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ABSTRACT 

PATIENTS, PREMIUMS, AND PUBLIC POLICY: MODELING HEALTH 

INSURANCE MARKETS USING AGENT COMPUTING 

Kevin T. Comer, Ph.D. 

George Mason University, 2017 

Dissertation Director: Dr. Robert Axtell 

 

This dissertation focuses on the assessment of adverse selection as a result of uncertainty 

and asymmetric information in a market of buyers and sellers. This dissertation seeks to 

provide two novel contributions to science – the development of a true-scale (one agent 

to one household) agent-based model of the individual health insurance market at the 

state level, and the assessment of the impacts of various policy implementations on the 

individual health insurance market. These impacts will cover not only the participation 

rates of individuals in the market, but also the price of coverage, the distribution of 

subscribers across simulated plans, and the expected net revenue of policy elements. 

 After a short introduction, the second chapter is an agentized replication of the 

seminal model by Rothschild and Stiglitz, assessing the effect of asymmetric information 

on a stylized insurance market of buyers and sellers. The agent-based model replication is 

able to validate the findings of Rothschild and Stiglitz, that the heterogeneous nature of 
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the propensity of risk across the buyer population, and the vested interest of the buyer to 

not disclose their probability of risk, leads to adverse selection and a failure in the 

insurance market. However, the assertion of the effectiveness of signaling that Rothschild 

and Stiglitz is assessed in this model, as well as the inclusion of subjective probability, or 

the uncertainty a perspective buyer might have over their own risk of accident. 

 The third chapter is the discussion of a baseline agent-based model representation 

of the individual health insurance market at the state level, representing one hundred 

thousand (100,000) buyer agents (termed “patients”) and ten (10) seller agents (termed 

“payers”). Using only empirical data for the income distribution and medical expenditure 

distribution, the baseline model is able to quantitatively reproduce large-scale behaviors 

seen in the health insurance market, most notably the price point elasticity of demand for 

health insurance, estimated at -0.6 by the RAND Health Insurance Experiment. 

The fourth and penultimate chapter of this dissertation analyzes the six major 

components of the Patient Protection and Affordable Care Act or ACA, enacted on 

March 23, 2010, using modeled policy extensions from the baseline model described in 

the previous chapter. The coverage mandate leads to an increase in premium prices, while 

decreasing the number of subscribers that choose to participate in the individual health 

insurance market, which is indicative of adverse selection. While the individual mandate 

helps to mitigate the latter, the true mitigation policy is risk adjustment across the market. 

However, this leads to the consolidation of patients into fewer plans, and the departure of 

firms from the marketplace entirely.  
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CHAPTER ONE – INTRODUCTION 

1. Research Question 
This dissertation addresses the concern of adverse selection in the context of the 

individual health insurance market, using agent based models. The possibility of a market 

failure as a consequence of adverse selection has long been the concern of economists in a 

variety of markets, but most notably in the health insurance market. This has been analyzed 

with neoclassical analytic models, game theory models, systems dynamics models, and more 

recently, microsimulation. By constructing a true-scale (one agent to one household or payer) 

agent-based model, this dissertation aims to produce an experimentation environment for the 

assessment of the effects of policy on the health insurance market, and to answer the first 

research question: Can policy cause a market failure due to adverse selection, and what 

other policies might be used to counterbalance that phenomenon? 

The development of an agent-based computational model in the context of the health 

insurance market, and using it to assess the impact of policy on the market, is the addition to 

science this dissertation provides. While models and simulations have been performed on the 

health insurance market, none to date have clearly articulated both heuristics for making 

decisions across the various actors in the market, both buyers and sellers of insurance, and 

the impacts of policy have on the large-scale patterns that emerge from the individual 

decisions of actors in the market. This methodology and process discussed in this dissertation 
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answer the second research question: Can an agent-based computational model be developed 

that can simulate the impact of policy on the individual health insurance market? 

1.1. Adverse Selection 
Adverse selection, as defined in Belli (2001), is “strategic behavior by the more 

informed partner in a contract, against the interest of the less informed partner(s). In the 

health insurance market, it is relevant because each individual chooses among the set of 

contracts offered by insurance companies according to his/her expected probability of using 

health services.” Individual buyers of insurance, having better information on how much 

utility they will gain from a given contract, are initially at an advantage in the market. The 

sellers of insurance, realizing this disadvantage, might mitigate the risk by increasing the 

price of premiums received by their subscribers, especially when other risk mitigation 

strategies, such as medical underwriting or pooling subscribers based on their risk, are 

unavailable to them. This premium price raise might lead individuals who do not expect to 

use insurance very often to forgo buying into a contract, thus leaving a subscriber base with 

an overall higher risk and average cost of coverage. 

The fear that this cycle might lead to a market failure predates the use of dynamic 

modeling in economics. George Akerlof first described a basic model (Akerlof, 1970) for a 

used car market, with two traders, holding different views, or asymmetric information, on the 

quality of a given car. Constructing supply and demand curves for each type of trader, 

Akerlof concludes that, when the traders have different amounts of information on the quality 

of a given car, the price of the buyer and the seller will never intersect. This, Akerlof 

concludes, will lead to no trades being made at any price, thus leading to what he defines as a 
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“market failure”. He then reassesses the model, giving each trader full information of the 

quality of the car in question, and the market is able to “arrive” at an equilibrium price, and 

the failure is averted. After describing the model and its results, Akerlof discusses how this 

phenomenon might replicate itself in the health insurance market, specifically when insuring 

the older population (65+). “…as the price level rises the people who insure themselves will 

be those who are increasingly certain that they will need the insurance… The result is that the 

average medical condition of insurance applicants deteriorates as the price level rises – with 

the result that no insurance sales may take place at any price.” (Akerlof, 1970). 

The second seminal work in the field of adverse selection was from Michael 

Rothschild and Joseph Stiglitz, who assessed the demand for insurance among those buyers 

wishing to buy insurance against potential losses in earning capability (Rothschild & Stiglitz, 

1976). Unlike Akerlof, Rothschild and Stiglitz did not construct supply and demand curves, 

but simply defined buyer and seller behavior as utility maximizers, given income and 

probability of accident (von Neumann & Morgenstern, 1944). They assessed two types of 

buyers, high risk and low risk, and constructed indifference curves to determine preferences 

across the prices delivered by the market. The sellers, when posing prices to the market, was 

unable to assess whether buyers were high risk or low risk, and would only know the average 

risk across the population. They concluded that there was no market price that would 

sufficiently segregate high risk buyers from low risk buyers. Since this would push the low 

risk buyers out of the market, they asserted that a seller would only be left with high risk 

buyers which could prove untenable in the long term, thus leading to a market failure. In 

conclusion, Rothschild and Stiglitz propose that, “if only the high-risk individuals would 
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admit to their having high accident probabilities, all individuals would be made better off 

without anyone being worse off.” (1976), thus pointing to the necessity of medical 

underwriting and price discrimination to alleviate asymmetric knowledge. 

1.2. The Individual Health Insurance Market 
The entities interacting in the individual health insurance market are broadly 

established by David Cutler and Richard Zeckhauser in their assessment the anatomy of 

health insurance. Cutler and Zeckhauser (2000) define three broad categories – patients, 

payers (insurers), and providers – and the government and employer entities that interact with 

the first two entities, as shown in Figure 1. The focus of this dissertation is on assessing the 

interactions between patients and payers, and does not go into detail on the impact of 

provider, employer, or government actions. The goal for the analysis in this dissertation was 

abstraction and simplification of the market, for the purposes of addressing adverse selection. 

Cost setting behavior of providers is significantly complex, dependent on a wide variety of 

factors, including type of service, technology available, quality of care, and conditions of the 

patient, that are only tangentially related to the overall concern of addressing at a high level 

adverse selection in the market of insurance.  
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Figure 1: Cutler and Zeckhauser’s “Medical Care Triad”, where solid lines represent money transfers, and dashed 

lines represent service transfers (Cutler & Zeckhauser, 2000). 

 

 

The individual health insurance market, also known as the no-group insurance 

market, are comprised of those patients who do not purchase their insurance from their 

respective employers. The employer interactions between patients and insurers are 

sufficiently complex (Cutler & Zeckhauser, 1997), with the emergence of group rates and 

subsidies, that the individual health insurance provided a simpler market to model. Likewise, 

the various government agencies involved in providing health care to various subsets of the 

population – most notably Medicare and Medicaid – are outside of the scope of this model, 

for the purposes of keeping the computational model simple and largely verifiable. 

 

1.3. Why Agent-Based Models? 
Agent based models are a computational tool, used for identifying and assessing 

emergent patterns in large, self-organizing systems. Agent-based modeling uses autonomous 

agents that behave according to simple rules of behavior for interaction among their 

environment and other agents. The basic properties of agents, as presented by Wooldridge 
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and Jennings (1995) are (a) autonomy, as the agents act on their own without direct control 

of their actions by either an operator or another simulated entity, (b) social ability, or the 

ability to communicate data among themselves and their environment, (c) reactivity, as the 

ability to react to changes in the environment and (d) proactivity, or working towards some 

goal. These properties allow for certain capabilities not present in other forms of modeling, 

such as bounded rationality (as described in Gilbert and Troitzsch (2010), the difference 

between objective “knowledge” and subjective “beliefs”), limited communication between 

components, and utility-driven decision processes (particularly when utility involves 

forecasting future states). 

This is a significant departure from the modeling techniques that have been used thus 

far in the field of assessing adverse selection in the health insurance markets. In addition to 

the static analytical methods described above in Section 1.1, several dynamic models have 

attempted to simulate the interactions of the various entities involved in the health insurance 

market. While there are some other computational models out there that fall outside of this 

category, most notably systems dynamics models, the most prevalent method of simulating 

this market are various forms of microsimulation. Microsimulations similarly deal with 

simulating singular entities defined by a certain data set, each following a set of behaviors 

that are empirically defined in the data, progressing through a simulated future. The 

behaviors and attributes of these microsimulation entities are defined exogenously by the 

data, thus requiring extensive amounts of information about the subject population in 

question (Gilbert & Troitzsch, 2010). 
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The importance of producing an agent-based computational model to contrast the 

microsimulation models already present in the literature is two-fold. First, to show that a 

model based on relatively few empirical parameters, in this case income as derived from 

Drăgulescu and Yakovenko (2001) and medical expenditures from French and Jones (2004), 

and simple interaction behaviors representing bounded rationality and uncertain forecasting, 

can replicate the findings presented by much more elaborate, data-intensive 

microsimulations. Second, to demonstrate that, due to the simplicity of the model and 

abstract nature of the agents, policy implementations in the model are relatively 

straightforward, allowing for a much more flexible policy experimentation environment that 

can project the dynamics of many years into the future. 

2. Structure of the Dissertation 
This dissertation is divided into three main chapters. Each chapter builds upon the 

methodology and conclusions discussed in the previous chapters. In addition to this 

introduction and the three chapters mentioned, there is a conclusion chapter, summarizing the 

dissertation and possible future work. 

2.1. Replication, Agentization, and Verification 
The first chapter goes through the process of replicating the model discussed 

previously in Section 1.1, Rothschild and Stiglitz (1976), and addressing their conclusion – 

that lack of signaling is the primary driver for adverse selection. This chapter attempts to 

replicate the Rothschild and Stiglitz model into an agent-based model in a process termed 

“agentization” as defined by Guerrero and Axtell (2011), in order to test the neoclassical 

“sweet spot” identified by Axtell (2007) as defined by rationality, agent homogeneity, 
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equilibrium, and non-interactivity. By adding heterogeneity and bounded rationality to the 

agents’ behavior and attributes, and simulating over multiple years, the conclusions of 

Rothschild and Stiglitz are tested. While perfect signaling is shown to return the market to 

the same equilibrium witnessed in the homogeneous case, the introduction of bounded 

rationality creates a much more sustainable market of both low-risk and high-risk 

participants. 

2.2. Construction of the Baseline 
This chapter expands on the model described in the previous chapter, by explicitly 

modeling the behaviors of patients and payers in a health insurance market, introducing terms 

for premiums, coinsurance, medical expenditures, and out-of-pocket maximums. The 

primary goal of this model is two-fold: to replicate the overall emergent behaviors of 

insurance purchases in the real world such as price elasticity, and to provide a reasonable 

baseline to assess future impacts of policy on. This model succeeds in replicating the price 

elasticity of demand as witnessed in the RAND Health Insurance Experiment (2006). Future 

adaptations of policy implementations are address in the following chapter.  

2.3. Policy Extension from the Baseline 
This model is then used to assess the impact of the regulations associated with the 

Patient Protection and Affordable Care Act, passed in 2010. Specifically, the model 

reproduces the six largest elements of the legislation – coverage mandate, individual 

mandate, individual subsidies, risk adjustment, reinsurance, and risk corridors. The results 

from the simulations of the computational model show that, while the coverage mandate does 

lead to an increase in premiums across the market, this is mitigated by the introduction of 



9 

 

risk adjustment. However, risk adjustment does significantly increase the concentration of 

patients into one or two plans offered by the market, which could lead to greater risk of 

catastrophic market failure, as evidenced in cascades of other highly centralized systems 

(Bak & Paczuski, 1995). 
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CHAPTER TWO – THE REPLICATION, AGENTIZATION, AND VERIFICATION 

OF THE ROTHSCHILD-STIGLITZ MODEL OF ADVERSE SELECTION 

The underlying concern of adverse selection is the possibility that this strategy can 

lead to positive feedback – healthy buyers do not buy insurance, sellers raise prices to cover 

the costs of unhealthy subscribers – ultimately leading to a market failure, where no trades 

are made, as all traders would be made worse off. This has been analyzed using a variety of 

tools, mostly identification of equilibrium prices and dominant strategies using game theory. 

More recently, scenarios have used modeling and simulation to validate the conditions for 

adverse selection to occur. Agent-based modeling – the modeling of autonomous agents 

based on a set of heuristics, interacting across a simulated environment – has not been fully 

explored as a tool for assessing the conditions of adverse selection. The purpose of this 

chapter is to replicate one of the seminal papers in this field, Rothschild and Stiglitz (1976), 

using an agent-based model with heuristics as described in the paper. The primary results and 

conclusions from the original model will be confirmed and validated. Finally, the model will 

be extended in various ways, to determine the robustness of the model conclusions to 

different underlying assumptions, such as signaling across the market, and valuations of risk 

across buyers. 

1. Introduction 
Adverse selection has been analyzed using a variety of tools, mostly identification of 

equilibrium prices and dominant strategies using game theory (Cutler & Zeckhauser, 2000) 

and empirical studies (Cutler & Reber, 1996). More recently, microsimulation models have 
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been employed to explore the empirical information from health expenditure surveys  

(Marquis, 1992) and medical expenditure panel surveys (Feldman & Dowd, 1982)  

(Congressional Budget Office, 2007) for signs of adverse selection. Agent-based modeling – 

the modeling of autonomous agents based on a set of heuristics, interacting across a 

simulated environment – has not been fully explored as a tool for assessing the conditions of 

adverse selection. 

1.1. Models of Adverse Selection 
Adverse selection is defined where asymmetric information about the quality or 

utility derived from a product exists between a buyer and a seller (Belli, 2001). As a result, 

self-selection occurs with regards to traders participating in the market of commodities. This 

leads to trades that are of most benefit to those traders that have the most information, at the 

expense of the other trader or traders that have less information.  

One of the first papers investigating this phenomenon from an analytical perspective 

was Rothschild and Stiglitz (1976), which built upon the work termed “Market of ‘Lemons’” 

discussed by Akerlof (1970). In Akerlof’s seminal work, he assessed the possibility of a 

market failure, where two traders have asymmetric information on the quality of a car – 

where the seller knows the quality of the car and the buyer does not – which will lead to a 

trade failing to occur. Rothschild and Stiglitz investigated the other side of the coin, where a 

buyer knows how much utility they might receive from a good, and the seller has less 

information. 

Rothschild and Stiglitz (1976) depict a case of an insurance market, where one’s 

income (and utility) can be diminished by an accident, and therefore buyers assess the value 



12 

 

of purchasing insurance to mitigate the penalties incurred. Meanwhile, sellers assess the 

optimal plan to offer, by determining both the premium price and the payoff paid in the case 

of an accident. The authors analyze this problem mostly diagrammatically (using graphs) in 

order to achieve an equilibrium, where no traders can be made better off at some other 

contract value, or by not participating in the market. The conclusion from the paper is that, 

when sellers do not know the probability of accidents of the buyers, there can be no 

equilibrium in the market, and the market will fail due to asymmetric information between 

buyers and sellers. 

The first variation of the model they present diagrammatically assumes a 

homogeneous population of potential insurance buyers, all of which have the same 

probability of risk. Therefore, there exists an optimal insurance contract which a seller can 

provide to the market that establishes an equilibrium. This conclusion is reproduced in Figure 

2, as replicated from Rothschild and Stiglitz (1976, p. 633).  
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Figure 2: Assessment of optimal contract α*, original reproduction by the author from the graph shown in 

Rothschild and Stiglitz (1976, p. 633), given identical probabilities of accident p across all buyers. W1 is the income 

received by an individual without a disability, W2 is the income received by an individual with a disability and a 

payout from contract α*. 

 

 

 

Rothschild and Stiglitz continue expanding the model by introducing heterogeneity to 

the market, by allowing buyers to belong to one of two categories: high-risk, with a higher 

probability of accident, and low-risk. The seller is unable to distinguish between high-risk 

and low-risk potential buyers, and so must therefore offer contracts only with knowledge of 

the average probability of accident for the overall population. The conclusion they achieve is 

that, in circumstances where buyers have different probabilities of accidents, there can be no 
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pooling equilibrium where everyone is improved by a single contract that cannot be 

improved upon that is simultaneously profitable to the seller. This is demonstrated in Figure 

3, as replicated from Rothschild and Stiglitz (1976, p. 635).  

 

 

 

Figure 3: Original reproduction by the author of proof from Rothschild and Stiglitz (1976, p. 635) of the non-

existence of a pooling equilibrium. With the original solution α, there is a contract β that is preferred by low-risk 

individuals. 

 

 

 

Finally, Rothschild and Stiglitz prove that there can also be no separating equilibrium, 

since given that there may be two plans offered to the market, a third plan may be preferred 
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by both types of buyers, leading to a pooling equilibrium. This proof is replicated below in 

Figure 4, as presented in Rothschild and Stiglitz (1976, p. 636).  

 

 

 

Figure 4: Original reproduction by the author of proof from Rothschild and Stiglitz (1976, p. 636) that there can be 

no separating equilibrium. Given separate contracts, αH and αL, there is still a possible contract γ that is preferred by 

both type of buyers. 

 

 

 

1.2. Zero Intelligence Traders 
One of the first explorations of replicating equilibria in markets was Gode and Sunder 

(1993), which established a computational modeling replication of an asset auction market as 
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described in Smith (1962). The aspect that Gode and Sunder assess is the level of 

“rationality”, or intelligence, required in order to produce a function auction market. In the 

paper, they present zero intelligence traders – autonomous agents that do not forecast or 

strategies to maximize utility, and simply accept any trade that increases their utility.  

In the Gode and Sunder model, sellers propose prices randomly, and buyers produce 

prices they are willing to purchase the goods at, also randomly. These prices are recorded in 

the ledger, and if a seller can find a buyer willing to buy for a higher price than the seller is 

selling, a trade is established. The buyers and sellers do not strategize to outcompete one 

another, but they do end up with a net positive gain in utility, whenever a trade is established. 

This model is built upon in other papers, most notably Simon (1996), Cliff and 

Burton (1998), and Farmer, Paterlli, and Zovko (2005), since the zero intelligence paradigm 

makes a simple heuristic that is computationally effective in an agent-based model. In the 

absence of predictive heuristics provided in Rothschild and Stiglitz (1976) for the buyers and 

sellers, or the ability to forecast the expected expenditures and profit margins several years in 

the future or for several competitors, the zero intelligence exhibited by Gode and Sunder 

(1993) seems like a suitable framework for replication. This replication aims to avoid biasing 

the validation of the Rothschild and Stiglitz (1976) model with extraneous predictive 

capabilities for the agents in their decision making that were not detailed in the original 

model. 

1.3. Cumulative Prospect Theory 
While the Rothschild and Stiglitz paper specifies risk aversion across the traders, for 

the purposes of diagrammatically proving their hypothesis, the assessment of probability in 
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the original paper is still assumed to be objectively known a priori. However, various 

empirical and analytical studies have further established a more nuanced heuristic that buyers 

seem to follow (Camerer, 1997) (Rabin, 2000). This is often called subjective behavior in 

complexity theory, where agents act and react to their perceptions of their environment and 

other agents, rather than what occurs (Simon H. A., 1986) (Conlisk, 1996). This, of course, 

also refers to probabilities of future events that the agent has not experienced, such as 

disabilities. 

While there are a number of methods for formulating subjective behavior in agents 

(Scott, 2006) (Schmidt & Zank, 2008), this paper will use the heuristic defined by Tversky 

and Kahneman (1992), who first developed Cumulative Prospect Theory from empirical 

studies, as it is the most prominent paper to establish the parameters and algorithms in a 

universal context of economic behavior, rather than contextualized in a particular market 

(lotteries, gambling, etc.). When asked to estimate certain probabilities and to act 

accordingly, individuals often overestimate small probabilities, which leads to the prevalence 

of behaviors such as buying insurance against small probability events. Further empirical 

studies have refined the formulations for subjective behaviors, but this paper will only take 

the formula as discussed in the original study into account.  

2. Methodology 
The baseline model replication of the model, coded in Python, from Rothschild and 

Stiglitz (1976) consists of two types of agents – buyers and sellers. Each time step, the agents 

make decisions based on their perception of their environment. Throughout the various 

versions of the model, all agents act as Neumann-Morgenstern utility maximizers (von 
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Neumann & Morgenstern, 1944) who make decisions aimed to maximize their utility as they 

perceive it. 

As Rothschild and Stiglitz developed in their paper, buyer agents have an income, W, 

which can be diminished by the occurrence of an accident by d, with probability p. 

Therefore, the expected utility function Ui of a buyer agent i, without any insurance, can be 

represented by: 

Equation 1: Expected Utility Function, Without Insurance 

𝑉𝑖(𝑝𝑖,𝑊𝑖,  𝑑𝑖) = (1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖)+ 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖) 

Buyer agents decide whether to purchase insurance or not. Insurance contracts are 

defined as two-value vector, <α1, α2>, where a buyer will pay a regular premium to the seller, 

α1, while the buyer will be paid a net value of α2 (total payout, minus premium) in the event 

of an accident. Therefore, buyers will assess the utility gained or lost by an insurance 

contract with the equation: 

Equation 2: Expected Utility Function, With Insurance 

𝑉�̂�(𝑝𝑖,𝑊𝑖,  𝑑𝑖, 𝛼1, 𝛼2) = (1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖 − 𝛼1)+ 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖 + 𝛼2) 

Seller agents attempt to maximize profit by setting the values of <α1, α2>, such that 

each seller j achieves a non-negative value for profit from each consumer i: 

Equation 3: Seller Profit Function for Insurance Plan 

𝜋𝑗(𝑝𝑖, 𝛼1, 𝛼2) = (1 − 𝑝𝑖)𝛼1 + 𝑝𝑖𝛼2 

In the case of the seller’s profit assessment, they have no direct knowledge of each 

buyer’s probability of accident, or pi. Instead, they take the mean value of p across the entire 

population, µ(p), and use that in lieu of p in the profit equation above. 
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In the Rothschild and Stiglitz paper, the authors conclude that, in a market with free 

entry and perfect competition, profit will end up being zero – in other words, the market ends 

up at a Bertrandian equilibrium (Bertrand, 1883), where in order to retain customers, any 

successful firm must minimize their profit margin to the point of zero, or else a competitor 

will be able to take away business by offering lower prices. 

2.1. Design of the Baseline Model 
Rothschild and Stiglitz demonstrate this analytically and diagrammatically, but in the 

agent based computational model discussed in this paper, the process by which this 

equilibrium comes about must be described, for the purposes of simulation. The model 

developed uses an adaptation of zero-intelligence traders, established in Gode and Sunder 

(1993). In it, buyers and sellers do not try to maximize their utility, or predict reactions or 

strategies, but instead will accept any contract that will lead to an increase in utility. 

First, a contract <α1, α2> will be randomly generated each simulation turn from the 

distributions 𝛼1~𝑈(0,𝑀1) and 𝛼2~𝑈(0,𝑀2), where M1 and M2 are maximum premiums and 

maximum payouts respectively. Each seller will assess the profitability of the contract. If the 

expected profit is non-negative, then the seller will offer that contract to the public. Then, 

each buyer will either accept the contract offered, if it increases their expected utility, or 

reject the contract offered. In this way, each turn becomes a two-period game. 



20 

 

 

 

 

 

Figure 5: Tree Diagram Representation of Two-Period Game 

 

 

 

 

In the baseline model, each agent is risk neutral. This will be amended in later 

versions, examined in the variations presented later in this chapter. Error! Reference source n

ot found. shows the initial attribute values for the baseline version of the model, which ran 

with one seller and 10 buyers. 
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Table 1 Variables in the Baseline Model, and Initial Values 

Variable Symbol Initial Value 

Income W 100 

Disability d 25 

Probability of Accident p 0.1 

Maximum Premium M1 100 

Maximum Payout M2 100 

 

 

 

To evaluate the conclusions that Rothschild and Stiglitz present in their paper, the 

first iteration of this model initializes every agent with the same risk value. The first iteration 

aims to verify the claim in Rothschild and Stiglitz that the only way to produce a trade is for 

the seller to operate at a profit margin of zero, 𝜋(𝛼1, 𝛼2) = 0.  

In the second iteration, the model segregates these two buyer agents into two types, 

high-risk and low-risk, where pH= 0.25 for high-risk buyers, and pL= 0.1 for low-risk buyers. 

The claim made in Rothschild and Stiglitz, which the second iteration will demonstrate, is 

that a pooling equilibrium will not occur in the market. A pooling equilibrium is where both 

high-risk and low-risk buyers will purchase the same insurance contract, where a separating 

equilibrium occurs when different types of buyers buy different contracts, or choose different 

options. 

2.2. Variations on the Baseline Model – Cumulative Prospect Theory 
The first addition to the model is to amend the method by which buyer agents assess 

utility. In the Rothschild and Stiglitz paper, the authors simply state that their buyers are 
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assumed to be risk-averse (where the second derivative of the utility function U is negative, 

U’’ < 0), and therefore V(p, α) is assumed to be quasi-concave. 

This iteration of the model develops this further, allowing for buyer agents to act in 

accordance with Cumulative Prospect Theory, as outlined in the Tversky and Kahneman 

(1992) paper. In this paper, Tversky and Kahneman discuss the empirical evidence showing a 

much more nuanced view of risk-aversion, positing an alternative formulation using the 

weighting of probabilities and the framing of choices. They discuss the phenomenon where 

consumers will tend to overestimate small probabilities (thus leading to the popularity of 

lotteries and insurance), and underestimate large probabilities, in their valuation criteria. 

Similarly, the value of the choices being offered are not assessed in absolute status terms (i.e. 

overall utility), but rather in terms of gains and losses from the current state. Given these two 

phenomena together, Tversky and Kahneman lay out an extensive utility valuation made by 

consumer evaluating two or more choices.  

This has been implemented in the model as follows. Since the model is dealing with 

the uncertainty resulting in a loss of utility (i.e. the possibility of an accident, leading to a 

decrease in income of d), the buyer’s evaluation of the utility loss probability becomes a two-

part power function: 

Equation 4: Tversky-Kahneman Valuation Function 

𝜐(𝑥) = −𝜆(−𝑥)𝛽 

Equation 5: Tversky-Kahneman Probabilty Weighting Function 

𝑤(𝑝) =
𝑝𝛿

(𝑝𝛿 + (1 − 𝑝)𝛿)1 𝛿⁄
 

The formulation for the buyer’s utility function presented earlier then becomes: 
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Equation 6: Tversky-Kahneman Utility Function 

𝑉�̂�(𝑝𝑖,𝑊𝑖,  𝑑𝑖, 𝛼1, 𝛼2) = (1 −𝑤(𝑝𝑖))𝑈𝑖(𝑊𝑖 − 𝛼1)+𝑤(𝑝𝑖)𝑈𝑖(𝑊𝑖 + 𝜐(−𝑑𝑖) + 𝛼2) 

The values given in the Tversky and Kahneman paper for the equations above are λ = 

2.25, δ = 0.69, and β = 0.88.1 

2.3. Variations on the Baseline Model – Signaling 
In their paper, Rothschild and Stiglitz propose that, “if only the high-risk individuals 

would admit to their having high accident probabilities, all individuals would be made better 

off without anyone being worse off.” This is also proposed by literature predating their paper, 

primarily Akerlof (1970), which presupposes that loss of utility due to inefficiencies are 

caused solely by asymmetrical knowledge. In the case of Rothschild and Stiglitz, it is the 

lack of the seller’s knowledge of each individual buyer’s risk (or probability of accident) 

which causes the inefficiency. 

This can be tested in terms of what the seller knows about the risk levels of each type 

of buyer. The options presented in the original paper are either perfect knowledge of risk 

levels on the part of the seller (the seller knowing the probability of accident of the high and 

low risk buyers) or no knowledge (the seller assuming the average probability of risk applies 

to every potential buyer). In this model, this is represented by parameter theta, θ = [0.0, 1.0]. 

This is used to revise the seller’s calculation of the profitability of plans, and they use this 

estimator to determine both high-risk and low-risk plans, which they will offer to the two 

different populations: 

                                                 
1 These have been reassessed in subsequent papers, but for the purposes of this model, the values presented 
in the original paper will suffice. 
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Equation 7: Signal from High Risk Buyers 

�̅�𝐻 = 𝜃𝑝𝐻 + (1 − 𝜃)𝜇(𝑝) 

Equation 8: Signal from Low Risk Buyers 

�̅�𝐿 = 𝜃𝑝𝐿 + (1 − 𝜃)𝜇(𝑝) 

Where µ(p) is the mean probability of accident across the entire buyer population (in 

other words, what is used in the cases of no signaling), pH and pL are the true high and low 

probabilities of accident respectively, and �̅�𝐻 and �̅�𝐿 are the estimates that the seller makes of 

high and low probabilities of accident. 

These probabilities are used to then offer plans to the buyer population, using the 

same two-period game as before. In this variation, high-risk buyers must purchase the high-

risk plan, and low-risk buyers must buy the low risk plan2. This assumption is made 

primarily to test the proposition made by Rothschild and Stiglitz – if high-risk buyers were 

honest, this would lead to everyone being better off and no one being worse off. 

3. Results 

3.1. Homogenous Buyer Population 
First, the model was run using buyer agents with identical probabilities of accident, pi 

= 0.1. While the Rothschild and Stiglitz paper does not specify the number of buyers and 

sellers in the model, the Zero Intelligence Traders model has six buyers and six sellers. For 

this first iteration then, these are the populations used. 

The model runs until a trade is accepted by both buyer and seller – in game theory 

terms, when both players choose the Accept strategy {A, A}. As all buyer agents are 

                                                 
2 This does violate the utility formulation from earlier, since a high-risk buyer would undoubtedly be better off 
by posing to be a low-risk buyer. However, this would not be an effective test of the hypothesis, since the 
result would simply be a repeat of what occurred earlier. 



25 

 

identical and there is currently no stochasticity in their decision process, they will all act 

alike, with perfect knowledge of payoffs. 

In all runs of the baseline, homogeneous case, the model validates the claim made in 

Rothschild and Stiglitz – the only point at which buyers and sellers will agree on an 

insurance contract are when the seller achieves zero profit, π = 0. At this value of <α1, α2>, 

the {Accept, Accept} strategy is weakly dominant for both players – otherwise, either the 

buyer or the seller will reject the deal. This can be shown in Error! Reference source not f

ound.. 
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Figure 6: A single simulation run, showing utility calculations from the sellers, π(α), in blue, and utility calculations 

from the buyers, V(α), in red. Successful trades shown in green – note that it only occurs when both sides net zero 

improvement in utility. 

 

 

 

3.2. Heterogeneous Buyer Population 
The second variation of the baseline involved the buyer agents being either high risk 

or low risk consumers. While (Rothschild & Stiglitz, 1976) generalize the problem by not 

giving any values for either the probability of accident, pi, or the proportion of high-risk 

buyers among the population (which they label as λ), this model will use two values of p, 0.1 
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or 0.25, signifying the label of “low-risk” and “high-risk” consumer respectively. Each agent 

has a 50% chance of being either type, although it is not guaranteed that λ = 0.5 for all runs. 

Unlike the homogeneous population run, each run lasts 100 turns. 

Despite this specification, the model arrives at the same conclusion that Rothschild 

and Stiglitz derive – there is no one contract that both high risk and low risk agents will 

accept that the seller will be willing to sell, meaning there is no pooling equilibrium. Any 

contract that a seller would offer to the market, a low-risk buyer will not accept. Similarly, 

any contract that a low-risk buyer would accept would cause a seller to lose money, which 

Rothschild and Stiglitz explicitly state as not being permitted in an equilibrium.3 

While it is the case that sellers will only offer plans that are expected to be profitable, 

given their estimation of the population, the fact that the equilibrium is a pooling one leads 

their conclusion to ultimately be proven incorrect, as shown in Error! Reference source not f

ound.. Since their estimation of p is over the entire population, and in the pooling 

equilibrium only high risk buyers purchase the plans, the firm will lose money in the first 

                                                 
3 Gode and Sunder actually discuss the ability for seller agents to lose money in an offer, in the form of an 
unconstrained versus constrained market. 
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turn, as 𝐸[𝜋(𝑝𝐻, 𝛼)] < 0.  While this is addressed by simulations in this paper, this solution 

can be arrived at through analytical methods, as discussed in Appendix A. 

 

 

 

 
Figure 7: Results from a single simulation, showing the expected utility calculations of the sellers, π(α), are shown in 

blue. Actual profits from the plans sold are shown in green. 
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Figure 8: Results from a single representative run, showing the count of plans sold, by values of p of the buyers. 

 

 

 

Once agents have a more empirically based risk valuation, there is a possibility that 

buyer agents of all risk types (high, low) might purchase insurance, despite the purchase 

leading to a decrease in absolute utility, given objective valuation of utility. Given the 

possibility of low-risk agents purchasing insurance, this leads to circumstances where sellers, 
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unlike in the baseline case, can earn a profit, as shown in Figure 9. Similar to the 

heterogeneous population run, each run lasts 100 turns.  

 

 

 

Figure 9 Results from a single representative run, showing the expected utility calculations of the sellers, π(α), are 

shown in blue. Actual profits from the plans sold are shown in green. 
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Figure 10: Results from a single representative run, showing count of plans sold, by values of p of the 

buyers. 

 

 

 

3.3. Variation of Signaling Across Buyers and Sellers 

This variation was simulated differently from the runs above. This variation saw one 

run for each value of theta θ, and values of theta iterated by 0.01, between 0 and 1, for a total 

of 101 runs. Similar to the runs above, each run lasted 100 turns. 
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Figure 11: Results from 100 runs, showing actual profit achieved by the seller over values of theta. 
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Figure 12: Results from 100 runs, showing plans sold over values of theta. Left to right, theta increases 

from 0 to 1. 

 

 

Even given signaling from the buyers to the sellers with regards to probability of 

accident, the actual profits accrued by the sellers is still universally negative, as the only ones 

buying the plans would be the high-risk buyers, and the low-risk buyers will not buy plans. 

As theta moves from 0, representing zero pre-existing knowledge of a buyer’s probability of 

accident, to 1, representing perfect knowledge, the profit accrued by the sellers selling the 

plans moves converges to zero. This is not because no plans are sold at theta, although fewer 

plans are sold as theta increases, but the signaling allows for more price discrimination 

among the sellers, providing a “high risk” plan and a “low risk” plan. This lead to a situation 

much closer to the baseline with homogeneous population. 
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4. Discussion 

4.1. Discussion of Findings 
As expressed in the results from the baseline runs, both the homogeneous and 

heterogeneous populations, the computational model arrives at the same conclusions that 

Rothschild and Stiglitz (1976) arrive at in their paper. In homogeneous populations, the only 

way a seller can sell plans is to operate at a zero-profit margin, and thus a Bertrandian 

equilibrium (Bertrand, 1883). In heterogeneous populations, the only equilibrium possible is 

a separating equilibrium, where the only buyers will be high risk buyers. 

One of the benefits of computational modeling is the ability to vary these 

assumptions. As shown in the Cumulative Prospect Theory variation, by varying the utility 

functions and probability assessments of the buyer agents, buyers from both risk categories 

may end up purchasing insurance, even if the objective expected value of the plan for an 

individual buyer is decreased as a result. Since this involves a single plan, this demonstrates 

that a pooling equilibrium is possible under certain conditions of buyer utility. 

The next variation assessed the validity of the conclusion from Rothschild and Stiglitz 

paper, that if perfect signaling existed, this would lead to a weakly preferred state for every 

agent (no agent is worse off). This ends up being true, in so much as the result becomes a 

repeat of the homogeneous population with a probability of accident at the level of the high-

risk buyers (in this case, p = 0.25). However, this situation still leads to a separating 

equilibrium, with the only buyers belonging to the high-risk category. 



35 

 

4.2. Discussion of Broader Implications 
As has been determined, adverse selection can occur under the circumstances 

prescribed by Rothschild and Stiglitz (1976), where sellers have imperfect information about 

the risks involved in the trade with the buyer. This was shown diagrammatically in the 

original paper, and has now been validated both analytically and through computational 

modeling above. However, two further points should be noted in this analysis. 

First, as depicted in the baseline with a heterogeneous population, the seller arrives at 

a loss. In the original paper, this is not explored as it is concerned with equilibria, rather than 

the dynamics involved to achieve those equilibria. Once the two period game ends, it is 

assumed that the buyer who is insured would keep the same contract, as that offers a net 

utility benefit to him/her, while this leads to a loss from the seller’s perspective. This has 

occurred in real world insurance markets, and has led to several strategies adopted by sellers 

(and other institutions) to mitigate this loss: 

1. Dropping buyers who prove to be too costly, either through number of 

accidents or price of payouts. 

2. Raising the cost of the premium and/or reducing the amount of payout – this is 

simply a renegotiation of the contract and would be a repeat of the two-period pricing game 

3. Adding a penalty to individuals who choose not to purchase insurance either 

as incentive to purchase insurance or to subsidize the seller for the lost revenue 

Second, the effect of subjective belief versus objective valuation of insurance plans 

played a significant role in the success of the market, in the Cumulative Prospect Theory 

variation. While low risk buyers might not objectively be better off if their probability of 



36 

 

accident is known a priori, most buyers in the real world do not know this value, and simply 

go off of historical evidence. Similarly, human behavior seems to lean towards 

overestimating small probabilities (Camerer, 1997), which further leads to the prevalence of 

insurance plans among people that are otherwise low risk individuals. While Rothschild and 

Stiglitz do assume risk averse individuals, the valuation function described in Cumulative 

Prospect Theory seems much more in line with how individuals perceive not only payoffs, 

but uncertainty, and may lead to a much more accurate portrayal of why the insurance market 

succeeds, despite the problems of adverse selection. 

5. Summary 
The goal of this research was to validate the conclusions made by Rothschild and 

Stiglitz, in their diagrammatic analysis of adverse selection, through computational modeling 

and simulations. Their conclusion – that an inefficient market can be created due to 

asymmetric knowledge across buyers and sellers on risk – has been validated by the model 

described. While a homogeneous population will lead to a Bertrandian equilibrium, where 

sellers will sell at zero profit. However, when buyers have different probabilities of accident, 

only the riskier buyers will purchase insurance, leading to a loss for the seller. While 

Rothschild and Stiglitz conclude that this does not lead to an equilibrium, the computational 

model discussed here shows that sellers will take a loss. In either situation, this will lead to a 

market failure with no trades being made. 

In addition to the validation of the original paper conclusions, this model expanded 

the problem in two distinct ways. In the first variation, the introduction of subjective 

behavior and imperfect risk assessment led to low risk buyers purchasing plans, which led to 
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the seller making a profit in some, but not all, simulations. The second variation seeks to 

validate the claim made in Rothschild and Stiglitz, that if information becomes symmetrical, 

then the inefficiencies of the market caused by adverse selection could be eliminated. While 

the computational model seems to validate this claim, this simply brings the market back to 

the Bertrandian equilibrium in the homogeneous variation. 

While the model described in this paper as well as Rothschild and Stiglitz are quite 

abstract, and by no means a true representation of an actual insurance market, it is instructive 

to see that even in a simplification can point to causes of market failure. By adding further 

variations, this model can more fully represent the complexity of insurance markets, and test 

various methods and policies that have been suggested for stemming and eliminating the 

possibility of adverse selection. 
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CHAPTER THREE – AN AGENT-BASED COMPUTATIONAL MODEL OF THE 

INDIVIDUAL HEALTH INSURANCE MARKET 

This chapter focuses on constructing an abstract baseline model of agents, simulating 

buyers (patients) and sellers (payers) of health insurance, in the individual health insurance 

market. Building upon the prospect theory model variation to the baseline zero intelligence 

traders discussed in Chapter 1, this chapter builds more complexity in the heuristics of both 

buyer and seller behavior. Each buyer assesses its expected medical expenses, surveys the 

insurance contracts available on the market, and decides each year whether to buy insurance, 

and which plan they will choose. Each seller, upon seeing the costs to provide medical care 

to their subscriber base, will update the premium price it offers to the market, in order to 

remain profitable. The aim of this chapter is two-fold – to produce a self-sustaining 

representation of the insurance market that qualitatively represents the health insurance 

market without any external policy implementations, and to replication quantitatively the 

large-scale metrics seen in the insurance market, most notably price elasticity of demand for 

insurance. In both goals, the computational model discussed in this chapter proves 

successful, and will provide a suitable baseline model for policy assessment in Chapter 4. 

1. Literature Review 

1.1. Empirical Studies of the Health Insurance Market 
The most notable and widely cited exploration of the health insurance market is the 

RAND Health Insurance Experiment (HIE). At the time of this writing (2017), it remains the 

largest health policy study in U.S. History. The primary question the study was aimed at 
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determining was, “How much more medical care will people use if it is provided free of 

charge?” (RAND Corporation, 2006). As can be noted from the focus, the goal of the study 

was to assess moral hazard, or the concern of excessive use of medical care without the 

controlling factor of price.  

One of the more difficult metrics to determine about the health insurance market has 

been the price elasticity of demand. As has been noted by Feldstein (1971) and Cutler and 

Zeckhauser (2000), prior to the RAND HIE, it was assumed that medical care was a need, 

and that the demand was completely inelastic. The RAND study, as well as analysis from 

Phelps and Newhouse (1972) and Feldstein (1977), determined that this was not the case. 

Estimates vary widely on the price elasticity of demand, dependent on a wide variety of 

factors, such as employment, income, and age. The RAND HIE results estimated an overall 

price elasticity of -0.6. 

Estimates on this measure in the real world vary wildly, from -1.5  (Rosett & Huang, 

1973) to -0.14 (Phelps & Newhouse, 1972). This range is only widened when observing the 

market wide elasticity metric for supplementary health insurance (Marquis & Phelps, 1987), 

ranging from near 0 to over -2.0. An exhaustive review of price elasticity estimates in the 

literature is summarized in a table in Cutler and Zeckhauser (2000). Marquis and Long 

(1995) discuss the price elasticity of demand of non-group market, which they estimate at -

0.4, given a combination of empirical survey data and constructed premium prices from 

companies that develop individual plans. Other studies assess the price elasticity in a variety 

of other market subsections. Chernew, Frick, and McLaughlin (1997) demonstrate the 

elasticity of health insurance as purchased through employers, concluding that insurance 
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subsidies even as high as 75% of premiums lead to only modest success with regards to 

participation rates. Blumberg, Nichols, and Banthin (2001) discuss elasticity of insurance 

across consumers that buy insurance through their employers, and come to a similar 

conclusion that price elasticity for demand is much lower for employer-based insurance with 

regards to imputed premiums as opposed to observed premiums as seen by individuals. 

Studies have also assessed the elasticity of demand in response to policy implementations, 

such as Gruber and Poterba (1994) for the self-employed, using the Tax Reform Act of 1986 

that provides partial income tax deduction for self-employed workers, determining that an 

increase of 1 percent in the cost of insurance coverage reduces the probability of a household 

purchasing insurance by 1.8 percentage points, which shows a significantly larger, absolute 

value wise, price elasticity of demand. 

1.2. Theoretical Models of the Health Insurance Market 
While the health insurance market is an enormous system, both complex and 

adaptive, there have been many efforts published to model certain interactions between large 

bodies of actors in the system. Cutler and Zeckhauser (2000) discuss the health insurance 

market in broad, abstract terms, as a three-body problem – patient, payer, and provider. They 

then go on to discuss the analysis of plans through a game theoretical model, between high 

and low risk patients, to determine the strategies of employers with regards to the payment 

options they might employ for their workforce – charging the same premium for every plan, 

charging every patient the difference between expected costs among plans, and making equal 

contributions across plans. The first option leads inevitably to moral hazard, as the most 

generous plans are no extra charge. The second and third options lead to varying degrees of 
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risk-sharing across plans, and would lead to different levels of adverse selection. This is then 

addressed empirically in their case study of Harvard University and Massachusetts Group 

Insurance Commission (GIC). 

Marquis and Holmer (1986) used much of the data from the RAND Health Insurance 

Experiment to inform a discrete choice model for a RAND study. Previous work on 

simulating rational choice for patients in the insurance market. Feldstein and Friedman 

(1977) and Keeler, Morrow, and Newhouse (1977) used expected utility theorems devised by 

Arrow (1963). However, this demonstrated a significant sensitivity to price changes among 

the patient population when choosing health insurance plans, that was simply not validated 

by subsequent research by Holmer (1984) and Marquis and Phelps (1987). This model uses 

non-stochastic terms derived from the survey, as well as stochastic error terms, to develop 

and simulate a computational model representing families choosing plans for supplemental 

health insurance. This study was the first time Cumulative Prospect Theory, developed by 

Tversky and Kahneman (1979) appears in the literature of assessing the expected benefit of 

various insurance packages. This model much more closely represented the price elasticity of 

demand witnessed in the market for health insurance, in contrast to previous expected utility 

models. 

More recent models have been developed in the form of microsimulations, most 

notably the Health Insurance Reform Simulation Model (HIRSM) in 2003 (Blumberg, et al., 

2003), and a successor to that, the Health Insurance Policy Simulation Model (HIPSM) in 

2011 (Buettgens, 2011). Both models focus on all significant insurance markets, including 

the non-group market, and produce a synthetic population of actors (patients, as well as 
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employers) from Current Population Surveys and the National Medical Expenditure Surveys. 

Both models use current law as the baseline model, and then assess changes to the law on the 

population and each simulated actor’s behavior. The HIRSM model assessed the impacts of 

three policy implementations – public coverage expansion for patients under the poverty line, 

non-group tax credit reform, and a hybrid approach – and measured their effects on the 

increase in insurance coverage – a 16%, 12%, and 24% increase in coverage respectively 

(Blumberg, et al., 2003). The model also addressed the increase in premiums across the three 

programs (40% or more for 10-13% of the population) as well as the overall costs of these 

proposals - $14B, $13B, and $22B respectively.  The more recent model, HIPSM, has been 

used to simulate the effect of the ACA on state-level exchanges for Massachusetts, Missouri, 

New York, Virginia, and others. They have used this to predict coverage percentages, multi-

year costs, and premiums (Urban Institute Health Policy Center, 2014), as well as to assess 

the impact of removing elements of the ACA, such as the Individual Mandate (Blumberg, 

Holahan, & Buettgens, 2013). These findings will be addressed in further detail in the next 

chapter. 

Homer and Hirsch (2006) as well as Milstein, Homer, and Hirsch (2010) explore a 

systems dynamics model of the health insurance market, representing two socioeconomic 

groups (advantaged and disadvantaged) and separating them out into three statuses of health 

– (1) symptomatic disease, (2) asymptomatic disorders, and (3) no apparent disease. The 

authors used the model to assess the effects of various interventions, insurance and provider 

related, on patient health and wellness. They conclude that increasing coverage and quality of 

care decrease the uninsured percentage of the population from 15.5% to 2%, and mortality by 
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12% in a 25-year span, but would come at the cost of a rise of 6% in costs, 5% of which 

would be increasing coverage. The authors admit that this strategy will only provide modest 

results unless coupled with a parallel increase in the supply of PCPs (Primary Care 

Physicians). While this model does try to capture many of the complexities of the health care 

system, it does not seem to capture the microeconomic elements of particular plans, such as 

premiums and coinsurance rates. 

1.3. Cost and Income Parameters 
Many studies involved in estimating the cost of care have used a reductionist 

approach, establishing cost as a type of linear aggregation model of a combination of factors 

– age, location, and pre-existing health conditions being prime among those factors. Few 

studies have attempted to arrive at a non-parametric approach, defining health care costs as a 

random variable with relatively few attributes. One such methodology, developed by 

Feenberg and Skinner (1992) and further explored by Rust and Phelan (1997) and French and 

Jones (2004), establishes both the cross-sectional distribution of health care costs, and the 

dependence of health costs on previous cycles. Feenberg and Skinner (1992) analyze medical 

deductions from tax returns to establish an autoregressive, or AR, function to best estimate 

the medical costs of an individual. 

In addition to revising the process as an autoregressive moving average function, or 

ARMA, Rust and Phelan (1997) and French and Jones (2004) assess the heaviness of the 

right tail in the cross-sectional distribution of health care costs, rather than a perfect 

lognormal distribution. This is particularly important in situations of the sickest individuals, 

who are most likely to purchase health insurance. This model uses the parameters discussed 
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in French and Jones (2004), as it is based on longitudinal medical expenditure surveys, multi-

year data from the Health and Retirement Survey (HRS) by Juster and Suzman (1995), and 

the Assets and Health Dynamics of the Oldest Old (AHEAD) survey (Soldo, Hurd, Rodgers, 

& Wallace, 1997), rather than expenses only deemed expensive enough to declare on tax 

returns. The downside of this data-set is the higher average age of the survey population, as 

the survey was centered on the costs of people prior to retirement (ages 51-65) and after 

retirement (65+), rather than a true representation of the whole population. 

In a similar fashion to medical costs, income parameters are determined to similarly 

exhibit a heavy right tail, as depicted by Drăgulescu and Yakovenko (2001) and Clementi 

and Gallegati (2005). However, for the lower 95% of the population, the distribution can be 

depicted as a reasonably straight-forward exponential or lognormal function, depending on 

whether there exists a cut-off in the dataset, with a finite mean and variance. Drăgulescu and 

Yakovenko (2001) explicitly cite an exponential function with a mean of $36.4K for the 

United States, and the right tail – representing the top 5% of the population – as having an α 

value of 1.7. This data, like the medical care expenditure data presented in French and Jones 

(2004), is based on data from 1998, so the income and spending parameters are in similar 

year dollars. 

 

2. Methodology 
This chapter is focused on the modeling of a functioning non-group health insurance 

market, using an agent-based computational model representing consumers (patients) and 

suppliers (payers) of health insurance. This model, coded in Python, attempts to replicate the 
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interactions of patients and payers in a market using a small number of variables and 

parameters, to determine the fundamental elements of the individual health insurance market.  

2.1. Patients 
This model is run with 100,000 patients, choosing between ten plans over 20 years. 

This model aims to be as close to true scale (one for one patient agent to household in real 

world market) as is computationally feasible, determine by how quickly a simulation can be 

run. In 2013, the median number of non-group individuals per state was 169K, and 15 states 

had non-group populations of less than 100K (Kaiser Family Foundation, 2015). Each 

simulated year, the agent assesses its current plan and all other plans being offered in the 

market. It can choose to keep its plan, move to a new plan, or forsake its plan to go 

uninsured. Similarly, each year, every agent earns an income, and has a medical expense. 

Assessing these items, as well as the risk of a catastrophic event, feeds into how each agents 

determines what to pay for health insurance. 

Table 2 below presents the parameters that are used to define each patient agent. Each 

patient agent represents an individual, as opposed to a household, to prevent problems 

concerning the differences between medical expenditure of dependents that do not collect an 

income. These parameters will be discussed in detail below. 

 

 

Table 2: Patient Agent Parameters 

Parameter Name Parameter 

Type 

Description 

Income Float The salary earned by the agent every given year 
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Wealth Float The accumulation of salary, minus medical 

expenses 

Expected Expenses Float The expectation of medical expenses in the next 

year by the agent, given previous year 

Estimated 

Catastrophe 

Float An estimation of how much money a 

catastrophic event might cost 

Insured Estimate Float An estimate of how much the payer should 

expect to pay in the next year, given their current 

plan 

Plan Payer Agent The plan that the patient is a subscriber of. 

‘None’ if the patient is uninsured 

Probability of 

Accident 

Float Probability of an agent suffering a catastrophic 

event each year 

Care Cost Float The actual cost of care in the given year 

Rejected? Boolean True if patient was rejected through 

underwriting by the plans the patient applied to; 

False otherwise 

Dumped? Boolean True if patient was dumped by the plan they 

held, either due to high costs, or through the plan 

going bankrupt; False otherwise 

Cheap? Boolean True if patient chooses not to be insured, due to 

not being able to afford it; False otherwise 

Volunteer? Boolean True if patient chooses not to be insured, due to 

the high cost of being insured compared to their 

expected expenses; False otherwise 

Error Float The error of the current year, used in the ARMA 

equation for assessing medical expenses 

Previous Error Float The error term of the previous year, used in the 

ARMA equation for assessing medical expenses 

Inertia Factor Float Factor representing the inertia of patients to not 

switch plans, even if they might objectively 

expect lower expenses from a different plan than 

the one they currently own. Set as a global 

variable of 1.25. 

History List List of the medical expenditures incurred by the 

patient, regardless of who pays 

Expenses List List of the medical expenditures incurred by the 

patient that the patient pays themselves 

Errors List List of error terms derived from the ARMA 

equations each year 
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 The model that this paper initializes agents with a salary and an initial medical 

expense. As a distinction from many former models discussed in Section 1, this model does 

not take into account age, gender, or other medical conditions, and only looks at the medical 

expenditures that are expected as functions of the previous year, with a possibility of a 

catastrophic shock occurring. 

The patient agents are initialized with a salary, determined by random variable from 

the distribution 𝐼𝑛𝑐𝑜𝑚𝑒 ~ 𝐸𝑥𝑝(𝜆) where λ=36.4K represents the mean income of the lower-

95% of the U.S. population, as was defined by Drăgulescu and Yakovenko (2001). As has 

been noted in Drăgulescu and Yakovenko (2001) and Clementi and Gallegati (2005), income 

distribution in the U.S. and in most developed nations has a right heavy tail which does not 

conform to an exponential function or even a log-normal function, but rather a power-law 

function. Given that the probability density function (PDF) of the exponential function 

provides the 95%-percentile at 109450, this becomes the xmin value, with an alpha value α = 

1.7. While the heavy-tail of this distribution does not play a large role in this baseline model, 

as those agents in the top 5%-percentile do not act qualitatively any differently than the 

remainder of the patient population, this will become important when assessing the changes 

policy implementations make, such as in the next chapter, when agents can suffer penalties 

that is proportionate to their income parameter. 

The patients are also initialized with a starting medical expense, from the cross-

sectional distribution determined by French and Jones  (2004): 
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𝐶𝑎𝑟𝑒 𝐶𝑜𝑠𝑡 ~ 𝑙𝑜𝑔𝑛𝑜𝑟𝑚𝑎𝑙(6.69, 2.11). This is the fitted lognormal cross-sectional 

distribution they determined fit the medical expenditure data they analyzed (Juster & 

Suzman, 1995) (Soldo, Hurd, Rodgers, & Wallace, 1997) best. However, there is a heavy 

right tail, representing the most expensive medical care that might occur from a catastrophic 

event. The authors determine that the heavy tail has a Pareto distribution, with xmin = 33.8K 

(the 99.5-percentile of the distribution) and α = 0.291. As α < 1, the distribution does not 

have a well-defined mean or expected value. It therefore does not make any sense to take an 

expected value of this distribution. Therefore, each patient is initialized with a randomly 

generated “estimated catastrophe” value, which is what the agent uses to assess the value of 

health insurance. 

Each year, every patient is activated sequentially, and asked to estimate its medical 

expenses for the coming year. They do this using a risk valuation function described in 

Tversky and Kahneman (1992), assessing the most likely medical expense as equivalent to 

the previous year. However, there is a small probability of a shock, estimated at 0.5% chance, 

that the patient might suffer a catastrophic event, which would cost an amount the patient 

estimated at initialization. The subjective estimation that each agent makes of the probability 

of a catastrophic event occurring is: 

Equation 9: Patient Subjective Estimation for a Catastrophic Event 

𝑊(𝜌, 𝛿) =
𝜌𝛿

((1 − 𝜌)𝛿 + 𝜌𝛿)1 𝛿⁄
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Where ρ = 0.005, or the objective probability of a catastrophic event occurring, and δ 

= 0.69, or the discounting factor established in Tversky and Kahneman (1992). Similarly, the 

estimated costs of the two possibilities are calculated as: 

Equation 10: Estimated Patient Cost of Non-Catastrophic Year 

𝑉1(𝑣𝑡−1, 𝜆, 𝛼) = 𝜆𝑣𝑡−1
𝛼  

Equation 11: Estimated Patient Cost of Catastrophic Year 

𝑉2(𝜒, 𝜆, 𝛼) = 𝜆𝜒
𝛼 

Where vt-1 is the actual cost from last year, χ is the cost of a predicted catastrophe, 

and λ = 2.25 and α = 0.88 are parameters established by Tversky and Kahneman (1992). 

These three equations are then used to determine the estimated expenses in the next year: 

Equation 12: Patient Estimated Expenses in a Given Year 

Estimated expenses = (1 −𝑊)×𝑉1 +𝑊×𝑉2 

After the patient has calculated their expected expenses, they assess the plans that are 

currently on the market, and will purchase the plan that will provide the lowest expected 

expenditure. This is calculated using the premium price, the coinsurance rate, and the out of 

pocket maximum provided by the payer, as well as the estimated expenses of the patient. 

Equation 13: Patient's Estimate for Cost of Insurance 

Insured Estimate = Premium + {
Coinsurance × Estimated Expenses if Estimated Expenses ≤ Out of Pocket Maximum

Coinsurance ×OOP_Max if Estimated Expenses > Out of Pocket Maximum
 

After the patient has chosen a plan, the patient has the opportunity to drop their 

insurance plan, if the estimated costs of the plan are higher than the patient anticipates their 

medical expenses to be. The patient may also drop the plan if the costs of the plan are higher 

than the agent’s salary. 
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After the estimations have been performed, the agent’s actual medical expenditure is 

calculated, using an autoregressive moving average function, ARMA(1, 1) adapted from 

French and Jones (2004): 

Equation 14: Autoregressive Moving Average Model for Medical Expenditures 

𝑋𝑡 = 𝑋𝑡−1 + 𝜖𝑡 + 𝜃𝜖𝑡−1 

Care Cost = 𝑒𝑋𝑡 

Where Xt-1 is the natural log of the previous year’s medical expenditure, εt is a 

normally distributed error function ~ N(0, 0.039), εt-1 is the previous year’s error term, and θ 

= 0.104.  

There is a 0.5% (ρ = 0.005) chance of a catastrophic event occurring, where the cost 

of care instead becomes a random variable with a Pareto distribution, 

Care Cost ~ Pareto(33800, 0.291). While this is a similar function to the one used to 

initialize each patient’s estimation of a catastrophic event, there is no relation between the 

estimated cost and the actual cost of such an event. 

Finally, the patient agent gets care. If the patient is not insured, then the care is paid 

for out of its wealth. If the patient has a plan they are a subscriber to, then the patient pays the 

premium plus the care cost times the coinsurance rate, and the payer agent pays for the rest. 

If the care cost is greater than the Out of Pocket Maximum of the payer, than the patient 

simply pays the Out of Pocket Maximum times the coinsurance rate, plus the premium, as 

discussed in Cutler and Zeckhauser (2000). 
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2.2. Payers 
This model is run with 10 payers over 20 years. Each simulated year, the payer 

chooses to accept or reject applicants to plans, and can drop subscribers who are too 

expensive to cover. Moreover, it will pay for medical care for its subscribers, and will then 

adjust its premium price to cover the cost of care for its subscriber base. 

Table 3 below presents the parameters that are used to define each payer agent. Each 

payer has one plan offered to the market, which is represented, as in Chapter 1, by a premium 

price and a payout rate (in this case, a coinsurance rate). 

 

 

Table 3: Payer Agent Parameters 

Parameter Name Parameter 

Type 

Description 

In Market? Boolean If the payer still has a positive budget, this is 

True; Otherwise, this is False. Payers not in 

the market do not have subscribers and do not 

change their premium prices. 

Premium Float Price of premium, paid each year by 

subscribers. This is the main source of revenue 

for payers 

Coinsurance Float The percentage of medical expenses that will 

be paid by the subscribers, [0.0, 1.0]. 

Out Of Pocket 

Maximum 

Float The maximum amount that subscriber patients 

can be expected to pay. If expenses become 

above this value, the payer will pay for all 

expenses above this value. 

Lifetime Maximum Float If a subscribed patient has medical expenses 

above this value, the payer will drop the 

subscriber. 

Budget Float The amount of money that the payer has to pay 

the medical expenditures of its subscribers. If 

this goes below zero (0), the payer will drop 
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all subscribers and leave the market (In Market 

= False) 

Ledger List List of expenses in a given year by the 

subscribed patients 

Subscribers List List of subscribers 

Premiums List List Running list of premium prices, one entry for 

each year of the simulation 

Subscribers List List Running list of number of subscribers, one 

entry for each year of the simulation 

Admin Cost Factor Float Amount that a plan will charge in a premium 

above the operating costs, set as a global 

variable as 1.15 

Premium Buffer Float Percentage that the premium will not raise 

above, no matter how much the costs are 

above the revenue for a given payer. Set as a 

global variable of 0.2 

Elasticity Float The price elasticity of demand, as computed 

after each year of the simulation 

 

 

 

Each payer is initialized with a budget equal to the Out of Pocket Maximum of the 

plan, times the total number of patients in the model (set to 100K). Given that the baseline 

number of Out of Pocket Maximum (labeled OOP_Max in the simulation model) for all 

payers is 25,000 or 25K, this amount is set to $250M for all payers. The premium price is 

initialized as a random variable with a Gaussian distribution: 𝑃𝑟𝑒𝑚𝑖𝑢𝑚 ~ 𝑁(1000, 200). 

The coinsurance rate is discrete choice between 0.1, 0.25, and 0.5, each with equal 

probability, following the pattern laid out by Marquis and Holmer (1986). Lifetime 

Maximum (labeled Lifetime_Max in the model) is set to 100K. Elasticity is initially set to 0. 
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The toggle In Market? (labeled InMarket in the model) is set to True, and all lists are empty 

at initialization. 

Each year, payer agents have limited actions that they can perform while the patient 

agents decide between plans. When each patient decides to apply for a plan, provided by a 

payer agent, the payer then performs medical underwriting. If the three (3) previous medical 

expenses have all been greater than a given value, calculated as OOP_Max × Coinsurance, 

then the payer will reject the patient’s application. Otherwise, the patient will be accepted 

and will be a subscriber for that year. Similarly, if a subscriber has a medical expense in any 

given year that is greater than the lifetime maximum established by the plan, then the payer 

can drop that patient as a subscriber. 

After each patient agent has been activated, and their actual medical expenditures 

have been calculated and paid for, the payer agents are then activated sequentially to 

determine by how much they should raise their premium prices. First, the budget is updated, 

subtracting the total costs of all subscribers, and adding the premium price multiplied by the 

number of subscribers currently on the books. 

Next, the payer calculates the costs of the past five (5) years, and the revenue 

generated by the past five (5) years, producing a simple AR(5) process with no error terms. 

Equation 15: Calculation of Cost for Premium Calculation 

𝐶𝑜𝑠𝑡𝑡 = 𝐴𝑑𝑚𝑖𝑡𝐶𝑜𝑠𝑡𝐹𝑎𝑐𝑡𝑜𝑟×∑(1 − 𝑐𝑜𝑖𝑛𝑠𝑢𝑟𝑎𝑛𝑐𝑒)×𝐶𝑎𝑟𝑒𝐶𝑜𝑠𝑡𝑗

𝑛

𝑗=1

 

Equation 16: Calculation of Revenue for Premium Calculation 

𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡 =∑𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡

𝑛

𝑗=0
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Equation 17: Premium Calculation for Payer Agents 

Profit = ∑(𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡−𝑖 − 𝐶𝑜𝑠𝑡𝑡−𝑖)

4

𝑖=0

 

Where n is the number of subscribers currently listed under the payer at year t, and 

CareCostj is the medical expenditure of subscribed patient j. 

If the revenue is greater than the costs, the payer does nothing. If the costs are greater 

than the revenue, the payer then divides the difference by the number of subscribers, and 

adds this to the premium. If the difference is greater than the Premium Buffer times the 

current Premium value, then the premium will only increase by the current premium times 

the premium buffer. 

 

Equation 18: Premium Updating Heuristic for Payer Agents 

𝐼𝑓 Profit ≥ 0, 𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡 = 𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡−1 

𝐸𝑙𝑠𝑒, 𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡 = 𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡−1

−

{
 

 
𝑃𝑟𝑜𝑓𝑖𝑡

𝑆𝑢𝑏𝑠𝑐𝑟𝑖𝑏𝑒𝑟𝑠𝑡−1
 𝑖𝑓 |𝑃𝑟𝑜𝑓𝑖𝑡| < (𝑃𝑟𝑒𝑚𝑖𝑢𝑚 𝐵𝑢𝑓𝑓𝑒𝑟 ×𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡−1) 

𝑃𝑟𝑒𝑚𝑖𝑢𝑚 𝐵𝑢𝑓𝑓𝑒𝑟 ×𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡−1

𝑆𝑢𝑏𝑠𝑐𝑟𝑖𝑏𝑒𝑟𝑠𝑡−1
 𝑖𝑓 |𝑃𝑟𝑜𝑓𝑖𝑡| > (𝑃𝑟𝑒𝑚𝑖𝑢𝑚 𝐵𝑢𝑓𝑓𝑒𝑟 ×𝑃𝑟𝑒𝑚𝑖𝑢𝑚𝑡−1)

 

If a plan has zero subscribers, the payer proceeds to try to make the plan more 

attractive to possible subscribers. The payer will decrease the premium by the premium 

buffer. 

If a payer ends up with a budget that is negative, then the payer will leave the market. 

All current subscribers will be dumped, and their insurance plan will be set to None. The 

payer will no longer be able to change their premium price, or to accept new patients. 
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Throughout this process of revising and changing their premium price offered to the 

market, the payer agents are learning and adapting to the circumstances of the market. If the 

price is too high, patients will not buy the payer’s plan, and the payer will need to lower to 

premium to capture market share. If the price is too low, the payer risks losing money if the 

medical costs of their subscriber base is above the revenue collected. Rather than objectively 

determining the optimum price in the market, like what is performed in Rothschild and 

Stiglitz (1976), Akerlof (1970), and others in the neo-classical economic field, this model 

depicts an agent “groping” for a feasible solution through experimentation and feedback, in a 

process Herbert A. Simon termed “satisficing” (1956), as a form of learning and adaptation. 

3. Metrics 

3.1. Price Elasticity of Demand 
The most fundamental output metric of this computational model, in terms of testing 

for the validity of the model, will be the price elasticity of demand of the market. As 

premium prices increase, it is expected that the number of subscribers of any given plan will 

decrease. For every payer, this can be calculated each years of a simulation: 

Equation 19: Calculation of Price Elasticity of Demand 

Elasticity = 
∆Subscribers

∆Premium
 

Where the delta in subscribers is the number of subscribers that were gained or lost in 

the previous year, and the premium is the amount that the premium price changed in a given 

year. This becomes complicated when a premium does not change in a given year (which is 

possible when the payer is operating at a net positive), so this value is calculated when the 

premium changes in a given year, rather than for every year of a simulation. 
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As discussed in the previous section, estimates on this measure in the real world vary 

wildly, from -1.5 (Rosett & Huang, 1973) to -0.14 (Phelps & Newhouse, 1972). An 

exhaustive review of price elasticity estimates in the literature is summarized in a table in 

Cutler and Zeckhauser (2000). The most notable, and often most cited, estimate of price 

elasticity of demand for health insurance comes from the previously cited RAND Health 

Insurance Experiment, as well as replicated by Marquis and Phelps (1987), which estimated 

an elasticity metric of -0.6. This will be the goal of the computational model, in terms of 

validation. 

3.2. Number of Subscribers 
The number of patients that are subscribed to a payer, or in other words insured 

versus uninsured, will be a secondary measure of performance for the computational model. 

In this model, the baseline case, the system should operate with a sizable portion of the 

population being insured, but a significant portion of the population being uninsured. They 

can be uninsured for a variety of reasons, which will be captured by the model: 

Rejected: the patient’s cost of care is too expensive for any insurer’s to insure against 

Cheap: the patient’s salary is not enough to pay for the insurance they chose 

Volunteer: the patient can afford to pay for a plan, but choose not to, because their 

estimated expenses are less than what they expect to pay for insurance 

Dumped: the patient’s plan has dumped them, either by leaving the market or not 

being able to pay for the patient’s care. 
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3.3. Premium Prices 
The prices of premiums, and the dynamics of these prices, is another element that will 

be examined as an output of the model. As an abstract representation of a real-world system, 

the model ought to have functioning premiums that are reasonably stable, barring any policy 

changes (which will be examined in the next chapter).  

3.4. Testing for Robustness 
Finally, after testing the baseline, the model will run a sensitivity analysis, or 

parameter sweep, of various values of the global parameters. This is performed to determine 

how sensitive the model results described above are to constraints. This will include: 

SalaryBuffer = {0.2, 0.5, 1} – the proportion of a salary a patient is willing to pay for 

medical care or health insurance. 

PremiumBuffer = {0.2, 0.5, 0.8} – the percent a payer is willing to increase their 

premium to make up costs, or decrease their premium to gain subscribers. 

InertiaFactor = {1, 1.25, 1.5} – the amount of resistance that a payer has to moving 

to an objectively cheaper plan on the market, where 1 represents no resistance. 

AdminCostFactor = {1.15, 1.3} – the amount added to premium costs in order to 

provide administration support for subscribers, not geared towards medical care. 

Each parameter sweep will hold all other values at the baseline value, which is 

depicted in bold above. 
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4. Analysis 
As stated previously, the model was run with 100K patient agents and 10 payer 

agents, each run lasting for 20 years. The baseline run was executed 25 times. All subsequent 

simulations, with variant parameter values, were run 10 times. 

4.1. Price Elasticity of Demand 
The price elasticities of demand were calculated from those plans that had a change in 

both premium prices and subscribers. To be precise, this metric is a dataset of price point 

elasticities, rather than a global elasticity of demand. The graph in Figure 13 depicts all 

observations of elasticity – 794 observations in total – as a cumulative distribution function, 

depicting percentage of observations less than or equal to the price elasticity value observed. 
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Figure 13: Cumulative Distribution Function of observations of Price Elasticity of Demand over 25 Runs of the 

Baseline Model 

 

 

 

The statistical measurements of the observations are misleading, on account of some 

significant outliers, six values that are greater than 10, and one value less than -10. After 

removing these seven outliers, the metrics become much more descriptive, with mean (-0.68) 

and median (-0.65) values close to the price elasticity value determined by the RAND Study 

from empirical evidence (-0.6). Table 4 shows the statistics of both the raw data set, and with 

the outliers removed. 
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Table 4: Descriptive Statistics for Price-Point Elasticity Values Dataset 

Statistic Original Dataset Outliers Removed 

Mean 2.8871 -0.6783 

Median -0.6359 -0.6451 

Variance 8696.57 1.2107 

Standard Deviation 93.2554 1.1003 

Kurtosis 784.35 8.9805 

Skewness 27.9268 1.4906 

 

 

 

One element of note is that the skewness is positive, rather than negative, which is at 

odds with what is seen in Figure 13 or the rest of the statistical data. It is important to note 

that skewness does not differentiate between fatness and length of the tail, and while only 

15.4% of the observations a positive, they are much more uniform in their distribution, rather 

than concentrated. As a positive price elasticity value is odd enough in the real world, this 

may indicate the effects of a force other than the premium price being at play. Most notably, 

this could occur with the dropping of a patient by one plan and being picked up by another, 

regardless of the price of the premium, as what has happened in recent years with the Health 

Insurance Marketplace (Holahan, Blumberg, & Buettgens, 2014). 

While it can be shown graphically that the entire distribution is most likely not 

normally distributed, more quantitative measurements were calculated to confirm this. A 

Kolmogorov-Smirnov test versus a random variable distribution of equal size (N = 795), 

population mean and standard deviation computed a p-value of 2.2×10−16 (D = 0.4817), 

well below any reasonable value of α, leading to a rejection of the null hypothesis that this is 
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a normally distributed population. Similarly, a Shapiro-Wilk test for normalcy also arrived at 

the same value for p as the Kolmogorov-Smirnov test, with a W-statistic of 0.0212. 

The price point elasticity values that are positive, 15.4% of the observations (n=131), 

can be shown to come from a different distribution than those that are negative (n=666), 

using the Mann-Whitney U Test, also known as a Wilcoxon rank-sum test, on the change in 

premium price over the previous year. This population cannot be assumed to be normally 

distributed, as many of the values of premium increases are tied at the PremiumBuffer global 

value (baseline value = 0.2). With 95% confidence level, the null hypothesis (U1 = U2) can be 

rejected (p = 7.27×10−11), as changes in premium price resulting in a negative elasticity are 

significantly greater (one-sided test, p = 3.64×10−11) than those resulting in a positive 

elasticity.  

The statistics of the two points are assessed separately, using R2-stats from the Q-Q 

normalcy plots, KS statistics from the Kolmogorov-Smirnov tests, and A-statistic from 

Anderson-Darling tests. The Q-Q plots for the natural log values of elasticity, shown in 

Figure 14 (for positive elasticities) and Figure 15 (for the absolute value of negative 

elasticities), show a much better fit to a lognormal distribution for the positive elasticities 

than the negative.  
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Figure 14: Q-Q plot showing quantiles of the normal distribution over natural logs of positive 

elasticity values. (R2 = 0.9533) 
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The absolute values of the negative values of elasticity rejected every null hypothesis 

presented with regards to Kolmogorov-Smirnov Tests (prone to Type II errors, insensitive to 

larger values) and Anderson-Darling Tests (prone to Type I errors) – results are shown in 

Table 5. 

 

 

Figure 15: Q-Q plot showing quantiles of the normal distribution over natural logs of the absolute 

values of negative elasticity values. (R2 = 0.8796) 
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Table 5: Test Statistics for Negative Elasticity Values 

 Estimated 

Parameter 1 

Estimated 

Parameter 2 

KS-Test 

Statistic 

AD-test 

Statistic 

Lognormal μ = -0.1463 σ = 0.8299 0.1154 (p = 0.0) ∞4 

Exponential λ = 1.0989 N/A 0.0868 (p = 0.0) ∞ 

Power Law α = 4.69885 xmin = 1.5502 0.5107 (p = 0.0) N/A 

Gamma k = 0.0088 θ = 1.5663 0.9508 (p = 0.0) N/A 

 
 
 
 

The distribution of the positive values of elasticity rejected every null hypothesis 

except for the lognormal distribution (via the Kolmogorov-Smirnov Test, given a confidence 

level of α = 0.05), as demonstrated in Table 6. 

 

 

 
Table 6: Test Statistics for Positive Elasticity Values 

 Estimated 

Parameter 1 

Estimated 

Parameter 2 

KS-Test 

Statistic 

AD-test 

Statistic 

Lognormal μ = -0.0002 σ = 0.3507 0.1061 (p = 

0.1044) 

∞ 

Exponential λ = 28.3347 N/A 0.8009 (p = 0.0) ∞ 

Power Law α = 1.7887 xmin = 0.5076 0.4335 (p = 0.0) N/A 

Gamma k = 0.0508 θ = 1570.95 0.5214 (p = 0.0) N/A 

 
 
 
 

                                                 
4 Anderson-Darling Test was performed on the natural log values of the values in each dataset, and then test 
versus the quartiles of the normal distribution. 
5 Parameters determined using Python code, developed by Alstott et al, for parameter estimation of Power 
Law distributions (Alstott, Bullmore, & Plenz, 2014). 
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4.2. Number of Subscribers 

As stated in a previous section, the number of subscribed individuals are expected to 

remain relatively constant through the simulations, in order to simulate a functional, self-

sustaining closed system, without external shocks of policy changes. 

 

 

 

 
Figure 16: The maximum, average, and minimum values for proportion of total patient agents insured over 25 runs, 

by year. 
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Shown in Figure 16 is the maximum, average, and minimum values of patient 

participation in the insurance market across the 25 runs of the model. What is interesting to 

note is the sinusoidal pattern of participation in the market, with a period of roughly ten 

years. This pattern remains consistent across all of the runs, which indicates an artifact of the 

system, and the patients responding to the changes in premiums, which respond in a delayed 

fashion to level of subscription across the patient population. 

 

 

 

 

Figure 17: Average Unsubscribed Population by Rationale and Year Across 25 Runs of the Baseline Model 
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Across those that choose to not purchase insurance, there are a few reasons that 

agents may not be insured – being refused, having too little income to afford it, being 

dumped after having insurance, or choosing to forgo insurance because they do not believe it 

will benefit them. As can be shown in Figure 17, while the number of rejected and dumped 

stay reasonably constant throughout each run, the number of those who choose not to buy 

insurance, either not being able to afford it or making the rational decision to forgo 

insurance, rises slowly, which is consistent with the rising of premium prices through the 

simulation run. 

4.3. Premium Prices 
As premium prices are auto correlated by time, it is most reasonable to assess 

premium prices for a single year, rather than across the entire run. The data shown in Figure 

18, Figure 19, and Figure 20 are drawn from the last simulated year (year 20) across all 

payers and the 25 runs. As can be shown in Figure 18 and Figure 19, there is a heavy tail to 

the distribution that emerges across runs, similar to the heavy tail seen in the medical 

expenses that push the premium prices upward. Given this, the distribution should be tested 

against exponential, lognormal, and power law distributions. 
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Figure 18: Frequency of Premium Prices after 20 Years over 25 Runs 

 

 

 

 

  
Figure 19: Frequency of Natural Logs of Premium Prices after 20 Years over 25 Runs 

 

0

50

100

150

200

250

5000 10000 15000 20000 25000 30000 35000 40000 More

N
u

m
b

er
 o

f 
O

cc
u

rr
en

ce
s

Premium Price

Frequency of Premium Prices at the End of 20 Years over 
25 Runs

0

20

40

60

80

100

120

140

6.5 7 7.5 8 8.5 9 9.5 10 10.5 11 More

N
u

m
b

er
 o

f 
O

cc
u

rr
en

ce
s

Natural Log of Premium Price

Frequency of Natural Log of Premium Prices at the End of 
20 Years over 25 Runs



69 

 

 

 

 

Figure 20 shows the Q-Q plot of the natural log values against the normal distribution 

occurrences. While the R2 statistic (R2 = 0.8706) is reasonably high, both the Kolmogorov-

Smirnov Test and the Shapiro-Wilk test (𝑝 =  5.667 × 10−7) show that lognormal 

distribution is not a statistically valid fit. However, using the statistical package from Alstott, 

Bullmore, and Plenz (2014) building upon the methodology discussed in Clauset, Shalizi, 

and Newman (2009), the power law and exponential distributions are also not statistically 

valid fits. 
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Figure 20: Q-Q Plot comparing Natural Log Values of Premium Prices to Ideal Lognormal Distribution (R2= 0.8706) 

 

 

 

4.4. Robustness Tests 
As price elasticities are not normally distributed, a return to the Mann-Whitney U test 

is in order to determine any statistical significance in the difference in the populations of 

elasticities across the sensitivity analysis. Below are the results of the tests of elasticities, for 

two-sided alternative hypothesis (U1 ≠ U2) and both one-sided hypotheses. 
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Table 7: Results from Hypothesis Tests for Robustness of Model Parameters 

Baseline Alternative W-value H1: U1 ≠ U2 H1: U1 > U2 H1: U1 < U2 

Inertia = 1.25 Inertia = 1.0 131130 0.0063 1.0000 3.522×10−16 

Inertia = 1.25 Inertia = 1.5 525080 7.044×10−16 0.9969 0.0031 

AdminCost = 1.15 AdminCost = 1.3 218500 1.316×10−6 1.0000 6.58×10−7 

SalaryBuffer = 

1.0 

SalaryBuffer = 

0.5 

144090 1.584×10−4 7.92×10−5 1.0000 

SalaryBuffer = 

1.0 

SalaryBuffer = 

0.2 

135650 1.668×10−6 8.339×10−7 0.9999 

PremiumBuffer = 

0.2 

PremiumBuffer = 

0.5 

256430 1.588×10−10 1.0000 7.942×10−11 

PremiumBuffer = 

0.2 

PremiumBuffer = 

0.8 

195070 1.733×10−12 1.0000 8.664×10−13 

 
 

 

 

 

 

As can be shown in the two-sided alternative hypothesis testing, there are significant 

differences in the populations of elasticities, given the changes in global variables. For most 

of the trials, the null hypothesis is rejected in favor of the one-sided alternative hypothesis 

indicating an increase in elasticity, given the change in the global variable. The exception is 

in the change in SalaryBuffer variable, which indicates a decrease in the elasticity values 

with a change in the global variable (rejection of the null hypothesis H0: U1 = U2 in favor of 

H1: U1 > U2). This makes some intuitive sense, as patients willing to spend less of their 

money on health care and health insurance are more sensitive to changes in the price, thus 

leading to a lower (more negative) price-point elasticity. 
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5. Discussion 

5.1. Discussion of Findings 
The price elasticities and subscribers have shown to exhibit qualities similar to those 

witnessed in the real world market, such as primarily negative elasticity values centered 

around -0.6 (RAND Corporation, 2006), and a number of insured individuals that remains 

more or less constant throughout the results of the simulations. 

Several observations of price elasticity were shown to be positive, which is contrary 

to the behavior of most consumer goods. However, the points in the results when agents 

moved to a plan, despite the premium price increase, it was often leaving a plan that had an 

even greater proportionate price increase. As the availability of substitute goods increase, so 

too would the price elasticity. It should be noted that, while the positive values of price 

elasticity followed a lognormal distribution, the negative values followed no such 

distribution. This indicates that the underlying behavior of the distributions may be caused by 

different phenomena. 

It is an important finding that, even in the absence of any policy or significant 

exogenous effects, the subscriber base or number of insured persons remains stable, and 

shows a similar cyclical pattern across all runs. This indicates a negative feedback in the 

model that is not explicitly coded into either the payer or patient behavior. This will be an 

important element to investigate further, when policy is implemented into the model. 

The model does seem to be sensitive to the global variables set at initialization, as 

seen in the Tests for Robustness. These variables dictate the triggers of certain events, such 

as a patient switching insurance companies, or a payer deciding to raise its premium price. 
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Since these are not elements that can be based on any empirical data, a rough estimate and 

back-modeling – determining the variable based on the outputs that most reliably replicate 

what is seen in the real world – may be appropriate in fine tuning the model, for the purposes 

of using it for quantitative analysis of policy implementations. 

5.2. Discussion of Broader Implications 
This model is a significant departure from many previous models on health insurance 

in several ways. While the model is driven by certain distributions based on empirical data, 

such as income and cost of medical care, the number of parameters needed to drive the model 

is rather small compared to many other microsimulation models of the subject matter 

(Blumberg, et al., 2003) (Buettgens, 2011). Even still, the model produces a result that is, to a 

reasonable degree, similar to what is observed in the real world, with regards to price 

elasticity of demand, number of insured, and premium prices. 

A more notable departure from previous models of health insurance is the addition of 

heavy tails to the cost (French & Jones, 2004) and income (Drăgulescu & Yakovenko, 2001) 

(Clementi & Gallegati, 2005) parameters. Both medical costs and household income have 

been shown to exhibit power law distributions at the highest values. For medical costs at 

least, this becomes enormously important to understanding the true costs of the system to the 

insurers. While the heavy-tailed nature of income is not as important to understanding the 

affordability of the health insurance system, it will become more prevalent when assessing 

the effects of policy on the system, in the next chapter. 

Finally, this model was run at true scale, representing one-for-one the non-group 

population one may observe in an average U.S. state. In 2013, the median number of non-
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group individuals per state was 169K, and 15 states had non-group populations of less than 

100K  (Kaiser Family Foundation, 2015). As was shown in a previous chapter, the scale of 

the model can impact the volatility and dynamics of the results, and so it was important to 

come as close to true scale as was feasible, given computing restraints. 

5.3. Future Research 
While this model clearly demonstrates the ability to replicate the qualitative patterns 

witnessed in the real world health insurance market, further refinement of the global 

variables defining the model would be required to more thoroughly dock this quantitatively 

with other aspects of the health insurance market. Most notably, this would pertain to 

replicating the empirical data observed across the market for health insurance premium 

prices. If this baseline was able to replicate the distribution of insurance premiums pre-ACA, 

the output for any policy implementations of this model would have a much higher degree of 

quantitative fidelity. 

This model uses 1998 data for both income and medical expenditures, so that 

spending patterns and the spending capacity of individuals remains chronologically 

consistent. A more comprehensive data set is available in the National Medical Expenditure 

Panel Survey (MEPS), which breaks out average medical expenditures across the population 

by a wide variety of subdivisions, based on age, sex, insured status, income, etc. However, 

one of the main reasons why these data were not used was the lack of granularity of the data 

available from survey queries, only calculating metrics for subsets of populations rather than 

data points of individual patients and households. The anonymized data set of each individual 

household is available to researchers upon request, and transitioning this model to reflect 
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contemporary expenditure distributions will be the focus of future validation and docking of 

this model. 

This model is primarily focused on the individual health insurance market, otherwise 

known as the non-group market. This was done in order to focus on the interactions between 

consumers and insurers, rather than to have a third party which may influence the results. 

However, given the models that have been provided on firm dynamics and insurance 

purchased through employers, there is ample ground for this model to be expanded to 

simulate the population that buys its health insurance from their respective places of 

employment, which represents a majority of the population in the United States. 

Finally, one of the key considerations of this chapter is to assess the impact of various 

policies, devoted to reducing the number of uninsured across the country. This model 

represents a relative baseline of the individual health insurance market prior to any health 

care policy reforms. The next step is to assess factors pertaining to the most recent piece of 

legislation, the Patient Protection and Affordable Care Act (ACA), passed in 2010. The main 

concern of this legislation was the possibility of market failure due to adverse selection, 

caused by the insurance of patients with expensive medical care expenditures. This will be 

the focus of the next chapter. 

6. Summary 
This model and the subsequent results represent a considerable addition to the recent 

literature on modeling the health insurance market. While the current literature on 

computational modeling for the health insurance market is packed with discrete choice 

models and microsimulations, using large data sets to formulate projected rates and 
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population dynamics, this model has arrived at valid values of emergent properties of the 

health insurance market with only a handful of empirical parameter distributions, namely 

income and medical expenditure. The results of the simulations of the model can be shown to 

replicate the same price-point elasticity of demand that is seen in the health insurance market, 

given the findings of the RAND Health Insurance Experiment (2006), as well as the 

percentage of insured individuals across the simulation runs. This can be performed at a scale 

of one-to-one with current non-group markets for U.S. states, which is fundamental to 

understanding the volatility of the insurance market and prices. While admittedly abstract, 

this computational model can provide significant insight into the behavior of markets given 

certain elements of legislation affecting the purchase of health insurance in the individual 

market. 
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CHAPTER FOUR – THE ASSESSMENT OF SIX ELEMENTS OF THE PATIENT 

PROTECTION AND AFFORDABLE CARE ACT AND THEIR IMPACT ON THE 

BASELINE MODEL RESULTS 

 

This chapter focuses on modifying the baseline model described in the previous 

chapter to analyze the effects of various policies, and the risk of a market failure occurring on 

account of adverse selection. 

1. Literature Review 

1.1. Theoretical Models of Adverse Selection 
The most notable theoretical models developed analyzing how adverse selection 

might occur are Akerlof (1970) and Rothschild and Stiglitz (1976). In both papers, the lack 

of a suitable and stable equilibrium that would result in a net gain for the seller leads to no 

trades being made when there is asymmetric information, or a knowledge gap regarding the 

quality of the good between buyer and seller. Akerlof (1970) specify the seller as being more 

knowledge of the quality of the good, i.e. a used car, whereas Rothschild and Stiglitz (1976) 

specify the buyer as being more knowledgeable of the “quality” of a good, or the risk of 

accident of the buyer. 

While Akerlof mentions his conclusions and the possible implications that they may 

have on health insurance, various future papers model the problem explicitly. One such 

model, described by Feldman and Dowd (1982), constructs utility maximizing employed 

consumers choosing between two delivery methods of health care, Fees-for-Service (FFS) 

which relies on experience-rating for pricing of individual premiums, and Health 

Maintenance Organizations (HMO) which using a community rating pricing scheme for 
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premium prices, to be purchased through their employer. They determine that HMOs will 

almost always be priced higher than comparable alternatives, and will be the preferred option 

of high-risk consumers. However, the results from the simulations show that FFSs will 

remain in the market, and only with full employee contributions to plans would HMOs 

completely price out all other options from the market. 

As Rothschild and Stiglitz construct a model that can be represented – and simulated, 

as shown in Chapter 2 – as a two-period signaling game, other formulations have tested the 

conclusions of this model. Hellwig (1987) depicted a three-period game, where the informed 

agents signal their intention first (i.e. “cheap talk”), while acting third, after the uninformed 

agents act. This allows for the uninformed agents to ration the resources they have, to arrive 

at an optimal equilibrium solution, rather than blindly giving all resources on a first-come, 

first-serve basis. However, like the model presented in Rothschild and Stiglitz (1976), this is 

an equilibrium model, rather than a model focusing on dynamics. 

Adaptations of Rothschild and Stiglitz have been used to assess the effects of policy, 

such as Neudeck and Podczeck (1996) who assessed the current policies in place in the U.S. 

and Europe in the health insurance market. They argue that while some cross-subsidization 

across various firms can allow for an efficient market, forced subsidies across firms can lead 

to adverse selection dominating the market, and leading to a market failure as prescribed in 

Akerlof. 

An analysis which used simulations was developed by Marquis (1992). Using data 

from the RAND Health Insurance Expenditure Survey, Marquis and Manning assert that 

“families can accurately forecast their risk” (Manning & Marquis, 1996) (Marquis & Holmer, 
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1986) and that “this forecast affects the purchase of insurance coverage” (Marquis & Phelps, 

1987), leading them to be informed buyers with more information of the risk involved than 

the sellers. Marquis concluded that, while adverse selection can be a concern if a single price 

is levied on the entire subscriber base, this can be mitigated by pricing to demographic and 

locational factors of the subscriber. 

1.2. Empirical Studies of Adverse Selection 
Among the first authors to describe a market failure in health insurance, both in 

theoretical terms and then in empirical terms, were Cutlet and Zeckhauser (1997). They 

provided a game-theoretical model of two plans, moderate and generous, and assessed that 

most unhealthy people would choose the generous plan, leading to rising premium prices and 

adverse selection. They presented two case studies, one at Harvard University in the early 

1990s and one in Group Insurance Commission (GIC) of Massachusetts in 1995-6. The 

evidence from the Harvard study, where employees chose between a Preferred Provider 

Organization (PPO) plan and an HMO plan, showed a stark increase in premium prices for 

the former (an increase of 400% from 1994 to 1996), leading to a decrease of participation in 

the PPO plan. While evidence of the GIC was not conclusive at the time of writing, the 

authors provided several strategies for deterring adverse selection – premium subsidies, 

reinsurance, risk adjustment – all of which would be taken up by later policy 

implementations. 

One of the first empirical studies of adverse selection to compare to the models 

presented by Rothschild and Stiglitz is Browne (1992). In comparing the theoretical models 

of Rothschild & Stiglitz, Wilson, and Miyazaki, Browne asserts that the adverse selection is 
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more prevalent in the individual market than in the group market, which has more wealth 

transference from low risk to high risk individuals. This also appears as a reduced 

consumption of health insurance by low risk individuals. This finding has been confirmed by 

K.I.Simon (2005), concluding that premium increases across health insurance covered 75% 

by increasing employee contributions. 

Other analyses have provided contrary evidence, most notably Cardon and Hendel 

(2001). Using data from the National Medical Expenditure Survey on employed individuals, 

the authors assess the private signals that would be known by the patients and unknown to 

the payers, as is described in Rothschild and Stiglitz. In their analysis, they find little 

evidence of private or asymmetric information, as the correlation between premium 

payments incurred by the patient and demand for health care can be explained by observable 

demographics (location, sex, race, age) that the insurer can measure. 

1.3. Policy Parameters 
More recently, the Health Insurance Policy Simulation Model (HIPSM) from the 

Urban Institute has been used to assess the effect of various elements of the ACA, both in 

isolation and together. Buettgens and Carroll (2012) simulate the effects of removing the 

individual mandate, while keeping the elements of the coverage mandate. From the non-

group, or individual, market, adverse selection is shown to have a considerable effect on 

pricing plans, raising premiums of plans from 10% to 25% dependent on enrollment. Even 

with the risk adjustment policies in place, the authors assess that insurers might not be 

willing to take the risk in insuring high-risk patients. Blumberg, Holahan, and Buettgens 

(2013) similarly compares the enrollment rates given four scenarios – no ACA, individual 
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mandate, coverage mandate, and both. While both mandates reduce the uninsured rate, not 

enforcing the coverage (or employer) mandate will only raise the uninsured rate by 1% 

(10.1% to 10.2%), whereas not enforcing the individual mandate will increase the uninsured 

rate to 15.1%, a 50% increase.  

Using data from Massachusetts health insurance market, Cutler and Zeckhauser 

(1997) develop a theoretical model of the individual mandate and its effect on the individual 

market, as that is perceived to be the most volatile (since employer-based groups have 

inherent risk pooling) in order to assess the effect on individual welfare of the mandate, as 

well as the optimal value of the penalty. Using a theoretical diagrammatic model, and then 

parameterizing it with empirical data, the model achieves an optimal value for the annual 

penalty at $1,462, which is significantly higher than what the eventual individual mandate 

was set to. 

2. Policy Considerations 
The computational model will analyze the effects of six major elements of the ACA, 

as well as test various parameters that are written into the policy. 

2.1. Coverage Mandate 
The coverage mandate is the provision that no patient may be denied coverage based 

on a pre-existing condition, nor can they be dropped if they are a subscriber due to high 

medical costs. The implementation of this mandate is simply the removal of medical 

underwriting from the process – every patient agent who applies for a new plan will be 

accepted. Moreover, payers will no longer be able to drop patients whose medical expenses 

are more than the lifetime maximum. 
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These two provisions, if done in isolation, would lead to a significant increase in 

premium prices, to compensate for the increase in medical costs. Therefore, many other 

mandates and provisions were included in the ACA in order to combat this predicted 

increase. 

2.2. Individual Mandate 
The individual mandate, aimed to preventing otherwise healthy people from avoiding 

paying for health insurance, will charge a penalty to individuals that do not own health 

insurance. The annual penalty for 2016 and beyond is either $695, or 2.5% of taxable 

income, whichever is greater. As this model is using 1998 data for model parameters (see 

Chapter 3 for data sources), this annual penalty equates to $472.01 in 1998 USD6, given an 

average inflation rate across the intervening time period of 2.15%. The model presented 

makes no distinction between taxable income and non-taxable income, and so a straight 

comparison of the two value is presented, and the higher value is chosen as the penalty to be 

implemented, if the patient does not buy insurance. The patient also includes this penalty in 

the estimate they make, as to how much it would cost them if they chose to forgo insurance, 

as this mandate was meant primarily as a deterrent, rather than as revenue-generating. 

2.3. Individual Subsidies 
For those people that are close to (or even below) the poverty line, a significant 

number of subsidies are provided in order to promote people buying health insurance through 

the health insurance markets. As discussed in the previous section, aid for poorer individuals 

                                                 
6 Calculated from the CPI Inflation Calculator on the Bureau of Labor and Statistics website (Bureau of Labor 
and Statistics, 2017). 
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comes from many different avenues, including Medicaid, Children’s Health Insurance 

Program (CHIP), and tax credits. This model will be looking at the impact of Cost Sharing 

Reduction Subsidies, which reduces the amount a subscriber must pay in coinsurance by 

lowering the Out-Of-Pocket Maximum applied. A simplified method is as follows: 

 If an individual patient makes less than the Federal Poverty Level (FPL) (the 

model is assuming the modeled state chose to expand Medicaid)7, then the new Out-Of-

Pocket Maximum is zero (0), meaning that the subscriber must only pay the premium. 

 If an individual patient makes between FPL and twice the FPL, then the new 

Out-Of-Pocket Maximum is 40% of FPL 

 If an individual patient makes between 200% and 250% of the FPL, then the 

new Out-Of-Pocket Maximum is 80% of FPL 

 Otherwise, the Out-Of-Pocket Maximum is what is offered by the plan. 

Since the income parameters and medical cost distribution parameters come from 

1998 surveys, and are in 1998 USD, the FPL depicted in this model is at the level in 1998 for 

a single individual, ($8,050), rather than what it is at time of writing (2017), which is 

$11,880. 

2.4. Risk Adjustment 
Of the three major provisions instituted to combat adverse selection (Risk 

Adjustment, Reinsurance, Risk Corridors), risk adjustment is the only one meant to be a 

                                                 
7 If the state chose not to expand Medicaid, this Out-of-Pocket Maximum would instead be 20% of the FPL. 
This is an appropriate trade-off study for future simulations, assessing the impact of state policy on the 
individual health insurance exchange markets. 
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permanent statute. Risk adjustment is a means of transferring payments from one insurer, or 

payer, to another, as a means of reducing the concentration of risk to a small proportion of 

payers. 

At the beginning of every year, payers calculate the “risk” that they might incur by 

taking a sum total of the medical expenditures of every subscriber last year. This then 

becomes the “risk estimate”. After each payer has estimated their risk, the mean risk value, 

an arithmetic mean, is calculated. Finally, the difference between the mean risk value and the 

specific payer’s risk estimate, 𝑀𝑒𝑎𝑛 𝑅𝑖𝑠𝑘 − 𝑃𝑎𝑦𝑒𝑟 𝑅𝑖𝑠𝑘 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒, is added to the ledger of 

the individual payer. 

Since each payer’s ledger captures costs, the risk adjustment will be positive if the 

mean risk is greater than the payer’s risk (i.e. the payer’s subscribers are less expensive on 

average), whereas the risk adjustment will be negative, and therefore subtracted from the 

annual costs, if the subscribers are riskier, or more expensive, than the average. 

2.5. Reinsurance 
Reinsurance is, in effect, insuring the payers against a catastrophic loss when a 

particularly costly subscriber requires care. Each year, payers pay into a Reinsurance Fund, 

proportional to the number of subscribers they have. If they have a subscriber that has 

medical care above the Attachment Point, then the Reinsurance Fund is used to pay for the 

remainder of the amount (beyond the Attachment Point).  

For the purposes of this computational model, the Attachment Point and Reinsurance 

Fund payments will be set to their 2016 levels - $90,000 and $27/subscriber respectively. In 

1998 USD, these two values are $61,123.22 and $18.34. While there is a Reinsurance Cap 
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that has been placed on the program in 2016 of $250,000, this model does not take that into 

account. 

2.6. Risk Corridors 
Risk corridors prohibit payers from setting premiums above a certain amount, as 

dictated by the cost of medical care of their subscribers. Each payer will have a target amount 

calculated at the beginning of each year, equal to 80% of the revenue expected to be drawn 

from the premium payments of subscriber patients. The payment structure is as follows: 

At the end of each year, the amount paid for medical expenses is tallied. If medical 

expenses are less than 97% of the target amount, but greater than 92%, then the payer will 

pay to the fund 50% of the difference between the medical expenditure and 97% of the target 

amount. If medical expenses are less than 92% of the target amount, then the payer will pay 

to the fund 80% of the difference between the medical expenditures amount and 92% of the 

target amount, plus 2.5% of the target amount. 

Conversely, if medical expenses are greater than 103% of the target amount, but less 

than 108%, then the fund will reimburse the payer 50% of the difference between the medical 

expenditure and 103% of the target amount. If medical expenses are greater than 108% of the 

target amount, then the fund will reimburse the payer 80% of the difference between the 

medical expenditures amount and 108% of the target amount, plus 2.5% of the target amount. 

The purpose of this policy was, similar to the reinsurance policy, to keep premiums 

from growing exponentially while the coverage mandate was being implemented (Cox, 

Semanskee, Claxton, & Levitt, 2016). While the provision indicates that allowable spending 
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can include medical research, as well as medical expenses, this model does not take into 

account technology advancement, and so only calculates medical expenditures. 

3. Metrics 
The analysis performed in assess the effects of policy implementations on the 

baseline will be through Analysis of Variance (ANOVA) testing and comparing the p-value 

to the confidence level of α = 0.05. In order to avoid the error of time autocorrelation, only 

the last year of each simulation run is compared. 

3.1. Number of Subscribers 
The number of patients that are subscribed to a payer, or in other words insured 

versus uninsured, will be a secondary measure of performance for the computational model. 

In this model, the baseline case, the system should operate with a sizable portion of the 

population being insured, but a significant portion of the population being uninsured. They 

can be uninsured for a variety of reasons, which will be captured by the model: 

Rejected: the patient’s cost of care is too expensive for any insurers to insure against 

Cheap: the patient’s salary is not enough to be able to pay for the insurance they 

chose 

Volunteer: the patient can afford to pay for a plan, but choose not to, because their 

estimated expenses are less than what they expect to pay for insurance 

Dumped: the patient’s plan has dumped them, due to the payer leaving the market. 

This is a slight deviation from how “Dumped” was defined in the previous chapter, as many 

more people will lose coverage due to their payer leaving the market, rather than their 

coverage being ended due to high costs. 
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3.2. Distribution of Subscribers Across the Market 
Of similar concern is the spread of subscribers across payers. If all of the subscribed 

patients are concentrated into one payer’s plan, that would be an important finding, indicative 

of the behavior of the market in that setup. To this end, the Gini Index is calculated for 

subscribers at each of the ten payers for every run. Normally, the Gini Index is used to assess 

income inequality, but as it is functionally the area between the Lorenz curve and the cross-

diagonal line on a cumulative plot, it can easily apply to this metric as well. An index value 

of 1 means that all of the subscribers are with one payer, whereas an index value of 0 means 

that the subscribers are distributed evenly across the payers in the market. A similar metric 

for assessing competition and market concentration is the Herfindahl Index. Like the Gini 

Index, the Herfindahl Index is scaled from 0 to 1, 0 indicating a highly competitive market, 

and 1 indicating a monopoly. Both indices are measured and analyzed, for the purposes of 

validation of results. 

Of similar interest to this metric is the number of payers that are still in the market by 

the end of the simulation run. As stated in Chapter 3, a payer agent becomes insolvent when 

its budget becomes negative, at which point all of its payers are dropped and it leaves the 

market. While payers that have zero subscribers can still have a positive budget and so 

therefore still remain solvent, this metric will measure only those payers that have 

subscribers as being considered in the market. 

3.3. Premium Prices 
The prices of premiums, and the dynamics of these prices, is another element that will 

be examined as an output of the model. The impact of the policy implementations will be 



88 

 

assessed by their impact on the final premium price in the simulation run, across the payers 

in the market. Primarily, this will assess a weighted average, weighted by number of 

subscribers for each payer. 

3.4. System Loss 
The amount lost or gained by the system given each mandate or policy will be 

collected throughout the run. While the coverage mandate does not have any system-wide 

metric, the individual mandate collects fees from individuals choosing not to purchase 

insurance. Conversely, individual subsidies are provided to individuals that have an income 

lower than a certain percentage of the Federal Poverty Level, which will need to be provided 

by the state (note that this is different, actuarially speaking, than a tax credit). 

The other two mandates, the Reinsurance Fund and the Risk Corridors Fund, are 

measured in isolation. In theory, these two policies should be revenue neutral, in that the 

amount coming in equals the amount going out on a year by year basis. The model will keep 

track of that throughout the simulation run, to assess the validity of that claim in terms of this 

abstract model. 

4. Analysis 
For this analysis, the data is assessed comparing those runs in which each given 

policy is in place, versus those in which the policy is not in place. In the tables listed below, 

μ0 and σ0 are the mean and standard deviation of the metric in question from all runs in 

which the policy is not in place. Similarly, μ1 and σ1 are the mean and standard deviation in 

which the policy is in place. In addition, μ10 and σ10 are the mean and standard deviation for 

those runs in which all other policies except for the current policy in consideration is in 
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place, whereas μ11 and σ11 are the mean and standard deviation for those runs where all 

policies are in place, in order to compare the marginal effect of the specific policy in question 

against the panoply of policy implementations. 

The figures below indicate statistically significant changes in output metrics, given 

the additions in policy. Figure 21 focuses on the number of uninsured and their rationale, 

while Figure 22 focuses on the metrics associated with payers in the market. One arrow 

indicates statistically significant at a = 0.05, while two arrows shows significance at a = 

0.001.  The percentage in the corner indicates the change in the average, as indicated in the 

tables associated with each output metric. 

 

 

 

 

Figure 21: Table indicating statistically significant changes in output metrics concerning number of uninsured 

patients, given the additions in policy. 
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Figure 22: Table indicating statistically significant changes in output metrics concerning payers and subscribers, 

given the additions in policy. 

 

 

4.1. Number of Subscribers 
The unsubscribed population seems to be impacted significantly by every policy 

offered, apart from the reinsurance policy. As Table 8 shows, each policy leads to a decrease 

of uninsured patients, most notably the Individual Mandate and Coverage Mandate. Per what 

was proposed by Blumberg, Holahan, and Buettgens (2013), the Individual Mandate has a far 

larger effect on reducing the number of uninsured than the coverage mandate, as will be 

shown in later tables. 

μ11: 4827.67 

σ11: 723.89 
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Table 8: Unsubscribed Population ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

676.4826 < 2.2
×10−16 

43854.71 8894.10 16028.52 10279.34 34739.09 1098.42 

Coverage 

Mandate 

101.2706 < 2.2
×10−16 

35324.77 14554.49 24558.46 17381.84 17401.67 151.79 

Individual 

Subsidies 

10.3733 0.00151 31664.49 17085.35 28218.74 16555.14 18723.11 13669.84 

Risk 

Adjustment 

12.8555 0.00043 28023.66 16044.09 31859.57 17525.66 6107.1 1931.68 

Reinsurance 1.2066 0.27343 30529.21 17353.73 29354.02 16433.99 4832.33 298.31 

Risk 

Corridors 

12.1515 0.00061 31806.32 17881.66 28076.91 15659.19 4145.33 1028.44 

 

 

 

The population that is rejected due to significant expenses required is statistically 

significantly decreased by the Coverage Mandate policy (no surprise there), but also by Risk 

Adjustment and Risk Corridors policies, although not as drastic, as shown in Table 9. 

μ11: 0 

σ11: 0 

 

 

Table 9: Rejected Population ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

0.5574 0.4563 7649.30 7650.15 7663 7664.67 0 0 

Coverage 

Mandate 

696550 < 2.2
×10−16 

15312.30 197.37 0 0 15142.67 79.83 

Individual 

Subsidies 

0.5642 0.4535 7663.04 7664.36 7649.26 7650.46 0 0 

Risk 

Adjustment 

23.044 3.256
×10−6 

7700.18 7701.77 7612.11 7612.56 0 0 

Reinsurance 0.0796 0.7781 7653.56 7654.82 7658.73 7660.02 0 0 

Risk 

Corridors 

22.212 4.788
×10−6 

7699.38 7700.89 7612.91 7613.45 0 0 
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The population that cannot afford health insurance are significantly impacted by the 

Coverage Mandate, Individual Subsidies, and Risk Adjustment, as shown in Table 10. While 

Individual Subsidies and Risk Adjustments lead to a significant decrease in the population 

that cannot afford insurance (either through lower premiums or by subsidizing insurance), the 

coverage mandate leads to a significant increase in this population, likely to the rise of 

premium prices which will occur with coverage mandates. 

μ11: 2723.33 

σ11: 124.72 

 

 

Table 10: "Cheap" Population ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

0.5728 0.4501 4998.43 1937.96 4878.49 1926.56 2703.04 132.37 

Coverage 

Mandate 

114.7056 < 2.2
×10−16 

4089.85 1522.16 5787.06 1928.02 2039.33 125.37 

Individual 

Subsidies 

162.0510 < 2.2
×10−16 

5947.10 1524.31 3929.81 1765.29 5816.2 429.36 

Risk 

Adjustment 

124.4741 < 2.2
×10−16 

5822.46 1745.81 4054.46 1692.25 4945.67 845.8 

Reinsurance 1.9004 0.1697 5047.69 1997.18 4829.23 1860.62 3562.92 667.28 

Risk 

Corridors 

6.5828 0.01109 5141.75 1786.78 4735.17 2049.21 3206.12 770.4 

 
 

 

The population that has chosen not to purchase insurance is reduced to zero given the 

individual mandate, set at the 2016 level as described earlier. However, as seen in Table 11, 
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both the coverage mandate and the risk adjustment policies lead to a significant increase in 

the number of patients opting out of the insurance market. 

μ11: 0 

σ11: 0 

 

 

Table 11: Volunteer Population ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

1956.47 < 2.2
×10−16 

29804.61 6794.46 0.00 0.00 29844.67 1543.71 

Coverage 

Mandate 

6.9932 0.008885 14011.35 14426.65 15793.26 16751.31 0 0 

Individual 

Subsidies 

0.0147 0.903751 14943.10 15849.15 14861.51 15463.61 0 0 

Risk 

Adjustment 

7.8209 0.00571 13960.10 14304.09 15844.51 16850.51 0 0 

Reinsurance 0.6678 0.41486 15177.64 16036.02 14626.98 15264.88 0 0 

Risk 

Corridors 

2.8541 0.092826 15471.49 16285.03 14333.13 14982.40 0 0 

 

 

 

The number of people dumped by their insurance companies is increased by the 

individual mandate and the risk adjustment policies, and decreased by risk corridors in place. 

However, as can be seen in Table 12, the standard deviations for these values is significant, 

indicating that there is a wide disparity in the number of people dumped between 

observations. 

The number of people dumped in each run was tested across various heavy tailed 

patterns – power law, lognormal, exponential, and gamma – using the script detailed in 

Alstott, Bullmore, and Plenz (2014). While power law and lognormal were shown to be 
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preferred over the two other candidates, a distinction could not be made between the two at a 

95% confidence level. 

μ11: 2104.34 

σ11: 785.76 

 

 

Table 12: Dumped Population ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

5.746 0.01752 1402.36 3363.84 3487.03 8344.83 2191.34 569.14 

Coverage 

Mandate 

1.5049 0.22147 1911.26 3642.84 2978.14 8323.76 219.68 9.74 

Individual 

Subsidies 

2.3497 0.12702 3111.24 8566.98 1778.16 2973.69 12907.1 14907.12 

Risk 

Adjustment 

19.1687 1.999
×10−5 

540.91 1055.43 4348.49 8646.48 1161.35 1086 

Reinsurance 0.2236 0.63685 2650.32 7026.78 2239.07 5802.09 1269.32 910.46 

Risk 

Corridors 

5.8198 0.01682 3493.70 7382.50 1395.70 5140.27 939.31 1327.01 

 
 
 
 

4.2. Distribution of Subscribers 
As can be seen in Table 13, the distribution of patients across payers is not equal in 

most circumstances, but it is significantly impact by the coverage mandate and, most notably, 

the risk adjustment policy. Given the risk adjustment policy being implemented, subscribed 

patients concentrate on a single payer much more frequently than other policies. 

μ11: 0.89303 

σ11: 0.00355 
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Table 13: Gini Index of Subscribers Across Payers ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

1.3269 0.25085 0.80737 0.07606 0.79804 0.08081 0.88776 0.00609 

Coverage 

Mandate 

4.2146 0.04149 0.79439 0.07082 0.81102 0.08489 0.81686 0.04912 

Individual 

Subsidies 

0.0652 0.79869 0.80167 0.07847 0.80374 0.07874 0.8436 0.0658 

Risk 

Adjustment 

184.8253 < 2
×10−16 

0.74766 0.06042 0.85775 0.05148 0.76149 0.06597 

Reinsurance 0.0996 0.75265 0.80143 0.08175 0.80398 0.07532 0.89587 0.00309 

Risk 

Corridors 

1.4703 0.22685 0.79780 0.08018 0.80761 0.07670 0.89784 0.00306 

 

  

 

These findings are supported by the differences in the Herfindahl Index, presented 

below in Table 14, showing an increase in concentration when Coverage Mandate and Risk 

Adjustment policies are enacted. 

μ11: 0.95281 

σ11: 0.01757 

 

 

Table 14: Herfindahl Index of Subscribers Across Payers ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

1.5157 0.21983 0.61087 0.26184 0.58060 0.26425 0.92989 0.02157 

Coverage 

Mandate 

13.6908 0.00028 0.55025 0.21774 0.64123 0.29539 0.60900 0.23864 

Individual 

Subsidies 

0.2864 0.5932 0.58916 0.25377 0.60231 0.27269 0.76455 0.29530 

Risk 

Adjustment 

252.5861 < 2.2
×10−16 

0.40034 0.11044 0.79113 0.22247 0.41394 0.12701 

Reinsurance 0.0121 0.51885 0.60368 0.27146 0.58779 0.25501 0.97256 0.02422 

Risk 

Corridors 

0.0300 0.31049 0.58323 0.27169 0.60824 0.25439 0.97908 0.03620 
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The consolidation of patients into fewer insurance plans as indicated in Table 13 is 

further explored in Table 15 below, which shows the number of payers that remain in the 

market at the end of the run, out of the ten (10) payers that begin in the run, given the various 

policies in place. As seen in the Gini Coefficients above, the impact that both the coverage 

mandate and most especially risk adjustment has on the number of payers that remain in the 

market is statistically significant. Most especially, if risk adjustment is not enacted, almost no 

payers end up exiting the market, indicating that this policy alone is the primary driver for 

consolidation of patients to fewer plans. 

μ11: 5.7 

σ11: 1.6997 

 

 

Table 15: Number of Payers Remaining in the Market ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

0.1183 0.73124 7.7188 2.6953 7.8542 2.7309 6.3 0.4714 

Coverage 

Mandate 

9.7277 0.00210 8.3854 1.9331 7.1875 3.2058 7.7 0.9428 

Individual 

Subsidies 

0.0343 0.85329 7.8229 2.7118 7.7500 2.7157 5 0.8165 

Risk 

Adjustment 

367.11 < 2
×10−16 

9.9896 0.1015 5.5833 2.2392 10 0.00 

Reinsurance 0.0007 0.97892 7.7917 2.6689 7.7813 2.7583 6.4 1.2472 

Risk 

Corridors 

3.3908 0.06712 7.4271 3.1416 8.1458 2.1456 2 0.00 

 

 

 

 

 Included below is a histogram showing a typical simulation run, with Risk 

Adjustment implemented, and a Gini Index and Number of Payers close to the associated µ1 
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values presented above. As can be seen in Figure 23, the clear majority of the subscribers 

(84.4%) are in one plan, with nearly the entirety of the patients with coverage belonging to 

the top three payer plans. This is indicative of the pattern of most simulations with Risk 

Adjustment implemented, where the subscribers are concentrated into one or two payer 

plans. 

 

 

 
Figure 23: Number of Subscribers under a Payer Plan for a Typical Simulation Run with Risk Adjustment 

 

 

 

 

4.3. Premium Prices 
As can be seen in Table 16, the weighted average of premium prices when the 

coverage mandate is in place does rise by a statistically significant degree, by 18.8%. 

However, the permanent policy put in place to combat this rise, risk adjustment, dramatically 

reduces the premium price weighted average by nearly twice that, 37.5%. While meant to be 
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a temporary mechanic, risk corridors also serve to decrease the premium price, although by 

not as much. 

μ11: 1056.47 

σ11: 70.74 

 

 

Table 16: Weighted Average of Premium Prices ANOVA Results 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

3.768 0.05376 1545.37 501.05 1448.46 517.64 1072.18 65.16 

Coverage 

Mandate 

26.7156 6.077
×10−7 

1367.89 507.73 1625.94 482.30 949.99 65.25 

Individual 

Subsidies 

3.1535 0.077406 1452.58 475.02 1541.24 542.33 873.95 239.57 

Risk 

Adjustment 

190.9477 < 2.2
×10−16 

1841.86 458.80 1151.97 274.27 1841.03 60.57 

Reinsurance 3.1801 0.076178 1541.43 543.72 1452.40 473.39 1401.48 272.36 

Risk 

Corridors 

7.442 0.006986 1565.01 480.10 1428.82 532.84 1235.92 308.21 

 

 

 

 

4.4. Net System Gain 
The amount gained or lost in the system, by fees induced by the individual mandate, 

or by individual subsidies for poorer individuals, is shown in Table 17. While there was a 

statistically significant difference in the amount lost by the system given the risk adjustment 

policy being implemented, the largest contributor to the system loss incurred in almost all 

runs is, unsurprisingly, the individual subsidies. These cannot be paid for by fees paid with 

the individual mandate, which showed to not have a statistically significant impact on net 

system gain. 

μ11: −2.157×109 
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σ11: 1.099×107 

 

 

Table 17: Net System Gain ANOVA Results (Mean and Standard Deviation Values in Millions) 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

1.4009 0.2381 -692.42 713.43 -646.32 1095.97 -1802.76 36.85 

Coverage 

Mandate 

0.2714 0.6030 -659.23 802.31 -679.52 1033.10 -1745.17 30.08 

Individual 

Subsidies 

2035.44 < 2.2
×10−16 

209.31 264.61 -1548.05 311.48 391.54 33.21 

Risk 

Adjustment 

28.0690 3.304
×10−7 

-566.19 871.12 -772.56 964.90 -1750.97 110.53 

Reinsurance 0.9988 0.3189 -649.91 914.53 -688.84 934.91 -2068.46 70.26 

Risk 

Corridors 

4.4475 0.0363 -628.30 898.85 -710.44 948.62 -2097.83 112.69 

 

 

 

The reinsurance fund seems to operate at a net positive throughout multiple runs, 

when it is implemented, as shown in Table 18. Other than when reinsurance is implemented, 

it is shown to significantly increase when the number of insured individuals are expected to 

increase, such as with the Individual and Coverage Mandates. 

μ11: 5.245×107 

σ11: 4.23×104 

 

 

Table 18: Reinsurance Fund ANOVA Results (Mean and Standard Deviation Values in Millions) 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

131.4118 < 2.2
×10−16 

15.72 15.89 22.61 22.79 37.29 0.51 

Coverage 

Mandate 

6.1645 0.01392 18.42 19.03 19.91 20.79 44.46 0.12 
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Individual 

Subsidies 

0.6391 0.425072 18.93 19.71 19.41 20.18 50.91 0.23 

Risk 

Adjustment 

0.8291 0.029224 18.51 19.19 19.83 20.65 47.18 0.53 

Reinsurance 4070.94 < 2.2
×10−16 

0.00 0.00 38.33 7.80 0.00 0.00 

Risk 

Corridors 

9.184 0.002791 18.26 19.10 20.08 20.71 51.86 0.08 

 
 

 

In contrast, the risk corridor fund is regularly at risk of being in the negative, as 

indicated by Table 19. This means that more payers are paying more than their target value in 

a given year and operating at a net loss. Only when combined with other policies, such as 

coverage mandates, individual subsidies (which would lessen the cost to payers), and most 

notably the risk adjustment, would risk corridors operate in a net positive. 

μ11: 1.53×1010 

σ11: 5.84×108 

 

 

Table 19: Risk Corridor Fund ANOVA Results (Mean and Standard Deviation Values in Millions) 

Policy F-Value p-value μ0 σ0 μ1 σ1 μ10 σ10 

Individual 

Mandate 

0.3667 0.545573 -739.60 4430.62 -403.17 4117.08 15835.86 2553.07 

Coverage 

Mandate 

7.7251 0.006008 -1343.50 1361.05 200.73 5795.91 -2973.81 125.19 

Individual 

Subsidies 

6.8367 0.009667 -1297.74 2362.31 154.98 5477.38 3595.73 170.48 

Risk 

Adjustment 

31.4934 7.218
×10−8 

-2130.36 2452.54 987.59 5075.59 -5414.57 106.29 

Reinsurance 1.7231 0.190918 -936.04 3903.66 -206.72 4597.05 10819.38 1121.85 

Risk 

Corridors 

4.2306 0.041106 0.00 0.00 -1142.77 5998.70 0.00 0.00 
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5. Discussion 

5.1. Findings 
As can be shown in the section above, the two most prominent parts of the ACA 

legislation – the Coverage Mandate requiring all patients who request insurance to be insured 

regardless of pre-existing conditions, and the Individual Mandate requiring everyone 

purchase insurance or face a financial penalty – do have a significant impact in reducing the 

number of uninsured people in the individual health insurance market. In confirmation of 

other policy models that have been developed on the ACA (Blumberg, Holahan, & 

Buettgens, 2013) (Buettgens & Carroll, 2012), the Individual Mandate has far more impact 

on increasing the number of insured individuals than any other policy, including the 

Coverage Mandate. The only policy that leads to a net increase in uninsured people is the 

Risk Adjustment policy. 

The subsections of the uninsured populations become slightly more revealing. The 

number of people that are rejected by insurance companies goes down with the Coverage 

Mandate, but the number of people that voluntarily choose to forgo insurance, either because 

they cannot afford it or decide to forgo it on account of high premium prices, increases. This 

can be partially mitigated by the individual subsidies with regards to the former, and the 

individual mandate with regard to the latter. The number of individuals that are dumped by 

their plan is significantly increased most notably by the Risk Adjustment policy 

implementation. Large cascades of individuals losing their insurance, similar in style to 

cascades depicted in Bak and Paczuski (1995), are more prevalent in the risk adjustment 
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implementation, which is only more concerning given the distribution of patients across 

payers. 

As seen in the Gini Index of subscribers by payers, a noted increase in inequality 

across payers is evident in both the Coverage Mandate implementation, as well as the Risk 

Adjustment implementation. These figures are indicative of an increase in insurance market 

concentration, with one payer being the provider of health care available to the clear majority 

of the citizenry. As a system with risk adjustment in place does lead to an increased 

occurrence of companies dropping patients due to insolvency, this only exacerbates the 

problem posed by the unequal distribution of individuals across the market. 

The rise in average premium prices paid by individuals is shown to substantially 

increase under the Coverage Mandate, as had been previous suggested by many of the 

sources noted above in both theoretical and empirical models. This increase, while 

significant, is not enough to lead to a market failure as predicted by earlier models of the 

market. As had been proposed when the ACA was first being enacted, the implementation of 

risk adjustment policy (which was projected to be permanent) leads to a significantly greater 

decrease in the premium price paid by the subscriber, and thus mitigates any increase in 

premiums due to adverse selection in the market from Coverage Mandate. While Risk 

Corridors are only meant to be a temporary policy, from 2014 to 2016, they also have a 

negative effect on the weighted average of premium prices, although not as significant as the 

risk adjustment. 

The monetary loss incurred by the system, especially given individual subsidies, is 

significant – over 1.5B over the course of twenty years. This loss is not mitigated 



103 

 

substantially by the individual mandate which, while it does raise funds when people choose 

to forgo purchasing insurance, does not produce a sufficient amount of revenue, and is 

primarily used as a deterrent, as noted in other policy modeling literature (Blumberg, 

Holahan, & Buettgens, 2013) (Buettgens & Carroll, 2012). The implementation of risk 

adjustment also has a significant impact on the loss of the system. 

As described in Cox, Semanskee, Claxton, and Levitt (2016), reinsurance and risk 

corridors were proposed as short term stabilizing mechanisms for premium prices while the 

ACA was to be implemented, and that they would be revenue neutral (ideally, costs would 

equal revenue). The reinsurance fund was shown to operate at a net positive, but would 

operate best when other policies were put in place to increase the number of insured 

individuals. This makes intuitive sense, as the more people on a payer’s plan, the more that a 

payer would pay into the fund. The risk corridor fund operated at a substantial deficit 

throughout the simulations, indicating that a vast number of payers were paying medical 

costs close to or in excess of their projected target value. This is something that has occurred 

in the real world – despite the proposal of the risk corridors being “revenue neutral”, the 

revenue of $362M was far outpaced by the promised payment of $2.87B to insurance 

companies with excessive losses, forcing Health and Human Services to only pay out 12.6 

cents on the dollar to insurers (Jost, 2016). 

 

5.2. Broader Implications 
There are a variety of different methods of measuring the “effectiveness” of the ACA 

– how many individuals have insurance that did not prior to legislation, how many people are 
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able to afford insurance, how many people have been dropped from their pre-existing 

coverage, how premiums have risen or fallen during the policy in response, and the net 

revenue required to subsidize the individual subsidies and coverage of individuals.  

The most important mandates of the ACA have shown to dramatically decrease the 

number of uninsured people in the simulation results, as well as in the real world. However, 

this comes at the cost of increases in premium prices. These increases in prices, caused in 

part by adverse selection, can be mitigated by wealth transfers across payers, most notably 

with the risk adjustment policy. However, risk adjustment leads to the consolidation of 

patients into fewer payers, as well as an increase in payers dropping their patients due to 

insolvency. 

It should be noted that many of the policies implemented in this models are 

simplifications of the actual regulations in the ACA. Risk adjustment policy especially is a 

very complex algorithm, constantly being fine-tuned and revised each year  (Pope, et al., 

2014)  (Centers for Medicare & Medicaid Services, 2016), and must be particularly 

concerned with the privacy demands of citizens with regards to health data. The risk 

adjustment policy in this model is an “idealized” version that works perfectly to actuarially 

mitigate the risk incurred by payers completely. While the actual risk adjustment policy 

would not be this effective, the risks illuminated by this model may still present themselves. 

6. Summary 
This computational model has run six of the primarily elements of the Patient 

Protection and Affordable Care Act and assessed the impact that each one of them has to the 

simulated baseline of the individual health insurance market, discussed in the previous 
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chapter. The goal of this model was to ascertain whether adverse selection, or the withdrawal 

of healthy individuals from the market, would lead to a market failure due to precipitously 

increasing premium prices. To this end, the simulation has shown that, while premium prices 

are expected to increase on account of the coverage mandate, this does not lead to a market 

failure. 

What the results show is a very interconnected system, where each policy element 

impacts the system in different ways. The coverage mandate increases the number of people 

that are insured, but that does lead to an increase in the premium price across the population, 

in part due to adverse selection. The individual mandate is effective at reducing the number 

of people who voluntarily choose not to buy insurance, but does not lead to reduced premium 

prices. Risk adjustment does lead to a dramatic reduction in the premium price paid by 

subscribers, but at the cost of consolidation of coverage to fewer payers, or even a single 

payer, and an increase risk of subscribers losing coverage due to payers leaving the market.  
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CHAPTER FIVE – CONCLUSION 

1. Summary of Research 
This dissertation aimed to produce an agent-based model to address a fundamental 

concern of adverse selection in the health insurance market. Can policy cause a market 

failure due to adverse selection, and what other policies might be used to counterbalance 

that phenomenon? This dissertation succeeded in demonstrating that an agent-based 

computational model was able to replicate, validate, and expand upon the findings of 

previous models, both static and dynamic in nature. This was performed by establishing a 

baseline model, which replicated the large-scale patterns of price elasticity for the demand 

for health insurance, and then building variations on this model to answer the research 

question focused on policy. This, in turn, addressed the methodological research question, as 

well as the addition to science established by this dissertation: Can an agent-based 

computational model be developed that can simulate the impact of policy on the individual 

health insurance market? 

The most important finding of this research has been, given the assumptions made in 

the production and analysis of the model, while adverse selection does occur when certain 

policies are put in place, such as the coverage mandate from the Affordable Care Act, this 

does not lead to a market failure in the individual health insurance market. Moreover, the 

adverse selection witnessed in this circumstance can be mitigated by other policies 

implemented, such as the individual mandate and risk adjustment across insurers. Similarly, 
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the enactment of the coverage and individual mandates to lead to an increase in the number 

of agents having insurance. 

However, these policies described do produce significant side effects in the market. 

Risk adjustment leads to the consolidation of patients into fewer payers, as well as an 

increase in payers dropping their patients due to insolvency. Individual subsidies, while 

reducing the financial burden on individuals, entail a significant cost burden on the system, 

and will require an external source of revenue to remain solvent. It is these unforeseen 

interactions between entities that highlight the importance of agent-based computational 

modeling in the field of policy research, to better understand and calibrate the complex 

interactions of stakeholders, and to construct policy to properly mitigate the risks associated 

with any benefits it is attempting to accomplish. 

2. Future Research 
As mentioned in the previous section, much of these policy implementations are 

simplified versions of what is present in the legislation. In order to take the results of this 

model as quantitative evidence for the implementation of policy, the data used by this model 

would need to be validated and verified, as mentioned in the previous chapter. Moreover, the 

implementation of the policies presented in this model would need to be more detailed, and a 

proper implementation of other factors in the real world (Medicare and Medicaid being chief 

among them) would also need to be included. 

It is important to note that, at the time of this writing (March 2017) there are 

indications that the current administration is committed to repealing the ACA, thus rendering 

this analysis more theoretical than practical. Even still, this line of analysis would be 



108 

 

beneficial to any new proposals on whatever policies are proposed to either replace the ACA, 

or to alter the health care landscape in a new direction. The most important benefit of this 

model is that the baseline is implemented with so few parameters that the model can hold 

true for a wide variety of policy implementations and circumstances. 
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APPENDIX A – ANALYTICAL SOLUTION OF HETEROGENEOUS POPULATION 

IN ROTHSCHILD-STIGLITZ MODEL 

While this has been demonstrated via simulations, this can also be demonstrated 

analytically, using the formulations discussed in Chapter 2. Seller will only offer <α1, α2> if 

𝜋𝑗(�̅�, 𝛼1, 𝛼2) = (1 − �̅�)𝛼1 + �̅�𝛼2 ≥ 0, where �̅� =
𝑚𝑝𝐻+(𝑛−𝑚)𝑝𝐿

𝑛
 is the average risk of the 

buyer population (again, assuming the seller has no knowledge of the risk profiles of the 

potential buyers), n is the number of buyer agents, and 0 < m < n is the number of high risk 

buyer agents. This assumes there is at least one low risk and one high risk buyer agent in 

every population. Therefore, 𝑝𝐿 < �̅� < 𝑝𝐻. 

Buyer agents will only buy a contract if it makes them better off. 

(1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖 − 𝛼1) + 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖 + 𝛼2) ≥ (1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖) + 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖) 

If it is assumed that the seller will again try to maximize market share by minimizing 

profit to zero, as in the homogeneous case, then 𝜋𝑗(�̅�, 𝛼1, 𝛼2) = 0 and 𝛼1 =
�̅�

(1−𝑝̅̅ ̅̅ ̅̅ )

̇
𝛼2. Using 

this in the previous equation: 

(1 − 𝑝𝑖)𝑈𝑖 (𝑊𝑖 −
�̅�𝛼2

(1 − �̅�)
) + 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖 + 𝛼2) ≥ (1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖) + 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖) 

Since it is assumed that the utility equations are monotone, this equation above can be 

simplified further: 
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(1 − 𝑝𝑖) [𝑈𝑖(𝑊𝑖) − 𝑈𝑖 (
�̅�𝛼2

(1 − �̅�)
)] + 𝑝𝑖[𝑈𝑖(𝑊𝑖 − 𝑑𝑖) + 𝑈𝑖(𝛼2)]

≥ (1 − 𝑝𝑖)𝑈𝑖(𝑊𝑖) + 𝑝𝑖𝑈𝑖(𝑊𝑖 − 𝑑𝑖) 

𝑝𝑖[𝑈𝑖(𝛼2)] ≥ (1 − 𝑝𝑖) [𝑈𝑖 (
�̅�𝛼2

(1 − �̅�)
)] 

While Rothschild and Stiglitz did not specify the utility function in their original 

paper, they did assume a risk averse buyer with a quasi-concave utility function, for the 

purposes of solving the problem diagrammatically. In the baseline version of this model, 

however, the utility functions are linear and represent risk neutral tendencies. Therefore: 

(1 − 𝑝𝑖) [𝑈𝑖 (
�̅�𝛼2

(1 − �̅�)
)] = �̅� (

1 − 𝑝𝑖
1 − �̅�

)𝑈𝑖(𝛼2) ≤ 𝑝𝑖𝑈𝑖(𝛼2) 

This is only true when 𝑝𝑖 > �̅�, which occurs only in high risk buyers. Therefore, 

sellers will never offer contracts that prove to be non-profitable, and low-risk buyers will 

never buy contracts that will lead to a decrease in their expected utility.  
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