (ii) nursing
home visits in the previous month; (iii) respiratory symptoms in the previous month; and (iv) claims
within the last 6 months, indicating some sort of medical visit, and a most-recent Elixhauser score
computed from inpatient claims diagnosis codes. This filtering approach significantly reduced our
original patient-row set and allowed us to develop a framework to allow us to exclude anyone who
is not at risk of a pneumonia-related hospitalization. These factors are consistent with what has
been presented in the literature and are now scalable in terms of claims data.

The assessment of individual, community, and provider level information from each of the
models tells us that while individual level patient history remains crucial to assess risk of a 30-day
unplanned hospital admission we still need to be cognizant of other factors that could increase an
individual’s risk further. Some of these factors identified in this analysis include personal health
history such as the presence of comorbidities, as seen in Table 2.5. Some targeted intervention
strategies would be to identify populations that are characterized by these risk factors and support
vaccine campaigns, health advisory communications and messages, and reminders from health care
providers to attend annual visits or checkups, particularly for those who meet any of our filtering
criteria.

Pneumonia-related hospitalizations are a serious concern because they are difficult to predict
and an individual that is hospitalized with pneumonia is often presented with an increase in mortality
risk due to disease-related complications. As such, it is necessary to implement interventions to
avoid severe disease in the first place and limit these mortality risks. These models support the
literature in terms of important risk factors and can help identify at-risk populations from an
administrative perspective without requiring specific health check-up data. As such, the models
can be employed on any size data set of Medicare beneficiaries to aid public health communication
tactics to inform the public about the dangers, risks, and prevention strategies for severe cases of

pneumonia.
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CHAPTER 3

DATA-DRIVEN INTERVENTIONS TO
PREVENT PNEUMONIA
HOSPITALIZATIONS

3.1 Introduction

As a leading cause of both morbidity and mortality, the Centers for Disease Control and Prevention
(CDC) consistently identifies pneumonia as one of the top ten contributors to all-cause mortality
for all age groups within the United States, where 2018 data suggests that the percent of total deaths
attributable to influenza/pneumonia is higher for more vulnerable populations, i.e., 2.33% for those
ages 65 years and over and 3.19% for those ages 1-4 years old, compared to an average of 1.36% to all
other age groups [24]. Other studies have shown that pneumonia is responsible for approximately
1.5 million unique hospitalizations each year, where 1 in 3 hospitalized patients dies [111]. Even
those who are able to recover from the disease are known to suffer from long-term consequences
such as chronic lung diseases, cardiovascular disease, and overall worsened quality of life [38, 79,
119, 128]. Accordingly, economic evaluations suggest that the annual estimate of total healthcare
associated costs for pneumococcal disease is approximately $13.4 billion in the United States [165].

Currently, there are a handful of interventions that can be employed to try to reduce the burden of
pneumonia in terms of incidence of severe disease, mortality risk, and overall cost expenditures that
require decisions from policy makers about which interventions to utilize and whom to target with
them. For stakeholders like payers, hospitals, and some providers managing a set of patients, there
is a population of patients with varying risk levels. In the simplest case, if there is one intervention
available and an exact budget, policy makers might decide to distribute interventions to those who

have the highest risk. However, resources are always limited so it is important to think about not
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only the cost of an intervention, but also the cost if an intervention is not applied, and the cost if the
intervention is applied to too many people [12]. Considering these factors, it may be desirable for
policy makers to make decisions that balance overall costs and outcomes, whether successful or
not, across a set of patients. In this case, the decision becomes more complex as there are multiple
factors to consider such as a patient’s risk, the types of interventions available, and uncertainty
regarding whether the intervention will be successful at preventing severe outcomes.

Furthering the complexity of this decision, not only must policy makers consider the probability
of success of an intervention, but also whether it is beneficial to consider a second, cheaper inter-
vention. Some examples of intervention options varying in costs and effectiveness include antibiotic
or antiviral treatments, vaccinations, sending out communications advocating for a healthy lifestyle,
or receiving phone calls from doctors or nurses reminding patients to follow up with their health
care providers or complete medication [34, 116, 123, 135, 150]. In all, there exist a wide range of
well-known preventative measures that can be administered or utilized to help protect particularly
vulnerable populations. While certain preventative measure are extremely cost effective and more
accessible to a wide audience, others like vaccines require physician assistance and have a higher
unit cost per intervention [48, 77]. Therefore, it is worthwhile to identify and target our most at-risk
populations to inform the most appropriate intervention recommendation. It is well known that
certain populations remain at increased risk for developing severe pneumonia and there exist a
selection of risk-severity scores for patients [6, 30, 73, 76, 94, 107, 149, 167, 170]. While these studies
offer insights towards quantifying risk factors, they do not consider specific prevention strategies.

The purpose of this chapter is to provide a one-time decision on who to target with one of two
interventions, if any, of varying costs based on risk scores. Specifically, the decision will determine the
number of people on which to intervene with the higher cost intervention. Furthermore, we model
interventions as one-time, single period purchase products to inform how many interventions an
administrator should purchase for a population of arbitrary size, which considers variations that
can occur among hospital systems [83, 97], and to whom these interventions should target based on
the one-time decision regarding risk scores.

In the one-intervention case, the decision problem shares some similarities with the well known
newsvendor problem with unknown demand. A key difference here is that we consider individual
risk scores and the translation between the number of people who receive interventions and the
corresponding number of hospitalizations, prevented or not. We also assume that risk scores are
available and in reality they can be derived in many ways, including from prediction algorithms
[73, 76, 107, 167, 170]. We explore data-driven approaches to estimate the unknown demand and
provide recommendations on whom to target with one of two interventions.

The rest of the chapter is organized as follows. In section 3.2 we provide a literature review
to highlight this chapter’s contributions with respect to intervention planning. Sections 3.3 - 3.4
presents the model formulation, the data and methodology used to compute the pneumonia risk
scores and hospitalization indicators, and introduces a heuristic to provide an intervention policy

recommendation. Section 3.5 provides theoretical model verification, numerical results and insights
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from our optimal policy recommendations. All derivations and proofs for sections 3.3 and 4 are
provided within each section or in the Appendix C. Section 3.6 contains discussions and concluding

remarks.

3.2 Literature Review

Newsvendor models, a subgroup of revenue management models, have been used to inform optimal
solutions for a wide variety of problems in healthcare such as resource allocation, capacity planning,
and medical inventory planning[151]. Specifically, newsvendor models are used to consider tradeoffs
between costs and demand and offer solutions for decision makers who need to consider a one-
time upfront purchase of a product before knowing the actual product demand and have been
used in healthcare settings to inform intervention and allocation planning [151, 156]. Futhermore,
newsvendor decisions have been explored under differing cost parameters, where the optimal
newvendor quantity depends on demand and product prices [153]. Chick et al., model influenza
vaccines as one-time newsvendor-type products to minimize costs associated with influenza vaccine
supply chain coordination [41]. Other studies use newsvendor models to consider optimal capacity
allocation for inpatient beds and balance between operating room reservations and surgery demand
[125, 178]. While each of these models incorporate inventory management to improve healthcare
none consider intervention planning based on individual risk scores.

Resource allocation problems have been studied to optimize public health outcomes and inform
optimal intervention planning among cohorts or population subgroups. Zaric et al., consider the
optimal investment in HIV prevention programs in order to either maximize quality-adjusted life
years (QALYs) gained or number of infections averted given budgeting constraints, but do not
consider individual risk nor do they optimize costs [177]. Hynninen et al., consider patient segments
and develop a two phase optimization model to maximize the expected health benefits given a
chosen policy-level objective [85]. Their model supports intervention allocation based on population
segments, but they do not consider multiple interventions based on risk scores, and while they
provide a cost-effectiveness analysis to illustrate which optimal policies should reasonably be
considered by decision makers, they do not optimize costs.

In terms of monetary gain, there are several studies that indicate a considerable return on invest-
ment over time when interventions of varying costs and efficacy are applied to specific populations.
Yildirim et al. quantify the effects of a selection of interventions for a population with asthma and
report reductions in utilization and medication costs in post intervention time periods compared to
pre-intervention [176]. Another study forecasted reduced healthcare costs and improved outcomes
for interventions using specific selection criteria, e.g. high healthcare utilization [159]. These studies
highlight the potential cost savings for targeted interventions of varying costs and efficacy.

This chapter expands the newsvendor model to solve a problem with two classes of interventions
to be distributed based on derived risk scores to minimize expected costs associated with pneumonia
hospitalizations while considering uncertainty from the decision maker’s perspective. We summarize
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Figure 3.1 Risk score distribution and associated hospitalization probability. Here, the yellow block would
indicate no interventions, whereby the two red blocks could indicate low and high cost interventions for
the left and right red blocks, respectively. The arrows identifies the single period decision point for a given
x; value.

the following contributions. First, we extend the newsvendor model to determine a single period
decision aimed at minimizing the expected costs associated with two classes of interventions
and pneumonia hospitalizations. The model results in a structural solution that closely resembles
the well-known newsvendor critical ratio, but requires numerical solutions due to the translation
between number of patients given an intervention and the number of hospitalizations. Second, we
provide a heuristic to determine the best number of hospitalizations an administrator should target
with each intervention and whom to target with each depending on individual risk scores. Finally,
we show that our model provides interpretable solutions that are computationally inexpensive to
compute and generalizes well to other notions of risk.

3.3 Model Formulation

In this section we focus on problem setting. We first begin with providing a general overview of
the main concept of this chapter and draw relationships to revenue management to highlight
why the newsvendor model is an appropriate choice for our analysis. Then, we review necessary
nomenclature and define the cost function used in our optimization model. We finish with our
complete model formulation and properties of the optimal solution.

We consider a multiclass problem where we want to determine the optimal deployment of
two interventions based on costs, effective probabilities, and individual risk scores. We consider
a population of varying risk scores, as seen in Figure 3.1 where each risk score grouping has an
associated hospitalization probability, that is nonlinear increasing with respect to individual risk

score. We define our optimal decision by identifying two decision thresholds, x; and x,, that partition
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our population into three groups: individuals with risk scores (i) below x; who receive no intervention
(ii) between x; and x, who receive the less effective intervention, I;, and (iii) above x, who receive
the more effective intervention, I,. We observe that for any selection of x;, the decision x, can be
found by minimizing the expected costs of distributing the two interventions to the remaining
population. We require that the policy targets the more effective intervention towards individuals
with higher risk scores first. We discretize over possible values of x; and note that for each value of x;
the remaining decision variable x, can be determined using a newsvendor formulation considering
the optimal number of hospitalizations targeted with the more effective intervention. We summarize
our model’s relations to revenue management literature in the following ways.

First, the number of hospitalizations targeted with the more effective intervention can be viewed
as the “policymaker’s product” [4], for which the policymaker can control the number of hospitaliza-
tions to target. We take into consideration the nonlinear relationship between the number of more
effective interventions available and the number of hospitalizations that can effectively be targeted
with them given the hospitalization distribution among different risk score groups. We incorporate
this tradeoff into the cost function.

Secondly, we observe that the hospitalization demand follows an uncertain, unknown distribu-
tion. Due to the uncertainty in the demand, we take the standard newsvendor approach to minimize
expected costs [100]. Since our demand distribution is unknown, unlike with the classic newsven-
dor assumptions, we consider an alternative method to estimate the demand distribution using
sampled, empirical data and sample average approximations [101, 154, 178]. We recognize that in
reality, administrators need to make a one-time decision regarding intervention planning prior
to knowing the true hospitalization demand. In this sense, the newsvendor model can provide an
optimal recommendation [4, 156].

Thirdly, we aim to provide an optimal recommendation that takes into consideration the poten-
tial cost trade-off between not fully and over satisfying the demand, prior to knowing the demand
realization [100]. Note here that the overall cost that we are considering is affected by both the
number of interventions given and by the number of hospitalizations prevented. The relationship
between the costs and the number of interventions given is not always linear because decision
makers should aim to target higher risk individuals first, especially if there is limited supply, to
increase the likelihood of preventing a hospitalization as illustrated in Figure 3.1. As such we define
a cost function such that it considers these penalties, e.g., giving too many interventions and not
preventing hospitalizations, for a single iteration, i.e., specific x; value in our model. We note that
the pneumonia hospitalization cost could also include indirect cost that is associated with the hos-
pitalization or resulting illness, e.g., loss of productivity or morbidity and mortality Here the penalty
for not satisfying our demand, oftentime referred to as underage costs, occurs when an individual is
targeted with the less effective intervention when they were at risk for pneumonia hospitalization.
The penalty for exceeding our demand, e.g., overage costs, occurs when an individual is targeted
with the more effective intervention when they are not at risk for a hospitalization. Here, the decision
variable, g, is the number of interventions targeted with the high cost intervention. We define a
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function r(g) to map the number of interventions with the number of hospitalizations prevented.
We assume that the unit costs and effective probabilities for each of these interventions are known
and static such that the only variable component in our cost function is the hospitalization demand.

We define the following notation.

Definition 3.3.1. Notation

x; = minimum risk score threshold for which all individuals will receive either low

or high cost intervention

X, = minimum risk score threshold to assign high cost interventions.

C;1 = Unit cost of I}

C;> =Unit cost of I,

p e; = Effective probability of I;

p e, = Effective probability of I,

C;, = Pneumonia hospitalization cost

Py =Population with risk scores below x; who will not receive an intervention.

Py, =Population with risk scores above x;.

Dy =Random variable for number of hospitalizations in B,.

D, ., =Random variable representing the number of hospitalizations over population, P,
F(+), F4o(-) = Cumulative distribution functions of Dy, D;,»

Jo(4), fir2(:) = Probability density functions of Dy, Dy

r(q) = The number of individuals required to intervene upon in order to intervene upon g

events when interventions are assigned by decreasing risk score.

Assuming x; is identified, our cost function for a given number of hospitalizations targeted with

L for our population can be defined in the following manner.

TC(q,x)= CrhDy + WMCp+WCy  +  Zi(1—pe)Ch+Z(1—pe)Cy
N——" ~— ——
Cost of unprevented Cost of interventions Cost of unprevented
hospitalizations for forr(g) people hospitalizations with interventions
q targeted events and q targeted events
(3.1)
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where

Wi :==min{P,,, r(q)}
Wy =P ,—W
Zy:=min{q, Dy}
Zy:=Dy1p— 2y

Here we denote Z;, Z, as the number of hospitalizations that that are covered by I, I, respec-
tively. In the cost function, we consider the instances where the interventions do not work and
define the cost of unprevented hospitalizations. We make the following assumptions regarding the

cost function and model formulation.
Assumption1-. C;,—C;; >0, pe;,—pe; >0

Assumption 1 follows from an intuitive ordering of the two available interventions where I,, the
more effective intervention, costs more than I;. If this were not the case then the optimal solution

will always be to satisfy your at-risk population with the cheaper, more effective intervention.
Assumption 2-. r(q):=aq*+bqg+c,a>0,g>0

In order to accurately account for the effect of the changing event rate over different values of
X1, we rely on r(q) to map the cumulative number of hospitalizations to the cumulative number of
patients when patients are ordered by decreasing risk score. Observe in Figure 3.1 that the problem
exhibits convex, increasing properties. As such, we assume in that r(q) is a convex, quadratic
function in order to best fit the data and maintain convexity in our objective function and we
provide additional arguments in Appendix C that r(g) can always be estimated such that it is a
convex polynomial of at most degree two. We define r(qg) for all non-negative g such that the inverse
exists.

Also, we assume that a decision-maker is focused on maximization of the value function with
no supply limitations. More information regarding the data and risk scores can be found in the

Numerical Experiments section.

Finally, we take into consideration the uncertain distribution, F ,,, of pneumonia hospitaliza-

tions and formulate our model to minimize expected costs.

IglgglE[TC(q, x)]= IélgglE[ChZo + W Cio+ W2 Cj1 + Z1(1—-per)Cp + Zo(1—pe) Gy 3.2)
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where

Wi :==min{P,,, r(q)}
Wy =P ,—W
Zy:=min{q, Dy}
Zy:=Dy1p— 2y

In expectation, when r(q) < P, yields:

E[Tc(q’xl)]zchf x fo(x)d x + Cipr(q)+ Ciy(Pr12 —1(q))
+ Crqll1—Fi2(q)l(per—pe)
+(1—pez)Chf xf1+2(x)dx+(1—pe1)Chf X fieo(x)d x (3.3)
x<q x>q

The full derivation of E[C(q)] can be found in Appendix C. With this formulation, we can evaluate
and utilize the properties of our expected cost function to determine the optimal solution in the
following manner.

Theorem 1. E[C(q)] is convex with respect to q.
Proof.

S Gur@)=Car @)+ Gl1=pe) = Gili—pe)
—[F42(q)Ch(1—per)— F2(q)Cr(1—pei)+q fir2(q)Ch(l—per) — q fi+2(q) Ch(1—pe)]
+(1—=pex)Cuq fiv2(q)+(1—pe)Ch(—q fi12(q))
=1'(q)(Ciza— Ci1)+ Cp(1—pes)— Cp(1—pey)+ Fia(q)Cr(pes —pey)

9E[TC(q, )]

FEP =1"(g)(Cia— Ci1)+ fi+2(q)Ch(pea—pe) 20, Vq

O

Since we have convexity, the optimal solution to our unconstrained optimization problem, (2),
can be found by taking the derivative with respect to g and setting it equal to zero, e.g., finding the
stationary points of (3). We remark here that other assumptions on r(q) would also satisfy convexity
as long as r”(q) had the appropriate sign. The result yields an optimal solution with a similar form
to the well-known newsvendor critical fractile.
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Theorem 2. The optimal solution, gx, satisfies the following equation.

_ Ch(pey—pey)—(Cin—Ciy)r'(gx)

F(CI*) Ch(pez_pel)
Proof.
JE[C
%: r'(q)(Cis—Ci)+ Cr(1—pe))— Ch(1—pe)+ Fia(q)Ch(pe,—pe) =0
= Fia(q)= Culper—pe)—(Ciz— Cin)r'(q)

Chlpe:—pe)

O

Therefore, we can denote the overage, Cg, and underage costs, Cy;, for this problem.
Co=(Ciz—Ci))r'(q) (3.4)
Cy = Cp(pez—pe))—(Ciz— Ci1)r'(q) (3.5)

We can interpret these relationships in the following manner. Given g covered hospitalizations,
r’(q) is the marginal change in the number of people receiving interventions with respect to changes
in g. In other words, the number of additional interventions needed to target one more hospital-
ization. Cy is then the change in intervention costs to plan to target an additional hospitalization,
which is considered overage costs once all patients who will experience a hospitalization have
already been targeted.

Similarly, we can interpret Cy;, or underage costs. Cy(p e, — pe;) is the change in hospitalization
costs covered by the more effective intervention, compared to the less effective intervention. The
remaining terms, (C;; — C;1)r’(q), same as above, represents the intervention costs to cover an
additional hospitalization.

Theorem 2 presents the optimal solution in the form of the critical fractile, which is also known
to be of the following form. We note here that if r(q) = g this reduces to the standard newsvendor
problem and critical fractile. Given the defined costs, we obtain the following.

_ Ch(per—pe)—(Cin—Ciy)r'(q) Cy

CR =
Ch(pea—pe) Cy+Co

(3.6)

In reality, it is helpful to consider the impacts of changes in the intervention costs and probability
of effectiveness. We can determine the effects of changing the values of pe;, pe,, C;;, and C;, on
the value of the critical fractile (CR). For the following results, we assume q > %. For the data with
which we are working with this is true in almost all cases. In these instances, we have the following
propositions.
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Proposition 3. Forallq > ;—fl’ and assuming C;,, C;», and one of pe; or pe, are constant, we can

quantify the impact of the changing intervention’s effectiveness on the optimal solution.
1. Per unit increase in p e,, the optimal policy will be to give fewer people L.

2. Per unit increase in p e», the optimal policy will be to give more people I.

Proof. 3.1
OCR _ (Ci1—Ci2)r'(q) <
oper  Cplpex—pe)?
]
Proof. 3.2
ICR _ (Ciz—Ci1)r'(q) S
ope; Cplpex—pe)?
]

Similarly, we can evaluate the properties of (CR) with respect to changing cost values.

Proposition 4. Forall q > ;—2 and assuming pe;, pe,, and one of C;; or C;, are constant, we can
quantify the impact of the changing intervention’s cost on the optimal solution.

1. Per unit increase in C;1, the optimal policy will be to give more people I,.

2. Per unit increase in C;,, the optimal policy will be to give fewer people I,.

Proof. 4.1
JCR !
= rq) > 0%
0Cy; Culpea—pe)
O
Proof. 4.2
JOCR —r’
_ r'(q) <0
0Cip Culper—per)
O

Finally, we can observe the limiting behavior of the critical fractile as the cost of I, reduces

towards the cost of ;.

Proposition 5. Forallq > % and assuming pey, pe,, and C;; are constant, as the cost of I, reduces

towards the cost of I, the optimal solution will be to give everyone I.

Proof.
C — —(Cin—Ci)1r’
lim F(gs)= lim n(per—pe)—(Co=Ci)r'lq) _
Cia—Cyy Cix—Cyy Ch(pea—per)
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(*)Note each of these equations holds true Vg > %. In the context of the numerical example we
are working with, most of the time the following holds: % <0, Yq < r }(N), which can be seen in
Figure 3.3 below. In the instances where this value is non-negative, it is still very small and indicates
a turning point of the function r(q). Since r(q) approximates the cumulative number of people
needed to intervene upon in order to target g events, this turning point can be thought of as the
value of g for which the event rate in the population drastically decreases when the data is ordered

by decreasing risk score.

3.4 Solution Algorithm

In this section we extend our analysis to provide a best intervention policy based on risk scores
given two interventions, I; and I,. While the equation has a nice form, the function mapping
interventions to covered hospitalizations, r’(q), and the cumulative distribution function on number
of hospitalizations, F(g) means a direct solution is not available. Given a population to receive
intervention 1, F(q) can be obtained for each value of g, as a distribution or estimated by sampling
data. Since historical data is not readily available, we provide recommendations to estimate the
distribution using data-driven approaches. The function r(q) can also be empirically determined
from a set of data for each possible size of g. With the distribution F(q) and the function r(qg), then
g* can be determined using a solver to satisfy Equation 3.7. However, we note that the number of
interventions of I, also depends on the size and characteristics of the population set to receive I;.
Thus, it is useful to integrate the decision over x;. We propose an algorithm that searches over the
space of potential x; values, solving for the optimal g for each. Figure 3.2 below provides an outline
of the final recommendation heuristic for this policy determination. We conclude by explaining the

necessary details of each step in the algorithm.

3.4.0.1 Sample the training data.

We aim to provide a generalizable framework that can be adapted to populations of various sizes
and evaluate our final policy using an out-of-sample testing set. We note that our model formulation
is dependent upon the size of our population, N, particularly, after we select a starting x; value. We
perform all iterations of the newsvendor on training data (2,274,045 patient-rows), sampled without
replacement such that it is the size of the testing set (568,215 patient-rows) that we will use for final
evaluation.

3.4.0.2 Increment Xx;.

We noted above that the newsvendor critical fractile (CR) that we found above is useful for deter-
mining the optimal number of I, interventions we should target towards our population for a given
value of x;. Therefore, in order to provide an optimal solution given the I;, I, pair we discretize over

all possible values of x; and increment x; by +0.01. That is, for every possible value in the set of
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Figure 3.2 Flowchart of psuedo-code for the heuristic to determine the best intervention strategy.

thresholds for which no intervention is give, x; = {0.00, 0.01, 0.02, ..., 0.99, 1.00}, we evaluate the
critical ratio.

3.4.0.3 Approximate r(q).

We consider r(q) a mapping from g, the number of hospitalizations we would like to intervene upon
with the more effective intervention, I,, to the number of people, P, ,; we would need to target with
L.

For each iteration of the newsvendor applied for each x; value we approximate r(qg) such that it
takes the general form r(q) = aq?+ bq + c. We approximate the best values of a, b, and c using a
least squares minimization implemented via the SciPy optimize, curve_fit function [168]. For the
numerical results shown below we estimate a, b, and c by setting the independent data to be the
cumulative number of pneumonia hospitalizations and the dependent data to be the cumulative
number of beneficiaries, with the data ordered from highest to lowest risk score for both data streams.
In Appendix C we provide arguments that this assumption holds and that you can always find a
convex polynomial of no more than degree two for any set of risk scores even when no information

is known about the population and when risk scores are random and uniformly distributed.
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Here, the top graph is for when x; =0.
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3.4.0.4 Approximate F,(q).

If we know the exact demand distribution for the number of occurrences of the potentially pre-
ventable events, then we can directly solve (CR) using a numerical solver. In instances where the
demand distribution is unknown, data-driven sampling approaches, such as sampling average
approximation over historical or sampled demand distributions have been known to provide near-
optimal solutions [101, 154, 178]. For our numerical results we estimate F,,(q) using the empirical
distribution obtained from collecting 100 random samples of size N, ;, drawn with replacement,
from the training data whose risk scores are greater than or equal to x;. Here, N,;, refers to the
number of rows in the testing set with risk scores greater than or equal to x;. These 100 samples could
be thought of as sampling data from 100 hospitals of similar size to estimate the hospitalization

distribution for a particular group of patients.

3.4.0.5 Determine q*.

We use a derivative free, numerical solver to find g* by minimizing the squared difference of the left
and right hand sides of equation (CR), shown below, and limit the search space of gx* to be less than
or equal to r!(N). For every C;;, pe; pair we are able to achieve a maximum absolute difference
between the left and right hand sides of (CR) to be within an epsilon of 0.02235.

. - Ch(pex—pey)—(Cin—Ciy)r'(qx)
min {F\(q)— n\peé—pes 2 rig

2
3.7)
g<r-1(N) Chper—pe) }

3.4.0.6 Identify patients to receive 1.

The resulting g* informs how many high cost interventions an administrator should target for the
given x; value. For g* hospitalizations, we identify the highest risk patients to receive I, and allow
the remaining individuals in the population to receive I;. We denote x, as the risk score associated

with the lowest-risk patient receiving I,.

3.5 Numerical Experiments

For the numerical results, we use a 5% sample of Medicare data from 2008-2011 [45] coupled with
publicly available data to create a monthly aggregated, patient level dataset to assess an individual’s
30-day risk of pneumonia hospitalization. In this section we provide an overview of the data sources,
risk scores, and numerical results from applying our solution algorithm.

We define pneumonia hospitalizations using the Agency for Healthcare Research and Quality
(AHRQ) Prevention Quality Indicator 11 (PQI-11) definition for hospital admission rates for Bacterial
Pneumonia[2]. We consider individual level, community level, and provider level variables to create
the feature vectors used to train a logistic regression classifier to create individual risk scores. Our
final dataset consists of 2,842,260 patient rows with approximately a 0.39% PQI-11 event rate. The
data is split into an 80/20 training and testing set, which we use to numerically solve and evaluate
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the results of our model, respectively. More information about the development of the risk scores
can be found in the Chapter 2.

The unit cost and effective probability of I, are selected as $120 and 0.65, respectively. The
selection of cost and effectiveness could resemble an intervention such as an annual influenza vac-
cination. Historically, the influenza vaccine’s efficacy depends on the circulating strains. Estimates
from the 2010 to 2011 influenza season showed that the overall adjusted vaccine efficacy of the
influenza vaccine ranged from 53-66% (95% confidence interval) [166]. The Medicare cost per dose
is estimated to be around $20-$65 [47, 48, 75]. We consider the upper end of this range and more
for any possible administration fees [47]. Additionally, we assume that the cost of a pneumonia
hospitalization is $33,380 [171].

We vary the cost and effective probability of I; using any combination of a discrete selection of
arbitrarily chosen values smaller than I, and briefly provide some context of possible interventions
that might reasonably fall within these ranges. Specifically, the cost can be $25, $50, $75, or $100
and the efficacy can be 10%, 20%, 30%, 40%, or 50%. The first type of low-cost intervention can be
some form of patient outreach or communication. For instance, automated letters or phone calls
are cost-effective measures that have shown to improve immunization rates in under-immunized
populations [105]. The second communication could be a more direct, personal phone call from a
nurse or physician for which the cost can vary depending on the length of time for the phone call.
Futhermore, telehealth visits can improve patient outcomes and recent estimates indicate that a
telehealth visit for acute respiratory infections could cost up to $80 per visit and can reduce overall
hospitalization rates and length of stay [5, 133].

We first show the approximations for r(g) and F,(q) for a sample of the discretized x,; values
that we used for this analysis. We show in Figure 3.3 that the approximation of r(q) depends on the
choice of x; and note that all values of a and b are positive, which implies Propositions 1-3 hold
for all g > 0 for this set of x; values. Then we note in Figure C.1 that our sampled distributions to
approximate F,,(q) capture the true number of hospitalizations that are seen in the out-of-sample
testing set truncated above x;.

Due to the sampling strategy to obtain estimates on population sizes of our testing set, we repeat
the process 30 times for each value of x; in order to obtain 95% confidence intervals around the
optimal g, x, values. Figure 3.4 illustrates the average total cost for each x; given the recommended
X, threshold from the heurstic over 30 replications. For each x;, we follow the pseudo-code outline
in Figure 3.2 and determine the best x,. We then compute the total cost associated with targeting
individuals with both I; and I, interventions which includes the costs of hospitalizations that
occurred for individuals with risk scores below x;. We average these costs across all 30 replications
for each x; value and show the average across all replications, indicated by the solid lines. We include
the 95% confidence intervals around the costs and the best x; scores for each pe;, C;; pair across all
30 replications. Figure 3.4d shows a closer look at those confidence intervals. Here, the horizontal
red line represents the 95% confidence interval for the cost of doing nothing in 30 sampled training

sets during this evaluation.
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Average Cost Across 30-Replications For Each pe;, C;; Pair
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Figure 3.4 [a-d] The average total cost, over 30 replications, on the training data for the recommended
strategy for each x; value, compared to the 95% confidence interval for the cost of doing nothing (hori-
zontal, solid red line) over 30 replications, ordered by increasing x; threshold for varying costs of I;. The
red dots represent the optimal, recommended strategy over each C;;, pe; pair for I; and include a 95%
confidence interval.
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We first observe observe the impact of the recommended policy on the training and out-of-
sample testing set in Figures 3.4 and Table 3.1, respectively. Figure 3.4 shows the average total cost,
including hospitalizations that were not covered or occurred due to an intervention not working,
compared to the cost of doing nothing, horizontal, red line. We note that all recommended solutions
(red points) show potential cost savings compared to doing nothing in our sampled training data
across 30 replications. In the out-of-sample testing set, we note that the percent savings compared
to doing nothing increases approximately 9.24-9.27%, 9.25-11.27%, 9.26-19.03%, 9.27-31.83%, as
the effectiveness of intervention one increases from 0.1 to 0.5, across all tested values for the cost
of intervention one indicating that the policies obtained from the training data are effective in the
testing data as well.

Table 3.1 illustrates the impact of cost and effectiveness of the low cost intervention on our
out-of-sample testing set evaluations. Here we highlight the mean number of low cost interventions,
I, and mean number of high cost interventions, I, along with 95% confidence intervals over 30
replications. We note that when the effectiveness of intervention one is lowest, e.g., pe; = 0.1, all
recommended policies suggest that policy makers should consider giving more patients the high
costintervention regardless of the cost of I;. Similarly, we highlight that when the cost of intervention
one is highest, e.g., C;; = $100, the recommended policy will be the same. We observe that as the
effectiveness of intervention one increases we should consider giving more people intervention one
depending on the cost.

Next, we can observe the effects of decreasing the cost of intervention one. In Figure 3.4a, we
observe that when the cost of I1 = $100, the recommended policies converge for all of the chosen
values for the effectiveness of intervention one. As the cost of intervention one decreases in Figure
2b-d we observe that the recommended strategies depend more on the effectiveness of intervention
one. It is clear that in all of these scenarios all decisions lead to an overall cost that results in a net
savings compared to doing nothing, i.e., red points are below the horizontal, red line.

Second, we are able to observe the impact of the effectiveness of intervention one on the rec-
ommended strategy. We notice that when the cost of intervention one is less than $100 the overall
cost reduces depending on the effectiveness of intervention one. We also note that as the effective-
ness of intervention one increases, the recommended strategy increases there are fewer number of
people receiving either intervention. We can view the exact policies in Table 3.3 which shows the
recommended {x;, x,} policy for each C;;, pe; pair along with 95% confidence intervals across 30
replications.

We can see from Table 3.1 that the best policy when the cost of intervention one is high, e.g., C;;
=$100, the best policies suggest that we should attempt to cover the hospitalizations with high cost
interventions, regardless of the effectiveness of intervention one. As the cost of intervention one
decreases and the effectiveness of intervention one increases we observe that the recommendation
is to give more people some form of intervention, e.g., lower x; threshold in Table 3.3. Across all
values for effectiveness of intervention one we note that as the cost of intervention one decreases,

the value of x, increases, implying that fewer patients should receive intervention two.
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Table 3.1 Testing set evaluation for the mean number of high and low cost interventions, I; and I,, when
using the best x;, x, strategy, along with 95% confidence intervals over 30 replications.

Ci pe
0.1 0.2 0.3 04 0.5
100 241 241 241 250 250
I +144 +144 +144 +149 +149
! 75 241 250 250 250 140,762
+144 +149 +149 +149 +6,482
50 250 250 38,159 185,950 283,959
+149 +149 +9,333 +5,201 +7,356
95 250 117,263 300,408 367,273 409,885
+149 +9,588 £10,222 £5,183 £7,851
100 131,165 131,165 131,165 131,372 131,372
I +5,792 +£5,530 +4,617 +4,112 +4,085
2 75 131,165 131,372 131,372 131,372 33,571
+5,596 +4,426 +4,135 +4,341 +1,866
50 131,372 131,372 117,369 45,366 8,139
+5,542 5,542 +4,223 +1,392 +1,740
25 131,372 93,003 54,174 28,327 8,520

+5,542  +1,923  £1,094 1,105 +£1,327

3.6 Conclusion

In summary, we propose a model formulation that allows us to provide interpretable solutions and
recommendations to targeting individuals based on risk scores. We consider that in reality pneumo-
nia hospitalizations can vary depending on factors such as overall population health, demographics,
location, and presently circulating diseases and provide the best recommendations that consider
this uncertainty and minimize overall expected costs [13, 82, 83, 145, 157]. This framework can aid
policy makers in targeting at-risk populations with interventions and reduce hospitalizations and
attributable costs. In practice, one could take the recommended x; and x, values for each pair of
interventions and target individuals within each of the three groups created by this partition. We
note that the recommended policies will depend on the types of interventions available for a popu-
lation. For pneumonia hospitalizations these interventions could include vaccinations, preventative
drugs, smoking cessation sessions, or communication regarding healthy lifestyle practices [34]. Our
policy can inform how many high and low cost interventions an administration should consider
and whom to target with them based on individual risk scores.

Although we provide recommendations specifically for interventions to target pneumonia
hospitalizations, we note that our model does not require any information about pneumonia or
associated hospitalizations, other than attributable costs. Therefore, our model can be adapted and
transformed for any other discipline where risk scores are available. That is, our model generalizes
well to other notions of risk for any population. Aside from pneumonia hospitalizations, this strategy
can be used to inform intervention strategies for other types of preventable hospitalizations or
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Table 3.2 Testing set evaluation for the mean percent savings and 95% Cls compared to doing nothing, all
low cost interventions, and all high cost interventions when using the best x;, x, strategy, along with 95%
confidence intervals over 30 replications.

9.24 9.25 9.26 9.26 9.27

Doing Nothing 100 +0.12 +0.12 =£0.12 +£0.12 +0.11
75 9.25 9.26 9.26 9.27 11.27
+0.04 +0.04 =£0.04 =£0.04 =+£0.08
50 9.26 9.26 9.39 1246 19.03
+0.12 +0.12 £0.09 =£0.02 0.05
25 9.27 9.95 15.16 22.69 31.83
+0.12 +0.04 =£0.06 +0.04 =+0.08
100 45.13 41.60 37.59 3298 27.64
Alllow (L) +0.07 +0.08 =+0.08 =£0.09 =+£0.09
75 38.07 33.54 28.29 22.15 16.72
+0.08 +0.09 =+0.09 =£0.10 =+0.07
50 2894 2290 15.87 10.40 7.67
+£0.095 =+0.01 =+£0.08 =+0.02 0.06
25 16.64 8.90 4.51 1.95 0.99
+0.11 +0.04 =£0.07 =£0.06 =£0.12
100 2766 27.67 27.68 27.68 27.68
All high (1,) +0.10 +0.09 =+0.09 =£0.09 =£0.09
75 2767 27.67 27.68 27.68 29.28
+0.09 +0.09 =+0.09 =£0.09 =£0.06
50 2768 2768 27.78 30.23 35.46
+0.09 +0.09 =+0.07 =£0.02 0.04
25 2768 28.22 32.38 38.38 45.67

+0.09 +0.03 =+0.05 =£0.04 =£0.06
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Table 3.3 Recommended policies for each C;;, pe; pair. Here we show the average value and 95% confi-

dence interval of best x;, x, values for each C;;, pe; pair, over 30 replications.

Gi pe X X
0.1 0.6767 £0.0086  0.6770 +0.0085
100 0.2 0.6767 £0.0086  0.6770 +0.0085
0.3 0.6767 £0.0086  0.6770 +0.0085
0.4 0.6763 +£0.0088 0.6767 +£0.0087
0.5 0.6763 +£0.0088 0.6767 +£0.0087
0.1 0.6767 £0.0086  0.6770 +0.0085
75 0.2 0.6763 +£0.0088 0.6767 +£0.0087
0.3 0.6763 +£0.0088 0.6767 +£0.0087
0.4 0.6763 £0.0088 0.6767 +£0.0087
0.5 0.6113 +£0.0091 0.8565 +0.0036
0.1 0.6763 £0.0088 0.6767 +£0.0087
50 0.2 0.6763 +£0.0088 0.6767 +£0.0088
0.3 0.6397 £0.0110  0.6990 +0.0069
0.4 0.5287 +£0.0080  0.8294 +£0.0031
0.5 0.4413 +£0.0122  0.9364 £0.0081
0.1 0.6763 +£0.0088 0.6767 =0.0087
95 0.2 0.5590 +£0.0126  0.7395 +0.0033
0.3 0.3493 +£0.0158 0.8108 £0.0022
0.4 0.2883 +£0.0085 0.8697 £0.0029
0.5 0.2550 +£0.0127  0.9330 +£0.0057

other adverse events related to diseases such as influenza or COVID-19, especially where risk scores
are widely available [89, 108]. Outside of healthcare, this strategy can be useful for policy makers
looking to implement interventions to reduce costs incurred from any potentially avoidable event.
This could be in areas where policymakers are considering interventions to prevent crime [172] or
improving graduation or retention rates in educational settings [139], just to name a few.

It is important to note that this formulation is imperfect and has some limitations. The first
limitation is that this model only considers the decision at a single point in time. However, the
newsvendor single-period approach can also be used as a building block on multi-period decision
models [3]. Second, decision makers should always optimize over x; and x, simultaneously. As
shown in Figure 3.4a-d there are some values of x; that yield optimal solutions that are worse than
doing nothing, meaning that the recommendation from a cost perspective should be to give no
interventions. Nevertheless, our functional form allows us to evaluate more scenarios and determine
the optimal policy for a specific value of cost and effectiveness of I,. Third, the results depend on
the discretization chosen for x;. We chose to increment by 0.01 to gain a sense of the entire search
space. Fourth, we are limited in this problem by the lack of historical data to estimate the underlying
demand distribution. We circumvent this by applying a random sampling technique and repeat
our sampling for 30 replications to provide confidence intervals around our recommended policies

and results. Lastly, the numerical solver sometimes faces numerical complications due to the
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approximation of the empirical distribution function to find g*. We found that g* yielded an error
within an epsilon of 0.02235 to ensure that we found the best possible solution given the limitations
of using a numerical solver.

We note that this work considers the best strategy between two interventions under uncon-
strained supply, but in the future can be extended to consider these aspects. Some approaches, such
as dynamic programming, may be useful to determine the best strategy for more than two inter-
ventions, but may not necessarily provide interpretable results for policymakers. If interpretability
remains important, one could consider grouping interventions into two groups to ascertain the
best policy given the expected costs and effectiveness of interventions of similar types. In order to
account for constrained intervention supply, one could consider adding resource constraints to the
minimization problem formulated above.

In all, we provide a generalizable framework to solving a multiclass newsvendor based model to
determine an optimal intervention strategy in a population with available risk scores. We show that
our policy can reduce overall pneumonia hospitalization attributable costs up to 32%, depending
on the available interventions. If given a complete list of possible interventions, one could use this
method to create a lookup table of recommended intervention strategies. This would be easy to
compute as our model adapts well to problems of various sizes. Other optimization models, such as
integer programming approaches, do not scale well and are known to be computationally complex
and time intensive [85]. For our model, it takes less than 60 seconds per replication to evaluate
the best policy for each C;;, pe; pair over our entire discretization of x;. That is, this model can
quickly adjust the costs and effective probabilities to recommend a new policy for alternative sets of

interventions and could become a useful tool for any area where risk scores are available.
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CHAPTER 4

METHODS TO ESTIMATE TRUE DISEASE
BURDEN OF COVID-19

4.1 Introduction

The true number of infections, hospitalizations, and deaths, henceforth referred to as disease
burden, attributable to the COVID-19 pandemic has remained unknown since the World Health
Organization (WHO) first declared the emergence of COVID-19 as a global pandemic. [141]. Over
time, and especially during the earlier months of the pandemic, there were substantial barriers such
as insufficient testing capacity and low implementation of and adherence to the use of mitigation
measures due to the unknown impacts of masks and social distancing at the time. These barriers
contributed to the unmitigated spread of the highly transmissible COVID-19 virus across the United
States. Especially during the first few months, and even throughout the first year prior to vaccine
deployment, the majority of the COVID-19 infections went undetected [141, 174]. During this
beginning period, the guidelines recommended by the Centers of Disease Control and Prevention
(CDC) suggested that people stay home unless severely ill and in need of medical intervention
from a health-care professional and did not include provisions for acquiring tests [28]. With most
individuals staying home to quarantine and before testing capacity was expanded to the public, the
true number of infections still remains unknown.

Understanding the true disease burden associated with COVID-19 is imperative to understand
important measures surrounding the current state of the pandemic such as herd immunity, the
emergence of variants, breakthrough infections and reinfections, and fatality rates over time [42,
141]. If we can estimate who already had the disease and determine whether current infections
and severe disease are likely to be new infections or breakthrough or reinfections, we can better
understand who remains at risk and the likelihood of experiencing another wave of incidence,
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hospitalizations, or deaths. This is particularly important as there remains a gap in knowledge
surrounding the lasting immune response to someone who is fully recovered from COVID-19 [104].
This also helps us gain insight towards reinfections as we consider the impacts of new and more
transmissible and severe variants which may have immune-escaping [27, 92, 104] properties that
affect even those who may have already gained some immunity from a prior infection.
Internationally, nationally, and sub-nationally, it is known that there exist significant differences
in total burden where it is documented certain countries and subgroup populations have suffered
more hardships than others, especially in the early months when entire populations were suscepti-
ble to the virus. Levin et al. [102] estimated that the age-specific infection fatality rates (IFRs) were
roughly two times higher in developing countries compared to high income countries. Their study
also indicated that the seroprevalence in developing countries was roughly the same in older age
groups as compared to younger age groups, pointing to these countries’ difficulties regarding provid-
ing protection to their most vulnerable populations. Within the United States multiple studies and
analyses indicated that certain sub-populations experienced disproportional amounts of burden
compared to the general population. These populations include certain racial and ethnic groups
[146], working classes such as healthcare workers, first responders, and other essential workers [173],
and residents of specific geographic locations where certain states, dense cities, and rural areas with
limited access to health resources suffered more than in other areas of the country [10, 42, 131].
Identifying the remaining susceptible population at a point in time can improve health related
outcomes by targeting mitigation resources and interventions to prevent severe disease. For in-
stance, understanding susceptibility could have helped inform vaccine prioritization schemes when
vaccines were first available in early 2021 in limited supply [146]. Additionally, understanding disease
burden across subgroups can further efforts towards bridging the equity gap by identifying popula-
tions that were hit the hardest in terms of all incidence, severity, and mortality [146]. Understanding
disease patterns can also help public health experts analyze the impact of mitigation measures,
such as the use of certain non-pharmaceutical interventions, i.e., wearing masks, social distancing,
closing schools, working from home, etc., on overall disease incidence and mortality rates for a
period of time. Therefore, the development of methods to estimate population susceptibility at a
point in time can prove to be a beneficial tool for public health experts, decision makers, and other
stake holders when it comes to COVID-19 and potentially other infectious and fatal diseases.
Identifying populations that have already experienced a prior infection can further inform infec-
tion hospitalization rates and mortality risk. Aside from these metrics, the public health community
can benefit from population estimates of long COVID, which has been linked to deaths even months
after initial COVID-19 infections. Public health experts are working to learn more about risk factors
that can contribute to the likelihood of severe disease or mortality associated with long COVID
[8], but the reality is that in meantime these post-infection factors are affecting many people all
over the country. A recent report from the CDC that reports 1 in 5 adults age 18 years or older [18],
are estimated to experience the effects of long COVID when considering both the prevalence of

long COVID among the infected and the underestimation in overall infections compared to doc-
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umented cases [115]. Even if the effects of long COVID are not publicly advertised, many experts
believe that we are just beginning to see the impacts of this long term illness. For instance, Nicole
Maestas from Harvard Medical School, suggests that the country has yet to see the impact of long
COVID in disability claims due to the paperwork and bureaucratic process that individuals have to
navigate in order to file claims when they cannot prove that they ever had the virus. There currently
exists no diagnostic test for long COVID and individuals are required to build up their own medical
documentation in order to prove that they are impaired for a length of time before they qualify for
disability assistance [115]. Other anecdotal accounts suggest that individuals are also struggling to
receive assistance and necessary prescriptions from their insurance companies without a diagnosis
or laboratory-confirmed documentation of the disease [163]. Pin-pointing geographic areas or
subgroups that were likely to have been hit with a surge of infections at any point throughout the
course of the pandemic can inform disability assistance, insurance claims, and resource allocation
to treat the symptoms experienced by many with long COVID.

To summarize, understanding the past disease burden can help to inform the analysis of mitiga-
tion efforts, infer changes in behavioural patterns and relations to disease spread, evaluate health
equity, and provide additional tools to help identify those who are at risk of experiencing the negative
effects of long COVID.

4.2 Literature Review

Understanding the true disease burden has been of interest to many public health experts throughout
the course of the pandemic, particularly those in forecasting and public health policy. The CDC has
estimated true disease burden for the United States in efforts to capture how much of the population
has already been infected with the disease [25]. The CDC estimated that in 2020 approximately 1 in
7, infections were reported through September 2020, and 1 in 4 infections were reported through
December 2020, indicating that these rates of underreporting improved over time[25, 141]. The CDC
analysis considers values by age group, but does not consider the differences in disease burden or
unreported cases at the sub-national level.

Pei, et al. used a meta-population, Bayesian inference model to estimate disease progression
across counties within the country, with a specific focus on metropolitan areas. The study estimated
that the total population susceptibility in the United States by the end of 2020 was around 69% with
considerable variability between major metropolitan areas such as 48% in Los Angeles compared
to 73% in Phoenix[131]. The model is validated on reported cases and out-of-sample validated on
seroprevalence estimates from conducted surveys. The surveys available in the earlier months in
year only include estimates from 10 sites. Thus, the use of seroprevalence estimates during this time
period and limited data is likely to yield bias in the model inference parameters. Additionally, the
model does not report or evaluate hospitalization need or risk of severe disease.

Similarly, a comprehensive, statistical analysis performed by Barber, et al. relied on sereo-

prevalance survey data, which could potentially be impacted by the same biases [10]. This analysis
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was performed at the national and regional level and also provides estimates for the infection fatality
ratio and cumulative percent infected over time by age [10]. The authors note that this study ends
upon the introduction of the Omicron variant due to the likely impact on the estimated values
computed from the seroprevalence surveys and that new results await the addition of updated
survey results. In that sense, even though the results can typically be run to provide daily estimates,
the methodology will not adapt well to new variants, which is a cause of major concern when
considering all of the new and more severe variants of COVID-19 [84].

Chitwood, et al. developed a Bayesian model to estimate cumulative incidence across states and
counties over time in a "backcasting" approach. The model comprises a deterministic, compart-
mental model that accounts for diagnosed and undgiagnosed cases of COVID. However, the author’s
report that fitting the Bayesian model requires fixed distributions to reduce overall computational
complexity [42]. Next, the model assumes a population weighted IFR value to fit to empirical death
data whereby the IFR values are highly uncertain and can lead to increased sensitivity to model
performance.

While these models provide useful insights and calibrate well to confirmed cases and deaths, the
underlying assumptions make the models highly sensitive to uncertainty surrounding parameters
such as the IFR values and biases in seroprevalence surveys. This chapter will provide a thorough
analysis of IFR applications to estimate overall disease incidence and introduce a novel method
to fit empirical data and estimate disease characterizing parameters. In the end, estimates from
these approaches will be compared to estimates provided by the aforementioned models, where

applicable.

4.3 Methods

This chapter describes two approaches to evaluate disease burden and estimate the total number of
true infections of COVID-19 experienced in 2020, prior to vaccine distribution: (i) the deterministic
application of infection fatality rates; and (ii) the use of deterministic, compartmental epidemi-
ological modeling. This section will describe all of the necessary assumptions, data sources, and
procedures used for each method.

Deterministic Application of Infection Fatality Rates (IFR)

In the early stages of the pandemic many studies sought to inform population infection fatality
rates [29, 81, 102] . The infection fatality rates differ by age and geographic location as seen in
Figure D.1 due to the different prevalence of disease-related risk factors that are present in these
populations. Due to the uncertainty surrounding these IFRs, and their unknown true values, we
compute two versions of the population-weighted infection fatality rate for the United States. In the
first method, shown in Appendix Table D.1, we use population estimates gathered from the 2019

Census data [66] to perform a population weighted IFR value for the United States for each of the
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sets of infection fatality ratios that have been peer reviewed. Upon closer inspection of the resulting
US Age population-weighted IFR values presented in D.1, and comparing to what was reporting
in the literature for the United States, the rest of this analysis assumes the IFRs reported in Levin
et. al [104]. In the second US-population IFR calculation, we perform a population weighted IFR
value dependent on the composition of true estimated infections in the United States where the
assumption is that the infection fatality rate is dependent of the infection fatality rate of those who
are reported infected, the results of which are provided in Table 4.1. The method for computing the

true estimated infections is provided below.

Table 4.1 Estimated percent of total infections by deterministic IFR analysis and corresponding resulting
NC-IFR from composition of estimated infections.

Age % true | Levin IFRs

cases (end

of 2020)
| 0-9 | 01452 | 0.00001 |
| 10-19 | 0.09571 | 0.00003 |
| 20-29 | 01862 | 0.00011 |
|30-39 | 0162 | 0.00037 |
| 40-49 | 01527 | 0.00123 |
| 50-59 | 0.1192 | 0.00413 |
| 60-69 | 0.0804 | 0.0138 |
| 70-79 | 0.0401 | 0.0462 |
| 80+ | 001851 | 0.1546 |
| | | 0.0066 |

Gathering Estimates of Undocumented Infections

Using the COVID-19 Restricted Use Case Surveillance Data [21] gathered from the CDC we collect
all documented lab confirmed cases and deaths by age group and geographic location, i.e., urban,
suburban, or rural residencies. We estimate the true number of infections by applying the IFR to
the number of reported deaths for each age group, through division. We define the time-varying
lab multiplier to the ratio of true infections, estimated from the IFR analysis, to the number of lab-
confirmed infections. To eliminate noise in the data we use 13-week average values of documented
cases and deaths for each stratified population for this analysis. Since the younger age groups
had little to no deaths reported throughout 2020, age groups 0 - 29 Years are grouped together for
nontrivial estimates. If there are no reported deaths over a 13-week period, the lab multiplier is
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assumed to be one, and the number of estimated true infections is equal to the number of lab-

confirmed cases. For the age group analysis, we use the following formula.

IFR; = il where,

1

u; :=reported deaths for age groupi,
7; :=true infections for age groupi,

Viel,..,7

and define our time-dependent lab mulitplier to be:

77:.
LM; , := —,where

Yir
Mt
" IFR,

Yi: = 13 week average of lab-confirmed cases for age group i

u; . =13 week average of COVID-19 deaths for age group i

Using the deterministic approach to compute the lab multipliers for different age groups over
time, we can view the true estimate of prevalence of COVID-19 by age group for different states, and
at the sub-geographic populations, e.g., urban, suburban, and rural locations. We present the results
of this initial analysis in Figures D.2 - 4.6 as the time-varying lab multiplier for each age group. The
lab multipliers are computed by age group, for each geographic location in the state as presented in
Figure D.3. The resulting lab multipliers are used to provide a final case estimate for each week in
2020. The results by age and rurality are aggregated weekly via summation and used to inform the
state level estimated number of infections. The results in Figure D.2 show the estimated state-wide

lab multipliers compared to the CDC Case Surveillance Data [21].

Epidemiological Model

The second approach to estimate disease burden is to fit a deterministic, compartmental Susceptible-
Exposed-Infected-Recovered (SEIR) model to empirical data. The model is fit using a backcasting
analysis to estimate documented and undocumented infections, hospitalization need, and deaths
over time. This section will first describe the model description including all governing equations
and assumptions, then explain the different fitting periods used in this analysis, and finally, provide

the fitting algorithm to produce the final results.
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Figure 4.1 Comparmental model showing the seven disease states considered in this analysis.

Model Description

The SEIR model comprises seven compartments, among which there exists a compartment for
both documented and undocumented infections to track what these values might be over time.
To fit this model, we focus on two parameter sets: (i) disease progression parameters and; (ii)
fitting parameters, e.g., the percent of documented infections, and the transmissibility of the virus.
The model comprises seven disease states: (S)usceptible, (E)xposed, (Id)Documented infected,
(In)Undocumented infected, (H)ospitalized, (R)ecovered, and (D)ead, and the flowchart of disease
progression is illustrated in Figure 4.1. The model assumes complete mixing within the population

and the parameter labels and descriptions are shown in Table 4.2.

Note. Undiagnosed infections cannot die without hospitalization because we assumed that these
individuals had less severe instances of the disease, as they were not ordered a test by a doctor or
physician, unless they entered the hospital due to the development of severe disease. We validate
the hospitalized compartment using "confirmed and suspected inpatient admissions" reported
by HHS. For this reason, lab-confirmed and non-lab-confirmed cases are both able to reach the
hospitalized compartment.
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Model Fitting

Fitting Periods

Retrospectively, throughout 2020 there were many treatments recommended and tested to try
to reduce the risk of severe outcomes from COVID-19. In this backcasting analysis, a review was
conducted to inform which treatments were considered effective, either through case studies or via
the status of any Federal Emergency Use Authorizations (EUA). In order to account for the available
treatments that impacted disease progression, the empirical data is split into five fitting periods as
illustrated in Figure 4.2.

The first fitting period is prior to April, 2020, which is the most unknown time period throughout
the year. Since COVID-19 was first declared a pandemic in March of 2020, the first fitting period
will be from the time the first case is documented to the first week in April. In April, CNN Health
published an article on the benefits of prone positioning [49], and in May 2020 an editorial was
published suggesting that trials were underway to confirm the preliminary conjectures that prone
positioning could potentially prevent or delay intubation in some patients [160]. A study published
in late August, 2021 confirmed that the early application of prone positioning showed improvements
in patient outcomes [7], and another in early 2022 indicated the potential to reduce mortality rates
by 10% in patients with COVID-19 related acute respiratory distress syndrome (ARDS) [63].

The remaining fitting periods were determined using a joint assessment of model calibration
and treatments archived by the New York Times [180]. The first treatment, Remdesivir, first received
its EUA for critically ill COVID patients in May 2020 [95]. The drug has been documented to reduce

recovery time in hospitalized patients with lower respiratory tract infections by about four days
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Table 4.2 Parameter descriptions for the inputs to the state level SEIR model, split into types, e.g., time
(days), rates, and fitting parameters. The bounds correspond to the upper and lower bounds used as in-
puts to create the initial Latin Hypercube Sample. All parameter bounds were determined via literature

estimates and model validation.

Type  Parameter Description Bounds Source
Time 7Tg; Latent period [4, 8] [31]
(days)
TIR Infectious duration without [4, 10] [19, 22]
hospitalization
TIH Infection time to hospitaliza- [2,12] [31, 67]
tion
THD Time from hospitalization to [5, 13] [31, 67]
death
TiDD Time to death from a docu- (4, 10] [31, 67]
mented infection without hos-
pitalization
THR Hospitalization duration [2, 14] [31, 67]
Rates pipy Documented infection hospi- [0.05,0.2] [21, 31]
talization rate
PiuH Undocumented infection hos- [0.05,0.2] Assumed
pitalization rate
PHD Hospitalization fatality rate [0.15,0.3] [31,33,67]
PIDD Documented infection fatality [0.0,0.10] Assumed
rate without hospitalization
Fitting B Transmissibility [0,1] Fitted
m Percent of infections that are [0,1] Fitted
documented

Table 4.3 The allowable percent change (reduction) in disease progression parameters that were assumed
to be reduced by available treatments in 2020 assigned by the respective fitting periods the treatments

became available.

Parameter Description Fitting Period Allowable Change
(%)
PIrun Undocumented infec- May-June 30
tion hospitalization rate
Nov-Dec 30
PIDH Documented infection May-June 30
hospitalization rate
Nov-Dec 30
PHD Hospitalization fatality May-June
rate
June-Nov 30

and reduce mortality rates by about 3.8 to 5.2 percentage points depending on the time from

treatment (or placebo) [11], and in later trials in 2021, was found to reduce risk of hospitalization
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Timeline of Effective Treatments in 2020

Reduced mortality Reduced mortality Reduced risk of
rates rates symptomatic infection
Prone posn‘:omng Dexamethasone /44 Regen-COV
2020 April May June Nov 2021
- |\/'|1 —_ |\/|3 -~ |‘.,/|4 - |\/|5 -
Remdesivir
Reduced hospital Reduced mortality
length of stay and rates when combined
hospitalization rates. with other treatments

Figure 4.2 Timeline of nationally available, effective treatments in the United States and the corresponding
fitting periods M; that result for this analysis.

and death by 87% among non-hospitalized patients at risk for disease progression [78]. In early
June, Dexamethasone, a commonly used drug prior to 2020 was found to reduce deaths by up to
one third in a clinical trial involving hospitalized COVID patients [121, 140]. Later, Regen-COV and
Bamlanivimab received EUAs in November, 2020 [70, 161]. Regen-COV was reported to reduce the
risk of symptomatic infection by up to 81% in a phase three clinical trial [142] and Bamlanivimab,
a monoclonal antibody treatment was issued an EUA in November 2020 for distribution mild-to-
moderate COVID-19 infection in adults and certain pediatric patients [69], was found to reduce
incidence of COVID-19 by approximately 6.7 percentage points among residents and staff in skilled

nursing and assisted living facilities [50].

Disease Progression Parameters

For the state level model, there are a total of ten disease progression parameters, six relating to the
time, in days, spent in each disease state and four pertaining to transition rates. These parameters
are sampled using the bounds listed in Table 4.2 and a Latin Hypercube sampling technique. The
bounds for the time parameters are estimated from the values reported by the CDC Pandemic
Planning Scenarios [31] where the rate parameters are estimated from CDC Case Surveillance Data
[21], NY Times [162], and national reports on hospitalization and fatality rates provided by the CDC
especially during early 2020 [33].

The disease progression parameters are sampled 1,000 times using the general bounds imposed
in Table 4.2. After generating the 1,000 samples of input parameters, the following filters are applied

to avoid over-fitting due to unlikely scenarios. That is, input samples are collected provided they

64



meet the following assumptions.
Assumption1-. 75p > Tipp

The time to death without a hospitalization must be no greater than the time to death with a
hospitalization. This assumption implies that those who need hospitalization are severely ill and
are likely to have increased mortality risk throughout the entire infection.

Pathak et. al, report out-of-hospital mortality during the time period from January 2020 to March
2021 in terms of the percent of deaths occurring in hospitals, long term care facilities. The authors
find that deaths occurring outside of hospitals varied by age group, for the United States with the
highest percentage occurring in those age 0 to 17 years [129]. The study highlighted that for those
85+ years and older, 12.3% of deaths occurred outside of the hospital and emergency department,
42.9% occurred in long-term care facilities and 44.8% occurred in hospital inpatient setting [129].
Aggregating their reported values taken from death reports from the National Center for Health
Statistics, we find that 12.14%, 22.73%, and 65.13% of all COVID-19 deaths occurred outside of the
hospital and emergency departments from January 2020 to March 2021, in long-term care facilities,
and within inpatient hospital settings, respectively [129]. Currently, it is not clear whether these
deaths would have occurred at a shorter, or longer, length of time. However, since most deaths
occurred in inpatient hospital settings, this is unlikely to cause major differences in the final results
of this chapter.

Assumption 2-. 7;5 < 7T;pp

The time to hospitalization should be no greater than the days to death without a hospitalization.
This assumption accounts for the fact that if an individual were feeling extremely unwell, they would
either seek medical help and hospitalization, and if unable to, would be at increased risk of death at

that point in time.
Assumption 3-. p;yy <PipH

The hospitalization rate for an undocumented case is no greater than the hospitalization rate for
alab-confirmed case. This assumption accounts for the fact that undocumented cases were more
likely to be asymptomatic and less severe since individuals did not require a test for treatment.

After all filtering is complete, there remain 499 samples to feed into the first fitting period,
corresponding to March of 2020.

Fitting Parameters

The remaining parameters, 8, the transmissibility of the virus, and m, the percent of infections that
are documented relate to the overall force of infection which directly impacts the estimation of the
time-varying time-varying reproductive number R, (#). An effective contact in this model is estimated
assuming complete mixing. The transmissibility of the virus determines the likelihood that an
effective contact results in a new infection, i.e., probability of transmission from an infected, effective

contact. The percent of infections that are documented will affect the number of undocumented
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infections, hospitalizations, and deaths, as the rates differ among these disease states. Both of
these parameters are dynamically estimated each week across all of the fitting periods, where the
assumption is that they are unconstrained, e.g., continuous between 0 and 1. Here, the definitions
and calculations are provided to process the results from the fitting algorithm into time varying
lab-multipliers and time-varying reproductive numbers.

For a given week j in fitting period i, 1 <i <5, 1 < j < W; where W, is the number of weeks in

fitting period M; the following estimates are computed.

1. Time Varying Lab-Multiplier, LM "/ ()

LM"(t)=
mi,j

2. Time Varying Reproductive Number Ré’j (1)

The time varying reproductive number is estimated by the spectral radius of the next gen-
eration matrix method [60, 61, 122]. The details of the derivation are provided in Appendix
D.

RY(1)= ﬁ(f)[mi,j(cd —C,)—1]

And therefore, the time-varying effective reproductive number can be computed using the
following.

Rj%t)z#l?i'j(t)

Where % is the proportion of the population that is susceptible at time ¢.

C 1
d= (1—pipH—PIDD) |, PIDH PibD
TIR TIDH TIDD
c 1
U7 1=pyn |, Piun
TIR TIUH

Branching Algorithm

The overarching fitting algorithm, denoted the branching algorithm, for the entire backcasted
analysis in 2020 is illustrated in Figure 4.4. The algorithm can be explained in four main components.

i. Initial Latin Hypercube Sampling
The initial Latin Hypercube sampling uses the bounds given in Table 4.2. After the samples
have been filtered according to the assumptions previously mentioned, e.g. 499 remaining
samples, the parameters are used to feed 499 different SEIR models. The initial sampling is

done once at the beginning of the algorithm. Each sample is then used to feed the branching
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ii.

iii.

SEIR algorithm to find the best weekly estimates of LM /() and R>(¢).

Branching SEIR

The overview of the weekly fitting to the fitting parameters, f and m, of the branching SEIR
algorithm is shown in Figure 4.3. The initial condition y;(1) for the first time period is estimated
using the IFR analysis described in the first method of this Chapter. The number of deaths
by each age, approximately 25 days from the beginning of the simulation, is divided by the
age-specific IFR values to feed the exposed state as a summation. Then, for each week, k in
the fitting period M; the optimal {§; ., m; ;. } pairing is found via the argmin of the following

minimization function.

{Bit-mixy=argmin{WMSE(Cy,SCi)+ 7 WMSE(Dy.r+3, S Dk +3)}

Cy :=7-day average values of daily lab-confirmed cases by the New York times for week k.
S Cy :=simulation estimated daily lab-confirmed cases for week k
Dy...43 :=7-day average values of daily deaths by the New York times for weeks k:k+3.
SDy..r.43 :=simulation estimated daily deaths by the New York times for weeks k:k+3.
WMSE :=weighted mean squared error function with weights chosen as 1:2

for under and overestimation, respectively.
max{C}

=
r max{Dy.r43}

The weighted mean squared error function is used to penalize values that result in overesti-
mation greater than values that result in underestimation [132]. Specifically, the weights are 1
for any underestimation and 2 for overestimation, resulting in overestimation being doubly
penalized compared to underestimation. Here, the weighted mean squared error function
was chosen to allow for this extra penalization and was experimentally determined to avoid
the model fitting to unrealistic values when trying to "correct" an overestimation between
subsequent fitting periods. The status of each disease state, i.e., number of documented infec-
tion, exposed, undocumented infected, etc. is fed into the subsequent SEIR model. After the
first week of the year, the new percent of infections that are documented, m are constrained
to within 10% of the previous week’s optimal values by this minimization function, aside for

the first week in April, which is unconstrained due to the amount of uncertainty in March.

Identify feed parameters
Before progression to the next fitting period, the algorithm performs a final evaluation of the

model output for each parameter sample through a mean squared error of daily lab-confirmed
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Figure 4.3 Overview of weekly fitting to percent of infections that are documented and the transmission
rate. The number of people in each disease state, connects each week during a fitting period and each
fitting period through updating the y, term for each SEIR model.

iv.

cases and daily deaths, compared with 7-day average empirical data reported by the New York
Times. The error values are evaluated through a pseudo-algorithm to identify, approximately
fifty samples that are a part of the effective frontier of sample parameters, after outliers by
case error are removed, illustrated in Figure 4.5.The effective frontier is visualized in red. The
yellow samples represent the top ten samples chosen from within the effective frontier to
feed the next fitting period, or begin new branches. The branches are chosen based on the

minimum death error within the set.

Branch to the next fitting period

Once the top ten samples are identified, the algorithm branches to conduct ten more similar
analyses. First, the new disease progression parameter samples are generated with updated
bounds based on the selection of disease progression parameters from the previous fitting
period. For the parameters that are estimated to change, based on literature surrounding the
effective treatments, the new bounds are chosen with an upper bound of the input sample,
and a lower bound that is 30% lower than the input sample value for each parameter. These
special considerations are highlighted in Table 4.3. All other parameters are sampled such that
the new bounds are within 25% of the incoming branch’s parameters, where fifty new samples
are generated for each branch, yielding 500 new samples for the next fitting period. This
25% constraint parameter was chosen due to uncertainty around the parameters particularly
during the early months where it is easy to overfit to documented cases. The branching SEIR
analysis is repeated for each sample and the rest of the algorithm repeats from step (ii) until

the end of the year.
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Branching Algorithm Between Fitting Periods
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Figure 4.4 Overview of branching algorithm for each fitting period identified by the available treatments in
2020. The fitting periods are connected through a branching procedure where the top disease progression
parameter samples, chosen through the efficient frontier, are used to create updated bounds for a new
Latin Hypercube (LHC) sample of size 50. The first fitting period is fed with approximately 500 samples
described by the bounds in Table 4.2. In the final fitting period, the top samples by death mean squared
error are chosen to identify the best trajectories to estimate disease burden.
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Figure 4.5 These figures illustrate the identified effective frontier for March (a) and April (b) using the
branching algorithm. Each point in the plot represents a selection of disease progression parameters for
each fitting period. The red samples indicate the effective frontier, whereas the yellow indicate the chosen
samples to feed the next fitting period.
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Figure 4.6 North Carolina cumulative percent infected by (a) age: 0-29, 30-39, 40-49, 50-59, 60-69, 70-79,
and 80+ years of age and (b) geographic location: urban, suburban , and rural counties, as estimated for
2020 from the simple, deterministic application of IFR values to the NY Times reported deaths.

4.4 Results

IFR Analysis

The deterministic application of infection fatality rates to reported deaths is presented in Figures
D.2- D.3, where the first shows the estimated lab multiplier at the state level across seven age groups,
and the second breaks the analysis down further by geographic location. These figures show the
estimates from the application of the IFR value reported in Levin et al. [104] and bands indicating
the estimates from using the 95% confidence intervals around these reported IFR values. In both
figures, we can see that younger age groups, particularly 0 - 29 years and 30 - 39 years tend to have
higher rates of under-reporting, where the statewide lab multiplier for those 0 - 29 years of age
reaches as high at 40+ during the early months of 2020. The black, dotted line indicates the first
week of 2020 where the youngest age group, 0 - 29 years had a reported death. Before this date you
can see that the estimated lab multiplier cannot be computed, and thus is assigned to be the value.
This pattern occurs again in late August, where the youngest age group’s lab multiplier drops to one
because of insufficient data when using this method. The other age groups have lab multipliers that
tend to decrease over the year. Furthermore, we can view the estimated cumulative percent infected
by each age group in Figure 4.6. We can see that the youngest age group, 0 - 29 Years had the highest
estimated cumulative percent infected until late summer, where the confidence intervals overlap
with 30 - 39 and 40 - 49 years of age.

The rates of underreporting also vary significantly by geographic location. In Figure D.3 the age
distributions indicate that there were higher rates of underreporting among rural areas, particularly
for age groups 0 - 29 years and 30 -39 years, compared to suburban and urban locations. The youngest

age group in the rural locations had its highest peak in May, 2020, compared to earlier months in
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suburban and urban locations. In suburban and urban locations we see that in October-November,
the youngest age groups had a spike in lab multiplier values. Taking a look at the cumulative percent
infected by the end of the year it is clear that rural areas had the highest estimated percent infected,
with values ranging from 35-50% infected. Suburban areas experience a sharp incline in infection
from April to July, reaching top values of approximately 15% infected with rates slowing down
considerable soon thereafter and finally reaching approximately a 17-18% cumulative infection
rate by the end of the year. The urban location trends indicate an infection spike in May-June and
November - December.

Compartmental Model

The results of the compartmental model branching algorithm can be viewed in Figure 4.7a-c. Each
graph shows five trajectories, indicated by five unique colors. The five trajectories are selected based
on the mean squared death error from the final fitting period. The five samples with the smallest
death error get traced back each fitting period to find the respecting connecting branch that fed
into the final five and are plotted on these graphs.

North Carolina Branching SEIR Trajectories
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Figure 4.7 North Carolina model fit for estimated daily lab-confirmed cases (a), and daily deaths (b), com-
pared to the 7-day averages reported by the New York Times. Panel (c) shows the estimated lab multiplier
over time.

The final fits for each of the top five trajectories can be viewed in Figure 4.7 (a-b). It is clear
that all five trajectories find similar, optimal fits on lab-confirmed cases throughout 2020, although
yielding slightly different estimates on daily deaths. All top trajectories by death error yield an
overestimation in cases in December, when the daily death tend positively upwards. This could
indicate that the fatality rates have changed during this time period that this method is unable to
catch due to imposing the the 25% requirement in the branching algorithm.

The state-wide estimated lab multiplier from this approach is shown in Figure 4.7(c). The lab

multiplier in the first fitting period ranges from 20 in the beginning of the simulation period, down

72



to 5 towards the end of the first fitting period. This time period is crucial towards understanding the
true disease burden before all age groups experienced deaths which is required for the IFR analysis.
Similar to the trend in the IFR analysis, the simulation results suggest that there was additional

underrporting in May 2020, where the lab multiplier tends above five for some trajectories.

Table 4.4 North Carolina final estimates for the top five trajectories chosen by the end of the final fitting
period. Here we report the state level estimates for IFR, cumulative percent infected in 2020, and overall
lab multiplier when comparing total cumulative simulation infections and cumulative lab-confirmed
cases reported by the New York Times.

Trajectory Estimated IFR (%) Cumulative Percent Infected Overall Lab Multiplier

1 0.2954 23.00 4.46
2 0.5271 13.14 2.55
3 0.4136 16.83 3.26
4 0.3078 22.19 4.30
5 0.3585 19.29 3.74

Table 4.4 holds the estimated infection fatality ratio, overall cumulative percent infected, and the
resulting lab multiplier when compared to total cases reported by the New York Times by the end
of 2020. The IFRs range from 0.2954% to 0.5271%, which is smaller than the population weighted
estimate from the IFR analysis yielding an NC IFR of 0.66% in 4.1. The cumulative percent infected
ranges from 13.14% to 23% and the corresponding lab multipliers compared to the New York times
are 2.55 to 4.46, which is within the range reported by the CDC nationally from February to December
0f 2020 [32].

Figure 4.9 shows the disease progression parameters chosen by each of the top five trajectories
chosen by minimum mean squared death error by the end of 2020. Each colored box represents a
different selection of samples, from a unique trajectory, for which you can observe the disease pro-
gression parameters from March through November. The hospital fatality rate appears to decrease
over time, especially from April to June across all five trajectories. This approach also enables us to
observe different combinations of estimates for parameters that are unknown in the literature such
as the documented infection fatality rate without hospitalization and the undocumented infection
hospitalization rate, which varies in magnitude across all trajectories. The hospitalization duration
decreases from April to June across all but one trajectory. The infectious period tends to decrease
over time, with the lowest values reported in the November fitting period for each trajectory, which
could indicate the effectiveness of certain stay at home orders or other mitigation techniques to
reduce infectivity. Lastly, the hospital fatality rate slightly increases from June to November in some
trajectories, which could indicate an overloading on the health care system which causes a higher
death rate despite available treatments.

Finally, the results of the branching algorithm are compared to estimates produced by other

studies using different methods to compute disease incidence and reproductive number over time.
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North Carolina Branching SEIR Compared to Other Approaches
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Figure 4.8 Comparing branching SEIR estimates for (a) daily lab-cofnirmed cases, (b) time varying effec-
tive reproductive number, and (c) daily confirmed COVID inpatient admissions with other approaches.
The branching SEIR model trajectories are provided by the black lines, where other studies have colors
indicated in the legend.The United States Department of Health and Human Services (HHS) did not begin
reported COVID inpatient admissions until July 2020.

A comparison of the branching SEIR and IFR analysis of this chapter, along with two other models,
one from IHME and another called COVID-estim, is provided in Figure 4.8. First, note that the
IFR analysis estimates higher levels of cumulative infections around June. Afterwords, the IFR
bounds fall within the bounds estimated by both IMHE (green) and COVID-estim (purple). The
black lines indicate the results from the branching SEIR approach. Observe here that the estimates
fall within the ranges estimated by both IHME, and COVID-estim. In Figure 4.8 the time-varying
reproductive number is compared for the entire year. In April, the branching SEIR reports a higher
reproductive number, 3-4 versus 1.5 estimated by COVID-estim. Furthermore, we can compare the
weekly lab multiplier estimates from the branching algorithm and the weekly percent test positivity,
illustrated in Appendix Figure D.4, where we observe in most trajectories the weekly lab multipliers

are moderately positively correlated with weekly test positivity estimates.

Extensions and Reproducibility

The algorithms presented in this Chapter are not built solely for the state of North Carolina. This
analysis can be repeated for any state for which there exists sufficient and decent data reporting.
Furthermore, this model can be run serially, or in parallel, using a high performance computing
system, which makes the analysis scalable for more granular models as well. The models can be
expanded to include more compartments, such as age or vaccine compartments to understand
more about disease dynamics over time. The model can also be transformed into a "nowcasting"
model instead of the current "backcasting" version that was intended for this analysis. The current
implementation requires a minimum of three weeks of death data in order to estimate the best
fits for percent of documented infected and transmissibility over time. In order to transform to a

"nowcasting" model, certain assumptions would have to be made on parameter limits and how to
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Time Doc. Infection Undoc.

from fatality rate Infection  Doc. Infection  Hospital

Latent  Infecticus  hospital to Time to Time to Hospital without hospital hospitalization fatality

period period death death hospital duration hospitalization rate rate rate

6.5484 08511 10.4477 9.0468 8.7 13.1742 0.0004 0.0638 0.1795 0.207 March
5.0473 7.5736 11.0681 2.7937 9.8722 11.8434 0.0004 0.0767 0.1816 02154 April
6.1595 3.6922 2.6323 10.7893 90199 92845 0.0004 0.0711 0.1297 0.1736 May
6.7259 4.506 10.0507 12.1932 10.1442 8.1642 0.0004 0.0824 0.1564 0.1395 June
7.7589 3.7816 9.0832 10.7227 8.9213 74116 0.0003 0.0776 01111 0.1112 Nov
6.4079 27812 12.9644 0.2033 7.0429 11.8896 0.0076 0.0992 0.1472 0.16 March
7.3423 3.8468 15.373 9.3663 63152 10.3538 0.007 0.103 0.1561 0.1664 April
6.4233 6.636 15.1438 10.6824 7.05% 9.443 0.0077 0.0884 0.1265 0.1563 May
6.5643 3.2379 22.3044 11.5911 7.6926 5.8437 0.0078 0.077 0.0994 0.1439 June
5.522 4.2096 18.0498 23261 9.1679 7.8765 0.009 0.0611 0.0984 0.1172 Nov
6.4079 8.7812 12.9644 9.2033 7.0429 11.88%96 0.0076 0.0592 0.1472 0.16 March
6.5088 0.8347 14.9173 11.4472 7.8839 14.2204 0.0079 0.0828 0.1172 0.1966 April
7.9959 7.3868 11.7169 10.3761 9.0074 10.9437 0.0099 0.0679 0.1148 0.1463 May
0.638 6.0624 12.4973 11.4051 10.1604 9.56 0.0088 0.0838 0.0582 0.1088 June
10.5342 6.2306 12.9373 13.3306 10.376 7.6733 0.0071 0.0838 0.0743 0.0906 Nov
6.5484 98311 10.4477 9.0468 8.7 13.1742 0.0004 0.0638 0.1795 0.207 March
5.0473 7.5736 11.0681 8.7937 9.8722 11.8434 0.0004 0.0767 0.1816 02154 April
5.3823 3.8416 9.4402 9.0193 9.1289 10,0723 0.0003 0.0341 0.1498 0.1564 May
4.4711 3.2829 10.8213 97226 93892 7.7238 0.0002 0.0621 0.1203 0.1163 June
49511 4.0564 13.3223 11.1677 0.4253 6.5236 0.0003 0.0634 0.0878 0.1294 Nov
6.5484 0.8311 10.4477 9.0468 8.7 13.1742 0.0004 0.0638 0.1795 0.207 March |
5.0473 7.5736 11.0681 8.7937 9.8722 11.8434 0.0004 0.0767 0.1816 02154 April
5.3823 5.8416 9.4402 9.0193 9.1289 10.0725 0.0003 0.0541 0.1498 0.1564 May
48103 4.9069 10.7117 22231 10.0071 9.0154 0.0003 0.0572 0.1154 0.121 June
5.9437 43154 13.3533 6.4673 8.8396 79872 0.0002 0.0587 0.1109 0.124 Nov

Figure 4.9 North Carolina disease progression parameters for top five trajectories chosen by mean squared
death error at the end of the final fitting period.
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fit on the most recent data in order to make the best estimates for the future time periods.

The methods proposed, defined, and explored in this chapter provide a data-driven framework
towards understanding disease spread. These approaches are particularly useful in instances where
a lot is unknown about the disease, particularly in the early months of disease spread, or in the face
of new variants which have shown to have immune-escaping properties, such as what the United
States is currently facing under the uncertainty surrounding the latest subvariants as of July, 2022
that are suggested to have immune-escaping properties from previous infection and vaccination [84].
These methods can help estimate new disease parameters in the face of uncertainty of new strains,
especially if immune-escape suggests an effectively fully susceptible population. In addition to
COVID modeling, the framework presented in this chapter can be adapted and transformed to inform
public health policy regarding any infectious disease with unmitigated and undetected spread. This
tool can be used to identify populations that have historically been subject to disproportional

amounts of disease burden and inform policy to improve population health outcomes.

4.5 Discussion

This analysis supports the literature that indicates that there was a substantial amount of under
reporting of true number of infections of COVID-19 during 2020 [10, 42, 131, 141]. Both methods
described in this chapter yield that under reporting was most severe during the first few months of
the pandemic when testing was unavailable and inaccessible and measures such as mask wearing
and social distancing were not fully enforced or utilized.

The IFR approach allows for the lab multiplier analysis by age and geographic location and tells
us that under reporting was more severe for younger age groups, particularly those 0-39 years of
age where we see that by the end of 2020 held the highest values of cumulative percent infected.
Additionally, this analysis allows for the comparison of ages across geographic locations. The results
indicate that lab multipliers vary, and were significantly higher, 200 versus 45 for 0 - 29 years of age
compared to urban locations. The peaks also occur during different parts of the year. Anecdotally,
this makes sense considering the fact that urban areas were more likely to have a case importation
followed by disease spread, especially in higher density areas. We also observe from the cumulative
percent infected that by the end of the year the rural areas held the highest estimated cumulative
percent infected. Other studies conjecture that this increase in disease risk in rural areas from August
2020 onwards may be explained by socio-economic differences, such as the ability to work from
home [65].

The IFR approach provides useful insights towards understanding disease burden, but has
limitations. First, the results are dependent upon the specific IFR values from the literature. As
noted earlier, many studies have provided estimates of IFR values which have shown to change
considerably over age groups and for different countries. To the best of my knowledge, I have not
seen IFR estimates at the state level, aside from population weighting in other studies. Selecting

a misrepresenting selection of IFR values could yield misleading results. Additionally, assuming
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the same IFR across all states, counties, etc. could be further misleading as the population health
composition and medical care access are known to vary considerably across state lines [138]. The
IFR analysis is also dependent upon accurate and sufficient death reporting data. As noted above
and indicated by the black line in Figure D.2, even with grouping the younger age groups there were
no deaths reported for 0 - 29 years in the first month of the pandemic so the analysis is unable to
provide an appropriate estimate during the most uncertain time of the year.

To make up for these dependency limitations, this chapter proposes and explores the use of
the branching SEIR model to estimate disease progression parameters and disease spread over
time. The model allows estimates of documented and undocumented cases of COVID-19 as well as
deaths and hospitalizations. The hospitalizations were not shown due to insufficient data reporting
in the early months. The branching SEIR model suggests that there are multiple solutions which
provide reasonable fits to cases and deaths from an epidemiological model. This further supports the
notion of uncertainty surrounding these estimates. In addition you can observe that in comparison
to other models in Figure 4.8 the bounds on the estimated percent of cumulative infections vary
considerably depending on the assumptions of the model. The branching SEIR model does not
account for differences across age or geographic location, but can be extended to estimate those
values for areas where data reporting is sufficient enough to estimate the necessary parameters and
provide the model with enough data for multiple minimization fits. Fitting on cases and deaths
allows for data-driven approaches, e.g., the branching method, to find appropriate estimates for the
reproductive number especially during times when disease transmission was so uncertain.

The branching SEIR model approach is not without limitations itself. First, the current imple-
mentation assumes that all diagnoses cases and COVID related deaths are reported in the empirical
data, similar to other studies where the true values are unknown [42]. The model also does not incor-
porate excess mortality. Second, the model assumes that disease progression parameters can only
vary within 25% between fitting periods. This could not allow for appropriate changes in mortality
rates when treatments were more effective and in turn may not fully account for changes in disease
severity over time, and will likely need to be less strict when new variants are introduced. Lastly, the
model currently does not include reinfection, which is likely not to have an impact in 2020, since

COVID immunity was estimated to last at least six months for the early, wild type strain [56].

4.6 Conclusion

Overall, the branching SEIR model estimates that the true number of estimated cumulative infections
is approximately 3-4 times higher than what was reported for North Carolina and that the overall IFR
values for the state could range anywhere from 0.2954% to 0.5271%, where the population weighted
IFR suggested by the application of age specific Levin’s IFR values falls outside of this range. This
implies that this data-driven approach suggests lower IFR values for the state compared to what is
reported in the literature. This suggests that treatments that lowered mortality risk for patients with

severe COVID-19 should be considered when modeling disease dynamics over time. The branching
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method on fitting periods dependent upon the available effective treatments allows to explore this
possibility and capture differences among disease progression over 2020.

This model allows us to determine time periods where the reproductive number of the disease
changes over time, and compare with other estimates. In the early months, when not much was
known about the disease, the estimates vary considerably as seen in Figure 4.8. Over time, the
reproductive number can provide estimates of disease spread and inform tradeoffs between policies
and human behavior. Such identified changes in this value can point to multiple mitigation measures
or lack thereof, e.g., increased mask compliance or mask mandates, decreased mobility, school
closures, and social distancing, and other concerns such as the introduction of more infectious
variants, outbreaks due to other events or confined or dense living spaces [124, 126]. Understanding
how each of these policies impacts disease dynamics can help inform public heath policy. In addition
to the reproductive number, we can view the changes in disease progression parameters. The
resulting non-linear parameters, indicate that overall hospitalization and fatality rates decreased
until the November fitting period. This is consistent with national findings reported by Pei et al.,
where the national IFR and CFR were estimated to reduce from 0.77% to 0.31% and 7.1% to 1.29%,
respectively [131].

This analysis is also important to identify more potential utilization of the multiple data sources
that have been made available to researchers throughout the pandemic. An important conclusion is
that data reporting is crucial to identify and evaluate disease progression trends over time. Further
analysis These measures are necessary to consider to understand (i) which populations remain the
most vulnerable; (ii) which populations were disproportionately affected; and (iii) which mitigation
measures had the most substantial impact on curbing the spread of disease. More granular results
are dependent upon the availability of data. For instance, finding data to perform this analysis by
race and ethnicity have proven to be difficulty, particularly at the state and sub-regional levels. More
data reporting on severe outcomes and IFR values by race and ethnicity would be required in order
to complete the same analyses.

Finally, the results of this analysis can inform the following. The number of true infections over
time, and particularly during the first few months of the pandemic, can be estimated for a given
location. This number can aid those suffering from symptoms of long-COVID who are still unable to
receive assistance due to not being able to prove they had the disease. For instance, as of July 2022, the
COVID Recovery Clinic at the University of North Carolina Medical Clinic requires that individuals
have a documented COVID positive test in addition to a month of lingering symptoms before they
can be considered for evaluation [118]. This puts many at odds considering the estimated number
of unreported infections was likely 3 to 4 times higher than the reported number of lab-confirmed
cases, and higher during times when testing was unavailable. This analysis is also relevant as the
number of undocumented infections is likely worsening as the use of at-home antigen tests are
becoming more widely available without any way to report test results. Lastly, the methods proposed
here allow for the changes of disease progression parameters as new treatments became available in
2020. The results indicate that the hospitalization rate was likely declining over the early stages of the
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pandemic due to effective strategies and available treatments [11, 49]. This analysis can be used as a
modeling recommendation tool for other disease modelers. The results expressed from this study
here strongly suggest that modelers take into account new treatments as they become available
over time to ensure proper model calibration. On a similar note, the branching algorithm can be
used to sample possible parameters as an alternative method to estimating disease parameters,

particularly in the face of uncertainty.
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CHAPTER 5

DISCUSSION

The methods proposed in this thesis support the use of data-driven solutions to aide, inform, and
communication public health policy. Each chapter worked to build upon the notion that big data
can be utilized to (i) assess and evaluate risk; (ii) recommend intervention policies; and (iii) evaluate
overall disease burden associated with infectious, respiratory diseases in the United States. In the
first chapter, two infectious respiratory diseases were introduced and described by their respective
current challenges within the United States healthcare system. For instance, even though pneumonia
has historically been known to cause substantial burden on healthcare systems each year, the disease
still manages to evade medical experts who are unable to pinpoint exactly who will fall ill and require
subsequent hospitalization [30, 167]. On the other hand, COVID-19, a novel coronavirus that has
swept the nation since early 2020, has brought on a plethora of new challenges in the realm of
infectious disease knowledge concerning disease characteristics, transmissions dynamics, and
population susceptibility, just to name a few [10, 42, 131]. The ideas presented contribute to the
literature and provide the groundwork for developing data-driven tools relying on the intersection
of health systems and data analytics to draw insights and create interpretable, practical solutions.
The contributions for each chapter are summarized as follows.

The second chapter explored the use of administrative claims data to identify at-risk populations
for pneumonia hospitalizations. The analysis centered upon the notion of 30-day risk to identify risk
factors that can flag individuals to target with interventions and potentially avoid hospitalizations.
Intervening before hospitalization is important due to the associated risk of mortality and long-term
complications that follow a severe case of pneumonia [38, 137]. These long term complications
can include chronic illness that can oftentimes lead to overall worsened quality of life. To combat
this, three models were developed to assess the use of administrative claims and publicly available
information in evaluating an individual’s 30-day risk of pneumonia hospitalization. Unsurprisingly,
the results indicated that the while predicting these rare, but serious events is difficult from a machine

learning perspective, it is possible with current advancements to produce meaningful features that
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can be computed from an administrative standpoint. Developing the model for administrative
claims data means that the results are reproducible for any set of individuals with available medical
history. The models presented in this work did not depend on cohorting based on specific pre-
existing conditions, like other studies have in the past [98, 143], and instead were created to be
generalizable to the public. Additionally, the models all signified an importance to estimating
influenza activity level in assessing a 30-day hospitalization risk, which is a community level feature
that can be further generalized. Considering that influenza undergoes strict surveillance every year
by the CDC, it could be beneficial to improve or expand public health communication to areas that
are historically known to have high incidence of influenza. In all the results of these models can be
used to inform public health communication and intervention targeting for pneumonia.

In addition to evaluating pneumonia risk, the results of chapter two can be altered or used to
inform and identify risk populations for other infectious respiratory diseases. For instance, the risk
factors for COVID-19 are similar to those reported for severe pneumonia. It is known that the risk
of death increases greatly with age as well as with the presence of certain medical conditions [28,
103]. The CDC identifies high risk groups as those having one or more of the following comorbid
conditions: cancer, chronic kidney disease, chronic liver disease, chronic lung disease, cystic fibrosis,
dementia, diabetes, disabilities, heart conditions, HIV infection, immunocompromising conditions,
obesity, sick cell, and more [37]. These risk factors were used to identify vulnerable populations to
guide public health communication and support the adoption of policies such as mask wearing and
social distancing to reduce overall mortality rates. For instance, knowing that the risk of death greatly
increases with age, several grocery stores across the country adopted policies to allow special hours
for the elderly to complete their grocery shopping before opening to the general public [91], which
are still in place in Summer 2022. In addition, several schools and workplaces transitioned to virtual
activity to reduce interactions and lessen the likelihood of workplace or school exposure. Others
incorporated some accommodations to help protect workers from exposure such as enforcing mask
mandates, installing air filtration systems, and scheduling more frequent disinfecting procedures
and so on. These examples highlight how understanding risk factors of severe disease can help
the public make more informed decisions to improve health outcomes and reduce mortality. The
methods presented in chapter two can help identify risk factors for other infectious respiratory
disease and highlight how predictive models can be used to inform individual risk as the pandemic
continues to evolve.

Chapter three describes a novel method to provide intervention policy recommendations to tar-
get an at-risk population. Resource allocation problems in the literature, specific to healthcare, have
not considered risk within a population [62, 85, 178]. Using data-driven techniques, risk scores can
be incorporated into well-known optimization problem formulations such as with the newsvendor
model discussed within the chapter. The structure of the revenue management type model allows
for quick computations and policy recommendations, which means that computational power and
time is not a concern for implementing this model for any hospital system, as was the intention.

The model was designed to create an additional motive for the incorporation of data-driven models
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in medical decision making by making it financially desirable for administrations to successfully
target interventions towards the at-risk and vulnerable populations. Furthermore, as the results
indicate, the best policy recommendations are dependent upon the effectiveness of the available
interventions. To further reduce hospitalizations, and health-related costs, more work should be
focused on the development of more effective interventions. Even more, efforts should be placed
on educating the public on available interventions and prevention tools so that they can make the
most informed decision regarding their own health and in turn, population health will improve.
Finally, chapter four introduces a data-driven algorithm to inform population transmission
dynamics and disease characterization. A deterministic, compartmental model is developed to
answer a long withstanding question, how many people have been infected with COVID-19? The
framework designed in this chapter is generalizable to any state, barring decent data reporting
required to fit the model, e.g., lab-confirmed cases and deaths. The model dynamically estimates
disease parameters and ascertainment rates and provides estimates of true cumulative infections
over time. In comparison to other studies, which rely on seroprevalence surveys and a computa-
tionally expensive Bayesian framework [10, 42, 131] in addition to empirical data for fitting and
calibration, the algorithm designed in this study only relies on empirical data and "some" knowl-
edge regarding available treatments. In the backcasting approach we can take for granted that we
know what treatments were available, but otherwise there were no assumptions on the impact
each treatment had on overall disease parameters, so in essence these changes could be estimated
over time via model fit evaluation. Splitting the backcasting year into fitting periods defined by
the available treatments provides another tool for public health experts to evaluate the impact of
mitigation measures over time. This can help inform the impact of certain treatments, even after
an initial EUA was rescinded. The results presented in this chapter can aide individuals who are
currently facing the issue of having to prove that long-lasting ailments are due to a prior COVID
infection. This tool can be useful for the public and administrators in deciding where to focus relief
efforts based on the population who may be susceptible to long-COVID and intervention efforts

towards the remaining susceptible population.

Health Analytics Insights

The algorithms and methods used in this thesis draw insights towards the current status of data
analytics in medical decision making. Particularly, the use of high-performance computing and dis-
tributed computing made the aggregation, synthesis, and evaluation of large and complex volumes
of data possible to be transformed into tools to guide public health analyses. These recent state-
of-the-art advancements are rapidly transforming the way that researchers can approach medical
decision making. These tools can be utilized to transform unique datasets to draw new insights
and develop dynamic tools in real time. This work also points to which datasets were insightful and
worth pursuing in terms of prolonged data collection, availability, and analyses. Below are some

insights gained from all of the work completed in this thesis.

i. Claims Data

82



ii.

iii.

Administrative claims data has been used by insurance companies for fraud detection and
by researchers to perform cohorting anayses. The use of administrative claims data can be
explored further to define meaningful features. Over the course of this work, I have noticed
that there is a need for meaningful groupings of administrative claims codes. Chapter 2 tries
to identify certain grouping through variable creation, but specific groupings were not testing
beyond pnuemonia hospitalization risk. Identifying diagnosis and procedure codes and the
time it takes between their appearance and an adverse event could be extremely useful for

researchers.

Mobility Data

Although the algorithm defined in chapter 4 does not rely on mobility data, several useful
insights were drawn from the data availability. Pictured in Appendix D, you can view the rela-
tionship between the publicly report Google mobility data and lab-confirmed cases over time.
These preliminary results were used to draw insights on human behavior and contact patterns
that govern transmission dynamics as seen in [146]. The continued collection and distribution
of this type of data could prove useful in a long term longitudinal analysis regarding behaviors
over time with regards to new variants, influenza, and other infectious diseases.

Race and Ethnicity Data

A major letdown in the vast amounts of available data regarding the COVID-19 pandemic
was the unavailability of accessible data by race and ethnicity. In my experience, very few
datasets reported these metrics and those that did yielded highly sparse information. For
future data collection aficionados, the collection of race and ethnicity is imperative and crucial
for the conduction of fair research practices concerning public health. Data suggests that there
are significant health inequities both historically, and most notably with COVID-19 [32, 146]
present within our society. It is unfair to consider best public health outcomes and trajectories
without giving special consideration to those who are historically underrepresented. Yet, it is
impossible to sufficiently consider inequities when race and ethnicity data is not reported or
available.

Future Work

The work presented in this thesis can be extended in a variety of ways. First, the models can be

transformed to study similar research questions for other infectious diseases or general topics.

The predictive models can be altered to consider other hospitalizations or adverse events. The

intervention policy recommendation can be used to suggest intervention strategies for other areas

of risk such as with other diseases, or other disciplines such as education retention or crime. The

modeling algorithm can be used for other infectious diseases with undocumented infections, for

instance HIV/AIDS, measles, etc. Second, the analyses could be repeated for alternative data sets to

evaluate the differences in effectiveness for instance, a Medicare versus Medicaid population for
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risk evaluation. Lastly, all of the the analyses can be expanded to evaluate multiple intervention

strategies and recommend the best mitigation practices for a specific problem.
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APPENDIX A

OVERVIEW OF COMPUTATIONAL
MODELS

Overview

In this thesis we explore various techniques for the development, calibration, and use of computa-
tional models with respect to health care, medical decision making, and intervention analyses. This
section is intended to provide a high level summary of the fundamental assumptions, limitations,
uses, and advantages/disadvantages of the different types of models that will be discussed in the
various sections of this study:.

Computational Models in Health Care

Different types of computational models can be used to answer questions relating to medical deci-
sion making. One major type of model used in the realm of healthcare analysis involves predictive
modeling, which can be either prognostic or diagnostic. Prognostic models are concerned with
predicting a response over time, such as the future development of a disease, whereas diagnos-
tic models are developed to characterize the current health state of an individual including the
identification of any present disease [52].

Model training and calibration, for either prognostic or diagnostic studies, can be either super-
vised, in which there is some applicable gold standard to the set, or unsupervised where we aim to
identify existing patterns or other relationships within the data itself. Supervised learning can take
the form of classification, or regression, whereas unsupervised learning involves either clustering,
association, or dimensionality reduction [58]. The model development technique depends largely
on the question being asked, whether a gold standard exists, and the types of data that are available
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to the researcher.

A separate form of computational modeling that will be presented in this study involves modeling
infectious diseases. Disease progression models rely on mathematical functions that govern disease
spread as well as measures to indicate overall severity and capture outcomes of interest such as in-
fection rates, hospitalizations, and mortality [53]. We couple standard, well-studied epidemiological

models with training and calibration techniques to improve fit and model performance.

Evaluation and Reliability

A major concern, or criticism of computational models in healthcare, is how well we can rely on
the output or information gained from each individual technique. To date, there exists no universal
metric or performance measure to compare, or benchmark the multitude of model development
strategies and subsequent analyses [99]. It is up to researchers and decision makers to determine,
(i) which assumptions are necessary and worth making for model development, and (ii) which
conclusions can be drawn from the insights gained from the data analysis.

We have seen during the COVID-19 pandemic that one metric, at least for the public perception
of trust in computational models, has been their ability to match empirical data. This is particularly
important for forecasting efforts, where rapid decision making is reliant on dependable output to
gauge what could happen in the near future. Throughout the work presented in this study we place
emphasis on the model’s abilities to match empirical data when considering overall performance
and significance. This metric is particularly important for healthcare data analyses due largely to
the stakes associated with medical decision making in terms of public health including quality of
life and substantial costs.

Aside from model validation, other metrics such as computational complexity, processing time,
and the ability to integrate multiple sources and forms of data are other metrics that can help guide
model development for clinical practice. Even a perfectly calibrated model can have limitations if
it cannot be reproduced, scaled, and utilized. We consider the roles of each (i)reproducibility, (ii)

scalability, and (iii) interpretability in model assessment as we present each of our findings.

Predictive Modeling

The first study we will consider in Chapter 3 involves the development of a predictive model to
assess an individual’s risk of an unplanned hospitalization. To capture this risk, we propose the
use of supervised learning methods to develop binary classifiers given the data we were able to
collect and transform. The study considers and evaluates the model performance on this binary
outcome for three separate classifiers: (i) logistic regression classifier, (ii) random forest classifier,
and (iii) extreme gradient boosting classifier. Here we present a high level overview of the different
underlying assumptions, parameters, strengths, and weaknesses of each.

Most machine learning tools, packages, and functions used in our analysis are from the SciKit
Learn Package in Python, with the addition of the XGBoost package.[40]
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i.

il

Logistic Regression Classifier

Logistic regression classifiers are type of parametric model that assume a linear relationship
between the feature vectors and the predictive outcome. To avoid overfitting to the training

data, we use a regularization term when training our model.

In general, linear regressions take the form:

p
h(X)= B +Z/3’iXi
i=1

, where X is a feature vector. [127]

For logistic regression, this linear representation of weights and regressors gets applied to a

Sigmoid function, o, where

o(z)

= €[0,1]
1+e—=2

Thus resulting in the following,

H;(X)=

€[0,1
1+e—ﬁo+2?:1ﬁij [0,1]

which becomes our probability of predicting a 1 for set of features, i.
[127]

Using ¢, regularization results in a generation of a sparse weight matrix and allows us to view

and interpret important regressors from our regression.

The ability to generate weights, and coefficients, allows us to actively interpret the regressors
and their values in the context of the problem. Of course, the relationship between the predic-
tors and the binary outcome need not be linear and thus we may be imposing an unneeded

bias or limitation to our model by assuming this linearity.

Random Forests

Random forest models utilize an ensemble of decision trees to form non-linear relationships
between features and their outcomes. The general idea is that you form a forest of k trees, each
of which are trained on independently gathered feature vectors, and utilize their outcomes to
vote for the predicted outcome, which is determined via the most popular predictive value

across all trees in the forest [130].

Each new tree is formed via a boostramp sample of predictors, i.e., a random selection of
features, taken with replacement, and trained. One of the most important aspects of the
formation of each tree is how to determine the number of features, and the associated split, at
each node in your tree. The default measure for random forests is the Gini impurity index, or

probability of misclassification of predictive label [15, 110].
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Compared to the outputs from logistic regression, random forests do not provide linear rela-
tionships or associations between the predictors and the outcome at hand. Instead, we can
view what is known as feature importances, which tell us the importance of each predictor
towards the predictive power of the model. It is related to the computation of the Gini impu-
rity and is thought of the quantitative evaluation of how much each feature contributed to

decreasing the impurity measure during training [110].

Random forests are quick to train, and can handle large datasets, however, the interpretability
of the feature importances needs to be taken with caution. Feature importances can be biased
and the relative evaluation of the importance value needs to be carefully considered in the

context of every unique problem.

iii. Extreme Gradient Boosting

Similar to random forests, gradient boosting models are ensembles developed through a
collection of classifiers such as decision trees. Similar to training for decision trees, tree
ensemble methods seek to optimize a regularized objective function to decrease overall loss

and model complexity. [90]

Compared to random forests, which randomly build trees independently of one another,
gradient boosting builds concurrent trees dependent upon the current stage of the training
process and seek to improve the trees that are already formed. Gradient boosting does not take
avote of a number of trees as the final predictor, rather it iteratively evaluates the performance

of each tree during the training process to improve the loss function. [90]

The pitfalls of gradient boosting methods are the increased difficulty in fine tuning the model-

specific parameters, and the inability to perform well when there is a lot of noisy data [90].

Performance Measures

In the proceeding chapters you will see multiple evaluation metrics being used to compare the
performance of each of our models for the problem at hand. Here we give a brief overview of what

these metrics look like and how one should interpret them for performance measure.

i. Confusion Matrix

We present results of both our training and testing data through a confusion matrix, which

takes the following form for binary classification problems:

Ideally, we would like the confusion matrix to be diagonally dominant, with the largest number

of predictions falling within the "True Negatives" and "True Positives" cells.

From here on throughout the text we will use the following interchangeably:

e TP = "True Positives"

e FP = "False Positives"
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Table A.1 Visualizing the elements of a confusion matrix.[87]

Predicted Label

— 0 1

]

2

8 o | 'True "False

E Negatives" | Positives"
3 1 "False "True

< Negatives" | Positives"

¢ TN = "True Negatives"

¢ FN = "False Negatives"

ii. Accuracy Accuracy is an overall measure of classification error. For binary problems, the

iii.

accuracy measure is the rate at which we correctly classify each element in our set. In other
words, if N is the number of elements in our set, then

STP+TN

Accuracy = N

Although classification error is important to consider, it is important to note that accuracy
scores are usually not considered the most relevant piece of information when considering
model evaluation. Accuracy is a biased estimator of model performance, particularly in the
scenarios where there is a large data imbalance between your minority and majority classes. If
the data imbalance is large enough, any classifier training on accuracy alone will likely result
in a model that classifies everything as part of the majority class and showcase deceivingly
high accuracy scores [112].

Precision, Recall, and F1 Score

Precision, also known as positive predictive value, is a measure of the total relevant or true
values of classifications that were predicted, or labeled, as a 1 from our model.[152]

Recall, also known as sensitivity, is the rate at which we are able to capture these events in
the context of our problem. In other words, of all of the events we are trying to predict, at what
rate were we successful?[152]

F1 Score, the harmonic mean between precision and recall. The F1 score is used simultane-
ously evaluate a model’s ability to capture all events, and the how meaningful each predicted
1 is for our problem. [152]

We summarize the above mentioned measures as follows:
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TP

Precision= —=——
Z TP+ FP
TP
Recall= =—
Z TP+FN

1
Fle(Precision+Recall)

It is also common to view these measures in a precision-recall curve, which plots the precision
along the y-axis and recall along the x-axis, for various probability thresholds to determine
whether the model will predict a 1 for any given feature set. A no-skill classifier will have a
curve that is a horizontal line about the number of the event-rate in the dataset. These plots

are recommended for imbalanced data evaluation.

iv. Receiver-Operator Characteristic Curve (ROC) and Area Under the Curve (AUC)

The ROC curve is a measure of False Positive Rate versus True Positive Rate for various proba-
bility thresholds to predict whether a set of features will be associated with a label of 1 [52]. A
no-skill classifier typically results in a straight line along y = x, whereas, a perfect classifier will
have a high point close to (0,1) with a bend towards (1,1) [87].

The information in the ROC curve can be summarized using the the area under the curve.
Here, a score is a measure between 0 and 1, where a measure of 1 is associated with a perfect
classifier. The measure of the ROC-AUC can be thought of as a model’s ability to correctly
classify an event or label 1, over a non-event or label 0, as a 1 in our output [52, 152].

Disease Modeling

Epidemiological models are used to estimate the spread of infectious diseases and evaluate clinical
outcomes associated with the disease. These models can be adapted to simulate disease progression
values and behavioral changes [164] and used for forecasting and understanding overall disease
burden. These models are widely used, particularly now during the COVID-19 pandemic where
a plethora of models ranging from simple to highly detailed and sophisticated have been used
to address public health concerns due to the rapidly changing and unknown trajectory of the
disease spread. Compartmental models are used often due to their simplicity and computational
effectiveness with relatively small numbers of disease parameters [164].

Various compartmental models have been employed to assess disease transmission, effects of
public policies such as mask wearing and social distancing, impacts of vaccine prioritization, and
many more [17, 71]. These models are governed by a set of disease equations, which can be solved
for different time steps.

The simplest form of compartmental models is the SIR: Susceptible-Infected-Recovered model,
but a more appropriate choice for COVID-19 spread is the SEIR model, which includes an exposed
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period [109].
The equations for a general SEIR model are as follows [14]:

N=S+E+I+R

S'=—BSI
E'=BSI—KE
I'=kE—al
R'=al

where our mean exposed period is 1x.

The basic reproductive number, %2, governs the severity of disease spread and we have that if
R, < 1 the disease dies out, whereas if 2 > 1 there is an epidemic. [14]

We expand upon a version of the SEIR model to assess past disease burden relating to COVID-19

in the early months of the pandemic.
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APPENDIX B

APPENDIX TO CHAPTER 2

Variable Creation: A Collection of Codes, Data Sources, and Algorithms

i. PQI11: Inpatient
Sources: Inpatient base claims
For the main flag in Chapter 2, we identify patients who experienced an inpatient visit with a
primary diagnosis code of pneumonia, identified by one of the ICD-9 codes listed in Table B.1.

We follow the AHRQ definition for Prevention Quality Indicator (PQI 11) Bacterial Pneumonia

Admission Rate.

For the eventlabel creation, we follow the algorithm outlined in [2], which excludes pneumonia
admission rates for individuals with immunocompromised conditions or transfers from other

facilities. The exclusions are listed below.

For our filtering variable, PQI 11 history in the last 12 months prior to each index date, we do
not make the same exclusions, rather we identify patients who had a primary diagnoses code
listed in Table B.1.

¢ Diagnosis code: ICD_DGNS_CDI1 (primary)

Exclusions for numerator computation for PQI 11 taken from [2]:

Transfers from a hospital (different facility)

Transfers from a skilled nursing facility (SNF) or immediate care facility (ICF)

Transfers from another health care facility Transfer codes are listed in Table B.2.

Any-listed ICD-9-CM diagnosis codes for sickle cell anemia or HB-S disease listed in
Table B.3.
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Table B.1 ICD-9 codes for AHRQ definition of PQI-11 inpatient visit [2, 46]

ICD-9 Code | CMS Description |
481 | Pneumococcal pneumonia [Strepto-
coccus pneumoniae pneumonia]
48242 | Methicillin resistant pneumonia due
to Staphylococcus aureus
4822 | Pneumonia due to Hemophilus in-
fluenzae [H. influenzae]
| 48249 | Other Staphylococcus pneumonia |

48230

Pneumonia due to Streptococcus, un-
specified

| 4829

Bacterial pneumonia, unspecified

48231

Pneumonia due to Streptococcus,
group A

4830 | Pneumonia due to mycoplasma pneu-
moniae
48232 | Pneumonia due to Streptococcus,
group B
4831 | Pneumonia due to chlamydia
48239 | Pneumonia due to other Streptococ-
cus
4838 | Pneumonia due to other specified or-
ganism
48240 | Pneumonia due to Staphylococcus,
unspecified
485 | Bronchopneumonia, organism un-
specified
48241 | Methicillin susceptible pneumonia
due to Staphylococcus aureus
486 | Pneumonia, organism unspecified
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¢ Any-listed ICD-9-CM diagnosis code or any ICD-9-CM procedure codes for immuno-

compromised state listed in Tables B.4-B.8.

* Missing gender, age, quarter, year, principal diagnosis, or county.

Table B.2 Admission codes for transfers [2]

| Code | Description |

| 2 | Another hospital |

3 | Another facility, including long-term
care

| 4 | Transfer from a hospital |

5 | Transfer from a Skilled Nursing Facil-
ity (SNF) or Immediate Care Facility
(ICF)

6 | Transfer from another health care fa-
cility

| If admission type is newborn, 5 | Born inside this hospital |

| If admission type is newborn, 6 | Born outside this hospital |

Table B.3 Sick cell anemia or HB-S disease diagnosis codes. [2, 46]

Codes | Description

28241 | Sickle-cell thalassemia without crisis

28242 | Sickle-cell thalassemia with crisis

| |
| |
| |
| 28260 | Sickle-cell disease, unspecified |
| |
| |

28261 | Hb-SS disease without crisis
28262 | Hb-SS disease with crisis

28263 | Sickle-cell/Hb-C disease without cri-
sis

28264 | Sickle-cell/Hb-C disease with crisis |

| 28268 | Other sickle-cell disease without crisis |
| 28269 | Other sickle-cell disease with crisis |

ii. Prev_ILI: Previous Influenza like illness
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Table B.4 Immunocompromised State Diagnosis Codes Set 1. [2, 46]

42 | Human immunodeficiency virus disease

|

1363 | Pneumocytosis
| | y
|

1992 | Malignant neoplasm associated with transplant organ

| 23873 | High grade myelodysplastic syndrome lesions

Diagnosis Codes | 23876 | Myelofibrosis with myeloid metaplasia

| 23877 | Post-transplant lymphoproliferative disorder (PTLD)

| 23879 | Other lymphatic and hematopoietic tissues

260 | Kwashiorkor

|
| 261 |Nutritional marasmus
|

262 | Other severe protein-calorie malnutrition

| 27900 | Hypogammaglobulinemia, unspecified

| 27901 | Selective IgA immunodeficiency

| 27903 | Other selective immunoglobulin deficiencies

| 27904 | Congenital hypogammaglobulinemia

| 27905 | Immunodeficiency with increased IgM

| 27906 | Common variable immunodeficiency

| 27909 | Other deficiency of humoral immunity

| 27910 | Immunodeficiency with predominant T-cell defect, unspecified

| 27911 | Digeorge’s syndrome

| 27912 | Wiskott-aldrich syndrome

| 27913 | Nezelof’s syndrome

| 27919 | Other deficiency of cell-mediated immunity

| 2792 |Combined immunity deficiency

|
|
|
|
|
|
|
|
|
|
|
|
| | 27902 | Selective [gM immunodeficiency
|
|
|
|
|
|
|
|
|
|
|
|

| 2793 |Unspeciﬁed immunity deficiency
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Table B.5 Immunocompromised State Diagnosis Codes Set 2. [2, 46]

Diagnosis Codes

| 2794 | Autoimmune disease, not elsewhere classified

| 27941 | Autoimmune lymphoproliferative syndrome

| 27949 | Autoimmune disease, not elsewhere classified

| 27950 | Graft-versus-host disease, unspecified

| 27951 | Acute graft-versus-host disease

| 27952 | Chronic graft-versus-host disease

| 27953 | Acute on chronic graft-versus-host disease

| 2798 | Other specified disorders involving the immune mechanism

| 2799 | Unspecified disorder of immune mechanism

| 28409 | Other constitutional aplastic anemia

| 2840 |Pancytopenia

| 28411 | Antineoplastic chemotherapy induced pancytopenia

| 28412 | Other drug induced pancytopena

| 28419 | Other pancytopenia

| 2880 | Neutropenia not elsewhere specified

| 28800 | Neutropenia, unspecified

| 28801 | Congenital neutropenia

| 28802 | Cyclic neutropenia

| 28803 | Drug induced neutropenia

| 28809 | Other neutropenia

| 2881 | Functional disorders of polymorphonuclear neutrophils

| 2882 |Genetic anomalies of leukocytes

| 2884 |Hemophagocytic syndromes

| 28850 | Leukocytopenia, unspecified

| 28851 | Lymphocytopenia

| 28859 | Other decreased white blood cell count
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Table B.6 Immunocompromised State Diagnosis Codes Set 3. [2, 46]

Diagnosis Codes

| 28953 | Neutropenic splenomegaly
| 28983 | Myelofibrosis
40301 | Hypertensive chronic kidney disease, malignant, with chronic kidney
disease stage V or end stage renal disease
40311 | Hypertensive chronic kidney disease, benign, with chronic kidney
disease stage V or end stage renal disease
40391 | Hypertensive chronic kidney disease, unspecified, with chronic kid-
ney disease stage V or end stage renal disease
40402 | Hypertensive heart and chronic kidney disease, malignant, without
heart failure and with chronic kidney disease stage V or end stage
renal disease
40403 | Hypertensive heart and chronic kidney disease, malignant, with
heart failure and with chronic kidney disease stage V or end stage
renal disease
40412 | Hypertensive heart and chronic kidney disease, benign, without
heart failure and with chronic kidney disease stage V or end stage
renal disease
40413 | Hypertensive heart and chronic kidney disease, benign, with heart
failure and chronic kidney disease stage V or end stage renal disease
40492 | Hypertensive heart and chronic kidney disease, unspecified, without
heart failure and with chronic kidney disease stage V or end stage
renal disease
40493 | Hypertensive heart and chronic kidney disease, unspecified, with
heart failure and chronic kidney disease stage V or end stage renal
disease
| 5793 | Other and unspecified postsurgical nonabsorption
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Table B.7 Immunocompromised State Diagnosis Codes Set 4. [2, 46]

585 | Chronic renal failure

5855 | Chronic kidney disease, Stage V

5856 | End stage renal disease

9968 | Complications of transplanted organ

Diagnosis Codes | 9953 | Complications of transplanted organ, unspecified

99681 | Complications of transplanted kidney

99682 | Complications of transplanted liver

99683 | Complications of transplanted heart

99684 | Complications of transplanted lung

99686 | Complications of transplanted pancreas

99687 | Complications of transplanted intestine

99688 | Stem cell transplant complications

99689 | Complications of other specified transplanted organ

V420 | Kidney replaced by transplant

V421 | Heart replaced by transplant

V426 | Lung replaced by transplant

V427 | Liver replaced by transplant

|
|
|
|
|
|
|
|
|
| 99685 | Complications of transplanted bone marrow
|
|
|
|
|
|
|
|
|

V428 | Other specified organ or tissue replaced by transplant

| V4281 | Bone marrow replaced by transplant

| V4282 | Peripheral stem cells replaced by transplant

| V4283 | Pancreas replaced by transplant

| V4284 | Organ or tissue replaced by transplant, intestines

| V4289 | Other specified organ or tissue replaced by transplant

| V51 | Renal dialysis status

| V511 | renal dialysis status

| V560 | Encounter for extracorporeal dialysis

| V561 | Fitting and adjustment of extracorporeal dialysis catheter

| V562 | Fitting and adjustment of peritoneal dialysis catheter
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Table B.8 Immunocompromised State Procedure Codes. [2, 46]

Procedure Codes

| 0018 | Infusion of immunosuppressive antibody therapy

| 335 |Lung transplantation

| 3350 | Lung transplantation, not otherwise specified

| 3351 | Unilateral lung transplantation

| 3352 | Bilateral lung transplantation

| 336 |C0mbined heart-lung transplantation

| 3751 | Heart transplantation

| 410 | Operations on bone marrow and spleen

| 4100 | Bone marrow transplant, not otherwise specified

| 4101 | Autologous bone marrow transplant without purging

| 4102 | Allogeneic bone marrow transplant with purging

| 4103 | Allogeneic bone marrow transplant without purging

| 4104 | Autologous hematopoietic stem cell transplant without purging

| 4105 | Allogeneic hematopoietic stem cell transpant without purging

| 4106 | Cord blood stem cell transplant

| 4107 | Autologous hematopoietic stem cell transplant with purging

| 4108 | Allogeneic hematopoietic stem cell transplant with purging

| 4109 | Autologous bone marrow transplant with purging

| 4697 | Transplant of intestine

| 5051 | Auxiliary liver transplant

| 5059 | Other transplant of liver

| 5280 | Pancreatic transplant, not otherwise specified

| 5281 | Reimplantation of pancreatic tissue

| 5282 | Homotransplant of pancreas

| 5283 | Heterotransplant of pancreas

| 5285 | Allotransplantation of cells of Islets of Langerhans

‘ 5286 ‘ Transplantation of cells of Islets of Langerhans, not otherwise speci-

fied

| 5569 | Other kidney transplantation
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Sources: Carrier base claims, Outpatient base claims, Inpatient (emergency department only)
base claims, skilled nursing facility base claims
Diagnosis code trailer: ICD_DGNS_CDX, X=1,2,...,12

¢ codesA = {4871, 4878, 07999}

codesB = {78600}
codesC = {V462}

codesD = {7862}

codesE = {0796, 4659, 4660, 46611, 46619, 4789}

Table B.9 List of ICD-9 Codes for inlfuenza like illnesses.

| ICD-9 Code | CMS Description |
| 4871 | Influenza with other respiratory manifestations |
| 4878 | Influenza with other manifestations |
| 7999 | Unspecified viral infection |
| 78600 | Respiratory abnormality, unspecified |
| V462 | Other dependence on machines, supplemental oxygen |
| 7862 | Cough |
| 796 | Respiratory syncytial virus (RSV) |
| 4659 | Acute upper respiratory infections of unspecified site |
| 4660 | Acute bronchitis |
| 46611 | Acute bronchiolitis due to respiratory syncytial virus (RSV) |
| 46619 | Acute bronchiolitis due to other infectious organisms |
| 4789 | Other and unspecified diseases of upper respiratory tract |

Previous influenza-like-illness (ILI) is any diagnosis code from the individual’s diagnosis
code trailer using the above defined data sources and code groupings (A-E) captured in the
following manner: Binary flag of one (1) for previous ILI if a beneficiary meets one of the

following criteria:

(a) dgns_cd_iin codesA or;

(b) dgns_cd_iin codesB and dgns_cd_j (i#j) in codesC or;
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iii.

(c) dgns_cd_iin codesB and dgns_cd_j(i#j) in codesD or;

(d) dgns_cd_iin codesE

We also specify that any claims coming from the inpatient file must be coming from the
Emergency Room. We capture this by comparing claim numbers from the inpatient base
claims and the inpatient revenue centers and ensure that each previous ILI flag from an
inpatient file is matched with a revenue center code from the following set: Emergency room
alias::rev_cntr codes:

{0981 : professional fees emergency room,
0450 : emergency room — general classification,
0451 : emergency room — EMTALA emergency room screening services,
0452 : emergency room — ER beyond EMTALA screening,
0453 : reserved emergency room,
0454 : reserved emergency room,
0455 : reserved emergency room,
0456 : emergency room — urgent care,
0457 : reserved emergency room,
0458 : reserved emergency room,

0459 : emergency room - other}

ref: https://resdac.org/cms-data/variables/revenue-center-code-ffs, https://static.cigna.com/assets/chcp/pc

code-list-requiring-cpt-and-hcps-codes-for-outpatient-facility-claims.pdf [ 144]

Prev_ILI with XRAY: Previous Influenza like illness with chest XRAY

Sources: Carrier base claims, Outpatient base claims, Inpatient (emergency department only)
base claims, skilled nursing facility base claims, Carrier revenue, Outpatient revenue, Inpatient
revenue, Skilled nursing facility revenue

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12
¢ Procedure code trailer: ICD_PRCDR_CDX,X=1,2,...,25
e HCPCS_CD

To compute the previous influenza like illness with chest XRAY we begin with the same defini-

tion of a previous influenza-like-illness defined in (1. Prev_ILI). Similar to how we extract all
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inpatient visits that are associated with an emergency room visit, we perform the same cross-
check on claim numbers associated with a flag for a previous ILI and those with a procedure
code for a chest XRAY.

The procedure codes for chest XRAYs:

Table B.10 ICD-9 and CPT/HCPCS codes for chest x-rays.

| CPT/HCPCS | 71010-71035 | Chest x-ray |
| ICD-9 | 8744 | Routine chest x-ray, so described |

iv. Smoking

Sources: Carrier base claims, Outpatient base claims, Inpatient (emergency department only)
base claims, skilled nursing facility base claims, Carrier revenue, Outpatient revenue, Inpatient

revenue, Skilled nursing facility revenue

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12
e HCPCS_CD

This variable encompasses whether an individual has a known or reported history of tobacco
use. We define this variable to be a binary indicator if an individual has any of the below men-
tioned codes in any of their claims from the [Smoking] sources listed above. Since this variable

is more about the patient’s history, we look as far back as 2008 to make the determination.

ref: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4826837/ [59]

v. Flu_vaccine: Administration of influenza vaccine

Sources: Carrier base claims, Outpatient base claims, Inpatient (emergency department only)
base claims, skilled nursing facility base claims, Carrier revenue, Outpatient revenue, Inpatient

revenue, Skilled nursing facility revenue

* Procedure code trailer: ICD_PRCDR_CDX, X=1,2,...,25

e HCPCS_CD
To compute whether an individual received their influenza vaccination during the current flu
season of the respective index date we consider those who received their influenza vaccine
July 2010-June2011 [season1] and July2011-December2011 [season2]. Here, an individual will

be marked as having their flu vaccine for January-June if they had a vaccine seasonl and

July-December if they had a vaccine season2.

ref: https://www.cms.gov/medicare/preventive-services/flu-shot-coding [44]
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Table B.11 List of ICD-9 and CPT/HCPCS codes to identify someone with a medical history of smoking.

| | 99406 | |
| | 99407 | |
| | G0436 | Smoking counseling visit |
| | G0437 | |
| | G9016 | |
| | 59453 | Smoking cessation classes |
| CPT/HCPCS | $4995 | Smoking cessation gum |
| | 9276 | Disposable censor |
| | 9458 | Tobacco cessation intervention |
| | 1034F | Patient history |
| | 4004F | Tobacco screening |
| | 4001F | Therapeutic, Preventive, or Other Interventions |
| | 3051 | Tobacco use disorder |
64900 | Tobacco use disorder complicating pregnancy, childbirth, or the
puerperium, unspecified as to episode of care or not applicable
64901 | Tobacco use disorder complicating pregnancy, childbirth, or the
1CD-9 puerperium, delivered, with or without mention of antepartum con-
dition
64902 | Tobacco use disorder complicating pregnancy, childbirth, or the
puerperium, delivered, with mention of postpartum complication
64903 | Tobacco use disorder complicating pregnancy, childbirth, or the
puerperium, antepartum condition or complication
64904 | Tobacco use disorder complicating pregnancy, childbirth, or the
puerperium, postpartum condition or complication
| | 98984 | Toxic effect of tobacco |
| | V1582 | Personal history of tobacco use |

Table B.12 List of ICD-9 and CPT codes for the administration of an influenza vaccine.

Administration of influenza

G0008
virus vaccine

CPT/HCPCS | 90630 | |

| 90653-90756 | Influenza virus vaccine[*] |
| Q2034-Q2039 | |

Prophylactic ~ vaccination

9952
against influenza
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vi. Pneumococcal_vaccine: Administration of pneumococcal vaccine

Sources: Carrier revenue, Outpatient revenue, Inpatient revenue, Skilled nursing facility rev-

enue
* HCPCS_CD

The pneumococcal vaccine has different recommendations from the CDC, compared to
the influenza vaccine ref: https://www.cdc.gov/vaccines/vpd/pneumo/hcp/who-when-to-
vaccinate.html. [134] Since we only have data from 2008-2011 we consider an individual to
have received an pneumococcal vaccine (and thus receiving preventive care for pneumococcal
disease) if they have any of the below CPT or HCPCS codes anywhere in their claims data from

2008 up until the index date for our prediction window.

Table B.13 CPT and HCPCS codes for the administration of the pneumococcal vaccines.

G0009 | Administration of the pneumococcal vac-
cine

CPT/HCPCS
90670 | Pneumococcal conjugate vaccine, 13 va-

lent, for intramuscular use

90732 | Pneumococcal polysaccharide vaccine,
23-valent

vii. Attention-Deficit Disorders

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.14 ICD-9 codes for attention deficit and conduct disorders.

ICD-9 Codes | CCS-Category-Description
ICD-9 31200-3149 ’Attention-
deficit/conduct/disruptive
beha’

viii. Bronchitis
Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims
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¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.15 ICD-9 codes for bronchitis.

ICD-9 Codes CCS-Category-
Description
| ICD-9 | 4660-46619 | ‘Bronchitis’ |

ix. Pneumonia

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.16 ICD-9 codes for pneumonia.

ICD-9 Codes
322
0203-0830

| | CCS-Category-Description
| |
| |
| 1124-11595 |
| |
| |
| |

ICD-9 ‘Pneumonia’

1304
1363
4800-5171

x. Fatigue

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

121



Table B.17 ICD-9 codes for fatigue.

ICD-9 Codes CCS-Category-
Description
| ICD-9 | 78071-78079 | ‘Fatigue’ |

xi. Exam_eval

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.18 ICD-9 codes for examinations, evaluations, and screenings.

ICD-9 Codes CCS-Category-
Description
| | V290-V299 | |
| | V6801-V6809 | |
| ICD-9 | V700-V709 | ‘Exam/eval’ |
| | V718-V729 | |

xii. Maint_chem_r: Chemotherapy, Radiotherapy, Inmunotherapy

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.19 ICD-9 codes for chemotherapy, immunotherapy, and radiotherapy.

ICD-9 Codes CCS-Category-
Description

| ICD-9 | V580-V672 | ‘Maint chem/r’ |
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xiii. Cystic_fibro: Cystic Fibrosis

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing
facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.20 ICD-9 codes for cystic fibrosis.

ICD-9 Codes CCS-Category-
Description
| ICD-9 | 27700-27709 | “Cystic fibro’ |

xiv. Lung externl: Lung disorders or other complications due to external factors

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing
facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.21 ICD-9 codes for lung disorders and complications due to external agents.

| | ICD-9 Codes | CCS-Category-Description |
| ICD-9 | 4950-5089 | ‘Lung externl’ |

xv. Fx_skull_fac: Skull injury or fracture

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing
facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12
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Table B.22 ICD-9 codes for skull injuries or fractures.

ICD-9 Codes CCS-Category-
Description
| ICD-9 | 80000-9050 | ‘Fx skull fac’ |

xvi. Obesity

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims

¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

Table B.23 ICD-9 codes for a medical history of obesity.

| | ICD-9 Codes | Description |
| ICD-9 | 27800 | Obesity, unspecified |
| | 27801 | Morbid obesity |

xvii. Resp_symptoms: Respiratory symptoms

Sources: Carrier base claims, Outpatient base claims, Inpatient base claims, skilled nursing

facility base claims
¢ Diagnosis code trailer: ICD_DGNS_CDX,X=1,2,...,12

ref: https://www.cms.gov/Medicare/Coding/ICD9ProviderDiagnosticCodes/codes [86][**]
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Table B.24 ICD-9 codes for previous illnesses of the respiratory tract[**].

ICD-9 Code

| CMS Description

78600 | Respiratory abnormality, unspecified

78601 | Hyperventilation

78602 | Orthopnea

78603 | Apnea

78604 | Cheyne-Stokes respiration

78606 | Tachypnea

78607 | Wheezing

78609 | Other respiratory abnormalities

7861 | Stridor

7862 | Cough

|
|
|
|
|
|
78605 | Shortness of breath |
|
|
|
|
|
|

78630 | Hemoptysis, unspecified

78631 | Acute idiopathic pulmonary hemor-
rhage in infants [ATPHI]

78639 | Other hemoptysis

7864 | Abnormal sputum

78650 | Chest pain, unspecified

78651 | Precordial pain

78659 | Other chest pain

7866 | Swelling, mass, or lump in chest

7867 | Abnormal chest sounds

|
|
|
|
78652 | Painful respiration |
|
|
|
|

7868 | Hiccough

7869 | Other symptoms involving respira-
tory system and chest
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xviii. Specialty visits: Oncologist, cardiologist

Sources: Carrier revenue

¢ Provider_speciality (alias::PRVDR_SPCLTY)

Table B.25 Provider speciality codes for cardiology and oncology.

Code CMS_PRVDR_SPCLTY_TB

Cardiologist 06, C3, C7 Cardiology, Interventional cardiol-
ogy, advanced heart failure and
transplant cardiology

Oncologist 90-92 Medical oncology, surgical oncol-
ogy, radiation oncology

xix. Most recent Inpatient visit type: Acute care, critical access, psychiatric and Ever been in

Critical Access Facility and Ever been in Psychiatric facility

Sources: Inpatient base claims, CMS Hospital Compare
¢ Provider ID

CMS Hospital Compare provides a list of all inpatient facilities and groupings by acute care,
critical access, and psychiatric facilities. To compute this variable we first pull all claims from
the inpatient files from 2009-2011. Then, on a rolling basis for 2011, we match beneficiaries
and their respective patient row index month with their most recent inpatient provider ID
up until the month prior to each index date. We lookup this provider ID in the CMS Hospital

Compare file and note the type of facility for each visit.

We also keep track of two variables, ever_been_in_critical_access and ever_been_in_pyschi-
atric facility. These variables are proxies for things such as access to care and mental health

conditions. CMS declares a facility to be critical access if it is:

¢ Located in a rural area;

* Located greater than 35 miles from the nearest inpatient facility (generally) or 15 miles
for areas in the mountains or only accessible via secondary rounds;

* Comprised of at most 25 inpatient beds
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¢ Average length of stay of 96 hours

¢ Service 24/7 emergency care.

[55]

xx. Total costs

Sources: Outpatient base claims, Inpatient base claims, Skilled nursing facility base claims,

Carrier base claims, Home health base claims, and Durable medical equipment base claims
To compute these variables for each outpatient, inpatient, snf, carrier, homehealth, dme, and
overall total cost we consider the sum of the alias::CLM_TOT_CHRG_AMT from each of these
files for each patient row. We compute the sum of the charges from each facility over the
previous 1, 3, and 6 months.
xxi. Recent emergency room visits

Sources: Inpatient revenue centers, outpatient revenue centers
Using the same alias::rev_cntr codes defined and outlined in (1.Previous influenza like illness),
we track whether a beneficiary had a recent ER visit in the last 1, 3, or 6 months.

xxii. Number of claims by facility type

Sources: Outpatient base claims, Inpatient base claims, Skilled nursing facility base claims,

Carrier base claims, Home health base claims, and Durable medical equipment base claims

To compute these variables for each outpatient, inpatient, snf, carrier, homehealth, dme, and
overall total cost we consider the sum of the total number of claims from each of these files
for each patient row. We compute the sum of the charges from each facility over the previous
1, 3, and 6 months.

xxiii. Nursing home visits

Sources: Carrier revenue, Inpatient revenue, Outpatient revenue, Skilled nursing facility rev-

enue

¢ HCPCS_CD

Table B.26 ICD-9, CPT, and HCPCS codes for nursing home visits.

Initial nursing facility as-

99304-99306
sessments

‘ CPT/HCPCS
‘ ‘ 99307-99310

Subsequent nursing facility
assessments
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Xxiv.

To compute the most recent information about nursing home status, we consider claims from
the above sources that are marked with an hcpcs code belonging to either an initial nursing
facility assessment or any subsequent nursing facility assessments. We consider whether a
beneficiary has any of these codes present in their data in the previous 1, 3, or 6 months prior
to each index date. ref: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3178883/ [96]

Frailty

Sources: Carrier base claims, Inpatient base claims, Outpatient base claims, Skilled nursing
facility base claims, Home health base claims, Durable medical equipment base claims, Carrier
revenue, Inpatient revenue, Outpatient revenue, Skilled nursing facility revenue, Home health

revenue, Durable medical equipment revenue

The paper used as a reference for this variable lists variables that results in at least 0.010-value
increase in claims-based frailty scores according to results from their lasso regression model.
We chose all values from their supplementary file associated with an absolute change in in
frailty score of 0.010, which include those with a decrease in frailty score. We felt these were
important to include since they encompass a person’s willingness to receive care or take

preventive measures such as receiving screening.

We compute our frailty index on a rolling basis from 2010-2011 and update the score as new
information is presented in the individual’s claims data. That is, the frailty index is a dynamic
variable that changes any time a new code in the below table is found. When we find a new
code, the associated coefficient from the supporting reference is added to the individual’s
frailty score. If the code is found in 2010, it is present in the individual’s frailty score for all
months in 2011 and if found in January 2011, it is applied to all months February -December
2011 and so on.

A list of codes, descriptions, and associated frailty coefficients is outline in the following table.

ref:https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6001883/ [93]

Final List of Variables Included in Model Training

For model training we utilize 195 variables: 155 Individual, 24 Community, and 16 Provider variables

listed as their short descriptions below. For each of the variables, if it is dynamic and considers a

certain amount of history the number of months of data considered is denoted (Xmth) meaning

that this variable considers the previous X months of data prior to the index date.

155 Individual Variables

Interaction inpatient elixhauser score and ever in inpatient, Interaction hospital overall rating 5

and ever in inpatient, Interaction hospital overall rating 4 and ever in inpatient, Interaction hospital

overall rating 3 and ever in inpatient, Interaction hospital overall rating 2 and ever in inpatient,
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Table B.27 ICD-9 codes and related frailty coefficients for diagnosis components of frailty computation.

countered during examination and inves-
tigation of individuals and populations

| Code Type | Codes | Description | Frailty Coefficient |
| ICD-9 | 030-041 | Other bacterial diseases | 0.01188 |
| ICD-9 | 250-259 | Diseases of other endocrine glands | 0.01078 |
| ICD-9 | 290-294 | Organic psychotic conditions | 0.04745 |
| ICD-9 | 295-299 | Other pyschoses | 0.02112 |
‘ ICD-9 ‘ 300-316 | Neurotic disorders, personality disorders, 0.01353 ‘
and other nonpsychotic mental disorders
‘ ICD-9 ‘ 330-338 | Hereditary and degenerative diseases of 0.04031 ‘
the central nervous system
| ICD-9 | 401-405 | Hypertensive disease | 0.0174 |
| ICD-9 | 410-414 | Ischemic heart disease | 0.0192 |
| ICD-9 | 420-429 | Other forms of heart disease | 0.01989 |
| ICD-9 | 430-438 | Cerebrovascular disease | 0.01552 |
ICD-9 451-459 | Diseases of veins and lymphatics, and 0.01234
other disease of circulatory system
| ICD-9 | 480-487 | Pneumonia and influenza | 0.01185 |
ICD-9 490-496 | Chronic obstructive pulmonary disease 0.01295
and allied conditions
ICD-9 580-589 | Nephritis, nephrotic syndrome, and 0.01047
nephrosis
| ICD-9 | 590-599 | Other diseases of the urinary system | 0.01062 |
| ICD-9 | 600-608 | Diseases of male genital organs | -0.02131 |
| ICD-9 | 710-719 | Arthropathies and related disorders | 0.01408 |
‘ ICD-9 ‘ 797-799 ‘ [1l-defined and unknown causes of mor- 0.01119
bidity and mortality
| ICD-9 | 890-897 | Open wound of lower limb | 0.02042 |
| ICD-9 | 920-924 | Contusion with intact skin surface | 0.01074 |
ICD-9 V70-V82 | Persons without reported diagnosis en- -0.01208 ‘
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Table B.28 CPT and HCPCS codes and related frailty coefficients for diagnosis components of frailty com-

putation.
| Code Type | Codes | Description | Frailty Coefficient |
| CPT | 99308 | Nursing facility care - subsequent | 0.01389 |
| CPT | 00500-00580 | Anesthesia-intrathoracic | -0.01568 |
| CPT | 00800-00882 | Anesthesia-lower abdomen | -0.01053 |
CPT 01320-01444 Anesthesia-knee and popliteal -0.01215
area
| CPT | 88104-8819 | Cytopathology | -0.01082 |
CPT 98940-98943 Chiropractic manipulative treat- -0.01426
ment
HCPCS A0021-A0999 Transportation services including 0.01022
ambulance
HCPCS A4244-A4290 Other supplies including diabetes 0.0236
supplies and contraceptives
| HCPCS | A5500-A5513 | Diabetic footwear | 0.02375 |
| HCPCS | E0100-E0159 | Walking aids and attachments | 0.02821 |
HCPCS E0250-E0373 Hospital beds and associated sup- 0.08649
plies
HCPCS E1353-E1406 Accessories for oxygen delivery de- 0.02702
vices
HCPCS G0101-G0124 Screening examinations and dis- -0.01136
ease management training
HCPCS K0001-K0462 Wheelchairs, components, and ac- 0.07802
cessories
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Interaction hospital overall rating 1 and ever in inpatient, Race, Gender, Age, Pqi (1mth), CLAIMS
(6mth), Obesity, ER (6mth), ER (3mth), ER (1mth), Prev ILI XRAY (6mth), Prev ILI XRAY (3mth), Prev
ILI XRAY (1mth), Prev ILI (6mth), Prev ILI(3mth), Prev ILI (1mth), NH (1mth), EVER inpatient, Cardi-
ology (1mth), Cardiology (1mth), Oncology (1mth), Oncology (1mth), Oncology (1mth), INP (6mth),
INP (6mth), INP (6mth), CARRIER (6mth), CARRIER (6mth), CARRIER (6mth), CLAIMS (6mth),
CLAIMS (6mth), CLAIMS (6mth), Fx skull fracture (1mth), Lung (1mth), Cystic (Imth), Maintenance
chemotherapy (1mth), BRONCHITIS (1mth), Exam (1mth), FATIGUE (1mth), PNEUMONIA (1mth),
Attention disorder (1mth), PQI 11 (2010), NH (6mth), Respiratory symptoms (1mth), pneumococcal
vaccine, flu vaccine, Allergy (1mth), Neurology (1mth), Endocrinomology (1mth), Low income,
Post transplant, Smoker, Rural, Homehealth now, High socioeconomic insurance, SNF now, Still in
NH, Schizophrenia and other psychotic disorders, Personality disorders, Developmental disorders,
Delirium, dementia, and amnestic and other cognitive disorders, Attention-deficit, conduct, and
disruptive behavior disorders, Rheumatoid arthritis and related disease, Infective arthritis and
osteomyelitis, Chronic ulcer of the skin, Chronic kidney disease, Asthma, Chronic obstructive pul-
monary disease and bronchiectasis, Confestive heart failure; nonhypertensive, Cardiac arrest and
ventricular fibrillation, Cardiac dysrhythmias, Conduction disorders, Other and ill-defined heart
disease, Pulmonary heart disease, Nonspecific chest pain, Coronary atherosclerosis and other heart
disease, Acute myocardial infarction, Hypertension with complications and secondary hyperten-
sion, Essential hypertension, Peri-; endo-; and myocarditis; cardiomyopathy, Heart valve disorders,
Coma; stupor; and brain damage, Headache; including migraine, Epilepsy; convulsions, Paralysis,
Other hereditary and degenerative nervous system conditions, Multiple sclerosis, Parkinson’s dis-
ease, Cystic fibrosis, Diabetes mellitus with complications, Diabetes mellitus without complication,
Cancer; other and unspecified primary, Cancer of thyroid, Cancer of brain and nervous system,
Cancer of other urinary organs, Cancer of kidney and renal pelvis, Cancer of bladder, Cancer of
other male genital organs, Cancer of testis, Cancer of prostate, Cancer of other female gential organs,
Cancer of ovary, Cancer of cervix, Cancer of uterus, Cancer of breast, Other non-epithelial cancer
of skin, Melanomas of skin, Cancer of bone and connective tissue, Cancer; other respiratory and
intrathoracic, Cancer of bronchus; lung, Cancer of other GI organs; petioneum, Cancer of pancreas,
Cancer of liver and intraheptic bile duct, Cancer of recum and anus, Cancer of colon, Cancer of
stomach, Cancer of esophagus, Cancer of head and neck, Cancer diagnoses, Neurological disorders,
Elixhauser score snf, Cognitive disorders, Cost inpatient (1mth), Cost snf (1mth), Cost carrier (Imth),
DME (1mth), ER (1mth), SNF (12), Outpatient cost (3mth), Outpatient (Imth), ER (3mth), HH (1mth),
SNF cost (6mth), Elixhauser Van Waren Score Inp, SNF (1mth), Number of heart conditions, Primary
Care (1mth), Carrier (12 mth), Cost inpatient (6mth), Outpatient (12mth), HH (6mth), DME (1mth),
Hospital visits (1mth), Frailty, Carrier (1mth), Inpatient (12mth), Cost carrier (6mth), Homehealth
(6mth), Hospital visits (3mth), Sum of CCS Comorbid conditions
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24 Community Variables

Household income, Percentage 65+ Poverty, Percentage of Medicare Enrollees, Percent Smokers,
Percent Illiterate, Percent Rural, Population per primary care provider, Percent Asian Population,
Percent African American, Unhealthy Ozone Days, Hospital bed ratio, Air pollution particular matter,
Percent of weeks flu is widespread, Percent American Indian/Alaskan Native/Native Hawaiian/Other
pacific islander, Intensity of flu, Activity spread of flu, PQI05 Region Score, PQI07 Region Score,
PQIO08 Region Score, PQI11 Region Score, PQI12 Region Score, PQI14 Region Score, PQI16 Region
Score, Mean activity level flu (1mth)

16 Provider Variables

CABG death rate, Postoperative Respiratory Failure Rate, C.diff llaboratory identified events, CAUTI
rate, CLABSI rate, Colon Surgery Infection rate, MRSA rate, Risk-standardized potentially preventable
hospital readmissions , 30-day rates of readmission and excess dates in acute care due to pneumonia,
Unplanned hospital visits due to heart failure, Pressure ulcer rate, Unplanned hospital visits due to
heart attack, Percent of SNF residents who experience one or more falls, Surgical site infection from

abdominal hysterectomy, Count of outpatient procedures, Hospital overall rating

Post Prediction Analysis

B.0.1 Variable Coefficients and Feature Importance
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Variable

age 1
age_2

age 3
age_4
age_5
age 6

Aggregate count of
outpatient procedures

AirPollutionOzoneDays

AirPollutionParticulate
MatterDays

allergy_prev_one_mont

Attention_deficit_condu
ct_disruptive_beha_pre
v_month

Bronchitis_prev_month

cancer

Des

<65
65-69

70-74

75-79

80-84
>84

Count of
outpatient
procedures

Unhealthy
Ozone Days

Air pollution
particular
matter

Allergy
(1mth)

Attention
disorder
(1mth)

BRONCHITI
S (1mth)

Cancer
diagnoses

Long Des

Sum of outpatient
procedures
including
gastrointestinal,
eye, nervous
system,
muculoskeletal,
skin, genitourinary,
cardiovascular,
respiratory

Annual number of
unhealthy air
quality days due to
ozone from county
health ranking

Annual number of
unhealthy air
quality days due to
fine particulate
matter

Grouped 26 cancer
diagnoses through
summation

IIC
/P

P

Mean
LR
Coeffici
ent
ref

0.11332
9877
0.19085
6663
0.39808
7017
0.56098
4094
0.80656
7809

0.59946
277

0.53807
2465

0.19708
3652

0.03342
4318

0.87361
2528

0.05356
791

0

Nonz
ero
LR

Mean
XGB
Fl

0.00660
2149
0.00499
5759
0.00327
9587
0.00392
9764
0.00611
306
0.00326
9106

0.00306
8327

0.00315
9322

0.00133
7003

0

0.00321
6537

Mean
RF FI

0.00153
8948
0.00105
4538
0.00077
8684
0.00075
1642
0.00450
8876
0.03336
3669

0.00509
566

0.00377
2248

6.63E-
05

2.06E-
05

2.81E-
05

0.00116
3073



cardiology_visit_prev_3
_month

cardiology visit_prev_6
_month

carrier_cost_1mth

carrier_cost_6mth

carrier_prev_1 month

carrier_prev_3_month

carrier_prev_6_month

ccs_category_100

ccs_category_101

ccs_category_102

ccs_category_103

ccs_category_104

ccs_category_105

ccs_category_106

ccs_category_107

ccs_category_108

Cardiology
(1mth)

Cardiology
(1mth)

Cost carrier
(1mth)

Cost carrier
(6mth)

CARRIER
(6mth)

CARRIER
(6mth)

CARRIER
(6mth)

Acute
myocardial
infarction

Coronary
atherosclerosi
s and other
heart disease

Nonspecific
chest pain

Pulmonary
heart disease

Other and ill-
defined heart
disease

Conduction
disorders

Cardiac
dysrhythmias

Cardiac arrest
and
ventricular
fibrillation
Confestive
heart failure;
nonhypertensi
ve

cumulative cost
from carrier claims
in the last 6
months

0.13058
3189

0.12069
0867

1.39346
5556
0.05986
4742

0.96627
4095

1.31696
9977
0.80417
9556

0.10117
8319

0.05927
843

0.03814
1444

0.04013
6246

0.03130
5194

0.06131
6974

0.08955
0386

0.06916
3991

0.00228
683

0.00292
2545

0.00373
8137

0.00267
9561

0.00322
6858

0.00489
914

0.00323
2714

0.00467
1941

0.00238
437

0.00382
8146

0.00381
0239

0.00550
6682

0.00415
5671

0.00226
9534

0.01263
8027

0.00272
3598

0.00198
1068

0.00149
2825

0.01531
8542

0.01536
6843

0.00602
522

0.00378
5492

0.00392
6123

0.00039
1516

0.00096
9448

0.00067
5351

0.00067
5547

0.00042
3313

0.00060
5615

0.00145
5048

9.96E-
05

0.00574
3877



ccs_category 11

ccs_category_12

ccs_category_127

ccs_category_128

ccs_category 13

ccs_category 14

ccs_category 15

ccs_category_158

ccs_category_16

ccs_category_17

ccs_category 18

ccs_category 19

ccs_category_199

ccs_category 20

ccs_category 201

ccs_category_202

Cancer of
head and
neck
Cancer of
esophagus

Chronic
obstructive
pulmonary
disease and

bronchiectasi
S
Asthma

Cancer of
stomach

Cancer of
colon

Cancer of
recum and
anus
Chronic
kidney
disease
Cancer of
liver and
intraheptic
bile duct
Cancer of
pancreas

Cancer of
other Gl
organs;

petioneum

Cancer of

bronchus;

lung
Chronic ulcer
of the skin

Cancer; other
respiratory
and
intrathoracic
Infective
arthritis and
osteomyelitis

Rheumatoid
arthritis and
related
disease

0.17142
863

0.30804
0997

0.33423
7936

0.17608
8728

0.17643
1487

0.14539
7781
0.00896
6907

0.10959
403

0.82664
4694

0.51526
7027

0.16744
0593

0.28411
5021

0.06119
7755
0.25704
7776

0.04525
664

0.15617
4537

0.00252
7859

0.00113
1277

0.00969
9354

0.00502
5356

0

0.00347
2131

0.00147
5359

0.00322
0377

0.00124
5792

0.00359
705

0.00614

915

0.00346
4812

0

0.00293

7539

0.00469
8444

0.00015
9528

6.22E-
05

0.01670
0666

0.00086
9412

3.92E-
05

0.00030
0428

8.59E-
05

0.00088
5548

2.T7E-
05

3.16E-
05

4.01E-
05

0.00088
8644

0.00059
2145

8.84E-
06

0.00020
0795

0.00039
4623



ccs_category 21

ccs_category_22

ccs_category 23

ccs_category_24

ccs_category_25

ccs_category 26

ccs_category 27

ccs_category 28

ccs_category 29

ccs_category_30

ccs_category 31

ccs_category 32

ccs_category_33

ccs_category 34

ccs_category 35

ccs_category 36

ccs_category 41

Cancer of
bone and
connective
tissue
Melanomas
of skin

Other non-
epithelial
cancer of skin

Cancer of
breast

Cancer of
uterus

Cancer of
Cervix

Cancer of
ovary

Cancer of
other female
gential organs

Cancer of
prostate

Cancer of
testis

Cancer of
other male
genital organs

Cancer of
bladder

Cancer of
kidney and
renal pelvis

Cancer of

other urinary
organs

Cancer of

brain and

nervous
system

Cancer of

thyroid

Cancer; other
and
unspecified
primary

0.01304
2052

0.41826
2662

0.04013
8

0.00306
8478

0.05094
4846
0.25520
5286

0.13601
6592

0.25474
092

0.12240
4113

0.59226
0093
0.23348
5919

0.00792
7627
0.03245
0175

0.18342
3991

0.17239
2206

0.13675
9757

0.18992
3837

0.00022
7702

0.00413

7457

0.00408
7659

0.00436
5318

0.00306
401

0.01386
3626

0.00261
194

0

0.00516
593

0

0.00169
4525

0.00393
5864

0

0.00173
5553

0.00277
3971

1.74E-
05

0.00010
478

0.00024
9476

0.00040
0172

0.00010
0104

4.62E-
05

4.75E-
05

1.76E-
05

0.00042
3988

1.19E-
06

5.62E-
06

0.00019
2967

0.00010
6194

1.55E-
05

3.78E-
05

4.97E-
05

8.44E-
05



ccs_category 49

ccs_category_50

ccs_category 56

ccs_category_652

ccs_category_653

ccs_category 654

ccs_category_658

ccs_category_659

ccs_category 79

ccs_category_80

ccs_category 81

ccs_category_82

ccs_category 83

ccs_category 84

Diabetes
mellitus
without
complication
Diabetes
mellitus with
complications

Cystic
fibrosis

Attention-
deficit,
conduct, and
disruptive
behavior
disorders
Delirium,
dementia, and
amnestic and
other
cognitive
disorders
Development
al disorders

Personality
disorders

Schizophreni
a and other
psychotic
disorders

Parkinson's
disease

Multiple
sclerosis

Other
hereditary
and
degenerative
nervous
system
conditions
Paralysis

Epilepsy;
convulsions

Headache;
including
migraine

0.02503
318

0.02367
4478

0

0.28486
7888

0.11757
9976

0.18812
178

0.11909
0298

0.04381
8752

0.05773
1248

0.04417
5298

0.07474
5132

0.23888
6876

0.04519
4678

0.05570
3109

0.00245
2704

0.00334
8722

0.00131
4399

0.00357
4755

0.00536
3953

0.00061
182

0.00431
3163

0.00604
4322

0.00307
6741

0.00334
5345

0.00585
0259

0.00620
2542

0.00447
8454

0.00082
1483

0.00068
6683

1.13E-
06

9.87E-
05

0.00106
383

0.00014
3701

6.53E-
05

0.00041
1371

0.00033
8107

4.81E-
05

0.00039
5984

0.00028
7808

0.00041
4871

0.00036
8459



ccs_category 85

ccs_category_96

ccs_category 97

ccs_category 98

ccs_category_99

claims_carrier_12mth

claims_inpatient_12mth

claims_outpatient_12mt
h
claims_prev_1 month

claims_prev_3_month

claims_prev_6_month

claims_prev_6mth

claims_snf_12mth

cog

Cystic_fibro_prev_mont
h

dme_cost_1mth

Coma;
stupor; and
brain damage
Heart valve
disorders

Peri-; endo-;
and
myocarditis;
cardiomyopat
hy
Essential
hypertension

Hypertension
with
complications
and
secondary
hypertension
Carrier (12
mth)

Inpatient
(12mth)

Number of
inpatient claims
from the last 12

months

Outpatient
(12mth)

CLAIMS
(6mth)

CLAIMS
(6mth)

CLAIMS
(6mth)

CLAIMS
(6mth)

SNF (12)

Cognitive
disorders

Grouped 11 mental
disorders through
summation

Cystic (1mth)

DME (1mth)

0.09838
861

0.04808
7793

0.07547
9568

0.07981
19

0.08900
3542

5.89205
8732

0.48467
3054

0.12731
3636

0.01485
2208

0.10541
4001
0.23034
5209

0.01152
7121

1.06431
4511
0.69907
6479

0.00782
972

0.00298
4534

0.00453
4843

0.00288
0329

0.00285
8586

0.00525
3677

0.00493
5695

0.00297
237

0.00219
6613

0.00299
2575

0.00198
3849

0

0.00360

259

0.00284
899

0.00375
9271

0.00031
1325

0.00063
014

0.00048
857

0.00089
7544

0.00076
6368

0.02018
6735

0.00891
2581

0.00708
118

0.00206
1349

0.00045
3428

8.09E-
05

1.78E-
05

0.00240
8597

0.00293
5822

0.01118
9821



EDAC_30_AMI

EDAC_30_HF

EDAC_30_PN

endocrinomology_prev_
one_month

er_prev_1 month

er_prev_3 month

er_prev_6_month
er_prev_one_month

er_prev_three_month

ever_in_inpatient

Exam_eval_prev_month

Fatigue_prev_month

Flu_High_Intensity_Las
t_Month

Flu_Mean_Activity Lev
el_Last_Month_high

Flu_Mean_Activity_Lev
el _Last_ Month_low

Flu_Mean_Activity _Lev
el_Last Month_minimal

Unplanned
hospital visits
due to heart
attack

Unplanned
hospital visits
due to heart
failure

30-day rates
of
readmission
and excess
dates in acute
care due to
pneumonia
Endocrinomo
logy (1mth)

ER (1mth)

ER (3mth)

ER (6mth)
ER (1mth)

ER (3mth)

EVER
inpatient

Exam (1mth)

FATIGUE
(1mth)

Intensity of
flu

Mean activity
level flu
(1mth)

Unplanned hospital
visits due to heart
failure

Binary from CDC
dataset

o

0.08830
5038

0.04672
2281

0.45044
784

0.04053
1281

0.10179
2344

0.04904
3622
0.02050
3632

2.90295
2884

0.44761
5458
0.34525
6924

0.49883
7284
0.29915
3584

0.80719
9415
2.56315
2008

0.59731
6594

ref

0.00391
2942

0.00334
5113

0.00348
6448

0.00301
6663

0.00359
8707

0.00301
6895

0.00228
704

0.00450
7293

0.00339
3852

0.00267
3134

0.00039
71

0.00323
813

0.01409
8957

0.02675
8725

0.00581
334

0.00686
3091

0.01797
8401

0.02397
1122

0.00017
9255

0.00081
4736

0.00181
8253

0.00128
428

0.00101
0427

0.00300
534

0.00365
8128

2.93E-
05

8.31E-
05

0.00502
3879

0.00706
7129

0.00944
4376



Flu_Mean_Activity_Lev
el_Last Month_modera
te

Flu_Vaccine

Flu_Widespread_Last_
Month

frailty

Fx_skull_fac_prev_mon
th

gender_1
gender_2

HAI_1_SIR

HAI_2_SIR

HAI 3 _SIR

HAI 4 _SIR

HAI 5 _SIR

HAI_6_SIR

flu vaccine
Activity Binary from CDC
spread of flu dataset
Frailty Computed using
algorithm
described in
Appendix
Fx skull
fracture
(1mth)
Male
Female
CLABSI rate Central line-
associated
bloostream
infections
(CLABSI) in ICUs
and select wards
CAUTI rate Catheter-
associated urinary
tract infections
Colon Surgical site
Surgery infection from
Infection rate abdominal
hysterctomy
Surgical site
infection
from
abdominal
hysterectomy
MRSA rate Methicillin-
resistant
Staphylococcus
aureus blood
laboratory-
identified rates
C.diff Clostriudium
llaboratory difficile
identified

events

1.93539
3442

0.07230
4453

1.59517
7162
0.84175
5046

1.10710
6363

ref

0.07217
6285
0.06354
9465

0.26229
3573

0.08100
0734

0.36315
6528

0.00352
085

0.22892
155

0.01433
2088

0.00231
3049

0

0.00310
1413

0.00239
7

0.00355
8615

0.00328
9097

0.00344
1618

0.00429
5486

0.00377
3912

0.00317
6211

0.00208
29

0.00091
1169

0.01920
6717

0.01444
8052

7.55E-
06

0.00092
4936

0.00762
3737

0.01201
6962

0.00674
9828

0.00276
5498

0.00604
4835

0.02100
321



heart

HH_now

high_socioeconomic_ins
urance

homehealth_cost_6mth

hosp_prev_one_month

hosp_prev_three_month

Hospital overall rating 0

Hospital overall rating 1
Hospital overall rating 2
Hospital overall rating 3
Hospital overall rating 4
Hospital overall rating 5

HospitalBedratio

Householdincome

inp_cost_1mth

inp_cost_6mth

Number of
heart
conditions
Homehealth | Indicates whether a
now patient was in a
home healthy
facility at the
beginning of the
curernt month

High Identifying how a
socioeconomi | patients claims are
¢ insurance being paid
HH (6mth)
Hospital Hospital visits in

visits (mth)  the previous month

Hospital
visits (3mth)

Hospital claims in
the last three
months

Hospital
overall rating
Hospital bed
ratio
Household Median household
income income in each
county from
County Health
Rankings.

Cost inpatient
(1mth)

Cost inpatient
(6mth)

0.08936
2611

0.25225
8935

1.75208
8934

2.96987
3822

1.55629
5544
0.12103
9953

0.18624
1102

0.21396
4598

0.15129
166

ref

0.24099
6141

0.71020
9866

0.54246
3445

3.17261
1577

0.00294
8107

0.00353
2159

0.00449
6845

0.00325
4639

0.00427
0607

0.01052
7929

0.07113
1572

0.00445
743

0.00370
44

0.00329
4986

0.00305
309

0.00294
9986

0.00312
8588

0.00324
304

0.00409
4014

0.00604
7586

0.00057
9234

0.00051
1287

0.00415
8679

0.00252
6052

0.01675
1449

0.03995
5528

0.00041
2972

0.00146
3269

0.00415
1935

0.00373
3446

0.00667
6321

0.00847
3241

0.00374
0453

0.01361
8965



inp_escore_vw

inp_prev_1_month

inp_prev_3_month

inp_prev_6_month

interaction_everinp_hos
pitalrating_0.0

interaction_everinp_hos
pitalrating_1.0

interaction_everinp_hos
pitalrating_2.0

interaction_everinp_hos
pitalrating_3.0

interaction_everinp_hos
pitalrating_4.0

interaction_everinp_hos
pitalrating 5.0

low_income

Lung_externl_prev_mo
nth
Maint_chem_r_prev_m
onth

Elixhauser
Van Waren
Score Inp

INP (6mth)

INP (6mth)

INP (6mth)

Interaction
hospital
overall rating
2 and ever in
inpatient
Interaction
hospital
overall rating
3 and ever in
inpatient
Interaction
hospital
overall rating
4 and ever in
inpatient
Interaction
hospital
overall rating
5 and ever in
inpatient

Interaction
hospital
overall rating
1 and ever in
inpatient
Low income

Lung (1mth)

Maintenance

chemotherapy

(1mth)

Weighted

Elixhauser van
Waren score from

inpatient
conditions

Entitlement buy in

indicator was used

as a proxy for low
income, codes 1

and A

3.41696
4573

0.26783
8524

0.31491
8066

0.21318
1151
0.46647
7453

0.04338
1926

0.06134
8586

0.15593
5363

0.16164
9205

ref

0.41252
3486

1.12638
8867

0.01917
6755

0.00592
6146

0.03534
4534

0.00636
0108

0.00223
9652

0.00686
3595

0.00439
3442

0.00346
9408

0.00379
0259

0

0.00184
9412

0.16074
0175

0.00197
1566

0.01192
6603

0.00982
4235

0.01127
148

0.00028
1282

0.00056
4232

0.00129
202

0.00100
1924

2.85E-
05

2.39E-
05



MORT _30_CABG

neuro

neurology_prev_one_mo
nth

nh_prev_6_month

number_carrier_claims
_1mth

number_dme_claims_1
mth

number_homehealth_cl
aims_1mth

number_homehealth_cl
aims_6mth

number_outpatient_clai
ms_1lmth

number_snf _claims_1mt
h
nursing_home_prev_1
month
Obesity
oncology_vist_ prev_1 m
onth

oncology_vist_prev_3 m
onth

oncology_vist_prev_6 _m
onth

out_cost_3mth

pc_prev_one_month

CABG death Death rate for
rate CABG surgery
patients at hospital
level

Neurological Grouped 7
disorders neurological
disorders through
summation
Neurology
(1mth)
NH (6mth)
Carrier Number of carrier
(1mth) claims from the
previous month.
DME (1mth)
HH (1mth)
Homehealth Number of
(6mth) homehealth claims
in the last 6
months
Outpatient
(1mth)
SNF (1mth)
NH (1mth)
Obesity
Oncology
(1mth)
Oncology
(1mth)
Oncology
(1mth)
Outpatient
cost (3mth)

Primary Care
(1mth)

0.48718
7795

0.14879
7333
0.06923
2519

2.78996
6252

5.84870
7282

0.67396
5831

0.45574
5417

0.55311
4746
0.32243
9776

0.39300
8564
0.11254
2024
0.85780
7843

1.02390
9662

0.60873
1948

0.17976
2367

0.53439
7141

0.00420
8522

0.00308
4692

0.00548
0601

0.00374
8219

0.00382
3108

0.00347
6843

0.00442
0849

0.00399
1295

0.00249
9208

0.00613
6478

0.00867
5164

0.00387
1212
0.00811
4268

0.00523
9015

0.00237
2363

0.00264
9256

0.00255
5257

0.00442
4282

0.00107
5916

0.00038
5655

0.00303
4171

0.01029
2021

0.00789
4628

0.00062
4673

0.00222
8118

0.00289
4622

0.00093
7333

0.00348
0535

0.00050
421
0.00457
3266

0.00099
8717

0.00019
4163

0.00686
0624

0.00339
5933



PCPRatio

Pct_Flu_Widespread L
ast_Month

Percentage of SNF
residents who
experience one or more
falls with major\ninjury
during their SNF stay

PercentageAmindAlask
aNatvePop/NatHawaii/
OtherPIPop

PercentageAsianPopulat
ion

PercentageBlackAfrican
AmPop

Percentageilliterate

PercentageofMedicareE
nrolees

PercentagePersonsover6
5inDeepPoverty

PercentageRural

Population
per primary
care provider

Percent of
weeks flu is
widespread

Percent of
SNF residents
who
experience
one or more
falls

Percent
American
Indian/Alaska
n
Native/Native
Hawaiian/Oth
er pacific
islander
Percent Asian
Population

Percent
African
American
Percent
Illiterate

Percentage of
Medicare
Enrollees

Percentage
65+ Poverty

Percent Rural

CDC state

Percent of illiterate

people obtained

from county health

ranking.

Computed from

Census and County

Health Ranking

Calculated from
census and Area

health resource
file.

Percent of

population in each

county living in
rural areas

0.02802
4944

0.61248
7869

0.17472
026

1.41170
8445

0.41121
7688

0.30043
8063

0.12417
6841

0.47215
8411

0.32156
3397

0.30125
5667

0.00301
6625

0.00906
7604

0.00416
9868

0.00316
5654

0.00331
8737

0.00321
8225

0.00332
098

0.00307
849

0.00294
5067

0.00306
0511

0.00759
4728

0.02306
74

0.00273
5507

0.00667
8223

0.00763
5805

0.00767
9309

0.00771
9514

0.00790
4172

0.00570
1835

0.00824
8502



PercentageSmokers

Pneumonia_prev_month
Pneumonia_Vaccine

post_transplant

PQI_11_inp_2010

PQI_11_inp_prev_12mt
hs

Prev_ILI_prev_1_mont
h

Prev_ILI_prev_3 mont
h

Prev_ILI_prev_6_mont
h

Prev_ILI_XRAY_prev_
1 month

Prev_ILI_XRAY_prev_
3_month

Prev_ILI_XRAY_prev_
6_month

PSI_11_POST_RESP

Percent Percent of adults
Smokers that report
smoking at least
100 cigarettes and
currently smoke
from county heath

rankings.
PNEUMONI
A (1mth)
pneumococca
| vaccine
Post Indicates whether a
transplant patient claim had
major organ
transplants
(kidney, liver,
heart, lungs,
intestines,
pancreas) from
codes V420, V427,
V421, V426,
V4284, V4283
PQI 11
(2010)
Pqi (1mth)
Prev ILI
(1mth)
Prev
ILI(3mth)
Prev ILI
(6mth)
Prev ILI
XRAY
(1mth)
Prev ILI
XRAY
(3mth)
Prev ILI
XRAY
(6mth)

Postoperative
Respiratory
Failure Rate

Hospital level
postoperative
respiratory failure
rate

0.19984
4226

0.35614
4172

0.05157
8179

0

1.20401
0718

1.05647
5296
0.28087
3597

0.26456
1252
0.31190
8211

0.09353
0318
0.21335
3724

0.09304
1699

0.20059
6946

0.00287 @ 0.00682
267 2793

0.00432  0.00011

6973 5331
0.00358 @ 0.00069
7568 5353
0 1.59E-

07

0.01012 = 0.00327
2847 7929

0.00998 @ 0.00382
0473 0528

0.00533 = 0.00062
9934 4812

0.00376 = 0.00062
1839 8395

0.00423 = 0.00070
9154 4526

0.00348 @ 0.00010
1328 2487

0.00713 = 0.00022
5577 5991

0.00724 = 0.00029
0144 6762

0.00319 0.01993
4575 1814



PSI_3_ULCER

race 0

race 1
race 2

race_3

race_4
race_5

race_6

region_score_PQI05 0

region_score_PQI05_1

region_score_PQI05_2

region_score_PQI05 3

region_score_PQI07_0

region_score_PQIO07_1

region_score_PQI07_2

region_score_PQI08_0

region_score_PQI08 1

Pressure ulcer
rate

Unknown

White
Black

Other

Asian
Hispanic

North
American
Native
PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

Middle 80%
PQI Rates

Top 10% PQI
Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

Middle 80%
PQI Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

COPD or asthma

Hypertension

Heart Failure

0.34328
0171

0.29696
2992
ref

0.17258
4189

0.17142
8248
0.04099
5874
0.27707
7584
0.01998
1377

ref

0.07069
9158

0.00343
647

0.01333
01
ref

0.20655
0881
0.02691
5372

ref

0.05093
242

0.00309
4366

0.00179
5426

0.00514
3532

0.00212
0759

0.00634
6689
0.00422
9582
0.00246
6062

0.01026
5612

0.00320
0607

0.00504
892

0.00626
5996

0.00653
8275

0.00810
3839

0.02274
0299

3.25E-
05

0.00067
3345

0.00013
7683

0.00017
3189
0.00028
3254
0.00015
3692

0.00039
3577

0.00065
9259

0.00057
6721

0.00045
1295

0.00043
4662

0.00021
3899



region_score_PQI08 2

region_score_PQI08_ 3

region_score_PQI11 0

region_score PQI11 1

region_score_PQI11 2

region_score_PQI11 3

region_score_PQI12 0

region_score_PQI12_1

region_score_PQI12 2

region_score_PQI12_3

region_score_PQI14 0

region_score_PQI14 1

region_score_PQIl14 2

region_score_PQI14 3

region_score_PQI16 0

Middle 80%
PQI Rates

Top 10% PQI
Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

Middle 80%
PQI Rates

Top 10% PQI
Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

Middle 80%
PQI Rates

Top 10% PQI
Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Bottom 10%
PQI rates

Middle 80%
PQI Rates

Top 10% PQI
Rates

PQI rates
have not been
considered,
SSA codes
60-66,97-99

Community-
acquired
pneumonia

Urinary tract
infection

Uncontrolled
diabetes

Lower-extremity

amputation

0.00876
4113

0.09353
6004
ref

0.30559
999

0.01627
4026
0.01449
3091

ref

0.02287
2382
0.03190
8552

0.02274
0502
ref

0.12872
5209

0.05006
9956
0.06397
4169

ref

0.00408
0388

0.00452
4846

0.00552
5039

0.00425
1228

0.00567
7508

0.00691
7583

0.00410
7699

0.00479
1816

0.00487
9085

0.00342
3633

0.00371
5334

0.00057
6305

0.00049
242

0.00042
7099

0.00057
4678

0.00050
66

0.00022
9665

0.00055
4354

0.00048
8559

0.00040
0619

0.00074
9312

0.00067
3353



region_score_PQI16 1 Bottom 10% C - 4 0.00708 0.00027
PQI rates 0.08740 2933 0697

6298
region_score_PQI16 2 Middle 80% C  0.02970 4 0.00508 @ 0.00046
PQI Rates 8641 1249 9548
region_score_PQI16 3 = Top 10% PQI C - 4 0.00570 0.00034
Rates 0.05843 869 7666
562
resp_symptoms_prev_1 Respiratory | - 5 0.00814 0.05024
_month symptoms 0.77931 0147 8494
(1mth) 2848
Risk-Standardized Risk- Risk-standardized P - 5 0.00375 = 0.00567
Potentially Preventable  standardized 0.19795 8385 6478
Readmission\nRate potentially 8669
preventable
hospital
readmissions
RuralLabel Rural This variable takes | 0.06681 5 0 0.00048
the value of 1 is 7874 1247
Percentage Rural is
99% or higher.
smoking Smoker | 0.45650 5 0.00702  0.00670
8865 558 1705
snf_cost_1mth Cost snf I 4.33522 3 0.00411 = 0.00211
(1mth) 8816 5473 3296
snf_cost_6mth SNF cost | 0.18066 1 0.00367 0.00307
(6mth) 8558 5605 1154
snf_escore Elixhauser | 1.08585 5 0.00389 0.01661
score snf 5657 3672 1554
snf_now SNF now | 0.15113 5 0.00348 0.00044
1533 7285 8807
still_in_nh Still in NH Nursing home by I 0.02737 4 0.00531 = 0.00038
the index date 4431 3541 5965
sum.ccs Sum of CCS The number of | 1.23132 5 0.00391 0.01899
Comorbid comorbidities a 3523 2187 0361

conditions patient has ever
had for each
month.
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Figure B.1 Histogram of the random forest prediction score distributions for all patient rows.
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Figure B.2 Histogram of the XG boost prediction score distributions for all patient rows.
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Filtering Conditions

0.010 -

0.008 -

0.006

0.004 1

Hospitalization Rate

0.002 1

0.000 -

Nursing Respiratory Positive Pneumonia
Home  Symptoms Elixhauser History

(0) (1) (2) (3)

Figure B.3 Hospitalization rates among patient groups that were included in the prediction set because
they had at least one of each condition, e.g., Nursing Home (0) indicates that patients in this group could
have been included due to a recent nursing home visit, among other conditions.
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APPENDIX C

APPENDIX TO CHAPTER 3

C.1 Derivations for Optimization Model

We begin with the cost function described in the main body of the paper.
TC(q, x1) = Cp Do+min{ Py, 1(q)} CioH(Pr12— W) Cjy +H(1—p €2) G min{q, Dy 4o }+(1—p ey ) Cy(Dr12—2Z1)

Assuming Py, — r(q) = 0, and utilizing the linearity of the expectation function yields the

following.
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E[T C(q, x1)] = E[Cy, Dyl + E[Ci>r(q)] + +E[C;1 (P2 —min{ Py, (q)})] + E[(1 — pe,) C, min{q, Dy ,}]

+E[(1—pe;)Cy(Dy4, —min{q, D,,})] (C.1
= ChE[Dy]+ Cior(q)+ Ci1(Pr42—1(q)) + (1= pe,) C, E[min{q, Dy ;,}]
+(1—pe,)CLE[D) 1, —min{q, Dy ,}] (C.2)

=Cy f X fo(x)d x + Cior(q)+ Cin(Pry2—1(q))

—o0
+(1—pey))CLE[glg < Dy12]p(q < Dyy2) +(1—pey) CLE[Dy 42| D42 < qlp(Dii2 < q)
+(1—pe))CLE[D) 12 —q|D112—q > 0]p(Dy42—q > 0) (C.3)

o0
=Cp f X fo(x)dx + Cipr(q)+ Ci1 (P42 —1(q))

—0Q

+(1—P92)Ch4f fl+2(x)dx+(1—l7€2)chf X fira(x)d x
x>q

x<q
+(1—P61)Chj xf1+z(X)dx—(1—P81)Chqj fiva(x)d x (C.49)
x>q xX>q

=Gy f x fo(x)d x + Cior(q)+ Cin(Pry2—1(q))

—00

+(1—Pez)chq[l—Fl+2(CI)]+(1—Pez)ChJ X fiyo(x)d x

x<q
+(1—P€1)Chj X fiva(x)dx —(1—pe)Crq[l— Fi12(q)] (C.5)
x>q
IChf X fo(x)dx + Cior(q)+ Cin(Piyo—1(q)) + Crq[1— Fo(q)l(per — pey)
+(1—P92)ChJ Xf1+2(x)dx+(l—pel)Chf X fipo(x)d x (C.6)
xX<q x>q

Here, the progression from (8) to (9) relies on the definition of condition expectation. That is, for

arandom variable X we have the following definitions.

In the discrete case:

PX=x,Y=x)
P(Y=y

E[X|Y =y]=> P(X=x|Y =y)=>
X X
In the continuous case:

oo oo ' ( ) )
MM:y]:J_oofX'Y(x'y)dx:f_oo%‘”
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Generalizations for Other Classifiers

In the best case of a perfect classifier.

If you further assume that you have a perfect classifier, for unbalanced and balanced datasets, where
all of those who will experience a potentially preventable event have a higher risk score than those
who will not experience one, then the function r(g) becomes linear with a slope of 1. In this best

case, the model becomes the classical newsvendor formulation with critical fractile:

_ Chpea—pe)—(Ciz—Cjy) Cy 1

F(q) - -
I Cilpes—pe) Cy+Co 143

where

Cy=Chlper—pe)—(Cin—Cj1)
Co=Cip—Cpy

Here the optimal intervention quantity for a given x; value is driven solely by the ratio between

the overage and underage costs associated with the given problem.

In the worst case of a random classifier.

In the worst case scenario where you do not have any information to calculate the risk scores, you
can always randomly assign risk scores uniformly between 0 and 1. In this case, the function r(q)
again becomes linear, but now r’(q) is equal to the inverse of the event rate in the population.
Therefore, the expected cost function remains convex and the critical fractile found (CR), found in
the main body still holds.

When r’(g) = k for any constant k, the optimal g* can be found by applying the inverse empirical
cumulative distribution function, or known cumulative distribution function. For any case in be-
tween the perfect and random classifier you can approximate r(q) using a convex, quadratic function

whose slope is determined by the changing event rate per risk score bucket in the population.
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Sampling Distributions for Number of Hospitalizations (N=100)

x1 =10.10 x1 =0.20 x1 =0.30

0 310022002300 2000 2200 1900 2000
x1=040 x1=050  x1=0.60

201

101

Frequency

%700 1800 1500 1600 1200 1300
x1=070 x1=0.80  x1=0.90

201

101

900 1000 500 600 175 200 225

Hospitalizations

Figure C.1 Sampling distribution of the sampled training data truncated with risk scores on or above x;,
showing the number of hospitalizations in the set. This distribution is used to approximate F(q). The
dashed line represents the actual number of hospitalizations in the testing set with risk scores on or above
Xp.
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APPENDIX D

APPENDIX TO CHAPTER 4

Infection Fatality Rates from the Literature

Table D.1 Resulting population-weighted IFR values, by age, for the United States from each study.

Study US Age Population-Weighted IFR
| Verityetal. (2020)IFR | 0.94% |
|  Fergusonetal. (2020) IFR | 1.08% |
| Metaregression IFR | 1.15% |
| CDC Pandemic Planning IFR | 0.72% |
| Hubei, China | 3.46% |
| Austria | 1.23% |
| Baden-Wurttemberg, Germany | 1.34% |
| Bavaria, Germany | 1.40% |
| Lombardy, Italy | 2.22% |
| Spain | 2.03% |
| Switzerland | 1.02% |

Estimated Lab Multipliers from Deterministic Application of Infection Fatality Rates
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Figure D.1 Infection Fatality Ratios presented from empirical data from China and six regions in Europe,
stratified by age, for the early months (January-May2020) of the COVID-19 pandemic, and the comparison
to other studies and a developed meta regression IFR set by age group.

Lab Multiplier by Age: IFR Estimate
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Figure D.2 North Carolina estimated lab multipliers by age group using the IFR values and 95% confidence

intervals from [104]
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North Carolina Deterministic IFR Lab Multiplier by Age and
Geographic Location
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Figure D.3 North Carolina lab multiplier estimates by age and geographic location from IFR analysis.

Derivation of Time Varying Reproductive Number
RM(1)=p(0)[m; j(Ca—Cu)—1]
Proof. Consider the vector, (S(t), E(¢), I;(t), I,(t), H(t), R(¢t), D(t))
Then observe that the disease-free equilibrium point exists and when % =N and (¢t =0)=f

is given by
(+0,0,0,0,0,0)

Let X =(E(t),14(t),I,(t)) Consider the form.

% =Z(x)—7(x)
Where
ﬂ(ld +Iu)
F(x)= 0
0
_E
TEI
V(&)= kilg+kpIg+ kslg—m——FE
koI, + ksl
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e = (1—p1pr—PipD)
L=

TIR
PipH
kz i

TDH
Pibp
IC3 =

TIDD
1_
Ky = (1—prun)
TIR
s = (Prum)
TIUH

Then take the gradient.

0 0
VZV(V)x: —n’lL k1+k2+k3 0

TEI

—(1—m)=m 0 kg + ks

TEI

Now the inverse.

TEI 0 0
V—l — m 1
T | kitkotks  kytkotks

Then take the gradient of F.

=

F=V(F),=

o o o
o o
o o

— 1 _ 1
Leth—maAndCu—m
Then compute F V!

mCaB+1—m0C,p LA C,p
Fv'= 0 0 0
0 0 0
Then the spectral radius p(F V1) is given by:

p(EV ) =mCyf +(1—m)C,p =plm(Cq—C,)—1]
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NC Weekly Lab Multiplier vs Weekly Percent Positive Tests
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Figure D.4 Comparing trends between the weekly branching SEIR estimates for time varying lab multi-
plier and percent positive tests. The percent positive tests is estimated by the 7-day average of daily lab-
confirmed cases by the New York Times over the 7-day average of daily total tests administered collected
by John’s Hopkins University and availability in the JHU CCI data repository. The legend indicates each tra-
jectory’s correlation between weekly lab multipliers and percent positivity, computed using the Spearman
correlation test, and the associated p-value in parenthesis.

Clustering and Relevant Trends in Data

We collect highly informative data such as lab-confirmed cases, COVID-19 related deaths, positivity
rate, and mobility data illustrated in Figures D.6 and D.5. We compute the daily percent change in
each of these measure values to create feature vectors that capture the change in disease progression
throughout 2020. We use these vectors to develop a clustering algorithm to infer where these vectors
change significantly over time. We are not concerned with the values of each cluster, or whether
the effective reproductive number fit for each cluster is equal, rather we are just interested in if we
can identify changes in disease spread over time for which the SEIR model will need to adjust and
account for.
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Cases vs Average Mobility; Retail

Cases vs Average Mobility; Grocery and Pharm
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Figure D.5 North Carolina lab-confirmed cases versus average daily mobility (Google mobility reports)

NC: 7-day average daily cases (NY Times)

Daily Deaths (NY Times)

Percent Positive Tests (JHU CCI)
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Figure D.6 Results from clustering on North Carolina data.
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