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E↵ective and equitable healthcare delivery is crucial for advancing health outcomes, reduc-

ing resource waste, alleviating healthcare disparities, and improving overall individual well-

being and community welfare. With increasing costs, limited resources, growing demand

for patient-centered services, and advancements in remote technology, resource allocation

has gained significant attention as a key strategy to optimize care delivery. The objective

of this dissertation is to improve the e↵ectiveness and equity of healthcare services through

developing decision-analytic, machine learning, and optimization models using patient-level

data, with a focus on both remote and in-person healthcare settings.

In remote care settings, we explored how technologies could enhance healthcare resource

utilization for chronic disease management. Remote monitoring has emerged as a promising

option with high personalization and adaptability. However, the cost-e↵ectiveness of these

technologies remained uncertain. We used chronic depression as a case study and evaluated

the cost-e↵ectiveness of remote monitoring strategies compared to rule-based follow-up and

fixed-frequency follow-up strategies. We developed a decision-analytic Markov-cohort model

to simulate disease progression for patients with di↵erent risks, incorporating optimal treat-

ment switching. Results showed that remote monitoring technology can be cost-e↵ective and

identified requirements for it to work more e↵ectively. It provided a novel assessment frame-



work that can guide the development of emerging technologies and highlighted the bright

future of improving care delivery through remote monitoring.

In in-person care settings, we aimed to optimize trauma care delivery, given its critical role

in emergency healthcare. We began by investigating the variability in care delivery within

statewide trauma systems. Hospitals are designated as trauma centers (TCs) with level

I-V, or non-trauma centers (non-TCs), based on their medical and research resources. To

explore trauma care delivery patterns and their association with trauma designation levels,

we performed three sets of unsupervised clustering analyses on statewide TCs and non-TCs

based on hospital features with a focus on surgical care. We found that the resulting clusters

only partially aligned with the TC designations, implying not all hospitals with the same

TC level provide equivalent care. The results highlight the performance variability and help

us better understand trauma system functioning, guiding the subsequent study to optimize

the trauma system at the hospital level.

To optimize statewide trauma systems, we developed a systematic framework for improv-

ing care quality while addressing population equity. This objective is achieved by establishing

and assigning hospital profiles representing performance targets which can be used to guide

resource allocation and operational adjustment decisions. While many studies have focused

on optimizing emergency transport services, care quality and equity have often been over-

looked. Using state data, we established a set of comprehensive trauma care quality metrics

for distinct population groups formed by sociodemographic factors and Injury Severity Score

(ISS). We then created a quality index to represent trauma care quality accounting for hospi-

tal variations using a Principal Component Analysis (PCA) analysis of the quality metrics.

Next, we created hospital profiles using a quality index of each population group, which

were estimated from data and imputed using a linear mixed-e↵ects model. We formulated

a mixed-integer linear program (MILP) to maximize the quality index of targeted popula-

tion groups under various equity objectives. The model identified optimal hospital profile



assignments as proxies for performance targets for the hospitals. These results help iden-

tify necessary resources for performance enhancement, guiding hospitals in making targeted

improvements to better serve diverse patient populations.

Overall, this dissertation advances healthcare e↵ectiveness and equity by evaluating re-

mote care technologies, uncovering variability in trauma systems, and establishing optimal

performance targets for hospital trauma care delivery. Our findings o↵er actionable guide-

lines to enhance chronic disease management in remote settings and improve the quality and

equity of statewide acute trauma care systems.





TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Organization of Dissertation . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

Chapter 2: Cost-E↵ectiveness Analysis of Remote Monitoring Technology for Chronic
Depression Using a Decision-Analytic Method . . . . . . . . . . . . . . 6

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

Chapter 3: Clustering Analysis of Trauma and Non-Trauma Centers Using Hospital
Features Including Surgical Care . . . . . . . . . . . . . . . . . . . . . 25

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

Chapter 4: Optimization of Statewide Trauma Systems Driven by Care Delivery
Quality and Population Equity . . . . . . . . . . . . . . . . . . . . . . 46

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

i



4.2 Literature Review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

Chapter 5: Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

Appendix A: Appendix of Chapter 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

A.1 Supplement on Model Input Parameters . . . . . . . . . . . . . . . . . . . . 111

A.2 Supplement Results from One-Way Sensitivity Analysis . . . . . . . . . . . . 114

A.3 Other Supplemental Tables and Figures . . . . . . . . . . . . . . . . . . . . . 114

Appendix B: Appendix of Chapter 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

B.1 Supplemental Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

B.2 Supplemental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

Appendix C: Appendix of Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

ii



LIST OF FIGURES

Figure Number Page

2.1 The average PHQ-9 score trajectories for each group . . . . . . . . . . . . . 10

2.2 Decision-analytic model of depression monitoring and treatment simulation . 13

2.3 Base case cost-e↵ectiveness frontiers for the three risk groups . . . . . . . . . 17

2.4 ICER for the technology vs rule-based strategy under $12 per month in three
groups . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.1 Clustering results displayed on a map of WA: Set 1 surgical care procedure
subgroup labels and other features clustering Note: The background of the map

illustrates the division of zip codes (which was also used as the division of social indices

calculation) within the state of Washington (WA). Each symbol on the map represents a

hospital, where the geographic location is indicated by the symbol’s placement. The color

of the symbol represents the cluster to which the hospital belongs, and the shape denotes

the designated trauma level. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.2 Clustering results displayed on a 2-dimensional space: (a) Set 1 surgical spe-
cialty procedure subgroup labels and other features clustering, (b) Set 2 sur-
gical care PCG distribution and other features clustering, (c) Set 3-1 surgical
care volume clustering, (d) Set 3-2 surgical care distribution clustering Note:

Each symbol represents a hospital, with the distance indicating the relative distances based

on all the clustering features. Hospitals with high-dimensional data for all features are

visualized using the t-SNE method, which assigns each data point a location in a two-

dimensional space, mapping similar data points closely together. Other features include

sex, age, admission type, transfer status, insurance payer type, ISS, injury mechanism, and

social indices. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.1 Systematic framework for method . . . . . . . . . . . . . . . . . . . . . . . . 50

4.2 Percentage of explained variances of the top 10 principal components . . . . 64

4.3 Histogram of individual quality index . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Histogram of calculated profile quality index from data . . . . . . . . . . . . 66

4.5 Histogram of all profile quality index with imputation . . . . . . . . . . . . . 70

4.6 Optimal hospital assignment for model Set 1 weighted by population size . . 72

iii



4.7 Optimal hospital assignment for model Set 2-1 maximize the minimal . . . . 74

4.8 Optimal hospital assignment for model Set 2-2 maximize the worst 10 . . . . 77

4.9 Population group quality index histogram under optimal profile assignment . 80

A.1 Tornado plot for one-way sensitivity analysis in the high-risk group . . . . . 115

A.2 Tornado plot for one-way sensitivity analysis in the medium-risk group . . . 115

A.3 Tornado plot for one-way sensitivity analysis in the low-risk group . . . . . . 115

A.4 All feasible Markov state transitions . . . . . . . . . . . . . . . . . . . . . . . 116

A.5 Overview of the Markov-cohort model to simulate depression progression . . 116

A.6 ICER for $0 adaptive remote monitoring technology versus rule-based follow-
up strategy in the high-risk group . . . . . . . . . . . . . . . . . . . . . . . . 123

A.7 ICER for $12 adaptive remote monitoring technology versus rule-based follow-
up strategy in the high-risk group . . . . . . . . . . . . . . . . . . . . . . . . 123

A.8 ICER for $24 adaptive remote monitoring technology versus rule-based follow-
up strategy in the high-risk group . . . . . . . . . . . . . . . . . . . . . . . . 124

A.9 ICER for $0 adaptive remote monitoring technology versus rule-based follow-
up strategy in the medium-risk group . . . . . . . . . . . . . . . . . . . . . . 124

A.10 ICER for $12 adaptive remote monitoring technology versus rule-based follow-
up strategy in the medium-risk group . . . . . . . . . . . . . . . . . . . . . . 125

A.11 ICER for $24 adaptive remote monitoring technology versus rule-based follow-
up strategy in the medium-risk group . . . . . . . . . . . . . . . . . . . . . . 125

A.12 ICER for $0 adaptive remote monitoring technology versus rule-based follow-
up strategy in the low-risk group . . . . . . . . . . . . . . . . . . . . . . . . 126

A.13 ICER for $12 adaptive remote monitoring technology versus rule-based follow-
up strategy in the low-risk group . . . . . . . . . . . . . . . . . . . . . . . . 126

A.14 ICER for $24 adaptive remote monitoring technology versus rule-based follow-
up strategy in the low-risk group . . . . . . . . . . . . . . . . . . . . . . . . 127

B.1 (a) SDI of hospital zip code with average patient SVI in TCs/non-TCs in WA
state, (b) SDI of hospital zip code with average patient SVI in TCs/non-TCs
in King County, Snohomish County, and Pierce County . . . . . . . . . . . . 132

B.2 SDI of hospital zip code with average patient SVI in level I, II, III TCs in WA
state . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

B.3 Subgroup clustering results for general surgery . . . . . . . . . . . . . . . . . 145

B.4 Subgroup clustering results for orthopedics . . . . . . . . . . . . . . . . . . . 146

B.5 Subgroup clustering results for neurosurgery . . . . . . . . . . . . . . . . . . 146

iv



B.6 Subgroup clustering results for urology . . . . . . . . . . . . . . . . . . . . . 147

B.7 Subgroup clustering results for subspecialty . . . . . . . . . . . . . . . . . . 147

B.8 PCA result of set 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

B.9 Cluster number evaluation of set 1 . . . . . . . . . . . . . . . . . . . . . . . . . 148

B.10 Clustering results displayed on a map of WA: (a) Set 2 surgical care PCG distri-
bution and other features clustering, (b) Set 3-1 surgical care volume clustering,
(c) Set 3-2 surgical care distribution clustering Note: The background of the map il-

lustrates the division of zip codes within the state of Washington (WA). Each symbol on

the map represents a hospital, where the geographic location is indicated by the symbol’s

placement. The color of the symbol represents the cluster to which the hospital belongs,

and the shape denotes the designated trauma level. . . . . . . . . . . . . . . . . . . 149

B.11 PCA result of set 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

B.12 Cluster number evaluation of set 2 . . . . . . . . . . . . . . . . . . . . . . . . . 153

B.13 PCA result of set 3-1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

B.14 Cluster number evaluation of set 3-1 . . . . . . . . . . . . . . . . . . . . . . . . 158

B.15 PCA result of set 3-2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

C.1 Histogram of predicted quality index . . . . . . . . . . . . . . . . . . . . . . 184

C.2 Histogram of predicted profile quality index for imputation . . . . . . . . . . 184

v



LIST OF TABLES

Table Number Page

2.1 Model input parameter values . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.1 Associated features in the three sets of clustering analyses . . . . . . . . . . 32

3.2 Key features contributed to the TCs/non-TCs clusters from Set 1 surgical
care procedure subgroup labels and other features clustering . . . . . . . . . 34

3.3 Original features contributed to the TCs/non-TCs clusters from Set 2 surgical
care PCG distribution and other features clustering . . . . . . . . . . . . . . 37

4.1 Sociodemographic factors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.2 Notation of the optimization model . . . . . . . . . . . . . . . . . . . . . . . 59

4.3 Summary for the random e↵ects of the LMM . . . . . . . . . . . . . . . . . . 66

4.4 Summary for the fixed e↵ects of the LMM . . . . . . . . . . . . . . . . . . . 67

4.5 Imputation summary for each hospital . . . . . . . . . . . . . . . . . . . . . 68

4.6 Summary for the individual quality index . . . . . . . . . . . . . . . . . . . . 70

4.7 Population groups with the lowest 10 quality index before profile assignment 77

4.8 Population groups with the lowest 10 quality index after profile assignment . 78

A.1 Monthly drug cost estimation in the Year 2019 . . . . . . . . . . . . . . . . . 113

A.2 Three depression levels for the Markov model . . . . . . . . . . . . . . . . . 114

A.3 Transition matrix for the high-risk group . . . . . . . . . . . . . . . . . . . . 117

A.4 Transition matrix for the medium-risk group . . . . . . . . . . . . . . . . . . 117

A.5 Transition matrix for the low-risk group . . . . . . . . . . . . . . . . . . . . 118

A.6 Initial distribution for the high-risk group . . . . . . . . . . . . . . . . . . . 118

A.7 Initial distribution for the medium-risk group . . . . . . . . . . . . . . . . . 118

A.8 Initial distribution for the low-risk group . . . . . . . . . . . . . . . . . . . . 119

A.9 Base case results for the high-risk group . . . . . . . . . . . . . . . . . . . . 119

A.10 Base case results for the medium-risk group . . . . . . . . . . . . . . . . . . 119

A.11 Base case results for the low-risk group . . . . . . . . . . . . . . . . . . . . . 120

A.12 Parameter settings in sensitivity analysis of technology factors . . . . . . . . 120

vi



A.13 Scenarios for two-way and multi-way sensitivity analysis . . . . . . . . . . . 120

B.1 Common procedure categories for PCGs . . . . . . . . . . . . . . . . . . . . 129

B.2 AIS conversion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

B.3 PCG body region AIS severity score assignment . . . . . . . . . . . . . . . . 131

B.4 Transfer-out status list . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

B.5 Trauma diagnosis codes that cannot be converted . . . . . . . . . . . . . . . 137

B.6 Clustering features of set 1 and set 2 . . . . . . . . . . . . . . . . . . . . . . 137

B.7 Summary of surgical care and other features by trauma center level for all
state hospitals (TCs and non-TCs) . . . . . . . . . . . . . . . . . . . . . . . 139

B.8 Subgroup clustering for set 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

B.9 Original features contributed to the TCs/non-TCs clusters from Set 1 surgical
care procedure subgroup labels and other features clustering . . . . . . . . . 149

B.10 Original features contributed to the TCs/non-TCs clusters from Set 2 surgical
care PCG distribution and other features clustering . . . . . . . . . . . . . . 154

B.11 Original features contributed to the TCs/non-TCs clusters from set 3-1 sur-
gical care volume clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

B.12 Original features contributed to the TCs/non-TCs clusters from set 3-2 sur-
gical care volume clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

C.1 Trauma care quality metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

C.2 Trauma care quality metric relevant patients . . . . . . . . . . . . . . . . . . 171

C.3 Individual-level summary on remaining trauma care quality metrics . . . . . 179

vii





1

Chapter 1

INTRODUCTION

1.1 Overview

The delivery of e↵ective and equitable healthcare is essential for promoting individual well-

being and community welfare [1]. E↵ective healthcare is defined as providing care that

achieves the desired health outcomes for patients and optimizes the use of available re-

sources [2, 3]. Equitable healthcare ensures that all individuals receive fair access to quality

care regardless of their socioeconomic status, geographic location, or other personal charac-

teristics [4, 5]. With rising healthcare costs, growing demand for patient-centered services,

and technological advancements, healthcare resource allocation has gained significant atten-

tion as a key strategy to optimize care delivery [6]. E↵ective and equitable resource alloca-

tion can lead to improved health outcomes, reduced resource waste, and the alleviation of

healthcare disparities [7]. However, allocating healthcare resources can pose challenges as re-

sources are often limited, and demand for healthcare services typically exceeds the available

supply [8].

Given these challenges, this research focuses on both remote and in-person care settings

to address the unique demands and opportunities presented by each. Remote care settings,

driven by advances in telehealth and monitoring technologies, have the potential to revolu-

tionize chronic disease management and improve patient outcomes by providing personalized

and accessible care [9, 10]. However, the cost-e↵ectiveness and practical implementation of

these technologies remain uncertain, necessitating evaluation to ensure they deliver value in

resource-limited environments.

In-person care settings, particularly within trauma care systems, present a di↵erent set of

challenges. Trauma care is a critical component of emergency healthcare, where timely and
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e↵ective treatment can significantly impact patient outcomes. However, variability in care

delivery across trauma centers leads to disparities in the quality of care provided, making

it essential to understand these di↵erences and optimize care delivery to ensure equitable

access to high-quality care.

One of the key challenges in this context is the handling of detailed patient-level medical

data. While this data is essential for personalizing care and making informed decisions, it

brings significant di�culties in terms of integration, analysis, and interpretation. Patient-

level data often includes complex and heterogeneous information, which presents challenges

in standardizing data formats and ensuring interoperability across di↵erent systems, such

as electronic health records (EHRs), registry dataset, imaging databases, and laboratory

information systems [11]. Furthermore, the dynamic nature of patient conditions and treat-

ment variability complicates the analysis, requiring methodologies that can account for these

fluctuations and interactions. Existing methodologies often struggle to incorporate the full

spectrum of patient variability, treatment e↵ects, and confounding factors, highlighting the

need for more robust analytical approaches that can better handle these complexities [12].

Previous studies often rely on single methodologies to address these challenges, which may

fall short due to the complexity and multifaceted nature of real-world healthcare settings [13].

For instance, some research might focus exclusively on statistical analyses, which, while

providing valuable insights, may not fully capture the dynamic and interactive aspects of

healthcare systems. Others may rely solely on optimization models, which can o↵er solutions

to specific resource allocation problems but may not account for the nuanced variations in

patient needs and treatment outcomes. Machine learning techniques, while powerful in

uncovering patterns from complex datasets, often require integration with other methods to

address the full spectrum of healthcare challenges [14]. This reliance on a single approach

can limit the ability to address the diverse aspects of healthcare delivery comprehensively.

To overcome these limitations, our research integrates multiple methodologies — combin-

ing decision-analytic models, statistical analyses, machine learning, and optimization tech-

niques — to provide a comprehensive analysis. Decision-analytic models o↵er a structured
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way to evaluate di↵erent healthcare strategies and their outcomes [15]. Statistical analyses

help in understanding the variability and relationships within healthcare data [16]. Machine

learning techniques can uncover patterns and predict outcomes from complex datasets, en-

hancing our understanding of patient needs and system performance [14]. Optimization

models assist in identifying the optimal guidance of resource allocation to achieve desired

outcomes [17]. This integrated approach helps us address the di↵erent parts of healthcare

delivery and resource allocation more e↵ectively and equitably. By combining the strengths

of each method, we can get a better overall understanding of the challenges and find more

balanced solutions.

The motivation behind this research is to develop and recommend strategies for guiding

healthcare resources more e↵ectively and equitably. This study addresses critical aspects in

advancing healthcare delivery, such as evaluating the cost-e↵ectiveness of emerging technolo-

gies in remote care settings, understanding the variability in in-person trauma care delivery,

and optimizing these systems to reduce disparities in access to high-quality care. By in-

tegrating various methods and tackling the complexities of patient-level medical data, this

research aims to improve the e↵ectiveness and equity of healthcare delivery. The findings will

o↵er actionable insights and frameworks to enhance chronic disease management, optimize

trauma care systems, and ultimately contribute to a healthcare system that better meets the

diverse needs of patients and communities.

1.2 Research Objective

The research objective of this dissertation is to develop and recommend strategies to deliver

healthcare e↵ectively and equitably. To achieve this goal, we focus on three aims.

(1) Evaluate the cost-e↵ectiveness of remote monitoring technologies for chronic depression

compared to rule-based and fixed-frequency follow-up strategies using a methodology

framework primarily based on decision-analytic methods.

(2) Identify variations in the delivery of in-person care within statewide trauma systems
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and assess its alignment with designated trauma levels through unsupervised clustering

analysis.

(3) Enhance trauma care quality and address equity among population groups through

a system framework that includes an optimization model to set hospital-level perfor-

mance targets and guide resource allocation accordingly.

Through these aims, we contribute to provide evidence-based recommendations that guide

healthcare providers and policymakers in making informed decisions about resource alloca-

tion. This will ultimately improve healthcare delivery in both remote and in-person settings

and promote individual and community well-being.

1.3 Organization of Dissertation

The dissertation proposal is organized into three main sections, each corresponding to the

above aims. Chapter 2 focuses on the cost-e↵ectiveness evaluation of remote monitoring

technologies for chronic depression. Chapter 3 examines the variability in in-person care

delivery within statewide trauma systems. Chapter 4 enhances trauma care quality and ad-

dresses disparities in access to high-quality trauma care among sociodemographic and injury

severity groups by establishing hospital performance targets to guide resource allocation.

Finally, Chapter 5 summarizes the contribution of this dissertation.

In Chapter 2, we focus on remote care settings. The chapter investigates how emerg-

ing technologies can enhance healthcare delivery for chronic disease management. Using

chronic depression as a case study, the research evaluates the cost-e↵ectiveness of remote

monitoring technologies compared to traditional follow-up strategies. A decision-analytic

Markov-cohort model is employed to simulate disease progression with treatment switches

and assess the impacts of di↵erent monitoring strategies. The findings suggest that remote

monitoring technologies can be both cost-e↵ective and potentially cost-saving, especially in

high-risk scenarios. The chapter introduces a novel assessment framework that guides the de-

velopment of these technologies and underscores their potential to transform chronic disease
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management.

In Chapter 3, we shift focus to in-person care. The chapter explores the variability in

trauma care delivery within statewide systems. Trauma centers (TCs) and non-trauma cen-

ters (non-TCs) are analyzed using unsupervised clustering methods to identify patterns and

discrepancies in care. The research reveals that while some alignment exists between trauma

center designations and hospital performance clusters, significant variability remains. This

suggests that current designation systems do not fully capture the nuances of care provided.

By classifying surgical procedures, integrating procedure complexity, and combining various

care features, the study o↵ers a new framework for understanding trauma system functions,

suggesting a targeted approach to optimizing trauma systems at the hospital level.

In Chapter 4, we develop a systematic framework to optimize statewide trauma systems

with a focus on both care quality and equity. The framework includes an optimization model

designed to set performance targets at the hospital level and guide resource allocation. This

model considers population groups defined by sociodemographic factors and Injury Severity

Scores (ISS). It employs a comprehensive set of trauma care quality metrics to establish a

quality index, which accounts for hospital variations and measures care performance. The

mixed-integer linear programming (MILP) model evaluates various equity-focused objectives,

balancing overall performance improvements with enhancements for the most disadvantaged

groups. The results o↵er actionable insights for optimizing resource use and improving

trauma care delivery, providing a practical solution for enhancing hospital performance and

addressing disparities.

In Chapter 5, we summarize the contribution of this dissertation. Overall, the dissertation

advances healthcare e↵ectiveness and equity by evaluating remote care technologies, uncov-

ering variability in trauma systems, and establishing performance targets for hospital care.

The integration of decision-analytic, machine learning, statistical, and optimization mod-

els provides valuable guidelines for enhancing chronic disease management and improving

trauma care quality and equity. The research o↵ers a comprehensive approach to addressing

challenges in healthcare delivery, contributing to a more e↵ective and equitable system.
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Chapter 2

COST-EFFECTIVENESS ANALYSIS OF REMOTE
MONITORING TECHNOLOGY FOR CHRONIC DEPRESSION

USING A DECISION-ANALYTIC METHOD

2.1 Introduction

Recent advances in sensors, smartphones, and wireless networks have enabled a new gen-

eration of remote healthcare monitoring technologies that promise to improve patient out-

comes [9]. Remote monitoring technology can potentially benefit ongoing mental health

treatment with high personalization and adaptability [10]. Examples include monitoring

for depression [18] and Alzheimer’s disease [19]. Technology has the potential to provide a

feasible lower-cost alternative to routine follow-up visits, with fewer constraints on patient

scheduling and increased access to on-demand care triggered by sensor devices and provided

remotely through telehealth platforms [20]. However, with a wide range of commercial design

specifications and intended usage scenarios, the cost-e↵ectiveness of this technology remains

uncertain.

In this chapter, we used chronic depression as a case study and explored under what

conditions a hypothetical remote monitoring technology can be cost-e↵ective for managing

ongoing psychiatric treatment. Depression is a complex and dynamic mental disorder char-

acterized by emotional and physical symptoms that may result in disability, reduced quality

of life and productivity, and increased risk of death. In the year 2019, 7.8% of all American

adults had at least one major depressive episode, and 4.7% had regular feelings of depres-

sion [21,22]. Depression is often unrecognized and untreated, and even once treatment begins

it is often di�cult to monitor its e↵ectiveness [23]. Treatment guidelines from several medical

institutions suggest a follow-up frequency of at least every 12 months for patients on mainte-
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nance therapy to prevent the recurrence of major depression, and modifying treatment after

a minimum of 4-6 weeks for patients with insu�cient response to treatment [24–27]. How

to optimally schedule follow-up care for patients with partial response or to prevent relapse

remains a significant challenge.

Remote depression monitoring technology can enable personalized interventions by adap-

tively scheduling follow-up visits, leading to timely treatment modification. For example, a

mobile app, text messaging, or website can prompt patients to complete a periodic (often

bi-weekly) depression assessment, and a remote licensed therapist can review new symp-

toms, give feedback, and schedule an in-person follow-up if necessary [28]. The patient’s

health data are continuously collected to develop a personalized depression trajectory, and

deviations can automatically generate an alert [29]. Moreover, digital healthcare platforms

can empower patients to monitor their health conditions and enable clinicians to address

treatment failures much sooner than fixed-frequency medical follow-up [28]. Research has

also suggested that implementing measurement-based care [30], however data are collected,

can improve treatment e↵ectiveness for major depression [31].

Cost-e↵ectiveness analysis (CEA) is an economic evaluation tool to systematically inves-

tigate the costs and outcomes of comparable healthcare interventions [32, 33]. It provides a

way for decision makers to use empirical data to best allocate scarce resources by estimating

an incremental cost-e↵ectiveness ratio (ICER) and comparing this ratio to a willingness-to-

pay threshold [32, 34]. Combined with decision-analytic models and simulation methods,

CEA has been used to evaluate screening and treatment routines for depression [35–37]. It

also has been used to assess monitoring strategies for depression [38], diabetes [39], HIV [40],

asthma [41], and hypertension [42].

We designed a decision-analytic model to evaluate the cost-e↵ectiveness of remote mon-

itoring technology for optimal depression treatment follow-up. We hypothesized that the

technology could schedule a patient’s next outpatient visit adaptively by detecting changes

in the patient’s depression severity. We compared the remote monitoring strategy to four

traditional non-remote follow-up strategies. We hope our proposed technology assessment
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method can be extended to evaluate other remote monitoring technologies in advancing

cost-e↵ective chronic diseases and psychiatric services [43].

2.2 Methods

2.2.1 Overview

We established the baseline depression progression of a patient cohort using a data-informed

simulation, then simulated chronic depression patients’ disease progression for two years with

treatment assignment under five monitoring strategies. We developed a decision-analytic

Markov-cohort model and calculated the costs and QALYs accordingly. We used R and

Python for the analyses.

2.2.2 Patient cohort simulation

The data-informed simulation of depression progression was based on an Electronic Health

Record (EHR) dataset [44]. The dataset is drawn from the EHR of four U.S. health systems

participating in the Mental Health Research Network (MHRN) (HealthPartners, and the

Colorado, Washington, and Southern California regions of Kaiser Permanente). Cohorts are

defined by age (base case, 45 years), and sex (base case, 69% female). One of the most

common depression severity measurements is the Patient Health Questionnaire-9 (PHQ-

9) [45], a self-administrated questionnaire to diagnose depression. PHQ-9 scores range from

0 to 27 with a higher score denoting higher severity. Research has demonstrated that, in

addition to making criteria-based diagnoses of depressive disorders, the PHQ-9 is a reliable

and valid indicator of depression severity. Its conciseness, combined with these qualities,

makes the PHQ-9 a valuable tool in both clinical and research environments [46]. Although

it is not perfect, the PHQ-9 is frequently used as the measurement of depression severity in

clinical practice guidelines for the management of major depressive disorder [26]. The EHR

dataset includes longitudinal PHQ-9 scores between the years 2007 and 2012, it also includes

age range, sex, observation time interval, and treatment status.
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We selected patients receiving ongoing treatment, which was defined as having had psy-

chotherapy visits in the previous 90 days or filled prescriptions for antidepressants in the

previous 180 days. We filtered patients having no fewer than six recorded PHQ-9 scores in

an approximately one-year time window. We assigned 12 monthly periods for each patient

by dividing their total days into 12 segments and calculated the mean PHQ-9 score for each

month. The final dataset contained 444 patients (307 female and 137 male). About 38% of

the PHQ-9 scores were missing. We imputed missing data using the Exponential Weighted

Moving Average (EWMA) [47] method to obtain all 12 monthly PHQ-9 scores for each pa-

tient. We clustered the 444 patients based on their PHQ-9 scores using the k-means clustering

method [48]. We converted each patient’s 12 PHQ-9 scores into a 12-dimensional vector and

clustered based on their Euclidean distances [49]. Clustering results showed three groups:

a high-risk group with 128 patients, a medium-risk group with 192 patients, and a low-risk

group with 124 patients. We used the Silhouette method to identify the optimal number of

clusters, evaluating each object’s similarity to its own versus other clusters; while the highest

silhouette scores were obtained with two clusters, we chose three clusters to provide deeper

insights, as the silhouette scores between two and three were close, and grouping into three

risk categories – high-risk, medium-risk, and low-risk – is both functional and intuitive. We

used the trajectory in the clusters to simulate the baseline depression progressions for the

patients with di↵erent severity of depression. We further classified depression severity into

three levels based on the PHQ-9 score: healthy (H) with scores from 0 to 4; mild depression

(M) with scores from 5 to 9; and moderate and severe depression (S) with scores from 10 to

27 (see Table A.2). The mean trajectory of each risk group is shown in Figure 2.1. Although

the trajectory of the high-risk group shows a decreasing trend in PHQ-9 scores, the scores

still fall into the S level, thus the patients in this remain at high risk of experiencing severe

depression.
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Figure 2.1: The average PHQ-9 score trajectories for each group

2.2.3 Disease progression simulation

We designed a decision-analytic Markov-cohort model with a monthly cycle to simulate

chronic depression patients’ disease progression for two years. We defined a two-period

combined Markov state with the patients’ depression level in the last and current month

which captures a short-term trajectory that can be used to determine treatment response

under an established treatment-switching strategy as shown in Figure A.4. The states include

HH, HM, HS, MH, MM, MS, SH, SM, and SS.

PHQ-9 scores greater than or equal to 10 have been found to be 88% sensitive and 88%

specific for detecting major depression [45]. Response to treatment is defined as a PHQ-9

score improvement of greater than 50% from baseline, and remission is defined as a PHQ-

9 score of less than 5 maintained for at least one month [26]. Based on these definitions:

HM, MM, HS, MS, and SS are interpreted as non-response or relapse because these states

represent staying in groups with scores of 5 or above (M or S) or moving to a worse level

from t-1 period to t period. HH, MH, SH, and SM show treatment responses because they

involve remaining at or moving to a healthier level. Response states are further classified

in two ways: 1) HH, MH, and SH stand for remission in which a patient has a PHQ-9
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score less than 5 for at least one month; SM stands for a response without remission with

some improvement in PHQ-9 score; 2) SH and SM stand for unstable improvement since the

patient is in S at the previous month; HH and MH stand for stable remission, in which a

patient maintains a PHQ-9 score less than 10 for at least two months. We also assume that

patients can die in any period regardless of their depression level.

Feasible state transitions are shown in Figure A.4. The Markov state-transition diagram

is shown in Figure A.5. We estimated the baseline transition matrix based on numerical

frequencies, counting all the transitions in the imputed EHR dataset and calculated the

transition probability from state a to state b [50]. We estimated three separate transition

matrices for the three risk groups (see Tables A.3 to A.5).

2.2.4 Treatment assignment simulation

A traditional follow-up involves an outpatient clinical visit with the chance to change treat-

ment. Remote monitoring indicates assessing depression severity remotely, triggering a visit

for assessment and possible treatment change only when needed. We simulated nine treat-

ment lines in total [51]. A treatment line can consist of antidepressants alone or in a com-

bination with psychotherapy. Patients who failed to respond to the current treatment or

relapsed can change to the next treatment line at each scheduled follow-up; these include

patients who are in the HM, MM, HS, MS, or SS state. We modeled the treatment e↵ect to

be a one-period boost in health [52], represented by an increased probability of transitioning

to a healthier state. Specifically, at the time of a treatment change, patients receive an

additional probability [51] of transitioning to an H state in the current period (remission)

compared to the baseline trasition; and an additional probability [51] of transitioning to an

improved state in the current period. For example, at a follow-up point, a patient in the SS

state may move to SH or move to SM. If the remission rate of that treatment line is prrm,

the response (excluding remission rate) is prrsp, and the original proportion of state SS is pss,

then after the treatment boost, a proportion of prrm × pss of the cohort will transition to

state SH, and a proportion of prrsp × pss will transition to state SM. Afterward, the patient
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reverts to the baseline transition matrix until the next treatment change. To leave su�cient

time for treatment response, per consensus guidelines for treatment of depression, there are

no consecutive treatment changes in two months in our simulation [51, 53]. We assumed

if a patient fails all nine treatment lines, then he/she receives no more health boost from

treatment and returns to their baseline progression.

2.2.5 Decision-analytic model

We compared five strategies: 1) Adaptive remote monitoring technology with a false neg-

ative rate of missing the next needed follow-up and a false positive rate of an unnecessary

follow-up. A perfect adaptive monitoring technology with 100% sensitivity and 100% speci-

ficity can immediately follow up patients in the nonresponse or relapse states who need a

treatment change; 2) Rule-based follow-up strategy, which assigns a follow-up in two months

for patients in states HM, MM, HS, MS, or SS; in four months for patients in state SH or

SM; in six months for patients in state HH or MH. 3-5) Fixed-frequency follow-up strategy

regardless of patients’ health states. We evaluated the fixed two-month, four-month, and

six-month follow-ups. After exhausting all nine treatment lines, patients in the rule-based

and fixed-frequency strategies are assigned a six-month follow-up frequency [24–27]. Remote

monitoring patients who exhaust all nine treatment lines are assumed to continue monthly

monitoring with no scheduled follow-up. We focused the investigation on how cost-e↵ective

the remote monitoring technology is compared to the rule-based follow-up strategy, which is

the closest to the current practice according to the depression guidelines [24–27].

The initial states of the Markov model are matched with the group-specific initial health

state distribution using the combination of severity levels in the first and second months

in the clustered EHR data as shown in Tables A.6 to A.8. We simulated death at the

beginning of each month. If it is not a follow-up month, patients progress according to their

group-specific transition matrix. If it is a follow-up month, some patients may drop out

of the follow-up. During a follow-up appointment, patients may change treatment. After

changing to a new treatment, patients may discontinue the treatment due to adverse events.
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Figure 2.2: Decision-analytic model of depression monitoring and treatment simulation

We assumed it takes some time for the adverse event to happen, thus patients can only

discontinue treatment after one month of being on the treatment. The decision-analytic

model is shown in Figure 2.2.

2.2.6 Data and sources

Table 2.1 shows model input parameter values. We applied an annual discount rate of 0.03.

See Appendix A.1 for detailed explanations.

Table 2.1: Model input parameter values

Variable Base Case (Range) Reference

General input
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Annual discount rate 0.03 [54]

Cohort characteristics

Age 45 (30-64) EHR [44]

Sex

Female 0.69 EHR [44]

Male 0.31 EHR [44]

Annual background death probability

Age 45 0.00225 [55] ⇤

The mortality hazard ratio

Severe depression (S) 1.59 (1.113-2.067) [56]

Moderate depression (M) 1.52 (1.064-1.976) [56]

Minimal depression (H) 1.45 (1.015-1.885) [56]

Annual probability of follow-up discontinuation ⇤⇤ 0.211 (0.069-0.309) [51, 57]

Remote monitoring technology

Sensitivity 0.76 (0.64-0.95) [44]

Specificity 0.74 (0.43-0.82) [44]

Treatment e↵ectiveness

Annual probability of treatment discontinuation due

to adverse event

0.249 (0.151-0.391) [51, 57]

Remission probability, per month

Treatment 1-3 0.397 (0.321-0.478) [51, 58]

Treatment 4-6 (relative risk vs. treatment 1) 0.93 (0.86-1.00) [51, 58]

Treatment 7-9 (relative risk vs. treatment 1) 0.77 (0.70-0.85) [51, 58]

After treatment 9 0 [51,58]

Response probability, per month

Treatment 1-3 0.631 (0.553-0.703) [51, 58]

Treatment 4-6 (relative risk vs. treatment 1) 0.77 (0.73-0.81) [51, 58]

Treatment 7-9 (relative risk vs. treatment 1) 0.48 (0.44-0.53) [51, 58]

After treatment 9 0 [51,58]
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Costs, 2023$

Remote monitoring, per month ⇤⇤⇤ 12 (0-24) [59, 60]

Follow-up appointment, per time 131 (89-176) [61]

Background treatment, per month †

Treatment 1-3 1532 (1435-1628) [62]

Treatment 4-6 1679 (1526-1831) [62]

Treatment 7-9 1794 (1557-2030) [62]

After treatment 9 ‡ 1669 (1505-1829) [62]

Drug, per month 57 (18-147) [63, 64]

Health utility

level S § 0.49 (0.46 to 0.53) [65]

level M 0.62 (0.58 to 0.65) [65]

level H 0.7 (0.67 to 0.73) [65]

⇤ Sex di↵erence is considered in the mortality rate and the base case value is weighted by age

proportion.

⇤⇤ We computed the annual follow-up discontinuation probability to be the total discontinuation

⇤⇤⇤ The cost of remote monitoring is designed as a subscription or on-demand call fee, with the

follow-up costs listed separately and not included in this remote monitoring cost.

probability subtracted by the drug adverse event discontinuation.

† Background treatment cost includes the drug cost.

‡ The cost after treatment 9 is computed as the average of treatment line 1-9.

§ The utility of level S is the average utility based on the PHQ-9 score range (53).

2.2.7 Analysis

Outcomes include total discounted costs, quality-adjusted life-years (QALYs) gained, and

incremental cost-e↵ectiveness ratios (ICERs) of the five strategies. We used the 2023 GDP

per capita in the USA, $81,630, as the willingness-to-pay (WTP) threshold [66]. In the base
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case, we investigated which strategy is cost-e↵ective and found the frontiers among all five

strategies in each group. We further carried out sensitivity analysis on technology factors

while keeping all other parameters at base case value to investigate under what ranges of

sensitivity, specificity, and cost the remote monitoring technology is cost-e↵ective compared

to the rule-based strategy. We then kept the sensitivity, specificity, and cost of the remote

monitoring technology at base case value and performed a deterministic sensitivity analysis

for all the non-technology-related parameters in one-way, two-way, and scenario analyses.

2.3 Results

2.3.1 Base case

The costs, QALYs, and ICERs of the five strategies for each risk group are shown in

Tables A.9 to A.11. The adaptive monitoring strategy has an ICER of $57,901/QALY,

$74,830/QALY, and $71,545/QALY compared to the next best alternative for the high-risk,

medium-risk, and low-risk groups, respectively. For the high-risk group, only the fixed fre-

quency 2-month follow-up strategy has an ICER exceeding $81,630/QALY. For the medium-

risk group, the fixed frequency 6-month, 4-month follow-up, and adaptive technology are not

dominated by other strategies (i.e., a strategy with lower QALYs and higher cost compared

to another strategy, or a linear combination of other strategies are dominated). For the low-

risk group, fixed frequency 2-month is the only dominated strategy by remote monitoring

technology. ICER frontiers are shown in Figure 2.3.

2.3.2 Sensitivity analysis of technology factors

We quantified the impact of sensitivity, specificity, and monitoring cost on the cost-e↵ectiveness

of adaptive technology compared to the rule-based strategy, which resulted in 11*11*3*3=1089

scenarios as shown in Table A.12. The technology could be: 1) dominated by the rule-based

follow-up strategy, which means the QALYs of the technology are less than the QALYs of the

rule-based strategy; 2) cost-saving, which means the technology has higher or equal QALYs
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Figure 2.3: Base case cost-e↵ectiveness frontiers for the three risk groups
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and a lower cost compared to the rule-based strategy; 3) with an ICER value. We are in-

terested in the regions where the technology could be cost-saving or cost-e↵ective with an

ICER below $81,630/QALY.

We used heat maps to show these results (Figure 2.4) for a fixed technology cost of $12

per month. Results for all settings are shown in Figures A.6 to A.14. The heat map is used

to visualize data in two dimensions by color intensity [67]. The x-axis shows specificity from

0 to 1, and the y-axis shows sensitivity from 0 to 1. We used the white color to represent the

ICER values near the willingness-to-pay threshold of $81,630/QALY. The red color means

the ICER is above the threshold, which is not cost-e↵ective; the blue color means the ICER

is below the threshold, which stands for cost-e↵ective. Results showed that within the same

risk group, once the sensitivity reaches above a certain threshold, the adaptive technology

is no longer dominated by the rule-based strategy. In the nondominated region, remote

monitoring technology is more cost-e↵ective at higher specificity and lower monitoring costs.

Achieving high specificity is more important when the remote monitoring cost is high, and

the technology could be cost-saving when the cost is free (or extremely low, see Figures A.6,

A.9 and A.12). The increase in cost sharply increases the requirement of sensitivity and

specificity for the technology to be cost-e↵ective. Comparing the results of the three groups,

the technology required a higher sensitivity for sicker patients to outperform the rule-based

strategy and is more cost-e↵ective if it reaches the desired sensitivity in the higher-risk group.

2.3.3 Sensitivity analysis on all parameters

We further performed a deterministic sensitivity analysis for all parameters not related to

the technology itself in one-way, two-way, and multi-way analyses (detailed combinations

provided in Table A.13). We simulated 291 scenarios in total and 97 scenarios (including

the base cases) for each group. For one-way sensitivity analysis (see details in Appendix

2), group di↵erence appears in the follow-up cost: the technology is more cost-e↵ective at a

higher follow-up cost in the high-risk group while it is more cost-e↵ective at a lower follow-

up cost in the low-risk group. The rule-based strategy assigns very frequent follow-ups for
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Figure 2.4: ICER for the technology vs rule-based strategy under $12 per month in three

groups
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high-risk patients, but very few follow-ups for low-risk patients. This result implies that

when patients are sicker and need more frequent follow-ups, the rule-based strategy is very

aggressive in scheduling, resulting in some unneeded follow-up visits (false positives), and

thus remote monitoring becomes more attractive when the cost of follow-up is high. Whereas

for the healthier group of patients who do not need frequent follow-up, the remote technology

may assign more unnecessary follow-ups while the rule-based strategy is already performing

well. Therefore, remote monitoring becomes more attractive under lower follow-up costs

compared to rule-based strategy.

The adaptive technology is never dominated or cost-saving for full scenarios sensitivity

analysis under all simulated scenarios. It is cost-e↵ective in 74% (72 out of 97) of the scenarios

for the high-risk group, 67% (65 out of 97) of the scenarios for the medium-risk group,

and 74% (72 out of 97) of the scenarios for the low-risk group. Under various parameter

combinations, the significant parameters found in the one-way sensitivity analysis remain the

key factors. Thus, we conclude that adaptive remote monitoring technology is generally cost-

e↵ective compared to the rule-based strategy and is more robust for high-risk and medium-

risk groups. In addition, technology-related factors (cost, sensitivity, and specificity) are the

main drivers of cost-e↵ectiveness compared to other treatment and health-service-related

parameters.

2.4 Discussion

We assessed the cost-e↵ectiveness of a hypothetical adaptive remote monitoring technology

with variable accuracy and cost compared with a rule-based follow-up strategy that is similar

to current practice as well as three fixed-frequency follow-up strategies. We simulated a

cohort of chronic depression patients undergoing treatment for two years using a decision-

analytic Markov-cohort model with nine available treatment lines.

We found the remote monitoring technology is robustly cost-e↵ective with appropriate

technology factors: First, for the technology to be not dominated by another strategy, its

sensitivity needs to reach a certain threshold, which increases with the patient’s baseline risk
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of severe depression. In addition to reaching a sensitivity threshold, the next priority is to

improve specificity. Second, the most cost-e↵ective technology does not align with perfect

sensitivity, rather it is at a combination of high sensitivity and perfect specificity where the

technology could be cost-saving or very cost-e↵ective. This implies that false positives are

very important factors to consider when designing a remote monitoring technology to avoid

costly over-intervention. The cost of the technology can be higher only if both sensitiv-

ity and specificity are su�ciently high. Third, given high accuracy, the technology can be

cost-e↵ective under a variety of disease and treatment conditions. The technology is more

cost-e↵ective for sicker patients, lower cost for further treatment lines, higher treatment e↵ec-

tiveness, and poorer quality of life for severe depression. Fourth, patients may benefit more

from the technology when the cost of follow-up is high. The technology could potentially

fix problems with the financing system that make outpatient follow-up visits too expensive.

Please note that our conclusions regarding the cost-e↵ectiveness of remote monitoring tech-

nology are based on our chosen willingness-to-pay (WTP) threshold of $81,630, in line with

the GDP-based threshold. Di↵erent threshold choices may lead to varying conclusions.

Our findings on remote monitoring technologies being generally cost-e↵ective align with

previous research on the economic evaluations of remote monitoring strategies for chronic dis-

eases. For example, one study highlighted the cost-e↵ectiveness of telemonitoring for Chronic

Obstructive Pulmonary Disease (COPD), showcasing its potential to reduce mortality and

healthcare costs [68]. Another study focused on Home Blood Pressure Telemonitoring and

Case Management for hypertension care, demonstrating its e↵ectiveness in improving care

without increasing overall medical costs [69]. Similarly, a study comparing the costs of home

blood pressure telemonitoring with conventional o�ce monitoring found telemonitoring to be

more costly but still provided valuable insights into its cost-e↵ectiveness [70]. Additionally, a

comparison of telemonitoring versus usual care for uncontrolled blood pressure management

revealed that while telemonitoring was more e↵ective, it also incurred higher costs [71]. Fur-

thermore, findings from another study emphasized the cost-e↵ectiveness of remote monitoring

for major adverse cardiovascular events in high-risk post-myocardial infarction patients [72].
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Overall, these studies collectively support the idea that remote monitoring holds promise

as a cost-e↵ective strategy for managing chronic diseases, despite some uncertainties, which

aligns with our findings.

Note that patients with more severe depression are likely to have more frequent visits.

Therefore, our filtering method which includes only patients with at least 6 PHQ-9 scores in

12 months, may introduce a selection bias in the simulated cohort. Based on our results for

the three risk groups, we observed that remote monitoring technology is more cost-e↵ective

in the high-risk group. Thus, we infer that the bias from our filtering method is likely

to overestimate the cost-e↵ectiveness of the monitoring technology if applied uniformly to

all groups. Nonetheless, we believe it is reasonable to focus on patients with more severe

depression when discussing the development of technology, as these patients are more critical

in chronic disease management.

We considered sensitivity, specificity, and cost as important technology factors in evaluat-

ing remote monitoring technologies. However, variations in other technical aspects, such as

user interface design, convenience, and patient preference can lead to di↵erences in patient

adoption rate even with the same sensitivity and specificity. For example, quality of the

user experience can influence the probability of patients discontinuing remote monitoring.

While this may not be a direct technological factor, it is a vital design consideration during

technology development. We conducted a sensitivity analysis on factors related to discon-

tinuation since an increase in discontinuation rate can be a proxy for poor user experience.

Additionally, a more complex mode of administration may result in higher technology costs.

We also performed a sensitivity analysis on the cost of the technology which can account for

this variability.

The main limitation of this study is our reliance on simulated data. We made many

assumptions in our simulated framework, such as how the disease would progress and how

treatment would improve health [73]. These assumptions need further validation from clini-

cal trials and observational studies. These assumptions need further validation from clinical

trials and observational studies; However, these studies cannot always fully evaluate future
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possible scenarios and outcomes; they also take a long time and are expensive. Simulations

serve to supplement trials and propose potential trial designs. We also assumed the PHQ-9

questionnaire results represent the true health state of the patients, while the sensitivity and

specificity of the PHQ-9 questionnaire can be imperfect [74]. We could have incorporated

the sensitivity and specificity of the PHQ-9 instrument as two additional parameters in our

model. However, since we already modeled the sensitivity and specificity of remote monitor-

ing, adding those of the PHQ-9 would introduce one more layer which may be unnecessarily

complex. Therefore, we consolidated them into a single layer of parameters for remote mon-

itoring accuracy. The accuracy of the questionnaire should be taken into consideration in

future studies or other gold-standard measurements should be used to represent the true

health state.

Our proposed model may be adapted to evaluate the cost-e↵ectiveness of various novel re-

mote monitoring technologies for other psychiatric services. Contributions from our modeling

method include: defining a multi-period Markov state to describe health levels that contain

enough information to establish a short disease trajectory; deciding on whether the patient

needs treatment modification based on the interpretation of the Markov states and estab-

lishing a treatment assignment strategy accordingly; using a one-step boost in health levels

to simulate treatment e↵ect emphasizing remission and response rates; conducting exten-

sive sensitivity analyses on technology factors to guide technology development requirement.

Also, our study used a Markov-cohort model that di↵erentiated patients only into three risk

groups. For future research, we could incorporate additional patient characteristics to repre-

sent a more diverse population, including various demographic factors. Furthermore, we can

explore the integration of personalized prediction models for depression trajectory within

the framework to enhance treatment change detection. Additionally, extending the simula-

tion period could enable us to evaluate the long-term cost-e↵ectiveness and sustainability of

remote monitoring technologies beyond the two-year timeframe used in the current study.
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2.5 Conclusions

This study aims to propose a systematic technology assessment method to guide the develop-

ment of emerging monitoring technologies used in chronic disease care management through

integrated computational tools and decision-analytic modeling. We identified several re-

quirements for remote monitoring technology to be a cost-e↵ective way to deliver chronic

depression care services.
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Chapter 3

CLUSTERING ANALYSIS OF TRAUMA AND NON-TRAUMA
CENTERS USING HOSPITAL FEATURES INCLUDING

SURGICAL CARE

3.1 Introduction

Injuries are a major health concern, causing 16,000 deaths per day and over 5 million deaths

per year worldwide [75, 76]. In the United States, injury is the primary cause of death for

individuals  44 years [75,76]. Trauma systems are an organized, multidisciplinary response

to injuries of di↵erent severities across a geographic region, and have reduced mortality and

improved injury outcomes [77, 78]. Trauma systems aim to deliver timely appropriate care

to all injured people within a geographic area. This is achieved by setting standards for

the type of injury care di↵erent hospitals in the system should provide [79]. In trauma

systems, hospitals are designated as trauma centers (TCs) and non-trauma centers (non-

TCs). TCs within the United States are verified by the American College of Surgeons (ACS)

and/or state departments of health as level I-V based on resources, trauma volume, and

educational and research commitment [80]. Level I and level II TCs can provide trauma

expertise, subspecialized care, and, frequently, more advanced technology than TCs with

lower levels [81]. The key di↵erence between level I and level II TCs is that level I TCs

are high-volume teaching hospitals that engage in research and community outreach and

serve as leaders within the trauma system [82], while Level II centers provide the same level

of care for most injured patients, including the most severely injured, but may not have all

highly specialized services and do not necessarily engage in the same research and community

outreach [82]. Level III, IV, and V TCs can provide definitive care for more minor injuries,

and stabilize severely injured patients and transfer them to higher level TCs if needed [83].
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Trauma system development has occurred mainly at the state level, and most states have

legislation that designates TCs within the state hospital networks [83]. In Washington State,

there is one level I TC, seven level II TCs, 73 lower-level TCs (III-V), and 19 non-TCs [82].

While the designation of TC levels sets rigorous requirements to which the TCs must

adhere to ensure injured patients are treated at the most appropriate level of care, detailed

trauma care delivery patterns are unexplored at di↵erent levels TCs in practice [84]. For

example, how the distribution of injuries and associated procedures should vary by TC levels

is not specified in current guidelines. In an ideal system, patients would be treated at the

lowest TC level that could care for their injury pattern and severity well, however, studies

have shown that many patients are transferred for reasons other than medical necessity [85].

This can strain limited resources at higher-level trauma centers, potentially decreasing their

ability to care for the most severely injured patients [85,86]. Demographic characteristics of

the patients, sta�ng issues, and economic factors are cited as reasons apart from medical

needs associated with the transfer of injured patients to a higher-level TC [85]. Additional

socioeconomic factors, such as payer type, social vulnerability, and area-level deprivation,

may account for di↵erences in trauma care within a trauma system [87]. Current trauma

guidelines do not outline specific care that each level TC should provide or which injuries are

best treated at a given level TC, and few studies have characterized the actual trauma care

delivered among TC levels across a system [80,88]. Thus, gaining a better understanding of

the real-life variability in trauma care provided by di↵erent level TCs and non-TCs is vital

to developing strategies to optimize trauma care in a state or region. Optimally aligning

TCs functions with designation level and location could decrease the risk of morbidity and

mortality, under-triage, over-triage, and medical resource waste [82].

To explore the role that di↵erent level TCs play in a mature trauma system, we evalu-

ated whether hospital features including surgical care delivered for injuries can distinguish

hospitals by TC levels. We explored whether a cluster analysis of the TCs/non-TCs using

these features would align with TC designation levels. Misalignment between clusters and

TC levels would demonstrate variations in the type of care provided among TCs of the same
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designation level within a trauma system, implying that because of the multiple roles that

hospitals play in the health care system, TC designation level may not be the only factor

to consider when developing trauma system policies. Without a better understanding of

this real-world variability in the delivery of trauma care by di↵erent centers, trauma system

leaders cannot appropriately plan and allocate resources.

3.2 Methods

3.2.1 Data source

We assembled TC/non-TC features from the hospital discharge dataset in the Comprehensive

Hospital Abstract Reporting System (CHARS). CHARS collects information for all inpatient

admission for all WA state hospitals [89]. We used the dataset in the year 2016 for this study.

We matched hospital names and TC level designations according to the WA State Depart-

ment of Health Trauma Services’ definition to all acute care hospitals [90]. We excluded all

rehabilitation units, psychiatric units, and swing-bed units. All acute care hospitals that

have not undergone state trauma level verification were considered non-TCs.

3.2.2 Surgical care features

We classified the ICD-10-PCS procedure codes into four categories - minor diagnostic, minor

therapeutic, major diagnostic, and major therapeutic, based on the Healthcare Cost and

Utilization Product (HCUP) - US [91]. In this study, we only focused on the major ther-

apeutic procedures (MPs), which are procedures typically performed in an operating room

and performed for therapeutic reasons (e.g., open fractures fixation) [91] by the Diagnosis

Related Group (DRG) [92].

Procedure subgroup

Using the HCUP procedure categories [93] and expert review, we grouped the MPs into

six subgroups: General Surgery, Orthopedics, Neurosurgery, Urology, Subspecialty (plastic
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surgery, obstetrics and gynecology, ophthalmology, etc.), and Other procedures. For similar

procedures, we did not distinguish separate laterality (i.e., left or right side) and specific

digit information. Because ICD-10 codes do not easily capture procedure complexity, we

created procedure complexity groups (PCGs) based on injury and procedure.

Procedure complexity group (PCG)

We assumed a positive correlation between injury severity and procedure complexity; there-

fore, we linked each procedure to injury severity in the related body region. To start,

we generated a list of critical and frequent surgical procedures performed for injuries (see

Appendix B.1.1) and categorized ICD-10 procedure codes into each group. We used Ab-

breviated Injury Scale (AIS) to measure the injury severity of the body region. The AIS

is an anatomical-based coding system created by the Association for the Advancement of

Automotive Medicine to classify and describe the severity of injuries [94]. AIS scores were

generated by the R package used to calculate Injury Severity Score (ISS) [95]. Unconverted

diagnosis codes were matched using the American Automotive Association file, when possi-

ble [96]. Each procedure during a patient’s admission was assigned a PCG in the following

format: common procedure category, related body region, and AIS score of the related body

region (e.g., Open fixation, Extremities lower, 1).

3.2.3 Other features

Other features include the proportion of patients who were male, median age, whether pa-

tients were admitted for trauma, transfer status, insurance payer type, ISS, injury mecha-

nism, and social indices.

Admission type

We classified each admission as trauma or non-trauma using the ICD-10-CM diagnosis

codes [97]. Patients with at least one admission diagnosis classified as an injury in the Na-
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tional Trauma Data Standard (NTDS) were considered trauma patients [98]. Non-trauma

admissions had no admission diagnoses included in the NTDS.

Transfer type

Admissions were considered transfer-in if the patient was admitted from another acute care

facility. Admissions were transfer-out if the patient was discharged to a di↵erent acute care

facility. See Table B.4 for details of which facilities were included in acute care.

Insurance payer type

We categorized the primary payer as private, low-income, or other payers. Private payers

include health maintenance organization, commercial insurance, labor and industries, or

health care service contractor. Low-income payers include Medicaid, self-pay, or charity

care. The remaining types are other payers, which included Medicare.

Injury severity score (ISS)

ISS is used to assess trauma severity and correlates with mortality, morbidity, and hospi-

talization time after trauma [99]. We first calculated ISS using the diagnosis codes for all

trauma admissions and an ISS calculation R package [95]. Some diagnosis codes could not be

converted to ISS components with the R package (Table B.5), potentially underestimating

the ISS, thus for some patients this value represents a minimum ISS.

Injury mechanism

We classified the injury mechanism as blunt, penetrating, burn, or other for all trauma

admissions by the principal E-Codes [100].



30

Social indices

To include information about the socioeconomic status of both patients and the areas sur-

rounding the hospital we calculated two separate indices. We used the Social Vulnerability

Index (SVI) [101] for patients’ home residences, based on zip codes, and Social Deprivation

Index (SDI) [102] for hospitals’ locations. Appendix B.1.2 contains the calculation details

and index mapping.

3.2.4 Analysis

To explore whether care patterns aligned with TC level, we carried out statistical analyses

on surgical care for injuries and other features for the hospitals by TC level (Table B.7).

We tested whether there is a statistically significant variation for each feature across the

TC levels using the chi-square and the Kruskal-Wallis as appropriate by distribution. A

p-value  0.05 was considered significant. For features that included non-median counts,

we performed an outlier detection test, and considered values > 1.5 times the interquartile

range (IQR) to be significant outliers.

We conducted 3 separate clustering analyses on TCs/non-TCs that performed MPs for

trauma care. These three clustering analyses used di↵erent characteristics of the hospitals to

provide complementary viewpoints on factors associated with di↵erent clustering. Hospital

features not related to clinical care (i.e. percent of admissions that were for trauma) were

consistent across the analyses. Table 3.1 describes the selected features in the three sets of

clustering analyses. For each feature used, the percentage of missing values was at most 10%

of admissions. All missing values were excluded from the analyses.

Given the number and breadth of procedures performed at each facility and across spe-

cialties, in the first analysis we sought to simplify how surgical care was included. In Set

1, we created a surgical care sub-cluster label for each surgical specialty using volumes of

all unique MP performed within that specialty. The clustering by specialty identified broad

patterns in specialty surgical care and reduced dimensionality. In Set 2 we considered the
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relative frequency of each PCG separately for TCs/non-TCs that had higher annual volumes

for MPs performed for trauma care. We explored whether specific individual procedures

contributed to the TCs/non-TCs separation when analyzed with the other hospital features.

Detailed features for Set 1 and Set 2 are listed in Table B.6. Finally, to determine whether

only the di↵erences in the type of surgical care performed for injuries can distinguish trauma

center level, we conducted a third analysis using only the PCGs without other hospital fea-

tures; resulting in two sub-analyses - surgical care volume clustering (Set 3-1) and surgical

care distribution clustering based on MP frequency (Set 3-2). Originally, we had 438 PCGs,

which we grouped by body region severity score (major injury: AIS � 2.5; minor injury: AIS

< 2.5). We conducted the clustering analysis on these 130 modified PCGs. Instead of explor-

ing how the overall volume of procedures within a specialty distinguishes the TCs/non-TCs

as in Set 1, Set 3-1 examined how individual procedure volume impacts the TC/non-TC

clusters. Set 3-2 explored whether procedure frequencies influence TC/non-TC separation

without other features.

For each clustering analysis, we standardized the included features and conducted Princi-

pal Component Analysis (PCA). We selected the top components reaching 90% of the total

variation from the PCA [103] and conducted an unsupervised clustering analysis using the

Partition Around Medoids (PAM) [104] method. See details in Appendix B.1.3. We summa-

rized the contributing features for each analysis and determined if the clusters aligned with

TC level designation.

3.3 Results

In 2016, there were 34,645 trauma admissions and 601,328 non-trauma admissions across

all hospitals in WA. Table B.7 shows a summary of surgical care and other hospital fea-

tures/characteristics for all WA TCs/non-TCs by TC level.
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Table 3.1: Associated features in the three sets of clustering analyses

Set 1 Set 2 Set 3-1 Set 3-2

Name Surgical care

procedure sub-

group labels

and other

features clus-

tering

Surgical care

PCG distri-

bution and

other features

clustering

Surgical care

volume clus-

tering

Surgical care

distribution

clustering

# TC/non-TC included 69 53 53 53

# MP carried out for trauma

admissions in 2016 in the

TC/non-TC included

� 1 � 50 � 50 � 50

Features

Surgical

# MP X X

% Subgroup MP X X

# Each PCG X

Clustering of # each PCG in X

Major General Surgery

Clustering of # each PCG in X

Major Orthopedics

Clustering of # each PCG in X

Major Neurosurgery

Clustering of # each PCG in X

Major Urology

Clustering of # each PCG in X

Major Subspecialty
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% Each PCG X X

Other X X

Abbreviations: MP (major therapeutic procedures); PCG (Procedure Complexity Group).

3.3.1 Set 1. Surgical care procedure subgroup labels and other features clustering

Of the 69 TC and non-TC that performed at least one MP for a trauma admission in 2016,

there were 1 (100%) level I, 7 (100%) level II, 24 (100%) level III, 26 (74%) level IV, 2 (14%)

level V TCs and 9 (47%) non-TCs. For the procedure subgroup clustering, we chose the

optimal cluster number to be between 3 and 10 clusters (Table B.8). Subgroup clustering

results are shown in Figures B.3 to B.7. In each specialty, the level I TC was in its own

cluster, and higher-level TCs tend to have a higher volume of procedures. Procedure vol-

ume compared to other features primarily distinguished the TCs/non-TCs in each subgroup

clustering.

In the combined Set 1 analysis, we kept features that accounted for 90% of the total

variance captured by the top 10 principal components (Figure B.8). Comparing the PAM

clustering results with the number of clusters ranging from 1 to 10, we chose 10 clusters

to obtain a near-optimal clustering performance with the most separation (Figure B.9).

Figure 3.1 and Figure 3.2(a) show the visualized clustering results. Table B.9 gives the

summary of all the original features that contributed to the clusters. It also highlights the

key features that contributed at least 10% of the variation in the top 3 principal components,

which themselves explained 60% [105] of the total variance. Table 3.2 presents the summary

of these key features. The level I TC was alone in cluster 1, cluster 2 contained only level

II TCs, cluster 10 contained only level III TCs, and the other clusters contained a mix of

di↵erent TC levels. The three pediatric hospitals were in cluster 5. PCG cluster labels from

procedure subgroups are the major contributors compared to other features. This implies
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Figure 3.1: Clustering results displayed on a map of WA: Set 1 surgical care procedure

subgroup labels and other features clustering

Note: The background of the map illustrates the division of zip codes (which was also used as the division

of social indices calculation) within the state of Washington (WA). Each symbol on the map represents a

hospital, where the geographic location is indicated by the symbol’s placement. The color of the symbol

represents the cluster to which the hospital belongs, and the shape denotes the designated trauma level.

that beyond the total volume of surgical care, the volume for each specialty also varies and

distinguishes TCs/non-TCs even among hospitals of the same level. For example, Level III

TCs in cluster 10 and cluster 8 provided a similar amount of trauma MP of all specialties,

while the ones in cluster 10 provided more orthopedic care and less neurosurgery care (see

Table B.9).

Table 3.2: Key features contributed to the TCs/non-TCs clusters from Set 1 surgical care

procedure subgroup labels and other features clustering
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Cluster 1 2 3 4 5 6 7 8 9 10

TC/non-TC levels in

the cluster

I II II,

III,

II,

III

II,

Non

III,

IV,

III,

IV,

III,

Non

III,

IV

III

Non Non V,

Non

# TC/non-TC in the

cluster

1 3 5 3 3 12 26 4 10 2

Cluster mean

% TC/non-TC in General

Surgery label 2a

0 100% 80% 100% 0 0 0 75% 0 0

% TC/non-TC in General

Surgery label 3a

0 0 20% 0 100% 100% 100% 25% 100% 100%

% TC/non-TC in Orthope-

dics label 2a,b

0 100% 100% 100% 0 100% 0 0 0 100%

% TC/non-TC in Orthope-

dics label 3a,b

0 0 0 0 100% 0 100% 100% 100% 0

% TC/non-TC in Neuro-

surgery label 2a

0 100% 100% 0 0 17% 0 75% 0 0

% TC/non-TC in Neuro-

surgery label 3a

0 0 0 100% 100% 83% 100% 25% 100% 100%

% TC/non-TC in Urology

label 3c

0 0 80% 0 0 0 0 75% 0 100%

% TC/non-TC in Urology

label 4a

0 0 0 100% 100% 100% 92% 25% 100% 0

a: Features that contribute no less than 10% of the variation within the 1st principal component.

b: Features that contribute no less than 10% of the variation within the 2nd principal component.

c: Features that contribute no less than 10% of the variation within the 3rd principal component.

†: 100% percent of the TCs/non-TCs in cluster 1 are with general surgery label 1.

Abbreviations: TC (Trauma Center); MP (major therapeutic procedures).



36

Figure 3.2: Clustering results displayed on a 2-dimensional space: (a) Set 1 surgical spe-

cialty procedure subgroup labels and other features clustering, (b) Set 2 surgical care PCG

distribution and other features clustering, (c) Set 3-1 surgical care volume clustering, (d) Set

3-2 surgical care distribution clustering

Note: Each symbol represents a hospital, with the distance indicating the relative distances based on all

the clustering features. Hospitals with high-dimensional data for all features are visualized using the t-SNE

method, which assigns each data point a location in a two-dimensional space, mapping similar data points

closely together. Other features include sex, age, admission type, transfer status, insurance payer type, ISS,

injury mechanism, and social indices.
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3.3.2 Set 2. Surgical care PCG distribution and other features clustering

Of the 53 TC and non-TC that performed � 50 MPs for trauma in 2016, there were 1

(100%) level I, 7 (100%) level II, 23 (96%) level III, 15 (43%) level IV, 0 level V, and 7 (37%)

non-TCs. The top 9 principal components, which explained 90% of the variance in the PCA,

were included (Figure B.11). Comparing the PAM clustering results with the number of

clusters ranging from 1 to 10, we also chose 10 clusters (Figure B.12). Figure 3.2(b) and

Figure B.10(a) show the visualized clustering results. Table B.10 gives the summary of all

the original features that contributed to the clusters, again highlighting the features that

contributed at least 10% of the variation within the top 4 principal components, which was

the number of principal components that explained 60% [105] of the total variance that drove

TC/non-TC separation. Table 3.3 presents the summary focusing only on these key features.

Table 3.3: Original features contributed to the TCs/non-TCs clusters from Set 2 surgical

care PCG distribution and other features clustering

Cluster 1 2 3 4 5 6 7 8 9 10

TC/non-TC levels in

the cluster

I II, II, II, III, III, III, III, III, Non

III, III, Non IV IV IV Non IV

Non IV,

Non

# TC/non-TC in the

cluster

1 11 14 2 4 7 3 3 7 1

Cluster mean

Median age of trauma pa-

tients (year)b

47 65 72 9 70 71 69 75 74 72
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Median age of non-trauma

patients (year)b,c

55 54 56 6 38 52 60 43 62 66

# Trauma admissionsd 5605 1042 547 270 434 225 188 784 235 495

SDI in TC/non-TC areac,d 74 82 46 62 63 66 56 24 41 61

Mean SVI in trauma pa-

tient residencec

0.51 0.53 0.5 0.53 0.59 0.66 0.63 0.3 0.43 0.4

Mean SVI in non-trauma

patient residencec

0.54 0.55 0.51 0.52 0.6 0.66 0.62 0.3 0.45 0.44

% Non-trauma patients

with private payerc

22% 34% 35% 42% 61% 20% 40% 56% 28% 31%

# Non-trauma MPd 8730 11912 4401 4438 3997 1279 3130 8309 1310 11040

% Trauma major Orthope-

dics in all MPa

53% 62% 81% 62% 84% 92% 65% 77% 90% 2%

a: Features that contribute no less than 10% of the variation within the 1st principal component.

b: Features that contribute no less than 10% of the variation within the 2nd principal component.

c: Features that contribute no less than 10% of the variation within the 3rd principal component.

d: Features that contribute no less than 10% of the variation within the 4th principal component.

Abbreviations: TC (Trauma Center); SDI (Social Deprivation Index); SVI (Social Vulnerability

Index); MP (major therapeutic procedures); PCG (Procedure Complexity Group).

The result showed that the level I TC was alone in cluster 1, cluster 10 contained only one

non-TC, and the other clusters contained a mix of di↵erent TC levels. Two pediatric hospitals

were in cluster 4. The features that distinguished the clusters were primarily at the hospital

level, rather than the specific type of trauma surgeries were performed. Out of all PCGs,

only the orthopedic surgical care contributed to the resulting clusters. The nine features

that contributed the most to clustering were mean patient age for trauma and non-trauma

patients, number of trauma admissions, SDI of the hospital neighborhood, mean patient SVI
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for trauma and non-trauma patients, payer mix, number of non-trauma operations annually,

and percent of trauma operations done for orthopedic injuries. The proportion of all MPs on

trauma patients that were for orthopedic injuries contributed the most to the first principal

component. Age contributed greatly to the second principal component. Financial and

social factors such as the proportion of non-trauma patients with a private payer, age of

non-trauma patients, SDI in hospital areas, and SVI in the patient residences all contributed

at least 10% to the 3rd principal component. The volume of MPs for non-trauma patients

and total trauma admissions contributed the most to the 4th principal component. Several

clusters with level II TCs and non-TCs had a higher proportion of younger patients and

more private payers. Di↵erences in SDI and SVI separated some of the TCs at the same

levels into di↵erent clusters; clusters with high SDI did not necessarily have high SVI.

3.3.3 Set 3. Surgical care clustering

The same 53 TCs and non-TCs from Set 2 were used in the Set 3 analysis. For Set 3-1 which

only included surgical care volume clustering using PCGs, over 90% of the total variance

came from the first principal component (Figure B.13). We chose 10 clusters to be directly

comparable to the results from Set 2 (Figure B.14, Figure 3.2(c), Figure B.10(b)). The level

I TC was, again, alone in cluster 1. Cluster 2 contained only one level II TC, and all other

clusters contained a mix of di↵erent TC levels (Table B.11). The TCs/non-TCs are generally

separated by the total volume of major procedures conducted, and the clusters with greater

total volume MPs also tend to perform a greater volume of each individual PCG. Among all

the PCGs, the number of open fixations on the lower extremities contributed the most to

the clusters, and the top contributing features were mostly orthopedic.

Rather than absolute volume, Set 3-2 focused on the case mix using the relative frequen-

cies of each PCG for each hospital. In Set 3-2, 90% of the total variance was explained

by 10 principal components (Figure B.15). We clustered the 53 TCs and non-TCs into 10

clusters (Figure 3.2(d), Figure B.10(c)). Four procedure groups accounted for at least 10%

of the variation within the top 2 principal components, which captured over 60% of the total
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variance [105] (Table B.12). This was the only analysis in which the level I TC was not in a

unique cluster. The level I TC was clustered with eight other TCs and non-TCs including two

pediatric hospitals. The major contributing features all belonged to orthopedic care. Level

III and level IV TCs varied in terms of the proportion of open fixations on lower extremities

with a minor injury, and the cluster containing level I TC had a relatively small proportion

of procedures on joints on lower extremities with a minor injury. Surgical procedures on

the lower extremities had the greatest influence on the clusters, with the proportion of open

fixation on lower extremities with a minor injury being the primary variable in the first

principal component. In the second principal component, the four procedures whose relative

frequency contributed the most were all on the lower extremities: procedures on the joint in

lower extremities with a minor injury, open fixation of a minor injury on lower extremities,

and percutaneous fixation of both major and minor injuries in the lower extremities.

3.4 Discussion

To the best of our knowledge, this is the first study attempting to understand the real-

life variability of the surgical trauma care provided by di↵erent level TCs/non-TCs in a

mature trauma system using machine learning applied to both surgical care and hospital-level

features derived from patient-level admission and injury data. It highlights the promise of

unsupervised machine learning to help trauma system leaders identify the needs and optimize

the e�ciency of trauma care delivery. In this study, our three cluster analyses of surgical care

features and other hospital features found that the clusters only partially aligned with TC

designation levels. This demonstrates that though hospitals may have equivalent trauma level

designations, their care of injured patients may vary greatly. Given the multiple roles that

TC play in providing health care to their communities, this finding is not surprising, however,

it has implications for policymakers when considering how to improve trauma systems. The

novelty of this work lies in four aspects. First, we classified surgical procedures for injury into

novel procedure complexity groups that combined procedures with the injury severity of the

body region to approximate the complexity of the procedures, which cannot be determined
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from ICD-10 codes alone. Second, we explored various ways to combine the surgical care

features and other features in di↵erent analyses to better understand the relative contribution

of each feature type to the clustering result. Third, while most studies investigate the impact

of trauma or non-trauma care separately, our study included both trauma and non-trauma

care features to evaluate how the mature trauma system functions as a whole. Fourth, we

used unsupervised machine learning methods to demonstrate that TCs/non-TCs within the

same designation level frequently do not share the same patient characteristics nor do they

provide the same mix of surgical care.

Together, these three analyses provide a novel approach to gain insights into the dis-

tribution of trauma care in a mature trauma system. Most trauma systems, including in

Washington State, are not developed de novo, but rather are built using existing hospitals

whose purpose is to provide care for a multitude of problems, not just injuries. In addi-

tion, given the location of di↵erent centers, the population in the surrounding areas may

have di↵erent characteristics that also impacted this analysis. Given the TC and non-TC

frequently have multiple priorities in providing care for their communities and often have

populations with similar characteristics (e.g., lower income, higher rates of uninsurance), it

is not surprising that the cluster analysis did not find perfect alignment between hospitals of

the same TC level. However, this analysis can provide insights that could help trauma sys-

tem leaders identify which hospitals may be most easily changed within the trauma system

to serve a di↵erent role and which hospital and surgical care features may be most important

to consider when developing trauma system policies and addressing issues of equity in access

to trauma care. First, for hospitals that performed at least one surgery for trauma in a year,

the volume and types of surgical care are the primary drivers of the hospital clusters. Second,

in the hospitals with higher volumes of operative trauma, the characteristics of the patient

population (e.g., age of trauma and non-trauma admissions, payer mix) played a larger role

in cluster formation than the specific type of trauma surgery they were performing. Finally,

when only operative care was considered at hospitals with higher trauma surgical volumes

(Set 3), the two analyses demonstrate that the volume of the procedure rather than the
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relative proportions of each type of procedure aligns more, though not completely, with TC

designation. Set 3-2 used surgical care case mix, and it was the only analysis that did not

separate the level I TC into a unique cluster, implying although level I TC conducts a greater

volume of surgical procedures, the relative frequency of each PCG does not vary greatly from

the other level TCs. Interestingly, the clustering of hospitals varied greatly with the inclusion

of di↵erent factors, and surgical care was not always the largest contributor to the group

di↵erences.

This study included surgical care for both trauma and non-trauma patients as potential

factors that would contribute to hospital clusters. We included this because while logically

there is a potential relationship between capacity for trauma care and non-trauma conditions

at a hospital, it has not been well evaluated in the literature. By including both groups, this

analysis provides additional insight into how delivery of other types of surgical care relates

to the surgical care for trauma care around the state’s trauma system as well as how trauma

and non-trauma populations vary across hospitals. The age di↵erences among the trauma

patients aligned more with the TC designation compared to non-trauma patients treated at

those hospitals. The level I TC served the youngest population, which aligns with previous

research that younger people are more prone to have more severe injuries and thus be treated

at a higher level of care [106], and that elderly patients are less likely to be transferred to a

higher level of care for their injuries [107,108]. Note that little di↵erence is shown in residence

SVI for trauma and non-trauma admissions, which was surprising because we anticipated

that trauma patients would di↵er from non-trauma patients since trauma patients frequently

come from a wider referral area than other patients treated at the hospital. Some of the

trauma centers are also centers of excellence for non-trauma conditions like strokes and

myocardial infarctions [109], and the referral of patients from a larger catchment area for

these conditions as well may have diminished any expected di↵erence in the groups. In terms

of the payer mix among the level III TCs, some have a higher proportion of private or low-

income payers for non-trauma patients only, and some have a lower proportion of private and

low-income payers for trauma patients only, implying a relatively large proportion of trauma
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patients are with “other payers” which include Medicare. This analysis suggests that the

inclusion of both trauma and non-trauma care are important when analyzing how to improve

a trauma system, as non-trauma care also contributes to natural hospital clusters.

An underlying motivation of this work was to explore a means of analyzing a large data

set to provide insight into the factors associated with TC level designation across a mature

system that can then be used to inform policies to address equity and e�ciency in trauma

care delivery. We identified that the real-life variabilities in trauma care only partially aligned

with the current trauma level designation. The volume of surgical procedures performed,

especially orthopedic procedures, contributed to the di↵erences among level III TCs. The

payer mix and social index also had an impact, which distinguished the TCs/non-TCs more

by the location they serve rather than the designation level. Not surprisingly, SDI for

hospitals and the SVI of the patients they treated were correlated. The level II TCs in the

area with higher social deprivation tend to have patients living in more vulnerable residences

and with a higher proportion of low-income payers compared to the level II TCs in the

area with lower social deprivation, which implies patients tend to go to the closest hospital.

Previous work has shown that TCs in the area with higher deprivation and vulnerability

scores may receive fewer funds due to lower taxes and a less favorable payor mix and therefore

have fewer resources, potentially leading to di↵erences in care, outcomes, and e�ciency for

these centers [110]. This highlights the potential for inequity since patients nationwide may

not have equal access to high-quality trauma care services [111]. We also found that while

in the majority of the TCs/non-TCs orthopedic surgical care was the largest proportion

of overall surgical care, there were some TCs/non-TCs with a relatively small proportion

of orthopedic care and a relatively large proportion of neurosurgery care. Trauma systems

were developed with existing hospital infrastructures in most states and improving them is

challenging because of resource limitations and few tools to guide improvement. To date,

the existing tools do not incorporate the complexity of the interactions between multiple

parts of the system [112]. This study shows potential directions to optimize trauma system

functioning apart from adding new TCs or transport hubs, as machine learning provides
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insight into which TCs/non-TCs are the best candidates to be designated at a particular level

based on the current operative trauma care and hospital features. However, TC designation

does not encourage uniformity and homogeneity; its designation standards are meant to

ensure a minimum standard. Beyond this standard, healthcare centers can innovate and

adjust the care they provide using their available resources. This flexibility could be essential

for hospitals to manage in the current economic situation. In this context, our study can be

a valuable tool for understanding these variations, going beyond just focusing on allocation

strategies.

This study has several limitations. Access to more recent state data was limited during

COVID because of pressing public health needs, thus we limited our analysis to the available

2016 data. It is possible that this year of data is not representative of patterns of care in later

years, and it limits our ability to assess changes over time or distinguish whether the observed

cluster variations reflect a static phenomenon or an evolving trend influenced by selection

pressures. However, even this one year of data demonstrates the potential of machine learning

methods to evaluate the role of surgical care in distinguishing hospitals in a trauma system.

This in turn o↵ers promising insights into optimizing trauma systems and sets a foundation

for future research to investigate trends over multiple years of data. CHARS uses discharge

data, and there is a potential for coding errors in the data. In addition, not all the recorded

diagnosis codes were successfully converted to ISS, which may introduce bias to our ISS

calculation. Nevertheless, this bias happened across all TC levels and is less likely to impact

the clustering patterns. While conducting this study in di↵erent state(s) could provide

deeper insights into regional di↵erences and identify overarching latent forces and behaviors,

our research is solely focused on Washington State. Nonetheless, our study can serve as a

reference for similar analyses in other states, promoting comparative research and broadening

our understanding of trauma care dynamics on a larger scale. In terms of the procedures,

the HCUP classification tools are not perfect and required manual reclassification. In the

absence of standard recoding schemes, however, this improved the accuracy of our analysis.

Furthermore, ICD procedure codes do not contain information about the injury’s complexity;
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again, a standard method of determining this has not been developed. As such, we internally

developed PCGs to approximate procedure complexity. In addition, we elected to only

include major procedures, to limit the number of variables in the analysis to those that

likely require a higher level of expertise. Including the majority of procedures that might

reasonably be expected to be available at most hospitals of any TC designation level would

not distinguish well between the clusters. Looking at minor procedures, especially with a

population that includes patients treated and discharged from the emergency room is a future

direction of this work. Finally, this data set only included inpatient information. However,

as we were focused on surgical care, this data set captured the relevant patient population.

Integrating data from multiple sources, including the emergency departments, prehospital

information, and inter-facility transfer information, is now needed to see if this can identify

additional distinguishing features. Finally, these results reflect a single trauma system, and

evaluation of other trauma systems using similar methods is also needed to validate for

generalizability.

3.5 Conclusions

This study analyzed the relationship between the real-life variability in trauma surgical care

and state TC designation levels for hospitals in WA using three sets of clustering analyses. By

demonstrating that operative trauma and non-trauma care are only partially aligned with

the current TC designation level, this study shows that when considering trauma system

improvements, not all hospitals with the same TC designation are equivalent in the actual

care they provide. This study suggests unsupervised machine learning could be a promising

method to o↵er insight into the contribution of di↵erent hospitals in a specific trauma system,

helping to identify which hospitals are the optimal candidates for designation level change or

the incorporation of additional services. This is crucial if tools to improve trauma systems are

going to be developed that can consider a broader and more nuanced range of interventions

that goes beyond simply changing the number and/or location of TCs.
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Chapter 4

OPTIMIZATION OF STATEWIDE TRAUMA SYSTEMS
DRIVEN BY CARE DELIVERY QUALITY AND

POPULATION EQUITY

4.1 Introduction

Organized trauma systems are essential in reducing mortality rates [113] among severely

injured patients by facilitating timely access to life-saving expertise and interventions. These

systems encompass various aspects of care, including pre-hospital services, triage to well-

equipped trauma centers, and the timeliness and quality of care provided in such centers.

An optimal trauma system seeks to strike a balance between providing access to critical care

while avoiding unnecessary duplication of resources that can increase healthcare costs and

dilute trauma centers’ experience with severe injuries, leading to worse outcomes [114].

The complex interplay between multiple patient and system factors within trauma sys-

tems [115–117] has made it challenging to develop standard metrics or methods for assessing

access to trauma care. While over 1500 unique metrics have been used to evaluate di↵er-

ent aspects of the trauma system [118–121], access to care is typically measured based on

geospatial proximity to either a trauma center or emergency medical services. Measuring

access to care in trauma systems should involve not only geospatial but also non-geospatial

dimensions [122]. Non-geospatial dimensions, such as the quality of care and specific service

capacity within the closest healthcare facilities, may exert a more significant influence on

patient survival and recovery after injury than geospatial access [123, 124]. However, as-

sessing multiple metrics for trauma care can be challenging because data is often dispersed

across di↵erent datasets that collect information on di↵erent phases of injury care, such as

pre-hospital, transport, and in-hospital care.
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Despite the significant benefits of trauma systems in reducing mortality rates among

severely injured patients, these benefits are not equally shared among all populations in

the United States. Disparities in health have been extensively documented in the United

States for decades and unfortunately continue to persist despite evidence and calls for their

elimination [125]. Disparities in both outcomes and access to definitive trauma care have been

identified based on studies of specific injury patterns and sociodemographic groups [126–131].

Various sociodemographic factors, such as race, ethnicity, sex, age (older adults, children),

insurance status, and social vulnerability, have been associated with inequities in trauma

care or less geospatial access to trauma care [126–131]. To date, a systematic comparison of

multiple metrics of access to trauma care for di↵erent sociodemographic groups has not been

conducted, highlighting the need for more research in this area to ensure equitable access to

high-quality trauma care for all populations.

In this study, we developed a framework that includes an optimization model to improve

trauma care delivery in Pennsylvania (PA). Our approach guides resource allocation and

hospital functioning while maintaining the current number, locations, and levels of existing

hospitals. We achieved a practical performance-level allocation that prioritized both qual-

ity and equity enhancements, incorporating a combination of geospatial and non-geospatial

factors.

4.2 Literature Review

The optimization of trauma systems, including emergency medical services (EMS) and

trauma centers, has gained significant attention in recent years. This literature review in-

cludes recent studies that focus on di↵erent aspects of trauma system optimization.

Optimizing EMS is a crucial component of trauma system optimization. Asgharizadeh

et al. (2022) [132] investigated the allocation of emergency stations and determined the

optimal number of ambulances for each station. Their objective was to maximize the cov-

erage of emergency demands while minimizing costs. Majzoubi et al. (2012) [133] proposed

integer linear and nonlinear programming models for optimizing the deployment and move-
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ment of EMS vehicles, ensuring timely and e↵ective response to emergencies. Boutilier et

al. (2020) [134] focused on the optimization of the emergency response vehicle location and

routing, with a particular emphasis on low- and middle-income countries. By considering

uncertainty in travel times and spatial demand characteristics and leveraging robust opti-

mization approaches, they aimed to minimize travel time and improve the e�ciency of EMS

in trauma systems.

Trauma center optimization is another crucial aspect of improving trauma care within

healthcare systems. Hatami et al. (2022) [135] conducted research on identifying the op-

timal locations for emergency medical centers and allocating ambulances to these selected

centers using simulation. Their objective was to maximize the survival rate of patients while

minimizing the total cost of the EMS system. Hirpara et al. (2022) [136] focused on deter-

mining the optimal number and placement of trauma centers. Using a heuristic approach

based on the Particle Swarm Optimization framework, they found the optimal configuration

of trauma centers that would minimize mis-triages and ensure timely access to appropriate

care. Cho et al. (2014) [137] found the optimal locations for trauma centers and helicopters

to maximize the e↵ective coverage of trauma care. They introduced an integrated method

to tackle the challenge of nonconvex bilinear terms in the objective function, considering

the interplay between trauma centers and helicopters in the overall trauma system. Jansen

et al. (2014) [138] focused on geospatially optimizing trauma system configurations, with

a specific emphasis on minimizing travel time and system-related undertriage. Given the

conflicting objectives involved in trauma system optimization, they employed metaheuristic

optimization algorithms within their model to find solutions that balance multiple factors

and minimize system ine�ciencies.

These studies demonstrate the significance of EMS optimization and trauma center opti-

mization within the broader context of trauma system optimization. Overall, the increasing

number of studies in recent years addressing trauma system optimization underscores its sig-

nificance as an active and evolving area of research. These studies demonstrate the growing

interest in improving trauma care delivery through the optimization of resource allocation,
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patient outcomes, and operational e�ciency within trauma systems. Our study aims to

optimize the trauma system at a performance level by combining both pre-hospital and in-

hospital metrics to improve trauma care quality across EMS and trauma centers. Our focus

is on guiding resource allocation to improve care quality and address equity through a sys-

tematic framework that includes an optimization model. By integrating these approaches,

we aim to achieve an optimized trauma system that enhances patient outcomes and ensures

equitable access to quality care.

4.3 Methods

4.3.1 Overview

We developed a systematic framework (Figure 4.1) to optimize statewide trauma systems

based on care delivery quality and population equity.

We first established population groups and trauma care quality metrics using routinely

collected state data. To create these groups, we considered all possible combinations of

categories from sociodemographic factors commonly linked to inequities, such as race, eth-

nicity, sex, age, insurance status, and social vulnerability. We also included the injury

severity score (ISS) as a key factor influencing trauma care quality. We then developed a

set of geospatial and non-geospatial metrics informed by extensive literature, expert opinion,

and guidelines for early and definitive trauma care components associated with improved

outcomes [139–177]. These metrics reflect the quality of trauma care received by injured pa-

tients. We used these metrics to analyze and understand variations in access to high-quality

trauma care across di↵erent sociodemographic groups.

Then, we integrated the metrics into a unified measurement to o↵er a comprehensive

assessment of trauma care quality across all metrics. This approach allows us to identify

patterns and trends in the data across hospital and population groups that might be obscured

when analyzing each metric separately. To accomplish this, we created a trauma care quality

index by weighting the metrics based on their ability to explain overall disparities in access
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Figure 4.1: Systematic framework for method

to trauma care across hospitals. We determined these weights by performing Principal

Component Analysis (PCA) on the metrics. We calculated the quality index for each patient.

Next, we developed a hospital profile for each existing facility using the average trauma

care quality index for all sociodemographic groups derived from the data. To address missing

data for specific population groups at each hospital, we applied a linear mixed-e↵ects model

(LMM) to estimate their quality index. These profiles provide a detailed characterization

of the quality of care delivered by each hospital and assess their performance across various

population groups. This approach helps identify how well each hospital meets the needs of

diverse patient populations and o↵ers insights into their strengths and areas for improvement

in trauma care.

Further, we explored several definitions of equity to promote fairness and justice in im-
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proving trauma care delivery across di↵erent population groups. In the first approach, we

assigned greater weight to larger population groups, ensuring that improvements in trauma

care benefit a broader segment of the population. In the second approach, we prioritized the

most vulnerable groups, focusing on maximizing care quality for those who have historically

faced significant barriers to accessing high-quality trauma care. By employing these strate-

gies, we aim to enhance outcomes not only for the overall population but also for those who

have been most disadvantaged.

Finally, we developed optimization models with various objective functions to assign

hospital profiles to the current hospitals to address equity and improve care quality. We

reformulated the non-linear models into mixed-integer linear programming (MILP) prob-

lems. The optimal profile generated by the model establishes performance goals for each

hospital, and discrepancies between the optimal and current profiles can highlight areas of

ine�cient or inequitable healthcare resource utilization. By identifying the specific medical

resources needed, such as beds and sta�ng, for each metric that requires improvement, our

optimization model provides insights into more e↵ective resource allocation and enhances

hospital functioning. This approach aims to enhance both the quality and equity of trauma

care delivery across the statewide system.

4.3.2 Data description

We utilized the Pennsylvania Trauma Outcome Study (PTOS) registry data [178]. The

PTOS registry, maintained by the Pennsylvania Trauma Systems Foundation, collects com-

prehensive data on trauma incidents across the state. This dataset includes detailed informa-

tion on patient demographics, injury characteristics, pre-hospital care, hospital treatment,

and outcomes. Key variables in the PTOS registry encompass patient age, sex, race, ethnic-

ity, insurance status, ISS, type and mechanism of injury, pre-existing conditions, transport

details, interventions performed, and discharge status. Specifically, we used PTOS data from

2017 to 2020, covering 121,704 patients with 1,476 variables across 43 hospitals in Pennsyl-

vania. This rich dataset allows for an in-depth analysis of trauma care quality and outcomes,
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providing valuable insights for improving patient care and addressing disparities across dif-

ferent sociodemographic groups. Note that our dataset provides only the unique facility ID

and trauma level for each hospital, without additional information to specifically identify

each hospital. This represents a limitation of the dataset.

In Pennsylvania, trauma centers are categorized into trauma levels I, II, III, and IV.

Research indicates that level I and level II hospitals are major centers of trauma care. These

hospitals handle a high volume of complex cases, participate in research, and engage in

community outreach, serving as critical components of the trauma system [82]. In contrast,

level III and level IV hospitals provide e↵ective care for less severe injuries and are equipped

to stabilize critically injured patients before transferring them to higher-level facilities if

needed [83].

For this study, we focused exclusively on level I and level II trauma centers, excluding

pediatric hospitals. This approach enhances the comparability of trauma care assessments

by ensuring that all evaluated hospitals operate under similar resource constraints and ca-

pabilities. By concentrating on these levels of trauma centers, we account for variations in

hospital resources and expertise, ensuring that the comparison remains fair and relevant.

Level I and II non-pediatric hospitals typically have advanced facilities and specialized sta↵,

which standardizes their capacity to manage complex trauma cases. This targeted approach

helps ensure that the hospitals are evaluated within a context where they are expected to

exhibit similar performance levels, thus providing a more accurate and equitable assessment

of trauma care quality. As a result, our analysis includes data from 30 hospitals (70%),

o↵ering a comprehensive evaluation of trauma care quality across comparable institutions.

4.3.3 Defining population group based on sociodemographic factors and injury severity

We focused on sociodemographic factors that have been linked to disparities in trauma

care or limited geographic access to care. These factors include race, ethnicity, sex, age,

insurance type, and Social Deprivation Index (SDI) scores of the residence zip code, which

reflect the impact of social indices on care delivery and health outcomes. We combined
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race and ethnicity categories, as they are correlated, and most patients (92%) are identified

as non-Hispanic/Latino. We also included ISS as an important factor. There are multiple

categories for each factor, as shown in Table 4.1.

Table 4.1: Sociodemographic factors

Factor Category

Race and Ethnicity Hispanic or Latino; Non-Hispanic/Latino White; Non-

Hispanic/Latino Black; Non-Hispanic/Latino Asian; Non-

Hispanic/Latino Other

Sex Female; Male

Age⇤ Children; Younger adults; Older adults

Insurance Medicare; Medicaid; Commercial; Self-pay; Other

Residence SDI† Low; Mild; Moderate; High

ISS‡ Severe; Non-severe

⇤Children with age < 18; younger adults with age � 18 and  65; older adults with age > 65.

†SDI: Social Deprivation Index. SDI categories are defined by the cut-o↵s on the SDI scores

with the 25%, 50%, and 75% quantiles.

‡ISS: Injury Severity Score. Severe injured with ISS > 15.

Population groups are defined as all the potential combinations of categories within each

sociodemographic and injury severity factor in Table 4.1. An example of a population group

could be a non-severe injured non-Hispanic/Latino Asian female younger adult with com-

mercial insurance who resides in an area with high SDI. In this study, we considered all

existing combinations of population groups across the hospitals included, resulting in a total

of 981 distinct population groups. We included patients from level I and II non-pediatric

hospitals with no missing in the population factors, resulting in a total of 103,362 (85%)

patients.
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We did not set a threshold for population size, which may limit the statistical power

for groups with smaller populations. Nevertheless, given the availability of several years of

data, we believe this approach is valid as it encompasses all existing population groups and

captures meaningful variations within the data. Future studies could incorporate a threshold

to further refine the analysis.

4.3.4 Trauma care quality metric

We derived 128 metrics related to access to early and definitive trauma care based on the

literature [139–177] and expert opinion. These metrics are categorized by the type of care, in-

cluding timeliness, appropriateness, availability, resource, performance, and outcomes. They

covered various phases of care, including prehospital, transport, and in-hospital settings,

such as the emergency room, operating room, intensive care unit (ICU), and ward. Detailed

lists of the original metrics and the number of relevant patients can be found in Table C.1

and Table C.2. We linked each metric to the corresponding variables in the PTOS dataset

and calculated the metric values for each patient based on the data.

This extensive work underscores the significant e↵ort invested in deriving, categorizing,

and calculating the metrics, o↵ering valuable insights into the quality of trauma care and

identifying areas for improvement. The thorough and detailed process ensured a comprehen-

sive assessment of trauma care quality across di↵erent stages and types of care. Importantly,

these metrics cover a broad spectrum of factors, not just outcomes like mortality, enabling a

more complete evaluation of trauma care delivery, highlighting the thoroughness and depth

of our study.

4.3.5 Quality index

We generated a trauma care quality index based on the metrics listed in Section 4.3.4. One

simple approach to constructing a composite index for trauma access is by using the geo-

metric mean of the original metrics [179]. Suppose we have n original metrics, the geometric
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mean is the nth root of the multiplication of all the metrics. This method has several advan-

tages, such as combining metrics with di↵erent distributional assumptions and not requiring

standardization [179]. Major health-related indices such as the Human Development Index,

Socio-demographic Index, and Sustainable Development Goals Index have used the geomet-

ric mean method [180–182]. More advanced multivariate analyses can also be used, such as

Principal Component Analysis (PCA), factor analysis, and cluster analysis [183].

In this study, we derived a trauma care quality index as a linear combination of the

metrics and used PCA to determine the weights for each metric by identifying sources of

variation across hospitals. To ensure consistency in the direction of metrics, where higher

values indicate better performance, we applied a negative transformation to low-quality

indices, converting them into high-quality indices [184]. We also shifted the minimum value

to zero to ensure all values are positive. To capture hospital-level variation, we calculated

each metric as the average value for the patients in each hospital. We removed metrics that

were missing for all patients in any hospital or had the same value across all hospitals. To

standardize each metric value and account for di↵erences in units among the trauma care

quality metrics, we used min-max standardization [185]. We then performed PCA on the

hospitals based on their average scores for the metrics. The quality index was established as

a weighted summation of all quality metrics, with the weights obtained from the PCA [103]

results, reflecting how well each metric captures the variation among hospitals. This method

allows us to create a robust and comprehensive measure of trauma care quality across di↵erent

institutions.

PCA is an orthogonal linear transformation that projects data to a new coordinate system

in which the greatest variance by some scalar projection of the data lies on the first coordinate

(first principal component (PC)), the second greatest variance on the second coordinate, and

so on [186]. This process removes collinearity among variables and highlights where the most

variance occurs across hospitals. To calculate the quality index, we selected the top principal

components that together account for 70% of the total variance. We then weighted each PC

score by the proportion of variance it captures relative to the total variance captured by the
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selected PCs and summed these weighted scores [187–190]. Since each PC score is a linear

combination of the original metrics, we transformed the PC scores back into their respective

linear combinations (loading) of the original metrics. This allowed us to derive weights for

each metric, emphasizing those with the most significant disparities across hospitals. This

method ensures that metrics with greater variance across hospitals are given more weight in

the overall quality index.

Assume we have M metrics with scores �1,�2, ...,�M , and we select the top D PCs with

scores z1, z2, ..., zD from PCA, which account for variances v1, v2, ..., vD. Let �md represent

the loading of metric m on PC d (m = 1, ...,M ; d = 1, ..., D). The quality index is then

calculated as:
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To calculate the individual quality index for each patient, we first standardized each

metric using the min-max standardization method. Since some metrics are not applicable to

certain patients, there may be missing data for specific metrics at the patient level. To handle

potential missing metrics, we adjusted the weights of the available metrics by re-scaling

them based solely on the metrics present for each patient [191]. This approach ensures that

the quality index accurately reflects the data available for each individual, providing a fair

assessment despite any missing information. Assume �j, j 2 A is the set of available metrics

for a certain patient, then the quality index for that patient with re-scaling is calculated as:

⇧
0
=

P
j2A ↵j�jP
j2A |↵j|

(4.2)

We scaled the quality indexes for all patients to a [0, 1] range using min-max standardization.

Our quality index is heavily data-driven, with the metric weights adaptable to changes

in data, such as those from di↵erent years or states. This flexibility allows the index to

adjust to the specific circumstances of each year or location, reflecting their unique needs

and variations. However, this approach also means that the index lacks a fixed formulation,

which can limit its generalizability across di↵erent contexts.
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4.3.6 Hospital profile

We created a profile for each hospital to represent the trauma care quality it provides for each

population group. These profiles were derived by calculating the average quality index for

each population group within each hospital, accurately reflecting the hospital’s current per-

formance in trauma care delivery. We included all existing combinations of sociodemographic

and injury severity factors across all hospitals.

For hospitals missing data on certain population groups, we imputed the metric values

using predictions from a linear mixed-e↵ects model (LMM). This model incorporated six so-

ciodemographic and injury severity factors, race and ethnicity, sex, age, insurance, residence

SDI, and ISS, as categorical (Table 4.1) fixed e↵ects and the hospital ID as a random e↵ect,

with the quality index as the response variable. This approach ensured a comprehensive and

fair representation of trauma care quality for each hospital, even in the presence of missing

data.

The model can be expressed as follows:

Yqi = XT
qi� + ZT

i bi + ✏qi (4.3)

, where Yqi represents the quality index of patient q in hospital i, � stands for the coe�cients

on the sociodemographic and injury severity features, b accounts for the hospital variation,

and ✏ accounts for the individual variation.

4.3.7 Equity definition

Equity in distributive justice has several competing definitions. Egalitarianism and utili-

tarianism are two key concepts that represent opposing schools of thought, with the former

advocating for equal distribution of resources and the latter promoting the greatest good for

the greatest number [192]. The Nash bargaining solution is another approach that seeks to

find a compromise between these two perspectives [193]. It proposes a solution that maxi-

mizes the product of gains for each individual in a group while ensuring that the outcome is

fair and equitable for everyone involved. Priority, proportionality, and parity can correspond
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to the utilitarian, Nash bargaining, and egalitarian solutions, respectively [194]. The choice

of equity definition depends on societal values and the specific context. Also, equity defini-

tions can vary in their formulation, including linear or non-linear with equal or non-equal

weights [195].

One well-known non-linear definition of equity is ↵-fairness [196]. This family of functions

includes several definitions of fairness mentioned earlier: ↵ = 0 corresponds to a utilitarian

objective, ↵ = 1 corresponds to a Nash bargaining or proportionally fair objective, and

↵ ! 1 corresponds to an egalitarian or max-min fair objective [197]. Another well-known

equity definition is the L-estimator [198–200] or L-risk [198,201]. This type of objective has

gained attention in machine learning recently [198,201–207].

Equity definition (4.4) with ↵-fairness can be written as:

Maximize f(x)

f(x) =

8
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(4.4)

Note that ↵ � 0. A higher value of ↵ indicates a more equitable allocation. ↵ = 0 represents

the e�cient objective with equal weight on each population group. On the other hand, ↵ > 0

represents the “↵-fair” objective, which focuses more on vulnerable population groups. Two

notable values of ↵ are ↵ = 1 (proportionally fair) and ↵ ! 1 (egalitarian) [197].

We addressed equity as a variant of L-estimator using weighted maximization on the

quality index of population groups [208]. Assume we have P population groups, each with

a quality index denoted by ⇧p, p = 1, ...,M . The corresponding objective is formulated as

follows:

Maximize
PX

s=1

�s⇧(s). (4.5)

Here, ⇧(1)  · · ·  ⇧(P ) represent the order statistics of the quality indexes, and 0  �P 

· · ·  �1  1 is a sequence of non-increasing weights that satisfy
PP

p=1 �p = 1. Objective
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(4.5) addresses equity by prioritizing improving trauma care quality for the more vulnerable

population groups. The � in (4.5) allow practitioners to interpolate between average-case

(�p = 1
P , 8p) and worst-case (�1 = 1) performance [208]. We adjusted the weight � of the

quality index to place more or less emphasis on certain ordered population groups.

Specifically, we focused on two sets of objective functions in this study: Set 1 weighted

the population group quality index by population size, and Set 2 weighted by vulnerability.

In Set 1, we assigned greater weight to larger populations, ensuring that improvements

in trauma care benefit a broader segment of the population. In Set 2, we prioritized the

most vulnerable population groups, focusing on maximizing care quality for those who have

historically faced significant barriers to accessing high-quality trauma care.

4.3.8 Optimization model

To ensure consistency and clarity, we utilized the symbols i and j to represent hospitals, p to

represent population groups, and qp to represent patients in population group p throughout

the following sections. Please refer to Table 4.2 for further details on the notation used.

Table 4.2: Notation of the optimization model

Notation Explanation

N Number of hospitals

P Number of population groups

Q Number of total patients

Qp, p = 1, ..., P Number of patients in population group p

 pi, p = 1, ..., P , i = 1, ..., N Quality index for population group p in hos-

pital i

⇧p, p = 1, ..., P Quality index of population group p
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⇧(s), s = 1, ..., P sth smallest quality index among all popu-

lation groups

�s, s = 1, ..., P Weight assigned to the quality index for

population group s

T §
qpi, qp = 1, ..., Qp, p = 1, ..., P , i = 1, ..., N Indicator of whether patient qp in popula-

tion group p went to hospital i or not

I†ij, i, j = 1, ..., N Indicator of whether to assign the profile of

hospital i to hospital j or not

§Tqpi = 1 if patient qp in population group p went to hospital i, Tqpi = 0 otherwise.

†Iij = 1 if assign profile of hospital i to hospital j, Iij = 0 otherwise.

We developed the models to optimize the delivery of trauma care in PA by allocating re-

sources while maintaining the current number, locations, and levels of existing hospitals. We

assigned hospital profiles to each hospital, driven by both quality and equity improvement.

Assigning hospital j with the profile of hospital i means recommending hospital j adopt

a resource configuration more similar to hospital i. The optimization model proposed can

assist policy-makers in determining how to allocate medical resources combined with discov-

ering the resources related to the quality index. Since trauma center levels are determined

by available resources [80], and our focus is on level I and level II non-pediatric hospitals

with comparable resources, the model permit any hospital profile to be assigned to any other

hospitals. This flexibility in profile assignment is within the context of managing resource

limitations. The decision variable for the model is Iij, with i, j = 1, ..., N , which allocated

hospital profiles to existing hospitals.
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The model for Set 1 weighted by population size is formulated as:

Maximize
Iij

PX

p=1

�p⇧p (4.6)

subject to ⇧p =
1

Qp

QpX

qp=1

NX

j=1

Tqpj

NX

i=1

Iij pi, for p = 1, ..., P, (4.7)

NX

i=1

Iij = 1, for j = 1, ..., N, (4.8)

Iij 2 {0, 1}, for i, j = 1, ..., N, (4.9)

, where �p = Qp/Q denotes the population size proportion.

Constraint (4.7) calculates the quality index for each population group following profile

assignment. It determines the quality index based on the relative values of the assigned

profiles. Specifically, if a patient from a given population group is treated at hospital j with

the assigned profile of hospital i, the updated quality index for that patient is taken from

the profile of hospital i. We assume that a patient’s choice of hospital was solely based on

the hospital’s location, and obtained the patient-hospital assignments using data from the

existing trauma registry. Note that the sum of the number of patients in each population

group, denoted by
PP

p=1 Qp, should equal the total number of patients, denoted by Q. Also

note that each patient should only be assigned to one hospital, denoted by
PN

i=1 Tqpi = 1

for q = 1, ..., Qp and p = 1, ..., P . Constraint (4.8) ensures that each hospital can only be

assigned one hospital profile.
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The model for Set 2 weighted by the vulnerability is formulated as:

Maximize
Iij

PX

s=1

�s⇧(s) (4.10)

subject to ⇧p =
1

Qp

QpX

qp=1

NX

j=1

Tqpj

NX

i=1

Iij pi, for p = 1, ..., P, (4.11)

NX

i=1

Iij = 1, for j = 1, ..., N, (4.12)

Iij 2 {0, 1}, for i, j = 1, ..., N, (4.13)

The weight � in (4.10) is a pre-defined weight on the ordered quality index for each popu-

lation group. It satisfies the conditions 0  �P  · · ·  �1  1, and
PP

s=1 �s = 1, which

ensures equity is addressed when maximizing the overall trauma care quality, with a focus

on improving care for vulnerable population groups. We can specialize Model (4.10)-(4.13)

as a max-min optimization problem by setting �1 = 1 and �s = 0 for s = 2, ..., P :

Maximize
Iij

min
p=1,...,P

⇧p (4.14)

subject to ⇧p =
1

Qp

QpX

qp=1

NX

j=1

Tqpj

NX

i=1

Iij pi, for p = 1, ..., P, (4.15)

NX

i=1

Iij = 1, for j = 1, ..., N, (4.16)

Iij 2 {0, 1}, for i, j = 1, ..., N, (4.17)

We reformulated the optimization model (4.10)-(4.13) with a linear objective and addi-
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tional linear constraints:

Maximize
Iij ,us,y

(s)
p

PX

s=1

�sus (4.18)

subject to us  ⇧p +M(1� y(s)p ), for s, p = 1, ..., P, (4.19)

PX

p=1

y(s)p = P � s+ 1, for s = 1, ..., P, (4.20)

y(s) 2 {0, 1}P , for s = 1, ..., P, (4.21)

⇧p =
1

Qp

QpX

qp=1

NX

j=1

Tqpj

NX

i=1

Iij pi, for p = 1, ..., P, (4.22)

NX

i=1

Iij = 1, for j = 1, ..., N, (4.23)

Iij 2 {0, 1}, for i, j = 1, ..., N, (4.24)

, where M is a su�ciently large number, for example, 1000.

Specifically, the reformulation for optimization model (4.14)-(4.17) can be simplified as:

Maximize
Iij ,z

z (4.25)

subject to z  ⇧p for p = 1, ..., P, (4.26)

⇧p =
1

Qp

QpX

qp=1

NX

j=1

Tqpj

NX

i=1

Iij pi, for p = 1, ..., P, (4.27)

NX

i=1

Iij = 1, for j = 1, ..., N, (4.28)

Iij 2 {0, 1}, for i, j = 1, ..., N, (4.29)

We formed a mixed-integer linear model [209] in equations (4.18)-(4.24). The model was

solved using the Gurobi solver in R.
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4.4 Results

4.4.1 Quality index results

As detailed in Sections 4.3.2 and 4.3.3, our analysis covered 30 hospitals, 981 population

groups, and 103,362 patients. As detailed in Section 4.3.4, we initially derived 128 trauma

care delivery quality metrics (as shown in Table C.1 and Table C.2). After accounting for

missing data and metrics with identical values across hospitals, 115 metrics (90%) remained.

See the individual-level summary for the remaining metrics in Table C.3.

The PCA analysis of hospital-level average metric values revealed that the top 19 compo-

nents accounted for over 90% of the variation, with the top 10 components alone capturing

more than 70% of the variation. We chose to focus on these top 10 components for further

analysis. For details on the variance captured by these components, refer to Figure 4.2.

Most indices fall between 0.5 and 0.9 and the highest frequency is observed around the 0.7

to 0.8 range. This skew towards higher values indicates overall positive performance in the

assessed metrics, while the smaller proportion of indices below 0.4 highlights areas needing

targeted improvements.

Figure 4.2: Percentage of explained variances of the top 10 principal components
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Refer to Fig. 4.3 for the distribution of individual quality indices based on our calculations

in Section 4.3.5.

Figure 4.3: Histogram of individual quality index

4.4.2 Hospital profile results

We first constructed the hospital profile using calculated metric scores, which represent the

average score across patients in each population group within the hospital. The distribution

of the profile quality index from the data is shown in Fig. 4.4.

To impute the missing profile quality indices, we developed an LMM using data from all

patients. The results for the random e↵ects and fixed e↵ects of the LMM used for quality

index prediction are presented in Table 4.3 and Table 4.4, respectively. Several factors show

high significance with p-values less than 0.001, such as sex (male), age (older adults and

children), insurance status (Medicare, other, self-pay), and injury severity score (severe).

The SDI (moderate) factor is also significant, though to a lesser extent. Other factors,

such as race/ethnicity, certain insurance types, and some SDI levels, do not show significant

e↵ects.
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Figure 4.4: Histogram of calculated profile quality index from data

The mean squared error of the model is 0.01 and the mean absolute error is 0.08. The

R2
m value is 0.1383, indicating that the fixed e↵ects explain approximately 13.83% of the

variance. The R2
c value is 0.156, showing that the combined fixed and random e↵ects explain

approximately 15.60% of the variance in the response variable, quality index. The inclusion

of the random e↵ects, hospital variation, increases the explained variance.

Table 4.3: Summary for the random e↵ects of the LMM

Groups Name Variance Std. Dev.

Hospital ID Intercept 0.0003 0.0162

Residual 0.0125 0.1116
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Table 4.4: Summary for the fixed e↵ects of the LMM

Fixed factor Estimate Std. Error df t value Pr(> |t|) Significance§

Intercept 0.7259 0.0045 150 161.73 < 2⇥ 10�16 ***

RaceEthnicity: non-

Hispanic/Latino

Black

0.0024 0.0034 103300 0.70 0.482

RaceEthnicity: His-

panic/Latino

0.0030 0.0038 103300 0.80 0.424

RaceEthnicity: non-

Hispanic/Latino

Other

-0.0062 0.0044 103300 -1.38 0.167

RaceEthnicity: non-

Hispanic/Latino

White

0.0001 0.0032 103300 0.02 0.983

Sex: male -0.0065 0.0007 103300 -8.87 < 2⇥ 10�16 ***

Age: older adults -0.0289 0.0010 103300 -28.36 < 2⇥ 10�16 ***

Age: children -0.0074 0.0016 103300 -4.75 2.04⇥ 10�6 ***

Insurance: Medicaid -0.0013 0.0012 103300 -1.14 0.254

Insurance: Medicare -0.0066 0.0012 103300 -5.74 9.40⇥ 10�9 ***

Insurance: other 0.0136 0.0012 103300 11.35 < 2⇥ 10�16 ***

Insurance: self-pay -0.0239 0.0020 103300 -11.66 < 2⇥ 10�16 ***

SDI: low -0.0002 0.0011 102200 -0.17 0.864

SDI: mild -0.0009 0.0011 102900 -0.77 0.441

SDI: moderate -0.0034 0.0011 103000 -3.08 0.002 **

ISS: severe -0.1089 0.0009 103300 -119.04 < 2⇥ 10�16 ***

§ The code *** indicates that the factor is highly significant with a p-value less than 0.001.
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The code ** indicates that the factor is significant with a p-value between 0.001 and 0.01.

The absence of a symbol indicates a p-value greater than 0.1, suggesting that there is no evidence

of the factor being significant.

We imputed the quality index value for missing population groups in each hospital.

Refer to Fig. C.1 for the histogram of all the predicted profile quality indices obtained

through LMM prediction, and Fig. C.2 for the histogram of indices used as imputed values

for the hospital profiles. The histograms reveal two distinct peaks around 0.6 and 0.7. This

distribution is consistent with the influence of significant factors, such as the ISS, which

notably a↵ects the quality index. Refer to Table 4.5 for the number and proportion of

population groups that were absent and imputed for each hospital. The average imputation

proportion per hospital is 68%.

Table 4.5: Imputation summary for each hospital

No. Hospital ID # Population group imputed % Population group imputed

1 1 627 64%

2 2 597 61%

3 3 603 61%

4 4 788 80%

5 5 676 69%

6 6 832 85%

7 7 624 64%

8 8 608 62%

9 9 666 68%

10 10 705 72%
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11 11 603 61%

12 12 608 62%

13 13 633 65%

14 14 603 61%

15 15 692 71%

16 16 788 80%

17 18 472 48%

18 19 735 75%

19 20 513 52%

20 21 748 76%

21 22 741 76%

22 25 689 70%

23 30 697 71%

24 31 779 79%

25 32 646 66%

26 33 636 65%

27 50 719 73%

28 61 665 68%

29 62 717 73%

30 65 578 59%

By combining the existing quality index from the original dataset with the imputed qual-

ity index from the LMM model, the complete distribution used to build the hospital profile

is illustrated in Fig. 4.5. The summary in Table 4.6 o↵ers a detailed view of the profile

quality index across three sources: calculated from data, LMM-predicted for imputation,

and the combined quality index that integrates both sources. The calculated scores show a

broader range (0.071 to 0.988) compared to the more narrow range of LMM-predicted scores
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(0.516 to 0.771), indicating greater variability in the calculated data. The median values

are higher for the calculated and combined data (0.688 and 0.648, respectively) compared

to the LMM-predicted scores (0.627), suggesting that the calculated and combined profiles

generally reflect higher quality indices. Despite this, the mean values are relatively consis-

tent across all sources (0.671 for calculated, 0.644 for predicted, and 0.651 for combined),

demonstrating that the overall average quality index remains stable. This analysis highlights

the e↵ectiveness of using both calculated and imputed data to build a comprehensive picture

of hospital quality, ensuring a robust and reliable assessment that captures diverse aspects

of quality across hospitals.

Figure 4.5: Histogram of all profile quality index with imputation

Table 4.6: Summary for the individual quality index

Source Min 1st quantile Median Mean 3rd quantile Max

Calculated from dataset 0.071 0.609 0.688 0.671 0.744 0.988
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Predicted from LMM

for imputation

0.516 0.594 0.627 0.644 0.701 0.771

Both sources 0.071 0.595 0.648 0.651 0.709 0.988

4.4.3 Optimization model results

Set 1: weighted by population size

For the first set, we weighted the quality index by population group size. The optimal

objective value improved by 4.4%, reaching 0.716 compared to the original value of 0.686

under the current hospital functioning. Refer to Fig. 4.6 for the optimal hospital profile

assignment. The model primarily assigns the profile of Hospital 8 to a total of 24 hospitals,

including Hospital 8 itself. Additionally, it assigns the profile of Hospital 30 to 5 other

hospitals, excluding Hospital 30, and assigns the profile of Hospital 18 specifically to Hospital

33.

The three largest population groups are non-severe injured, non-Hispanic/Latino White

older adults with Medicare insurance, living in areas with low, mild, or moderate SDI, fol-

lowed by three similar groups of non-severe injured, non-Hispanic/Latino White older adult

males with Medicare insurance in the same SDI categories. Hospitals assigned the profile of

Hospital 8 generally serve the largest populations that align with these major demographic

and severity groups. In contrast, the five hospitals assigned the profile of Hospital 30 primar-

ily serve non-severe injured, non-Hispanic/Latino Black younger adult males with Medicaid

insurance in high SDI areas, who represent the largest or second-largest proportion at these

hospitals. Additionally, these hospitals also commonly serve significant portions of non-

severe injured females and severely injured males, both of whom are non-Hispanic/Latino

Black younger adults with Medicaid insurance in high SDI areas. This suggests that Hospital

8 excels in trauma care delivery for non-Hispanic/Latino White older adults with Medicare
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Figure 4.6: Optimal hospital assignment for model Set 1 weighted by population size

insurance, while Hospital 30 may o↵er superior care for non-Hispanic/Latino Black younger

adults with Medicaid insurance in high SDI areas. Additionally, Hospital 8 has the highest

average quality index across all population groups, and Hospital 30 ranks second, highlighting

their overall high-quality trauma care performance beyond specific demographics.

Hospital 33 being assigned the profile of Hospital 18 instead of 8 or 30 could be due

to several factors. It may be due to closer alignment in demographics, care characteristics,

and geographic factors. Hospital 33’s patient population and care needs may match those

of Hospital 18 more closely. Additionally, di↵erences in trauma care quality and resource

availability could make Hospital 18’s profile a better fit. The optimization model may also

have found that assigning Hospital 33 this profile achieves better overall alignment or meets

specific criteria more e↵ectively. Specifically, we compared the standardized average scores

for each metric across the four hospitals. We calculated the di↵erences between Hospital 18
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and the other three hospitals to identify metrics where Hospital 18 performed better and

quantified the extent of its superior performance. We found that Hospital 18 outperforms

the others, especially in several key metrics: Metric 150 (Retrograde Urethragram (RUG)

rates for pelvic fractures), Metric 190 (Massive Transfusion Protocol (MTP) rate for all

patients), Metric 190001 (MTP rate for severely injured patients), and Metric 190002 (MTP

rate for patients with at least one transfusion). These findings reveal the potential reasons

behind the profile assignment for Hospital 33 and highlight areas where it should improve.

By using the profile of Hospital 8 as a performance standard, Hospital 33 can better identify

specific areas for enhancement and related resource needs to improve its functioning. For

RUG rates for pelvic fractures, essential resources can be high-quality imaging equipment,

skilled radiologists, and well-established clinical protocols for using RUGs. For MTP rates,

hospitals may need an adequate inventory of blood products and e�cient transfusion services,

including trained sta↵ and emergency preparedness protocols. This involves maintaining

a reliable blood bank system, having pre-prepared blood products readily available, and

ensuring sta↵ are well-trained in MTP procedures. E↵ective management and optimization

of these resources are crucial for improving performance in the related metrics and enhancing

overall trauma care outcomes.

Set 2: weighted by the vulnerability

For the second set, we weighted the quality index by vulnerability, assigning more weight

to population groups with poorer quality indices. Instead of considering all 981 population

groups, we used two examples: Set 2-1, which assigns a weight of 1 to the worst group,

e↵ectively maximizing the minimal performance, and Set 2-2, which distributes equal weights

( 1
10) among the ten worst-performing population groups on the quality index. Note that our

optimization model (4.25)-(4.29) o↵ers significant flexibility in weight assignment, allowing

for up to 981 non-zero weights to be applied, thereby including all population groups in the

objective function.

Set 2-1: maximize the lowest population group quality index
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For Set 2-1, maximize the worst population group quality index, the optimal objective

value improved by 15.5%, reaching 0.580 compared to the original worst quality index of

0.502 under the current hospital functioning. It shows greater improvement compared to

Set 1, implying a focus on overall performance for the current hospital configuration and

highlighting the ongoing need to address more vulnerable groups. Refer to Fig. 4.7 for the

optimal hospital profile assignment. The model assigns the profile of Hospital 30 to five other

hospitals, Hospital 4, 8, and 61 to three others, Hospital 5, 10, 20, and 62 to two others, and

Hospital 1, 13, 15, 16, 18, 19, 31, and 32 to one other hospital each. This optimal profile

assignment is more varied compared to Set 1, reflecting the shift in focus toward population

group equity and highlighting the necessity of the Set 2 vulnerability-weighted analysis. It

demonstrates that prioritizing the majority population groups alone can overlook those with

the greatest barriers to high-quality trauma care.

Figure 4.7: Optimal hospital assignment for model Set 2-1 maximize the minimal
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Originally, the population group with the worst quality index was severely injured, non-

Hispanic/Latino Black younger adult males with self-pay insurance living in high SDI areas.

After the optimal hospital profile assignment, the worst quality index now applies to severely

injured, non-Hispanic/Latino Other older adults males with self-pay insurance in high SDI

areas. Note that given the large number of population groups, many may have similar quality

index values. The quality index for the previously worst-performing group improved from

0.580 to 0.585 following the assignment.

For Hospital 30, which was assigned to the most hospitals in this set, we compared its

average metric performance with that of the five hospitals it was assigned to: Hospitals

3, 5, 6, 16, and 65. We focused on metrics where Hospital 30’s performance exceeded

that of the other five hospitals. Key metrics with notable di↵erences include Metric 6 (pre-

hospital intubation rate for unconscious patients), Metric 89 (activation rate for patients with

respiratory compromise and urgent airway needs), Metric 69 (rate of FAST exams within 15

minutes), and Metric 69001 (rate of FAST exams within 15 minutes for hypotensive patients).

These findings suggest that Hospital 30 excels in these areas, indicating that the other five

hospitals could benefit from improving their performance related to these specific metrics.

Note that the profile of Hospital 30 has also been assigned to other hospitals in Set 1 results,

implying that this hospital provides good, though not the best, trauma care delivery quality

for both the general population and specific vulnerable groups.

It is notable that Hospital 30’s profile was assigned to many other hospitals but not

to itself. This suggests the model determined that applying Hospital 30’s profile to other

facilities would result in significant performance improvements while applying it to Hospital

30 itself might not be as beneficial given its current situation. The model likely found it more

optimal to extend Hospital 30’s successful practices to other hospitals. When comparing

Hospital 30 to Hospital 4, whose profile was assigned to Hospital 30, Hospital 4 notably

outperforms Hospital 30 in several metrics, including Metric 11 (rate of airway secured in

the ED for patients with GCS < 9), Metric 137 (MRI of spine rate for C-spine injury),

Metric 142 (Neck CT rate for C-spine fractures), Metric 143 (Neck CT rate for basilar skull
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fractures), Metric 227 (Tourniquet rate for penetrating extremity injury), Metric 236 (MRI

rate for spine fracture or spinal cord injury), and Metric 272 (Tourniquet rate in place triage).

The main resources related to these metrics that Hospital 30 can improve include trained

personnel, advanced airway equipment, and rapid response protocols for emergency airway

management; access to MRI and CT scanners with trained radiologists for e↵ective diagnostic

imaging; and the availability of tourniquet supplies with sta↵ trained in their proper use for

trauma care. Addressing these areas involves enhancing the availability and use of diagnostic

imaging, improving emergency care practices, and ensuring that the necessary resources and

training are in place for e↵ective trauma management. The model suggests Hospital 30 takes

the profile of Hospital 4 as a performance standard, with these areas as potential directions

to adjust resources and improve hospital functioning.

For all the other hospitals, we could conduct a similar exploration on the profile assign-

ment to identify their assigned performance standards. If a hospital’s profile is assigned to

other hospitals, we can analyze the metrics to determine the reasons based on hospital com-

parisons. This process reveals each hospital’s strengths and potential areas for improvement,

particularly in the context of addressing equity by maximizing the worst population quality

index.

Set 2-2: optimize the quality index for the lowest 10 population groups

For Set 2-2, weighted by vulnerability with equal weights for only the worst 10 population

group quality index, the optimal objective value improved by 6.8%, reaching 0.581 compared

to the original average quality index for the worst 10 population groups of 0.544 under the

current hospital functioning. Refer to Fig. 4.8 for the optimal hospital profile assignment.

The model assigns the profile of Hospital 30 to seven other hospitals, Hospital 8 to four

others, Hospital 19, 20, and 31 to three others, Hospitals 16 and 62 to two others, and

Hospital 1, 4, 5, 18, 33, and 61 to one other hospital each. Notably, across Set 1, Set 2-1,

and Set 2-2, the profiles of Hospital 30 and Hospital 8 were assigned to a considerable number

of hospitals, highlighting their high-quality trauma care for both larger population groups

and some of the most vulnerable groups.
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Figure 4.8: Optimal hospital assignment for model Set 2-2 maximize the worst 10

See Table 4.7 for the top 10 worst quality index population groups before assignment and

Table 4.8 for the top 10 worst quality index population groups after assignment. Initially, the

lowest quality indexes were mostly found among older adults with severe injuries, primarily

non-Hispanic/Latino White and Black males with self-pay or Medicare insurance. After the

profile assignment, the lowest quality indexes shifted to include more non-Hispanic/Latino

Other individuals and older females, with a mix of self-pay and Medicare insurance.

Table 4.7: Population groups with the lowest 10 quality index before profile assignment

No. Race and Ethnicity Sex Age Insurance Residence SDI ISS

1 non-Hispanic/Latino Other Male Older adults Self-pay High Severe

2 non-Hispanic/Latino Black Male Younger adults Medicare High Severe
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3 non-Hispanic/Latino White Male Older adults Self-pay Low Severe

4 non-Hispanic/Latino White Male Older adults Medicare Moderate Severe

5 Hispanic/Latino Female Older adults Medicare High Severe

6 non-Hispanic/Latino White Male Younger adults Self-pay Low Severe

7 non-Hispanic/Latino White Female Older adults Self-pay Mild Severe

8 non-Hispanic/Latino White Female Older adults Self-pay Moderate Severe

9 non-Hispanic/Latino Black Male Older adults Self-pay Mild Severe

10 non-Hispanic/Latino Other Male Older adults Medicare Moderate Severe

Table 4.8: Population groups with the lowest 10 quality index after profile assignment

No. Race and Ethnicity Sex Age Insurance Residence SDI ISS

1 Non-Hispanic/Latino Other Male Older adults Self-pay High Severe

2 Non-Hispanic/Latino Other Female Older adults Self-pay High Severe

3 Non-Hispanic/Latino Black Male Older adults Self-pay Mild Severe

4 Non-Hispanic/Latino White Male Older adults Self-pay High Severe

5 Non-Hispanic/Latino White Male Older adults Self-pay Low Severe

6 Non-Hispanic/Latino Black Male Older adults Self-pay High Severe

7 Hispanic/Latino Male Older adults Self-pay Low Severe

8 Non-Hispanic/Latino Other Male Older adults Medicare Low Severe

9 Non-Hispanic/Latino Black Male Older adults Medicare Moderate Severe

10 Non-Hispanic/Latino Black Female Older adults Self-pay Mild Severe

For all hospitals, similar analyses as conducted in Set 1 and Set 2-1 can be applied to

examine profile assignments and identify their performance standards. By evaluating how
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a hospital’s profile is assigned to other hospitals, we can analyze specific metrics to un-

cover reasons for these assignments based on hospital comparisons. This approach highlights

each hospital’s strengths and pinpoints areas for improvement, with a particular focus on

addressing equity by maximizing the quality index for the more disadvantaged population

groups.

See Fig. 4.9 for the histogram illustrating the Population Group Quality Index under

optimal profile assignment for the three sets. The histogram reveals several key insights:

when prioritizing larger population groups (Set 1), the highest quality index achieved is

greater, indicating better performance for the best-served groups, but the worst quality

index is lower, reflecting poorer outcomes for the least-served groups. Conversely, Set 2-2,

which prioritizes more vulnerable groups, results in a higher minimum quality index across all

population groups, though the maximum quality index is lower, indicating a more balanced

distribution of quality that enhances equity but slightly compromises peak performance.

Lastly, Set 2-1, focusing solely on the most vulnerable group, leads to the highest minimum

quality index, ensuring no group experiences very poor outcomes, but also results in the

lowest maximum quality index, indicating a reduction in the best performance achieved.

These observations highlight a fundamental trade-o↵ between overall performance and equity:

prioritizing larger population groups improves peak performance but can widen disparities,

while prioritizing vulnerable groups enhances equity by lifting the lowest-performing groups

but may lower peak performance. This trade-o↵ underscores the importance of carefully

considering objectives and priorities when designing optimal profile assignments, as strategies

favoring overall performance might di↵er from those aimed at maximizing equity.

4.5 Discussion

The results from the three optimization sets reveal trade-o↵s between overall performance

and equity in trauma care. Set 1, which weights the quality index by population size,

achieved a 4.4% improvement in the objective value, reaching 0.716 from 0.686. This ap-

proach prioritizes larger population groups, resulting in a higher peak quality index but a
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(a) Population group quality index histogram for Set 1: weighted by population size

(b) Population group quality index histogram for Set 2-2: maximize the worst ten groups

(c) Population group quality index histogram for Set 2-1: maximize the worst group

Figure 4.9: Population group quality index histogram under optimal profile assignment
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lower minimum index, reflecting greater disparities among the least-served groups. Hospital

8, assigned to 24 hospitals, delivers high-quality trauma care overall and is likely particularly

e↵ective in treating non-severe injuries among non-Hispanic/Latino White older adults with

Medicare insurance. Hospital 30, assigned to 5 hospitals, also provides high-quality trauma

care and may demonstrate notable strength in serving non-Hispanic/Latino Black younger

adults with Medicaid in high SDI areas.

Set 2, which focuses on vulnerability, represents a shift towards equity in trauma care.

Set 2-1, aimed at maximizing the lowest quality index, achieved a 15.5% improvement, ris-

ing from 0.502 to 0.580. This set features a wider variation in hospital profile assignments

compared to Set 1, reflecting a greater emphasis on equity and resulting in the most sig-

nificant enhancement of the worst quality index across all the optimization sets. Hospital

30’s profile, assigned to multiple hospitals, excels in specific metrics such as FAST exams,

indicating areas where other hospitals could improve. Meanwhile, Hospital 30’s own profile

assignment indicates potential areas for improvement, including tourniquet care, MRI and

CT imaging, and airway management. Set 2-2, which optimizes the quality index for the

ten worst-performing groups, improved by 6.8% to 0.581. This approach results in a higher

minimum quality index but a lower maximum index compared to Set 1, leading to a more

balanced quality distribution with minor reductions in peak performance.

The results of the optimization models o↵er each hospital valuable insights into profile

assignments and performance standards. By evaluating how a hospital’s profile is assigned

to other hospitals, the model enables a detailed analysis of specific metrics, uncovering

reasons for these assignments based on hospital comparisons. This approach highlights each

hospital’s strengths and identifies areas for improvement, particularly in addressing equity

by maximizing the quality index for the most disadvantaged population groups. It also helps

identify related resources necessary for enhancing performance, guiding hospitals in targeted

improvements to better serve diverse patient populations.



82

4.5.1 Contributions

The study has four main contributions. The first contribution is providing a comprehensive

analysis of a combination of geospatial and non-geospatial metrics of access to trauma care

and identifying disparities in access to care among di↵erent sociodemographic groups. More-

over, the development of a quality care index by combining these metrics aids in prioritizing

data collection on injuries and determining which metrics are crucial in measuring disparities

in high-quality trauma care access.

The second contribution is the study’s focus on both trauma care quality and equity.

While quality measures are essential for improving the overall patient outcomes in the trauma

system, solely focusing on quality may lead to disparities in access and outcomes for di↵er-

ent sociodemographic groups. On the other hand, solely focusing on equity may lead to

compromised care quality, which could result in worse outcomes for all patients. This study

develops an index that takes into account various metrics to assess the quality of trauma care

received by injured patients, with a specific focus on equity considerations among di↵erent

population groups. By using this quality index alongside equity formulations to optimize

resource allocation, this study prioritizes both quality and equity enhancements of trauma

care delivery in optimizing a trauma system.

The third contribution is the development of a performance-target optimization model for

resource allocation that addresses equity and improves care quality in a practical way. The

model takes full use of the current configuration for each hospital, which enables decision-

makers in the healthcare system to allocate limited resources and reduce medical underuse

and overuse [210] accordingly to the optimal performance goals while keeping the existing

number, locations, and levels of hospitals intact. By developing this model, this study o↵ers

insights into medical resource allocation to improve the quality and equity of trauma care

delivery without requiring additional investments in hospital dismantlement, rebuilding, and

infrastructure makeover. This approach can help inform policy and decision-making in the

healthcare system and ultimately improve patient outcomes.
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The fourth contribution is the innovative use of various statistical analyses, machine

learning, and optimization methods to evaluate and optimize the delivery of trauma care.

By integrating these methods, this study quantified the quality and equity of trauma care

delivery and developed optimal hospital functioning adjustment strategies considering the

current possible configuration for each hospital under limited resources. The methods em-

ployed in this study enable the identification of complex patterns and relationships within

the data that would not be apparent using traditional statistical methods alone. Moreover,

the flexible use of statistical, machine learning, and optimization techniques demonstrated

in this study provides a blueprint for future research in various healthcare applications. This

study provides a road map for similar studies that seek to optimize healthcare systems and

improve care delivery through a holistic and interdisciplinary approach.

4.5.2 Future directions

Future research could explore several modifications to enhance the optimization model. One

promising approach is the integration of additional constraints related to resource limitations.

For example, incorporating a cost associated with each profile assignment and setting an up-

per limit on the total cost could improve the model’s ability to maximize the quality index

improvement per unit cost. This adjustment is particularly relevant in resource-constrained

settings. Additionally, including data on hospital capacity and resource availability, such as

bed, sta↵, and equipment availability, would prevent hospitals from becoming either over-

burdened or underutilized. This approach would not only enhance the overall quality of care

but also ensure that resources are utilized in a way that maximizes their impact.

Another valuable direction is to account for patient choice in the optimization model.

Recognizing the importance of patient preferences, the model could incorporate patient-

hospital assignments as a decision variable. Allowing patients to choose from a set of eligible

hospitals while adhering to care guidelines could create a more flexible and patient-centered

healthcare system. This approach might involve considering factors such as transportation

time and distance, which significantly a↵ect patient outcomes and resource allocation deci-
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sions. By integrating these variables, the model could better address disparities in access to

care and ensure equitable access to high-quality healthcare services.

Lastly, incorporating uncertainty into the model could provide a more realistic evalua-

tion of resource allocation strategies. In practice, the quality of care can be influenced by

fluctuating factors like sta�ng levels, patient volume, and resource availability. Introducing

stochastic elements into the model, such as random variations in quality metrics or resource

availability, and employing stochastic and robust optimization techniques could help assess

the robustness of di↵erent strategies under varying scenarios. This would allow policymak-

ers to understand how various resource allocation strategies perform under uncertainty and

develop more e↵ective policies to improve trauma care delivery.

4.6 Conclusions

This study presents a systematic framework for optimizing statewide trauma systems by

integrating both care quality and population equity. Using state data, we established trauma

care quality metrics and combined sociodemographic factors and Injury Severity Score (ISS)

to create population groups. Using Principal Component Analysis (PCA), we weighted these

metrics to account for hospital variation and established a quality index to assess trauma

care delivery performance. Hospital profiles were developed and imputed using a linear

mixed-e↵ects model, revealing care performance across di↵erent population groups.

Our approach applied two key strategies: prioritizing larger population groups and ad-

dressing historically disadvantaged groups. The optimization models, reformulated as MILP

problems, assigned hospital profiles and highlighted discrepancies between current and op-

timal profiles. These insights guided e↵ective resource allocation and recommended specific

improvements, such as enhancing imaging capabilities and emergency protocols.

A critical finding of this study is the trade-o↵ between overall performance and equity.

When focusing on larger population groups, the models achieved higher performance levels

but at the expense of greater disparities in care quality for vulnerable populations. Con-

versely, prioritizing equity led to improvements in care quality for the most disadvantaged
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groups, although this approach resulted in slightly reduced peak performance.

Ultimately, this framework o↵ers actionable insights for enhancing trauma care systems.

It emphasizes the need to balance overall performance with equity considerations to ensure

both high standards of care and the needs of diverse populations are met. By guiding

hospitals in aligning their performance with optimal profiles and addressing specific areas

for improvement, this approach aims to elevate care standards and promote a more equitable

trauma care system.
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Chapter 5

CONCLUSION

This dissertation advances healthcare e↵ectiveness and equity by o↵ering a comprehen-

sive analysis of remote care technologies, trauma system variability, and hospital performance

optimization. By evaluating remote monitoring technologies for chronic conditions such as

chronic depression, the research demonstrates how these innovations can enhance person-

alized care and deliver cost-e↵ective solutions. The findings underscore the potential for

remote care to improve patient outcomes while managing healthcare costs. Additionally, by

examining variability within trauma systems and identifying gaps in care quality, the disser-

tation reveals significant disparities that current trauma center designations fail to address.

This research highlights the need for hospital-level, data-driven approaches to trauma care

management that can improve both e↵ectiveness and equity in acute care settings. By set-

ting optimized performance targets for hospitals, the dissertation ensures that advancements

in care are applied in ways that benefit diverse patient populations, ultimately promoting a

more equitable healthcare system.

The dissertation also introduces comprehensive methodological frameworks that serve

as valuable blueprints for future research, integrating decision-analytic, machine learning,

and optimization models based on patient-level data. For example, the decision-analytic

model employs a Markov-cohort approach to simulate disease progression and evaluate cost-

e↵ectiveness, o↵ering detailed insights into remote monitoring technologies. Machine learning

techniques, such as unsupervised clustering, are used to reveal patterns and discrepancies in

trauma care that conventional methods might overlook. Additionally, optimization models,

including mixed-integer linear programming, are developed to guide resource allocation and

improve performance. These multidisciplinary frameworks not only bridge theoretical in-
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sights with practical applications but also provide adaptable tools for addressing real-world

healthcare challenges. By combining these methodologies, the research delivers actionable

insights for enhancing healthcare delivery while establishing a foundation for future studies

to further develop and extend these analytical approaches.

This dissertation provides actionable guidelines for enhancing chronic disease manage-

ment in remote settings and improving the quality and equity of statewide acute trauma

care systems. By evaluating remote monitoring technologies, it o↵ers strategic recommen-

dations for their e↵ective implementation, addressing key development factors and various

scenarios. These insights suggest that remote care technologies can be integrated into health-

care systems for e�cient chronic condition management. Meanwhile, the research’s focus on

trauma care variability and the development of performance-target optimization models of-

fers valuable strategies for improving acute trauma care delivery. By addressing disparities

and leveraging comprehensive metrics, the guidelines support targeted resource allocation

strategies that enhance both care quality and equity. Designed to inform policy and prac-

tice, these recommendations aim to improve patient outcomes and promote a more equitable

distribution of healthcare resources. Overall, the dissertation’s contributions present a holis-

tic approach to advancing healthcare delivery, ensuring that innovations and improvements

yield meaningful benefits for diverse patient populations in both remote and in-person care

settings.
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Appendix A

APPENDIX OF CHAPTER 2

A.1 Supplement on Model Input Parameters

A.1.1 Background mortality and hazard ratio

the 2017 U.S. Centers for Disease Control (CDC) life tables [55]. We computed a weighted

mortality rate based on the sex distribution of our simulated population in the base case.

Patients with depression have a higher risk of death, thus we multiplied the mortality rates

by the hazard ratios of 1.59, 1.52, and 1.45 for depression levels S, M, and H, respectively [56].

In the sensitivity analysis, we assumed a 70% lower bound and a 130% upper bound.

A.1.2 Follow-up and treatment discontinuation

We assumed there are two types of discontinuations: follow-up discontinuation and treatment

discontinuation. They add up to be the total discontinuation [51,57]. Follow-up discontinu-

ation stands for the probability that the patient has not gone to the follow-up appointment

as scheduled. For the treatment discontinuation, we only considered drug discontinuation

due to adverse events [51, 57].

A.1.3 Remote monitoring technology

Remote monitoring technology is not yet mature and there is no standardized performance

evaluation. We used the sensitivity and specificity of the technology from Lin, et.al. [44]

that compared several machine-learning-based chronic depression monitoring algorithms.

We selected the sensitivity and specificity of the best-performed method [44] as our base

case. In the sensitivity analysis, we first explored how the sensitivity and specificity of the
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technology would a↵ect its cost-e↵ectiveness under di↵erent monitoring costs for all three

groups. We exhaustively tested all sensitivity and specificity ranging from 0 to 1 with a gap

of 0.1.

A.1.4 Treatment e↵ectiveness

While di↵erent treatments can have similar remission and response rates, existing studies

have shown that treatment tends to be less e↵ective as patients become sicker and undergo

multiple treatment lines [51, 58]. In this model, we used the same remission and response

probability for every three treatment lines. We estimated the remission and response proba-

bility as 0.397 and 0.631 in the base case, respectively, for the 1st treatment line and used the

relative risk versus the first line to calculate the e↵ectiveness for the remaining lines [51,58].

In the sensitivity analysis, we changed the treatment e↵ectiveness in three ways: adjusting

only the remission and response probability in the 1st line; adjusting only the relative risk

for the 2nd -9th lines; and adjusting both.

A.1.5 Costs

All costs were adjusted to 2023 USD.

Since remote monitoring is a relatively new technology, we assumed it could be a smart-

phone app to survey PHQ-9 combined with a call for medical consultation or follow-up

scheduling. Thus, we estimated the base case monitoring cost according to CPT codes

99441 and 98966 [59] to be $10 in the Year 2019. We estimated the upper bound to be $20

based on the remote physiologic monitoring CPT code 99453 [59]. For the lower bound, we

assumed free technology usage [60]. We adjusted the cost to Year 2023.

We estimated the follow-up cost to be $110 from the 2019 CPT code 99214 and estimated

the lower bound and upper bound from CPT code 99213 and 99215, respectively [61] in the

Year 2019. We separated the follow-up appointment cost from the total healthcare cost

which is used as the background treatment cost [62]. We calculated the monthly drug cost

based on commonly prescribed antidepressants such as fluoxetine and sertraline [64] and
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their current price [63] (see Table A.1). When a patient drops out of treatment due to

an adverse event, we subtracted only the drug cost from the background treatment cost.

We used the same treatment cost for treatment lines with the same remission and response

probability. The background cost increased with additional treatment lines, denoting the

patients’ deteriorating general health conditions by failing multiple treatments [62]. We

adjusted the cost to Year 2023.

Table A.1: Monthly drug cost estimation in the Year 2019

Drug Dosage

(mg/day)

# Patients % Patients Average

monthly cost

Weighted av-

erage cost

Citalopram 20 6304 17% 16 2.72

Duloxetine 60 4460 12% 123.47 14.86

Bupropion 300 4364 12% 64.32 7.57

Sertraline 50 4173 11% 27.59 3.11

Fluoxetine 20 3631 10% 21.23 2.08

Escitalopram 20 3475 9% 71.41 6.69

Trazodone 100 3220 9% 15.4 1.34

Venlafaxine 150 2989 8% 71.54 5.77

Mirtazapine 15 2248 6% 38.29 2.32

Paroxetine 20 2201 6% 22.24 1.32

Total 37065 100% 47.78

A.1.6 Health utility

We estimated the utility values based on the PHQ-9 score range assigned for each level. In

the base case, the utility for levels S, M, and H was 0.493, 0.62, and 0.7, respectively [65].
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A.2 Supplement Results from One-Way Sensitivity Analysis

We varied the parameters to their lower and upper bound separately. For the treatment

e↵ects, since the remission rate and response rate for the 2nd-9th treatment lines are mea-

sured as a relative risk to the first line, we varied them in two scenarios: changing only the

first line remission and response rate or keeping the first line and changing the relative risks.

The first way is interpreted as improving or weakening all treatment e↵ects, while the second

way examines the impact of increasing or decreasing the di↵erence between treatment lines.

We varied the remission rate, the response rate, and the background treatment cost for each

line in the same direction.

Tornado plots of the ICERs for adaptive technology versus rule-based strategy in the three

groups as shown in Figures A.1 to A.3. The majority of the ICERs are below $81,630/QALY,

which means the technology is robustly cost-e↵ective. In all groups, the two most significant

parameters are background treatment cost increment through treatment lines and remis-

sion/response rate for all treatment lines, followed by the utility of severe depression. The

remission/response reduction through treatment lines and drug costs is also important. Thus,

remote monitoring technology is more cost-e↵ective if patients spend less for further treat-

ment after failures, if the treatment is more e↵ective, and if patients su↵er more from severe

depression.

A.3 Other Supplemental Tables and Figures

Table A.2: Three depression levels for the Markov model

Depression severity level PHQ-9 score range

H (healthy) 0 - 4

M (mild) 5 - 9

S (moderate & severe) 10 - 27
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Figure A.1: Tornado plot for one-way sensitivity analysis in the high-risk group

Figure A.2: Tornado plot for one-way sensitivity analysis in the medium-risk group

Figure A.3: Tornado plot for one-way sensitivity analysis in the low-risk group
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Figure A.4: All feasible Markov state transitions

Figure A.5: Overview of the Markov-cohort model to simulate depression progression
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Table A.3: Transition matrix for the high-risk group

HH MH SH HM MM SM HS MS SS

HH 0.8333 0.1667 0.0000

MH 0.2941 0.6471 0.0588

SH 0.1333 0.4667 0.4000

HM 0.0588 0.6471 0.2941

MM 0.1343 0.7313 0.1343

SM 0.1250 0.2625 0.6125

HS 0.1111 0.0000 0.8889

MS 0.0625 0.1406 0.7969

SS 0.0098 0.0669 0.9233

Table A.4: Transition matrix for the medium-risk group

HH MH SH HM MM SM HS MS SS

HH 0.7869 0.2131 0.0000

MH 0.3582 0.4478 0.1940

SH 0.1795 0.5641 0.2564

HM 0.2188 0.5313 0.2500

MM 0.0838 0.7614 0.1548

SM 0.1394 0.3990 0.4615

HS 0.1111 0.2963 0.5926

MS 0.0538 0.2097 0.7366

SS 0.0244 0.1388 0.8368
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Table A.5: Transition matrix for the low-risk group

HH MH SH HM MM SM HS MS SS

HH 0.8762 0.1158 0.0080

MH 0.5321 0.4312 0.0367

SH 0.3226 0.4194 0.2581

HM 0.2602 0.6098 0.1301

MM 0.1730 0.7075 0.1195

SM 0.2881 0.5254 0.1864

HS 0.2500 0.1875 0.5625

MS 0.0968 0.2258 0.6774

SS 0.0414 0.1862 0.7724

Table A.6: Initial distribution for the high-risk group

HH MH SH HM MM SM HS MS SS

0 0 0 0 0 0 0.0234 0.0469 0.9297

Table A.7: Initial distribution for the medium-risk group

HH MH SH HM MM SM HS MS SS

0 0 0 0.0260 0.1250 0.1302 0.0313 0.1198 0.5677
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Table A.8: Initial distribution for the low-risk group

HH MH SH HM MM SM HS MS SS

0.3306 0.0968 0.1452 0.0645 0.2177 0.1452 0 0 0

Table A.9: Base case results for the high-risk group

Strategy Cost, $ QALYs ICER, $/QALY

Fixed frequency 6-month 36569 1.0545

Fixed frequency 4-month 37620 1.0752 50734

Rule-based 39328 1.1049 57570

Remote monitoring technology 39757 1.1123 57901

Fixed frequency 2-month 39825 1.1127 173366

Table A.10: Base case results for the medium-risk group

Strategy Cost, $ QALYs ICER, $/QALY

Fixed frequency 6-month 36487 1.1020

Fixed frequency 4-month 37515 1.1172 67702

Rule-based 38964 1.1363 75707 extended dominated

Remote monitoring technology 39662 1.1459 74830

Fixed frequency 2-month 39750 1.1452 -127741 dominated
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Table A.11: Base case results for the low-risk group

Strategy Cost, $ QALYs ICER, $/QALY

Fixed frequency 6-month 36240 1.2314

Fixed frequency 4-month 36898 1.2410 68488

Rule-based 37385 1.2479 71223

Remote monitoring technology 38331 1.2611 71545

Fixed frequency 2-month 38642 1.2600 -283740 dominated

Table A.12: Parameter settings in sensitivity analysis of technology factors

Factor Number of levels Levels

Sensitivity of the technology 11 [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0]

Specificity of the technology 11 [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0]

Cost of the technology, per month 3 [$0, $10, $20]

Group type 3 [High-risk, Medium-risk, Low-risk]

Table A.13: Scenarios for two-way and multi-way sensitivity analysis

No. Scenarios

1 low follow-up discontinuation; low treatment discontinuation

2 high follow-up discontinuation; high treatment discontinuation
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3 low all-line remission&response probability

4 high all-line remission&response probability

5 low all-line remission&response probability; low treatment discontinuation

6 high all-line remission&response probability; high treatment discontinuation

7 low all-line remission&response probability; high treatment discontinuation

8 high all-line remission&response probability; low treatment discontinuation

9 low all-line remission&response probability; low drug cost

10 high all-line remission&response probability; high drug cost

11 low all-line remission&response probability; high drug cost

12 high all-line remission&response probability; low drug cost

13 low 1st-3rd line remission&response probability; low treatment discontinuation

14 high 1st-3rd line remission&response probability; high treatment discontinuation

15 low 1st-3rd line remission&response probability; high treatment discontinuation

16 high 1st-3rd line remission&response probability; low treatment discontinuation

17 low 1st-3rd line remission&response probability; low drug cost

18 high 1st-3rd line remission&response probability; high drug cost

19 low 1st-3rd line remission&response probability; high drug cost

20 high 1st-3rd line remission&response probability; low drug cost

21 low 4th-9th line remission&response relative risk; low treatment discontinuation

22 high 4th-9th line remission&response relative risk; high treatment discontinuation

23 low 4th-9th line remission&response relative risk; high treatment discontinuation

24 high 4th-9th line remission&response relative risk; low treatment discontinuation

25 low background treatment cost; low follow-up cost

26 high background treatment cost; high follow-up cost

27 low background treatment cost; high follow-up cost

28 high background treatment cost; low follow-up cost

29 low background treatment cost; low drug cost
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30 high background treatment cost; high drug cost

31 low background treatment cost; high drug cost

32 high background treatment cost; low drug cost

33 low follow-up cost; low drug cost

34 high follow-up cost; high drug cost

35 low follow-up cost; high drug cost

36 high follow-up cost; low drug cost

37 low 4th-9th line remission&response relative risk; low drug cost

38 high 4th-9th line remission&response relative risk; high drug cost

39 low 4th-9th line remission&response relative risk; high drug cost

40 high 4th-9th line remission&response relative risk; low drug cost

41 low background treatment cost; low follow-up cost; low drug cost

42 high background treatment cost; high follow-up cost; high drug cost

43 low background treatment cost; low follow-up cost; high drug cost

44 high background treatment cost; high follow-up cost; low drug cost

45 low background treatment cost; high follow-up cost; high drug cost

46 high background treatment cost; low follow-up cost; low drug cost

47 low utility; high follow-up discontinuation; high mortality hazard ratio

48 high utility; low follow-up discontinuation; low mortality hazard ratio
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Figure A.6: ICER for $0 adaptive remote monitoring technology versus rule-based follow-up

strategy in the high-risk group

Figure A.7: ICER for $12 adaptive remote monitoring technology versus rule-based follow-

up strategy in the high-risk group
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Figure A.8: ICER for $24 adaptive remote monitoring technology versus rule-based follow-

up strategy in the high-risk group

Figure A.9: ICER for $0 adaptive remote monitoring technology versus rule-based follow-up

strategy in the medium-risk group
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Figure A.10: ICER for $12 adaptive remote monitoring technology versus rule-based follow-

up strategy in the medium-risk group

Figure A.11: ICER for $24 adaptive remote monitoring technology versus rule-based follow-

up strategy in the medium-risk group
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Figure A.12: ICER for $0 adaptive remote monitoring technology versus rule-based follow-

up strategy in the low-risk group

Figure A.13: ICER for $12 adaptive remote monitoring technology versus rule-based follow-

up strategy in the low-risk group
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Figure A.14: ICER for $24 adaptive remote monitoring technology versus rule-based follow-

up strategy in the low-risk group
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Appendix B

APPENDIX OF CHAPTER 3

B.1 Supplemental Methods

B.1.1 PCG supplement

Using our team’s trauma expertise, we grouped specific MPs into larger groups of common

procedures performed for injuries (i.e., craniotomy, repair of open fracture of the upper

extremity, etc.) (Table B.1), then linked these categories to the related body region and

the AIS score for that body region. The body regions include the head, neck, face, upper

extremities, lower extremities, chest, and abdomen. We obtained the maximum AIS score

from the ISS calculation R package [95] for each of the six ISS body regions: head and

neck, face, extremities, chest, abdomen, and general. For the diagnosis codes that are not

successfully converted, we matched them with AIS codes provided by the coder in Harborview

Medical Center, then identified the injury body regions and injury scores. The 1st digit of the

AIS code represents body region, which includes head, face, neck, thorax, abdomen, spine,

upper extremity, lower extremity, and unspecified; the 7th digit of the AIS code represents

severity score, which includes 1,2,3,4,5,6, and 9 [94]. Since the AIS code is in more detail

than the ICD-10-CM code, each diagnosis code may be related to more than one AIS code.

To match what we obtained from the ISS calculation R package [95], we converted the AIS

code body region as shown in Table B.2. If one diagnosis code is related to more than one

severity score, we calculated the average to be the injury score of that code; If the score

is 9 which is not further specified, we treated it as 0. Then we calculated the maximum

AIS score for each of the six ISS body regions for admissions with unconverted diagnosis

code(s). Since we do not know which diagnosis related to which procedure, we assigned the

augmented body region maximum AIS scores accordingly to the PCGs as shown in Table B.3
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within the same admission to approximate the injury severity for each procedure.

Table B.1: Common procedure categories for PCGs

Category No. Common procedure categories

1 Amputation

2 Cardiac

3 Control of hemorrhage

4 Craniectomy

5 Craniotomy

6 Ex fix

7 Exploratory laparotomy/other abdominal surgery

8 Facial fractures

9 Gynecology

10 Joint

11 Neck exploration

12 Open fixation

13 Open pelvis fixation

14 Ophthalmology

15 Other ent

16 Other general surgery

17 Other neurosurgery

18 Other orthopedics

19 Other subspecialty

20 Other thoracic

21 Other urology

22 Other vascular procedures
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23 Pelvis external fixation

24 Percutaneous fixation

25 Percutaneous pelvic fixation

26 Peripheral nerve

27 Reconstruction

28 Rib fixation

29 Spine procedures

Table B.2: AIS conversion

1st digit of the AIS code AIS code body region Conversion method

1 Head Belongs to ”head and neck”

2 Face Belongs to ”face”

3 Neck Belongs to ”head and neck”

4 Thorax Belongs to ”chest”

5 Abdomen Belongs to ”abdomen”

6 Spine Manually checked each related diagnosis

code and grouped

7 Upper extremity Belongs to ”extremities”

8 Lower extremity Belongs to ”extremities”

9 Unspecified Belongs to ”general”
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Table B.3: PCG body region AIS severity score assignment

PCG body region Assigned AIS score

Head Maximum ”head and neck” AIS score

Neck Maximum ”head and neck” AIS score

Face Maximum ”face” AIS score

Upper extremities Maximum ”extremities” AIS score

Lower extremities Maximum ”extremities” AIS score

Chest Maximum ”chest” AIS score

Abdomen Maximum ”abdomen” AIS score

B.1.2 Social indices supplement

We used the Social Vulnerability Index (SVI) [101] for patients’ home residences and Social

Deprivation Index (SDI) [102] for hospitals’ locations. Social vulnerability is derived using

several factors including poverty, lack of access to transportation, and crowded housing

that may weaken a community’s ability to prevent human su↵ering and financial loss in a

disaster [101]. The SVI ranks each census tract on these social factors based on percentiles

with values ranging from 0 to 1, with higher values indicating greater vulnerability [101].

The SDI was developed to quantify levels of disadvantage in income, education, housing,

transportation, and employment across small areas, evaluate their associations with health

outcomes, and address health inequities [102]. The SDI ranges from 0 to 100 for each census

tract with higher scores indicating higher deprivation [102]. We linked the zip codes of the

patient residences and hospital addresses to census tracts [216], then averaged the SVI and

SDI across the census tracts in each zip code. We included social indices to explore the

relationship between the SDI of TCs/non-TCs location and SVI of the patient residence and
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we expect that patients living in areas with higher SVI tend to go to TCs/non-TCs located

in the area with higher SDI. We calculated the patient SVI for each hospital as the average

SVI among all the patient residence zip codes. Figure B.1 maps the SDI of hospital zip

codes with average patient SVI in TCs/non-TCs in WA state and zooms in on King County,

Snohomish County, and Pierce County. Figure B.2 includes only level I, II, and III TCs

instead of all level TCs/non-TCs in WA state.

Figure B.1: (a) SDI of hospital zip code with average patient SVI in TCs/non-TCs in WA

state, (b) SDI of hospital zip code with average patient SVI in TCs/non-TCs in King County,

Snohomish County, and Pierce County
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Figure B.2: SDI of hospital zip code with average patient SVI in level I, II, III TCs in WA

state

B.1.3 Clustering analysis method supplement

For Set 1 and Set 2, we standardized the original features to be on the same scale. Specifically,

we standardized the features that are not in the [0, 1] range to [0, 1] using the min-max

standardization [217]:

zi =
xi �min(x)

max(x)�min(x)
(B.1)

, where min(x)/max(x) is the minimum/maximum value of this feature among all hospitals.

For SDI with a range of [0, 100], we divided it by 100 to scale it down to the [0, 1] range. For

Set 3-1 and Set 3-2, the features are already on the same scale, therefore, no standardization

is needed. For each set, we carried out Principal Component Analysis (PCA) on the stan-

dardized features to reduce the dimensions of the original features and remove collinearity.
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PCA is an orthogonal linear transformation of the original features into new independent

features denoted as principal components [103]. The 1st principal component is the most

important since it contains the most variation in the data, the 2nd principal component con-

tains the second most variation, and so on [103]. We selected the top components reaching

90% of the total variation [103]. We conducted an unsupervised clustering analysis using

Partition Around Medoids (PAM) [104] method on WA TCs/non-TCs based on the selected

principal components. We chose the number of clusters mainly based on the Silhouette

method, which is a measure of how similar a TC/non-TC is to its own cluster compared to

other clusters [218]. We displayed the results using t-distributed stochastic neighbor embed-

ding (t-SNE) [219], which is a statistical method for visualizing high-dimensional data by

giving each data point a location in a two or three-dimensional map.

B.1.4 Other supplemental tables

Table B.4: Transfer-out status list

Code Code value

1 Discharged to home/self care (routine charge).

2 Discharged/transferred to other short term general hospital for inpatient care.

3 Discharged/transferred to skilled nursing facility (SNF) with Medicare certification

in anticipation of covered skilled care – (For hospitals with an approved swing bed

arrangement, use Code 61 - swing bed. For reporting discharges/transfers to a non-

certified SNF, the hospital must use Code 04 - ICF.

4 Discharged/transferred to intermediate care facility (ICF).

5 Discharged/transferred to another type of institution for inpatient care (including

distinct parts). NOTE: E↵ective 1/2005, psychiatric hospital or psychiatric distinct

part unit of a hospital will no longer be identified by this code. New code is ’65’

6 Discharged/transferred to home care of organized home health service organization.

7 Left against medical advice or discontinued care.
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8 Discharged/transferred to home under care of a home IV drug therapy provider.

(discontinued e↵ective 10/1/05)

9 Admitted as an inpatient to this hospital (e↵ective 3/1/91). In situations where

a patient is admitted before midnight of the third day following the day of an

outpatient service, the outpatient services are considered inpatient.

20 Expired (did not recover - Christian Science patient).

21 Discharged/transferred to Court/Law Enforcement (e↵. 10/2009)

30 Still patient or expected to return for outpatient services

40 Expired at home (hospice claims only)

41 Expired in a medical facility such as hospital, SNF, ICF, or freestanding hospice.

(Hospice claims only)

42 Expired - place unknown (Hospice claims only)

43 Discharged/transferred to a federal hospital (e↵. 10/1/03)

50 Hospice - home (e↵. 10/96)

51 Hospice - medical facility (e↵. 10/96)

61 Discharged/transferred within this institution to a hospital-based Medicare ap-

proved swing bed (e↵. 9/01)

62 Discharged/transferred to an inpatient rehabilitation facility including distinct parts

units of a hospital. (e↵. 1/2002)

63 Discharged/transferred to a long term care hospitals. (e↵. 1/2002)

65 Discharged/Transferred to a psychiatric hospital or psychiatric distinct unit of a

hospital (these types of hospitals were pulled from patient/discharge status code

’05’ and given their own code). (e↵. 1/2005).

66 Discharged/transferred to a Critical Access Hospital (CAH) (e↵. 1/1/06)

69 Discharged/transferred to a designated disaster alternative care site (e↵. 10/2013)

70 Discharged/transferred to another type of health care institution not defined else-

where in code list.

71 Discharged/transferred/referred to another institution for outpatient services as

specified by the discharge plan of care (e↵. 9/01) (discontinued e↵ective 10/1/05)
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81 Discharged to home or self-care with a planned acute care hospital readmission (e↵.

10/2013)

82 Discharged/transferred to a short term general hospital for inpatient care with a

planned acute care hospital inpatient readmission (e↵. 10/2013)

83 Discharged/transferred to a skilled nursing facility (SNF) with Medicare certification

with a planned acute care hospital inpatient readmission (e↵. 10/2013)

84 Discharged/transferred to a facility that provides custodial or supportive care with

a planned acute care hospital inpatient readmission (e↵. 10/2013)

85 Discharged/transferred to a designated cancer center or children’s hospital with a

planned acute care hospital inpatient readmission (e↵. 10/2013)

86 Discharged/transferred to home under care of organized home health service orga-

nization with a planned acute care hospital inpatient readmission (e↵. 10/2013)

87 Discharged/transferred to court/law enforcement with a planned acute care hospital

inpatient readmission (e↵. 10/2013)

88 Discharged/transferred to a federal health care facility with a planned acute care

hospital inpatient readmission (e↵. 10/2013)

89 Discharged/transferred to a hospital-based Medicare approved swing bed with a

planned acute care hospital inpatient readmission (e↵. 10/2013)

90 Discharged/transferred to an inpatient rehabilitation facility (IRF) including re-

habilitation distinct part units of a hospital with a planned acute care hospital

inpatient readmission (e↵. 10/2013)

91 Discharged/transferred to a Medicare certified long term care hospital (LTCH) with

a planned acute care hospital inpatient readmission (e↵. 10/2103)

92 Discharged/transferred to nursing facility certified under Medicaid but not certi-

fied under Medicare with a planned acute care hospital inpatient readmission (e↵.

10/2013)

93 Discharged/transferred to a psychiatric hospital/distinct part unit of a hospital with

a planned acute care hospital inpatient readmission (e↵. 10/2013)
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94 Discharged/transferred to a critical access hospital (CAH) with a planned acute

care hospital inpatient readmission (e↵. 10/2013)

95 Discharged/transferred to another type of health care institution not defined else-

where in this code list with a planned acute care hospital inpatient readmission (e↵.

10/2013)

Table B.5: Trauma diagnosis codes that cannot be converted

No. ICD10CM Code

1 S62024B

2 S63435A

3 S82245C

4 S90529A

5 S95292A

6 T22641A

7 T22649A

Table B.6: Clustering features of set 1 and set 2

Feature category Feature description # Features

Gender % Male in trauma admissions 1

% Male in non-trauma admissions 1

Age Age median in trauma admissions 1

Age median in non-trauma admissions 1
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Admission type # Trauma admission 1

% Trauma admission in total admissions 1

Transfer type % Transferred-in in trauma admissions 1

% Transferred-out in trauma admissions 1

% Transferred-in in non-trauma admissions 1

% Transferred-out in non-trauma admissions 1

Insurance payer type % Private payer in trauma admissions 1

% Private payer in non-trauma admissions 1

% low-income payer in trauma admissions 1

% low-income payer in non-trauma admissions 1

ISS Min ISS median in trauma admissions 1

% Min ISS over 15 in trauma admissions (/ # of min ISS exists) 1

Mechanism type % Blunt in trauma admissions 1

% Penetrating in trauma admissions 1

% Burn in trauma admissions 1

Social Index SDI in the TC/non-TC area 1

SVI mean in trauma admissions’ residence 1

SVI mean in non-trauma admissions’ residence 1

MPs # MPs carried out for non-trauma admissions 1

# MPs carried out for trauma admissions 1

% All the 6 subgroups in total MPs for non-trauma admissions 6

% All the 6 subgroups in total MPs for trauma admissions 6

PCG Cluster labels of # PCG in Major General Surgery for trauma

admissions

1

Cluster labels of # PCG in Major Orthopedics for trauma ad-

missions

1

Cluster labels of # PCG in Major Neurosurgery for trauma ad-

missions

1

Cluster labels of # PCG in Major Urology for trauma admissions 1
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Cluster labels of # PCG in Major Subspecialty for trauma ad-

missions

1

PCG % Each PCG in MPs for trauma admissions 438

Abbreviations: ISS (Injury Severity Score); SDI (Social Deprivation Index); SVI (Social Vulnerability

Index); MP (major therapeutic procedures); PCG (Procedure Complexity Group).

B.2 Supplemental Results

Table B.7: Summary of surgical care and other features by trauma center level for all state

hospitals (TCs and non-TCs)

Trauma center level

TC/non-TC fea-

tures

Total I II III IV V Non-

Trauma

P-

value
†

Number of hospitals 100 1 7 24 35 14 19 /

Admission type

Total admissions, n 635973 14747 152800 242018 85695 4562 136151 /

Total trauma admis-

sion, n (%)

34645

(5%)

5605

(38%)

9011

(6%)

11364

(5%)

4277

(5%)

240

(5%)

4148

(3%)

< 0.001

Trauma Admissions,

per hospital, med

(IQR)

102.5

(13.75,

424.75)

5605 1305

(1066,

1632)

425

(237.5,

647.2)

66

(19,

137.5)

9

(2,

15.25)

17

(3.5,

338.5)

< 0.001

Gender

Admissions Female, n

(%)

362747

(57%)

5295

(36%)

86058

(56%)

142417

(59%)

49285

(58%)

2827

(62%)

76865

(56%)

< 0.001

Trauma admissions fe-

male, n (%)

17168

(50%)

1758

(31%)

4253

(47%)

6143

(54%)

2520

(59%)

153

(64%)

2341

(56%)

< 0.001
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Female trauma pa-

tients, by hospital,

med (IQR)

62

(9,

242)

1758 594

(509.5,

800.5)

240.5

(117,

353.8)

42

(9,

76.5)

8

(5,

10.5)

4

(2,

186.5)

< 0.001

Age

Age in years- all pa-

tients, med (IQR)

53 (27,

70)

53 (36,

65)

53 (25,

70)

54 (27,

72)

59 (32,

74)

55 (25,

75)

46 (22,

67)

0.005

Age in years- trauma

patients, med (IQR)

66 (46,

81)

47 (28,

64)

63 (41,

78)

71 (56,

84)

73 (58,

85)

75 (62,

86)

69 (49,

83)

<

0.001‡

Transfer type

Trauma admit trans-

ferred in, n (%)

4897

(14%)

2832

(51%)

734

(8%)

485

(4%)

86

(2%)

0 (0%) 760

(18%)

< 0.001

Trauma admissions

transferred in, per

hospital, med (IQR)

1

(0, 11)§

2832 65

(40,

110.5)

7.5

(1,

23.75)

1

(0, 2.5)

0 (0, 0) 3 (1, 47) < 0.001

Patients transfer out

total, n (% in admis-

sion)

15128

(2%)

204

(1%)

1752

(1%)

5447

(2%)

4426

(5%)

492

(11%)

2807

(2%)

< 0.001

Trauma patients

transferred out, n

(%)¶

996

(3%)

80

(1%)

183

(2%)

313

(3%)

261

(6%)

49

(20%)

110 (3%) < 0.001

Trauma patients

transferred out, per

hospital k, med (IQR)

6

(2,

12.25)

80 18

(15.5,

31.5)

12

(8.75,

15.75)

6

(4, 9.5)

2

(0,

5.75)

1 (0, 6.5) < 0.001

Payer type in trauma admissions
††

Private, n (%) 10286

(30%)

2243

(40%)

2829

(31%)

2975

(26%)

1122

(26%)

49

(20%)

1068

(26%) < 0.001

Low Income, n (%) 6394

(18%)

1882

(34%)

1975

(22%)

1303

(11%)

576

(13%)

27

(11%)

631

(15%)
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Other, n (%)†† 17965

(52%)

1480

(26%)

4207

(47%)

7086

(62%)

2579

(60%)

164

(68%)

2449

(59%)

Percent private per

hospital, med % (IQR)

23%

(11%,

29%)

0.4 31%

(29%,

35%)

23%

(17%,

26%)

18%

(9%,

28%)

8%

(3%,

23%)

24%

(22%,

33%)

0.01

Percent low-income

per hospital, med %

(IQR)

13%

(6%,

19%)

0.34 20%

(17%,

27%)

12%

(9%,

14%)

11%

(3%,

17%)

11%

(3%,

16%)

12%

(2%,

42%)

0.09

Percent other per hos-

pital, med % (IQR)

65%

(52%,

75%)

0.26 52%

(36%,

53%)

64%

(58%,

69%)

70%

(55%,

84%)

80%

(62%,

88%)

64%

(11%,

71%)

0.007

Injury Severity Score (ISS)

ISS§, med (IQR) 4

(1, 10)

9

(2, 19)

6

(1, 16)

4 (1, 9) 4 (1, 9) 4 (1, 9) 4 (1, 9) 0.007‡‡

Injury Mechanism in trauma admissions

Total Blunt, n (%) 25384

(73%)

3837

(68%)

6761

(75%)

8676

(76%)

3151

(74%)

151

(63%)

2808

(68%)

< 0.001Total Penetrating, n

(%)

1503

(4%)

435

(8%)

470

(5%)

341

(3%)

149

(3%)

*** 107 (3%)

Total Burn, n (%) 540

(2%)

411

(7%)

48

(1%)

51

(0.4%)

13

(0.3%)

*** 13

(0.3%)

Total Other, n (%) 3247

(9%)

372

(7%)

914

(10%)

1125

(10%)

429

(10%)

14

(6%)

393 (9%)

Total Missing, n (%) 3971

(11%)

550

(10%)

818

(9%)

1171

(10%)

535

(13%)

70

(29%)

827

(20%)

Blunt per hospital,

med (IQR)

82

(8,

314)

3837 973

(779,

1257.5)

334.5

(182.2,

500.5)

51

(14.5,

101)

5

(4, 13)

1

(0,

219.5)

< 0.001
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Penetrating per hospi-

tal, med (IQR)

3

(0, 13)

435 71

(46,

90)

12.5

(8,

19.25)

2

(0, 5.5)

0 (0, 0) 0 (0, 5.5) < 0.001

Burn per hospital, med

(IQR)

0 (0, 2) 411 7

(5.5, 7)

2

(1,

3.25)

0

(0, 0.5)

0 (0, 1) 0 (0, 1) < 0.001

Other per hospital,

med (IQR)

7

(0, 44)

372 140

(103,

172)

43

(18.75,

55.25)

3

(1,

11.5)

0 (0, 0) 0 (0, 28) < 0.001

Social Index

SDI in hospital area,

by hospital, med

(IQR)

54

(45.6,

65.83)

73.88 75

(68.73,

91.5)

54.06

(44.73,

69.01)

53.67

(48.31,

61.08)

46.4

(42.33,

53.38)

49.67

(40.72,

66.11)

0.01

SVI in trauma admis-

sions’ residence, med

(IQR)

0.51

(0.36,

0.65)

0.51

(0.35,

0.66)

0.52

(0.41,

0.65)

0.51

(0.36,

0.65)

0.53

(0.40,

0.67)

0.44

(0.41,

0.70)

0.40

(0.18,

0.57)

< 0.001

SVI in non-trauma

admissions’ residence,

med (IQR)

0.52

(0.36,

0.66)

0.56

(0.40,

0.68)

0.52

(0.42,

0.65)

0.52

(0.37,

0.69)

0.55

(0.43,

0.69)

0.50

(0.41,

0.78)

0.44

(0.25,

0.63)

< 0.001

Major Therapeutic Procedure (MP)

Total MP, n 322878 16755 77357 108322 33534 1026 85884 /

Unique MP for

trauma, n

3420 1688 1578 1474 694 41 1036 /

MP for trauma, n (%

in total MP)

28418

(9%)

8025

(48%)

6645

(9%)

7965

(7%)

2578

(8%)

79

(8%)

3126

(4%)

< 0.001

MP for trauma by hos-

pital, med (IQR)

198

(65,

436)

8025 911

(708,

1040)

276.5

(139.8,

451.5)

67.5

(13.75,

147.25)

39.5

(36.25,

42.75)

292 (198,

432)

< 0.001
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General Surgery for

trauma, n (% in MP

for trauma)

3122

(11%)

1042

(13%)

934

(14%)

642

(8%)

114

(4%)

0 (0%) 390

(12%)

< 0.001
Orthopedics for

trauma, n (% in MP

for trauma)

19016

(67%)

4291

(53%)

4286

(64%)

6218

(78%)

2185

(85%)

75

(95%)

1961

(63%)

Neurosurgery for

trauma, n (% in MP

for trauma)

3686

(13%)

1436

(18%)

840

(13%)

711

(9%)

122

(5%)

2 (3%) 575

(18%)

Urology for trauma, n

(% in MP for trauma)

187

(1%)

43

(1%)

35

(1%)

57

(1%)

19

(1%)

0 (0%) 33 (1%)

Subspecialty for

trauma, n (% in MP

for trauma)

2246

(8%)

1203

(15%)

511

(8%)

279

(4%)

111

(4%)

2 (3%) 140 (4%)

Other MP for trauma,

n (% in MP for

trauma)

167

(1%)

10

(0.1%)

42

(1%)

62

(1%)

30

(1%)

0 (0%) 23 (1%)

General Surgery for

non-trauma, n (% in

MP for non-trauma)

108070

(37%)

2025

(23%)

31943

(45%)

33737

(34%)

8860

(29%)

164

(17%)

31341

(38%)

< 0.001
Orthopedics for non-

trauma, n (% in MP

for non-trauma)

58887

(20%)

2048

(23%)

11783

(17%)

20860

(21%)

9320

(30%)

263

(28%)

14613

(18%)

Neurosurgery for non-

trauma, n (% in MP

for non-trauma)

40083

(14%)

3274

(38%)

7819

(11%)

13234

(13%)

3947

(13%)

7 (1%) 11802

(14%)

Urology for non-

trauma, n (% in MP

for non-trauma)

13206

(4%)

273

(3%)

2768

(4%)

4060

(4%)

1296

(4%)

48

(5%)

4761

(6%)
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Subspecialty for non-

trauma, n (% in MP

for non-trauma)

12365

(4%)

968

(11%)

2521

(4%)

2374

(2%)

824

(3%)

11

(1%)

5667

(7%)

Other MP for non-

trauma, n (% in MP

for non-trauma)

61767

(21%)

98

(1%)

14015

(20%)

26149

(26%)

6697

(22%)

451

(48%)

14357

(17%)

† Statistical tests were applied based on the distribution of the data point. Obtain p-values for medians

from Krusal-Wallis test, and for proportions from Chi-squared test.

‡ P-value 0.2724 for level 1 and 2; < 0.001 for level 3, 4, 5, and non-trauma.

§ Mean transfers in 46, skewed data.

¶ Does not include patients who transferred from the emergency department without hospital admission.

k Trauma patients only, minimum value, as some diagnostic codes did not convert.

†† Payer type: private (health maintenance organization, commercial insurance, labor and industries,

or health care service contractor), low-income payer (Medicaid, self-pay, or charity care) or other payer

which includes Medicare.

‡‡ P-value 0.3491 for level 1 and 2; 0.1457 for level 3, 4, 5, and non-trauma.

*** Categories with < 10 admissions in the raw count are not reported per the data use agreement.

Table B.8: Subgroup clustering for set 1

Cluster labels of # Features Optimal cluster num-

ber in [3, 10] by the

Silhouette method

# PCG in Major General Surgery for trauma admissions 128 3

# PCG in Major Orthopedics for trauma admissions 139 3

# PCG in Major Neurosurgery for trauma admissions 77 3
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# PCG in Major Urology for trauma admissions 12 5

# PCG in Major Subspecialty for trauma admissions 83 3

Figure B.3: Subgroup clustering results for general surgery
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Figure B.4: Subgroup clustering results for orthopedics

Figure B.5: Subgroup clustering results for neurosurgery
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Figure B.6: Subgroup clustering results for urology

Figure B.7: Subgroup clustering results for subspecialty
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Figure B.8: PCA result of set 1

Figure B.9: Cluster number evaluation of set 1
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Figure B.10: Clustering results displayed on a map of WA: (a) Set 2 surgical care PCG distribution

and other features clustering, (b) Set 3-1 surgical care volume clustering, (c) Set 3-2 surgical care

distribution clustering

Note: The background of the map illustrates the division of zip codes within the state of Washington (WA).

Each symbol on the map represents a hospital, where the geographic location is indicated by the symbol’s

placement. The color of the symbol represents the cluster to which the hospital belongs, and the shape

denotes the designated trauma level.

Table B.9: Original features contributed to the TCs/non-TCs clusters from Set 1 surgical

care procedure subgroup labels and other features clustering

Cluster 1 2 3 4 5 6 7 8 9 10
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TC/non-TC levels in

the cluster

I II II,

III,

II,

III

II,

Non

III,

IV,

III,

IV,

III,

Non

III,

IV

III

Non Non V,

Non

# TC/non-TC in the

cluster

1 3 5 3 3 12 26 4 10 2

Cluster mean

Median age of trauma pa-

tients (year)

47 61 70 72 7 70 72 70 70 74

Median age of non-trauma

patients (year)

55 50 47 57 8 54 56 61 34 57

# Trauma admissions 5605 1552 1345 688 182 601 173 378 37 545

% Trauma patients trans-

ferred out

1% 2% 1% 2% 2% 3% 6% 3% 27% 3%

Median ISS 9 9 4 4 3 4 4 7 4 4

SDI in TC/non-TC area 74 87 62 70 63 52 50 65 64 45

Mean SVI in trauma pa-

tient residence

0.51 0.56 0.39 0.49 0.55 0.56 0.52 0.47 0.78 0.45

Mean SVI in non-trauma

patient residence

0.54 0.56 0.4 0.51 0.53 0.58 0.53 0.5 0.8 0.46

% Trauma patients with

private payer

40% 34% 26% 21% 41% 31% 22% 25% 15% 18%

% Trauma patients with

low-income payer

34% 25% 13% 13% 56% 12% 12% 12% 23% 10%

% Non-trauma patients

with private payer

22% 35% 46% 30% 43% 39% 34% 35% 23% 30%

% Non-trauma patients

with low-income payer

39% 31% 19% 25% 54% 22% 22% 15% 48% 25%
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# Trauma MP 8025 1296 923 452 112 444 103 325 19 349

# Non-trauma MP 8730 13474 14318 6736 3113 4759 1406 10030 275 3602

% Trauma major General

Surgery in all MP

13% 16% 10% 13% 7% 6% 5% 20% 11% 5%

% Trauma major Orthope-

dics in all MP

53% 58% 73% 74% 67% 83% 85% 40% 73% 85%

% Trauma major Neuro-

surgery in all MP

18% 16% 10% 9% 19% 6% 6% 34% 0 4%

% Non-trauma major Gen-

eral Surgery in all MP

23% 45% 36% 48% 33% 30% 31% 40% 17% 27%

% Non-trauma major Or-

thopedics in all MP

23% 15% 20% 16% 30% 29% 28% 12% 14% 35%

% Non-trauma major Neu-

rosurgery in all MP

38% 13% 9% 9% 22% 10% 8% 29% 2% 5%

% Non-trauma other major

procedures in all MP

1% 20% 29% 19% 0 23% 24% 9% 59% 25%

% TC/non-TC in General

Surgery label 1

100%† 0 0 0 0 0 0 0 0 0

% TC/non-TC in General

Surgery label 2a7

0 100% 80% 100% 0 0 0 75% 0 0

% TC/non-TC in General

Surgery label 3a4

0 0 20% 0 100% 100% 100% 25% 100% 100%

% TC/non-TC in Orthope-

dics label 1

100% 0 0 0 0 0 0 0 0 0

% TC/non-TC in Orthope-

dics label 2a3,b1

0 100% 100% 100% 0 100% 0 0 0 100%

% TC/non-TC in Orthope-

dics label 3a1,b2

0 0 0 0 100% 0 100% 100% 100% 0
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% TC/non-TC in Neuro-

surgery label 1

100% 0 0 0 0 0 0 0 0 0

% TC/non-TC in Neuro-

surgery label 2a6

0 100% 100% 0 0 17% 0 75% 0 0

% TC/non-TC in Neuro-

surgery label 3a2

0 0 0 100% 100% 83% 100% 25% 100% 100%

% TC/non-TC in Urology

label 1

100% 0 0 0 0 0 0 0 0 0

% TC/non-TC in Urology

label 2

0 100% 0 0 0 0 0.08 0 0 0

% TC/non-TC in Urology

label 3c1

0 0 80% 0 0 0 0 75% 0 100%

% TC/non-TC in Urology

label 4a5

0 0 0 100% 100% 100% 92% 25% 100% 0

% TC/non-TC in Urology

label 5

0 0 20% 0 0 0 0 0 0 0

% TC/non-TC in Subspe-

cialty label 1

100% 0 0 0 0 0 0 0 0 0

% TC/non-TC in Subspe-

cialty label 2

0 100% 20% 0 0 0 0 0 0 0

% TC/non-TC in Subspe-

cialty label 3

0 0 80% 100% 100% 100% 100% 100% 100% 100%

ai (i = 1, 2, . . . , 7): The top ith feature that contributes no less than 10% of the variation within

the 1st principal component.

bi (i = 1, 2): The top ith feature that contributes no less than 10% of the variation within the 2nd

principal component.

c1: The 1st and only feature that contributes no less than 10% of the variation within the 3rd

principal component.
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†: 100% percent of the TCs/non-TCs in cluster 1 are with general surgery label 1.

Abbreviations: ISS (Injury Severity Score); TC (Trauma Center); SDI (Social Deprivation Index);

SVI (Social Vulnerability Index); MP (major therapeutic procedures);

PCG (Procedure Complexity Group).

Figure B.11: PCA result of set 2

Figure B.12: Cluster number evaluation of set 2
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Table B.10: Original features contributed to the TCs/non-TCs clusters from Set 2 surgical

care PCG distribution and other features clustering

Cluster 1 2 3 4 5 6 7 8 9 10

TC/non-TC levels in

the cluster

I II, II, II, III, III, III, III, III, Non

III, III, Non IV IV IV Non IV

Non IV,

Non

# TC/non-TC in the

cluster

1 11 14 2 4 7 3 3 7 1

Cluster mean

% Trauma patients who

were male

69% 51% 44% 57% 46% 43% 50% 42% 43% 57%

% Non-trauma who were

male

61% 45% 42% 54% 38% 39% 44% 38% 45% 53%

Median age of trauma pa-

tients (year)b2

47 65 72 9 70 71 69 75 74 72

Median age of non-trauma

patients (year)b1,c2

55 54 56 6 38 52 60 43 62 66

# Trauma admissionsd3 5605 1042 547 270 434 225 188 784 235 495

% Trauma admissions 38% 5% 5% 4% 4% 6% 5% 5% 7% 5%

% Trauma patients trans-

ferred in

51% 10% 3% 16% 1% 2% 6% 6% 1% 46%

% Trauma patients trans-

ferred out

1% 2% 3% 3% 3% 7% 3% 2% 5% 3%

% Non-trauma patients

transferred in

18% 8% 2% 11% 1% 1% 3% 5% 1% 23%

Median ISS 9 6 4 5 4 4 4 4 4 16
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% Median ISS over 15 (se-

vere injured)

40% 22% 11% 19% 11% 8% 13% 11% 6% 55%

% Trauma patients with a

blunt mechanism

68% 71% 75% 57% 73% 79% 74% 75% 76% 75%

% Trauma patients with a

penetrating mechanism

8% 4% 4% 11% 3% 2% 3% 2% 4% 0%

% Trauma patients with a

burn mechanism

7% 0% 0% 1% 0% 0% 0% 0% 1% 0%

SDI in TC/non-TC

areac3,d2

74 82 46 62 63 66 56 24 41 61

Mean SVI in trauma pa-

tient residencec4

0.51 0.53 0.5 0.53 0.59 0.66 0.63 0.3 0.43 0.4

Mean SVI in non-trauma

patient residencec5

0.54 0.55 0.51 0.52 0.6 0.66 0.62 0.3 0.45 0.44

% Trauma patients with

private payer

40% 27% 27% 45% 40% 17% 32% 24% 22% 23%

% Trauma patients with

low-income payer

34% 20% 12% 50% 5% 16% 13% 9% 11% 12%

% Non-trauma patients

with private payerc1

22% 34% 35% 42% 61% 20% 40% 56% 28% 31%

% Non-trauma patients

with low-income payer

39% 26% 24% 54% 11% 39% 14% 13% 20% 13%

# Trauma MP 8025 792 374 166 319 154 162 516 149 436

# Non-trauma MPd1 8730 11912 4401 4438 3997 1279 3130 8309 1310 11040

% Trauma major General

Surgery in all MP

13% 16% 8% 11% 7% 4% 9% 7% 3% 19%

% Trauma major Orthope-

dics in all MPa1

53% 62% 81% 62% 84% 92% 65% 77% 90% 2%
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% Trauma major Neuro-

surgery in all MP

18% 14% 5% 15% 4% 0% 22% 10% 3% 76%

% Trauma major Subspe-

cialty in all MP

15% 7% 5% 11% 3% 3% 2% 3% 3% 3%

% Non-trauma major Gen-

eral Surgery in all MP

23% 47% 38% 49% 22% 27% 13% 28% 24% 44%

% Non-trauma major Or-

thopedics in all MP

23% 17% 22% 15% 22% 27% 31% 18% 47% 3%

% Non-trauma major Neu-

rosurgery in all MP

38% 12% 7% 15% 10% 2% 41% 12% 8% 49%

% Non-trauma major Urol-

ogy in all MP

3% 5% 5% 5% 6% 5% 2% 4% 5% 0%

% Non-trauma major Sub-

specialty in all MP

11% 4% 3% 16% 2% 3% 1% 2% 3% 4%

% Non-trauma other major

procedures in all MP

1% 16% 25% 0% 38% 35% 11% 35% 13% 0%

Percent of specific PCG in MP in trauma patients

Joint, Extremities lower, 1 1% 2% 3% 4% 4% 5% 4% 5% 4% 0%

Joint, Extremities lower, 2 1% 6% 9% 0% 5% 11% 6% 8% 12% 0%

Joint, Extremities lower, 3 0% 2% 4% 0% 2% 5% 3% 4% 5% 0%

Joint, Extremities upper, 1 0% 2% 1% 0% 1% 1% 1% 1% 2% 0%

Open fixation, Extremities

lower, 1

10% 11% 16% 11% 22% 20% 6% 12% 18% 0%

Open fixation, Extremities

lower, 2

3% 6% 9% 7% 9% 12% 8% 8% 8% 0%

Open fixation, Extremities

lower, 3

5% 7% 8% 4% 9% 10% 7% 8% 10% 0%
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Other general surgery, Ab-

domen, 0

0% 1% 1% 1% 1% 0% 1% 1% 1% 0%

Percutaneous fixation, Ex-

tremities lower, 2

1% 3% 5% 2% 6% 7% 2% 6% 7% 0%

Spine procedures, Ab-

domen, 1

1% 2% 1% 0% 0% 0% 5% 2% 1% 18%

a1: The 1st and only feature that contributes no less than 10% of the variation within the 1st

principal component.

bi (i = 1, 2): The top ith feature that contributes no less than 10% of the variation within the 2nd

principal component.

ci (i = 1, 2, 3, 4, 5): The top ith feature that contributes no less than 10% of the variation within

the 3rd principal component.

di (i = 1, 2, 3): The top ith feature that contributes no less than 10% of the variation within the

4th principal component.

Abbreviations: ISS (Injury Severity Score); TC (Trauma Center); SDI (Social Deprivation Index);

SVI (Social Vulnerability Index); MP (major therapeutic procedures); PCG (Procedure Complexity

Group).

Figure B.13: PCA result of set 3-1
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Figure B.14: Cluster number evaluation of set 3-1

Figure B.15: PCA result of set 3-2

Table B.11: Original features contributed to the TCs/non-TCs clusters from set 3-1 surgical

care volume clustering

Cluster 1 2 3 4 5 6 7 8 9 10

TC/non-TC levels in

the cluster

I II, II, II II, II, II, III, III, III

III Non III III, III IV, IV, IV,

IV Non Non Non
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# TC/non-TC in the

cluster

1 4 2 1 3 14 2 10 10 6

Cluster mean

Number of specific renewed PCG in trauma patients

Amputation, Extremities

upper, minor

140 2 2 4 1 0 3 1 0 0.3

Craniotomy, Head, major 200 15 7 68 17 1 28 3 5 0

Ex fix, Extremities lower,

minor

189 9 5 16 8 0.1 5 4 0.3 3

Facial fractures, Face, mi-

nor

145 7 6 45 9 0.2 18 1 1 0

Joint, Extremities lower,

minor

137 50 159 121 83 13 96 49 21 35

Open fixation, Extremities

lower, majora2

511 51 103 185 91 8 66 37 13 24

Open fixation, Extremities

lower, minora1

1069 131 252 390 224 20 166 95 36 65

Open fixation, Extremities

upper, major

235 13 26 77 16 3 19 11 5 3

Open fixation, Extremities

upper, minor

444 39 72 136 42 4 31 17 9 13

Open pelvis fixation, Ex-

tremities lower, minor

224 5 6 74 6 1 7 1 2 0.2

Other general surgery, Ab-

domen, major

166 11 11 32 12 2 19 2 3 1

Other ortho, Extremities

lower, minor

164 14 34 38 25 2 14 10 4 5
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Other ortho, Extremities

upper, minor

232 12 28 29 14 2 22 7 2 3

Percutaneous fixation, Ex-

tremities lower, minor

156 32 32 93 29 7 39 33 10 19

Percutaneous pelvic fixa-

tion, Extremities lower, mi-

nor

146 1 0 23 2 0 0 0.1 0.1 0

Peripheral nerve, Extremi-

ties upper, minor

142 3 5 14 5 0.1 8 3 1 2

Reconstruction, Extremi-

ties lower, minor

234 7 13 20 14 2 5 5 3 4

Reconstruction, Extremi-

ties upper, minor

207 4 3 16 5 1 4 3 1 0.3

Spine procedures, Ab-

domen, minor

221 13 26 48 25 3 22 14 17 1

Spine procedures, Neck,

major

318 12 13 37 12 1 29 4 12 0

ai (i = 1, 2): The top ith feature that contributes no less than 10% of the variation within the 1st

principal component.

Table B.12: Original features contributed to the TCs/non-TCs clusters from set 3-2 surgical

care volume clustering

Cluster 1 2 3 4 5 6 7 8 9 10

TC/non-TC levels in

the cluster

I, II, III, III, III, III, III, IV Non Non

III, III, Non IV, IV, IV IV
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III, IV, Non Non

Non Non

# TC/non-TC in the

cluster

9 8 9 7 6 7 4 1 1 1

Cluster mean

Percent of specific renewed PCG in MP in trauma patients

Amputation, Extremities

lower, minor

0.4% 0.3% 1% 0.3% 1% 0.4% 1% 0 0.2% 0

Cardiac, Chest, major 1% 0.3% 0.3% 0.4% 0.5% 0 1% 0 3% 4%

Cardiac, Chest, minor 1% 1% 1% 1% 1% 0.1% 0.3% 0 6% 8%

Control of hemorrhage, Ab-

domen, major

1% 0.4% 0.3% 2% 0.3% 0.1% 0.3% 0 0.2% 0.3%

Craniotomy, Head, major 3% 1% 0 1% 1% 0 1% 0 8% 1%

Craniotomy, Head, minor 1% 0.1% 0 0.5% 0.02% 0 0.04% 0 1% 1%

Ex fix, Extremities lower,

minor

1% 1% 0.5% 1% 1% 1% 1% 0 0 0

Exploratory laparo-

tomy/other abdominal

surgery, Abdomen, major

1% 0.3% 0.4% 1% 0.1% 0 0.1% 0 0 0

Joint, Extremities lower,

major

1% 4% 3% 3% 4% 6% 2% 11% 0 3%

Joint, Extremities lower,

minorb1

5% 14% 15% 10% 16% 16% 10% 25% 0 4%

Joint, Extremities upper,

major

1% 1% 1% 1% 1% 1% 3% 2% 0 6%

Joint, Extremities upper,

minor

1% 1% 1% 2% 2% 0.4% 2% 9% 0 10%

Open fixation, Extremities

lower, major

8% 10% 9% 7% 9% 11% 10% 13% 0 4%
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Open fixation, Extremities

lower, minora1,b2

18% 27% 23% 15% 21% 33% 4% 15% 0 5%

Open fixation, Extremities

upper, major

3% 3% 2% 4% 2% 2% 3% 0 0 3%

Open fixation, Extremities

upper, minor

6% 6% 4% 3% 4% 6% 4% 4% 0 7%

Open pelvis fixation, Ex-

tremities lower, minor

2% 0.1% 0.05% 1% 1% 0 1% 0 1% 0

Other ent, Head, minor 1% 0.1% 0.04% 0.2% 0.01% 0 0.04% 0 1% 2%

Other general surgery, Ab-

domen, major

2% 1% 1% 2% 2% 0.5% 0.5% 0 0 0

Other general surgery, Ab-

domen, minor

1% 1% 2% 3% 1% 1% 1% 0 0.2% 8%

Other neuro, Head, major 1% 0.1% 0 0.3% 0.3% 0 0.1% 0 3% 1%

Other neuro, Head, minor 1% 0.1% 0 0.2% 0 0 0.1% 0 0 0

Other ortho, Extremities

lower, major

0.5% 1% 0.4% 0.3% 0.3% 1% 1% 0 0 1%

Other ortho, Extremities

lower, minor

2% 2% 2% 3% 3% 2% 3% 1% 0.2% 1%

Other ortho, Extremities

upper, minor

2% 2% 1% 2% 3% 1% 2% 8% 0.2% 1%

Other thoracic, Chest, ma-

jor

1% 0.2% 1% 0.4% 0.4% 0.5% 0.1% 0 0.2% 0.3%

Percutaneous fixation, Ex-

tremities lower, majorb4

2% 3% 8% 3% 3% 5% 1% 1% 0 1%

Percutaneous fixation, Ex-

tremities lower, minorb3

4% 6% 12% 5% 4% 7% 4% 5% 0 3%



163

Percutaneous fixation, Ex-

tremities upper, minor

1% 0.3% 0.5% 1% 0.4% 0.4% 0 0 0 0.3%

Reconstruction, Extremi-

ties lower, minor

1% 2% 2% 2% 3% 1% 1% 2% 0 1%

Reconstruction, Extremi-

ties upper, minor

1% 1% 0.2% 1% 1% 0.3% 1% 1% 0 0.3%

Spine procedures, Ab-

domen, minor

2% 1% 1% 8% 4% 0.1% 1% 0 23% 2%

Spine procedures, Chest,

minor

1% 0.2% 0.3% 2% 1% 0 0.2% 0 10% 3%

Spine procedures, Neck,

major

2% 1% 0.2% 3% 1% 0 1% 0 17% 3%

Spine procedures, Neck,

minor

1% 0.2% 0.1% 1% 1% 0 0.3% 0 7% 1%

a1: The only feature that contributes no less than 10% of the variation within the 1st principal com-

ponent.

bi (i = 1, 2, 3, 4): The top ith feature that contributes no less than 10% of the variation within the

2nd principal component.
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Appendix C

APPENDIX OF CHAPTER 4

Table C.1: Trauma care quality metrics

No. Metric

ID

Variable

type

Value

direc-

tion for

better

quality

Metric type Description

1 3 numeric lower Timeliness Time to first medical contact, min

2 4 numeric lower Timeliness Prehospital time, min

3 6 binary higher Appropriateness Intubation of unconscious patient

4 9 binary lower Appropriateness Die in ED, with initial blood pres-

sure, without REBOA or ED tho-

racotomy

5 11 binary higher Appropriateness Airway secured in the ED

6 12 binary higher Appropriateness Tracheal intubation

7 21 binary higher Timeliness ED stay < 1 hour for patients with

GCS < 9 or intubated

8 22 binary higher Timeliness ED stay < 1 hour for patient ad-

mitted to the ICU

9 26 binary lower Performance/Outcome unplanned ICU admission

10 46 numeric lower Availability ICU length of stay, day

11 47 numeric lower Availability Length of stay, day

12 49 binary lower Performance Complicaitons - all/total
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13 50 binary lower Performance/Outcome PE

14 51 binary lower Performance/Outcome Mortality

15 52 binary lower Performance/Outcome death  48 hours

16 53 binary lower Performance/Outcome death within 1 hour ward arrival

17 54 binary lower Performance/Outcome Failure to rescue

18 55 binary lower Performance/Outcome death > 48 hours

19 56 binary lower Performance/Outcome TBI mortality

20 57 binary lower Performance/Outcome Penetrating injury mortality

21 57001 binary lower Performance/Outcome Penetrating injury mortality

22 57002 binary lower Performance/Outcome Penetrating injury mortality

23 58 binary lower Performance/Outcome Blunt trauma mortality - multisys-

tem

24 59 binary lower Performance/Outcome Blunt trauma mortality - single

system

25 7 binary higher Performance Pelvic binder in pelvic fracture

26 15 binary higher Performance tetanus prophylaxis

27 18 binary higher Performance E-FAST for patients without a CT

28 35 binary higher Performance Enteral feeding of patients with

TBI within 7 days

29 36 binary higher Performance ICP monitoring in severe TBI with

pathologic CT finding

30 80 count higher Resource Soft tissue coverage expertise

31 84 binary higher Performance Activation highest criteria – age

specific hypotension

32 87 binary higher Performance Activation highest criteria – pa-

tients receiving transfusion

33 93 count higher Resource Emergency Airway Management

34 112 binary higher Resource Fasciotomy rate

35 117 count higher Resource Volume of geriatric hip fracture
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36 118 binary higher Performance Rate of surgery for geriatric hip

fracture

37 132 binary higher Performance Frequency and timing of repeat

head CTs

38 137 binary higher Performance MRI spine rates

39 138 binary higher Performance Frequency of BCVI screeening

40 142 binary higher Performance BCVI Screening for - C-spine frac-

ture

41 143 binary higher Performance BCVI Screening for - Basilar skull

fracture

42 150 binary higher Performance RUG rates

43 164 binary higher Performance Spinal cord immobilization per-

centage

44 165 binary higher Performance Low GCS (< 15) with spine immo-

bilization

45 166 binary higher Performance Longbone fractures with spine imo-

bilization

46 179 binary higher Performance ICP in GCS < 8 & CT with brain

damage, includes swelling

47 186 binary higher Resource IVC filter rate in TBI patients

48 222 binary higher Performance Cervical spine injury with any res-

piratory distress

49 227 binary higher Resource Penetrating extremity injury with

tourniquet

50 233 binary lower Performance Rate of spine immobilization with

penetrating injuries

51 243 binary higher Performance Rate of ED thoractomy in pene-

trating thoracic trauma



167

52 244 binary higher Performance Rate of ED thoracotomy in blunt

trauma

53 272 binary higher Resource Tourniquet in place triage

54 10 binary higher Appropriateness Trauma team activation

55 14 binary higher Appropriateness Operative management for patients

with penetrating GSW

56 17 numeric lower Timeliness Time to cranial CT for patients

with GCS < 14, min

57 28 numeric lower Timeliness Time to first emergent surgery, min

58 29 binary lower Timeliness Delay to ex-lap > 2 hours

59 31 numeric lower Timeliness Time to surgery for patients in

shock, min

60 38 binary higher Timeliness Open long bone fracture surgery

within 6 hours

61 40 binary higher Timeliness Open fracture g 1-2 to OR within

16 hours

62 41 binary higher Timeliness Open long bone fractures stabilized

within 24 hours

63 48 binary higher Availability Vent associated events

64 85 binary higher Appropriateness Activation highest criteria – GSW

to neck chest or abdomen

65 86 binary higher Appropriateness Activation highest criteria – GCS

<9

66 88 binary higher Appropriateness Activation highest criteria – pa-

tients intubated in the field

67 89 binary higher Appropriateness Activation highest criteria – Pa-

tients with respiratory compromise

and need for urgent airway
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68 92 binary lower Timeliness Trauma surgeon present at the

trauma > 15 min (level I/II) or 30

min (level III/IV)

69 92001 binary lower Timeliness Trauma surgeon present at the

trauma > 15 min (level I/II) or 30

min (level III/IV)

70 96 numeric lower Timeliness Severe TBI - GCS < 9 with CT ev-

idence of intra-cranial trauma, min

71 102 numeric lower Timeliness Orthopedic consult time for severe

extremity injury, min

72 106 binary higher Appropriateness Open fractures with initial opera-

tion in the OR within 24 hours

73 111 binary higher Availability Amputation proximal to

wrist/ankle rate

74 116 binary lower Performance/Outcome Rate of DVT in pelvic fracture

75 121 binary higher Timeliness Femur stabilization within 24 hours

76 125 binary higher Performance/Outcome Discharge to rehab for patients

with fractures

77 129 binary higher Appropriateness Activation highest criteria lower for

older patients

78 131 binary higher Appropriateness Discharge to rehab for older pa-

tients

79 148 binary lower Appropriateness Rate of CT abdomen for unstable

patient

80 151 binary higher Appropriateness Completion spine imaging in pa-

tient with Cspine injury

81 155 binary higher Availability Rate of extremity imaging

82 156 binary higher Availability Rate of angioembolization

83 157 binary higher Availability Rate of splenic angio
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84 158 binary higher Availability Rate of liver angio

85 168 binary lower Appropriateness Percentage with plain film of the

spine only

86 169 binary higher Availability Rate of operative and non-

operative management of c-spine

fractures

87 171 binary lower Performance/Outcome Rate of DVT in SCI

88 172 numeric lower Timeliness Time to tracheostomy in SCI pa-

tients, min

89 173 binary lower Performance/Outcome Decubitus ulcer rate in SCI pa-

tients

90 174 binary higher Performance/Outcome Discharge location home for SCI

patients

91 174001 binary higher Performance/Outcome Discharge location rehab for SCI

patients

92 174002 binary lower Performance/Outcome Discharge location SNF for SCI pa-

tients

93 175 binary higher Performance/Outcome Percent of the documentation of

GCS

94 181 binary higher Availability Rate of crani

95 184 binary higher Timeliness Percentage of patiens with TBI and

tracheostomy that are completed

within 8 days

96 190 binary higher Availability MTP

97 190001 binary higher Availability MTP

98 190002 binary higher Availability MTP

99 192 binary higher Appropriateness Patients transfused in a 1:1 to 1:2

ratio

100 198 binary lower Availability Ampuation rate for penetrating
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101 203 binary higher Availability Patient with hypotension/shock

with penetrating abdominal

trauma

102 205 binary higher Appropriateness Rate of laparotomy for stab

wounds to the abdomen in hd

stable patients

103 214 binary higher Availability Availability of emergent surgical

airway

104 214001 binary higher Availability Availability of emergent surgical

airway

105 214002 binary higher Availability Availability of emergent surgical

airway

106 219 binary higher Appropriateness Severe hemmorhagic shock

107 236 binary higher Availability Rate of MRI with spine injuries

108 242 binary lower Availability Rate of delayed angio for spleen >

24 hours

109 242001 binary lower Availability Rate of delayed angio for spleen >

48 hours

110 255 numeric lower Timeliness Time to tracheostomy, min

111 256 binary higher Timeliness Early trach within 8 days

112 257 binary lower Timeliness Late trach after 8 days

113 69 binary higher Timeliness POCUS - 15 minutes

114 69001 binary higher Timeliness POCUS - 15 minutes

115 70 binary higher Timeliness Interventional radiology - 1 hour

116 71 binary higher Resource MRI - 2 hours

117 250 binary higher Resource EVD placement

118 16 binary higher Appropriateness Antibiotics for open fractures

119 16001 binary higher Appropriateness Antibiotics for open fractures

within 24 hours
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120 23 binary higher Availability Activation of massive transfusion

protovocl

121 25 binary lower Timeliness Orthopedic response time > 30 min

for emergent case

122 67 binary higher Timeliness Convential radiology - in 15 min,

level I/II; in 30 min, level III/IV

123 68 binary higher Timeliness CT - in 15 min, level I/II; in 30

min, level III/IV

124 81 count higher Availability Craniofacial expertise

125 177 binary higher Availability Percentage of severe TBI with

other injury

126 187 binary higher Appropriateness Transfer rate of children with se-

vere TBI

127 290 numeric lower Timeliness Time to GS surgery, min

128 65 binary higher Availability Orthopedic non-emergent avail-

ability

Table C.2: Trauma care quality metric relevant patients

No. Metric

ID

Description Relevant patients Relevant

patients

size

1 3 Time to first medical contact, min All 121704

2 4 Prehospital time, min ISS > 16 19568

3 6 Intubation of unconscious patient GSC < 9 3956
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4 9 Die in ED, with initial blood pres-

sure, without REBOA or ED tho-

racotomy

Died in ED with docu-

mentable BP

1166

5 11 Airway secured in the ED GCS < 9 6077

6 12 Tracheal intubation GCS < 9 7121

7 21 ED stay < 1 hour for patients with

GCS < 9 or intubated

GCS < 9 or intubated 9705

8 22 ED stay < 1 hour for patient ad-

mitted to the ICU

Admitted to the ICU from ED 30539

9 26 unplanned ICU admission ICU admission 39670

10 46 ICU length of stay, day ICU admission 39670

11 47 Length of stay, day ICU admission 39670

12 49 Complicaitons - all/total All 121704

13 50 PE All 121704

14 51 Mortality All 121704

15 52 death  48 hours All 121704

16 53 death within 1 hour ward arrival Admitted to ward from the

ED

51754

17 54 Failure to rescue Specific complications 2072

18 55 death > 48 hours Died 4607

19 56 TBI mortality Severe TBI 21858

20 57 Penetrating injury mortality Penetrating injuries 8135

21 57001 Penetrating injury mortality Penetrating injuries and ISS �

15

1990

22 57002 Penetrating injury mortality Penetrating injuries and ISS �

25

1160

23 58 Blunt trauma mortality - multisys-

tem

Multisystem blunt trauma 31978
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24 59 Blunt trauma mortality - single

system

Single system blunt trauma 67628

25 7 Pelvic binder in pelvic fracture Pelvic fracture 3597

26 15 tetanus prophylaxis All 121704

27 18 E-FAST for patients without a CT Abdominal injury, FAST and

no CT scan of abdomen

3674

28 35 Enteral feeding of patients with

TBI within 7 days

Severe TBI 21858

29 36 ICP monitoring in severe TBI with

pathologic CT finding

Severe TBI 21858

30 80 Soft tissue coverage expertise Extremity injuries 24686

31 84 Activation highest criteria – age

specific hypotension

Age appropriate hypotension 5769

32 87 Activation highest criteria – pa-

tients receiving transfusion

Pre-hospital blood 1150

33 93 Emergency Airway Management All 121704

34 112 Fasciotomy rate Severe extremity injury 15399

35 117 Volume of geriatric hip fracture Age > 65 51124

36 118 Rate of surgery for geriatric hip

fracture

Age > 65 with diagnosis of hip

fracture

5818

37 132 Frequency and timing of repeat

head CTs

Head CT and severe head 17163

38 137 MRI spine rates C-spine injury 10747

39 138 Frequency of BCVI screeening All 121704

40 142 BCVI Screening for - C-spine frac-

ture

C-spine fractures 8627

41 143 BCVI Screening for - Basilar skull

fracture

Basilar skull fractures 3895

42 150 RUG rates Pelvic fracture 3597
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43 164 Spinal cord immobilization per-

centage

All 121704

44 165 Low GCS (< 15) with spine immo-

bilization

GCS < 15 20972

45 166 Longbone fractures with spine imo-

bilization

Longbone fractures 17012

46 179 ICP in GCS < 8 & CT with brain

damage, includes swelling

GCS < 8 and severe head 3338

47 186 IVC filter rate in TBI patients Severe TBI 21858

48 222 Cervical spine injury with any res-

piratory distress

C-spine injury and RR > 22 1208

49 227 Penetrating extremity injury with

tourniquet

Penetrating mechanism and

AIS ext > 1

2691

50 233 Rate of spine immobilization with

penetrating injuries

Penetrating injuries 8135

51 243 Rate of ED thoractomy in pene-

trating thoracic trauma

Penetrating mechanism and

chest ais > 2

1470

52 244 Rate of ED thoracotomy in blunt

trauma

Blunt trauma and hypoten-

sion/shock

11001

53 272 Tourniquet in place triage All 121704

54 10 Trauma team activation Hypotension/shock or scene

intubation

14348

55 14 Operative management for patients

with penetrating GSW

Penetrating abdominal injury

from firearm

1061

56 17 Time to cranial CT for patients

with GCS < 14, min

GCS < 14 14711

57 28 Time to first emergent surgery, min Received an operation 115854

58 29 Delay to ex-lap > 2 hours Require Ex-lap 2304
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59 31 Time to surgery for patients in

shock, min

Shock and had surgery within

24 hours

10109

60 38 Open long bone fracture surgery

within 6 hours

Open long bone fractures 4825

61 40 Open fracture g 1-2 to OR within

16 hours

G1 or g2 open fractures 6588

62 41 Open long bone fractures stabilized

within 24 hours

Open long bone fractures 4825

63 48 Vent associated events ICU and intubated 6611

64 85 Activation highest criteria – GSW

to neck chest or abdomen

GSW to neck chest or ab-

domen

1571

65 86 Activation highest criteria – GCS ¡

9

GCS < 9 4361

66 88 Activation highest criteria – pa-

tients intubated in the field

Intubated in the field 1332

67 89 Activation highest criteria – Pa-

tients with respiratory compromise

and need for urgent airway

Respiratory compromise 4237

68 92 Trauma surgeon present at the

trauma > 15 min (level I/II) or 30

min (level III/IV)

All 121704

69 92001 Trauma surgeon present at the

trauma > 15 min (level I/II) or 30

min (level III/IV)

Highest activation level 67292

70 96 Severe TBI - GCS < 9 with CT ev-

idence of intra-cranial trauma, min

Severe TBI and GCS < 9 3614

71 102 Orthopedic consult time for severe

extremity injury, min

Severe extremity injury 15399
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72 106 Open fractures with initial opera-

tion in the OR within 24 hours

Open fractures with initial op-

eration in the OR

1064

73 111 Amputation proximal to

wrist/ankle rate

Severe extremity injury 15399

74 116 Rate of DVT in pelvic fracture Pelvic fracture 3597

75 121 Femur stabilization within 24 hours Femur fracture 11262

76 125 Discharge to rehab for patients

with fractures

Longbone fracture and ex-

tremity AIS � 2

17012

77 129 Activation highest criteria lower for

older patients

Age > 65 with initial SBP leq

110

4286

78 131 Discharge to rehab for older pa-

tients

Age > 65 discharged alive 48860

79 148 Rate of CT abdomen for unstable

patient

Shock 11426

80 151 Completion spine imaging in pa-

tient with Cspine injury

C-spine fractures 8627

81 155 Rate of extremity imaging All 121704

82 156 Rate of angioembolization All 121704

83 157 Rate of splenic angio All 121704

84 158 Rate of liver angio All 121704

85 168 Percentage with plain film of the

spine only

Spine x-ray 1361

86 169 Rate of operative and non-

operative management of c-spine

fractures

C-spine fractures 8627

87 171 Rate of DVT in SCI Spinal cord injury 6020

88 172 Time to tracheostomy in SCI pa-

tients, min

Spinal cord injury 6020



177

89 173 Decubitus ulcer rate in SCI pa-

tients

Spinal cord injury 6020

90 174 Discharge location home for SCI

patients

Spinal cord injury 6020

91 174001 Discharge location rehab for SCI

patients

Spinal cord injury 6020

92 174002 Discharge location SNF for SCI pa-

tients

Spinal cord injury 6020

93 175 Percent of the documentation of

GCS

All 121704

94 181 Rate of crani Severe TBI 21858

95 184 Percentage of patiens with TBI and

tracheostomy that are completed

within 8 days

Severe TBI 21858

96 190 MTP All 121704

97 190001 MTP ISS > 16 19568

98 190002 MTP At least one transfusion 1940

99 192 Patients transfused in a 1:1 to 1:2

ratio

MTP 1951

100 198 Ampuation rate for penetrating Penetrating extremity injuries 5313

101 203 Patient with hypotension/shock

with penetrating abdominal

trauma

Penetrating severe abdominal

injuries

2053

102 205 Rate of laparotomy for stab

wounds to the abdomen in hd

stable patients

Penetrating abdominal in-

juries and no hypotension or

shock

1208

103 214 Availability of emergent surgical

airway

All 121704
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104 214001 Availability of emergent surgical

airway

All 121704

105 214002 Availability of emergent surgical

airway

All 121704

106 219 Severe hemmorhagic shock Hypotension/shock and MTP 1253

107 236 Rate of MRI with spine injuries Spine fracture or spinal cord

injury

24023

108 242 Rate of delayed angio for spleen >

24 hours

Spleen injury 2830

109 242001 Rate of delayed angio for spleen >

48 hours

Spleen injury 2830

110 255 Time to tracheostomy, min Tracheostomy 8846

111 256 Early trach within 8 days Tracheostomy 8846

112 257 Late trach after 8 days Tracheostomy 8846

113 69 POCUS - 15 minutes All 121704

114 69001 POCUS - 15 minutes Hypotension 5769

115 70 Interventional radiology - 1 hour Angiography within 24 hours 1272

116 71 MRI - 2 hours MRI of the brain or spine 4175

117 250 EVD placement Severe TBI 21858

118 16 Antibiotics for open fractures Open fractures 6805

119 16001 Antibiotics for open fractures

within 24 hours

Open fractures 6805

120 23 Activation of massive transfusion

protovocl

Bleeding and shock 10665

121 25 Orthopedic response time > 30 min

for emergent case

Emergent orthopedic proc 2049

122 67 Convential radiology - in 15 min,

level I/II; in 30 min, level III/IV

ISS � 16 21164
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123 68 CT - in 15 min, level I/II; in 30

min, level III/IV

ISS � 16 21164

124 81 Craniofacial expertise Facial fracture repair 2681

125 177 Percentage of severe TBI with

other injury

All 121704

126 187 Transfer rate of children with se-

vere TBI

Age < 18 and severe TBI 1812

127 290 Time to GS surgery, min Surgery within 48 hours that

were not fracture repair, angio

or crani

112702

128 65 Orthopedic non-emergent avail-

ability

All 121704

Table C.3: Individual-level summary on remaining trauma care quality metrics

No. Metric

ID

Min 1st

quantile

Median Mean 3rd

quantile

Max Number of

missing

Proportion

of missing

1 3 0 7 9 15.51 13 1507 47816 46%

2 4 4 35 48 165.8 68 26145 92649 90%

3 46 1 1 2 3.75 4 171 67771 66%

4 47 0 3 5 7.81 9 203 67883 66%

5 17 0 17 28 235.8 57 88956 94918 92%

6 28 0 13 44 268.7 153 73164 10288 10%

7 31 0 9 20 94.75 76 1437 95671 93%

8 172 0 28 660.5 3737.8 4479.5 37229 102728 99%

9 255 0 11 39 2155 1247 54113 96585 93%

10 290 0 11 39 174 140 2879 7270 7%
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11 93 0 0 0 0.05 0 3 0 0%

12 117 0 0 0 0.12 0 6 56865 55%

13 81 1 1 2 1.88 2 10 101036 98%

14 6 0 0 0 0.09 0 1 100104 97%

15 9 0 0 1 0.74 1 1 102622 99%

16 11 0 0 1 0.73 1 1 99134 96%

17 12 0 1 1 0.99 1 1 98841 96%

18 21 0 0 0 0.4 1 1 95500 92%

19 22 0 0 0 0.14 0 1 75872 73%

20 26 0 0 0 0.07 0 1 67771 66%

21 49 0 0 0 0.07 0 1 0 0%

22 50 0 0 0 0 0 1 0 0%

23 51 0 0 0 0.04 0 1 0 0%

24 52 0 0 0 0.02 0 1 8 0%

25 53 0 0 0 0 0 1 58874 57%

26 54 0 0 0 0.24 0 1 101469 98%

27 55 0 0 0 0.42 1 1 99585 96%

28 56 0 0 0 0.1 0 1 84360 82%

29 57 0 0 0 0.12 0 1 96826 94%

30 57001 0 0 0 0.39 1 1 101812 99%

31 57002 0 0 1 0.55 1 1 102470 99%

32 58 0 0 0 0.05 0 1 74697 72%

33 59 0 0 0 0.02 0 1 45642 44%

34 7 0 0 0 0.02 0 1 100144 97%

35 15 0 0 0 0 0 1 0 0%

36 18 0 0 0 0.19 0 1 100301 97%

37 35 0 0 0 0.01 0 1 84360 82%

38 36 0 0 0 0.04 0 1 84360 82%

39 84 0 1 1 0.79 1 1 98728 96%
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40 87 0 1 1 0.89 1 1 102465 99%

41 112 0 0 0 0 0 1 90273 87%

42 118 0 0 0 0.02 0 1 98195 95%

43 132 0 0 0 0.03 0 1 87933 85%

44 137 0 0 0 0 0 1 93733 91%

45 138 0 0 0 0.03 0 1 0 0%

46 142 0 0 0 0.13 0 1 95496 92%

47 143 0 0 0 0.12 0 1 100036 97%

48 150 0 0 0 0 0 1 100144 97%

49 164 0 0 0 0 0 1 0 0%

50 165 0 0 0 0 0 1 85294 83%

51 179 0 0 0 0.17 0 1 100516 97%

52 186 0 0 0 0.01 0 1 84360 82%

53 222 0 0 0 0.02 0 1 102315 99%

54 227 0 0 0 0 0 1 101098 98%

55 243 0 0 0 0.25 1 1 102230 99%

56 244 0 0 0 0.01 0 1 94598 92%

57 272 0 0 0 0 0 1 0 0%

58 10 0 1 1 0.76 1 1 92468 89%

59 38 0 0 0 0.2 0 1 99181 96%

60 40 0 0 0 0.28 1 1 97702 95%

61 41 0 0 0 0.47 1 1 99181 96%

62 48 0 0 0 0.01 0 1 97656 94%

63 86 0 1 1 0.94 1 1 99818 97%

64 88 0 1 1 0.98 1 1 102236 99%

65 89 0 1 1 0.79 1 1 99796 97%

66 92 0 1 1 0.93 1 1 63108 61%

67 92001 0 1 1 0.89 1 1 83023 80%

68 111 0 0 0 0.01 0 1 90273 87%
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69 116 0 0 0 0.01 0 1 100144 97%

70 121 0 0 0 0.29 1 1 93820 91%

71 125 0 0 1 0.63 1 1 90681 88%

72 129 0 0 1 0.61 1 1 96629 93%

73 131 0 0 1 0.61 1 1 61139 59%

74 148 0 0 1 0.52 1 1 94406 91%

75 151 0 0 0 0.44 1 1 95496 92%

76 155 0 0 0 0.04 0 1 0 0%

77 156 0 0 0 0.01 0 1 0 0%

78 157 0 0 0 0 0 1 0 0%

79 158 0 0 0 0 0 1 0 0%

80 169 0 0 0 0.12 0 1 95496 92%

81 171 0 0 0 0.01 0 1 97886 95%

82 173 0 0 0 0.02 0 1 97886 95%

83 174 0 0 0 0.37 1 1 98214 95%

84 174001 0 0 0 0.29 1 1 98214 95%

85 174002 0 0 0 0.23 0 1 98214 95%

86 175 0 0 0 0.05 0 1 0 0%

87 181 0 0 0 0.03 0 1 84360 82%

88 184 0 0 0 0.13 0 1 84360 82%

89 190 0 0 0 0.02 0 1 21 0%

90 190001 0 0 0 0.07 0 1 86203 83%

91 190002 0 0 0 0.32 1 1 101711 98%

92 192 0 0 0 0.11 0 1 101717 98%

93 198 0 0 0 0.01 0 1 99016 96%

94 203 0 0 0 0.5 1 1 101795 98%

95 205 0 0 0 0.26 1 1 102340 99%

96 214 0 0 0 0.04 0 1 0 0%

97 214001 0 0 0 0.04 0 1 0 0%
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98 214002 0 0 0 0.05 0 1 0 0%

99 219 0 0 0 0.31 1 1 102313 99%

100 236 0 0 0 0 0 1 81713 79%

101 256 0 1 1 0.94 1 1 96585 93%

102 257 0 0 0 0.06 0 1 96585 93%

103 69 0 0 0 0.22 0 1 0 0%

104 69001 0 0 0 0.33 1 1 98604 95%

105 70 0 0 0 0.17 0 1 102279 99%

106 71 0 0 0 0.01 0 1 99857 97%

107 250 0 0 0 0.04 0 1 84360 82%

108 16 0 0 0 0.48 1 1 97509 94%

109 16001 0 1 1 0.9 1 1 100309 97%

110 23 0 0 0 0.44 1 1 102193 99%

111 67 0 0 0 0.03 0 1 84851 82%

112 68 0 0 0 0.17 0 1 84851 82%

113 177 0 0 0 0.18 0 1 0 0%

114 187 0 0 0 0.28 1 1 102445 99%

115 65 0 0 0 0.03 0 1 0 0%
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Figure C.1: Histogram of predicted quality index

Figure C.2: Histogram of predicted profile quality index for imputation
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