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Abstract

Affordable health care access that provides well-coordinated and high-quality
services on time is a goal that governments and health organizations strive for. Regrettably,
most countries deal with access problems that affect the population's health, such as long
waiting lists for specialized medical services, overcrowding of emergency departments, and
high health prices. In the present doctoral dissertation, I model and analyze the strategic
interactions that inhabit the health system machinery to uncover possible structural
problems that led to the aforementioned issues. The study involves operation research, data
science, and game theory techniques to address the health care access predicament.

Each research topic in this document targets a single access problem; however, taken
together, the findings highlight the need for better coordination and supervision in health
systems. The first topic studies the waiting lists for specialized medical services considering
local and regional interactions among public hospitals and governing institutions and the
possible roles of private providers. The second topic focuses on the overcrowding of
emergency departments considering the interactions among ambulance allocation
decisions, waiting times to treatment, fairness, and efficiency. Finally, the last topic explores
hospital consolidation as a factor determining high prices in health care markets where
patients, insurers, and hospitals interact with each other.

Several insights to increase health care access were obtained through this
dissertation. The results of the first research topic indicate that an increase in cooperation

among hospitals can significantly reduce waiting lists for medical services due to the
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heterogeneity of demand and resources of each institution. Furthermore, the cooperation
should not be limited to local negotiations; instead, it should be expanded to regional
contexts to mitigate the negative effect of selfish behaviors. The second study shows that
implementing centralized decision systems for ambulance allocation can significantly reduce
emergency department overcrowding. However, patient-centered models need to be
considered to deliver increases in system efficiency that are fair to everyone. The last
research topic indicates that increasing competition (or reducing consolidations) in health
care markets reduces health prices and insurance premiums. Furthermore, expanding
insurers' networks generate similar outcomes and even better results in oligopolistic
scenarios. Finally, hospital consolidations do not imply an increase in quality of care, and
changes in the demand (e.g., due to SARS-Cov-2) should reflect adjustments in the health
policy prices.

The insights of this work can influence policy modifications to enhance health care
access in developing and developed countries. Implementing the proposed frameworks will

reduce mortality rates and increase the quality of life for patients.
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Chapter 1: Introduction

The right to health was internationally recognized in the 1946 constitution of the
World Health Organization (WHO) as a fundamental human right without distinction of
socio-economical status, religion, race, or political preference [1]. One key component of the
entitlements of this right is access to health care providing equal opportunity for everyone,
timely treatments, and the highest attainable level of health [2]. However, nowadays, half of
the world's population lacks access to essential medical services, and 100 million are forced
into acute poverty due to health prices [3]. The lack of access to health care affects
developing and developed countries [4, 5, 6]. In 2019 in the United States (US), 66.5% of all
bankruptcies were tied to medical issues, and more than 26 million people did not have
health insurance at any moment during the year [7, 8]. The Office of Disease Prevention and
Health Promotion in the US identify four barriers to health care access: lack of availability,
high cost of care, inadequate coverage, and lack of culturally competent care [9]. A few
consequences drawn from this problem are higher mortality rates and treatment costs,
lower quality of life, late diagnosis, and preventable hospitalizations [9, 10, 11, 12].

To deal with the lack of access to health care, the WHO has promoted the agenda of
universal health coverage (UHC), to which 193 countries subscribed through the sustainable
development goals of the United Nations [13, 14]. This agenda aims to increase the number
of health services available, extend them to non-covered members of the population, and
reduce cost-sharing and fees. However, most countries implementing UHC are facing

shortages in the health workforce [15]. At the same time, studies have shown that as the



patient cost-sharing reduces, waiting times for elective treatments increases, and the waiting
lists become a device to control access to health care [16, 17]. The waiting list problem exists
in developing and developed countries, such as Chile, Brazil, India, England, Canada, Italy,
and Australia [18, 19, 20, 21]. Some consequences of waiting lists are emotional trauma,
increased patient mortality and morbidity, and public disapproval of governments [22, 23,
24, 25, 26, 27]. In a combination of supply-side and demand-side policies, waiting time
guarantees appear as a promising development to end the waiting lists [11, 27, 28, 29].
Nevertheless, the obligation of health providers to favor access over needs conflicts with the
Hippocratic oath [30]. Furthermore, countries might determine the time guarantees based
on selected conditions or population segments, leaving uncommon diseases or low-risk
patients without timely treatment or funding [28, 31, 32, 33]. As a result, extended waiting
lists for non-prioritized patients or conditions occur [22].

In the US, the health system does not align with the framework promoted by the WHO
through the UHC; instead, the age and financial availability of patients determine the level of
access to care and ration the demand, especially in primary care [34, 35]. In the last decades,
emergency departments (EDs) have taken responsibility for public health surveillance,
caring for indigent people, disaster preparedness, and primary care [36, 37].
Notwithstanding the increase in demand for and utilization of emergency services, the
number of EDs, hospitals, and hospital beds in the US have decreased significantly in the last
two decades [38, 39]. The disproportion between supply and demand, caused by the factors
stated above, has led to the national ED overcrowding crisis [40, 41, 42]. Overcrowding has
been associated with long waiting times, especially for patients who are not critically ill, thus

decreasing the quality of care; increasing mortality; increasing patient walkouts; increasing



ambulance offload delays; and increasing ambulance diversion, among other externalities
[43, 44, 45]. In addition to the impact perceived by patients, hospitals are facing financial
losses due to walkouts and ambulance diversion as consequences of overcrowding in EDs
[46].

The competition-driven health care system in the US has forced EDs to deal with
unexpected demand and preventable hospitalizations [38, 47]. Moreover, health prices and
health insurances, therefore health care access, have been surrendered to the market forces
to find their equilibriums. Unfortunately, a constant trend in the US health system has been
the increasing concentration of the health insurance industry and the increasing
consolidation of health delivery organizations [48, 49]. As a consequence, the US has the
highest health expenditure by gross domestic product (GDP) and per person among all
countries in the Organization for Economic Cooperation and Development (OECD) [50].
However, the US has one of the lowest population coverage, only above Mexico and Costa
Rica, and the worst public health coverage (among countries with public health) in the OECD
[51]. This translates to a lower life expectancy and a higher avoidable mortality rate and
chronic disease morbidity than the average OECD country [51]. The average health premium
for family coverage in employer plans in 2020 was more than $21,000, where covered
workers contributed 29% of the family coverage. This applies only to employees who
benefited from employer plans, and the single coverage rose to $7,000 [52, 53].

The three significant health care access problems described above (waiting lists, ED
overcrowding, and consolidation in health care markets) are a clear representation of the
barriers previously discussed: lack of availability, high cost of care, inadequate coverage, and

lack of culturally competent care. The objective of this dissertation is to provide methods



and strategies that aim for policy modifications to reduce extended waiting lists, decrease
waiting times in EDs, and reduce health insurance premiums. In other words, to increase
health care access. The proposed frameworks consider hospitals and systems
characteristics, patients' needs, geographical locations, local and regional interactions, and
different strategies to increase fairness in the health care system.
1.1 Intellectual Merit

This research tackles the outstanding problem of health care access and its different
dimensions from the perspective of fairness and efficiency, contributing to the development
of knowledge by proposing novel mathematical frameworks in the intersection of multi-
objective optimization, game theory, and machine learning. The study has the potential to
shed light on how competition, cooperation, and allocation affect the utilization of medical
resources and characterize access levels to a health system.
1.2 Broader Impact

The doctoral dissertation results will provide insights and numerical evidence for
developing public policies in the US and other countries dealing with health care access
problems. Implementing the proposed frameworks and strategies will improve the
experience of everyone who uses or intends to use the health systems in the US and abroad.
A reduction in mortality rates and an increase in quality of life will be direct consequences
of the implementation of the enhanced health systems. An adequate execution of the
proposed models can provide novel ways of dealing with health care problems anchored in

systems engineering methods.



1.3 Outline

The following chapters of this doctoral dissertation are organized as follows: chapter
2 studies the waiting lists problem in two-tier health care systems to enhance public and
private hospital interactions. The results uncover the benefits of local and regional
cooperation among governing institutions and the impact of systemic selfishness on access
to health services. Chapter 3 presents novel ambulance allocation optimization frameworks
for the overcrowding problem in EDs. The analysis considers disparities and fairness in the
development of the strategies. The results provide evidence of the benefits of centralized
decision models considering the heterogenous type of patients, demand characteristics, and
geographical and facilities information. Chapter 4 explores the existing health care market
among insurers, hospitals, and patients in the US. The chapter studies hospitals' horizontal
consolidations and the SARS-CoV-2 pandemic impact on prices and quality. The results
provide insights on how to reduce insurance premiums to increase access to health services.
Chapter 5 presents the main conclusions of the critical problems analyzed in chapters 2, 3,
and 4. At the end of this doctoral dissertation, the references and Appendices A, B, C, D, and

E, for published, under review, and preprints are provided.



Chapter 2: Waiting Lists

Prolonged waiting lists to access health care is a primary concern for countries aiming
for comprehensive and effective care due to its adverse effects on mortality, quality of life,
and government approval. According to the OECD, waiting lists are worse in countries
combining public insurance and low or zero patient cost-sharing [16]. Therefore, presenting
a significant challenge to the UHC implementation. Chapter 2 presents two novel bargaining
frameworks to reduce waiting lists for specialized medical services. Unlike previous
approaches, the study integrates patient and hospital characteristics in frameworks of local
and regional decisions of two-tier health care systems. The models are intended to improve
public actors' synergy and integrate different roles that private providers could play to
reduce waiting lists while accounting for patient prioritization. The first framework,
framework A, presents local and regional negotiations among public hospitals and considers
private providers a back-up system after the public network runs out of resources.
Framework A is solved using the Nash bargaining solution and multi-objective optimization
in a sequence of games. The second framework, framework B, implements a sequence of
Nash bargaining solutions to add private hospitals as players in the local and regional
negotiations of the public system. The study applies Cox proportional hazard models to
estimate the priority of patients in both frameworks.

This work also analyzes the consequences of hospitals' selfishness (public and
private) on the system's performance and suggests different approaches to increase service

rates in selfish scenarios. The models are calibrated with 2008—2018 Chilean waiting lists



data that is publicly available under request. Appendix C displays the paper "The waiting
game — how cooperation between public and private hospitals can help reduce waiting lists"
that presents the research of chapter 2. This article is under third revision in the journal of
Health Care Management Science.

2.1 Contributions of Research Topic 1

The contributions of research topic 1 are the following:

(i) This is the first work that compares two frameworks to reduce waiting lists
for specialized medical services considering patients, public hospitals, private
hospitals, and local and regional negotiations.

(ii)  This is the first study that uses the Nash bargaining solution and multi-
objective optimization to mimic the interaction among hospitals and
governing institutions dealing with waiting lists and improve their synergy.

(iii) Based on real data, the study evaluates the impact of hospitals' selfishness and
identifies which strategy provides the best solution to reduce waiting lists.

2.2 Main Results of Research Topic 1

The case study shows that framework A reduces the Chilean waiting lists by up to
37% using available public resources. Moreover, the bi-objective model reveals the trade-off
between diagnosing unserved demand and the additional expense of using private hospitals
as a back-up system. Framework B shows a reduction of up to 60% of waiting lists when
private hospitals are introduced as players in the public health system. The analysis on
selfishness demonstrates that local negotiations are more sensitive to this behavior than
regional negotiations. In the same line with these results, public selfishness appears to have

a more significant impact on the system than private selfishness. Finally, the study shows



that the prioritization of patients is an excellent mechanism to divert the negative effect of
lack of cooperation toward the low-priority segments.
2.3 Future Directions of Research Topic 1

Future directions of research topic 1 include adding more health care levels (e.g.,
primary care) to the problem and expanding the study to new reimbursement mechanisms
that could change hospitals' interactions. For example, Chile is starting a pilot program of
reimbursement through diagnosis related groups (DRGs) that could increase competition
and service rates among providers. Additional behavioral studies measuring the selfishness

levels might prove helpful.



Chapter 3: Emergency Department Overcrowding

In the last two decades, emergency department (ED) overcrowding has become a
national crisis for the US health care system. Increasing mortality rates, decreasing quality
of care, financial losses due to walkouts, and ambulance diversion are some of the
consequences of ED overcrowding [43, 44, 45]. Given the increasing demand for ambulance
utilization [54, 55], assigning service requests to EDs becomes a vital function of emergency
medical services. Chapter 3 presents new ambulance allocation models to reduce patients'
total time to treatment and EDs overcrowding. Three optimization strategies are proposed,
taking into account both EDs' workloads and service allocation. Unlike previous approaches,
this study recognizes that minimizing total or average waiting times across all emergencies
may favor certain patients over others. The first strategy, system efficiency, focuses on
minimizing total times to treatment (travel times plus waiting times in EDs). The second
strategy considers the reduction of disparities in addition to the system efficiency. The last
strategy takes a game theory approach to generate a grand coalition between the players
(patients) to improve efficiency and provide fair payoffs to emergencies.

Strategies one, two, and three are represented using mixed-integer programming and
solved through single-objective optimization, multi-objective optimization, min-max
technique, and the non-symmetric Nash bargaining solution. The models consider patient
priorities, health conditions, quality of care, walk-ins, geographical locations, time periods,

and the capability of each ED to treat the health conditions.



The study presents a numerical experiment to test the applicability and scalability of
the formulation. Furthermore, the three strategies are implemented in a real data case study
in Florida (US). Appendix D displays the paper "Ambulance allocation optimization model
for the overcrowding problem in US emergency departments: A case study in Florida" that
presents the research of chapter 3. This article was published in Socio-Economic Planning
Sciences in 2019 [56].

3.1 Contributions of Research Topic 2

The contributions of research topic 2 are the following:

(i) This is the first work that compares three different optimization strategies to
account for the conflict between efficiency and fairness in the overcrowding
problem of EDs.

(ii)  This study presents a centralized decision system with remote triage that
considers EDs' workloads, patient priorities, different diagnoses, geographical
locations, quality of care by pathology, and different time periods.

(iii) Based on numerical experiments and real data, the study identifies which
strategy provides the best solution for the prolonged waiting times in EDs and
incentivizes system fairness.

3.2 Main Results of Research Topic 2

Based on the case study in Florida, the analysis indicates that the utilization of either
strategy results in improved time to treatment, decreased waiting times, and less EDs
overcrowding. However, choosing the right strategy is vital to ensure the wellness of all
patients. The first strategy provides a 31.4% reduction on the average time to treatment in

the system. Nevertheless, further analysis revealed the negative effect of this first strategy
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on some patients, despite the priority class assigned to them. The second strategy uses a bi-
objective approach between fairness and efficiency to generate multiple combinations of
solutions. This approach allows decision-makers to select a disparity and understand the
trade-off between increasing efficiency and reducing the disparity. However, patients not
included in the fairness objective function could increase their time to treatment to even
worse levels than the current scenario. Finally, the third strategy provides a 26.4% reduction
on the average time to treatment and guarantees a positive effect for every patient with
respect to the current conditions.
3.3 Future Directions of Research Topic 2

Future directions of research topic 2 include the design of a hybrid strategy where a
bi-objective model uses a fairness function and the non-symmetric Nash bargaining solution
to generate a trade-off. This model will guarantee an improvement for every patient with
respect to current conditions and allow decision-makers to focus on specific populations
suffering disparities. Additional studies considering metrics to compare the strategies from

an economic point of view might prove helpful.
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Chapter 4: Hospital Mergers in Health Markets

In the US health care system, competition is recognized as the cornerstone to balance
and reduce costs while increasing quality [57]. Nevertheless, provider and health insurance
markets becoming more concentrated has been a significant trend in the last decades [58,
59, 60]. While an increase in efficiencies is expected with provider consolidation, benefiting
patients and customers of health services, recent studies have found that concentrated
health systems are associated with higher hospital prices, frequently observing a 20%
increase or more when mergers are present in the market. Furthermore, some cases showed
an association between hospital mergers and higher mortality rates, pointing that an
increase in prices did not improve the quality of care [61, 62]. Chapter 4 presents a
framework to mimic health market interactions among patients, insurers, and hospitals. The
study compares scenarios of hospital mergers and changes in the demand (SARS-Cov-2) to
understand the impact on insurance prices and quality of care. Unlike previous studies, the
work provides a methodological approach to consider different levels of decision instead of
a single level with different stages. Furthermore, the suggested approach is highly applicable
in contrast to the methods available in the literature that are primarily restricted to
theoretical analysis.

The study uses real data to build a framework including patient, hospital, and
insurance characteristics. The model is calibrated based on Hillsborough County in Florida,
where thousands of models are run to depict changes in the policy premiums. The

framework is solved using a bi-level optimization approach combined with game theory
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(Nash bargaining solution and Stackelberg game), diagonalization techniques, and the
Karush-Kuhn-Tucker conditions. Appendix E displays the paper preprint "A bilevel-Nash-
in-Nash model for hospital mergers in health care markets: A key to affordable care" that
presents the research of chapter 4. This article will be submitted to the journal of Health Care
Management Science.

4.1 Contributions of Research Topic 3

The contributions of research topic 3 are the following:

(i) This is the first work that integrates bilevel optimization and game theory
(cooperative and competitive) approaches to solve a real scenario of US health
care prices considering levels of interactions among hospitals, insurers, and
patients.

(i)  This study analyses the impact of hospital oligopolies in the market
equilibrium and health care access for different scenarios of agreements and
demand characteristics.

(iii) Based on real data, the study provides policy recommendations to reduce the
price of health care in the US and highlights the expected policy price
reductions with SARS-Cov-2.

4.2 Main Results of Research Topic 3

Based on the case study in Florida, increasing hospital competition in the current
market can reduce policy prices by up to 14%. At the same time, expanding insurance
networks can significantly reduce policy prices in either concentrated or competitive
markets, where greater benefits appear in oligopolistic scenarios. This can be an alternative

to consolidation penalties to reduce health care prices. The analysis performed in the SARS-
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Cov-2 scenario reveals a policy average price reduction of up to 31% due to the decrease in
hospital services demand. Finally, the analysis reveals that no significant improvement in
quality is found when health prices increase or when the hospital market is oligopolistic.
4.3 Future Directions of Research Topic 3

Future directions of research topic 3 include expanding the current framework to
analyze insurers' consolidation and the design of a two-stage stochastic model to simulate
patients demand. Additional studies performing similar analyses in other regions might

prove helpful to validate this study's insights.
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Chapter 5: Conclusions

Nowadays, half of the world's population lacks access to essential medical services
where the 1) high cost of care, 2) inadequate coverage, 3) lack of availability, and 4) lack of
culturally competent care have been recognized as the barriers to health care access. A
deficient health care access carries several consequences ranging from higher mortality
rates to lower quality of life. This doctoral dissertation has analyzed and modeled, to some
extent, the strategic interaction in three major health care access problems: waiting lists for
specialized medical services (barriers 2, 3, and 4), emergency departments overcrowding
(barriers 3 and 4), and consolidation in health care markets (barriers 1, 2, and 4).

The studies presented in this dissertation have led to the following findings and
conclusions. First, increasing cooperation among public providers in two-tier health care
systems significantly reduces waiting lists for specialized medical services (up to 37%
reduction). Having prioritization techniques embedded in the decision frameworks protects
high-risk patients from the impact of lack of cooperation, and regional negotiations enhance
resource utilization even in unfavorable selfish scenarios. Furthermore, despite the political
circumstances, private providers can play a fundamental role in the minimization of waiting
lists, either as back-up or main actors. Second, centralized decision systems using remote
triage showed a significant improvement in the management of ambulance allocation
compared to decentralized systems. The improvement translates into a reduction of average
time to treatment (travel time plus waiting time in EDs) of up to 31%. However, further

analysis revealed that conventional optimization approaches generate negative results for

15



certain patients to maximize the common welfare. Therefore, strategies considering fairness
concepts generating patient-centered solutions (e.g., Nash bargaining solution) to reduce
EDs overcrowding are needed. Third, increasing health care market competition reduces
health prices and insurance premiums. Furthermore, expanding insurance networks
reduces policy prices in either concentrated or competitive markets, with better results in
oligopolistic scenarios. This can be an alternative to consolidation penalties to reduce health
care prices. Finally, hospital consolidations do not reflect a significant increase in quality of
care, and changes in the demand (e.g., due to SARS-Cov-2) should reflect adjustments in the
health policy prices.

The findings highlight the importance of decision systems anchored in engineering
methods to improve efficiency and fairness in health care systems. The frameworks
presented in the previous sections give insights into how strategic interactions affect the
utilization of medical resources and determine the health care access received by the
population. This dissertation has advanced the knowledge and numerical evidence of the
lack of coordination/supervision existing in health systems that policymakers could use to
redesign current structures or implement incentives/penalties accordingly. Future research
that expands the number of actors considered in the strategic interactions and incorporates
behavioral analysis into the frameworks might prove helpful.

Health system engineering methods present enormous opportunities for improving
care coordination, quality, efficiency, and fairness, which may be essential to achieve

sustainable access to health care worldwide.
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Abstract

Prolonged waiting to access health care is a primary concern for nations aiming for comprehen-
sive effective care, due to its adverse effects on mortality, quality of life, and government approval.
Here, we propose two novel bargaining frameworks to reduce waiting lists in two-tier health care
systems with local and regional actors. In particular, we assess the impact of the 1) trade of patients
on waiting lists between hospitals, the 2) introduction of the role of private hospitals in capturing
unfulfilled demand, and the 3) hospitals’ willingness to share capacity on the system performance.
We calibrated our models with 2008-2018 Chilean waiting list data. If hospitals trade unattended
patients, our game-theoretic models indicate a potential reduction of waiting lists of up to 37%.
However, when private hospitals are introduced into the system, we found a possible reduction
of waiting lists of up to 60%. Further analyses revealed a trade-off between diagnosing unserved
demand and the additional expense of using private hospitals as a back-up system. In summary,
our game-theoretic frameworks of waiting list management in two-tier health systems suggest that
public—private cooperation can be an effective mechanism to reduce waiting lists. Further empirical
and prospective evaluations are needed.

Keywords: Game theory, Operations research, Waiting lists, Universal health care, Health care
delivery, Health economics

Highlights
o We study the global crisis of waiting lists for specialized medical services.

e We introduce two new quantitative frameworks to reduce waiting lists that are associated with
high mortality.

*Corresponding author, email: jorge@usf.edu
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e Our formulation considers patient and hospital characteristics, local and regional negotiations,
the role of private providers, resource location, and hospitals’ willingness to share capacity.

o We show that our game-theoretic models can substantially improve patient care, reducing waiting
lists by up to 60%.

e We provide mechanisms that can fit different countries’ socio-political needs and spur cooperation
among hospitals.

1 Introduction

In the last decades, waiting lists for elective medical services have been a major concern of governments
and publicly funded health systems. Consequently, various studies and policy implementations have
been undertaken to mitigate the problem and its effects on the population [1, 2, 3, 4]. For policymak-
ers, waiting lists represent an issue that provokes public disapproval of government and politicians [5].
Researchers, have spent more than a century trying to find explanations to the waiting list problem
and observing the negative effects on society [6].

The waiting list problem exists in developing countries, such as Chile, Brazil, and India, and in devel-
oped countries, such as England, Canada, and Australia [7, 8, 9, 1]. According to the Organization for
Economic Cooperation and Development (OECD), waiting lists are even worse in countries combining
public insurance and low or zero patient cost sharing [10], which are common methods to control access
to care [11].

In this context, countries implementing universal health coverage (UHC) are in greater need of having
a technical infrastructure to handle waiting lists compared to countries that ration their resources
through the financial ability of patients to access care (e.g., the United States) [10, 12]. The main
idea behind UHC is to increase access to and the quality of health services while reducing the financial
burden on patients [13]. Currently, the World Bank and the World Health Organization provide tech-
nical assistance to more than 100 countries for the implementation of UHC. Furthermore, all United
Nations members have confirmed the goal of having UHC by 2030 [14].

The increasing worldwide importance of universal medical services underlines the need for adequate
strategies to handle waiting lists and improve the utilization of available resources. Recent studies show
that waiting lists are associated with increased mortality rates, worse quality of life, and significant
emotional trauma [15, 16, 17, 18, 19]. Therefore, waiting lists have become a major health concern in
many OECD countries [20].

In the present work, we investigate the waiting list problem in relation to specialized medical services
in a South American country—Chile— with a two-tier health system. Two mathematical frameworks
are proposed to reduce waiting lists, considering system resources, patient conditions and priorities,
selfishness in negotiations, and public-to-public and public-to-private hospital patient transfers. Coop-
erative bargaining is introduced to enhance current system interactions and take advantage of misused
resources.

1.1 Background on waiting list policies

In the first decade of the new millennium, most efforts to reduce waiting lists have focused on the
existence of imbalances between supply and demand. One common approach considers supply-side
policies [11]. The idea behind these policies is to increase funding to expand the workforce or the
physical capacity of health systems, which helps to mitigate waiting times and increase service rates.
However, the evidence has shown that supply-side policies have a limited effect, where a short-term
reduction in waiting times is followed by a return to previous conditions or a worsening of conditions
as funding runs out [5]. Additionally, the study in [21] shows that the demand for elective procedures
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is negatively correlated to waiting times and highly elastic, in some cases even more than the supply
curve. Consequently, as the population expects a reduction in waiting times, the demand increases
and surpasses the capacity increment of supply policies. These experiences have demonstrated that
short-term efforts to increase public health expenditure may be unsuccessful in reducing waiting lists
for elective medical services. This relates to the inability to address the structural elements that result
in waiting lists [5].

Most recent approaches are oriented to demand-side policies or a combination of supply-side and
demand-side policies. Demand policies try to define clinical thresholds below which patients do not
have access to publicly funded elective medical services or to divert demand to the private system
through different mechanisms. Demand-side policies are difficult to implement due to the lack of data
infrastructure to define the ability of patients to benefit from medical interventions. Moreover, the
need to incentivize private health insurance can represent a socio-political challenge [10, 5]. With a
combination of supply-side and demand-side policies, the most promising development is waiting time
guarantees [5, 20, 22, 23].

Waiting time guarantees set the maximum time a patient should wait for care. The definitions of times
may vary across countries and in general will represent how much a country can invest. In some cases,
waiting time guarantees are enforced by governments, but despite these efforts providers may not be
able to meet the threshold of time; therefore, the guarantees become more of an aspiration than an
actuality [24, 5].

A significant consequence of guaranteeing waiting times is the obligation of health professionals to favor
access over need, which conflicts with the Hippocratic oath [25]. Another issue with time guarantee
policies is that, in general, they do not consider the equality of suffering. For example, a country
might give preference to frequent types of diseases or older groups of patients [26, 27, 28, 22], leaving
patients with more uncommon diseases or low risk populations without funding or timely treatment.
Consequently, even longer waiting lists for non-prioritized conditions or patients occur [15].

1.2 Literature review

Given the consequences of universal care and the widely implemented waiting time guarantees, we
focus our study on models intended to improve the management of waiting lists rather than on the
supply, the demand, or the combination of both. The following literature review provides interesting
results and increased awareness of the efforts to reduce waiting lists for elective medical services.

The management of waiting lists can be approached based on the different understandings of the
problem. Some studies have proposed focusing on the systemic issues, recognizing the impact that
different actors and their relationships might have on social welfare and the importance of financial
commitments. The authors in [29] built a reference framework for waiting list management in a public
system. The framework included the national, regional, and hospital implications of waiting lists. Ad-
ditionally, an input—output model was developed to project the demand at the regional level, making
it possible to evaluate the impact of waiting lists for different scenarios. The results showed that actors
at different levels of decision making can influence the availability of resources in the health system.
Consequently, specific models should be designed to support communication and decision making in
relation to waiting lists. In [30], a qualitative study using semi-structured interviews was conducted
to identify the main factors contributing to waiting lists. The results showed that a balance between
demand and supply is essential to achieve better access to medical services; however, such balance is
not always feasible due to financial constraints or limited resources. The authors in [31] studied waiting
lists as a mechanism to ration demand in health systems; their analysis centers around Pareto optimal
wait times, public choice, and queuing theory. The results showed that suppliers, patients, and govern-
ments might not maximize social welfare. Using game theory and discrete event simulation, the study
in [32] evaluated the impact of patients’ choice in health systems. The conclusions highlighted the
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negative impact that individual/selfish decisions have on waiting times. In [33], the authors explored
the benefit of using a non-cooperative game to maximize social welfare in a kidney exchange program.
The conclusions evidenced the existence of a Nash equilibrium that was also a social optimum for a
two-player setting. The studies presented above have limitations that need to be mentioned. First,
most of the studies do not consider the importance of prioritization algorithms. Second, they present
the major systemic factors resulting in waiting lists but do not necessarily provide mechanisms to deal
with the issue. Third, they do not consider the interactions of a two-tier health system where private
hospitals might play a fundamental role in determining waiting lists.

An alternative research line consists of modeling programs or particular hospital settings to reduce
waiting lists, highlighting the importance of detailed information about resource availability and the
characteristics of waiting lists at each institution. Through multi-objective optimization, the authors
in [34] attempted to improve hospital administration efficiency for surgical waiting lists. The model
provided an optimal surgical schedule that maximized hospital performance and minimized unusual
activities to reduce waiting lists. An analytical framework for decision support systems in relation to
surgical plans was also presented. In [35], the authors studied the impact of a new referral system for
non-urgent specialist appointments on waiting lists of more than two years. Two options were offered
to patients—take no action if the appointment was no longer required or visit a primary physician to
get a new referral using a new clinic-specific template. The results showed that the time required to get
a specialist appointment was reduced from eight vears to two years. Using Monte Carlo simulation, the
authors in [36] explored the idea of reducing waiting lists for elective orthopedic procedures by offering
earlier treatment in trauma settings that were underutilized. The results showed a possible reduction
of 18% of all elective procedures, thus having a significant effect on waiting times. In [37], the authors
proposed a quantum-inspired evolutionary algorithm to optimize the scheduling of elective surgical
procedures. The model was tested in a simulated scenario of 2000 surgeries on a waiting list with 25
nursing beds and 10 surgery rooms. The results showed a reduction in waiting time of 16.25%. From
the literature above, several contributions have emerged. However, these studies neglect the impact of
system interactions, assume isolated environments, and target factors that are not necessarily the real
reasons for waiting lists.

The last research line focuses on prioritizing waiting lists, which has become a significant method of
improvement for different specialties. This idea includes understanding the role of justice, the severity
of a patient’s condition, and advanced policy models. In [38], a triage stage was implemented to reduce
waiting lists for the first appointment for child mental health services. The study followed 155 patients
over six months and compared the results with a control group. The method helped reduce the waiting
time for the first appointment significantly, and of the original 155 patients, 82 were removed from
the waiting list. In [39], the authors investigated how patients are prioritized under policies of time
guarantees. Through empirical analysis of patient-level data, they built a Poisson regression model to
relate the number of days patients spend on waiting lists to observed patient characteristics. Their
results showed that doctors in general prioritized patients according to the severity of their condition,
even when no formal policy for prioritization is in place. In [40], a rule-based prioritization criterion
was implemented to improve the management of waiting lists, considering waiting time and justice.
The study demonstrated that timeliness considerations are insufficient to manage waiting lists prop-
erly and that justice should be included in the prioritization models. Based on the studies above,
prioritization techniques have become a key component in improving the management of waiting lists.
Nevertheless, prioritization models do not reduce waiting lists unless patients are removed from the
queue before treatment. The last limitation shows the importance of prioritization models as a com-
plement to techniques aiming to reduce waiting lists.

The reviewed literature focused on three major aspects: the systemic issues or structural elements of
waiting lists, models to reduce waiting lists in individual programs or hospital settings, and prioritiza-
tion techniques to manage waiting lists. Several findings emerged from these efforts: the negative role
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that isolate decisions play in social welfare, the need to include fairness in mathematical models, and
the importance of provider communication in the health system.

1.3 Contributions

As shown by [29], actors at different levels of decision making can influence the performance of a
health system. In this paper, our objective is to reduce waiting lists for specialized medical services by
improving current system interactions. Unlike previous approaches, we integrate patient and hospital
characteristics in a framework of local and regional decisions of a two-tier health system. Our models
are intended to improve public actors’ synergy and integrate the different roles that private providers
could play to reduce waiting lists while accounting for patient prioritization. Additionally, we show the
consequences of hospitals’ selfishness on the system’s efficiency. The resulting mathematical models en-
able health planners and government entities to assess the potential benefits of policy implementation.
We illustrate these approaches with a setting in Chile. However, our methodologies and frameworks
can be contextually applied to countries with similar structures.

1.4 The Chilean health system

Chile has a two-tier health care system, with a public expenditure of 4.5% of the gross domestic product
(GDP). In 2017, for the first time the public health expenditure matched the private health expenditure
[41]. Despite this, the imbalance between the demand received by public and private hospitals is still
a source of significant inequality [42]. Approximately 78% of the population is covered by the public
network, and the remaining population is covered by private or military insurance [43, 44]. The public
system is divided strategically into six macro-regions to manage the health system. Each macro-
region has two or more Regional Health Services (RHSs), with a total of 20 RHSs that administer and
supervise the provision of health care at all levels [45].

In 2005, the government of Chile implemented a policy that included waiting time guarantees, known as
garantias explicitas en salud (GES, health explicit guarantees), to limit waiting time and the financial
burden on patients, while increasing access to and quality of care for a select group of conditions
[46, 47, 48, 15]. The prioritized health conditions were chosen based mainly on social preference
and the level of burden of disease [22]. Today in Chile, 85 conditions are covered by GES [49]. These
consume the most public health resources, thus causing lengthy waiting lists for non-prioritized or non-
GES conditions [50]. In 2018, the Chilean Ministry of Health registered 1,801,937 patients who did not
receive care for non-prioritized elective medical appointments. In the first half of 2018 (January—June)
alone, 9,364 patients died while waiting for treatment [51]. In other words, 18.5% of the total deaths in
Chile were patients waiting for care, and only 3.4% of the deaths were associated with external causes
of mortality [51, 52].

1.4.1 Operational aspects

In 2017, the Chilean government defined a set of administrative policies for the national system of
RHSs. The idea was to regulate the utilization of public resources considering efficiency and efficacy.
The two main additions to the system were the creation of the macro-regional purchasing directories
and the incorporation of budget guidelines for the acquisition of health services. Purchasing direc-
tories have two main goals—to optimize the purchase of private and public providers’ services and to
provide technical recommendations vis-a-vis the needs of RHSs. According to the national report [42],
during 2017 the purchasing directories produced better coordination among RHSs in terms of resolv-
ing waiting lists for specialized medical services, both GES and non-GES. Guideline nine officialized
the acquisition of services provided by private providers; however, the idea behind this protocol is to
keep track of purchases, and it is not restrictive in nature [42]. Therefore, the purchasing directories
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evaluate and help coordinate the interaction among public and private providers, including hospitals,
while guideline nine makes the financial interaction official.

In parallel to the improvements described above, the government is implementing new information
technology, the Sistema de Gestion de Tiempos de Espera (SIGTE, Waiting Times Management Sys-
tem). This platform was designed to keep track of patients on waiting lists and to detect bottlenecks
in the network. At the same time, SIGTE provides a solid base for the utilization of electronic med-
ical records throughout the country and should enable the use of prioritization algorithms to reduce
mortality associated with waiting lists [51].

From a financial perspective, the two major funds that coexist in the Chilean health system are the
Fondo Nacional de Salud (FONASA, National Public Health Fund) and the Instituciones de Salud
Previsional (ISAPRES, Private Health Insurers). However, there is no coordination between these two
systems [53]. The fund assignment process of the public system aims to keep the cost of health services
low and to promote high service rates. However, the assignment of funds considers compromises of
production (expected number of patients to be served) that are not related to the actual demand but
rather to statistics from the previous year. Furthermore, the production that surpasses the annual
agreement is not reimbursed. In contrast, a budget that is not entirely utilized implies a reduction in
funds for the next year, promoting expenditure over efficiency [54]. In 2020, the first high-complexity
hospitals with diagnosis related groups (DRG) systems started transitioning to a new payment mecha-
nism. The idea behind this new approach is to fund hospitals with a fixed amount of the global budget
(with limits) and a variable amount based on the number of patients served classified by DRG. This
new funding mechanism is expected to increase the hospitals’ efficiency and split the financial risk
between FONASA and the providers [55].

Based on the information in this section, expert opinions, and a report [56], a graphical representa-
tion of system interactions was built. Figure 1 shows two macro-regions with different sets of RHS
supervising medical centers providing primary, secondary, and tertiary levels of care. The black arrows
represent administrative interactions, while the red arrows represent the movement of patients inside
the system. Depending on the existence of agreements with FONASA, private hospitals might be
under the monitoring of RHSs or might be supervised directly by the health superintendence. Even
if rare, transfers of patients among macro-regions happens when technologies or procedures are not
available at specific locations. Similarly, patients on waiting lists might go to private providers in cer-
tain circumstances, such as lack of technology in the public system or agreements between FONASA
and private providers.

1.5 Structure

The rest of the article proceeds as follows. Section 2 introduces the main definitions and methods used
in this study. Section 3 describes the mathematical formulation for each framework and the notations
needed. Section 4 presents the Chilean case study. Section 5 presents the results of implementing our
models in the case study. Finally, Section 6 discusses the main findings and presents the conclusions
of this study.

2 Methods

Based on the problem description, a combination of consecutive games, machine learning, and multi-
objective optimization is implemented to mimic and enhance the health system in Chile, providing
alternatives for reducing waiting lists for specialized medical services. We then present some ideas and
definitions to facilitate understanding of the methodologies.
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Figure 1: Chilean health system interactions. Abbreviations: RHS = Regional Health Service

2.1 Preliminaries
2.1.1 Multi-objective optimization

Consider the general formulation of a multi-objective optimization model:
max f1(z), fa(2), ..., fp(2),
z2eZ

where Z represents the feasible set in the decision space, and fi.(z) is the linear objective function of
entity k, from k£ =1, ..., p. Let us define the image of Z in the objective/criterion space as W = f(Z).

Definition: A feasible solution ' € Z is called efficient or Pareto optimal if there is no other
z € Z such that fr(z) > fe(2)) for k = 1,...,p and f(z) # f(2'). If 2’ is efficient, then f(z') is
called a nondominated point. The set of all efficient solutions 2’ € Z is denoted by Zg. The set
of all nondominated points f(z') € W for some 2z’ € Zg is denoted by Wy and referred to as the
nondominated frontier or the efficient frontier [57].

2.1.2 Nash bargaining solution

The Nash bargaining solution (NBS) is a cooperative approach to address the bargaining problem in
which players need to share a payoff or cost that they jointly generate. In this case, the players create
a grand coalition instead of competing with each other to get better payoffs or lower costs. The NBS
yields a unique and Pareto optimal solution. Let uy for k = 1, ..., p be the utility function of player k
and dj, be the disagreement point or status quo (payoff without cooperation) of player k. The NBS is
the point z € Z obtained from the following optimization problem.

D
max I];[](uk(z) —d)
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Two important axioms relating to bargaining games are individual rationality and Pareto optimal-

ity. The first one establishes that no player will accept a payoff lower than the disagreement point.
The second introduces the trade-off among the players when a solution has been obtained. Thus, the
solution guarantees that the payoft for one player cannot be increased without negatively affecting the
payoffs of other players [58, 59, 60].
As mentioned, we use a sequential approach to model the waiting list for specialized medical services.
This implies a set of consecutive games and optimization problems with different hierarchies to rep-
resent how decisions are made and influence themselves. For example, local agreements can impact
regional trades or the relationship with private providers, thus impacting the feasible set of the re-
gional model. We developed two frameworks with different mathematical phases to represent system
interactions among public hospitals, RHSs, and private hospitals.

3 Mathematical formulation

We designed two frameworks to model the system, framework A and framework B. The first framework
(A) has three phases of decisions—local, regional, and private. The local phase occurs when public
hospitals of the same RHS bargain their waiting lists. The regional phase is solved after finding the
solution to the local negotiations. It considers the RHS utilities as a function of the hospitals under
their supervision; in this case, the bargaining of waiting lists occurs through the different RHSs. In
the private phase, private hospitals are involved in helping to clear the remaining waiting lists, after
phases one and two as a back-up to the system. In the second framework (B), private hospitals are
part of the local and regional negotiations instead of being a back-up system. This implies that private
hospitals are considered as players in the two bargaining phases but have a different type of utility
function compared to public hospitals.
Let M be the exogenous set of patients on waiting lists that could be transferred to another institution
to get service. N denotes the set of hospitals in the system that may need to transfer patients and/or
are willing to receive patients. Let H represent the set of RHSs under analysis. The set of private
hospitals is defined by L. Finally, let P represent the set of specialized medical services required by
patients. Each patient z € M is modeled by a triplet (p,w.,%), where p represents the specialized
medical service needed, w, represents the priority code assigned to patient z, and ¢ is the hospital
where patient z is on the waiting list for a specialized medical service. Every hospital i € N is also
modeled by a triplet (h,eip,d;), where h represents the RHS that supervises ¢, ¢;p is the remaining
capacity of hospital i (after assignment to its internal demand) to treat patients with a need for
specialty p, and §; is the selfishness level of hospital 7. In the literature, selfishness has been used to
describe hospital managers’ behaviors or greed [61, 62], to define certain health care routing decisions
[63], and to describe noncooperative network agents [64]. In our formulation, the exogenous parameter
of public selfishness represents the lack of desire to share capacity with other providers due to, for
example, compromises of production, the difference in payments based on patients’ origin, or concern
about future demand. Table 1 summarizes all indices, parameters, and variables required for the
mathematical formulations.

Next, we introduce the frameworks’ formulation and describe the modification required in each
phase.

3.1 General constraints

The formulation of our two frameworks is based on mixed-integer programming (MIP). To begin we
introduce the general constraints. Let x7;, denote a binary variable that represents patient z with a
need for specialized medical service p. If the value is equal to one, it indicates that patient z has been
transferred from i to j to get specialized medical service; otherwise, it is zero. Constraint (1) represents
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Table 1: Indices, parameters, and decision variables of the formulation.

Index Definition
i Hospital i, where ¢ € N
J Hospital j, where 7 € N and j # ¢
z Patient z, where z € M
P Specialty p, where p € P
l Private hospital {, where [ € L
h Health service h, where h € H
Parameter Definition
Wy The priority code assigned to patient z
Cip Remaining capacity of hospital i to treat patients with specialty p
&; Selfishness factor of hospital i
] Selfishness factor of private hospital [
0. Utility of hospital 7 that belongs to health service h before negotiations (disagreement
ih point)
kin, Binary parameter equal to 1 if hospital ¢ belongs to health service h
5ij Binary parameter equal to 1 if hospitals ¢ and j belong to the same health service
diy Binary parameter equal to 1 if hospitals ¢ and I belong to the same health service
apl Available capacity per specialty p at private hospital I
bin Binary parameter equal to 1 if private hospital i belongs to health service h
w Maximum value of priority among all patients
v, Difference in the price paid between public and private network for specialty p
€ A small value to avoid mathematical errors (e.g., 1079)
Variable  Definition
- 1 if patient z with a need for specialized medical service p that belongs to hospital
tp i is transfered to hospital j, 0 otherwise
> 1 if patient z with a need for specialized medical service p that belongs to hospital
Vilp i is transfered to private hospital [, 0 otherwise
t; Utility of hospital i based on the number of patients transfered to other institutions
Yi Utility of hospital ¢ based on the remaining capacity
Uih Total utility of hospital 7 that belongs to health service h
Uh Total utility of private hospital [ that belongs to health service h
oy Total number of patients received by private hospital
u; Total utility of private hospital [
T Total utility of hospital ¢
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the fact that a patient can be transferred at most to one new hospital location.

DD Y <1l VaeM (1)

iEN jEN peP
J#E
Given that each hospital has a limited capacity per medical specialty, constraint (2) ensures that the
number of patients being transferred to a given institution does not surpass its capacity.

Z Z i, <cp VpeEP VieN (2)

JEN z€M

i
Two major elements determine the utility function of each public hospital. The first element is the
number of patients on the hospital’s waiting lists that is being transferred to other institutions to
receive service. The second element is related to the remaining capacity after the negotiations. In (3),
the utility of each public hospital transferring patients to other institutions is presented. The function
considers the priority of each patient w. to calculate the total value of each transfer.

t; = Z Z Z’u}szw Yie N (3)

JEN zeM peP

J#i
Constraint (4) shows the second element of the utility function. As mentioned, the number of patients
received by each hospital through the negotiations reduces the available capacity per specialty for
future demand. Therefore, this element decreases the utility as more patients are accepted. The
magnitude of the effect over the utility is determined by the level of each institution’s selfishness 9;.
At the same time, future demand with different priorities could use the slots available for a specialty.
Therefore, we considered a unique value common to all patients and institutions, w. The parameter w
helps obtain a more robust solution by considering the scenario where the patients in worse condition
(highest priority) use the available slots. Consequently, each institution’s selfishness ¢; and the highest
priority w represent the loss of potential gain when sharing an availability instead of keeping it for
themselves.

Yi=w Z(cip — Z Z )0 Yie N (4)
peP jEN zeM
J#i
As a result, constraint (5) combines the elements of constraints (3) and (4) into the total utility function
of public hospitals. Binary parameter k;;, is equal to 1 if hospital ¢ belongs to RHS h and is 0 otherwise.

wip, = kin(ti +yi)) YVie N Vhe H (5)
In (6), a simpler representation of the utility function of each hospital is introduced.

r=Y wn VieN (6)
heH

Based on patients’ information, constraint (7) fixes the value of some variables as equal to zero.

=0 VzeM Vi¢ N, Vp¢ P, Vj=ieN (7)

ff"z’sz
Constraints (8)—(12) define the range and type of variables used in the models.

€{0,1} VieN Vj#£ieN VpeP VzelM (8)

27,
Tijp
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teRY VieN (9)
yeRY VieN (10)
up, ERT Vie N Vhe H (11)
rneRY VieN (12)

3.2 Framework A
3.2.1 Phase one (local public negotiations)

Phase one consists of the local public hospitals’ negotiations. As mentioned, the NBS can be used to
find a unique Pareto optimal solution to cooperative bargaining, in this case among public hospitals.
The maximization of hospitals’ utilities through cooperative bargaining is represented by objective
function (13). Constraint (14) establishes the axiom of individual rationality; no hospital will accept
a payoff (utility) lower than the disagreement point. The status quo or disagreement point 6;, is
calculated based on the utility function (5) of each hospital before negotiations. It becomes evident
that the element of (5) represented by constraint (3) is going to always be zero before bargaining.
At the same time, the element represented by constraint (4) can be equal to zero if the selfishness §;
is zero. Otherwise, it will take the value of the total available capacity multiplied by the maximum
priority, w, and ¢;. Given that phase one is restricted to local negotiations, constraint (15) guarantees
that no trade takes place outside the RHS.

max H(n - Z Oin) (13)

iEN heH
subject to (1)-(12) and
7>y Oy VieN (14)
heHd
2, <sj VieN Vj#icN VpeP VzeM (15)

3.2.2 Phase two (regional public negotiations)

Phase two describes the regional public hospitals’ negotiations in which RHSs’ payoffs are considered.
Each RHS’s utility is calculated considering the hospitals under its supervision as the difference between
the sum of all public hospital utilities minus the sum of all disagreement points. In this way, each RHS’s
utility becomes a function of individual utilities, where the RHS protects the interest of the institutions
under its supervision. The objective function (16) represents the cooperative bargaining among RHSs,
while constraint (14) guarantees that no hospital receives a utility lower than its disagreement point.
In the regional phase, the solution obtained in the local bargaining helps to define the feasible space
of phase two. In other words, the matrix of variables zfjp, the set M, the disagreement points of each
public hospital 6, (depending on capacity), and the remaining capacity per specialty of each hospital
cip are updated. Constraint (17) ensures that all hospitals’ transfers take place outside their RHS.

max H Z(uih — 0in) (16)

heH ieN
subject to (1)-(12), (14) and
w5, <l—s; VieN Vj£ieN VpeP VzeM ar7)
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3.2.3 Phase three (private hospitals as a back-up)

Phase three considers the decisions after local and regional negotiations have used all available public
resources. The idea behind this level of analysis is to measure the financial impact of using private
hospitals as a back-up system to help clear the remaining waiting lists. Therefore, as well as in the
regional phase, the matrix of variables zfjp and the set M are updated based on the previous phase
solution. Phase three requires the incorporation of the binary variables a:flp; similar to mfjp, xf[p is
equal to one if patient z with a need for specialized medical service p from public hospital 7 is trans-
ferred to private hospital | and is equal to zero otherwise. This multi-objective model of two functions
(bi-objective) generates a nondominated frontier representing the trade-off between minimizing the
number of patients on waiting lists, objective function (19), and minimizing the additional cost of
serving patients in the private system, objective function (18). The formulation does not include a
selfishness term because the back-up role is financially driven and does not conflict with the private
providers’ profit maximization goal.

Similar to constraint (3), (20) calculates the utility of transferring patients to private hospitals ac-
knowledging their priority. In (21), the additional cost of utilizing the private system is calculated. ¥,
represents the difference between the price paid in the private network and the price paid in the public
system for the same specialized medical service p. Through constraint (22), we consider the fact that
patients are transferred to private hospitals.

minZu; (18)

leL

min Z w, — Z t; (19)

zeM ieN
subject to (1), (9), and

ti = Z Z szmflp Vie N (20)

leL zeM peP

w=>3 %% 39, Vicl (21)

1€EN zeM peP
ri, €{0,1} Vie N VieL VYVpeP VzeM (22)

Next, we present framework B, which is independent of the three phases already described. Frame-
work B considers phases in which private hospitals are not a back-up for the public system. Instead,
they become active participants in the local and regional negotiations.

3.3 Framework B
3.3.1 Phase one (local negotiations)

Phase one of framework B presents the first local negotiations in which private hospitals become part
of the bargaining. This model uses the NBS to solve the cooperative bargaining problem and considers
a new utility function for private hospitals. As can be observed in the objective function (23), most
of the equation is equivalent to the model presented in phase one of framework A, except for the new
term of private utilities wy,. Constraint (24) captures the total number of patients being received
by each private hospital with their respective priorities w,. This variable, oy, is used by constraint
(25) to generate a concave utility function for each private institution. The private selfishness term
d; combined with the available capacity per specialized service a, determines the maximum value
attainable for the concave function. This implies the existence of a point after which private hospitals
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lose utility for receiving patients from the public system. Defining a concave utility function for private
hospitals is consistent with realities in which private insurers pay more for service to providers than
public insurers. In (25), € represents a small number to avoid numerical issues when d; is equal to one.
In our case, we chose an € of 107% to avoid changes in the value of 1w, when 4 is different than one.
Constraint (26) guarantees that no hospital negotiates outside its RHS.

max ([ [ ri = > 0] D uin) (23)

i€EN heH leL heH

subject to (1)—(12), (14), (15), (22), and

g = Z z Z:I;flp Vie L (24)

i€N zeM peP

wp, = b,h(f( ! (61> +2(cy)) VieL YheH (25)

14+e— Jg)apl

T, <dy Yi€eN VieL VpeP VzeM (26)

3.3.2 Phase two (regional negotiations)

Phase two of framework B describes the negotiations among public and private providers that take
place at the regional level. Like in phase one, the private hospitals are included in the objective
function (27) but in this case are also part of the RHS’s objective function. This implies that the
social benefit generated by private hospitals is accounted for in the utility function of the RHS. In the
regional phase, the solution obtained from the local bargaining helps to define the feasible space of
phase two. This means that the matrix of variables mfjp and :cflp., the set M, the remaining capacity
per specialty of each hospital c¢;, and ap, and the disagreement points of each public hospital 8, are
updated. Constraint (28) guarantees that patients can only be transferred to private hospitals outside

their RHS.
max H (Z(uih —0in) + z upp) (27)

heH ieN leL
subject to (1)-(12), (14), (17), (22), (24), (25), and

g, <l—dy VieN VieL VpeP VieM (28)

3.4 Transformation of the models

As the NBS presented in phases one and two of both frameworks (A and B) has a non-linear objective
function, two possible approaches can be used to solve it. We can either use a non-linear solver or
transform it into a second-order cone problem (SOCP). In general, the latter option has the advantage
of being efficiently solved by commercial solvers, such as CPLEX, GUROBI, and XPRESS. As an
example, let us consider phase one of framework A with the following general form.

max H(T, — Z Oin)

€N heH
subject to (1)—(12) and
T > Z O ViEN
heH
5, <syj VieEN Vi#ie N VpeP VzeM
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It was shown in [59] that mathematical problems with the structure presented above can be formulated
as a mixed-integer SOCP. To begin, a new non-negative variable v and a geometric constraint are added
to the model. To avoid computational issues with the geometric constraint, a set of non-negative
variables and constraints replace it. Let x be the smallest integer value such that 2% > np, where np
represents the number of players in the game. After adding the set of non-negative variables 4 and T,
phase one of framework A can be reformulated as:

max vy

subject to (1)-(12),(14),(15), and
0<~y<T

0<Ir< \/Tf71T§71

0< <fmphimy ! Vi=1,.2"" Wi=1,. k-1

0< T]O =rj— Z Oin ¥j=1,...np
heH
OS‘FJ(-J =I Vj=np+1,., 25

Another issue encountered with nonlinear functions relates to private hospitals. In phases one and
two of framework B, the utility function is defined as a concave function of patients being received and
their priorities. A common practice to deal with concave or convex functions is to use a piecewise linear
function to represent it. The advantage of implementing a piecewise linear function is that advanced
mixed-integer linear programming techniques can be applied. However, using an approximation in the
original function requires checking that the estimate is close enough to the original point [65, 66]. An
example of a piecewise linear approach for a concave function is depicted in Figure 2. To generate line
segments that approximate the function in constraint (25), we use the following general equation.

Lyy = f(w0) + f (w0) (x — w0)
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Figure 2: Example of a piecewise linear concave function built using five linear equations

In (25), f(xo) is represented by w;, evaluated in the point xg, while f (z0) is the derivative of f(x)
with respect to o; evaluated in xy. Consequently, the concave private hospitals’ utilities become a set
of lines where every value of o7 can generate a segment.
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4 Case study

This section presents a case study based on the Chilean scenario. Data was collected from de-identified
and publicly available (by request) waiting list databases from separate RHSs—Atacama, Valparaiso-
San Antonio, and Osorno [67]. These three RHSs typify the natural divisions of the country, being
located in the north, center, and south of Chile, respectively. The dataset includes information about
patients on waiting lists for non-prioritized specialized medical services from 2008 to 2018 at 77 public
medical centers providing primary, secondary, and tertiary levels of care. A total of 35 specialties
are included, and four levels of priorities (low, moderate, considerate, and high) were estimated. The
priority code is an outcomes-driven estimation of the mortality risk of a patient on a waiting list using
the algorithm presented in [15]. Essentially, we estimate the ratio of the hazard rates corresponding
to the 35 specialized services in our waiting list cohort. These hazard ratios were adjusted for age,
sex, residence, insurance coverage, and level of care. Similar outcome-driven waiting list prioritization
schemes are currently used by Chile’s Ministry of Health [68]. For more details about the results of
hazard ratios, consult Table 3 in Appendix A.

Given that the data for the years 2008 and 2018 were not completely collected, they were not involved
in our analysis of demand. Based on the hospitals’ historical utilization levels, the available capacity
of each public institution was calculated. The demand in 2017 was chosen to be analyzed using our
models because it is the most recent. Outliers were removed from the dataset using the interquartile
range rule [69].

In an initial exploration, we found that of the 137,516 patients on waiting lists in 2017 among the three
RHSs, 23,107 never received medical services or a proper diagnosis. Therefore, we use our models to
target the unfulfilled demand of 2017, which has the highest mortality rate in recent years [51]. Figure 3
shows the geographical location of each RHS and their 2017 unmet demand. Based on meetings the
authors held with experts from the Chilean Ministry of Health and their valuable feedback and onsite
experience, public hospitals’ selfishness was defined as the degree of concern about sharing capacity
with other hospitals based on the directors’ evaluation system, funding mechanisms, or compromises
of production, that might jeopardize their ability to meet future demand. In essence, this is a system-
induced behavior that inhibits proper collaboration. In the case of private hospitals, which are driven
by their financial results, selfishness represents the amount of capacity they are willing to share with
the public system, given the risk of sacrificing higher payments from patients with private insurance.
The private hospitals’ available capacity for phases one and two of framework B was estimated based
on the 46% historical participation in the provision of specialized medical services in Chile [70]. For
phase three of framework A, the additional cost of serving patients in private hospitals was calculated
from the difference in the appointment price per medical specialty between the public system [71]
and a private hospital in Santiago (capital of Chile) [72]. The second column in Table 2 presents the
additional cost per specialty of diagnosing one patient in the private network.

5 Results

This section provides the results of the case study evaluated in our two frameworks. The MIP phases
were implemented in JULIA 1.1.0 and solved using CPLEX 12.9.0. Given the database’s size and
the complex computational operations, we executed the models considering a monthly demand and
capacity. The values were calculated as the average demand and capacity per specialty and medical
center. This approach can also be considered as a change in the scale factor of the demand and
capacity. Consequently, solving a single month of waiting lists is proportional to solving a full year of
demand. Table 2 shows the details of demand and capacity per specialty, where a deficient assignment
of resources is observed. For example, maxillofacial surgery has an unfulfilled waiting list of 182
patients per month and zero available resources to bargain among the RHSs. However, traumatology
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has an unfulfilled monthly waiting list of 39 patients but 162 units of capacity available among the
RHSs. Despite having a few specialties with zero demand or capacity (making transfers impossible),
we included them in our study to generalize the frameworks to the Chilean health system. Moreover,
in scenarios with additional RHSs, the unfulfilled demand or underutilized capacity could match new
medical centers’ needs and resources.

In Figure 4, the total demand per specialty and their average priority are presented. As can be
observed, the two most extensive waiting lists are for ophthalmology and dentistry with a low average
priority, which seems reasonable considering that people with low-priority medical needs should wait
longer when resources are scarce. However, immediately after these two specialties, the average priority
level goes up, implying higher mortality rates.
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Figure 4: Total monthly demand per specialty with average priority

5.1 Framework A

Next, we present the results obtained in the different phases of framework A considering the percentage
of demand fulfilled, the transfers per specialty, the impact of public hospitals’ selfishness, and private
hospitals’ role as a back-up system.

5.1.1 Transfers in phases one and two

Table 2 shows the results per RHS of the local and regional public negotiations (phases one and two,
respectively) considering the selfishness factor, d;, being equal to zero. The last two rows of the table
present the total number of patients who received service and the percentage of demand that those
transfers fulfilled. As can be observed at the local level, the Atacama and Valparaiso-San Antonio
RHSs show a reduction of waiting lists. In contrast, Osorno RHS shows zero transfers upon the local
negotiations. This might imply better coordination at the local level in the Osorno RHS, enabling the
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full utilization of needed resources. In Table 2, we also present the results of regional public negotiations
(phase two of the series of games) that take place after the local bargaining considering the remaining
demand and capacity (updated feasible space). In this case, all RHSs show a reduction of waiting lists.
The most significant improvement occurs in the Osorno RHS with 31.3% of demand being satisfied,
equivalent to 190 patients receiving medical service. In contrasting phases one and two, we observe
that the Atacama RHS benefits more from the local negotiations with 211 vs. 17 transfers. In the
case of the Valparaiso-San Antonio RHS, the benefits obtained from local and regional bargaining
are similar with 174 and 127 transfers, respectively. We already saw that local negotiations have a
greater impact on reducing waiting lists than regional bargaining for the Atacama RHS. However,
the number of transfers per medical specialty show that the few regional transfers are for cardiology
and infectious diseases, two high-priority (mortality) specialties. In contrast, the largest number of
transfers at the local level is in ophthalmology, a low-priority specialty. In the Valparaiso-San Antonio
RHS case, the number of patients getting service per specialty at the local and regional level is similar.
Nevertheless, local bargaining serves patients with higher priorities, such as neurology, gynecology, and
internal medicine. In the regional negotiations, the most significant transfer occurs in ophthalmology,
which is the specialty with the smallest number of patients served in the local phase. Osorno RHS
only shows regional transfers with a combination of priority levels, such as gynecology (medium-high),
traumatology (low), and urology (high). In Table 2, the last column aggregates the number of patients
served per specialty due to phases one and two of framework A, considering §; is equal to zero.

5.1.2 Public selfishness

The main goal of our study is to reduce waiting lists by improving providers’ synergy through en-
hancing interaction structures. Accordingly, the impact of different scenarios of selfishness needs to be
examined. Given that the results presented so far have focused on the best possible scenario for public
negotiations, selfishness factor §; equal to zero, Figure 5 depicts a sensitivity analysis of §; with values
ranging between 0 and 1. This sensitivity analysis shows the impact that public selfishness can have
on the number of patients receiving service at the local and regional levels. The first outcome that can
be observed in Figure 5 is the quick decrease in transfers with local negotiations and the small increase
in regional transfers when the value of §; starts to increase. This can be explained considering the
limited alternatives to negotiate at the local level. As selfishness starts to grow in the system, certain
providers could run out of options locally to negotiate, for example, an RHS where only two hospitals
provide service for a given specialty. This implies that fewer resources are used in the local negotiations
that can be bargained at the regional level, where by default there is a higher number of negotiating
providers. The growth of selfishness among public hospitals is related to the capacity being offered,
which translates into a deterioration in performance that can jeopardize the reduction of waiting lists
to the point of complete stagnation (selfishness equal to one) of negotiations. The second outcome
of the sensitivity analysis of our framework refers to the importance of having a good prioritization
system combined with allocation strategies. Figure 6 shows the impact that selfishness has on the
number of patients receiving service per priority. As can be observed, the priority curves decay in the
same order as their importance. Despite having the highest demand and one of the largest numbers
of patients being served, low-priority specialties are first in decay after selfishness starts to increase.
In contrast, medical services of high and considerable priority last longer in the system, guaranteeing
proper utilization of resources for all scenarios.

5.1.3 Private hospitals as a back-up system

In Table 2 column two shows the additional cost (beyond the public expense) per medical specialty
of providing an appointment for a single patient at a private hospital. The bi-objective model, phase
three, generates a nondominated frontier of solutions between the unfulfilled demand and the additional
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Table 2: Framework A input data and results for phases I and II with zero selfishness.

Specialty Additiona]D o Atcama Valparaiso® Osorno Total I
pecialty emandi Capacityf

costf PHI PHII PHI PHII PHI PHII &II
Adult SX 18 80 14 0 0 1 13 0 0 14
Anesthesiology 18 24 1 0 0 1 0 0 0 1
Breast SX 18 0 23 0 0 0 0 0 0 0
Bronchopulmonary 0 15 19 0 0 9 0 0 6 15
Cardiology 0 46 26 0 12 14 0 0 0 26
Cardiovascular SX 0 14 6 0 0 1 0 0 5 6
Dentistry 18 525 0 0 0 0 0 0 0 0
Dermatology 16 15 77 0 0 0 0 0 15 15
Endocrinology 0 6 8 0 0 2 0 0 4 6
Family Medicine 29 0 3 0 0 0 0 0 0 0
Gastroenterology 0 14 25 3 0 10 1 0 0 14
Genetics 0 4 24 0 0 0 4 0 0 4
Hematology 0 23 2 0 0 0 0 0 2
Infectious Disease 0 5 6 0 5 0 0 0 5
Internal Medicine 0 60 110 16 0 39 5 0 0 60
Maxillofacial SX 0 182 0 0 0 0 0 0 0 0
Nephrology 10 11 18 0 0 3 0 0 8 11
Neurology 0 86 51 12 0 23 0 0 16 51
Neurosurgery 0 37 22 0 0 13 4 0 5 22
Nutrition 19 5 4 0 0 4 0 0 0 4
Gynecology 18 102 231 9 0 28 0 0 65 102
Oncology 0 26 4 0 0 0 4 0 0 4
Ophtalmology 0 483 215 164 0 1 50 0 0 215
Other 18 1 8 0 0 0 0 0 1 1
ENT 16 26 284 6 0 15 5 0 0 26
Pediatrics 4 10 27 1 0 0 0 0 9 10
Physical Medicine 10 41 0 0 0 0 0 0 0
Plastic SX 18 0 5 0 0 0 0 0 0 0
Proctological SX 10 33 0 0 0 0 0 0 0 0
Psychiatry 7 8 57 0 0 8 0 0 0 8
Rheumatology 24 16 0 0 0 0 0 0 0 0
Sexual Diseases 24 23 5 0 0 0 5 0 0 5
Traumatology 24 39 169 0 0 0 0 0 39 39
Urology 10 53 111 0 0 0 36 0 17 53
Total 1972 1596 211 17 174 127 0 190 719
% of Demand 100 80.93 52.36 8.9 181  16.1 0 31.3 36.46

Abbreviations: PH, phase; SX, surgery; ENT, ear, nose, and throat; PH I, local transfers; PH II, regional transfers

i Additional cost of diagnosis in the private network in US dollars

i Average monthly values

* Valparaiso-San Antonio regional health service
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expense needed to diagnose the unserved patients in the private network. In Figure 7, the trade-off
between unfulfilled demand (y-axis) and additional expense (x-axis) is shown. As explained in the
preliminaries, the improvement of one objective function can only be obtained by the deterioration
of the other objective function. Therefore, every point in the nondominated frontier is an optimal
solution that the decision maker can choose based on the available resources or desired fulfillment of
demand. Figure 7 highlights the point (5809,350) at which the value in the x-axis is the median of the
additional expense curve; however, any point in the curve can be considered for analysis and selected
by the decision maker.

Figures 8 and 9 present the number of transfers to the private network per specialty when the chosen

10004 -

7504

. Chosen solution
A _(}5809,350)

Unfulfilled Demand
%

0 2500 5000 7500 10000 1250(
Additional expense (USD)

Figure 7: Nondominated frontier, trade-off between unfulfilled demand and additional expense

solution is the above-mentioned point (5809,350). In Figure 8, the color of the columns is determined
by the additional cost of the medical specialties. It can be seen that most of the columns have light
colors, indicating a system preference for specialties with a low additional cost. In contrast, the color
of the columns in Figure 9 changes based on the average priority of each specialty. In this case, most
of the columns are darker than in Figure 8, indicating a preference for specialties with high priority.
Despite the inclination for high-priority specialties, the first two columns of Figure 9 are low priority.
This can be explained, considering that most of the high-priority patients have already been served in
phases one and two.

5.2 Framework B

Next, we present the results obtained from the local and regional phases of framework B. Figure 10
and Figure 11 show a sensitivity analysis of the public and private selfishness conducted for phases one
and two, respectively. In these formulations, the private hospitals are not a back-up system. Rather,
they become players that actively participate in the local and regional negotiations. To deal with the
private providers’ concave utility function, we used a piecewise function that consists of five linear
pieces that produced an objective value variation of 1072 with respect to four linear pieces, which
is negligible considering the range of objective values obtained. Figure 12 summarizes the impact of
selfishness on the system and presents the total number of transfers in framework B.
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5.2.1 Selfishness in local and regional negotiations

In addition to the public network, framework B considers a private setting of three artificial hospitals,
one per RHS, with a total of 600 units of combined capacity, approximately 46% of system participation.
We ran 121 models of local and regional negotiations to build the surfaces presented in Figures 10 and
11. In Figure 10, the local negotiations are subject to the changes in the factors §; (public selfishness)
and §; (private selfishness) between 0 and 1. From the generated surface, we observe that public and
private selfishness negatively affect the number of patients receiving medical service. However, the
reduction related to private selfishness is steadier. This ties to the fact that private hospitals have a
different utility function that only considers the patients being received; consequently, the §; factor is
the single element defining their willingness to negotiate. In the case of public hospitals, a combination
of ¢; and the number of patients sent to other hospitals defines the willingness to share. Therefore, as
a public provider becomes more selfish, a double negative effect is generated. First, the hospital shares
less capacity, thus affecting other institutions. Second, given that other institutions have to reduce
their transfer of patients to the selfish hospital, each balance between patients in and out (utility
functions) is affected, reducing the capacity sharing of these institutions.

1000

supued} J0 RAWNN

Figure 10: Effect of private and public selfishness on local bargaining

Figure 11 shows the sensitivity analysis for phase two of framework B. When public selfishness
increases, the number of transfers is reduced. Conversely, when private selfishness increases, a larger
number of patients receive service. Given that the results of the regional phase build upon the results
of the local phase, the dependency of Figure 11 on Figure 10 becomes evident. In local negotiations,
if private selfishness increases, the public hospitals are forced to look for resources in the regional
bargaining. Conversely, adding private resources to the local network is a good way to avoid regional
bargaining in circumstances of high public selfishness.

5.2.2 Transfers in framework B and the selfishness effect

Figure 12 shows the total impact of the selfishness factors in the reduction of waiting lists. The
increase in the values of §; or §; reduces the number of transfers. Furthermore, it can be seen that
public selfishness has a greater impact on the service rate, which can be explained by a combination
of factors. First, a larger number of players are affected by public selfishness. Second, the increase in
private selfishness generates a small improvement in the regional service rate that smoothes its overall
negative effect. Finally, public hospitals receive almost double the number of transfers than private
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Figure 11: Effect of private and public selfishness on regional bargaining

hospitals in the best scenario, affecting a more substantial part of the population. In total, framework

B was capable of serving 1179 patients when both parameters of selfishness were equal to zero.
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Figure 12: Effect of private and public selfishness on the total number of transfers

6 Discussion and conclusions

Increased mortality rates, low quality of life, and public disapproval of governments are some of the
consequences of waiting lists for specialized medical services. We propose two frameworks to study
system-level mechanisms to reduce waiting lists through consecutive cooperative games and multi-
objective optimization. Qur models enhance public hospitals’ and Regional Health Services’ (RHSs)
interactions and consider the role that private hospitals might have in the reduction of waiting lists.

Additionally, we analyze the impact of selfishness among public and private providers on the health
network.
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Our case study is based on the Chilean health system where phases one and two of framework A
reduced waiting lists, which are not prioritized by the government, by up to 37% using the available
public resources. We also found that each RHS benefits from bargaining in different ways. Osorno
benefits only from regional negotiations (phase two) with mixed priorities. This result aligns with
recent rankings positioning Osorno RHS in first place for the management and integration of medical
centers in its network [73, 74]. Valparaiso-San Antonio reduces waiting lists with both levels of ne-
gotiations (phases one and two). However, it is the only RHS benefiting from the trade of patients
requiring sexual diseases specialists. This situation might relate to having the largest harbor in the re-
gion. Studies have shown that harbors require special attention vis-a-vis sexually transmitted diseases
[75, 76]. Atacama benefits from local and regional negotiations but is the only RHS that does not
transfer patients to bronchopulmonary specialists. An intuitive explanation relates to the RHS being
located in the desert. Studies have shown that meteorological parameters are correlated to respiratory
problems [77, 78]. Taken together, these findings highlight the importance of tailored waiting lists
designed to satisfy the heterogeneous needs of each region that could be determined by factors such as
demographic characteristics, the availability of specialists and equipment, weather conditions, financial
resources, and health system management [79, 80, 81].

We performed a sensitivity analysis of public selfishness for our framework A, phases one and two.
The results show that local negotiations are more sensitive to selfishness and that regional bargaining
helps to maintain a higher service rate, even in unfavorable selfish scenarios. However, a prioritization
index that ensures patients who are at most risk are at the front of the queue plays a fundamental role
in reducing the effect of the system’s selfishness. In our models, the prioritization action diverted the
negative impact of lack of cooperation toward the low-priority segments.

To reduce the waiting lists even further, we propose two possible roles for private hospitals. In the first
(framework A, phase three), private providers act as a back-up system after the public network runs
out of medical resources. We found that this approach could generate a set of alternative trade-offs
between the additional expense of serving patients in private hospitals and the reduction of waiting
lists. According to our cost assumptions, to ensure that each patient in the remaining monthly demand
(at selfishness zero) gets to be seen by a physician in the private system, an additional $US12,000 (be-
yond what it would cost in the public system) is needed. This translates into a total annual cost of
serving remaining patients from the three RHSs in the private network of approximately $US700,000
(interested readers can find the total private appointment cost per specialty in [72]).

In framework B, private hospitals became players in the local and regional negotiations. Consequently,
private and public selfishness could jeopardize the reduction of waiting lists. We found that pub-
lic selfishness has the worst impact on the system due to the number of players (public hospitals)
and the amount of demand (patients) it affects. However, an increase in private selfishness forces
public hospitals to look for resources outside their regions, implying higher costs and discomfort for
patients. Similar to framework A, regional negotiations are an excellent way to mitigate the negative
effect of public selfishness. However, framework B showed that regional negotiations introduce a more
significant improvement in private selfishness because public providers can still help each other. By
combining public resources and private hospitals’ participation as players, framework B reduced the
unfulfilled waiting list by up to 60% when selfishness was equal to zero.

To deal with the selfishness in the health care systems, economic incentives for those helping other
institutions or penalties for those not willing to cooperate might prove helpful. Another approach
consisting of waiting list credits (total capacity shared) that can be regained in times of need from
other institutions can be attractive for providers. A similar approach is utilized in the energy markets
where credits can be sold among regions [82].

From a policymaker’s point of view, contrasting our theoretical results (selfishness equal to zero) and
the results after implementing these frameworks provides a good mechanism to obtain approximated
parameters of selfishness. There a few points to highlight regarding the applicability of each frame-
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work. First, both frameworks can improve public resource utilization, but private hospitals’ role will
define which approach suits a country’s needs better. For example, framework A considers the private
providers a back-up system; consequently, it does not require sizable political alignment concerning
private providers’ participation in the public health system. However, framework A implies a higher
expenditure on public health. Framework B requires private providers’ involvement as active members
in delivering public health care. This can create political and social discomfort in countries with a
preference for public health providers, particularly if there is selfishness on the part of private providers.
In addition, it requires private providers’ willingness to deal with the externalities of providing public
goods, and the experience of various countries has shown mixed results regarding private actors par-
ticipating in the delivery of public care [83].

From a managerial perspective, the number of transfers in our models is equivalent to the system ca-
pacity utilization in each framework. Therefore, the sensitivity analysis performed between selfishness
and the number of transfers can also be interpreted as the relationship between selfishness and the
system capacity utilization (see Appendix B for more details).

Another interesting analysis is comparing our frameworks with a fully centralized assignment model
adopting a maximization of the weighted sum of the utility functions. As in our model and given the
problem’s characteristics (lack of resources in some specialties and excess in others), the centralized
model’s solution would also allocate all the required/available resources (check Table 2 to see our
model’s allocation with zero selfishness). However, this method diverges from our solution because the
distribution of resources will not align with demand in terms of geographic location. Additionally, it
has been shown that centralized models using a weighted sum of functions do not necessarily produce
a fair distribution of benefits, and the estimation of weights can be subjective. Conversely, the NBS
ensures that the benefits are distributed fairly among the players (hospitals/RHSs) [84]. Interested
readers may refer to [60, 85] to see the Nash approach’s effectiveness in other problems.

Based on the insights derived from our models and data, we believe the Chilean government and its
SIGTE have an excellent opportunity to facilitate the local and regional trade of waiting lists among
public and private hospitals. For example, to manage the SARS-CoV-2 pandemic, the Chilean gov-
ernment has established a set of instructions to coordinate the public and private networks through
the supervision of the Under Secretary of Health Services (see Figure 1) [86]. However, the design of
the SARS-CoV-2 coordinated system could be evaluated or improved with a model such as the one
presented in this study. In addition, the Chilean government’s efforts to introduce the DRG funding
mechanism can also help deal with selfishness due to budgets based on production compromises. As
mentioned, private hospitals’ support of the public system is subject to each country’s internal poli-
tics. Opening the public demand equally for private and public hospitals represents a challenge not
only from the financial and ethical viewpoints but also from the perspective of quality of care. Given
the current inequalities between the public and private health systems in Chile [87], private hospitals’
back-up role might increase access to a higher quality of care for those in the greatest need without
generating a disruptive demand migration.

Our work has some modeling assumptions and data limitations. First, the frameworks require an
information system that can frequently provide the status of waiting lists per specialty throughout
the country. They also require patient prioritization models that can support the decisions. From
the data perspective, our study estimated the priorities using non-clinical patient information, and
the additional cost values for private providers were based on the prices of a single private hospital.
Additionally, our models do not consider information related to patients’ mobility and do not penalize
the distance traveled in the regional transfers. In practice, relaxing the last assumptions will imply
a reduction in the percentage of improvement. Finally, we assume an absence of uncertainty in rela-
tion to the waiting lists; a model considering possible increases in demand due to the improvement in
waiting times might be helpful for policymakers. Despite these limitations, our approaches establish
strong evidence of how to reduce waiting lists by increasing cooperation. Furthermore, generalizing
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these frameworks to other countries with and without two-tier health care systems is possible as long
as the modeling assumptions are satisfied and the limitations considered.

To our knowledge, this is the first work that combines MIP optimization models with game theory to
reduce waiting lists for people requiring specialized medical services. The mathematical frameworks
presented in this study provide a quantitative tool for the design of a centralized system to enhance
interactions among public and private providers. Policymakers can use the proposed models to de-
termine incentive structures that will promote bargaining for the benefit of patients. Future research
that relaxes some of the assumptions and limitations of this work or behavioral studies measuring the
selfishness levels might prove helpful.
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Appendix B

Here, we provide an example contrasting frameworks A and B in terms of capacity utilization and
selfishness. Given that framework A considers the private providers as a back-up system, it is only
affected by public selfishness. Conversely, framework B assumes that private providers are part of the
negotiations. Therefore, both types of selfishness are included in framework B. Let us assume as an
example that the public and private selfishness are equal to 0.4. Figures 13 and 14 provide a sensitivity
analysis between selfishness, the percentage of capacity utilized, and the number of transfers in each
framework. At selfishness of 0.4, framework A serves 346 patients with a 21.7% capacity utilization,
while framework B serves 512 patients with a 23.3% capacity utilization. Despite the favorable results
produced by framework B utilizing public and private capacities, framework A provides similar results
using exclusively public resources. Suppose the chosen solution of Figure 7 is allowed as an additional
expenditure to framework A (enabling the back-up role of private providers). The number of patients
served by framework A will then be 1249, surpassing framework B. Given that framework B can have
different combinations of public and private selfishness, Table 4 provides some additional scenarios
contrasting selfishness, the number of transfers, and the capacity utilization in this framework.
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Figure 13: Impact of public selfishness on the capacity utilization and the number of transfers in
framework A
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Table 4: Examples of the capacity utilization in framework B considering public and private selfishness.

Selfishness Framework B
Private Public Transfers Capacity
utilization (%)
0.0 0.0 1179 53.7
0.1 0.0 1130 51.5
0.2 0.0 1081 49.2
0.8 0.1 497 22.6
0.9 0.1 543 24.7
1.0 0.1 537 24.5
0.5 0.3 506 23.0
0.6 0.3 421 19.2
0.7 0.3 392 17.9
0.4 0.4 512 23.3
0.5 0.4 463 21.1
0.6 0.4 417 19.0
0.0 0.5 697 31.7
0.1 0.5 655 29.8
0.2 0.5 618 28.1
0.8 0.6 287 13.1
0.9 0.6 300 13.7
1.0 0.6 277 12.6
0.5 0.7 431 19.6
0.6 0.7 360 16.4
0.7 0.7 318 14.5
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ARTICLE INFO ABSTRACT
Keywords: In the last decade, emergency department (ED) overcrowding has become a national crisis for the US healthcare
Overcrowding system. Increasing mortality rates, decreasing quality of care, financial losses due to walkouts, and ambulance

Ambulance allocation
Game theory

Bi-objective optimization
Min-max technique
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diversion are some of the consequences of ED overcrowding. Given the increasing demand in terms of
ambulance utilization, being able to assign service requests to EDs efficiently, becomes a key function of the
emergency medical services. This paper presents new ambulance allocation optimization models to reduce
patients’ total time to treatment, waiting times; therefore, ED overcrowding. Disparities and fairness are
considered in the development of the mixed integer programming models. Under a set of assumptions, we apply
our strategies to allocate 75 ambulance emergencies to 11 EDs in a specific county in Florida. Heterogeneous
types of patients, demand characteristics, and geographical/facility information are considered in the models.
Based on numerical experiments and the situation in Florida, we show that the optimization techniques can
be utilized for large problems and result in up to 31% improvement of the current decentralized model.
Further analysis reveals the negative or positive impact that the strategies have on each patient, giving new
insights for future policy modifications. Bi-objective, single objective, and game theory optimization models
are implemented in this study.

1. Introduction caring for indigent people, and primary care due to barriers to access
at this level of care [7,8]. In 2016 the number of annual ED visits

Emergency departments (EDs) have traditionally been the places per 1000 habitants reached 441 emergencies [9]. Despite the increase
where patients go to receive care in life-threatening situations, or when in demand for and utilization of emergency services, the number of
acute events occur [1]. These health facilities are focused on the care EDs in the US, along with the total number of hospitals and hospital
and management of patients who need to be treated within a short beds, have decreased significantly in the last two decades [10,11]. As
period of time. Due to the diverse diseases and conditions treated in
an ED, admissions are driven by priority-based policies. Patients may
arrive at EDs via special emergency vehicles or on their own (walk-in).
These arrivals are not planned or easily predictable, and their stochastic
nature impacts the workload and has negative consequences in terms
of quality of care and patient waiting time. Therefore, the appropriate
assignment of priorities is needed to ensure that each patient receives
correct and timely treatment [2,3]. As the United States (US) health
care system has evolved under the pressure of political, economic, and
clinical matters, the EDs system is being forced to expand their role

a consequence, the ability of emergency teams and physicians to deliver
adequate care is affected [12]. The disproportion between supply and
demand, caused by the factors stated above, has led to the national
crisis of overcrowding [5,13,14].

Although there is no agreement on an exact definition of ED over-
crowding, it often refers to an overburden of patients in treatment
areas that exceeds the ED resources capacity, frequently requiring that
medical care be provided in ED corridors and other temporary exam-
ination areas [15]. A national US survey showed that more than 90%

despite being recognized as the most expensive care [4]. Nowadays, of large hospitals have their EDs operating at or over capacity [13].
the EDs represent a baseline for the safety net of the health care =~ Overcrowding has been associated with long waiting times, especially
system regardless of the economic or social status of patients [5]. for patients who are not critically ill, thus decreasing the quality
From the 145 million of patients attending US EDs annually, over ~ of care; increasing mortality; increasing patient walkouts; increasing
12 million are uninsured [6]. Additionally, EDs have taken on the ambulance offload delays; and increasing ambulance diversion among
responsibilities of public health surveillance, disaster preparedness, other externalities [16-18].
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Fig. 1. Standard system process.

In addition to the impact perceived by the patients, hospitals are
facing financial losses due to walkouts and ambulance diversion as con-
sequences of overcrowding in EDs. Researchers have found that there is
a revenue loss of USD 3.9 million per year for a 500-bed hospital [19].
According to the National Hospital Ambulatory Medical Care Survey,
between 2003 and 2015 the number of emergency patients who arrived
at EDs via ambulances increased from approximately 16 million to 21
million per year in the US [20,21]. In this context, the allocation of
service requests to EDs plays an essential role in overcrowding, not
only in terms of life-threatening scenarios but also from a financial
perspective.

1.1. Problem description

In the US, emergency medical services (EMS) refers to the treatment
and transport of injured or sick patients to hospitals. Despite the
tremendous importance of the system, the lack of strong representation
at the federal level and the increasing number of local agencies and
system models make a fully encompassing definition impossible [22,
23]. There are more than 21,000 licensed local EMS agencies in the
US that can be classified into three main groups according to the
tasks they perform: (1) Agencies that focus primarily on 911-based
emergencies with or without transport; (2) EMS that provide scheduled
medical transport; and (3) EMS that provide emergent inter-facility
transport [24]. In this study, we focus on the first category with trans-
port, particularly the utilization of ambulances. Fig. 1 shows the most
common process patients go through. The steps include calling 911 to
request help, receiving initial treatment by the ambulance personnel,
and choosing the destination ED. Across the US, different protocols are
followed in determining the destination ED. The different states and
counties customize their policies. For example, Hillsborough County
in Florida gives the responsibility of determining the most appropriate
facility to the senior caregiver at the scene. He or she has to decide the
final destination in accordance with the state-approved Hillsborough
County Trauma Agency Plan, Basically, a patient is transported to the
chronological/developmental, age-appropriate, treatment facility [25].
It is necessary to add other elements to these customized protocols,
which can lead to the inefficient allocation of service requests to EDs.
For example, Medicare only covers ambulance service to the nearest
appropriate medical facility that can provide the care [26], and some
private insurances cover medical transportation only if the ambulance
company is a partner organization or the provider is part of the net-
work. Additionally, the large number of ambulance providers by area
(e.g., county) is a barrier to coordination with EDs.

Several studies have been conducted in the framework of EMS
planning and facility allocation. In this paper, we divided the litera-
ture into two main pillars. The first considers publications related to
ambulance assignment to call request, dispatch policies, and allocation
of EMS to increase coverage. This pillar has been widely studied in
the last decade; from these research efforts, many publications have
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emerged. [27-35]. We are interested in the second pillar, which focuses
on the allocation of medical emergency service requests to ED, the deci-
sion that pairs ambulance emergencies and hospitals’ ED. The following
are publications that provide interesting results and understanding of
the different techniques available for the allocation of services request
to ED or similar problems.

In [36], through queuing theory, the interface between regional
EMS provider and EDs serving ambulances and walk-ins was modeled.
Markov chain was utilized to analyze the ambulance offload delays
due to overcrowding in EDs. A simulation was implemented to vali-
date the model assumptions. In [37], a stylized queuing model with
blocking was used to analyze the effect of routing decisions on EMS
and to help in creating proper patient allocation policies for multiple
hospitals in a region. [38] used mixed integer programming (MIP)
to optimize the allocation of ambulance request to EDs, considering
geographical information in a region of Italy. A complete offline picture
of an optimal assignment was used to evaluate the price of anarchy,
where centralized allocation is useful as a reference for the state of
the art of the decentralized approach and future reorganization ideas.
In [39], through a queuing game between two EDs that minimizes
the waiting time, it was found that the decentralized decisions related
to diversion generated a lack of pooling benefits. The existence of a
defensive equilibrium was also discovered. Additionally, the benefits
of a centralized planner that maximizes the social optimum in terms
of diversions were estimated. In [40], approximate dynamic program-
ming optimization was utilized to reallocate ambulances after first-aid
requests to the waiting location in a time-efficient manner. In [41], a
design of pragmatic retrospective cohort analysis of all the planned
and unplanned ED visits was studied. The planned visits followed
an ambulance service secondary telephone triage, and the impact on
ED admissions was measured. The study shows that planned visits
were more likely to be admitted to hospital and to find a suitable
ED, compared to emergencies that were not planned ED visits. [42]
studied proactive destination selection considering real-time data of
the regional EMS system. The authors showed that proactive desti-
nation selection could improve regional capacity and helps to reduce
ambulance diversions. [43] implements a “nurse navigator program”
to identify the ideal destination ED between two nearby hospitals.
The improvement of load-balancing considered real-time information
from EDs that is utilized to inform the EMS. The article showed that
a proactive mechanism of nurse navigator with real-time data could
decrease EMS turnaround time.

Our contribution: In the present work, we investigate the over-
crowding problem from the viewpoint of the allocation of emergency
requests to EDs in the US system. Three optimization strategies are
proposed, taking into account both the EDs’ workloads and service allo-
cation. We consider remote triage management, as suggested by [38].
That is, anticipating patient priority can help in handling emergency
requests to EDs, thus assuring the best possible service level.

Unlike previous approaches, we recognize the fact that minimizing
total or average time across all emergencies, may favor certain patients
over others. This is a common problem in optimization models focused
on efficiency-based objectives [44]. By incorporating terms of fairness
and disparities, we aim to provide patient-centered solutions that rec-
ognize the necessity of improving efficiency in the context for which
they are designed.

When working on healthcare systems, there is an imperative need to
acknowledge the issues previously described. Prioritizing the common
welfare of the community over individual patients implies potential
loss of lives. This situation may be disregarded in other fields, where
the thing being optimized is inert, or the externalities only have an
economic impact.

The first strategy that we propose focuses on system efficiency and
is modeled using MIP with a single objective function. Our second
strategy focuses on the reduction of disparities, and the Min-max
technique is used to develop a bi-objective MIP problem. Finally, the
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Table 1 Table 2
Model indices. Model parameters.
Symbol Definition Symbol Definition
i Emergency in the system, where i € I. ¢ The priority code assigned to the emergency i.
i Emergency department in the system, where j € J. dy The travel time of emergency i to arrive at ED j.
4 Period of time, where r € T. ' The quality of care for pathology p offered by ED ,.
P Pathology, where p € P. @ The initial number of patients waiting at ED j.
I The number of walk-in patients at ED j in time period 1.
a) The proportion of patients still waiting to be treated in j and
: : eriod 1.
integration of game theory and MIP enabled us to generate a grand P . hol N
o . . . . . Bina arameter, 1 if ED j can treat patholo, , 0 otherwise.
coalition between our objectives/imaginary players to improve the i P / P &P
' ] . . . .
efficiency of the system and provide fair payoffs to the patients. A & gtgzzi]::rame'”’ 1 if emergency 7 occurs in period r, 0
non-symmetric bargainin, me is utilized in this 1 T; .
on-sy; etric barga g game is utilized n this last strategy, W, Time period in which emergency i occurs.
While eaCh_ strategy 1rnvproves the current decentralized VSYStentl’ we Wy The maximum waiting time before starting ambulance diversion.
analyze and discuss the differences among them. Total waiting times, . . .
. L . . p The minimum quality of care expected for every patient.
fairness, and efficiency are some of the critical points under analy- - L o
i ) . o R . a; Slope coefficient of the waiting time function in j.
sis. These strategies represent potential guidelines to modify policies, . o -
) . R . . b, Intercept coefficient of the waiting time function in j.
increase service capacity, and reduce overcrowding in EDs. ) o ) X
r; Binary parameter, 1 if i is traveling more than 15 min, 0
otherwise.
[ Time to treatment for i without the creation of coalition (status
1.2. Structure quo.
np Number of players in the bargaining game.
The following section describes the notation and definitions for
the mathematical representation of the system. Section 3 covers the
formulation of the problem and presents the required modifications of Table 3
. . X . Model variables.
each strategy under analysis. In Section 4, the formulation is tested Svmbol Dot
. X i . ymbol efinition
through a numerical experiment. Section 5 presents a case study in " Z -
. . . . . . X, 1 if patient i is assigned to ED j, 0 otherwise.
Florida, where the strategies are applied. Finally, Section 6 comprises " P ¢ /
. . . o iting tim ED j in tim riod 1.
the conclusion and future research directions. wj Waiting time at ED j in time pe
”5 Total number of patients being assigned to ED j in time period r.
z: 1 if ED j in time period ¢ is not doing diversion, 0 otherwise.
2. Notation and definitions v, Total time that emergency i waits to receive treatment if
assigned to ED j.
. . . . A Maximum time that / with priority code ¢, has to wait for
We modeled the time horizon of the system using a discrete ordered ' teatment. prionty
set T = 1,...,1. Each element of the set represents a period of time when " Expected time to treatment of 7.
emergencies may occur, and decisions need to make. Let I be the set of Iy Expected time to treatment of { and his/her f copies.

emergencies that need to be assigned to EDs in the time horizon 7. G
denotes the set of areas in which the region under analysis is divided.
Let U represent a subset of areas G where the hospitals’ EDs are located.
The set of hospitals’ EDs in the region is defined by J. Finally, let P and
C represent the set of pathologies and priority codes, respectively.
Similar to the work done in [38], each emergency i is modeled
by a quadruple (g;,;.c;, p;), where g; € G represent the location of
emergency i, y; € T is the time period in which the emergency i occurs,
¢; € C is the priority code assigned by the ambulance personnel to i,
and p; € P is the pathology associated with i.
i dpj)» Where
u; € U represents the location of ED j. w;. is the waiting time in ED j
at period 1, which depends on the number of ambulance emergencies
assigned to j, as well as walk-ins and patients already waiting at j. The
capability of the ED j to treat the pathologies is defined by a binary
parameter ¢,;, where p € P. Finally, the quality of treatment that ED j
can provide for a given pathology p is denoted by g,,;.

Every ED j is also modeled by a quadruple (u /-,w;,a

Tables 1-3 summarize all indices, parameters, and variables re-
quired for the mathematical formulations.

3. Mathematical formulation and strategies

This section introduces the model formulation of the problem and
describes the modifications required for each strategy.

3.1. Mixed-integer programming formulation

To describe the MIP formulation, which is the core of our strategies,
we introduce the basic constraints.

« Constraint (1) ensures that each emergency is assigned to one ED
among all periods.

lej:]

jed

viel )

Constraint (2) captures the total number of emergencies assigned
to a particular ED j in a time period .

r_ ot
Zx'fét ="

i€l

vied VteT (2)

Constraint (3) initializes the variable n; in period 7 = 0.

0 _ .
n=q; vield (3)

Constraint (4) represents the function of waiting time at each
ED , for a given period . Different studies have been performed
to understand the relationship between ED waiting time and its
occupancy levels [45-47]. In [38], the authors showed, through
the analysis of historical data, that the average waiting time can
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be expressed as a convex piecewise linear function of occupancy
levels. Based on this contribution and for simplicity, we assumed
the waiting time of each ED as a linear function of their workload
in a given period t. This function considers the arrival of emer-
gencies through ambulances and walk-ins in the current period,
furthermore, incorporates the patients from previous periods still
waiting for treatment at ED j. For more information regarding
convex piecewise linear functions, we refer the readers to [48].

w;=aJ[aj(n;’l+l}’l)+nj+ljj+bj vieJ YteT (©))

In (5), we ensure that if ED j cannot treat pathology p, emergency
i is not assigned to j.

xjSe,;, Viel VjeJ (5)

(6) defines the threshold of maximum waiting time before am-
bulance diversion across all EDs. M represents a large value
(e.g., the value of the worst scenario for any ED in terms of
waiting time) and z; is a binary variable equal to one if w;. <
W,,q,» and zero otherwise.

wh Wy + M(1-2) Vjed VieT 6)

Constraint (7) generates the diversion of emergencies if ED j
exceeds the maximum waiting time threshold.

x; <2}

<zl Viel Vjed 1=y @

(8)=(11) define the range and type of variables.

x,,E((),l] Viel Vjeld 8)
W, €Lt VjelJ WeT 9@
zfd’ eRt VjeJ WeT 10
zj.e{O,l} ViedJ YieT an

3.2. Strategy 1: System efficiency

Our first strategy aims to reduce the total time that emergencies
have to wait to be treated and to minimize the transfer and waiting
time at EDs for all emergencies. To give preference to the patients in
the worst condition, we use an emergency priority code as a weight
in each summation of the objective function. This approach, based
on maximizing overall system efficiency, is similar to the work done
in [38-40].

The following problem provided the general formulation of strategy

1.

Problem 1.

min Y 3N ey + whix,; 8 (12)
iel jedJ 1T

max ' D' 4p,%; az)
iel jeJ

subject to (1)-(11)

In Problem 1, the first objective function (12) minimizes the sum-
mation of times, where for each patient the travel time and the waiting
time at the ED are multiplied by the corresponding priority code. At
the same time, the second objective function (13) maximizes the sum-
mation of the quality of care that patients receive. This last objective
cannot be easily added to the previous function because the parameter
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to transform quality into time is unknown and difficult to estimate.
However, the second objective function can be turned into a constraint
to facilitate calculations.

From Problem 1, we can notice that the first objective function (12)
is non-linear. Therefore, we next describe the linearization; four new
constraints are added, and the objective function is modified.

- Constraint (14) defines a new variable that is smaller or equal to
the sum of the travel and waiting times.

vy Sd+wl Yiel VieJ t=y, 14)

Constraint (15) forces the new variable for total time to be zero
if the binary variable x;; is equal to zero. Basically, the time to
treatment in ED ; for emergency i cannot exist if the patient is
not assigned to that ED. When x,; is equal to one, the value of M
has to be large enough to ensure that the variable v;; is smaller
or equal to the sum of the travel and waiting times.

v SMx; Viel VjelJ 15)

If variable x;; is equal to one, then constraint (16) combined with
(15) makes the new time variable v; .y equal to the sum of the travel
and waiting times.

vpzdytw,-M(-x;) Viel Vjel 1=y (16)
« Constraint (17) defines the range and the type of variable to uﬁj.
udenv viel VYjeJ 7)

In Appendix A, we further discussed how the linearization proce-
dure applied to constraints (14)-(17) works, including a reference that
provides additional insights about this topic.

The next step converts the objective function (13) into a constraint.
This transformation helps to solve larger instances of the problems and
in a shorter period of time. This is a common advantage of models with
a single objective function versus bi-objective models [49]. However,
proper knowledge about the minimum level of quality expected for
every patient is required; an incorrect value may make the problem
infeasible.

« Constraint (18) sets a minimum level of quality of care for every
patient. Parameter f is used as the lower bound.

X dpxy 2B Viel (18)
Jjeds

With the previous constraints and modifications added to the model,
the new problem for strategy 1 is:

Problem 2.

minz Zc,-u,-‘- (19)

i€l jel

subject to (1)-(11) and (14)-(18)

In Problem 2, the objective function (12) is replaced by objective
function (19). The main advantage is the change from a non-linear to
a linear function that can be easily managed with commercial solvers.
Additionally, the objective function (13) is converted into a constraint
to speed up the processing time of the solver.

Consequently, using Problem 2, we can solve the first strategy
to improve the allocation of service requests to EDs. It is important
to notice that constraints (14) and (15) can be ignored due to the
minimization characteristic of the problem.

As mentioned in the previous section, the approach described for
strategy one is based on optimizing an efficiency-based objective. The
development of the next two strategies is founded on the necessity of
finding fair approaches to improve the system.
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3.3. Strategy 2: Min-max on disparities

In our second strategy, we implemented the min-max technique to
reduce disparities [49]. Given that the literature on healthcare shows
the existence of vast inequality in access to care between rural and
urban areas [50], we focus our approach on patients traveling more
than 15 min to EDs. Previous models in the literature do not consider
that patients with the same severity of illness, but distinct travel times
should be prioritized differently in EDs.

A new objective function has to be added to the model in strategy
one to generate a non-dominated frontier between the system efficiency
and the reduction of disparities. In a bi-objective problem, the non-
dominated frontier is defined as the set of feasible solutions in the
criterion space that cannot be improved in the value of one objective
without worsening the other [51].

Problem 3.

minz Zcivu (19)
iel jed

min Y A, 7, (20)
i€l

subject to (1)-(11), (14)—(18), and

”"'<’1L, viel Vjel (21)

i s

Problem 3 presents the formulation required in strategy 2. The
objective function (20) minimizes the sum of maximum times by pri-
ority class. Only emergencies with travel time longer than 15 min
are considered in this objective. Using independent time variables by
priority class helps to develop different upper bounds by type of patient.
Constraint (21) sets the time limit for emergencies with travel time
longer than 15 min. Finally, the model for the min-max on disparities
considers objective functions (19), (20), and constraints from (1)-(11),
(14)-(18) and (21) as presented in Problem 3.

Strategy two generates a non-dominated frontier of solutions, where
each solution has components of efficiency and fairness. The fact that
a non-dominated frontier is created in the criterion space (space of
objective function values) is directly related to the trade-off existing
between the two components. In other words, the improvement of one
component can be obtained only at the expense of the deterioration of
the other component [49].

3.4. Strategy 3: Game theory and cooperative model

In our last strategy, we implement a non-symmetric version of the
two-player cooperative games from [52,53], also known as the non-
symmetric bargaining games. A bargaining problem is a cooperative
game where the players create a grand coalition instead of competing
with each other to get better payoffs [50].

Two important axioms relating to bargaining games are individual
rationality and Pareto optimality. The first one establishes that no
player will accept a payoff lower than the one under disagreement.
In our problem, this axiom represents the patients who, based on
their total current time, are not willing to accept a longer total time.
The second axiom introduces the trade-off among the players when a
solution has been obtained. Thus, the solution guarantees that the total
time for one patient cannot be decreased without negatively affecting
the total times of other patients. It is noted that in practice patients do
not negotiate; however, the model pretends that they do to safeguard
the interest of each patient while improving overall efficiency.

In the allocation of ambulance request to EDs, the patients or
emergencies represent the players, and the time to treatment is the
payoff they received. To model the bargaining game, non-symmetric
powers are needed to represent the priority codes of the emergencies.
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Therefore, the priority of each emergency is the capacity of the player
to influence the negotiation to obtain a better time or payoff.

The objective function (22) maximizes the differences between the
status quo or disagreement and the expected times obtained through
the new coalition for more than two players. The priority code ; gives
different negotiation power to the players depending on the emergency
condition.

max [](0; -y, (22)
i€l
We next present the basic formulation of strategy 3.

Problem 4.

max H H(H, =Jir) (23)
i€l f=1

subject to (1)-(11), (14)-(18), and

=Yy Viel 24)
=

yi=9y Yiel ¥f=1..¢ (25)

y; <6 Viel (26)

In Problem 4, the objective function (23) is the transformation of the
objective function (22) into the standard Nash optimization problem.
¢; copies are created for each patient, increasing the number of players
artificially. Constraint (24) is added to match the value of the expected
time to treatment y; with the value of the variable v;;. Meanwhile,
constraint (25) guarantees that the copies of the expected time to
treatment have the right value. Finally, in (26), the axiom of individual
rationality is established; the patients only accept payoff greater or
equal to the status of disagreement.

As can be observed, the objective function (23) has to be linearized.
Because the variables are not binaries, a special reformulation is neces-
sary. The second-order cone problem (SOCP) can be used to reformulate
this model and has the advantage that commercial solvers can solve it.
Basically, a new non-negative variable y and a geometric constraint are
added to the model. To avoid computational issues with the geometric
constraint, a final reformulation is presented in Problem 5. This last
model replaces the geometric constraint with a set of non-negative
variables and constraints.

Next, we show the mathematical reformulation of SOCP. The objec-
tive function (27) and the constraints (28)—(32) are introduced to our
model. Let k be the smallest integer value such that 2% > np. The set
of non-negative variables /" and r are generated for the mathematical
transformation of Problem 4; accordingly, they do not have an explicit
meaning for our model.

Problem 5.
max y 27)
subject to (1)=(11), (14)-(18), (24)-(26), and

O<y<r (28)
0TI < 1;*115'*' (29)
OSTjS«\/Té;_l]T;;l Vi=1,..2" Vi=1..xk-1 (30
0<e)=0,-9 Vi=1...np [€])
0<®=T Vji=np+1,.. 2¢ (32)
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Finally, the strategy of the cooperative model has to consider ob-
jective function (27) and constraints (1)-(11), (14)-(18), (24)-(26),
and (28)-(32) to solve the allocation of ambulance request to EDs.
As established by the second axiom, the solution obtained guarantees
the trade-off among players. A unique solution can be found in the
non-symmetric bargaining game.

4. Numerical experiment

This section introduces the numerical experiment of our strategies.
Different random instances are run to verify the size of problems that
can be solved by our formulations. Strategy one is selected to run the
analysis, given that its formulation is utilized by strategies two and
three. Additionally, it is the fastest model to solve due to the single
objective function. The model is implemented in Julia language and
uses Gurobi 7.5.2 as the MIP solver. The experiments are conducted
on a Dell OptiPlex 5040 with an Intel(R) Core(TM) i7-6700U @ CPU
3.40 GHz, 16 GB RAM, with a 64-bit operating system, Windows 10
Pro.

We performed all instances based on simulated data for both pa-
tients’ conditions and EDs’ characteristics. The random values are
obtained based on the case study presented later. The maximum wait-
ing time is fixed at 120 min, the minimum quality of care at 70%,
and the value of big M at 200. See Appendix B for more information
regarding the data utilized in this section. In our problem, big M should
take the value of the worst scenario for any ED in terms of waiting
time. The value of big M has to be carefully calculated to improve the
performance.

Six classes are defined to run the computational study. The first
index of a class represents the number of emergencies, and the second
represents the number of EDs. Table 4 shows the results of 30 random
instances and their respective averages by class. As can be observed,
classes 50-100, 80-15, 100-15, and 100-20 are solved to optimality
with 0% gap, while classes 150-20 and 200-30 show gap values greater
than 0%. The time required to solve the first four classes is less than a
minute, which we associated with a good capacity of the formulation
to solve medium and large size problems to optimality.

Because instances with 150 or more patients and 20 or more EDs
are not solved in a reasonable period of time, we have limited the
solver elapsed time to three minutes. The same instances are shown
in Table 5, but in this case, the solver is limited to one hour. These
two settings show the performance deterioration of the formulation as
classes increase in size. The solver takes three minutes to obtain the
10.22% and 11.14% average optimality gap, respectively. The gap is
reduced to 8.60% for class 150-20 and 9.19% for class 200-30 after one
hour running, which is equivalent to less than one minute improvement
in the average mean time to treatment. Therefore, the time effort
cannot be justified through a real improvement of the solution, and
the deterioration of the solver becomes evident.

When looking to the number of variables presented in Table 4, we
see the complexity of the problem under analysis, and the thousands
of possible interactions that need to be considered when handling the
allocation of emergency requests to EDs.

The following section introduces the analysis for a real scenario,
where the three strategies are implemented.

5. Case study

This section presents a case study based on the context of Hills-
borough County (Florida) in the United States. Hillsborough County
has a population of 1.4 million of habitants and covers an area of
1,266 square miles in the state of Florida. The case uses the Healthcare
Cost and Utilization Project (HCUP) databases for the state of Florida
of the year 2014. We combined the State Emergency Department
Databases (SEDD) [54], with the State Inpatient Databases (SID) [55].
The first database covers all ED visits per state that did not result in an
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admission, while the second, includes 97% of all the discharges in the
community hospitals across the United States. Based on the Five Year
Trauma Plan Update of Hillsborough County [56], there are two trauma
and nine non-trauma centers that meet the criteria of receiving centers
for emergency stabilization. These eleven emergency departments were
selected from the Florida State HCUP database to conduct the analysis.

Considering the national percentage of arrivals to EDs through
ambulances (14%) [57] and the HCUP database, we estimated that
150 ambulance emergencies and 900 walk-ins are received daily in the
EDs of Hillsborough County. Reports [6,58] were utilized to collect
data related to the priority code assigned to each emergency. We
used the information provided in [59] as the source for the quality
of care by type of pathology and the hospitals’ EDs capability to
provide treatment. We considered seven official subdivisions of the
county (Brandon, Keystone, Palm River, Plant City, Ruskin, Tampa, and
Wimauma-Riverview) [60] where emergencies may occur and the six
diagnoses with the higher frequency in the HCUP databases (chest pain,
complication of pregnancy, respiratory infections, headache, abdominal
pain, and urinary tract infections). Combining the data available in
Hillsborough County GeoHub [61] and the software ArcGIS Desktop
10.5, a geographical representation of the county was made. Fig. 2(a)
shows the location of the EDs and county subdivisions with different
layers. Fig. 2(b) presents in gray the high-density population areas by
zip code. Based on the locations of the EDs and county subdivisions, the
travel time was estimated in a range of plausible values. Considering
the population levels [62], the number of emergencies per area was
assigned. Using R software 3.6.1 and the HCUP database, we fitted
a linear regression for each ED to estimate the parameter a; of the
waiting time function (average adjusted R-squared of 0.937). At zero
occupancy the waiting time in the EDs is zero; therefore, the intercept
b; of each function is zero. The 2018 Florida Statues [63] gives hospitals
the opportunity to develop emergency room diversion programs but do
not specify standards. The State of Florida, in a reassessment of EMS
document from 2013, points out the necessity of matching system re-
sources with patient needs in developing diversion policies [64]. Given
that the national average waiting time in EDs is around 58 min [65],
we established a maximum waiting time of 150 min before diversion.
Basically, no patient should wait more than 2.5 times the national
average. This setting is used for our three strategies and the current
decentralized model. An instance with 75 ambulance emergencies, 450
walk-ins, and 11 EDs, which approximates half a day of service demand
and resources in Hillsborough County, was applied to our models. For
simplicity, we considered a 12-hour time frame and divided it evenly in
12 periods. The literature shows that different levels of priorities have
been studied in EDs [66,67]. We considered a five-level triage system
as described by the National Hospital Ambulatory Medical Care Survey
(non-urgent, semi-urgent, urgent, emergent, and immediate) [6]. No-
tice that the models developed can consider different number of areas,
periods, and pathologies in accordance to the context under analysis.
The minimum quality of care was fixed at 70% based on the national
average percentage of patients receiving recommended acute care [68].

The bi-objective model for the min-max on disparities is solved
using the perpendicular search method [69,70]. The perpendicular
search method utilizes a search direction that is always perpendicular
to the parameter axis. The last implies that one parameter at a time
changes, while all other parameters keep the same value. After one step,
the next parameter is employed, and the process continues [71].

5.1. Results

This section provides graphical views of the results. The emergen-
cies are sorted based on the total time to treatment on the decentralized
model in increasing order. Fig. 3 presents the results for total time
to treatment of each emergency in the current/decentralized model
and strategy one (efficiency model). The horizontal axis shows the
emergencies, and the vertical axis shows the total time to treatment
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Table 4
Numerical results, part 1.
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Class Objective Mean time to Mean travel time Mean waiting Time running (s) Primal-Dual No. of
value treatment (min) (min) time (min) gap (%) variables
50-10 1717 52 14 38 0.04 0 1200
1546 49 15 34 0.09 0 1200
1948 64 13 51 0.11 0 1200
1542 56 13 43 0.05 0 1200
2329 79 12 67 0.40 0 1200
Average 1816 59 14 47 0.138 0 1200
80-15 2380 50 11 38 1.33 0 2705
2542 51 14 37 2.77 0 2505
2537 51 13 38 1.06 0 2505
2706 52 13 39 1.52 0 2505
2622 54 13 41 0.31 0 2505
Average 2557 52 13 39 1.39 0 2505
100-15 3511 56 13 43 1.71 0 3325
3103 50 12 37 3.42 0 3325
3612 55 13 41 3.87 0 3325
3135 54 12 42 1.51 0 3325
3373 50 13 36 5.35 0 3325
Average 3347 53 13 40 3.17 0 3325
100-20 3121 49 13 36 2.88 0 4400
2786 42 11 31 19.03 0 4400
3014 48 13 35 6.47 0 4400
3057 48 12 36 34.33 0 4400
2607 45 14 31 2.87 0 4400
Average 2917 46 12 34 13.11 0 4400
150-20 5184 55 13 42 180 4.55 6450
4268 50 12 37 180 11.87 6450
4682 49 12 36 180 12.19 6450
5340 56 12 43 180 10.21 6450
4734 50 13 37 180 12.30 6450
Average 4842 52 12 39 180 10.22 6450
200-30 6004 47 11 36 180 6.00 12650
5120 43 12 31 180 14.16 12650
7290 51 11 39 180 8.03 12650
5727 43 11 32 180 10.65 12650
5874 47 12 35 180 16.86 12650
Average 6003 46 11 35 180 11.14 12650
Table 5
Numerical results, part II
Class Objective Mean time to Mean travel Mean waiting Time running (s) Primal-Dual No. of
value treatment (min) time (min) time (min) gap (%) variables
150-20 5183 55 13 42 3600 4.38 6450
4255 50 12 38 3600 10.04 6450
4652 48 12 37 3600 10.36 6450
5337 56 13 43 3600 8.65 6450
4725 50 13 37 3600 9.55 6450
Average 4830 52 13 39 3600 8.60 6450
200-30 5997 47 11 36 3600 5.00 12650
5063 43 11 31 3600 11.86 12650
7280 51 12 39 3600 6.62 12650
5694 43 11 32 3600 9.35 12650
5783 47 12 35 3600 13.14 12650
Average 5963 46 11 35 3600 9.19 12650

in minutes. In a decentralized model, the emergencies are assigned to
the closest ED that can treat the patients properly. The results obtained
using the model mentioned above are fundamental to contrast with
the proposed strategies. As can be observed, in the efficiency strategy,
the values of total time to treatment of most patients are reduced
significantly compared to the decentralized model. However, another
small group of emergencies received a negative impact on its times
to treatment, particularly, emergency 1, 19, 20, 26, and 27. This last
group may represent the favoring of the common good over the welfare
of some patients. We analyze the possible implications of this strategy
later,

In Fig. 4, the non-dominated frontier for the bi-objective problem
is shown. For the min-max strategy, the trade-off between efficiency
(horizontal axis) and fairness (vertical axis) is created. With this tech-
nique, the decision-maker can choose a particular solution according
to the necessities of the system. Objectives one and two of Fig. 4 are

functions of time; therefore, the smaller the value of the objective is,
the better the efficiency and fairness of the system are, respectively.

Fig. 5 shows the results when comparing strategy two and the
current model. A similar analysis to Fig. 3 can be done in this com-
parison, where a group is affected positively by the min-max strategy
and another smaller group negatively. The values of the min-max
are obtained when the point (6944, 4244) is chosen from the non-
dominated frontier. These objective values provide the solution with
the highest level of fairness and the lowest level of efficiency that the
min-max strategy can generate. Therefore, the solution of point (6944,
4244) shows the best contrast when compared with the efficiency
strategy solution. These changes are analyzed in detail in Figs. 7 and
8. See Appendix C for more information related to solutions to other
points in the non-dominated frontier.

Fig. 6 shows the results of our last strategy versus the current
decentralized model. One of the main advantages of the non-symmetric
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(a) Emergency departments
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(b) Population density by zip code

Fig. 2. Hillsborough County.
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bargaining strategy is that it results in a fair improvement for patients
and not just for the system. In this case, all the observations of strategy
three have their times located at the same or under the decentralized
conditions, ensuring that only positive impacts in emergencies are
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allowed. Figs. 7 and 8 present a comparison between the efficiency
and min-max strategy when the point (6944, 4244) is chosen from the
non-dominated frontier. Fig. 7 shows the emergencies for which the
travel time exceeded 15-minute threshold. Those observations in which
the travel time is the longest for the first strategy are reduced by the
min-max. As mentioned in previous sections, the min-max imposes an
upper bound of travel time by priority code class. Therefore, as much
we decrease the disparities of the system, more observations with travel
time greater than 15 min have their total time to treatment reduced.

From Fig. 8, we can observe the negative impact that patients with
a travel time less than or equal to 15 min experienced due to the
fairness strategy. Given that the trade-off existing between fairness and
efficiency represented in the non-dominated frontier is not a one-to-
one relationship, to decrease one unit of time for a patient in an unfair
situation, more than one unit of time has to be given up for another
patient. Therefore, in general, the distance between the triangles and
the circles is longer in Fig. 8 than in Fig. 7. The gap may be reduced
depending on the solution chosen by the decision-maker.

Table 6 summarizes some statistics of the decentralized model and
the proposed strategies. Average travel, waiting, and total time are
presented. The improvement row shows in minutes and percentage the
difference in terms of total time to treatment between the current model
and each of the strategies. Therefore, these numbers represent earnings
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for the system in terms of time. The results of average total time and
standard deviation indicate that the efficiency and min-max strategy,
provide a substantial improvement to the current system. Nevertheless,
the fact of patients being affected negatively in favor of the common
good needs further analysis. Additionally, the results of the min—-max
strategy depend on the chosen solution in the non-dominated frontier.
In the case of the game strategy, the overall system improvement is
not as good as in the previous two models but guarantees non-negative
results for each emergency. However, how the status quo is defined
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impacts the results. In our case, the status quo was considered as the
decentralized model. Based on the conditions of the current model, we
use Fig. 9 to analyze the impact of the different strategies on each
patient. Every time that a color red, green, or blue line takes negative
values, a patient is in an unfavorable situation in relation to the original
status. Consequently, having positive values means an improvement in
total patient times. Some negative peaks can be observed in Fig. 9; all
of them belong to the min-max and system efficiency strategy. Of the
total number of patients with priority codes 3 (urgent), 6% are being
affected negatively by strategy one and 9% by strategy two. For priority
code one and two (semi-urgent and non-urgent), 10% are being affected
negatively by strategy one and 16% by strategy two. Priority level 4 and
5 (emergent and immediate) are not affected. In models one and two,
the total number of patients in unfavorable situations is equal to 7%
and 8% of the total number of emergencies, respectively. In contrast,
the game theory strategy never takes negative values in the impact
axis, which means this strategy guarantees only positive changes to the
patients.

6. Conclusion and future research directions

The allocation of emergency service requests to EDs has a significant
effect on the whole system of healthcare delivery, from both financial
and life-saving perspectives. To the best of our knowledge, this is the
first study that incorporates MIP optimization models for the allocation
of ambulances to reduce waiting times for treatment in EDs and thus
decrease overcrowding in the US healthcare system. The incorporation
of remote triage plays a fundamental role in this task. The patient
priority codes combined with the utilization levels of EDs, provide the
framework for centralized decision systems. Fully centralized alloca-
tion strategies by region can be used to improve the current policies.
Nevertheless, the fact of existing disparities must be considered.

We have formulated three different strategies based on MIP, apply-
ing single-objective optimization, and bi-objective optimization. The
first strategy is an efficiency-based model. The results presented in
Table 6 show this model provided a significant improvement to the
overall system. However, further analysis revealed the negative ef-
fect that the first strategy may have on some patients, despite the
priority class assigned to them. The second strategy is a bi-objective
model where we minimize the maximum time by priority class when
patients travel more than 15 min. This consideration is added as a
second objective function to the first strategy. This technique allows
the decision-maker to control better the distribution of resources in cir-
cumstances of unfairness. As a result, there are multiple combinations
of efficiency and fairness. Nevertheless, the min-max strategy has some
disadvantages. Similar to the first strategy, some patients experienced a
negative impact compared to the current conditions, particularly those
traveling 15 min or less. Finally, our game theory strategy provides
a solution that presents 26.42% system improvement. Additionally, it
guarantees a positive effect for every patient with respect to the current
conditions.

Given the results obtained, the present study provides a crucial
quantitative advance in comparing centralized decision systems with
decentralized ones. More importantly, the proposed strategies not only
offer optimal assignment with fairness elements but can also be used as
analysis tools for any EMS system. Under desired conditions, infeasible
solutions can be interpreted as limitations of the system in terms of
handling all emergency requests. The adjustment of parameters should
result in insights about the changes required by the network, for
example, changing the waiting time function parameter a; of a given
ED to estimated the lack of capacity.

Finally, based on the results presented in the previous section, the
utilization of either strategy results in improved time to treatment,
decreased waiting times, and less overcrowding. However, choosing
the right one is vital to ensure the wellness of all patients. The results
show that an efficiency-based model cannot be used by itself to improve
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Table 6
Results summary.
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Metrics Decentralized Efficiency Min-max Game theory
Average travel time (mins) 10.06 15.21 16 16.47
Average ED waiting time (mins) 36.41 16.67 16.48 17.72
Average total time (mins) 46.47 31.88 32.48 34.19

Total system improvement (mins, %) - 1094 , 31.39 1049, 30.10 921, 26.42
Standard deviation 19.28 8.80 9.62 10.85
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Fig. 9. Impact perceived by the patients in minutes.

systems in which patients at risk are involved. Efficiency strategies
that incorporate fairness characteristics, as in the case of the min-max
model, are potential solutions when scenarios similar to those described
here are being studied. It is our opinion that the game theory strategy
is the best way to guarantee the absence of negative impacts on all
patients. Another positive aspect of strategies two and three is the
flexibility offered by bi-objective models and non-symmetric bargaining
games to adjust the results based on the system requirements.

In the future, we would like to generate a hybrid strategy where
a new objective function is incorporated into the non-symmetric bar-
gaining problem. This objective function could be related to rural areas,
unattended illnesses, and other types of disparities. Besides, the devel-
opment of new metrics to compare the strategies from an economic
point of view can provide new insights to choose the best methodology.
The models we propose and the results obtained disclose some un-
derstanding of the impact that allocation decisions in healthcare have
on patients and the overall system. Future research that relaxes some
of the assumptions and limitations of this study might prove useful.
Uncertainties related to traffic or weather conditions may affect the
final destination of an emergency. Also, the integration of a complete
system view can help to disclose relationships between destination ED
and dispatch policies for ambulances.

We consider implementation the next step, where the impact of
strategies can be measured in a real-time data environment, providing
insights on a daily basis and contrasted with the theoretical assump-
tions.

Appendix A. Model linearization

Linearization is a commonly used practice in the modeling of non-
linear functions. Linearization will come with the cost of introducing
some new decision variables and constraints. First, let us consider a
simplified case where both variables are binary. Suppose the model has

the following product:
yXxXz (A1)

where y and z are binary variables. Since y x z can take only 0 or 1
values, we can replace any instance of y x z in the model with a new

binary variable x. We then add the following three constraints to the
model to ensure that x will take proper values.

x<z (A.2)

The previous inequality ensures that x will be equal to zero if z is zero.

x<y (A.3)
Inequality (A.3) ensures that x will be equal to zero if y is zero.

x>z+y-1 (A.4)

The last inequality makes sure that if z and y are equal to one, then x is
set to one. In this way, x will always represent the result of the product
despite the values that y and z can take.

Now, let us consider a case where we try to linearize the product
between a binary and a continuous variable, y and ¢ respectively. Since
v X ¢ can take only 0 or ¢ values, we can replace any instance of y x ¢
in the model with a new continuous variable x. If ¢ is bounded below
by zero and above by a Big M (Large number), then we can add the
following three constraints to ensure that x will take proper values.

xXEMXy (A.5)

Inequality (A.5) ensures that if the binary variable is equal to zero,
then the product of the continuous and binary variable has to be equal
to zero. Conversely, if y is equal to one, the inequality will make x
always smaller or equal than the upper bound of c.

(A.6)

x<c¢

The previous inequality considers that y is a binary variable; there-
fore, the value of the product can be at most equal to the value of the
continuous variable c.

x2c—M(1-y) (A7)

The inequality (A.7) will make sure that x is always greater or equal
than c. Finally, considering the previous inequalities, we can be sure
that x represents the product of y and c. Additional analysis can be
done based on the structure of each model. For example, if the model
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is trying to minimize the value of x, then inequalities (A.5) and (A.6)
representing upper bounds are not needed. For more scenarios and
similar cases we recommend to check the following Ref. [48].

Appendix B. Supplementary data

The data utilized in section four was randomly generated through
processes that can be hard to replicate. Consequently, the data files
and the instructions for their utilization are available at https://github.
com/jorgeacunam.

Appendix C. Min-max strategy, additional solutions

Table 7 presents the results for each point in the non-dominated
frontier of Fig. 4. The last column shows the number of patients
receiving an adverse impact based on the chosen objective values.
Table 7
Min-max strategy results.

Objective values  Total time  Avg. time SD No. of negative impacts
6943.9, 4243.3 2436 32.48 9.62 6
6923.5, 4246.5 2425 32.33 9.57 6
6910.1, 4249.7 2416 32.21 9.52 5
6895.9, 4260.3 2423 32.31 925 7
6875.5, 4262.8 2409 32.12 9.23 6
6859.9, 4266.2 2407 32.09 9.11 7
6846.5, 4269.4 2405 32.07 8.99 5
6833.3, 4274.0 2395 31.93 895 5
6810.8, 4286.9 2393 31.91 8.82 5
6793.8, 4302.0 2391 31.88 8.80 5
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Abstract

The increasing and exorbitant health care prices in the United States combined with a mar-
ket concentration trend has more than 25 million people without basic health insurance per year.
Increasing mortality rates, decreasing quality of life, preventable hospitalizations, and emergency
department overcrowding are some of the consequences of the health care access crisis. This work
introduces a bilevel-Nash-in-Nash approach to mimic health care market interactions among insur-
ers, hospitals, and patients. We model eight different scenarios to account for hospital horizontal
mergers, insurance network expansions, and SARS-CoV-2 effect over a set of market metrics, such
as insurance premiums and quality of care. We use the proposed approach to analyze Hillsborough
County in Florida, considering a demand of 1.2 million customers, 14 hospitals, 4 health insurances,
and 15 diagnosed related groups. Results show that the quality of care does not increase with
hospital mergers and that improving hospital competition can reduce by up to 13.7% the current
insurance premiums. We also found that increasing the number of providers per insurance network
reduces by up to 35% the premiums in concentrated hospital markets. Further analyses revealed
that the changes in demand due to the SARS-CoV-2 pandemic should reduce insurance premiums
(between 25% and 35%) and increase hospital reimbursement rates.

Keywords: Game theory, Operations research, Bilevel optimization, Health economics, Insur-
ance premiums, Health care access

1 Introduction

Three decades ago, the constant increase in health care cost in the United States (US) was attributed to
technological growth, recognized and accepted as the "march of science and the increased capabilities
of medicine” [1]. However, the discourse has changed significantly. In the first decade of the twenty-
first century, studies started to identify the high cost of care and the society’s denial as the problem
that still keeps millions of US citizens without basic health insurance [2, 3]. Nowadays, researchers
and politicians identify competition as the cornerstone to balance and reduce costs in the US market-
based health care system [4, 5|. Nevertheless, provider and health insurance markets becoming more
concentrated has been a significant trend in the last decades [6, 7, 8]. In 2016, 72% of the US metros had
hospital markets with Herfindahl-Hirschman Index (HHI), a commonly accepted measure of market
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concentration, with values classified as highly concentrated by the Department of Justice (DOJ) [9, 10].
Even though increased efficiencies could happen with provider consolidation, benefiting patients [4],
studies have found that concentrated health systems are associated with higher hospital prices when
mergers are present in the market. Furthermore, some cases showed an association between hospital
mergers and higher mortality rates, showing that a price increase did not improve the quality of care
11, 12].

Although the high cost of care affects mainly low-income segments of the US society and exacerbates
income inequality [13], in 2019, 66.5% of all bankruptcies in the US were tied to medical issues, and
more than 26 million people did not have health insurance at any moment during the year [14, 15]. This
translates into a health care access problem that carries several consequences, such as higher mortality
rates, lower quality of life, late diagnosis, preventable hospitalizations, and emergency department
overcrowding (16, 17, 18, 19].

In this work, we investigate the impact of hospital horizontal mergers on health insurance policy
prices. We present a framework to mimic the dynamics of the market-based health care system in
the US, where hospitals, insurers, and patients interact to determine the equilibrium prices among
the hospital-insurers pairs. We test our model in a case study in Florida with different scenarios of
competition and demand, including the impact of the SARS-CoV-2 pandemic. Our approach includes
several system characteristics, such as the quality of care per institution, the patients’ health condition,
the cost of treatment per diagnosed related group (DRG), health insurance categories (metals), and
demand household incomes.

1.1 Problem description

The US health care system is not only complex but is also one of the largest industries and a funda-
mental pillar of the US economy [20, 21]. This represents a challenge to any modification aiming to
rebuild the system and highlights the need to improve the current structure.

Part of the complexity of the health system originates in the health insurance market. The in-
surance plans in the US are classified by metals based on how they split the costs with customers.
For each category, the customer will pay a different percentage of the total annual cost of care. The
most common categories are bronze, silver, gold, and platinum, where bronze has the lowest monthly
premium and the worse coverage [22, 23]. Furthermore, each metal category may include different
types of plans and networks. For example, an exclusive provider organization (EPO) is a type of plan
where services are covered only if the patient uses providers (hospitals, doctors, specialists, etc.) that
belong to the plan network. Preferred provider organization (PPO) is a type of plan where the patient
pays less if the provider is in the plan’s network; the patient can access outside network providers
for an additional cost [24]. The three major mechanisms to get private health coverage are 1) a job
group coverage plan, the 2) health insurance marketplace, and 3) purchasing the plan directly from
an insurance company [25]. The advantage of the health insurance marketplace is that customers can
qualify for lower premiums based on their income. In the case of a group health insurance plan, the
employees and employer split the cost of care [26].

Hospitals are another source of complexity—the type of ownership, state/local government, for-
profit, and non-profit defines the structures and behaviors of hospitals [27]. For-profit and non-profit
hospitals represent more than 80% of the total hospitals in the US, and both generate profits. The
difference lies in the tax status; the non-profit hospitals pay fewer taxes in exchange for contributing
part of their revenues to the community. However, activities such as research and training/education
in the same hospital are considered community benefits [28].

The health system has at least four significant characteristics affecting competitive interactions
between entities [29]. First, insured patients primarily obtain hospital services through their insur-
ance; hence the number of hospitals available to patients depends on the health insurance network.
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Second, patients are relatively insensible to health prices; the insurances cover most inpatient care
costs. Third, patients choose health insurance before a health shock. Therefore, hospitals can be
considered an option demand market. Finally, hospitals and insurers define partnerships and negotiate
the reimbursement rates hospitals get from treating insurer’s enrollees.

In Figure 1, we present a general representation of the market system interactions. The sequence
includes a system of negotiations between hospitals and insurers and a market where customers and
patients maximize benefits. In the upper level of decisions, each hospital-insurer pair bargains to de-
cide the reimbursement rates insurers will pay to hospitals. This determination will help to define
the policy premiums insurers will offer to customers at the lower level. After that, each customer will
choose insurance based on policy characteristics and the resources willing to spend. Finally, a health
status draw will define if a customer remains healthy or need to select a hospital to get treatment.

The high cost of care in the US and the consequence of limited access to medical services are rec-

1. Bilateral bargaining: 2. Insurance selection: 3. Health draw: 4. Hospital selection:
Each hospital-insurer pair define Each customer class chooses Each customer receives a Each patient chooses a
reimbursement rates. At the insurance based on policy health status update. They hospital based on quality
same time, insurers define policy characteristics and available can become patients needing of care and travel
premiums and network. resources. treatment or remain healthy. distance,

Customers 5
kit

Hospital-Insurer
pair 1
- Customers
class 2

Hospital-Insurer
pair 2

Health status
update

Hospital-Insurer

pairmxn

Healthy

Customers
class a

Upper level

Figure 1: Health market system interactions

ognized internationally. According to the Organization for Economic Cooperation and Development
(OECD), the US has the highest health expenditure by gross domestic product (GDP) and per person
among all member countries [30]. Furthermore, the US has one of the lowest population coverage,
only above Mexico and Costa Rica, and the worst public health coverage (among countries with public
health) in the OECD [31]. Therefore, studies trying to understand the current market interactions and
providing policy insights are imperative to design mechanisms for reducing health care costs.

1.2 Literature review

Several studies have been conducted in the health care market context. In this paper, we divided
the literature into two central pillars of interest. The first considers publications implementing data
analytics to understand the effects of changes in the health market structure over health prices and
quality of care. Many studies have covered this pillar over the last two decades providing significant
advances in identifying the consequences of lack of competition [32, 33, 34, 35, 36, 37, 38, 39]. We
are interested in the second pillar, which focuses on modeling the health care market interactions to
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gather insights and improve decision making. The following publications provide different modeling
approaches to generate suggestions for policy design and management in health care markets.

The authors in [40] present a linear optimization framework based on revenue management to deal
with the inefficiencies occurring after health network consolidations. The design informs strategic de-
cisions for resource allocation and network building. Through a case study, the authors showed how
to better use the spare surgical capacity in a health community network to capture lost demand and
maximize profits. In [41], the authors used data envelopment analysis to evaluate the technical effi-
ciency among hospitals and study the potential benefits from mergers. The results showed that sources
of potential efficiency gains could be used individually, without the need for mergers. However, merg-
ers could work as catalyzers to achieve the improvement. The authors in [42] implemented a bilevel
game-theoretic model to estimate providers’ willingness to join a health information exchange network.
Under a set of assumptions, the study analyzed the influence of federal incentives/penalties over hos-
pital collusions. The results suggested that information blocking of a subset of hospitals affected every
hospital in the network and that financial incentives could not mitigate the adverse network effects.
Using a model of employer-insurer and hospital insurer bargaining, the authors in [43] simulated the re-
moval of small and large insurers to study the impact on premiums. The results showed that premiums
typically increase but could fall after the removal of smaller insurers. In [44], the authors presented a
bargaining model of competition between hospitals and managed care organizations (MCO) to analyze
hospital mergers. The results showed that MCO bargaining helps restrain hospitals’ prices and that
increasing patient payments allows steering the demand towards cheaper hospitals. Furthermore, the
authors concluded that standard oligopolies models do not accurately capture pricing fluctuations in
these bargaining scenarios and that hospital mergers significantly raise prices. The authors in [45]
studied the consequences of small hospital networks in health care markets. Through a Nash-in-Nash
approach, they captured insurers’ incentives to exclude hospitals. The results showed that private
incentives to exclude often surpass social incentives, as the insurers benefit from a lack of negotiation
on hospital rates. In [46], the authors study the motivation of vertical integration between physicians
and hospitals as a mechanism to increase bargaining power with insurers. An extension of the known
hospital-insurer bargaining model was presented by including endogenous hospital bargaining power
(increase alignment with physicians). The results showed that physician-hospital alignment is associ-
ated with private insurers’ market concentration.

The literature on modeling presented above can be divided into two main groups. The first group
[40, 41, 42] uses optimization-based approaches to provide insights and applicable frameworks to im-
prove health care markets. However, the efforts do not focus on the hospital-insurer-patient interactions
and the influence on insurance premiums. The second group [43, 44, 45, 46] focuses on economic theory,
where the optimal points (equilibrium) are mathematically derived. Therefore, several assumptions,
such as convexity/concavity and constant marginal costs, might be needed (reducing applicability).
Furthermore, the second group solves the patient stage combine with the bargaining stage as a single-
level problem (with several phases). In reality, patients choose insurance after policy prices and reim-
bursement rates are defined, and patients, insurers, and hospitals know it. Having more information or
letting other actors known one has more information can make a player worse-off. Therefore, changing
the equilibrium in favor of the upper players [47].

1.3 Contributions

This paper proposes a framework to mimic health care market interactions among patients, hospi-
tals, and insurers. Our objective is to study the impact of hospital horizontal mergers on insurance
premiums, quality of care, and reimbursement rates through optimization-based methods. Further-
more, we examine the SARS-CoV-2 scenario and analyze the implications for insurance premiums
and other system characteristics. Unlike previous approaches, we consider separate bilateral bilevel
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problems (Stackelberg games) within a Nash equilibrium to a game played among customers (possible
patients) and all pairs of hospital-insurer. We represent each hospital-insurer (leader) pair interaction
through a Nash bargaining solution, and the demand/customers (follower) problem is solved using the
Karush-Kuhn-Tucker conditions. We refer to this approach as the "bilevel-Nash-in-Nash” solution.
The resulting mathematical model enables federal/state agencies to assess the potential benefits of
policy implementation and to study the impact of structural changes in the market. We illustrate our
work with a case study in Florida (US). However, the framework and methods can be contextually
applied to other regions.

1.4 Structure

The article proceeds as follows. Section 2 introduces the model and the equilibrium concept. In
Section 3, we present the case study in Florida, where the mathematical framework is applied. Section
4 presents the results and discussion. Finally, Section 5 shows the concluding remarks and future
directions.

2 Mathematical model

This section presents the modeling approach to study the health market system interactions, where
each player wants to maximize its benefit. The model combines game theory and optimization methods
to account for the interaction among hospitals, insurers, and customers. Mathematically, the system
can be formulated as a bilevel problem, see Figure 1, where the upper-level variables represent the
utility functions of each hospital-insurer pair, and the lower-level is the utility function of patients’
selection of insurance and hospital.

Let M and N be the set of hospitals and insurers bargaining in the region under analysis. In
the presence of horizontal mergers, each hospital i € M will belong to a health system e € Z. The
exogenous demand is defined by d“ where o« € V represents a customer category, and & € L is the
health condition of each patient. The upper-level formulation considers a Nash bargaining approach
between each hospital ¢ € M and insurer j € N to determine the reimbursement hospital ¢ should get
after treating a patient with insurance j. Therefore, maximizing the bilateral negotiation with each
other in equilibrium. We assume that both hospital prices and insurance premiums are simultaneously
determined. The Stackelberg (bilevel) structure implies that the upper-level requires input from the
lower level, in this case, the demand for hospitals and insurances. Similarly, the lower-level requires
the policy prices (premiums) to determine patients’ insurance and hospitals. This dependency between
upper and lower systems is understood as the relationship of a leader and follower in game theory,
where the leader takes action first and the follower responds to this action.

In Table 1, the model indices, parameters, and variables are presented. Below we introduce the
mathematical formulation of the upper-level problem.

2.1 Upper level formulation (bilevel A)

The upper-level formulation of each Stackelberg game is represented by a cooperative approach (Nash
solution) between each hospital-insurer pair to maximize benefits. This approach assumes each pair
defines a solution given all other pairs’ agreement (full information). Let us consider u; and h; the
utility functions of insurance j and hospital i. Objective (1) presents the maximization of benefits
through cooperative bargaining, where «'; and #’; are the utility of hospital ¢ and insurance j before
the current negotiation. We consider ¢* and j* the pair under analysis.

max (uje — u'jx ) (hix — B'3+) (1)
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Table 1: Model indices

Index Definition
i Hospital i, where i € M
[ Hospital health system e, where e € Z
Jj Health insurance j, where j € N
k Diagnosis k, where k € L
a Customer class «, where o € V'
Parameter Definition
wg Weight applied to reimbursement rates based on diagnosis k
ek Cost of treating a patient with diagnosis k in hospital 4
; Administrative cost of insurance j
5 Net income rate of insurance j
wj Quality of care of hospital ¢
€ Distance between hospital ¢ and customers of class «
i Weight assigned by customers of class a to the quality of care of hospital ¢
d® Insurance demand per customers of class a
Pr(k) Probability of needing treatment with diagnosis k
ot Weight assigned by class a to the network of each insurance
oy Weight assigned by customers of class a to the premium of each insurance
. Binary parameter equal to 1 if hospital ¢ and insurance j agree to have a contract,
K 0 otherwise
sa Score assigned by customers of class o with insurance j to hospital 7 based on the
v quality of care and location
fa Maximum acceptable policy price by customers of class a
Variable  Definition
uj Utility function of insurance j
h; Utility function of hospital i
Je Utility function of hospital health system e
pg Base price to be paid by the insurance j to hospital ¢ when treating an enrollee
té Base price to be paid by the insurance j to hospital health system e when treating
an enrollee
. Number of patients of class o with insurance j to be served in hospital i due to
@ diagnosis k
s Total revenue of insurance j obtained from customers of class «
(5;?‘ Proportion of customers of class a selecting insurance j
E? Score assigned to insurance j by customers of class o

Constraint (2) presents the total revenue of insurance j* obtained from customers of class a. This
value is calculated considering the total expenditure related to class alpha multiplied by one plus the
desired net income rate. In this equation, pf is the base price (reimbursement rate) to be paid to
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hospital i by insurance j* when treating an enrollee. This base price is multiplied by the diagnose
weight wy, of each patient. qU* represents the number of patients of class e with plan j* to be served
at hospital i due to diagnose k. n;+ is the desired net income rate and m;+ is an administrative cost of

insurance j*.
o= E E P gt | + e
* i Wkdiy+ J

ieEM keL

(I+mnp4) YaeV (2)

In equation (3), the total revenue of insurance j* obtained from customers of class a before the current
bargaining with hospital i* is calculated. Similarly to constraint (2), p’g and q’lﬁ represent the base

price and number of patients, but in this case, before negotiations.

()

i€EM kel

(1+mn) VaeV (3)

The equality constraints (4) and (5) present the utility functions of insurance j* after and before the
current negotiation. Each function is calculated as total revenue minus payments to hospitals and

administrative costs. )
P ILED 39 WL W

acV iEM EEL acV
roo_ /C 17 )
Wir= Do = 330 Y e - e (5)
aeV €M kel aeV

Equation (6) presents the utility function of hospital i*. The value is calculated as the total payments
received from the insurers minus the total cost incurred in treating patients. The marginal cost of
treating a patient with diagnosis k in hospital i* is given by ¢k . Similarly, equation (7) calculates the
utility function of ¢* before the current negotiation.

hiy= = Z Z Z W) — ( qkf; (6)

jeEN keL acV
Wi = 330 D 0w =)'t ()
JEN k€L acV

In constraint (8), the score assigned by customers of class a with insurance j to each hospital i is
estimated. The value considers the quality of care w; and the distance to the hospital €. The binary
parameter z;; is equal to 1 if the hospital ¢ and insurer j have an agreement (i is in j network), 0
otherwise.

si; = zij(Blwi+€) YieM,jEN, aeV (8)
In (9) the value of the base price for hospital ¢ and insurer j is initialized for all pairs different than
(i*, 7%). Constraint (10) also assigns the value of the reimbursement rate p'] to all pairs before the
Current negotiation. Therefore, only p] remains unknown.

p'z = pricef V[i#i"andj # j*| (9)

Pl =pricel Vie M, jeN, (10)

Constraint (11) and (12) establish the axiom of individual rationality; no player in the current pair
will accept a payoff (utility) lower than the disagreement point (utility before current negotiation).

e — e >0 (11)
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hiw — bl > 0 (12)

Constraints (13) and (14) define the range and type of variables used in the upper level.

uje, hie, plo € RT (13)

T € Rt VaeV (14)

We next introduce a modified version of the upper level in which horizontal mergers among hospitals
are allowed.

2.2 Mergers upper level (bilevel B)

Hospital horizontal mergers change the market structure affecting the health care access received by
patients. In this modified upper-level, we assign each hospital to a health system, where the health
systems can have one or more providers in their network. The formulation considers the bargaining
between the insurer j* and the health system e*. Objective (15) shows the negotiation of each pair,
where ge+ and ¢, represent the utility functions of health system e* after and before the current
bargaining.

max (ujr — ' j+)(ger — ¢'er) (15)
subject to (2)—(5), (8), (11), (13), (14), and
Constraints (16) and (17) show the utility functions of hospital 7. In contrast with equations (6) and
(7), the modified upper-level requires the utility of every hospital ¢ in health system e*.

hi = Z E Z pjwk qu Vi€ e* (16)

JEN KEL €V

W= Z Z Z p'! o 7(‘ q'z](’ Viee" (17)

JEN kel acV

Given that a set of hospitals generates a health system, the utility functions of the health system e* are
calculated in equations (18) and (19) as the sum of hospitals utility belonging to e*, after and before
the current negotiation respectively.

Ger = Z hi (18)

i€e*
gle* = Z h'; (19)
ieer
Constraint (20) establishes the axiom of individual rationality of health system e*; it will not accept a
payoff (utility) lower than the disagreement point (utility before current negotiation).

Ger —gler 20 (20)

In equation (21) the reimbursement rate of insurance j to provider i (p{) is defined to be equal for
every hospital ¢ that belongs to health system e.

pl=ti VYecZ jeN,ice (21)

In (22), the value of the base price for health system e and insurance j is set for all pairs different than
(e*, 7*). Constraint (23) also assigns the value of the reimbursement rate p’} to all pairs before the
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a* . . . .
current negotiation. Therefore, only té* remains unknown. Constraint (24) defines the range of the
"
variables ge+ and ...

th = pricel V(e # e*andj # j*| (22)
p? =pricel VYec€Z jEN,ice (23)
goor O € R (24)

We next introduce the lower-level of the Stackelberg game. This formulation is used for both the
upper-level and the modified upper-level with horizontal mergers.

2.3 Lower level (Market Demand)

The lower-level optimization problem maximizes the utility of patients after the policy premiums have
been decided. Therefore, it requires input from the upper level to generate an assignment process. This
embedded problem generates the number of patients (qff") of class o with diagnosis k and insurance
J to be treated in hospital i. In objective (25) the variable 6% represent the proportion of customers
of class « selecting insurance j, while x% is the score given to insurance j by customers a. Therefore,
the goal of (25) is to select the 63", for all j and a, that maximizes the total utility of demands d*.

max Z Z oFdxy (25)

JEN acV

Constraint (26) calculates the score assigned by customers of class a to insurance j. This equation has
two components. The first considers the insurance network through the sum of hospitals’ score sf“j.,
and the second the difference between the maximum acceptable policy price f, for customers of class
o and the actual insurance premium. Each component is weighted depending on the class « using of'

for network and ¢§ for premium.

~OX

2§ = of 55+ o3 (faﬁ) VjeN aeV (26)
ieM J

In (27) the number of patients class o with insurance j to be treated at hospital i due to diagnosis k

is determined. The equation considers the proportion of customers class a with insurance j multiplied

by demand d“ and the probability of getting sick with diagnosis k. The assignment to hospital i is

based on the score sf;. Similarly, constraint (28) calculates the number of patients before the current

negotiation.

S5
g = 0%d“Pr(k) 21— VieM,jeNkeL acV (27)
Zie]l{ Sij
" s
¢y =05d°Prk)=—1— VieM,jeNkelL acV (28)
2iem Sij
Constraint (29) defines the maximum premium a customers of class « can accept.
ri < fodjd® VieN aeV (29)
In (30), the proportion of customers of class o with insurance j before the current negotiation is set.
(5’2E = prior{ VjieN aeV (30)

Constraint (31) limits the sum of insurance demand proportions for customers class a to be smaller or
equal to one. Finally, in (32), the lower-level variables are defined.

d ar<1l VYaeV (31)
JEN
g, 68 eRY Vie M, jeN kel aeV (32)
9
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2.4 Model solution: A bilevel-Nash-in-Nash approach

We now introduce the bilevel-Nash-in-Nash solution that characterizes the model equilibrium and nec-
essary techniques.

Bilevel optimization models have been widely studied in the literature [48, 49, 50]. This opti-
mization approach includes two mathematical programs, where one of these problems is part of the
constraints of the other. In our case, given a lower-level program with a non-empty feasible set and
convex objective function, the Karush-Kuhn-Tucker (KKT) equations provide the necessary conditions
for a solution to be optimal (subject to constraint qualifications). Therefore, replacing the lower-level
problem with the KKT conditions (see Appendix A) into the upper-level yields a mathematical prob-
lem with equilibrium constraints (MPEC). Interested readers can find additional information regarding
the MPEC in [51, 52, 53].

The representation of each bilevel (Stackelberg) problem between a hospital-insurer pair and the
customers as an MPEC generates an equilibrium program with equilibrium constraint (EPEC), defined
as EPEC = [(MPEC)7™]. In general, MPECs have non-convex feasible sets due to complementary
slackness. In addition, the upper-level problem presents a non-linear objective function, making chal-
lenging the task of finding the EPEC solution. However, recent developments in Gurobi 9.0 allow users
to solve non-convex quadratic problems to global optimum [54].

The equilibrium find it in the EPEC problem is the vector of prices and demand decisions with
n(m + v) elements

((Pf*) li=1,...,m],[j=1,...,n]+ (5?*) [j=1,...,n],[ry:i,...,ir])

such that ((pf *){izl,.“,m],[j:lw-m]) maximizes the utility of each hospital ¢ and insurer j in the upper-

level problem and ((55-"*)[;/: Lo fa= 11___,1)]) maximizes the benefit of every group of customers class o
in the lower-level program.

Several approaches to solve EPECs are available in the literature, where the most frequent are
diagonalization methods [55, 56] and non-linear complementarity formulations [57]. In this study, we
consider a diagonalization method algorithm as presented in [58] to solve the EPEC.

To deal with the negotiation problem between hospitals and insurers, we implement the Nash
bargaining solution (NBS) in each upper-level problem. The NBS is a cooperative approach that
yields a unique Pareto solution in the bargaining problem where players need to share a payoff they
jointly generate. Pareto optimality implies a trade-off in the solution among players. Furthermore,
the NBS guarantees individual rationality; no player will accept a payoff lower than the disagreement
point (utility before negotiations). Additional information regarding the NBS and its applicability can
be found in [59, 60, 61].

3 Case study

This section presents a case study based on Hillsborough County (Florida) in the US. Hillshorough is
the largest county in the Tampa Bay area covering 1,266 square miles with a population of 1.4 million.
In 2017, Tampa Bay was classified with an HHI of 2,446 and a price 6% above the country’s median
[62]. According to the DOJ, an HHI between 1,500 and 2,500 is considered moderately concentrated,
and any value over it is highly concentrated. This case study uses the 2017 Healthcare Cost and
Utilization Project (HCUP) databases, where we combined the State Inpatient Databases (SID) [63]
with the Cost-to-Charge Ratio (CCR) files [64]. The SID covers 97% of all discharges in community
hospitals across the US, while CCR is supplementary data linked to SID to estimate inpatient care
costs.

According to the Florida Agency for Health Care Administration, Hillsborough County has 16
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hospitals, of which 14 are short-term acute care facilities [65]. We identified these 14 institutions in the
Florida SID database 2017 to collect most of the information needed by our model. In 2019, according
to the US Census Bureau, 86% of the population in Florida had health insurance [66]. Therefore,
our case study considers a demand of 1.2 million customers in Hillshorough County seeking insurance.
Considering the information provided by [63, 66], we estimated that 14% of the 1.2 million would
require care at some point of the year. For simplicity, we considered the 15 most frequent DRGs in
the data as possible diagnoses (k). Using a binomial distribution and the patient data in SID 2017, we
determined customers’ probability (Pr(k)) of getting diagnosed with one of the 15 DRG.

To assess the quality of care (w;), we considered the HCAHPS survey requested to all hospitals
in the US by the Centers for Medicare and Medicaid Services (CMS) [67]. This survey is publicly
available and gives a view on patient’s perception, impacting the institutions’ reputation with values
ranging between one (worst) and five (best) [68]. SID 2017 provides the median household income (four
quartiles) for the patient’s zip code. We used these ranges to classify the demand into four different
classes (a) and the zip codes to estimate the distance (ef) between each hospital and class (values
between one (worst) and five (best) to match the quality score). We assumed that all classes give the
same importance to quality and travel distance (3 = 1). However, given the income difference, we
considered several values (0.25, 0.5, 0.75, and 1) for ¢ (network) and 0§ (premium). For example,
the class with the lowest income have o} = 0.25 and o} = 1, while the wealthiest class have o} = 1
and o3 = 0.25 (in equation (26) the values multiplying ¢{ and ¢§ were normalized to match in scale).

Combining the hospital-specific all-payer inpatient cost/charge ratio (CCR file) with the median
price per DRG in each hospital, we estimated the treatment cost per DRG and hospital (cf“) The
diagnosis weights (wy) applied to base prices (p]) were obtained from the Medicare severity diagnosis
related groups (MS-DRGs) [69]. CMS annually updates the payment weights of MS-DRGs to make sure
each group contemplates cases requiring a comparable amount of resources. We assigned a maximum
premium price (f,) for each class of customers based on the average maximum premium (among adults
younger than 60 years old) per insurance metal category (bronze, silver, gold, and platinum) in the
Health Insurance Marketplace of Hillsborough County [70].

Finally, we set four insurances to negotiate with the 14 hospitals. Each insurance network (z;;)
was defined based on the four insurer companies in Hillsborough County providing EPO plans [70].
Considering the total annual revenues and net income of the four largest insurers in Florida (based on
revenues as of December 31, 2019) [71], we estimated the desired net income rates (n;). For simplicity,
we set the insurance administrative costs to zero (m; = 0).

4 Results and discussion

In this section, we present and discuss the results of implementing our mathematical model in Hills-
borough County. We considered seven additional scenarios to contrast with the baseline (case study)
of existing mergers. First, we design a competitive system where hospitals act separately when negoti-
ating with insurers; we used the bilevel A approach to consider this case. Then, we extend the baseline
and competitive analysis to scenarios where all hospitals are included in each insurance network. Fi-
nally, we examined the impact of a modified patient demand due to SARS-CoV-2 for the four previous
scenarios. In Table 2, we summarize the eight different scenarios’ characteristics.

The mixed-integer programming (MIP) problems representing each scenario were implemented
in JULIA 1.5.1 and solve using Gurobi 9.0.3. Employing the bilevel B approach and the case study,
we obtained the baseline scenario results. According to our model, the average monthly insurance
premium in Hillsborough county costs $646, while the real average premium among metals in Florida
for 2021 was $612 [72]. However, CMS projected a yearly increase in health insurance spending of
5.1% between 2020 and 2027 [73]. Therefore, we considered the 5% variation of our model acceptable
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Table 2: Description of model scenarios.

Scenarios Regular SARS-CoV-2  Insurances Insurances Hospital Independent
demand demand real networks perfect networks mergers allowed hospitals

Baseline v v v

Competitive v v v
Enhanced-baseline v v v
Enhanced-competitive v v v
Covid-baseline v v v

Covid-competitive v v v
ENH-Covid-baseline v v v
ENH-Covid-competitive v v v

Abbreviations: Covid, SARS-CoV-2; ENH, Enhanced

Table 3: Summary of model results per scenario under regular demand.

Seenarios Insurance premium  Quality of care  Equilibrium* Hospitals** Insurances™**
weighted averaget  weighted averaget average price total net income total net income
Baseline 646 3.29 44718 8106.07 201.21
Competitive 558 3.24 42734 7034.40 169.32
Enhanced-baseline 417 3.56 36385 5030.52 117.58
Enhanced-competitive 456 3.56 37380 5597.69 128.92

f Values in US dollars per month.
f Values in a scale between 1 (worst) and five (best)

* Values in US dollars per patient, ** Values in million of dollars.

in the current context and small enough to validate our results. The summary of the model results
per scenario is shown in tables 3 and 4. These tables include the weighted average health insurance
premium and quality of care, the average equilibrium price, and hospitals and insurances’ total net
incomes.

4.1 Regular market demand conditions

The first group of scenarios considers the regular demand for health services in Hillsborough County,
as presented in the case study. When comparing the baseline and competitive scenarios (Table 3), it
is noticed that hospital mergers (baseline) produced average insurance premiums of $646, while inde-
pendent hospitals (competitive) generate average premiums of $558 in the system. Therefore, a 13.7%
of reduction could be achieved by increasing hospital competition and avoiding horizontal mergers.
This result aligns with findings in the literature suggesting that hospital mergers increase health care
prices [11, 12]. In terms of quality of care, the baseline and competitive scenarios have similar scores,
3.29 and 3.24, respectively. Furthermore, equilibrium prices and hospitals and insurances net incomes
follow the same tendency as premiums, being higher at the baseline scenario.

A promising finding arises when analyzing the enhanced baseline and enhanced competitive strate-
gies (Table 3). These two scenarios assume that all hospitals participate in the network of each in-
surance. Therefore, the quality of care received by patients is the same, 3.56. Both approaches show
average premiums less expensive than the competitive scenario ($558). However, in this instance, the
Enhanced-baseline generates a smaller average premium compared to the Enhanced-competitive, $417
and $456, respectively. This behavior contradicts what was found in the first two scenarios and brings
an interesting question. Can systems allowing hospital mergers to offer lower prices than very compet-
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Figure 2: Effect of insurance network size on average equilibrium price in competitive and non-
competitive markets

itive hospital markets? To ensure that our finding is not just specific to the utopian network scenario,
we run 100 additional cases, adding randomly and gradually more hospitals to each insurance network.

In Figure 2, we present the progression from the actual network size to the utopian/full network
(56 agreements). We fitted a linear regression to each market structure, blue for competitive and
red for mergers. As noticed, as the number of hospitals in the insurers’ networks increases (x-axis),
both scenarios reduce their equilibrium prices (y-axis). Nonetheless, the lines intersect around the 48
agreements; from that point, the bargainings considering the hospital health systems (mergers) provide
lower prices than bargainings with individual hospitals. Furthermore, the boxplots’ interquartile range
and whiskers for mergers are reduced with the network size increase. This implies less price dispersion
among the random scenarios.

The results presented in Figure 2 can be understood if we considered the following intuitive ex-
planations. First, the minimum base price (reimbursement rate) an individual hospital can accept is
determined by its cost; in other words, as long as the hospital has a positive utility, the base price
is feasible. Second, given that every hospital in the model has different costs (efficiencies), they will
also have different price thresholds to keep a positive financial balance. Third, in the case of hospital
mergers (health systems), the utility functions of individual hospitals are aggregated. Consequently, a
merger has a broader price threshold for keeping a positive balance, i.e., some hospitals in a merger
could have zero or slightly positive utility, and the merger still could make significant profits with the
more efficient hospitals for the given reimbursement rate. However, due to the decrease in competition
when mergers are allowed, hospital health systems are not forced to use the lower part of their feasible
price ranges. Finally, as insurances commence to include more hospitals in their networks, more price
negotiation occurs, and additional alternatives appear. This translates into an increase in bargaining
power that insurers can use to move down in the feasible price ranges of mergers.

4.2 SARS-CoV-2 market demand conditions

We now present the results obtained when implementing our model in Hillborough county with modified
demand due to SARS-CoV-2. Although one might anticipate health costs to increase during the
pandemic, recent articles have found that spending and utilization have gone down [74, 75]. According
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Table 4: Summary of model results per scenario under SARS-CoV-2 demand.

Scenarios Insurance premium  Quality of care  Equilibrium* Hospitals** Insurances™®**
weighted averaget  weighted averagef average price total net income total net income
Covid-baseline 444 3.23 45862 6420.47 149.91
Covid-competitive 414 3.23 43794 5136.98 117.51
ENH-Covid-baseline 300 3.56 36362 3630.27 84.82
ENH-Covid-competitive 328 3.56 37271 4021.19 92.64

Abbreviations: Covid, SARS-CoV-2; ENH, Enhanced.
f Values in US dollars per month.
1 Values in a scale between 1 (worst) and five (best).

* Values in US dollars per patient, ** Values in million of dollars.

to a study using Massachusetts (US) data, the change in overall hospital admissions of patients with
private insurances was -28% between 3/11/2020 and 9/8,/2020 [76]. Therefore, we used this estimation
to modify the percentage of customers requiring health services in our system from 14% to 10%.

In Table 4, the results of applying the modified demand in four different scenarios are presented.
Similar to the results obtained in the regular demand scenario (Table 3), the Covid-baseline shows a
higher average premium than the Covid-competitive, $444 and $414, respectively. This implies that
even in unfavorable demand scenarios, increasing hospital competition and avoiding horizontal mergers
can reduce the average premium, in this case by 7%. In addition, the quality of care of Covid-baseline
and Covid-competitive are the same (3.23). This reaffirms the results seen in Table 3 showing almost
zero improvements in quality of care through mergers.

The enhanced insurance network scenarios for Covid-baseline and Covid-competitive show the
same pattern found in the regular demand enhanced scenarios, where mergers generate lower average
premiums than competitive hospitals, in this case, $300 vs. $328.

An interesting observation is the relationships between the equilibrium prices and net incomes
shown in tables 3 and 4. As can be observed, the equilibrium prices (reimbursement rates) in the
SARS-CoV-2 scenarios are similar or higher than those presented in Table 3, but the net incomes are
lower. This relates to the decrease of patients demand and how the insurances and hospitals share
the payoffs they jointly generate. Regardless of the increase in average equilibrium prices with SARS-
CoV-2, the premiums get between 25% and 31% less expensive than in the regular demand scenarios.
Unfortunately, despite the promising results obtained with our model showing a reduction of premiums
during SARS-CoV-2 and recent studies indicating a decrease in health spending [74, 75], most insurers
kept or increased the premiums for 2021, claiming uncertainty surrounding demand for delayed health
services in 2020 [75]. Moreover, at the end of the third quarter of 2020, the average gross margins
among private insurers were 21% higher than at the same point in 2019 [77]. Conversely, hospitals
face decreasing margins, and it is expected that during 2021 the hospital revenue would likely be down
between $53 and $122 billion [78]. Therefore, health insurance companies are not transferring the
savings in health expenditure to the patients and neither sharing the payoffs with hospitals.

5 Concluding remarks and future directions

The internationally recognized health care access problem in the US [30, 31], associated with high costs
of medical services, keeps millions of citizens without basic health insurance [2, 3|. Higher mortality
rates, lower quality of life, preventable hospitalizations, and emergency department overcrowding are
some of the consequences of the lack of health care access in the US [16, 17, 18, 19]. To our knowledge,
this is the first study that presents a mathematical framework anchored in bilevel optimization and
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game theory to mimic interactions among insurers, hospitals, and patients to set insurance premiums.
We analyzed the impact on reimbursement rates and quality of care (among others) of hospital hori-
zontal mergers, insurance network enhancements, and demand fluctuations due to SARS-CoV-2. We
developed a ”bilevel-Nash-in-Nash” approach to design and solve our models. This approach considers
separate bilateral bilevel problems (MPECs) within a Nash equilibrium to a game played among cus-
tomers and all pairs of insurer-hospital (EPEC). We solve each pair interaction (upper-level) through a
Nash bargaining solution, and we use the Karush-Kuhn-Tucker conditions to deal with the lower-level
problem (customers). In the scenarios where hospital horizontal mergers are allowed, we replace the
insurer-hospital pairs with insurer-health system pairs. To find the Nash equilibrium to the EPEC, we
implement a diagonalization method using Gurobi 9.0.3.

The proposed model is used to analyze the Hillsborough County (Florida) health care market and
the impact of existing hospital mergers on the health insurance premiums. Results show that hospital
market concentration increases health care prices and does not improve the quality of care. Further-
more, a 13.7% reduction on average premiums could be achieved by increasing hospital competition
and reducing mergers ($646 vs. $558). We also found that increasing the number of providers in the
insurance networks benefits patients in competitive and oligopolistic markets. Surprisingly, for large
enough insurance networks, lower policy premiums can be obtained in concentrated hospital markets.
Therefore, expanding insurance networks is an excellent mechanism for dealing with markets where
mergers have already been placed. The results show a possible premium reduction of up to 35% in
premiums for the concentrated market (3646 to $417) and up to 18.3% for the competitive market
($558 to $456).

We run four additional scenarios to understand the impact of the SARS-CoV-2 in the health mar-
ket. Results show that the decrease in admissions associated with the pandemic should reduce average
insurance premiums. In the case of concentrated hospital markets, premiums should change from $646
to $ 444 (31% reduction), and in competitive markets from $558 to $414 (25%). Furthermore, equilib-
rium prices (reimbursements rates) should rise to avoid hospitals’ margin depression. These findings
contradict the current status of the health market where insurers have kept or increase their premiums,
and hospitals are facing financial challenges [78, 75].

In summary, we presented a practical bilevel-Nash-in-Nash approach to mimic health care market
interactions and analyze key metrics such as insurance premiums and quality of care. The findings
indicate that 1) quality of care does not increase with hospital mergers and that 2) avoiding them
(or improving hospital competition) is critical to prevent increments in health prices. Furthermore,
3) expanding insurance networks is an excellent mechanism to reduce policy premiums in already
concentrated hospital markets. Finally, 4) the reduction in hospital admissions due to SARS-CoV-2
should translate into savings for patients when purchasing health insurance. Policymakers can use
the proposed model to determine the impact of future mergers and design incentives/penalties struc-
tures that will promote competition for the benefit of patients. Future research exploring different
negotiation mechanisms in hospital mergers and considering bargaining among insurance for premium
determination might prove helpful.
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