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Abstract
Mathematical models of health systems and disease can provide important information to decision makers when direct experimentation is impossible, impractical, or
unethical, and when there are many possible decision alternatives. When costs or
benefits of a medical or health policy decision are in the distant future (perhaps
decades away) or are borne by other members of society, mathematical models may
be the only practical way to fully evaluate the costs and consequences of policy alternatives. Through modeling, the decision maker can develop a deeper understanding
of which factors have the greatest impact on the outcome of interest and explicitly
explore decision uncertainty. This dissertation applies and extends the use of mathematical models in the application area of health policy – specifically to applications
of human immunodeficiency virus (HIV) and hepatitis C virus (HCV) screening in
injection drug users (IDUs) and the general population.
In Chapter 2, we develop a dynamic compartmental model of the HIV and HCV
co-epidemic in IDUs in a representative US city. We use this model to evaluate the
effectiveness and cost-effectiveness of various HIV and HCV screening technologies
and frequencies in IDU in opioid replacement therapy (ORT). Differences in infectivity and modes of transmission (HIV is readily transmitted to non-IDUs by sexual
contact, whereas HCV transmission by sexual contact is relatively rare), as well as
differences in treatment access, efficacy, and type of benefit (individual vs. societal), result in different results for the effectiveness and cost-effectiveness of HIV and
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HCV screening. Following the current guidelines of annual HIV and HCV antibody
screening for all IDUs in ORT may be considered cost effective when compared to
no screening, but this strategy costs more and provides fewer benefits than strategies
that screen frequently (every 6 months) for HIV only using combined antibody and
viral RNA testing. We also identify several modifiable factors which improve the
cost-effectiveness of HIV and HCV screening, thus enabling policy makers to apply
our work to improve the efficiency of existing systems.
In Chapter 3, we develop a general framework for optimal health policy design
in a dynamic setting. We consider a hypothetical medical intervention for a cohort
of patients where one parameter varies across cohorts with imperfectly observable
linear dynamics. We seek to simultaneously identify the optimal time to change the
current health intervention policy and the optimal time to collect decision-relevant
information. At each time, the policy maker can choose to change the current health
policy and/or to collect sample information about the uncertain dynamic parameter
at a cost. We formulate this problem as a discrete-time, infinite-horizon Markov
decision process and we establish structural properties of the value function that
ensure the existence of a unique optimal solution. We demonstrate that it may be
optimal to wait to collect information until the information is more likely to affect
decision making. This framework has many potential applications to the assessment
of information collection strategies in dynamic systems.
We apply this framework to the evaluation of HCV screening in the general population. In 2012, the US Centers for Disease Control and Prevention (CDC) released
new guidance recommending one-time screening for all individuals born between 1945
and 1965. HCV prevalence, and therefore the value of HCV screening, is decreasing
in birth year after 1956. Using our general framework we determine which birth cohorts to screen for HCV and when to collect information about HCV prevalence. We
find that, for men, newly released CDC guidelines are conservative and that HCV
v

screening should continue for the foreseeable future. We also find that additional
information should be collected to inform the optimal duration of HCV screening
and we identify the optimal sample size and the optimal timing for the information
collection effort.
In Chapter 4, we extend the framework developed in Chapter 3 to incorporate the
ability to collect information about more than one model parameter. We demonstrate
that it may be optimal to wait to collect information about a parameter which is static
across cohorts until the information is more likely to affect decision making. This is
important because current practice in the health decision science literature is to assume that all model parameters are static across cohorts and the value of information
is calculated assuming the information collection effort is initiated immediately. We
demonstrate that even if a parameter is static across cohorts, it may be optimal to
delay information collection. We apply the extended model to the evaluation of HCV
screening in the general population. We identify the optimal information collection
policy using our framework for two parameters which we assume are constant across
cohorts – the quality-of-life reduction from awareness of HCV-positive status and the
fibrosis-stage distribution at screen-detected diagnosis at age 50 – alone and in combination with the opportunity to collect information about HCV prevalence (which
is decreasing across cohorts). In both cases, given our initial beliefs about these
parameters, the optimal policy is to delay information collection about one or both
parameters until the information is more likely to influence the decision.
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Chapter 1
Introduction
1.1

Motivation

Mathematical models of health systems and disease can provide important information to decision makers when direct experimentation is impossible, impractical, or
unethical, and when there are many possible decision alternatives. Through modeling, the decision maker can develop a deeper understanding of which factors have the
greatest impact on the outcome of interest and explicitly explore decision uncertainty.
When costs or benefits of a medical or health policy decision are in the distant future (perhaps decades away) or are borne by other members of society, mathematical
models may be the only practical way to fully evaluate the costs and consequences
of policy alternatives. This dissertation applies and extends the use of mathematical
models in the application area of health policy - specifically to applications of human
immunodeficiency virus (HIV) and hepatitis C virus (HCV) screening in injection
drug users (IDUs) and the general population.
Of the 1.1 million Americans living with HIV, approximately 18% are unaware of
their infection and approximately 50,000 people are infected with HIV each year [1,2].
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Some 16% of new HIV diagnoses are in IDUs [3]. Identifying undiagnosed individuals is necessary to initiating treatment and behavioral counseling that can improve
health, prevent long-term consequences of the disease, and prevent transmission to
others. HIV treatment is known to reduce infectivity [4], thus providing a dual benefit.
Treatment as prevention may even be able to constrain the global HIV epidemic [5].
Chronic HCV infection, affecting 2.7 to 5.2 million Americans, is a slowly progressing blood-borne disease causing liver fibrosis, cirrhosis, and liver cancer [6, 7].
HCV is transmitted primarily through percutaneous exposure, which can result from
injection drug use, needle-stick injuries, receipt of blood or blood products before the
availability of a standard screening test in 1992 and inadequate infection control in
health-care settings [8,9]. Approximately 20,000 new HCV infections occur each year,
and two-thirds of these are in IDUs [10, 11]. Among IDUs, HCV prevalence ranges
widely across cities between 14% to 51% [12]. Fewer than one-third of HCV-infected
IDUs are aware of their infection status [13].
Two-thirds of individuals chronically infected with HCV were born between 1945
and 1965 [6]. Prevalence peaks in this birth-cohort and decreases thereafter for two
primary reasons. First, the epidemic of injection drug use that started in the 1960s
and peaked in the 1970s and 1980s was followed by much lower rates of injection
drug use initiation in the 1990s [14]. Second, the introduction of standard screening
tests for blood and blood products in 1992 has nearly eliminated blood transfusion
as a mode of transmission [8, 15]. In the general population, approximately half of
chronically infected individuals are unaware of their disease status [16]. Prior to highly
effective treatment, screening for HCV in the general population was not considered
cost-effective [17], but newly available treatments have improved the cost-effectiveness
of screening [18–22].
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Dissertation Overview

In Chapter 2, we develop a dynamic compartmental co-epidemic model of HIV and
HCV characterized by a system of 756 simultaneous nonlinear difference equations.
This model can be used to estimate epidemic outcomes, including the number of
new infections and the prevalence of HIV and HCV over time, as well as the health
and economic outcomes associated with different intervention scenarios. The model
captures HIV and HCV progression in infected persons and transmission to uninfected
persons from sexual partnerships and injection equipment sharing in a representative
city in the United States (US) with the population subdivided into three risk groups
based on drug injection status: current IDU, IDU in opioid replacement therapy
(ORT), and non-IDU.∗ We use this model to evaluate the effectiveness and costeffectiveness of various HIV and HCV screening technologies and frequencies in IDU
in ORT in the US.
Importantly, the model includes the acute phases of HIV and HCV infection.
The acute phase of HIV infection, lasting approximately 3 months, is characterized
by high viral load and high infectivity and is estimated to be responsible for 11%
to 50% of new sexually transmitted infections in the US [23–25]. Identification of
individuals during the period of acute HIV infection may reduce HIV transmission
through behavior change and initiation of combination antiretroviral therapy (ART)
which can reduce infectivity [26]. Treatment initiated during acute HCV infection,
which lasts up to 6 months, has substantially higher rates of sustained viral response
than when treatment is initiated later in the course of the disease [27–35]. However,
diagnosing individuals in the acute phase of infection requires viral RNA testing which
is expensive. We consider two HIV and HCV screening technologies, conventional
antibody testing which is unable to detect acute infections and combined antibody
∗

Opioid replacement therapy is the medically monitored replacement of an illegal opioid drug
such as heroin with a longer acting but less euphoric opioid, usually methadone or buprenorphine.
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and viral RNA testing, and several screening frequencies: once upon entry to ORT
only; or upon entry to ORT and routinely thereafter, every 3, 6, or 12 months.
Our analysis yields several key insights for policy makers. First, differences in
infectivity and modes of transmission (HIV is readily transmitted by sexual contact
to non-IDUs at a rate between 1 in every 50 to 10,000 sexual contacts with an infected
individual depending on the stage of disease in the infected person [36], whereas
HCV transmission is estimated to occur as infrequently as 1 in every 190,000 sexual
contacts with an infected individual [37,38]), as well as differences in treatment access,
efficacy, and type of benefit (individual vs. societal), result in different results for
the effectiveness and cost-effectiveness of HIV and HCV screening. Following the
current guidelines of annual HIV and HCV antibody screening for all IDUs in ORT
may be considered cost-effective when compared to no screening ($80,800/QALY
gained), but this strategy costs more and provides fewer benefits than strategies that
screen frequently (every 6 months) for HIV only using combined antibody and viral
RNA testing. We also identify several modifiable factors which improve the costeffectiveness of HIV and HCV screening, thus enabling policy makers to apply our
work to improve the efficiency of existing systems. This work was recently published
in PLoS One [39].
In Chapter 3, we develop a general framework for optimal health policy design in
a dynamic setting. We consider a hypothetical medical intervention for a cohort of
patients where one parameter varies across cohorts with imperfectly observable linear
dynamics. We seek to simultaneously identify the optimal time to change the current
health intervention policy and the optimal time to collect decision-relevant information. At each time, the policy maker can choose to invest in the medical intervention
or not and to collect or not collect sample information about the uncertain dynamic
parameter at a cost. We formulate this problem as a discrete-time, infinite-horizon
Markov decision process and we establish structural properties of the value function
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that ensure the existence of a unique optimal solution. We demonstrate that it is
generally optimal to wait to collect information until the information is more likely
to affect decision making.
We apply this framework to the evaluation of HCV screening in the general population. In December 2012, the US Centers for Disease Control and Prevention (CDC)
released new guidance recommending one-time HCV screening for all individuals born
between 1945 and 1965 [40]. Beginning with the 1956 birth cohort, HCV prevalence
is decreasing by birth year, so HCV screening will only be cost-effective for a limited
time or a limited set of birth cohorts. However, this set may extend beyond the 1965
birth cohort [20–22]. We apply our stochastic dynamic framework to simultaneously
evaluate the optimal HCV screening and information collection policy, determining
which birth cohorts to screen for HCV and when to collect information about HCV
prevalence.
We estimate the model parameters and prevalence dynamics using primary statistical analysis of the 1999-2010 National Health and Nutrition Examination Survey
(NHANES) and using a previously published model of HCV screening of a single birth
cohort [21]. For men, we find that the recommended policy is conservative: once-ina-lifetime HCV screening at age 50 should continue in men until the year 2026, at
which point a large (sample size = 4,000) information collection effort should inform
future policy. For women, we find that information (sample size = 4,500) should be
collected first, before any further investment in screening is made. The expected value
gained from the optimal screening and information collection policy is $176 million
greater than current guidelines.
In Chapter 4, we extend the framework described in Chapter 3 to demonstrate
how the presence of time-varying parameters affects the optimal time to collect information for static parameters. This extension is important because current practice in
the health decision science literature is to assume that all model parameters are fixed
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across cohorts and the value of additional information is calculated assuming the information collection effort is initiated immediately [41,42]. However, we demonstrate
that the standard approach may indicate a suboptimal strategy even when a parameter is consistent with this assumption, and is in fact constant across cohorts, in the
presence of a time-varying parameter. We demonstrate that even when a parameter
is fixed across cohorts, it may be optimal to delay an information collection effort.
We apply the extended model to the evaluation of HCV screening in the general population. We identify the optimal information collection policy using our
framework for two parameters which we assume are constant across cohorts – the
quality-of-life reduction from awareness of HCV-positive status and the fibrosis-stage
distribution at screen-detected diagnosis at age 50 – alone and in combination with
the opportunity to collect information about HCV prevalence (which is decreasing
across cohorts). In both cases, given our initial beliefs about these parameters, the
optimal policy is to delay information collection about one or both parameters until
the information is more likely to influence the decision.

1.3
1.3.1

Related Literature
Economic Analysis in Health Policy

Cost-effectiveness analysis (CEA) is an economic method for comparing the lifetime
discounted costs and health benefits associated with two or more medical interventions or public health programs [43, 44]. The results of a cost-effectiveness analysis
are often presented in the form of the incremental cost-effectiveness ratios (ICER)
of each alternative compared to the next-best non-dominated alternative.† Health
†

The incremental cost-effectiveness ratio (ICER) is computed as the ratio of the difference in discounted lifetime costs and the difference in discounted lifetime benefits of each alternative compared
to the next-best non-dominated alternative. Alternatives are considered ‘dominated’ when another
alternative or combination of alternatives provides more benefits for less cost [44, 45].
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outcomes can be measured in natural units, such as life-years, cases of blindness, or
number of HIV infections, but are often presented in terms of quality-adjusted lifeyears (QALYs), a metric that captures the benefits of morbidity and mortality in a
common unit [46]. Ideally, quality-of-life weights for a given health state should be
estimated based on community preferences [43]. Using a common measure of benefit
enables comparisons across diseases, types of interventions (medical treatment vs.
public awareness campaign), and segments of the population.
Following an extra-welfarist perspective, the optimal allocation of resources for
a decision maker constrained by a fixed budget, where no greater level of health
effectiveness could be obtained at a lower cost, is determined by solving a constrained
optimization problem [47–49].‡ The shadow price of the budget constraint identifies
the ICER of the next program to be added to the portfolio if the budget were to
be expanded, and thus the willingness-to-pay threshold given a specific budget. All
programs with an ICER less than this threshold will be adopted, and all programs
with an ICER greater than this threshold will be rejected. Because this approach is
complex and requires data that are not typically available, simple decision rules are
invoked regularly. In the US, analysts typically refer to interventions costing less than
$50,000 per QALY gained as being ‘cost effective’ [51–53]. Increasingly, interventions
costing less than $100,000 per QALY gained are described as ‘cost effective’ [54].
Mathematical modeling is essential to determining the lifetime discounted costs
and benefits of interventions. Mathematical models can be used to extrapolate beyond observed evidence or combine evidence from multiple sources, consider all possible interventions, and systematically evaluate decision uncertainty [55,56]. In 1969,
Navarro presented a Markov model framework for modeling a health system for resource utilization and outcomes forecasting, for exploring the effect on the whole
‡

Brouwer et al. provide a comprehensive comparison of extra-welfarism to conventional welfarist
economics in the context of health economic assessment [50].
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system of changes in its parameters, and for constrained optimization [57]. Particularly advantageous for representing chronic progressive diseases, Markov models are
widely used for health and health economic assessments [58–60]. Infectious diseases
are best modeled using dynamic transmission models, network models, or agent-based
simulations [61–65]. Sequential decisions, such as surveillance for disease progression
or the optimal time to perform an intervention, are often modeled using Markov decision processes [66, 67]. Systematic deterministic and probabilistic sensitivity analysis
enables decision makers to gauge confidence in the identified best choice by exploring
its robustness to changes in input parameter values [68].

1.3.2

Markov Decision Processes in Health Policy
and Medicine

Sequential decisions under uncertainty are common in health care, but stochastic
dynamic programs have not been widely implemented for solutions to these problems [66,67]. The vast majority of models of sequential health decisions under uncertainty have focused on optimizing the timing of interventions for an individual patient.
Applications to patient-level decision making have been wide ranging: the decision to
accept or reject an offered kidney for transplantation [69]; optimal treatment plan for
mild spheroctosis [70]; optimal surveillance and management of ischemic heart disease [71]; optimal time to perform a living-donor liver transplant [72,73]; optimal time
to initiate HIV treatment [74–76]; optimal timing and frequency of hepatitis C testing
from the patient perspective [77]; and optimal use of statins in patients with type 2
diabetes [78]. Fewer examples of application to population-level policy exist: Lefevre
presented a continuous time Markov decision process to optimally balance prevention
(level of quarantine) and treatment for epidemic control [79,80]; Kornish and Keeney
formulated the influenza strain selection problem as a finite-horizon optimal stopping
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problem [81]; and Özaltın et al. extended the work of Kornish and Keeney using
a multistage stochastic mixed-integer model integrating the composition and timing
decisions of influenza shot design [82]. The influenza vaccine composition decision
is an optimal stopping problem with information collection; however, it has many
unique characteristics that distinguish it from the problem discussed in Chapters 3
and 4 such as an inventory deadline (finite horizon), a product useful for one season
only, and a time-consuming production process.

1.3.3

Value of Additional Information

Value of information is increasingly being used for research priority setting [83–86].
Bayesian decision theory approaches to value-of-information assessment were first
introduced by Raiffa and Schlaifer [87]. In 1983, Weinstein applied and proposed
the widespread adoption of relative value of information analysis to research priority
setting in health policy and medicine [88]. Expected value of perfect information
(EVPI), the amount the decision maker would be willing to pay to eliminate all
uncertainty in the decision, is recommended by recent best practices guidelines as a
method of presenting decision uncertainty [68, 89]. Higher EVPI indicates a larger
opportunity cost of an incorrect decision because it combines the probability and
consequences of making an incorrect decision [90]. However, the usefulness of EVPI
is not universally agreed upon. Eckermann et al. state that EVPI does not provide
sufficient information to address whether future research is worthwhile; rather, EVPI
provides an upper bound on the value of additional information [91]. Eckermann
et al. conclude that expected value of sample information (EVSI) is a preferred
measure [91].
Hornberger [92], Claxton and Posnett [93], and Claxton [94] introduced a Bayesian
approach to identifying the optimal trial sample size and determining the value of additional information for technology adoption assessments. A technical guide to the

CHAPTER 1. INTRODUCTION

10

calculation of EVSI is available from Ades et al. [41]. Several approaches for increasing the accuracy of value-of-information calculations follow through the relaxation
of several of the assumptions implicit in the original formulation. Eckermann and
Willan [95], McKenna and Claxton [96], and Hall et al. [97] more accurately accounted for opportunity costs during the implementation delay. Fenwick considered
the effect of imperfect implementation on the value of sample information [98]. Willan
extended this analysis to allow for the level of evidence to have an impact on the level
of implementation [99]. Griffin compared simultaneous and sequential research alternatives and demonstrated that delaying information collection about one parameter
may be advantageous because the second information collection effort can be avoided
if it is no longer worthwhile after incorporating the results of the first information
collection effort into the analysis [100].
Methodological challenges and drawbacks to using value of information and,
specifically, EVSI calculations in real-life decision making include computational challenges of handing complex priors, performing analysis on non-linear models, incorporating correlations between parameters, and determining the appropriate horizon over
which to perform the analysis [85]. Less computationally intensive approaches have
been developed that require assumptions of model linearity or multilinearity, simplified parametric models of costs and QALYs, or bootstrapping of raw data on costs
and QALYs [41, 101, 102]. Methods invoking the central limit theorem and Normal
distribution for the mean incremental net monetary benefit significantly reduce the
complexity of EVSI calculations and outperform other approximation methods [91].

Chapter 2
Early Identification of HIV and
HCV Infection in Injection Drug
Users∗
2.1

Introduction

Approximately 16% of new HIV diagnoses and two-thirds of new hepatitis C virus
(HCV) diagnoses in the United States (US) are in injection drug users (IDUs) [3,
10]. Co-infection among IDUs is common, affecting progression rates and treatment
effectiveness for both diseases [103–108]. During the acute infection phase, standard
antibody testing either cannot or has low sensitivity to detect these diseases; however,
they can be detected with viral RNA tests [109, 110]. Identification of individuals
during this phase of infection may be important to avert infections and improve
patient outcomes.
The acute phase of HIV infection, lasting approximately 3 months, is characterized by high viral load and high infectivity [23]. The proportion of new infections
∗

This work was published in [39].
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attributable to individuals with acute HIV infection is unknown, with estimates ranging from 11-50% of new sexually transmitted HIV infections [24,25]. Identification of
individuals during the period of acute infection may reduce HIV transmission through
behavior change and initiation of combination antiretroviral therapy (ART) which can
reduce infectivity [26]. Additionally, initiating ART during acute infection may slow
disease progression [26, 111–113].
Treatment of chronic HCV with pegylated-interferon and ribavirin (PEG-INF+
RBV) is potentially curative but has high rates of undesirable side effects and is
ineffective in 40-60% of patients [108, 114–116]. Recent clinical trials demonstrated
that combination therapy with an HCV protease inhibitor (PEG-IFN+RBV+PI) has
higher efficacy in mono-infected genotype 1 patients who are not active IDUs [117–
119]. In a non-IDU population, treatment with PEG-IFN+RBV+PI is cost-effective
in patients with moderate fibrosis [120]. During the acute phase of HCV infection,
estimated to last up to 6 months, PEG-IFN+RBV treatment has substantially higher
rates of sustained viral response than when treatment is initiated later in the course
of the disease [27–35] and therefore it is possible that treatment during this phase of
the disease may result in important benefits to patients and society.
Previous studies have found that HIV prevention and treatment programs targeted to IDUs, including opioid replacement therapy (ORT) and expanded access
to ART, are cost-effective and reduce transmission [121–127].† Although individuals in ORT reduce their risky behaviors, they continue to be at high risk for HIV
and HCV [128]. Individuals in ORT are a readily accessible population for frequent
screening and treatment initiation because of their frequent interactions with health
services. Screening for the short acute phase of HIV and HCV infection may identify
enough individuals, resulting in improved health outcomes and reduced transmission,
†

Opioid replacement therapy is the medically monitored replacement of an illegal opioid drug
such as heroin with a longer acting but less euphoric opioid, usually methadone or buprenorphine.
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to be good value for the additional costs of viral RNA testing. We used a mathematical model to evaluate the potential population-level impacts – costs, effectiveness,
and cost effectiveness – of various protocols and frequencies of screening IDUs in
ORT for acute and chronic HIV and HCV infection. We considered two HIV and
HCV screening technologies, conventional antibody testing and combined antibody
and viral RNA testing, and several screening frequencies: once upon entry to ORT
only; or upon entry to ORT and routinely thereafter, every 3, 6, or 12 months.

2.2
2.2.1

Methods
Model Overview

We developed a deterministic dynamic compartmental model to simulate the population of a representative large US city with 2.5 million persons aged 15 to 59 where
the compartments represent a set of mutually exclusive and collectively exhaustive
health states. We estimated values for all model parameters based on the published
literature, expert opinion, and model calibration (Table 2.1, Appendix Table A.1).
We validated the model’s estimates of HIV and HCV incidence and the proportion of
sexually transmitted HIV infections attributable to transmission from an individual
in the acute phase of HIV infection to literature estimates. We considered a 20-year
time horizon, with calculations in monthly increments. We calculated expected survival, quality-adjusted survival, and expected lifetime health care costs by tracking
the time spent in each health state and compared multiple scenarios. We took a societal perspective, considered costs and benefits over a lifetime horizon, and discounted
outcomes at 3% annually [43]. We calculated incremental cost-effectiveness ratios
(ICERs) by comparing each strategy to the next-best non-dominated strategy. We
conducted extensive sensitivity analysis to assess the robustness of model results.
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Table 2.1: Key input parameters.
Base Value
Total population size, age 15-59
Fraction of population that is IDU
Fraction of IDUs in ORT

Range

Source

2,500,000

Assumed

1.2%

0.7%

1.8%

* [129]

7%

5%

15%

[132, 133]

HIV and HCV Prevalence
HIV, overall (age 15-59)

0.47%

[130]

IDU

6.5%

Non-IDU

0.40%

0.30% 0.45%

1.7%

1.4%

2.0%

[131]

IDU

35%

14%

51%

[12]

Non-IDU

1.3%

1.2%

1.4%

Calculated

Acute HCV

62%

50%

70%

[27–31]

Acute HCV, HIV+

70%

50%

80%

[32–35]

PEG-IFN+RBV

40%

30%

60%

[108,114–116]

PEG-IFN+RBV+PI

65%

40%

80%

[117–119]

PEG-IFN+RBV

30%

20%

50%

[108]

PEG-IFN+RBV+PI

65%

40%

80%

Assumed

Acute HCV

62%

50%

70%

[27–31]

Acute HCV, HIV+

70%

50%

80%

[32–35]

Chronic HCV

82%

60%

88%

[115, 116]

Chronic HCV, HIV+

66%

50%

80%

[108]

HCV, overall (age 15-59)

2%

15%

* [134]
Calculated

HCV Treatment Response
Genotype 1 or 4

Chronic HCV

Chronic HCV, HIV+

Genotype 2 or 3
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Sexual Transmission Parameters
Average number of sexual partners per year
Non-IDU

2

1.1

3

[135]

4.3

2

8

[135, 136]

0.2

0.1

0.7

Calculated

Asymptomatic HIV†

0.025

0.02

0.03

[137]

Symptomatic HIV†

0.05

0.04

0.075

[137]

RR, ART on infection risk

0.1

0.01

0.5

[4, 5, 137–142]

0.0003

0

0.002

[37, 143–146]

0.1

0.01

0.5

Estimated,

IDU
HIV transmission (rate per partner-year)
Acute HIV

HCV transmission (rate per partner-year)
Acute and chronic HCV
RR, HCV treatment on infection risk

[147, 148]
Injection Transmission Parameters
Average number of injections per year

700

500

1500

[149–155]

Fraction of injections that are shared

13%

10%

60%

[154–162]

RR, shared-injecting behavior in ORT

30%

50%

100%

[157, 163]

0.8%

1.2%

‡

HIV transmission (per injection with an HIV+ IDU)
Acute HIV

1%

Asymptomatic HIV†

0.12%

0.09% 0.15%

[164, 165]

Symptomatic HIV†

0.3%

0.25% 0.04%

[164, 165]

RR, ART on infection risk

0.5

0.1

1

[137]

0.4%

0.1%

4%

[166, 167]

0.5

0.1

1

Estimated,

HCV transmission (per injection with an HCV+ IDU)
Acute and chronic HCV
RR, HCV treatment on infection risk

[147, 148]

CHAPTER 2. HIV AND HCV SCREENING IN INJECTION DRUG USERS

16

Screening Costs
Counseling
Pre-test counseling

12.76

[168]

Post-test, negative result

7.14

[168]

Post-test, positive result

13.84

[168]

HIV diagnostics (protocol details are described in Table 2.2)
Antibody (CPT4)
Negative (86701)

12.96

[169]

Positive (86701 (3 times) + 86689)

67.14

[169]

Negative (87535)

124.24

[169]

Positive (87535 (2 times) + 86689)

276.74

[169]

Negative (86803)

20.84

[169]

Positive (86803 (3 times) + 86804)

85.13

[169]

Negative (87521)

62.54

[169]

Positive (87521 (2 times) + 86804)

147.69

[169]

RNA amplification (CPT4)

HCV diagnostics
Antibody (CPT4)

RNA amplification (CPT4)

ART – antiretroviral therapy; HIV – human immunodeficiency virus; HCV – hepatitis C
virus; ORT – opioid replacement therapy; RR – relative risk ; CPT4 – Current Procedural
Terminology, 4th Edition; IDU – injection drug user
∗

The proportion of the population that is IDU and the HIV prevalence among IDUs was

estimated as the unweighted average of the 21 Metropolitan Statistical Areas (MSAs) with
populations between 1.5 and 5 million. Details are available in Appendix Section A.1.1.
†

We classify CD4>500 cells/mm3 as “Asymptomatic HIV” and CD4<500 cells/mm3 as

“Symptomatic HIV”.
‡

We assumed the same relative risk of acute infection transmission as for sexual contact.
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Population Groups

We subdivided the population into three risk groups based on IDU status: current
IDU, IDU in ORT, and non-IDU (Figure 2.1). Based on current estimates from
large US cities, we assumed that approximately 1.2% of the modeled population are
IDUs, with 6.5% HIV prevalence [129] and 35% HCV prevalence [12] among IDUs.
We estimated HIV and HCV prevalence among non-IDUs using the US adult population prevalence of 0.47% [130] and 1.7% [131], respectively. We calibrated the
model to match estimates of HIV and HCV prevalence and incidence in IDUs and
the general population (details in Appendix Section A.1.7). We divided HIV infection status into uninfected, acute HIV infection, asymptomatic HIV, and symptomatic
HIV/AIDS. We divided HCV infection status into uninfected, acute infection, asymptomatic chronic, symptomatic chronic, and end-stage liver disease. We grouped the
four most common HCV genotypes into two groups based on similarity of treatment
protocol and treatment response: genotypes 1 and 4 and genotypes 2 and 3. Further,
we considered whether an individual is aware of his/her HIV or HCV infection status
or is on HIV and/or HCV treatment. The model includes a compartment for every
combination of IDU, HIV, and HCV status, and treatment and awareness, for a total
of 756 compartments. Individuals transitioned between compartments according to
rates defined by the dynamics of disease transmission and progression.

2.2.3

Population Dynamics

All individuals enter the model at age 15 as non-injection drug users (non-IDUs)
without HIV or HCV infection. Individuals exit the population due to maturation
(at age 60) or death. Annual baseline death rates vary by risk group to account for
variation in drug-use-related mortality [170]. We estimated the mortality rate among
non-IDUs using the average mortality rate for the 15-59 year old US population [171,
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Figure 2.1 (previous page): Model schematic. Each compartment is described
by three characteristics: (A) risk group (IDU category), (B) HIV status, and (C)
HCV status. In each cycle, individuals within any compartment may stay in the
same compartment or may change in any or all of these dimensions. Uninfected
individuals who have been screened become aware of their uninfected health status,
but ‘awareness’ wears off with time. Rates of movement between levels of disease
severity are conditional on the current state of the individual (including IDU status
and presence of co-infection). Rates of movement between status of uninfected and
infected are conditional on risk group, the number of infected individuals, and the
sufficient contact rate.
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172]. We estimated the mortality rate among IDUs not in ORT to be 31.1 per 1000
person-years and estimated that IDUs in ORT have a 60% lower mortality rate than
IDUs not in ORT [170, 173, 174].

2.2.4

Disease Progression and Mortality

We estimated HIV and HCV progression and mortality rates, and the impacts of
co-infection on progression and treatment effectiveness from previous models of their
natural history and progression as well as clinical and observational trials (Table 2.1,
Appendix Table A.1). We assumed that individuals with a CD4 count <500 cells/mm3
were eligible to receive combination ART and that treatment with ART slowed
the progression of HIV and reduced HIV infectivity. The duration of HCV therapy and treatment effectiveness differed by HCV genotype category and treatment
type [10,118,119]. The effectiveness of a PEG-IFN+RBV+PI regimen to cure chronic
genotype 1 HCV infection in mono-infected individuals was estimated from recent
trials [118, 119]. Treatment effectiveness of PEG-IFN+RBV for treatment of chronic
HCV infection for genotypes other than type 1 and during the acute phase of HCV in
mono- and HIV co-infected individuals was estimated based on recent trials [27–34].

2.2.5

Risk Behaviors

We estimated IDU risk behaviors using published reports from the Collaborative
Injection Drug Users Study (CIDUS) [13, 156, 175]. We assumed that the injectiondrug-using population would remain a stable proportion of the total population over
the 20-year intervention horizon and that the proportion of the IDU population in
ORT would be constant at 7% [132]. Without incremental interventions, we assumed
that HIV-negative IDUs have a 4.0% annual probability and HIV-positive IDUs have
a 6.7% annual probability of stopping injection behaviors [176]. We estimated that the
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annual rate of leaving ORT and stopping injection drug use was 1.8% and that each
year 44.1% of individuals in ORT would quit ORT and return to drug injection [177].
Using these assumptions and estimates, we calculated the rate at which non-IDUs
become IDUs and the rate at which IDUs enter ORT.

2.2.6

Disease Transmission

We incorporated HIV and HCV transmission from sexual partnerships and injection
equipment sharing through risk-structured mass action. In each month, the number
of sexual partnerships, using and not using condoms, and the number of injection
equipment sharing partnerships, using and not using bleach, were calculated based
on risk-group-specific average number of sexual and injection equipment sharing partners, condom rates, and bleach use rates [135, 136, 157, 163, 178]. We assumed preferential sexual mixing of IDUs with other IDUs (40% of IDU sexual partners were
other IDUs) [149,175,179,180]. We assumed that the viral load reductions that occur
during treatment for HIV and HCV resulted in reductions in infectivity. In the base
case, regardless of how diagnosis occurred, we assumed that awareness of HIV-positive
disease status resulted in an increase in condom use [179, 181, 182] and, among IDUs,
a 20% reduction in needle sharing [183]. We assumed that awareness of HCV-positive
disease status did not result in a reduction in needle sharing behavior [13, 184–186].
We varied these assumptions in sensitivity analysis.

2.2.7

Screening Strategies

We assumed that individuals may learn of their HIV and/or HCV status through
symptomatic case finding, an existing screening program, or a new screening intervention. We estimated baseline rates of diagnosis via existing screening programs
through calibration to current rates of under-diagnosis of HIV and HCV among IDUs
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and non-IDUs (described in Appendix Section A.1.7).
We considered two HIV and HCV screening technologies, conventional antibody
testing and combined antibody and RNA testing.

The HIV and HCV test se-

quence and confirmatory follow-up are based on those implemented in screening
programs [168, 187] and the CDC recommendations for suspected cases, respectively
(Table 2.2) [10]. In the base case, we considered a third generation HIV-antibody test
which we assumed identifies one-third of individuals infected in the past 3 months
(acutely infected individuals); we considered HIV antibody tests with greater sensitivity in the acute infection period (such as a fourth generation HIV-antibody and
p24 antigen tests) in sensitivity analysis. In scenarios with HIV RNA testing, individuals who did not test HIV-antibody positive were subsequently tested for HIV RNA.
The individuals screened are clients of an ORT program, so we assumed that 100%
of individuals receive their test results. We considered several screening frequencies:
once upon entry to ORT only; or upon entry to ORT and routinely thereafter, every
3, 6, or 12 months.
In the base case, we assumed 50% of individuals identified with acute HIV [188],
individuals with a negative antibody test and a positive RNA test, and 40% of individuals identified with acute HCV would initiate treatment. The optimal duration
of therapy for patients with acute HIV infection is unknown. We assumed that individuals who initiated ART during acute HIV infection continued ART after the
acute phase even with a CD4 count >500 cells/mm3 [189–192]. We assumed that
ART reduces sexual infectivity by 90% and infectivity from injection transmission by
50% [4, 5, 137–142]. In the base case, we did not consider any change in the rate of
HIV disease progression caused by ART initiation during acute or early HIV infection.
We estimated the probability of sustained virologic response in patients who initiate
PEG-IFN+RBV during acute HCV infection based on recent clinical trials [27–34].
Consistent with current evidence [30,193,194], we assumed that acute HCV treatment
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Table 2.2: Description of screening protocols.
Screening Technology
“Anti-HIV”

Description
Serum enzyme linked immunosorbent assay (ELISA). If positive, ELISA is twice repeated, confirmed by Western blotting and follow-up counseling informing patient of positive
diagnosis. If negative, follow-up counseling informing patient of negative diagnosis.

“Anti-HIV+RNA”

ELISA. If positive, ELISA is twice repeated, confirmed by
Western blotting and follow-up counseling informing patient
of positive diagnosis. If ELISA is negative, then quantitative nucleic acid amplification test (rtPCR) performed. If
rtPCR indicates positive, rtPCR is repeated and confirmed
by Western blot and follow-up counseling informing patient
of positive diagnosis. If negative, follow-up counseling informing patient of negative diagnosis.

“Anti-HCV”

ELISA. If positive, ELISA is twice repeated, confirmed by
HCV recombinant immunoblot assay (RIBA), and followup counseling informing patient of positive diagnosis. If
negative, follow-up counseling informing patient of negative
diagnosis.

“Anti-HCV+RNA”

ELISA. If positive, ELISA is twice repeated, confirmed by
HCV RIBA, and follow-up counseling informing patient of
positive diagnosis. If negative, then rtPCR performed. If
rtPCR indicates positive, rtPCR is repeated and confirmed
by RIBA and follow-up counseling informing patient of positive diagnosis. If negative, follow-up counseling informing
patient of negative diagnosis.

HIV – human immunodeficiency virus; HCV – hepatitis C virus; ELISA –
Serum enzyme linked immunosorbent assay; rtPCR – quantitative nucleic
acid amplification test; RIBA – recombinant immunoblot assay
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would be equally effective for IDUs in ORT and for non-IDUs.

2.2.8

Costs

Individuals accrued health care costs based on their health state each month and for
transitions between states or events within a cycle such as screening and diagnosis.
We expressed all costs in 2009 US dollars using the US GDP deflator [195].
Baseline costs
We estimated annual baseline health care expenditures for non-IDUs using age-specific
averages for the US population [196,197] and we increased this by $2,021 for HIV- and
HCV-negative IDUs [198]. We estimated the annual cost of ORT to be $5,171 [199].
We estimated the cost of death for an IDU for causes other than HIV or HCV to
be $8,350 based on Medicare reimbursement rates for an emergency room visit and
hospitalization from drug overdose with major complications [169].
Disease-attributable HIV and HCV costs
We assumed that following diagnosis with HIV or HCV, all patients would have
their disease staged and characterized to assist with treatment decisions; we assumed
that this included assessment of viral load and genotyping and cost $500 and $438
per HIV and HCV diagnosis, respectively, based on the Medicare reimbursement
schedule [169].
We used a recent modeling study to estimate the costs of HIV health states [200].
We assumed that asymptomatic HIV-infected individuals who are unaware of their
disease incur no additional health care costs, while individuals with symptomatic disease incur additional costs regardless of whether their disease has been diagnosed. We
assumed that the annual cost of ART is approximately $22,000 and the remainder of
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the HIV-associated health care cost is for disease monitoring, opportunistic infection
prophylaxis, and other outpatient care [200]. We estimated the cost of health care
in the last month of life with HIV to be $33,480 which is the cost of death from an
opportunistic infection [200]. We used a prior cost-effectiveness analysis evaluating
screening for HCV in the general population to inform our estimates of the HCV attributable costs [201]. We assumed that the weekly cost of PEG-IFN+RBV was $471
($11,304 for 24-week course of treatment and $22,608 for a 48-week course of treatment) [202, 203]. We estimated that combination therapy with a protease inhibitor
cost an additional $1,100 per week which would add an average cost of $40,000 per
patient. We assumed the incremental end-of-life costs associated with HCV to be the
same as those accruing from non-HCV death.
Screening program costs
For screening costs, we used CDC estimates for pre- and post-test counseling and
Medicare reimbursement rates for laboratory tests [168, 169]. We assumed HIV and
HCV antibody and RNA test costs based on the Medicare reimbursement schedule [169]. We assumed that 100% of screened individuals would obtain their results
and receive the appropriate post-test counseling [168].

2.2.9

Quality of Life

We assumed a baseline quality-of-life weight of 0.9 for healthy non-IDUs using agespecific values for the US population and averaging based on the distribution of
individual ages [204, 205]. We estimated a baseline quality-of-life weight of 0.747 for
IDUs after adjusting for the average age of the population in the model [206]. Additionally, we incorporated multiplicative quality-of-life weights for individuals with
HIV [207–210] and HCV [211,212] based on their disease stage. Awareness of HIV and
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HCV status affects quality of life, so we included this in the model [213,214]. In addition, we included a decrement in quality of life associated with PEG-IFN+RBV(+/PI) treatment [211].

2.3
2.3.1

Results
HIV and HCV Infections Averted

With no screening targeted to individuals in ORT (referred to as no screening), we
estimate that 7,371 HIV infections and 25,704 HCV infections will occur over the next
20 years (discounted at 3% annually) in a population of 2.5 million with 26,100 IDUs
entering ORT (2,100 IDUs in ORT at any one time). Screening only for chronic HIV
infection averted 13.8 to 27.6 HIV infections (depending on screening frequency) and,
primarily through risk-reducing behavior changes associated with awareness of HIVpositive status, a very small number of HCV infections (Figure 2.2). Screening only
for chronic HCV infection averted 18.0 to 20.0 HCV infections and 2.3 to 2.5 HIV
infections. HIV infections were averted by HCV screening because all individuals
newly diagnosed with one infection were screened for the other during follow-up;
due to its relatively high prevalence (35%) and low rate of awareness (25%), HCV
screening results in a large absolute number of diagnoses and, therefore, HIV tests.
Screening for HIV antibodies with increased frequency averted few incremental infections. For example, increasing screening frequency from annually to twice-annually
averted only 3.3 additional HIV infections over 20 years. Incorporating HIV RNA
testing to identify acute infections averted many more infections than increasing the
frequency of HIV screening: for screening frequency of upon entry to ORT to every
3 months, including RNA detection averted 14.8 to 30.3 more HIV infections, respectively, than antibody screening alone. Across all screening strategies considered,
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Figure 2.2: Estimated number of HIV and HCV infections averted for each screening
strategy over a 20-year time horizon in a representative US city with a population of
2.5 million individuals aged 15-59 compared to a strategy of no screening of IDUs in
ORT (discounted at 3% annually).
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approximately 52% of infections averted were averted in the non-IDU population.
Identifying 1 IDU in ORT with chronic HIV with a CD4 count <500 cells/mm3 and
initiating ART averted 0.1 HIV infections over 20 years. Diagnosis during the acute
phase averted more HIV infections than later diagnosis even if ART is not initiated:
over 20 years, diagnosing 1 IDU in ORT with acute HIV infection averted 0.4 HIV
infections if ART was not immediately initiated and 1.3 HIV infections if ART was
immediately initiated.
Compared to screening for HCV antibodies annually, screening twice annually
averted no additional HCV infections over 20 years. Including HCV viral RNA detection averted an additional 3.7 to 7.7 infections over 20 years compared to antibody
screening alone for screening frequency of upon entry to ORT to every 3 months,
respectively. Early identification and treatment of HCV averts few infections primarily because not all acutely infected individuals will progress to chronic infection and
HCV re-infection is common, absent behavior change.

2.3.2

HIV and HCV Prevalence

Screening of IDUs in ORT for HIV and HCV prevents infections but has little effect
on overall HIV and HCV prevalence because the number of people targeted through
screening in ORT is small. Compared to no screening, the relative change in HIV
prevalence in the total population in year 20 is 0.20% and 0.23% lower with annual
and twice-annual HIV antibody testing, respectively; whereas the relative change in
HIV prevalence in year 20 is 0.43% and 0.51% lower with annual and twice-annual
HIV antibody and RNA testing, respectively. In the IDU population, twice-annual
screening for HIV antibody and RNA decreases HIV prevalence in year 20 by 1.1%
(relative) compared to no screening. Across all strategies considered, the relative
change in HCV prevalence in the total population in year 20 was reduced no more
than 0.32% compared to a strategy of no screening.
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Cost-Effectiveness

Following current guidelines of annual HIV and HCV antibody screening for all IDUs
in ORT costs $35,100/LY gained and $80,800/QALY gained when compared to no
screening of IDUs in ORT. However, this strategy costs more and provides fewer
benefits than strategies that screen more frequently for HIV only (Figure 2.3).
Table 2.3 reports the incremental cost-effectiveness ratio (ICER) of each strategy
compared to the next-best alternative for strategies on the efficient frontier; Appendix
Table A.2 shows results for all strategies.‡ Results differed depending on the measure
of benefit (LY gained or QALY gained), largely because of the decrease in quality of
life from awareness of asymptomatic HIV or HCV infection. Screening every 6 months
for HIV antibodies and RNA costs $65,900/QALY gained compared to screening annually. Screening every 3 months for HIV antibodies and RNA costs $115,400/QALY
gained. Further, including HCV antibody testing upon entry to ORT increases the
ICER to $168,600/QALY. Screening every 6 months for HIV antibodies and RNA
and for HCV antibodies upon entry to ORT costs $57,200/LY gained; further increasing the frequency of HCV antibody screening increases the cost to $71,400/LY
gained. Screening every 3 months for HIV antibodies and RNA and annually for
HCV antibodies costs $100,750/LY gained.

‡

The incremental cost-effectiveness ratio (ICER) is computed as the ratio of the difference in discounted lifetime costs and the difference in discounted lifetime benefits, measured in quality-adjusted
life-years (QALYs), of each alternative compared to the next-best non-dominated alternative. Alternatives are considered ‘dominated’ when another alternative or combination of alternatives provides
more benefits for less cost [44, 45].
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Figure 2.3: Cost-effectiveness plane presenting all non-dominated and selected dominated screening protocols and frequencies targeting IDUs in ORT. Costs and QALYs
are presented incremental to a policy of no screening of IDU in ORT in a representative US city with a population of 2.5 million individuals aged 15-59.
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HCV

Screening Protocol
(Screening Frequency† )
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Incremental Incremental Incremental
Infections

Infections
Cost

LYs

QALYs

Averted

Averted

Reference

Reference

Reference

Reference

Reference

Reference

Reference

Anti-HIV (Entry)

13.78

0.01

1,580,365

169

141

9,365

11,191

Anti-HIV (Annual)

20.22

0.00

2,874,166

245

206

16,938

20,075

Anti-HIV (6 months)

23.55

0.02

3,832,733

281

237

26,436

30,713

Anti-HIV+RNA (Entry)

28.54

(0.37)

5,509,497

337

287

30,323

33,503

Anti-HIV+RNA (Annual)

41.51

(0.60)

11,200,954

487

416

37,900

44,141

Anti-HIV+RNA (6 months)

49.34

(0.75)

16,207,602

574

492

Dominated

65,883

Anti-HIV; Anti-HCV

19.1

19.85

25,652,696

731

318

Dominated

Dominated

Anti-HIV+RNA (3 months)

57.82

(0.96)

25,664,563

668

574

Dominated

115,429

Anti-HIV+RNA (Annual);

40.57

17.33

30,938,150

930

533

44,532

Dominated

48.42

17.17

35,936,712

1,017

609

57,192

Dominated

48.26

19.06

38,956,858

1,060

604

71,399

Dominated

No screening∗∗

(Annual)

Anti-HCV (Entry)
Anti-HIV+RNA (6 months);
Anti-HCV (Entry)
Anti-HIV+RNA (6 months);
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Anti-HCV (Annual)
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Table 2.3: Base case outcomes and incremental cost-effectiveness ratios (ICERs) for non-dominated strategies in
a representative city of 2.5 million individuals age 15-59 years, with 1.2% of the population IDU, and 6.5% and
35% prevalence of HIV and HCV among IDU, respectively.∗

56.9

16.96

45,390,578

1,111

691

Dominated

168,600

56.75

18.86

48,410,723

1,154

686

100,749

Dominated

56.75

18.82

49,421,140

1,156

683

489,639

Dominated

56.72

23.45

55,246,297

1,162

681

905,133

Dominated

56.71

26.47

64,329,321

1,170

689

1,220,703

Dominated

Anti-HCV (Entry)
Anti-HIV+RNA (3 months);
Anti-HCV (Annual)
Anti-HIV+RNA (3 months);
Anti-HCV (6 months)
Anti-HIV+RNA (3 months);
Anti-HCV+RNA (Annual)
Anti-HIV+RNA;
Anti-HCV+RNA (3 months)

HIV – human immunodeficiency virus; HCV – hepatitis C virus; LYs – life years; QALYs – quality-adjusted life-years;
ICER – incremental cost-effectiveness ratio; IDU – injection drug user
∗

Outcomes for all strategies are shown in Appendix Table A.2.

†

Frequencies considered: “Entry” = Upon entry to ORT; “Annual” = Upon entry and annually while in ORT;

“6 months” = Upon entry and every 6 months while in ORT; “3 months” = Upon entry and every 3 months while in ORT
‡

“Dominated” indicates that the strategy costs more and provides fewer benefits than another strategy or a combination

of two strategies.
∗∗

This strategy includes baseline detection rates in the IDU and non-IDU populations and no screening targeted to

individuals in ORT.
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Sensitivity Analysis

We considered alternate-city scenarios by varying the number of IDUs, the fraction
of IDUs in ORT and the HIV and HCV prevalence among IDUs. Varying the number
of IDUs, the fraction of IDUs in ORT, and the prevalence of HCV among IDUs had
little impact on the cost-effectiveness of the screening strategies (Appendix Table A.3).
When we increased the proportion of IDUs in ORT from 7% to 40%, the ICER of
screening for HIV antibodies and RNA every 6 months increased from $65,900/QALY
gained to $100,600/QALY gained because high rates of ORT use lowers the average
HIV risk of the population (in the economic sense, ORT and HIV screening are partial
substitutes). Our results were sensitive to the HIV prevalence among IDUs. In low
(3.5% of IDUs) and high (17% of IDUs) HIV-prevalence scenarios, screening for HIV
antibodies and RNA every 6 months costs $107,000/QALY gained and $23,000/QALY
gained, respectively. Results were not sensitive to the effectiveness of ORT or to the
average time spent in ORT within realistic ranges (Appendix Table A.4).
Results were robust to clinically relevant changes in the HIV natural history and
ART effectiveness parameters, but sensitive to rates of HIV treatment initiation (Appendix Table A.5). However, even with low uptake of ART (25%) among individuals
identified with acute HIV infection, screening every 6 months for HIV antibodies and
RNA cost $77,200/QALY gained. In general, our results were not sensitive to changing access to or effectiveness of HCV treatment (Appendix Table A.6). We considered
scenarios in which initiation of ART in individuals with CD4 counts >500 cell/mm3
slowed HIV progression. These additional benefits increase the cost-effectiveness of
acute HIV screening strategies: screening every 6 months for HIV antibodies and
RNA cost between $61,500 and $65,200/QALY gained depending of the reduction in
progression rate (Appendix Table A.5).
Results were sensitive to the length of time after infection until HIV is detectable
by antibody tests alone (Appendix Table A.7). As newer fourth generation HIV tests
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which combine sensitive HIV antibody technologies with p24 antigen tests become
more widely available, fewer acute infections are identified by the addition of RNA
testing to the screening protocol. If the window period of detection for fourth generation HIV tests is 1 month, screening every 6 months with a fourth generation test
and RNA costs $116,000/QALY gained (compared to $65,900/QALY gained if the
window is 2 months).
We also explored scenarios in which awareness of HCV status changed needlesharing behavior. Assuming that awareness of HCV-positive status decreases needlesharing by 5% substantially improved the cost-effectiveness of HCV screening. For
example, screening every 6 months for HIV antibodies and RNA and for HCV antibodies upon entry to ORT costs $67,400/QALY gained. However, even with high
rates of behavior change, screening for acute HCV infection always has very high
ICERs (>$200,000/QALY gained).
Assumptions relating to quality of life were important drivers in the difference
between the results in terms of per LY gained and per QALY gained. However,
varying the quality-of-life weights within clinically reasonable ranges that maintain
the rank ordering of health states did not substantially change our conclusions, with
one notable exception: the reduction in quality of life from HCV diagnosis. When
we considered no reduction in quality of life from awareness of HCV-positive status
in an asymptomatic individual, screening for HCV antibodies became increasingly
attractive: screening for HIV antibodies and RNA annually and for HCV antibodies
upon entry to ORT costs $44,200/QALY gained, screening for HIV antibodies and
RNA every 6 months and for HCV antibodies upon entry to ORT costs $65,740/QALY
gained, and screening for HIV antibodies and RNA every 6 months and for HCV
antibodies annually costs $69,400/QALY gained (similar strategies in the base case
analysis cost more than $100,000/QALY gained).
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Discussion

Using a model which was calibrated to empirical data and expert estimates of trends
if the status quo were continued, our analysis indicates that screening IDUs in ORT
as frequently as every 6 months for HIV antibodies and RNA is likely to be a costeffective means of reducing the spread of HIV among IDUs and non-IDUs. Although
screening annually with antibodies to HIV and HCV is moderately cost-effective relative to no screening, this strategy is less effective and more costly than strategies
that include more frequent HIV screening. The cost-effectiveness of HCV screening
strategies improves when awareness of HCV-positive status is associated with a reduction in needle-sharing behavior and is not associated with a decrement in quality
of life.
Initiation of treatment during the highly infectious acute period of HIV may be
influential in reducing HIV transmission [26, 109]. Our results demonstrate the importance of being able to distinguish between acute and chronic infections because it
facilitates targeted treatment during the highly infectious acute phase. Thus, when
fourth generation HIV tests are used, the preferred strategy is HIV antibody screening every 3 months (ICER of $38,000/QALY gained) and strategies that include HIV
RNA testing have ICERs above $100,000/QALY gained. This tradeoff between more
sensitive fourth generation HIV-antibody and p24 antigen tests and the ability to
distinguish between acute and chronic HIV infections has also been observed in other
analyses comparing HIV RNA testing combined with third or fourth generation HIV
antibody tests [110]. As of 2012, ART is recommended for all HIV-infected individuals [192]. If, as a result, all patients initiate ART at diagnosis, distinguishing between
acute and chronic infections will be less important.
Cost has been identified as a key factor preventing expanded access to acute HIV
testing [215]. Pooling samples to reduce cost has been proposed and implemented in
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pilot projects of acute HIV testing [187, 215–217]. Importantly, we find that twiceannual acute HIV screening costs less than $50,000/QALY gained even when each
sample is tested individually at a cost of $51.25 per sample (the Medicare reimbursement level [169]), much higher than the average pooled cost per specimen of $3.53
reported elsewhere [187].
Initiation of PEG-IFN+RBV during acute and early HCV infection appears more
likely to result in a sustained viral response than when treatment is initiated later
in the course of disease [27–31]. However, our analysis indicates that relatively few
HCV infections are averted per acute HCV infection treated because the lifetime risk
of HCV infection remains very high among IDUs. Also, the prolonged asymptomatic
phase of HCV infection results in a small present value of benefits to each treated
patient from early intervention.
Recommendations for chronic HCV screening in high-risk individuals are a subject
of debate [218]: the US Preventive Services Task Force found the evidence supporting
screening insufficient to make a recommendation [219] but the CDC and the National
Institutes of Health (NIH) recommend routine HCV screening of high-risk individuals [10, 220]. How these recommendations will change with the availability of a more
effective treatment for chronically infected genotype 1 patients is uncertain. While
our analysis does not find acute HCV testing to be cost-effective in any scenario,
we do find that HCV-antibody testing upon entry to ORT with subsequent treatment with PEG-IFN+RBV+PIs or PEG-IFN+RBV to have an ICER of just over
$100,000/QALY gained when access to treatment is high. Further, the quality-of-life
reduction from awareness of HCV-positive status was an important but highly uncertain parameter: with little to no quality-of-life reduction, HCV screening upon entry
to ORT or annually is moderately cost-effective. Additionally, our results highlight
the importance of behavior change, especially after HCV diagnosis, for achieving reduced HIV and HCV transmission, underscoring the need for effective counseling and
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access to clean needles and injection equipment.
Our findings are broadly consistent with prior studies of the cost-effectiveness of
HIV screening and treatment expansion [122,221,222] and screening for chronic HCV
infection in IDUs [223–226]. We find, as have others [121–124], that HIV prevention strategies targeted to IDUs can substantially reduce the number of new HIV
infections among non-IDUs. To our knowledge, no previous study has considered the
cost-effectiveness of routine screening for acute HIV infection in IDUs. Our results
differ from the one study that considered the cost-effectiveness of screening IDUs for
acute/early HCV infection; that study found antibody screening every 6 months and
initiation of treatment to be highly cost-effective and potentially cost-saving [227].
However, that study assumed that 100% of identified cases among IDUs would be eligible for PEG-IFN+RBV treatment and did not include the possibility of re-infection,
which is known to occur [228].
Our analysis has several limitations. Our “representative city” does not perfectly
represent the HIV-HCV co-epidemic in IDUs in any specific US city. However, via
sensitivity analysis of key “city-specific” parameters we attempted to demonstrate
the fairly wide generalizability of our model findings and to show how results change
for cities with very high rates of ORT use or relatively low rates of HIV in IDUs. We
only capture new infections among adults aged 15 to 59. Including older individuals
would minimally impact the results as few new infections occur in persons over age
60. We did not include benefits from maternal transmissions averted or from contact
tracing. Inclusion of these benefits may increase the cost-effectiveness of screening.
We did not consider screening for other diseases that also occur frequently in this
population such as hepatitis B virus infection. We did not consider HIV screening
technologies including rapid or oral tests, or the recently approved at-home HIV test.
We did not include the risks of poor ART adherence resulting in drug-resistant HIV
and the increase in costs associated with treating drug-resistant infections. We did
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not include many of the potential effects on behavior – either positive or negative
– that might accrue from very frequent screening and counseling such as increased
condom use or increases in serosorting [229–231].§ Finally, we estimated the lifetime
costs, LY, and QALYs for all individuals in the model at the end of the intervention
horizon (20 years) based on their terminal health state using a model in which we did
not continue the screening intervention and did not allow for any additional disease
transmission. This assumption may have resulted in overestimations of the LYs and
QALYs gained in this period, but these estimates had little influence on the costeffectiveness of strategies.
Currently, testing for acute HIV is not widely available outside of pilot programs [109, 187, 215, 232–236], and access to HIV and HCV counseling, testing, and
treatment varies widely across drug treatment programs [237–239]. Fewer than 50% of
IDUs receive the recommended annual testing for HIV and HCV [237–239]. For acute
HIV screening to be effective, testing of samples, reporting of results, and initiation
of treatment must occur quickly. Infrastructure changes and education of substance
abuse workers and associated health professionals may be required [25,239,240]. Our
analysis indicates that not testing IDUs in ORT frequently for acute and chronic
HIV infection is a missed public health opportunity. Such screening could reduce the
number of new HIV infections and would be cost-effective.

§

Serosorting is the practice of identifying sexual partners based on their HIV status.

Chapter 3
Optimal Information Collection for
Dynamic Health Policy
3.1

Introduction

There is currently no guidance for determining the optimal schedule for collecting
additional information regarding a decision to invest in a health program or technology [43, 44]. Current practice in the health decision science literature assumes
that model parameters are fixed across cohorts, and the value of additional information is calculated assuming the information-collection effort is initiated immediately [41, 91, 241]. These static models may provide good estimates of the costeffectiveness of an intervention and the value of information in the current or nearterm cohorts. However, in many cases the cost-effectiveness of a health program or
technology – and, therefore, the value of additional information about one or more
model parameters – may be changing over time because of trends affecting the cohort
or the intervention. In these cases, collecting additional information immediately
may not be optimal and value-of-information calculations based on static parameter
assumptions are likely to be biased. Planning over longer horizons is particularly
39
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important in health policy because, once established, clinical practice is difficult to
change due to high switching costs (re-training and potentially new capital equipment
expenditures), particularly if it appears that the level of service is being reduced [242].
In this paper we apply a stochastic dynamic programming approach to identify
both the optimal time to change the current health intervention policy and the optimal time to collect decision-relevant information. First, we consider a hypothetical
medical intervention for a cohort of patients where one parameter varies across cohorts
with imperfectly observable linear dynamics. We assume that the welfare measure of
the intervention, incremental net monetary benefit (INMB), is linear in the dynamic
parameter which itself is decreasing in expectation. At each time, the policy maker
can choose to invest in the medical intervention and/or to purchase sample information about the uncertain dynamic parameter. We demonstrate that information
collection is best delayed until the signal is sufficiently likely to affect the optimal
policy decision.
We apply this framework to the evaluation of hepatitis C virus (HCV) screening.
Prior to the development of highly effective treatments, HCV screening in the general
population was not considered cost-effective [17] and universal screening was not
recommended [243]. The advent of more effective therapy has changed the value
of identifying infected individuals early to initiate treatment [18–22]. In December
2012, the Centers for Disease Control and Prevention (CDC) released new guidance
recommending one-time HCV screening for all individuals born between 1945 and
1965 [40]. HCV prevalence is decreasing by birth year so HCV screening will only be
cost-effective for a limited time or a limited set of birth cohorts. We apply our model to
simultaneously evaluate the optimal HCV-screening and information-collection policy.
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Related Literature and Contribution

The relevant literature bridges technology adoption, dynamic decisions in health care,
and the value of information in health care.
Technology adoption
Technology-adoption models are usually framed as a decision of when to adopt a
new technology of uncertain value. Technology-adoption models, in which a decision
maker considers the adoption of a technology of unknown profitability, extend a vast
literature on optimal-stopping problems with information collection [244]. Jensen
introduced a model in which information about a new technology is costlessly observed and the decision maker can decide to adopt the new technology at any point
in time [245]. McCardle presented a model in which collecting information is associated with a fixed cost; in each period the decision maker can defer and collect
information, or either accept or reject the new technology [246]. The optimal policy
in each period is characterized by two thresholds: if the expected benefit is above
the upper threshold, it is optimal to adopt the technology; if the expected benefit is
below the lower threshold, it is optimal to reject the technology; and, if the expected
benefit is between these two thresholds the optimal strategy is to gather information.
As time moves forward, uncertainty about the technology’s value reduces and the
two thresholds converge to the cost of adoption. The decision maker eventually stops
collecting information and either adopts or rejects the technology. Smith and McCardle provided several meta-results, some of which we use, describing how properties
of the value function of a stochastic dynamic program are preserved and propagated
through Markov-reward and decision processes [247]. Ulu and Smith extended this
work by relaxing the assumption that the decision maker’s value of the technology
can be summarized by the expected benefit and they allow for general probability
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distributions and signal processes (information gathering) [248].
Another line of research considered technologies with uncertain and changing
value. Rosenberg considered technology adoption in the presence of anticipated technological improvement and concluded that expectation of technological improvement
may delay a firm’s irreversible technology investments [249]. Bessen calculated the
option value of delay for such a problem [250]. Kornish considered the choice between two uncertain technologies where each is subject to a positive network effect
and explores the impact of the network effect on the optimal adoption policy [251].
Chambers and Kouvelis formulated a technology adoption problem incorporating expected learning curve effects [252]. Ulu and Smith extended their model to include
technology evolution over time; however, to guarantee monotonic optimal policies,
they assumed that the expected future improvement of the technology is not increasing [248].
Stochastic dynamic programs in health care literature
Sequential decisions under uncertainty are common in health care, but stochastic dynamic programs have not been widely implemented to solve these problems [66, 67].
Most health care applications of stochastic dynamic programs have focused on optimizing the timing of interventions for an individual patient: for example, the optimal
timing and frequency of HCV testing from the patient perspective [77]. Fewer examples of application to population-level policy exist: Lefevre presented a Markov
decision process to optimally balance prevention (level of quarantine) and treatment
for epidemic control [80]; Kornish and Keeney formulated the influenza-strain selection problem as a finite-horizon optimal-stopping problem [81]; and Özaltın et
al. considered the composition and timing decisions of flu shot design [82]. The
influenza-vaccine composition decision is also an optimal-stopping problem with information collection; however, it has many unique characteristics that distinguish it
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from the problem discussed here such as an inventory deadline (finite horizon), a product useful for one season only, and a time-consuming production process. Similar to
many of the technology-adoption models discussed above but unlike our framework,
in the influenza-vaccine composition models, information is collected in every period
in which a final decision has not been made.
Value of information in health care literature
Bayesian decision theory approaches to value-of-information assessment were first introduced by Raiffa and Schlaifer [87]. In 1983, Weinstein proposed the widespread
adoption of value-of-information analysis to research priority setting in health policy
and medicine [88]. Hornberger et al. [92], Claxton and Posnett [93], and Claxton [94]
introduced a Bayesian approach to identifying the optimal trial sample size and to
assessing the value of additional information for technology-adoption assessments.
Several approaches to increasing the accuracy of value-of-information calculations
followed through the relaxation of several of the assumptions implicit in the original
formulation (e.g., Eckermann and Willan [95], McKenna and Claxton [96], Hall et
al. [97], Fenwick et al. [98], and Willan and Eckermann [99]). One common assumption in these studies is that the currently estimated per person value of information
can be applied to individuals in all future cohorts. Recognizing some of the implications of this assumption, Philips et al. discussed the impact that intervention-horizon
uncertainty, price changes, technological development, and future natural history evidence can have on the per person value of information for future cohorts [253]. They
find that delaying information collection may be desirable.
Contribution
In this paper, we extend the technology-adoption literature to incorporate a technology that is changing in value over time, the opportunity to ‘wait’ without collecting
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information and to select the amount of information to collect, and we incorporate
the possibility of an imperfect information-collection technology. We broaden the
scope of applications of stochastic dynamic programs in the area of health care in an
important way – focusing on population policy rather than patient-level decisions.
We extend the health decision science literature on value-of-information assessment
by developing an approach to identify the optimal information-collection policy when
model parameters are varying across cohorts. Finally, we apply our framework to the
timely public policy problem of developing a population screening program for HCV.

3.1.2

Outline

In Section 3.2, we introduce the policy maker’s decision problem of when to change
policies and when to collect additional information about one uncertain time-varying
parameter. In Section 3.3, we present the analytic solution to the problem without
information collection as well as structural properties of the solution with information
collection. In Section 3.4, we apply the model to the problem of once-in-a-lifetime
HCV screening. Section 3.5 concludes and discusses research directions.

3.2

The Model

A policy maker faces recurring decisions at times t ∈ {0, 1, 2, . . .} about whether to invest in a one-time health intervention for a cohort of individuals (of finite size Nt > 0).
The policy maker’s objective is to obtain a maximum net monetary benefit. The
incremental net monetary benefit (INMB) of performing the intervention is proportional to an uncertain time-varying parameter p̃t ∈ [0, 1], with known linear trend
dynamics.∗ Because of significant institutional frictions, a decision to discontinue a
∗

The incremental net monetary benefit (INMB) of the health intervention is the net monetary
benefit gained compared to the best available alternative.
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currently implemented health intervention or to implement a new health intervention
applies to all future cohorts, so the best control can be determined as solution to an
optimal-stopping problem.
The policy maker’s prior beliefs about p̃t at time t follow a beta distribution with
probability density function (pdf)
fp (pt |xt ) =

Γ(at + bt ) at −1
(1 − pt )bt −1 ,
p
Γ(at )Γ(bt ) t

∀ pt ∈ [0, 1],

with distribution parameters xt = (at , bt ) ∈ X = {(a, b) ∈ N2 } which denote the
current belief state. We let µ(xt ) and σ(xt ) denote the mean and standard deviation
of p̃t , respectively.
Let dt ∈ D = {0, 1} denote the decision to invest in the health intervention at
time t, with dt = 0 denoting ‘No Intervention’ and dt = 1 denoting ‘Intervention.’ To
inform these decisions the policy maker has the option to test a population sample of
size nt ∈ Nt = {0, . . . , Nt } at cost κ(nt ). At each time t the policy maker implements
the control ut = (dt , nt ) in Ut = D × Nt .
The current-period INMB from the health intervention, gt , is affine in the uncertain time-varying parameter p̃t ,
gt (pt , ut ) = dt (θpt − γ) − κ(nt ),

(3.1)

where the parameters θ and γ denote the marginal and fixed INMB of doing the
intervention, respectively. The expected INMB of choosing ‘Intervention’ for the t-th
cohort is E[gt (p̃t , ut )|xt , dt = 1] = θµ(xt ) − γ − κ(nt ).
The application in Section 3.4 features the decision problem of when to stop a oncein-a-lifetime disease-screening program where p̃t is the uncertain disease prevalence
in the t-th cohort which is linearly decreasing over time, θ > 0 is the benefit of early
diagnosis and treatment initiation for an affected individual, γ > 0 is the per-person
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cost of the program, and the current-period INMB gt is increasing in p̃t . However,
our framework can accommodate a wide variety of problems.
As formulated, the uncertain parameter only needs to be bounded by 0 and 1.
Thus, the parameter can represent not only a probability but any parameter that is
scaled from 0 to 1 and changing linearly. Thus, the parameter could represent, for
example, a quality-of-life weight or, combined with a scaling factor, could represent
cost. Additionally, our analysis assumes that the parameter value is decreasing over
time. To model a situation where the expectation of the uncertain parameter is
increasing (e.g., obesity prevalence), the problem can easily be formulated as one in
which a parameter of opposite definition is decreasing (e.g., prevalence of individuals
who are not obese). Our exposition of the problem involves an example of when to stop
a health intervention. However, the framework can also be applied in settings in which
the decision maker wishes to identify the optimal time to initiate a new intervention
(e.g., when to adopt a new surgical technique). More broadly, our framework can be
applied in settings in which the decision maker wishes to identify the optimal time to
stop the current intervention or the optimal time to initiate a new intervention; the
uncertain parameter is linearly increasing or decreasing across intervention cohorts;
and the period reward function is increasing or decreasing in the uncertain parameter.
Examples are shown in Table 3.1.

Case Uncertain timevarying parameter
p̃t = 1 − q̃t
A

pt , decreasing in t

B

pt , decreasing in t

Period reward of
“Intervention” vs.
“No Intervention”∗
gt = θp̃t − γ
gt is increasing in pt
θ, γ > 0

gt is decreasing in pt
θ, γ < 0

Setting†

Example

µp (x0 ) > γθ
“Intervention” is currently
implemented.
Optimal stopping problem.

“Intervention”: General population HCV
screening at age 50 (Section 3.4)
Period reward function: gt = θpt − γ
pt , prevalence of HCV in cohort t
θ, marginal benefit of early diagnosis and
treatment for an infected individual
γ, fixed cost of screening

µp (x0 ) > γθ
“Intervention” not currently
implemented.
Optimal starting problem.

“Intervention”: New surgical device vs.
old device
Period reward function: ĝt = −θ̂pt + γ̂
pt , complication rate in device iteration t
θ̂, incremental cost with complication
γ̂, benefit of surgical intervention without
complication
Problem transformation to framework:
θ = −θ̂, γ = −γ̂
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qt , increasing in t

gt is decreasing in qt
(increasing in pt )
θ, γ > 0

µq (x0 ) < 1 − γθ
⇒ µp (x0 ) > γθ
“Intervention” is currently
implemented.
Optimal stopping problem.

“Intervention”: Pap smear for early identification of pre-cancerous lesions of the
cervix from HPV infection
Period reward function: ĝt = θ̂qt + γ̂
qt , prevalence of HPV vaccine coverage in
cohort t
θ̂, incremental benefit of Pap smear in a
vaccinated person (θ̂ < 0)
γ̂, value of Pap smear in an unvaccinated
person
Problem transformation to framework:
pt = 1 − qt , θ = −θ̂ > 0, γ = −γ̂ − θ̂ > 0

D

qt , increasing in t

gt is increasing in qt
(decreasing in pt )
θ, γ < 0

µq (x0 ) < 1 − γθ
⇒ µp (x0 ) > γθ
“Intervention” not currently
implemented.
Optimal starting problem.

“Intervention”: Peanut-free spaces regulation (i.e., schools, airplanes, etc.)
Period reward function: ĝt = θ̂qt − γ̂
qt , prevalence of severe peanut allergy at
time t
θ̂, benefit of peanut-free spaces to individuals with peanut allergies
γ̂, fixed cost of creating and enforcing
peanut-free public spaces
Problem transformation to framework:
pt = 1 − qt , θ = −θ̂ < 0, γ = γ̂ − θ̂ < 0

∗

†

48

When θ ≤ 0 ≤ γ, the “Intervention” is dominated by the alternative for all realizations of p̃t . For γ ≤ 0 ≤ θ, the
“Intervention” dominates the alternative for all realizations of p̃t .
µp (x0 ) is the expectation of the initial belief p̃0 ; µq (x0 ) is the expectation of the initial belief q̃0 ; µp (x0 ) = 1 − µq (x0 ).
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The Information-Collection Problem

Let P denote the set of measures derived by mixing beta distributions. Specifically if
p̃t ∈ P, then there exists xt,i = (at,i , bt,i ) ∈ R2++ such that 1 6 i 6 m, m ∈ R++ , and
P
a set of nonnegative weights ωi such that m
i=1 ωi = 1, where the distribution of p̃t is
Pm
i=1 ωi beta(at,i , bt,i ).
The policy maker’s prior beliefs about p̃t at time t are in P. The policy maker
can take nt ∈ Nt independent Bernoulli samples from the current cohort using an
information-collection technology with known test characteristics q = (q1 , q2 ), where
q1 is the sensitivity, q2 is the specificity, and q1 + q2 > 1, at a cost κ(nt ), where κ(·)
is an increasing function and κ(0) = 0. The number of positive samples observed is
vt ∈ {0, . . . , nt }. Based on the collected information the policy-maker updates his
beliefs about p̃t in a Bayesian manner.
Proposition 1 Let fp ∈ P denote the policy maker’s prior belief about p̃t . Given an
observation of ṽt = vt , the posterior belief fp|v is in P.
Proof. See Appendix B.1.1.



We now focus on a special case in which the current belief, p̃t ∈ P, has been generated through Bayesian updating (potentially many times) initiated with a single beta
distribution. Conceptually, adding an additional step to the information-gathering
process reveals that the resulting weights over ‘consecutive’ beta distributions are
unimodal. Given an observation of vt positives and nt − vt negatives, we could develop a distribution for the true number of positives in the sample as the convolution
of two binomial processes: one in which there is a

p̃t q1
p̃t q1 +(1−p̃t )(1−q2 )

probability of a

positive given that a positive was observed and one in which there is a

p̃t (1−q1 )
p̃t (1−q1 )+(1−p̃t )q2

probability of a positive given that a negative was observed. For large nt , each of
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these binomials could be approximated with a normal distribution and the convolution of the two normal distributions would also be a normal distribution (which is
unimodal). The unimodally distributed weights over the true number of positives
are also the weights over the components of the posterior beta-distribution mixture.
These unimodal weights over the mixture components result in the mixture itself
being unimodal and, in practice, the resulting mixture distribution can be closely
approximated by a beta distribution with mean and variance matching the actual
posterior distribution. Therefore, the policy maker’s beliefs about p̃t at time t can
always be described with single beta distribution where xt = (at , bt ) ∈ R2++ denotes
the current belief state.
Let ψ̂(xt , ut , vt , q) denote the function that generates the approximating parameters, with

x̂t = 

ât
b̂t


 = ψ̂(xt , ut , vt , q) =


!
µp|v
µp|v (1 − µp|v )

−1 
2
σp|v
1 − µp|v

,
(xt ,ut ,vt ,q)

2
represent the expectation and the variance of the posterior distriwhere µp|v and σp|v
2
bution. Derivations of µp|v and σp|v
are presented in Appendix Section B.2.4. Because

there is a one-to-one relationship between the mean and variance of the beta distribution and its parameters, in the case of a perfect information collection technology
the approximation function returns the exact posterior; therefore, we always use x̂t
to denote the posterior belief state.

CHAPTER 3. OPTIMAL INFORMATION COLLECTION STRATEGIES

3.2.2

51

System Dynamics

The state xt , which contains the parameters of the distribution of pt representing the
policy maker’s current beliefs, follows a linear law of motion of the form

xt+1 = φ(x̂t ) = 

z

0

1−z 1


 x̂t ,

where z ∈ (0, 1) is a known decay rate. Features of these dynamics include a linearly decreasing mean, increasing co-efficient of variation, and decreasing variance for
µ(x0 ) 6

1
.
1+z

The state-transition function φ is linear and time-invariant in µ(xt ) and

linear and time-variant in σ 2 (xt ) (Figure 3.1):
2

2



µ(xt+1 ) = zµ(x̂t ) and σ (xt+1 ) = σ (xt ) z + z(1 − z)



µ(x̂t )
1 − µ(x̂t )


.

The features of these dynamics can represent a wide variety of settings in which the
expectation of a parameter is linearly decreasing over time (e.g., a health condition
that is decreasing in prevalence over time (Section 3.4)). To model a situation where
the expectation (and variance) of the uncertain parameter is increasing (e.g., obesity
prevalence), the problem can easily be formulated as one in which a parameter of
opposite definition is decreasing (e.g., prevalence of individuals who are not obese).

3.2.3

The Policy Maker’s Problem

At each time t, the policy maker can implement an action ut in the control-constraint
set U: ut = (0, 0), ‘no intervention (and do not sample);’ ut = (1, 0), ‘do intervention
and do not sample;’ ut = (1, nt ), ‘do intervention and sample nt individuals.’ The
theoretical action of ut = (0, nt ), ‘no intervention and sample nt individuals,’ is
dominated because once the intervention has been stopped it cannot be restarted,

CHAPTER 3. OPTIMAL INFORMATION COLLECTION STRATEGIES

52

Figure 3.1: Illustrative example of state trajectories. The solid line represents the
state trajectory without sample information. The trajectory with sample information
collected at time t (sample size nt = 50) also begins with the solid line. At time t,
incorporating the information causes a jump, in this example, indicated by the thin
dashed line. Without further information collection, the trajectory then follows the
path of the thick dashed line. Only one of many possible realizations of the jump
induced by information collection is shown. For this example, we assumed z = 0.8.

due to high institutional costs, and therefore the information collected by this
control would not be actionable.† The irreversibility of the decision is also consistent
with the linear dynamics: once the parameter’s mean and variance are below the
threshold where the optimal action is to not do the intervention, the expected next period belief has lower expectation and variance whether information is collected or not.
†

To model an optimal-starting problem, the policy maker can implement an action ut in the
control-constraint set U: ut = (0, 0), ‘no intervention and do not sample;’ ut = (1, 0), ‘do intervention and do not sample;’ ut = (0, nt ), ‘no intervention and sample nt individuals.’ The theoretical
action of ut = (1, nt ), ‘do intervention and sample nt individuals,’ is dominated because once the
intervention has been started it cannot be stopped.
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To maximize the net monetary benefit, the policy maker seeks to find the best of
all possible policies π : X → U which map the state space to current-period actions.
The optimal policy π ∗ (·) specifies ut = (dt , nt ) as a function of the state xt = (at , bt ),
solving the optimal control problem

max
π(·)

∞
X

δ t E [g(p̃t , π(xt ))| xt , vt ]

t=0

subject to xt+1 = φ(ψ̂(xt , ut , ṽt , q)),

x0

given,

ut = π(xt ) ∈ U,
where δ ∈ (0, 1) denotes the per period discount factor. Given an optimal policy π ∗ (·),
the value function V (xt ) satisfies the Bellman equation,
V (xt ) =

max
ut =(dt ,nt )∈U

{dt (θµ(xt ) − γ) − κ(nt ) + δE[V (φ(ψ̂(xt , ut , ṽt , q)))]},

(3.2)

= d∗t (θµ(xt ) − γ) − κ(n∗t ) + δE[V (φ(ψ̂(xt , u∗t , ṽt , q)))],
for all admissible states xt ∈ X , where u∗t = (d∗t , n∗t ) = π ∗ (xt ).

3.3

Dynamic Health Care Decisions

In this section, we present policy analysis for the case of an optimal stopping problem.
An optimal-starting problem, where θ, γ < 0, can be treated in a symmetrical manner.

3.3.1

Policies without Information Collection

If information is prohibitively costly or practically infeasible to collect, Eq. 3.2 becomes
V (xt ) = max {dt (θµ(xt ) − γ) + δV (φ(xt ))}.
dt ∈{0,1}
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In this case, we can analytically determine the optimal-stopping conditions and, given
an initial condition x0 , we can identify the optimal number of periods to continue the
current policy and the value of such a policy. To determine the policy threshold, we
need to find the greatest value of µ(xt ) such that
θµ(xt ) − γ + δV (φ(xt )) = 0.

(3.3)

For all states xt for which the optimal strategy is not to do the intervention, doing
the intervention remains optimal in the future since for z ∈ (0, 1),
µ(φ(xt )) =

zat
at
<
= µ(xt ).
at + b t
at + b t

Thus, for all states where V (xt ) = 0, it is also that V (φ(xt )) = 0. Setting V (φ(xt )) =
0, we rearrange Eq. 3.3 to find the threshold value of µ(xt ) such that V (xt ) = 0.
We identify that for all states where µ(xt ) ≤

γ
θ

the optimal decision is to stop the

intervention; this defines a threshold policy and a stopping region in X implicitly
defined by the optimal policy

 0, if µ(x ) ≤ γ ,
t
θ
∗
dt =
 1, otherwise.
Restricting attention to the interesting case where µ(x0 ) >

(3.4)

γ
θ

and using the fact

that µ(xt ) = z t µ(x0 ), we rearrange Eq. 3.3 to find t∗ (x0 ) such that the intervention
has nonpositive INMB for all t > t∗ (x0 ):
1
ln
t (x0 ) = bt(x0 )c = b
ln(z)
∗




γ
c.
θµ(x0 )

(3.5)
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Hence, the value of implementing the a policy for t = {0, ..., t∗ (x0 )} is given by
the geometric series
t∗ (x0 )

V (x0 ) =

X

∗

δ t (θz t µ(x0 ) − γ) = θµ(x0 )

t=0

1 − (δz)t (x0 )+1
1 − δz

!

∗

−γ

1 − (δ)t (x0 )+1
1−δ

!
. (3.6)

Proposition 2 When information is prohibitively costly or practically infeasible to
collect, the optimal value function V (xt ) is non-decreasing and convex in µ(xt ).
Proof. See Appendix B.1.2.



Remark 1 The above results depend only on the decreasing expectation of the distribution and is otherwise distribution free.

3.3.2

Policies with Information Collection

The value of an optimal policy is determined by the Bellman equation:
V (xt ) = max{dt (θµ(xt ) − γ) − κ(nt ) + δE[V (φ(ψ̂(xt , ut , ṽt , q)))]}.
ut ∈U

Proposition 3 The optimal value function V (xt ) is nondecreasing and convex in
µ(xt ), and nondecreasing in σ 2 (xt ).
Proof. See Appendix B.1.3.

(1)



(2)

Corollary 1 Consider xt , xt

(1)

(2)

(1)

(2)

with µ(xt ) < µ(xt ) and σ 2 (xt ) = σ 2 (xt ), then
(1)

(1) if it is optimal to do the intervention with µ(xt ), then it is also optimal to do
(2)

the intervention with µ(xt );
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(2)

(2) if it is optimal not to do the intervention with µ(xt ), then it is also optimal
(1)

not to do the intervention with µ(xt ).
Proof. See Appendix B.1.4.



An optimal policy is characterized by a map from the state space to actions,
featuring three regions (Figure 3.2). We describe, in detail, the features of the optimal
policy for the case of an optimal stopping problem (Figure 3.2A).‡ In region I, an
optimal policy is ‘no intervention (and do not sample).’ In region II, an optimal
policy is ‘do intervention and sample nt individuals.’ In region III, an optimal policy
is to ‘do intervention and do not sample.’
Denote the µ(xt ) that defines the boundary between regions I and III as µ̄; from
Section 3.3.1, µ̄ = γθ . For 0 6 µ(xt ) 6 µ̄, we can establish that the policy maker is
indifferent between ‘no intervention (and do not sample)’ and ‘do intervention and
sample nt individuals’ when the rewards of the two regions are equal:
0 = θµ(xt ) − γ − κ(nt ) + δE[V (φ(ψ̂(xt , ut , ṽt , q)))].

(3.7)

Focusing on the region µ̄ 6 µ(xt ) 6 1, we can establish that the policy maker is
indifferent between ‘do intervention and sample nt individuals’ and ‘do intervention
and do not sample’ when the rewards of the two regions are equal. Removing common
terms from each side, this occurs when
−κ(nt ) + δE[V (φ(ψ̂(xt , ut , ṽt , q)))] = δV (φ(xt )).

(3.8)

For each σ 2 (xt ), there can exist more than one µ̄ < µ(xt ) 6 1 satisfying Eq. (3.8)
because V (φ(ψ̂(xt , ut , ṽt , q))) is increasing, but neither concave or convex, in vt . We
‡

Figure 3.2B presents an optimal policy for the symmetrical case of an optimal starting problem.
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Figure 3.2: Illustrative example of policy regions for (A) an optimal-stopping
problem and (B) an optimal-starting problem. In both cases, the initial belief is in
region II or III. Over time, the dynamics steer the belief towards region I.

can also intuitively describe the existence of the section of region III that lies between
regions I and II. Compared to a point in region II with the same standard deviation
but higher mean, if information were to be gathered, the distribution of possible
posterior states for a point in this region includes a higher proportion of states in
region I (with a reward of 0) and a lower proportion of high-reward states (those
with high mean and high standard deviation) and, therefore, information collection
is less likely to yield a value exceeding its cost. Compared to a point in region II with
the same mean but higher standard deviation, the distribution of possible posterior
states for a point in this region is narrower. Because of a ‘limited liability’ effect,
increased spread on the side of low mean has no impact on the expectation, but
increased spread into the high-reward states substantially increases expectation and,
therefore, information collection is more likely to yield a value exceeding its cost for
the state with higher standard deviation.
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Proposition 4 For a fixed sample size η (so nt ∈ {0, η} for all t), misclassification in
the information-collection technology cannot increase the value function and contracts
the information region.
Proof. See Appendix B.1.5.



This result is consistent with Blackwell’s result that a less informative signal
cannot increase the value of a single-person decision problem [254]. Clearly the signal
without misclassification is a sufficient statistic for the signal with misclassification
and, therefore, at least as informative.

3.4
3.4.1

Application
Background and Motivation

Chronic HCV infection is a slowly progressing blood-borne disease that causes liver
fibrosis, cirrhosis, and liver cancer. It is the principal cause of death from liver disease
and the leading indication for liver transplantation in the United States (US) [255,
256]. Between 2.7 and 5.2 million Americans (1.1-2.1% of the adult population) are
chronically infected with HCV [6,7]. Two-thirds of the chronically infected were born
between 1945 and 1965 (Figure 3.3) [6]. Prevalence peaks in this birth cohort and
decreases thereafter for two primary reasons. First, the epidemic of injection drug use
that started in the 1960s and peaked in the 1970s and 1980s was followed by much
lower rates of injection drug use initiation in the 1990s [14]. Second, blood-donor
screening was initiated in the late-1980s to early 1990s which has nearly eliminated
blood transfusion as a mode of transmission [15]. Approximately half of all chronically
infected individuals are unaware of their disease status [16].
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Figure 3.3: Prevalence of HCV by birth year in US (A) men and (B) women.
Estimated using the National Health and Nutrition Examination Survey (NHANES)
(1999-2010). For details, see Appendix Section B.3.

Not previously considered cost-effective [17], newly available highly effective treatments have renewed interest in the question of general-population HCV screening.
Five recent studies have concluded that one-time screening of individuals born between 1945 and 1965 is cost-effective [18–22] and, in 2012, the CDC released new
guidance in support of one-time screening of these birth cohorts [40]. Several studies
indicate that screening individuals born later than 1965 is also likely to be costeffective [20–22]. Since HCV prevalence is decreasing with increasing birth year (Figure 3.3), there will be a time at which screening is no longer cost-effective. To improve the decision about the best time to stop screening, additional information about
prevalence of the current and future cohorts may be desirable. However, standard
approaches to finding the value of information do not usually include the option to
delay the information acquisition.
We now apply the stochastic dynamic programming framework developed in Section 3.2 to the case of one-time HCV screening at a routine medical appointment at
age 50 for successive birth cohorts. We consider screening at age 50 because one-time
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screening at this age had the lowest ICER in a cost-effectiveness analysis of single
birth cohort screening.§ Using value iteration implemented in R version 2.15.0 [257],
we numerically determine an optimal HCV-screening and information-collection policy for US adults. At each time, we consider the actions of ‘do not screen for HCV
and do not collect information about HCV prevalence in the current cohort;’ ‘screen
for HCV and collect sample information about HCV prevalence in the current cohort;’
‘screen for HCV and do not collect information about HCV prevalence in the current
cohort.’ We compare this optimal strategy to the policies identified by various alternative approaches: a slightly modified version of the CDC recommendation;¶ an
optimal policy without information collection; and an optimal policy with (possibly
immediate) information collection.

3.4.2

Parameter Estimation

Estimating the lifetime costs and benefits of each HCV screening outcome for cohorts
of asymptomatic 50 year old men and women requires a detailed natural history model
of HCV that incorporates liver-fibrosis-stage-, gender-, race-, and age-specific disease
progression rates, symptomatic and incidental diagnosis, patient-genotype-specific
treatment regimens, disease surveillance and liver-fibrosis-stage-specific treatment
initiation rates, complex HCV-genotype and response-based treatment algorithms,
age-specific mortality adjusted for HCV and HCV risk factors, and the cost and utility associated with each health state and event. We used the previously published
model of Liu et al. to estimate the lifetime costs and benefits of each HCV screening
§

Waiting to perform a one-time screening in older individuals is less cost-effective because their
disease may have progressed further and treatment is less effective in more severe disease states. Onetime screening of younger individuals is less cost-effective because younger individuals are further
away from the long-term consequences of HCV screening and treatment hope to avoid.
¶
The CDC recommendation is to screen all individuals born between 1945 and 1965 for HCV at
their next routine medical visit [40]. We ignore the screening of individuals born prior to 1960; for
all others, we assume HCV screening occurs at age 50.
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outcome [21]. While the analysis of Liu et al. [21] included nine combined screening
and treatment strategies, we focused the medical intervention decision on just two
strategies (Figure 3.4): one-time screening at age 50 and no screening. For HCV
treatment, we assumed that genotype 1 patients who initiate treatment receive triple
therapy (pegylated interferon alpha, ribavirin, and a recently-developed protease inhibitor). For patients with other genotypes, we assumed the current standard of care
treatment regimen (pegylated interferon alpha and ribavirin). The marginal INMB
of early diagnosis and treatment for an individual with HCV, θ, and the fixed INMB
of screening, γ, are
θ = λ [q1 (B1 − B2 ) − (1 − q2 )BF P ] − q1 (C1 − C2 ) + (1 − q2 )CF P ,

(3.9)

γ = CS + (1 − q2 )CF P − λ [BS + (1 − q2 )BF P ]

(3.10)

and

where CS > 0 is the cost of the screening test, BS 6 0 is the quality-of-life loss
from the screening test, CF P > 0 is the cost of correcting a false-positive diagnosis,
BF P 6 0 is the quality-of-life loss from a false-positive test result, and where the
lifetime discounted costs and benefits of the true-positive, false-negative, and truenegative screening outcomes, are denoted C1 , C2 , C3 , and B1 , B2 , B3 , respectively.
We estimated birth-cohort-specific HCV prevalence, the proportion of HCVpositive individuals who are unaware of their HCV-infection status, and HCV
prevalence dynamics through primary analysis of the National Health and Nutrition
Examination Survey (NHANES) (Appendix Section B.3).

HCV prevalence was

highest among individuals born between 1953 and 1957 for men (6.6%, 95% CI:
4.9-8.2%) and women (2.7%, 95% CI: 1.6-3.9%) (Figure 3.3). We estimated the HCV
prevalence for our initial cohorts, men and women born in 1960 who are currently
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unaware of their infection status, to be 3.1% (95% CI: 2.4-3.8%) and 1.4% (95% CI:
1.0-1.7%), respectively. Restricting the analysis to individuals born between 1956
and 1980 (n = 12,607), we identified the rate of prevalence decay to be 0.893 (95%
CI: 0.871-0.915) using logistic regression controlling for race and gender (Appendix
Table B.1). Other model parameters were estimated from the medical literature
or expert opinion. Parameter values and ranges used in sensitivity analysis are
presented in Table 3.2.

Figure 3.4: A schematic of the medical intervention decision. Each year, the policy
maker must choose whether to screen for HCV infection in 50 year olds who attend
a routine preventive health exam. The HCV prevalence in the tth cohort is p̃t . The
screening test has imperfect test characteristics, q = (q1 , q2 ). The screening test costs
CS > 0 and screening test invasiveness may result in a quality of life loss of BS 6 0.
An initially false-positive diagnosis is corrected at cost CF P > 0 and quality-of-life
loss of BF P 6 0. The lifetime discounted costs and benefits of the true-positive,
false-negative, and true-negative screening outcomes, are denoted by C1 , C2 , C3 , and
B1 , B2 , B3 , respectively.
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We assumed that the cohort size at each period, the number of men who attend
a preventive health exam at age 50, is constant over time, Nt = Q, since there is less
than 10% variation from the average population size across cohorts currently aged
between 25 and 55 years of age [258]. The policy maker must simultaneously decide
at the beginning of each period whether to screen the current cohort for HCV and
whether to conduct a study of sample size nt to better estimate the current prevalence
of HCV. We report results for the sample size that maximized value. Information
arrives at the end of the current period and can only be used, in combination with
the prevalence dynamics, to inform the screening decision for the next cohort. We
assumed that the cost of sample information, κ(nt ), is affine in the sample size with
a fixed cost of $50, 000 and variable cost of $100. We estimated the cost of sample
information using expert opinion and the Medicare Fee Schedule [259].
Consistent with the recommendations of the US Panel on Cost-Effectiveness in
Health and Medicine, we adopted a societal perspective, considered costs and benefits
over a lifetime horizon for each cohort, and discounted future costs and health benefits
at 3% annually [43]. We measured costs in 2010 US dollars and adjusted for inflation
using the Consumer Price Index when appropriate [260]. Benefits are measured in
quality-adjusted life-years (QALYs). The value gained by an HCV-screening program
is the sum of the discounted expected INMB of screening compared to not screening over all future periods. We assumed a mid-range value for society’s maximum
willingness to pay of $75, 000 per QALY gained [54].

Males

Females

Value (Range)

Value (Range)

Eligible for a preventive health exam (PHE)

2.1 million (1.8 − 2.3 million)

2.1 million (1.9 − 2.4 million)

[258]

Proportion who attend a PHE

24.4% (19.3 − 29.5%)

43.3% (37.3 − 49.3%)

[261]

Annual number of PHE

508, 222

920, 706

(386, 600 − 630, 000)

(753, 000 − 1, 100, 000)

Variable, Description

Sources

Annual Cohort: Individuals aged 50 years

Q

Calculated

HCV Screening Test
q1

Sensitivity

0.97 (0.950 − 0.999)

[262]

q2

Specificity

0.9996 (0.990 − 1.0)

[263]

CS Cost of HCV-antibody test

$28 ($20 − 40)

[259]

CF P Cost of false positive

$230 ($200 − 250)

[259]

BS Quality-of-life change, event of screening

0 (not varied)

Assumed

BF P Quality-of-life change, false positive result

0 (not varied)

Assumed

Lifetime discounted costs per person
C1 HCV+, identified through screening

C2 HCV+, not identified through screening

$146, 928

$161, 121

($140, 000 − 154, 000)

($153, 000 − 170, 000)

$126, 943

$143, 900

($120, 000 − 133, 000)

($136, 000 − 152, 000)

[21]

[21]
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$181, 314

$192, 135

($172, 250 − 190, 000)

($182, 500 − 202, 000)

[21]

Lifetime discounted quality-adjusted life-years (QALYs) per person
B1 HCV+, identified through screening

10.42 (10.16 − 10.68)

11.71 (11.41 − 12.0)

[21]

B2 HCV+, not identified through screening

10.06 (9.80 − 10.31)

11.44 (11.15 − 11.72)

[21]

B3 HCV- individual

15.69 (15.30 − 16.08)

16.24 (15.83 − 16.64)

[21]

Incremental net monetary benefit (INMB) per person
θ

Variable component of INMB

$7, 030 ($4, 000 − 12, 000)

$2, 962 ($3, 000 − 10, 000)

Eq. 3.9

γ

Fixed component of INMB

$28.05 ($22 − 40)

$28.05 ($22 − 40)

Eq. 3.10

Cost of collecting information
κF

Fixed cost per sampling study

$50, 000 ($25, 000 − 250, 000)

κV

Variable cost per sample

$100 ($50 − 500)

κ(nt ) Cost of sampling, per person in the cohort

Estimated
[259]

(κF + κV nt )/Q

Assumed

Other
x0

Initial belief, HCV prevalence in undiag-

a0 = 75.1, b0 = 2350.5

a0 = 51.5, b0 = 3756.3

nosed individuals (1960 birth cohort in 2010)

µ(x0 ) = 0.031,

µ(x0 ) = 0.0135,

σ(x0 ) = 0.0035

σ(x0 ) = 0.0019

Section B.3

z

Rate of prevalence decay

0.893 (0.871 − 0.915)

λ

Willingness-to-pay threshold

$75, 000/QALY gained ($50, 000 − 100, 000/QALY gained)

[54]

r

Annual discount rate

0.03 (0 − 0.05)

[43]
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PHE – Preventive health exam; QALY – Quality-adjusted life-year; INMB – Incremental net monetary benefit

Section B.3
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Results

Policies Identified by Alternative Approaches
We computed the expected value of the CDC recommendation by substituting t∗ = 5
into Eq. (3.6). The sum of the discounted expected INMB for screening 6 cohorts,
until the 1965 birth cohort turns 50 years of age, is $399.1 million for men and $15.4
million for women (Table 3.3).
We identify an optimal policy, the threshold prevalence value below which the
HCV-screening program should be terminated and the best time to terminate the
screening program, assuming no opportunity for information collection using Eq. (3.4)
and Eq. (3.5). In men, the program should be terminated when prevalence falls below
0.4%, which will occur in 18 years (95%CI: 16-19 years). In women, the program
should be terminated when prevalence falls below 0.1%, which will occur in 3 years
(95%CI: 0-5 years). The expected INMB of these policies is $566.5 million for men
and $21.7 million for women (Table 3.3).
The traditional approach to value-of-information assessment in the health policy
literature assumes immediate information collection [41, 241]. For men and women,
we find the optimal sample sizes to be 910 and 4, 930 individuals from the current
cohort, respectively (Figure 3.5). The expected INMB of immediate information
collection followed by the optimal policy based on the information collected increases
by $20, 000 for men and $600, 000 for women (Table 3.3).

Case

Optimal Policy

Value

Increase in

(Expected INMB)

Expected INMB

Males
CDC recommendation∗

Screen until 1965 birth cohort turns 50

$399, 140, 000

Reference

No information available

Screen until 1978 birth cohort turns 50

$566, 470, 000

$167, 330, 000

Information only available

Sample 910 men now, then identify optimal action

$566, 490, 000

$167, 350, 000

Information available in

Sample 4,000 men in 16 years (1976 birth cohort),

$567, 940, 000

$168, 800, 000

all periods

then identify optimal action

immediately

Females

∗

CDC recommendation∗

Screen until 1965 birth cohort turns 50

$15, 390, 000

Reference

No information available

Screen until 1963 birth cohort turns 50

$21, 720, 000

$6, 330, 000

Information only available

Sample 4,930 women now, then identify optimal

$22, 320, 000

$6, 930, 000

immediately

action

Information available in

Sample 4,500 in 1 year (1961 birth cohort), then

$22, 500, 000

$7, 110, 000

all periods

identify optimal action

The CDC recommends screening all individuals born between 1945 and 1965 for HCV at their next routine medical
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50.
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Figure 3.5: The gain in the expected INMB of the policy, the cost of information,
and the net gain in the expected INMB of a HCV-screening policy if sample information is collected in the first period only as a function of sample size for (A) men and
(B) women.

Model Results
Implementing the full model, we considered the possibility of collecting sample information at each decision period. For computational and illustrative reasons, we
restricted the policy maker’s choice of sample size to 0 (no information collection) or
a single level from a restricted set (2000, 2500, 3000, ..., 8000). We varied that level
and present the results for the sample size that maximized the value at the initial
condition for each gender. The optimal policy is characterized by the three main
regions described in Section 3.3.2 (Figure 3.6A). At low prevalence and relatively low
uncertainty, it is optimal to not screen and not collect information. At high prevalence, it is optimal to screen and not collect information. At prevalence close the
γ
θ

threshold and relatively high uncertainty, it is optimal to both screen and collect

information.
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Figure 3.6 (previous page): (A) Optimal policy given the current belief about
HCV prevalence and the opportunity to sample 4,000 men (left) and 4,500 women
(right) at any time. (B) Time to the next policy action for men (left) and women
(right). For states below the solid line, the next action is to stop screening. For states
above the solid line, the next action is to collect information. (C) The marginal value
of collecting information, 4,000 samples for men (left) and 4,500 samples for women
(right), in the current period.
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For each state in the region where it is optimal to screen without information
collection, we can identify the optimal next action and the time when it should occur
(Figure 3.6B). We subdivide this region by a solid line. Above the solid line, which
is the region with higher uncertainty, it is optimal to screen without information
collection for a specified number of periods and then to collect information. In the
region with lower uncertainty, it is optimal to screen without information collection
for a specified number of periods and then to stop screening without ever collecting information. The current prevalence estimates for US men and women indicate
that it is optimal to screen without information collection for 16 years and 1 year,
respectively, and then to collect sample information to inform the next action. The
expected INMBs of these strategies are $567.9 million and $22.5 million for men and
women, respectively (Table 3.3).
For each state, we also computed the marginal value of information (Figure 3.6C).
The marginal value of information in the current period is near-zero for states in which
collecting information in the future is optimal. Consistent with an optimal sample
size that increases with uncertainty, we see that the marginal value of information
also goes up with uncertainty.

3.4.4

Implications and Discussion of Application

Evaluating an HCV-screening policy over its entire lifecycle using a stochastic dynamic programming approach has led to several important policy-relevant insights.
Guidelines recently released by the CDC recommend universal screening of individuals born between 1945 and 1965 at their next routine medical visit [40]. Our analysis,
which considers one-time screening at age 50, shows that for men, screening should
continue until at least the 1976 birth cohort turns 50 (in 2026), at which point 4, 000
individuals should be sampled to inform about the continuation of the program. For
women, we find that a large information collection effort should take place when
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the 1961 birth cohort turns 50 (in 2011),k as it is likely not cost-effective to screen
women, per CDC guidance, to the 1965 cohort because of relatively low prevalence
(Figure 3.3) and slower disease progression in women [264]. Compared to the CDC
recommendation, our model increases the expected INMB by $168.8 million in men
and $7.1 million in women.
Our analysis has several limitations. Our simplified model does not include future
HCV transmission, which increases the prevalence, and potentially the uncertainty
about the prevalence, for future cohorts; the primary consequence of this secondorder effect would be to increase the decay parameter z. Second, our information
structure only allows access to the current cohort to learn about subsequent cohorts,
relying on the correlation between cohorts (as implied by the system dynamics). In
practice, it is possible to sample the next cohort (49 year olds) directly. The simplified
information structure was chosen because the individuals who make up the ‘next
cohort’ are typically unknown (e.g., the next cohort of patients with a heart attack,
the next cohort of pregnant women, or the next cohort of cancer patients). Third,
we considered men and women separately. However, it is possible that collecting
information on one gender would provide additional information about the other. We
also ignored the fact that if information were collected about men and women at
the same time, the fixed costs could be shared. Fourth, despite the observation that
non-HCV mortality rates, disease progression and treatment response vary with race,
leading to corresponding cost-effectiveness differences [21,120], this attribute was not
used for stratification purposes, as it would not be considered an acceptable decision
criterion in public disease-screening programs. Finally, while the uncertainty and
information collection about model parameters other than prevalence can be treated
in an analogous manner, the details are left for future work.
k

Our initial cohort is individuals born in 1960. This result can be interpreted as a recommendation
for immediate information collection.
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Discussion

Collecting additional information about population-wide health status can be very
expensive (e.g., disease prevalence in difficult-to-access populations). Frequent monitoring and re-evaluation of an ongoing health-policy program is therefore likely to
waste resources. On the other hand, neglecting the re-evaluation of the program may
result in delayed action, and thus an excess social cost of health care and foregone
health benefits that could have been obtained using the wasted resources. Our analysis shows that when parameters vary across intervention cohorts it may be optimal to
delay information collection. More specifically, we provide a framework for optimal
information collection, in terms of timing and precision of the acquired signal (sample size). Further, we incorporate misclassification from an imperfect informationcollection technology into our framework, which is an important real-life complexity
of information gathering that adds substantial analytical difficulty.
Many population-level health-related parameters change over time (e.g., decreasing rates of smoking, or increasing rates of obesity and type II diabetes). Such changes
impact the cost-effectiveness of medical interventions and health programs sensitive to
these parameters. Furthermore, a technology may increase in effectiveness over time
through explicit revision (technological improvement to a medical device) or through
learning-curve effects. Trends affecting the cost-effectiveness of a technology also impact the per person value of information. The common assumption that this value
remains constant for future cohorts may result in a significant error when estimating
the value of additional information. Furthermore, when a parameter is evolving across
intervention cohorts, ignoring the opportunity to wait and collect information in the
future, when the information collected is more likely to result in action, is a missed
opportunity for increased efficiency. The dynamic programming framework developed in this paper enables an accurate assessment of the marginal value of additional
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information and identifies an optimal information-acquisition policy.
The application of this framework to the problem of HCV screening with endogenous information collection provides important new insights to the current policy
discussion. Specifically, when including the option to collect information in the future, the expected value of the optimal policy increased by 42.3% in men and 46.2%
in women compared to the CDC recommended policy of screening until the 1965 birth
cohort. Furthermore, the optimal policy identified by our framework would screen
men at least 10 years longer, enable early diagnosis in an estimated 50, 500 additional
individuals, and prevent 767 more liver cancers and 212 more liver transplants.
In this work, we assumed that the dynamics are deterministic. In future work,
we plan to consider the more realistic assumption of uncertainty in the dynamics.
This would then enable learning about the evolution of the parameters, rather than
just their current state. Further, our model does not consider the possibility of the
intervention modifying the dynamics. This was true in our application, but is not
true in general for an infectious disease. Including the additional benefits of reduced
disease transmission from prevention and treatment interventions may generate more
near-term benefits and may dramatically alter the value of the intervention over time.
More effective HCV treatment has transformed the cost-effectiveness of HCV
screening in the general population. As a result, new guidelines for universal HCV
screening have been proposed to screen individuals born between 1945 and 1965 [40].
Using estimates of HCV prevalence in future cohorts, our analysis indicates that the
proposed recommendations are conservative and that one-time universal HCV screening should continue for the foreseeable future. Adding the option of delaying information collection until a time when the signal is more likely to justify a policy shift,
increases the expected value of an HCV screening program over its lifecycle. With resources becoming increasingly limited for health programs and medical research, this
type of analysis may ensure an optimal implementation horizon for health programs
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together with guidance on when and how much information should be collected to
inform health-program adjustments.

Chapter 4
Optimal Information Collection
Policies for Static Parameters
4.1

Introduction

Expected-value-of-sample-information calculations are increasingly used to determine
optimal sample size and the societal return to proposed research [41, 42, 241]. However, current practice in the health decision science literature assumes that all model
parameters are fixed across cohorts, and the value of additional information is calculated assuming the information collection effort is initiated immediately [41, 42, 91].
Such static models may often provide good estimates of the cost-effectiveness of an
intervention and the per person value of information in the current and near-term
cohorts. However, in many cases, the cost-effectiveness of a health program or technology – and, therefore, the value of additional information about one or more model
parameters – may be changing over time because of trends affecting the cohort or
the intervention [253]. Over long planning horizons, ignoring these trends may result
in recommending the collection of too much or too little information. Furthermore,
collecting additional information immediately may not be the optimal strategy.
76
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In this paper we apply a stochastic dynamic programming approach to identify
both the optimal health intervention policy and the optimal time to collect decisionrelevant information about model parameters. We consider a hypothetical medical
intervention decision for a cohort of patients where one parameter varies across intervention cohorts with imperfectly observable linear dynamics. At each time, the
policy maker can choose to invest in the medical intervention and to purchase sample
information about the uncertain dynamic parameter and/or about an uncertain static
parameter. Previously, we have shown that it may be optimal to delay information
collection about a parameter that varies linearly across intervention cohorts until a
time when the information is more likely to result in a change in policy (Chapter 3).
We now demonstrate that it may be optimal to delay information collection about
static parameters in the model.
We apply this framework to the evaluation of hepatitis C virus (HCV) screening.
Chronic HCV infection, affecting 2.7 to 5.2 million Americans, is a slowly progressing
blood-borne disease causing liver fibrosis, cirrhosis, and liver cancer [6, 7]. It is
the principal cause of death from liver disease and the leading indication for liver
transplantation in the United States (US) [255, 256].

Two-thirds of chronically

infected individuals were born between 1945 and 1965 and approximately half are
unaware of their disease status [6, 16]. The advent of more effective therapy has
changed the value of identifying infected individuals [18–22]. In December 2012,
the Centers for Disease Control and Prevention (CDC) released new guidance
recommending one-time HCV screening for all individuals born between 1945 and
1965 [40]. HCV prevalence, and therefore the value of HCV screening, is decreasing
in birth year after 1956 (Figure 4.1).

The optimal duration of HCV screening

remains uncertain: several studies indicate that screening individuals born later
than 1965 is also likely cost effective [20–22]. In Chapter 3 we found that one-time
screening of men at age 50 is likely cost-effective at least until the 1976 birth
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cohort reaches age 50 (year 2026) at which time we recommended that information
should be collected to estimate HCV prevalence and to inform future policy decisions.

Figure 4.1: (A) HCV prevalence in US men by birth year. Estimated using the
National Health and Nutrition Examination Survey (NHANES) (1999-2010). For
details, see Appendix Section B.3. (B) Incremental cost-effectiveness ratio (ICER)
of screening for HCV at a routine preventive health exam at age 50 compared to a
policy of no routine screening in incremental $ per QALY gained. Estimated using
the cost-effectiveness model developed by Liu et al. [21].

Several highly uncertain model parameters affect the cost-effectiveness of HCV
screening [18–22] and, therefore, the optimal duration of a screening policy. To inform
the optimal policy, additional information about model parameters may be valuable.
We identify the optimal information collection policy using a Markov decision process
framework for two parameters which we assume are constant across cohorts – the reduction in quality-of-life from awareness of HCV-positive status and the fibrosis-stage
distribution at screen-detected diagnosis at age 50 – alone and in combination with
the opportunity to collect information about HCV prevalence, which is decreasing
across cohorts. In each case, we compare the optimal information collection policy
to the standard approach for value-of-information assessment, focusing on how the
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optimal policy is influenced by the presence of time-varying parameters. We demonstrate that it may be optimal to delay information collection about parameters that
are not changing across cohorts.

4.2

The Model

We briefly describe a model similar to one presented in Chapter 3. We focus only on
the case of an optimal-stopping problem; the case of an optimal-starting problem can
be treated in a similar manner (Section 3.2).
A policy maker faces recurring decisions at times t ∈ {0, 1, 2, . . .} about whether
to invest in a one-time health intervention for a cohort of individuals (of size Nt > 0).
The policy maker’s objective is to maximize net monetary benefit. The incremental net monetary benefit (INMB) of performing the intervention is proportional to
an uncertain time-varying probability p̃t (xt ) ∈ [0, 1], with known trend dynamics.∗
The policy maker’s prior beliefs about p̃t at time t follow a beta distribution with
probability density function (pdf)
fp (pt |xt ) =

Γ(at + bt ) at −1
p
(1 − pt )bt −1 ,
Γ(at )Γ(bt ) t

∀ pt ∈ [0, 1],

(4.1)

with distribution parameters xt = (at , bt ) ∈ X = {(a, b) ∈ N2 } which denote the
current belief state. The terms µp (xt ) and σp (xt ) denote the mean and standard
deviation of p̃t , respectively.
The current-period INMB from the health intervention, θ̃t p̃t − γ, is affine in the
uncertain probability p̃t . We assume that the true values of θ > 0 and γ > 0, the
marginal and fixed INMB with respect to p̃t , are constant over time. We assume
that the true value of θ is uncertain and we denote our current belief θ̃t (yt ), with
∗

The incremental net monetary benefit (INMB) of the health intervention is the net monetary
benefit gained compared to the best available alternative.
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probability distribution parameters yt = (y1,t , y2,t , ...) ∈ Y, expectation µθ (yt ), and
standard deviation σθ (yt ).
The application in Section 4.4 considers a once-in-a-lifetime disease screening program where p̃t is the uncertain disease prevalence in the t-th cohort which is decreasing
over time, θ̃t is the benefit of early diagnosis and treatment initiation for an affected
individual, and γ is the per person cost of the screening program.
Let dt ∈ D = {0, 1} denote the decision to invest in the health intervention at
time t, with dt = 0 denoting ‘No Intervention’ and dt = 1 denoting ‘Intervention.’
To inform these decisions the policy maker has the option to collect sample information about p̃t and θ̃t with sample of sizes nt , mt ∈ Nt = {0, . . . , Nt } at costs κp (nt )
and κθ (mt ), respectively. At each time t the decision maker implements the control
ut = (dt , nt , mt ) in Ut = D × Nt2 . We assume that this is a situation of significant
institutional frictions and, therefore, a decision to discontinue the current health intervention applies to all future cohorts and the best control can be determined as the
solution to an optimal stopping problem.
The current period reward, gt , is
gt (p̃t , θ̃t , ut ) = dt (θ̃t p̃t − γ) − κp (nt ) − κθ (mt ).

(4.2)

We assume θ̃t and p̃t are independent, so the expected reward for choosing ‘Intervention’ for the t-th cohort is
E[gt (p̃t , θ̃t , ut )|xt , yt , dt = 1] = µθ (yt )µp (xt ) − γ − κp (nt ) − κθ (mt ).

4.2.1

The Information-Collection Problem

To learn about p̃t , the policy maker can collect nt ∈ Nt = {0, . . . , Nt } independent
Bernoulli samples from the current cohort using an information-collection technology
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with known test characteristics q = (q1 , q2 ), where q1 is the test sensitivity, q2 is the
test specificity, at a cost κ(nt ), where κ(·) is an increasing function and κ(0) = 0.
The number of positive samples observed is ṽt ∈ {0, . . . , nt }. Based on the collected
information the policy maker updates his beliefs about p̃t in a Bayesian manner. If
the information collection technology is perfect, i.e., q1 = q2 = 1, then ṽt is betabinomially distributed and the posterior distribution is beta distributed [87]. If the
information-collection technology is imperfect, i.e., q1 , q2 < 1, then the posterior
distribution is a mixture of beta distributions which, in practice, can be well approximated with a single beta distribution with the same mean and variance of the exact
posterior distribution (as described in Section 3.2.1). We denote the belief state of
the posterior distribution by x̂t where x̂t = ψx (xt , vt , nt ).
To learn about θ̃t , the policy maker can collect mt ∈ Nt = {0, . . . , Nt } samples.
We assume that the parametric form of θ̃t has a conjugate distribution and that we
have a perfect information collection technology. Therefore, the information state
(the parameters of the distribution) yt can be updated in a Bayesian manner, while
maintaining the parametric distribution over time. We denote the sample information
w̃t and the belief state of the posterior distribution ŷt , where ŷt = ψy (yt , wt , mt ).
Examples of two different parametric distributions are provided in Section 4.4.
We assume that, in general, the nt individuals sampled to learn about p̃t and
the mt individuals sampled to learn about θ̃t are non-overlapping groups because the
criteria for inclusion are different. For example, to learn about disease prevalence,
individuals unaware of their infection status must be studied, whereas to learn about
treatment effectiveness only individuals known to have the disease would be studied.
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System Dynamics

The belief state xt of the uncertainty p̃t follows a linear law of motion, of the form

xt+1 = φ(x̂t ) = 

z

0

1−z 1


 x̂t ,

where z ∈ [0, 1] is a known decay rate. Characteristics of these dynamics include a
linearly decreasing mean, increasing coefficient of variation, and decreasing variance
for µ(x0 ) 6

1
.
1+z

These dynamics match our application to the prevalence of a health

condition that is becoming less common over time. The state-transition function φ is
linear and time-invariant in µ(xt ) and linear and time-variant in σ 2 (xt ) (Figure 3.1):
2

2



µ(xt+1 ) = zµ(x̂t ) and σ (xt+1 ) = σ (xt ) z + z(1 − z)



µ(x̂t )
1 − µ(x̂t )


.

As previously stated, we assume that the true value of θ is unknown but constant
over time.

Our belief about θ̃t can change over time only through information

collection about the parameters yt = (y1,t , y2,t , ...).

4.2.3

The Policy Maker’s Problem

At each time t, the policy maker can implement an action ut in the control-constraint
set U: ut = (0, 0, 0), ‘no intervention (and do not sample)’ ; ut = (1, 0, 0), ‘do intervention and do not sample’ ; ut = (1, nt , 0), ‘do intervention and sample nt individuals
to learn about p̃t ’ ; ut = (1, 0, mt ), ‘do intervention and sample mt individuals to learn
about θ̃t ’ ; ut = (1, nt , mt ), ‘do intervention, sample nt individuals to learn about p̃t ,
and sample mt individuals to learn about θ̃t ’. The theoretical actions of no intervention and sampling nt , mt > 0 individuals is strictly dominated because once the
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intervention has been stopped it cannot be restarted due to high institutional costs,
and therefore the information collected by this control would not be actionable.
The optimal policy π ∗ (·) determines ut = (dt , nt , mt ) as a function of the states
xt = (at , bt ) and yt = (y1,t , y2,t , ...), solving the optimal control problem
∞
X

max
π(·)

h
i
δ t E g(p̃t , θ̃t , π(xt , yt )) xt , yt , vt , wt

t=0

subject to xt+1 = φ(ψx (xt , ṽt , ut , q)),
yt+1 = ψy (yt , w̃t , ut ),

y0

x0

given,

given,

ut = π(xt , yt ) ∈ U.
where δ ∈ (0, 1) denotes the per period discount factor. Given the optimal policy
π ∗ (·), the value function V (xt , yt ) satisfies Bellman’s equation,
V (xt , yt ) =

max
ut =(dt ,nt ,mt )∈U

{dt (µθ (yt )µp (xt ) − γ) − κx (nt ) − κy (mt )
+ δE[V (φ(ψx (xt , ṽt , ut , q)), ψy (yt , w̃t , ut ))]}

(4.3)

= d∗t (µθ (yt )µp (xt ) − γ) − κx (n∗t ) − κy (m∗t )
+ δE[V (φ(ψx (xt , ṽt , u∗t , q)), ψy (yt , w̃t , u∗t ))]

for all admissible states xt ∈ X and yt ∈ Y, where u∗t = (d∗t , n∗t , m∗t ) = π ∗ (xt , yt ).

4.3

Dynamic Health Care Decisions

In Chapter 3, we established several properties of the optimal policy and of the value
function that continue to hold in the case of an uncertain θ̃t . We briefly summarize
them here.
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1. If information cannot be collected about p̃t or θ̃t , then
(a) The optimal policy is

 0 if µ (x ) ≤
p t
∗
dt =
 1 otherwise.

γ
µθ (yt )

(4.4)

(b) Given an initial distribution, p̃0 where x0 = (a0 , b0 ) and µ(xt ) >

γ
,
µθ (yt )

the

last period for which doing the intervention is optimal is
1
t (x0 , y0 ) = bt(x0 , y0 )c = b
ln
ln(z)
∗




γ
c.
µθ (y0 )µp (x0 )

(4.5)

(c) The value doing the intervention for cohorts t = {0, ..., t∗ (x0 , y0 )} is a
geometric series:
t∗ (x0 ,y0 )

V (x0 , y0 ) =

X

δ t (µθ (y0 )z t µp (x0 ) − γ)

(4.6)

t=0
∗

= µθ (y0 )µp (x0 )

1 − (δz)t (x0 ,y0 )+1
1 − δz

!

∗

−γ

1 − (δ)t (x0 ,y0 )+1
1−δ

!
.

(d) The optimal value function is non-decreasing and convex in µp (xt ).
2. If information can be collected about p̃t , but not θ̃t , then
(a) The optimal value function is non-decreasing and convex in µp (xt ) and
non-decreasing in σp2 (xt ). Since the state space is bounded and compact,
monotonicity guarantees the existence of a unique solution.
(b) For each σp2 (xt ), there is a single threshold value of µp (xt ) determining
whether to do the intervention.
(c) The optimal policy is characterized by a map from states to actions
featuring three regions (Figure 4.2). In region I the optimal policy is to
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‘no intervention (and do not sample)’. In region II the optimal policy
is ‘do intervention and sample nt individuals’. In region III the optimal
policy is to ‘do intervention and do not sample’.

Figure 4.2: Illustrative example of policy regions.

4.3.1

Information is Available about θ̃t , but not p̃t .

We now develop results for the model we consider in this chapter.
Proposition 5 For the case where information about the time-varying parameter,
p̃t , is prohibitively costly or practically infeasible to collect, it may be optimal to delay
information collection about the static parameter, θ̃t .
Proof. See Appendix C.1.1.
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Information is Available about θ̃t and p̃t .

Proposition 6 The optimal value function V (xt , yt ) is non-decreasing and convex in
µp (xt ), non-decreasing in σp2 (xt ), and non-decreasing in µθ (yt ).
Proof. See Appendix C.1.2.

4.4



Application

In this section, we apply the stochastic dynamic programming framework developed
in Section 4.2 to the case of one-time HCV screening of men at a routine medical
appointment at age 50 for successive birth cohorts beginning with the 1960 birth
cohort (Figure 4.3). We focus on how the presence of a time-varying parameter, in
this case HCV prevalence, p̃t , affects the optimal information collection policy for a
non-time-varying parameter, θ̃t , the marginal benefit of early diagnosis and treatment
for an individual with HCV. The marginal benefit of early diagnosis and treatment
for an individual with HCV, θ̃t , and fixed cost of screening, γ, are defined
θ̃t = λ [q1 (B1 − B2 ) − (1 − q2 )BF P ] − q1 (C1 − C2 ) + (1 − q2 )CF P ,

(4.7)

γ = CS + (1 − q2 )CF P − λ [BS + (1 − q2 )BF P ]

(4.8)

and

where CS > 0 is the cost of the screening test, BS 6 0 is the quality-of-life loss
from the screening test, CF P > 0 is the cost of correcting a false-positive diagnosis,
BF P 6 0 is the quality-of-life loss from a false-positive test result, and where the
lifetime discounted costs and benefits of the true-positive, false-negative, and truenegative screening outcomes, are denoted C1 , C2 , C3 , and B1 , B2 , B3 , respectively.
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Using value iteration implemented in R version 2.15.0 [257] we numerically
determined the optimal HCV-screening and information-collection policy. Because
θ̃t is not directly measurable, reducing uncertainty about θ̃t requires research on
parameters that contribute to it, such as the distribution of disease severity at
diagnosis, treatment efficacy, treatment adherence, and access to treatment. We
considered two such parameters for our examples – the reduction in quality of
life from awareness of HCV-positive status and the fibrosis-stage distribution at
screen-detected diagnosis.

Figure 4.3: A schematic of the medical intervention decision. Each year, the policy
maker must choose whether to screen for HCV infection in 50 year olds who attend
a routine preventive health exam. The HCV prevalence in the tth cohort is p̃t . The
screening test has imperfect test characteristics, q = (q1 , q2 ). The screening test costs
CS > 0 and screening test invasiveness may result in a quality-of-life loss of BS 6 0.
An initially false-positive diagnosis is corrected at a cost CF P > 0 and quality-of-life
loss BF P 6 0. The lifetime discounted costs and benefits of the true-positive, falsenegative, and true-negative screening outcomes, are denoted C1 , C2 , C3 , and B1 , B2 ,
B3 , respectively.
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We estimated the base case parameter values and ranges for sensitivity analysis from primary analysis of the National Health and Nutrition Examination Survey
(NHANES) (Appendix Section B.3), a previously published model developed to evaluate the cost-effectiveness of HCV screening in a single cohort [21], and the medical
literature. Parameter values are presented in Table 4.1. We assumed that the total cohort size, the number of men who attend a preventive health exam at age 50,
Nt = Q, is constant over time since there is less than 10% variation from the average
across cohorts currently between 25 and 55 years of age [258].
The policy maker must simultaneously decide at the beginning of each period
whether to screen the current cohort for HCV and whether to conduct a study to
better estimate the current prevalence of HCV, a study of an observable parameter
which will help to better estimate the marginal benefit of early diagnosis and treatment for an individual with HCV, or to conduct both possible studies. Information
arrives at the end of the current period and can only be used, in combination with
the prevalence dynamics, to better inform the screening decision for the next cohort
(and time period).
For computational and illustrative reasons, we assumed that the policy maker can
collect information about the current cohort’s prevalence of HCV, p̃t , at any time
but with a limited set of possible sample sizes, nt ∈ N = {0, 3000, 3500, ..., 6000}.
We report results for the sample size that maximized value. We assumed that information collection about the marginal benefit of early diagnosis and treatment for an
HCV-positive individual, θ̃t , occurs at most once. We believe this simplification is
acceptable since performing such a study incurs significant fixed costs and, therefore,
a single study is likely preferred to performing several studies.
We identified the optimal mapping from beliefs about p̃t and θ̃t to actions using
a two-stage value iteration (details in Appendix Section C.2.1). First, we identified
the optimal mapping from beliefs about p̃t to actions for each possible posterior
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Table 4.1: Parameter values common to both HCV examples.
Variable, Description

Value

Sources

Annual Cohort: Men aged 50 years attending a preventive health exam (PHE)

Q

Number eligible for a PHE

2.1 million

[258]

Proportion who attend a PHE

24.4%

[261]

Annual number of PHE

508, 222

HCV Screening Test
q1

Sensitivity

0.97

[262]

q2

Specificity

0.9996

[263]

CS

Cost of screening test, HCV antibody test

$28

[259]

CF P

Cost of false positive

$230

[259]

BS

Quality-of-life change, event of screening

0

Assumed

BF P

Quality-of-life change, false positive result

0

Assumed

Estimated

Cost of collecting information
κx,F

Fixed cost per sampling study

$50, 000

κx,V

Variable cost per sample

$100

κx (nt ) Cost of sampling, per person in the cohort

[259]

(κx,F + κx,V nt )/Q

Assumed

a0 = 75.1,

Section B.3

Initial belief
p̃t (x0 ) HCV prevalence in undiagnosed
individuals (1960 birth cohort in 2010)

b0 = 2350.5,

Distribution in Eq. 4.1

µp (x0 ) = 0.031,
σp (x0 ) = 0.0035

Other
z

Rate of prevalence decay

0.893

λ

Willingness to pay threshold

$75, 000/QALY

[54]

r

Annual discount rate

0.03

[43]

PHE – Preventive health exam

Section B.3
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distribution from a study of θ̃t . In this stage, only three actions were considered: ‘do
not screen and do not collect information’, ‘screen and do not collect information’,
‘screen and collect information about p̃t ’. The results of the first stage were used to
determine the expected value of the actions ‘screen and collect information about θ̃t ’
and ‘screen and collect information about p̃t and θ̃t .’ In the second stage, we identified
the optimal mapping from beliefs about p̃t to actions given θ̃0 and we considered all
five possible actions described in Section 4.2.3.
Consistent with the recommendations of the US Panel on Cost-Effectiveness in
Health and Medicine, we adopted a societal perspective, considered costs and benefits over a lifetime horizon for each cohort, and discounted future costs and health
benefits at 3% annually [43]. We measured costs in 2010 US dollars and adjusted
for inflation using the Consumer Price Index when appropriate [260]. Benefits are
measured in quality-adjusted life-years (QALYs). The expected value gained by a
HCV screening program is the sum of the discounted INMB of screening compared
to not screening over all future periods. We assumed a mid-range value for society’s
maximum willingness to pay of $75, 000 per QALY gained [54].

4.4.1

Reduction in Quality-of-Life from Awareness of HCVPositive Status

Motivation and Background
A diagnosis of HCV can affect quality of life [265–268]. Specifically, HCV patients
report feeling stigmatized by the association of HCV with HIV, promiscuity, and
substance abuse, including by their health care providers [266]. Perception of stigmatization creates feelings of rejection and isolation, affecting social and professional
interactions as well as intimate relationships (frequency of kissing, sexual intercourse,
and condom use) [266, 267]. In a study of 34 injection drug users, Rodger et al. [265]
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found that, even 2 years after diagnosis, patients who were aware of their HCV infection scored significantly worse on 7 of 8 domains of the SF-36 than those who were
unaware of their infection controlling for sociodemographic, clinical, and virologic
factors.
Studies of quality-of-life reduction from awareness of HCV-infection status in the
general population have used the Sickness Impact Profile, the Hospital Anxiety Depression Scale, or Likert scales to measure stigma [266, 267] which are not readily
converted into utility metrics for health economic analysis. Based on transformation
of the SF-36 health status measure reported by Rodger et al. [265] to health-state
utility values, several studies of HCV screening have estimated a 2% quality-of-life
reduction from awareness of HCV-positive status [17, 19–21]. However, there is substantial uncertainty around this estimate, and it is important in determining the costeffectiveness of general population screening [17, 21]. A study using EuroQoL-5D in
2,898 injection drug users in Scotland found an average 10% reduction in healthrelated quality of life in individuals who believed they were HCV infected [269].
However, 43% of hepatology clinic patients reported no stigmatization [266]. This
heterogeneity of effect was also observed in a study of the effect of diagnosis with
HIV on quality of life in which 47% of patients reported that HIV diagnosis had
decreased their quality of life and 35% believed that it had improved their quality of
life [270].
Implementation
Given our limited knowledge about the impact of HCV diagnosis on quality of life
for individuals in the general population, we assumed it is a binary effect where
some individuals experience no reduction in quality of life and others experience a
4% reduction. We denote the proportion of the population who experience a qualityof-life reduction from awareness of their HCV-positive status by ζ̃t ∈ [0, 1]. We
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decomposed the marginal benefit of early diagnosis and treatment for an individual
with HCV, θ̃t , into a linear function of ζ̃t and estimated the parameter values using
a previously published cost-effectiveness model [21] (Table 4.2). We assumed that
ζ̃t is beta distributed with parameters yt = (y1,t , y2,t ), where y1,t , y2,t > 0, and y0 =
(1, 1). Therefore, our prior belief of the population average loss in quality of life from
awareness of HCV-positive status was 2% (SD=1.2%).
Information can be gathered by sampling mt individuals in the population at
a cost κθ (mt ). We estimated the total cost of a study using standard gamble to
assess the quality-of-life impact of a diagnosis of HCV with sample size mt = 200,
as $80, 500, including $63, 500 in fixed costs and $85 per person in variable costs
(Dr. Shannon Swan, personal communication). We varied the cost of the study
in sensitivity analysis. The number of individuals in the sample who experience a
relatively large quality-of-life reduction from being aware of HCV-positive status,
w̃t , is beta-binomially distributed. The policy maker updates her belief about ζ̃t in a
Bayesian manner resulting in a next-period belief where yt+1 = (y1,t +wt , y2,t +mt −wt ).
We discretized the posterior into 9 possible outcomes: ζ̂t ∈ {0, 0.125, 0.25, ..., 1}.
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Table 4.2: Base case parameter values and sources for Example 1: uncertainty in
the proportion of individuals who experience a 4% reduction in quality of life from
awareness of HCV-positive status, ζt .
Variable, Description

Value

Sources

Lifetime discounted costs per person
C1

HCV+, identified through screening

$146, 928

[21]

C2

HCV+, not identified through screening

$126, 943

[21]

C3

HCV- individual

$181, 314

[21]

Lifetime discounted quality-adjusted life-years (QALYs) per person
B1

HCV+, identified through screening

10.519 − 0.202ζt

[21]

B2

HCV+, not identified through screening

10.081 − 0.0507ζt

[21]

B3

HCV- individual

15.69

[21]

Incremental net monetary benefit (INMB) per person
θ̃t

Variable component of INMB

$12, 534

−

Eq. 4.7

$11, 004ζ̃t
γ

Fixed component of INMB

$28.05

Eq. 4.8

Cost of collecting information
κy,F

Fixed cost per sampling study

$63, 500

Estimated

κy,V

Variable cost per sample

$85

Estimated

κy,F + κy,V mt/Q

Assumed

y1,0 = 1, y2,0 = 1

Assumed

κy (mt )Cost of sampling, per person in the cohort
Initial belief
ζ̃t (y0 ) Proportion who experience a 4% reduction
in quality of life from awareness of HCV-

µζ (y0 ) = 0.5,

positive status

σζ (y0 ) = 0.29

Quality-of-life reduction from awareness of

mean = 0.02

HCV-positive status

SD = 0.012

[265, 266]

QALY – Quality-adjusted life-years; INMB – Incremental net monetary benefit;
SD – standard deviation
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Results
We identified the optimal intervention and information collection policy using various analytic approaches (Table 4.3). The traditional approach to value-of-information
assessment in the health policy literature is to only consider initiating information
collection about model parameters immediately [41, 91, 241]. We considered the opportunity to collect information immediately about either p̃t , ζ̃t , or both. Immediately collecting information about the reduction in quality of life from awareness of
HCV-positive status, regardless of whether information is also collected about HCV
prevalence, results in an expected INMB $10.1 million greater than only collecting
information about HCV prevalence.
We also identified the optimal time to collect information about each parameter.
If information is only available about p̃t , the optimal time to collect it is in 16 years
(when the 1976 birth cohort turns 50). If information is only available about ζ̃t , the
optimal time to collect that information is in 2 years (when the 1962 birth cohort
turns 50).
Implementing the full model where information is available about p̃t in all periods and information is available about ζ̃t once, the optimal policy given the current
uncertainty about ζ̃t is composed of up to 5 regions (Figure 4.4). At low prevalence
and relatively low uncertainty, the optimal policy is to not screen and not collect
information. At very high prevalence, the optimal policy is to screen and not collect
information. At intermediate prevalence, the optimal policy is to screen and collect
sample information about one or both parameters. At relatively low prevalence close
to the the

γ
µθ (y0 )

threshold and high uncertainty about p̃t , the optimal policy is to

screen and to collect sample information about p̃t only. At slightly higher prevalence,
the optimal policy is to screen and to collect sample information about p̃t and ζ̃t .
Finally, at even higher prevalence, the optimal policy is to screen and to collect sample information about ζ̃t only. Given our current beliefs about p̃t and ζ̃t , the optimal
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policy is to collect information about ζ̃t immediately. This policy has an expected
INMB of $578.9 million (Table 4.3). Once this information has been collected, the
belief about ζ̃t can be updated and the optimal next action, the time to either stop the
HCV screening program or to collect information about HCV prevalence, determined
(Appendix Table C.2).
In our base case analysis, collecting information about the quality-of-life reduction from HCV-positive status is relatively inexpensive ($80, 500 for mt = 200) (Figure 4.4A). In sensitivity analysis, we considered very low and very high costs for collecting this information. When the cost of collecting information about the quality-oflife reduction from HCV-positive status is very low, it is optimal to collect information
about ζ̃t for all states in which screening is preferred to not screening (Figure 4.4B).
When the cost of collecting information about ζ̃t is very high, the region in which it
is optimal to collect information only about p̃t expands and it is no longer optimal to
collect information about ζ̃t at higher prevalence (Figure 4.4C).

Case

Optimal Policy

Value

Increase in

(Expected INMB)

Expected INMB

CDC recommendation∗

Screen until 1965 birth cohort turns 50

$399, 140, 000

Reference

No information available

Screen until 1978 birth cohort turns 50

$566, 470, 000

$167, 330, 000

Information only available immediately
p̃t only

n0 = 910, then identify optimal stopping time

$566, 490, 000

$167, 350, 000

ζ̃t only

m0 = 200, then identify optimal stopping time

$576, 570, 000

$177, 430, 000

p̃t and ζ̃t

n0 = 920, m0 = 200 then identify optimal stopping time

$576, 580, 000

$177, 440, 000

$567, 940, 000

$168, 800, 000

$576, 580, 000

$177, 440, 000

$578, 850, 000

$179, 710, 000

Information available in all periods†
p̃t only

n16 = 4, 000 from the 1976 birth cohort in 16 years,
then identify optimal next action

ζ̃t only

m2 = 200 in 2 years, then identify optimal next action
(presented in Appendix Table C.1)

p̃t and ζ̃t

n0 = 0, m0 = 200, then identify optimal next action
(presented in Appendix Table C.2)

∗

The CDC recommendation is to screen all individuals born between 1945 and 1965 for HCV at their next routine medical

visit [40]. We ignore the screening of individuals born prior to 1960; for all others, we assume HCV screening occurs at age
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Table 4.3: Comparison of optimal policies when information is available for p̃t , ζ̃t , or both, now only or in all future
periods given our initial belief about HCV prevalence in men born in 1960, µp (x0 ) = 0.031 and σp (x0 ) = 0.0035,
and the quality-of-life reduction from awareness of HCV-positive status, mean=0.02 and SD=0.012.

50.
†

The optimal next action may be to terminate the screening program or to collect information about p̃t , ζ̃t , or both
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(depending on the scenario) in a specific future period.
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Figure 4.4 (previous page): The optimal policy for any belief about HCV prevalence, p̃t , given the current belief about the proportion of the population who experience a 4% reduction in quality of life from awareness of HCV-positive status.
Decision alternatives include screening for HCV and not collecting any information,
screening for HCV and performing a study to learn about HCV prevalence (sample
size of 4,000), screening for HCV and performing a study to learn about the proportion of the population who experience a 4% reduction in quality of life from awareness
of HCV-positive status (sample size = 200), screening for HCV and performing both
studies, or not screening for HCV. Panels vary in the cost of performing the quality of
life study: (A) Base case, $80, 500; (B) Low cost, $20, 125; (C) High cost, $805, 000.
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Fibrosis-Stage Distribution at Screen-Detected
Diagnosis

Motivation and Background
The degree of liver fibrosis present in an HCV-infected individual impacts the incremental lifetime costs and benefits of early diagnosis and treatment and, therefore,
the fibrosis-stage distribution in the screen-detected population impacts the costeffectiveness of population screening [21, 120]. For example, individuals with little
to no fibrosis at age 50 may never suffer the long-term consequences of HCV [264].
Prior to a policy of routine screening, estimating the fibrosis-stage distribution in a
screen-detected population was difficult and costly because it would have required
the screening of tens of thousands of asymptomatic individuals. Many studies report
the fibrosis-stage distribution of individuals referred to liver clinics [264], but these
clinical cohorts include higher rates of individuals initially tested for HCV because of
symptoms or the presence of HCV-infection risk-factors and there may be delay before
referral to a liver specialist. One study of risk-factor based screening in the Veteran’s
Administration (VA) health care system identified 122 individuals with chronic HCV
infection, 39 of whom underwent biopsy for fibrosis staging [271].
To estimate the fibrosis-stage distribution at screen-detection, several groups have
developed models of HCV progression from infection until screening [18,20,22]. However, these models are sensitive to assumptions about the age of infection acquisition,
risk-factor and HCV-specific mortality rates, and incidental and symptomatic diagnosis rates [272]. Age of infection is typically estimated by patient self-report of the
date of first risk-factor exposure, which can only be estimated for approximately 75%
of patients and, likely, with varying accuracy based on risk factor [264]. Furthermore,
these models rely on HCV progression rates estimated primarily using clinical cohorts
which may over-estimate disease progression in the currently undiagnosed population
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since screening has historically been targeted to individuals with risk factors, and
many of those risk factors influence progression or are correlated with factors that
influence progression (such as excessive alcohol consumption) [273, 274]. Variation
in estimates of the fibrosis-stage distribution have led to widely different estimates
for the cost-effectiveness of HCV screening from $4, 200 per QALY gained for a uniform distribution over fibrosis stages [19] to $35, 000 to $50, 000 per QALY gained for
distributions with higher likelihoods on stages with less severe disease [18, 20, 22].
Implementation
We classified fibrosis stage using Metavir scores of F0 (no fibrosis), F1, F2, F3, and
F4 (cirrhosis). We denoted the distribution of screen-detected individuals across the
fibrosis stages F̃t = (F̃0,t , F̃1,t , F̃2,t , F̃3,t , F̃4,t ) where 0 6 F̃0,t , F̃1,t , F̃2,t , F̃3,t , F̃4,t 6 1 and
P4
i=0 F̃i,t = 1. We decomposed the marginal benefit of early HCV diagnosis and
treatment, θ̃t , into a linear function of F̃t and estimated the parameter values using
a previously published cost-effectiveness model [21] (Table 4.4). The policy maker’s
belief about F̃t at time t is Dirichlet distributed with probability mass function (pmf)

fF (Ft |yt ) = Γ(Yt )

y −1
4
Y
Fi,ti,t
i=0

Γ(yi,t )

(4.9)

where yt = (y0,t , y1,t , y2,t , y3,t , y4,t ) ∈ Y = {(y0 , y1 , y2 , y3 , y4 ) ∈ N5 }. Each F̃i,t is beta
P
distributed with parameters (yi,t , ( 4j=0 yj,t ) − yi,t ) and, therefore, the expectation of
each F̃i,t is
yi,t
E[F̃i,t ] = P4
i=0

yi,t

.

We established the prior belief using the count of individuals observed in each fibrosis
stage in the VA screening study: y0 = (5, 20, 5, 4, 5) [271].

Variable, Description

Value

Sources

Lifetime discounted costs per person ($)
C1

HCV+, identified through screening

141, 675F̃0,t + 146, 656F̃1,t + 149, 961F̃2,t + 149, 595F̃3,t +

[21]

148, 104F̃4,t
C2

HCV+, not identified through screening

126, 784F̃0,t + 128, 625F̃1,t + 128, 079F̃2,t + 125, 498F̃3,t +

[21]

120, 398F̃4,t
C3

HCV- individual

181, 314

[21]

Lifetime discounted quality-adjusted life-years (QALYs) per person
B1

HCV+, identified through screening

11.19F̃0,t + 10.82F̃1,t + 10.27F̃2,t + 9.71F̃3,t + 8.75F̃4,t

[21]

B2

HCV+, not identified through screening

11.09F̃0,t + 10.53F̃1,t + 9.81F̃2,t + 9.19F̃3,t + 8.06F̃4,t

[21]

B3

HCV- individual

15.69

[21]

Incremental net monetary benefit (INMB) per person ($)
θ̃t

Variable component of INMB

−6, 857F̃0,t +3, 660F̃1,t +12, 708F̃2,t +14, 123F̃3,t +23, 059F̃4,t

Eq. 4.7

γ

Fixed component of INMB

28.05

Eq. 4.8
Estimated

Cost of collecting information ($)
κy,F

Fixed cost per sampling study

400, 000

κy,V

Variable cost per sample

2, 000

κy (mt )Cost of sampling, per person in the cohort

(κy,F + κy,V mt )/Q

[259]
Assumed

Initial belief
F̃t (y0 ) Screen-detected fibrosis-stage distribution. Distribution in Eq. 4.9

y0 = (5, 20, 5, 4, 5);
F̃0 (y0 ) = (0.128, 0.513, 0.128, 0.103, 0.128)
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QALY – Quality-adjusted life-years; INMB – Incremental net monetary benefit

[271]
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Table 4.4: Base case parameter values and sources for Example 2: uncertainty in the fibrosis-stage distribution
at screen-detected diagnosis, F̃t = (F1,t , F2,t , F3,t , F4,t , F5,t ).
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Information can be gathered at a cost κθ (mt ) by sampling mt individuals in the
population who were recently diagnosed with HCV via routine screening. We estimated the total cost of a study to estimate the fibrosis-stage distribution in newly
screen-detected individuals using ultrasound-guided liver biopsy with sample size
mt = 200 to be $800, 000 including $400, 000 in fixed costs and $2, 000 per study
participant [259] (Dr. Barrett Levesque, personal communication). We varied the
cost of the study in sensitivity analysis. The number of sampled individuals in each
category, w̃t = (w0,t , w1,t , w2,t , w3,t , w4,t ), is Dirichlet-multinomial distributed with pmf
4

fw (wt |mt , yt ) =

Γ(mt + 1)Γ(Yt ) Y Γ(yi,t + wi,t )
.
Γ(Yt + mt ) i=0 Γ(yi,t )Γ(wi,t + 1)

The policy maker updates her belief about F̃t in a Bayesian manner resulting in a
Dirichlet distributed posterior belief where ŷt = (y0,t + w0,t , y1,t + w1,t , y2,t + w2,t , y3,t +
w3,t , y4,t + w4,t ).
With 5 fibrosis levels there are

mt +5−1
5−1



= 70, 058, 751 possible outcomes from a

study of mt = 200 though many combinations may yield very similar cost-effectiveness
results. For computational feasibility, we used recursive partitioning regression to
identify classes of similar posterior distributions [275]. Recursive partitioning is a
technique that builds a classification rule with the objective of identifying homogeneous strata through a process in which the population is divided into smaller and
smaller samples (“nodes”). Our initial ‘population’ was 200, 000 simulated realizations of w̃t (mt = 200, yt = y0 ). For each realization, we computed the corresponding
posterior distribution, ŷt , and the marginal benefit from early diagnosis and treatment, θ̃t (ŷt ), which we used as our measure of similarity in the recursive partitioning
regression. To identify which variable provides the best split, we used the ANOVA
method which uses the splitting criteria SST − (SSL + SSR ), where SST is the total
sum of squares for the current node and SSR and SSL are the total sums of squares
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for the right and left sons, respectively. This criterion is equivalent to choosing the
split to maximize the between-groups sum-of-squared differences in a simple analysis of variance [276]. A split is only considered if at least 20 realizations will be in
each son node and the increase in R2 is greater than 0.01. The procedure ends when
neither of these conditions can be satisfied. Applying the recursive partition to the
200, 000 simulated studies resulted in 24 posterior distribution classifications (Figure C.2). The pmfs of the ‘representative’ posterior distributions were determined
using the average proportion of each fibrosis-stage among members of each classification (Figure C.3A). The probability of each representative posterior was determined
using the frequency of its classification (Figure C.3B). The expected value of collecting information about F̃t was then the value of the optimal action given each possible
representative posterior distribution, weighted by the probability of that posterior.
Results
We first considered the opportunity to collect information immediately about p̃t ,
F̃t , or both. Collecting information immediately about both parameters provided the
greatest expected INMB but provided a relatively small marginal gain ($400, 000) over
the optimal policy with no information collection available (Table 4.5). If information
can be gathered about F̃t at any time, the optimal time to collect it is in 14 years.
However, fibrosis-stage distribution information is relatively costly. Therefore, waiting
for 16 years to collect information about prevalence generates a higher expected value.
Implementing the full model where information is available about p̃t in all periods
and information is available about F̃t at most once, we determined the optimal mapping from states to actions (Figure 4.5). Similar to Example 1, at low prevalence and
low uncertainty about prevalence, the optimal policy is to not screen and not collect
information. At high prevalence, the optimal policy is to screen and not collect information. At intermediate prevalence, the optimal policy is to collect information
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about one or both parameters. Unique to this example are two small pockets where
the optimal policy is to screen and not collect information (Figure 4.5A). The first,
close to the µp (xt ) =

γ
µθ (y0 )

threshold and with relatively low uncertainty about preva-

lence, exists because of the very high cost of fibrosis-stage distribution information.
These states are so close to the stopping region that information has little possible
impact on the optimal screening policy. The second, beside the ‘screen and collect
information about p̃t ’ region at high uncertainty about prevalence, is increasing in
width with increasing uncertainty about prevalence. This region exists because of
the high cost of fibrosis-stage distribution information relative to the contribution of
F̃t to the overall decision uncertainty. As the contribution of p̃t to overall decision
uncertainty grows, so does the preference for information about p̃t over F̃t .
Given our current beliefs about p̃t and F̃t , the optimal policy is to collect information about the screen-detected fibrosis-stage distribution in 12 years and then, using
that information, identify the next optimal action. This policy has an expected INMB
of $568.6 million (Table 4.5).

Case

Optimal Policy

Value

Increase in

(Expected INMB)

Expected INMB

CDC recommendation∗

Screen until 1965 birth cohort turns 50

$399, 140, 000

Reference

No information available

Screen until 1978 birth cohort turns 50

$566, 470, 000

$167, 330, 000

Information only available immediately
p̃t only

n0 = 910, then identify optimal stopping time

$566, 490, 000

$167, 350, 000

F̃t only

m0 = 200, then identify optimal stopping time

$566, 866, 000

$167, 726, 000

p̃t and F̃t

n0 = 920, m0 = 200 then identify optimal stopping time

$566, 867, 000

$167, 727, 000

$567, 940, 000

$168, 800, 000

$566, 920, 000

$167, 780, 000

$568, 590, 000

$169, 450, 000

Information available in all periods†
p̃t only

n16 = 4, 000 from the 1976 birth cohort in 16 years,
then identify optimal next action

F̃t only

m14 = 200 from the 1974 birth cohort in 14 years,
then identify optimal next action

p̃t and F̃t

m12 = 200 from the 1972 birth cohort in 12 years,
then identify optimal next action

∗

The CDC recommendation is to screen all individuals born between 1945 and 1965 for HCV at their next routine medical

visit [40]. We ignore the screening of individuals born prior to 1960; for all others, we assume HCV screening occurs at age
50.
†

(depending on the scenario) in a specific future period.
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The optimal next action may be to terminate the screening program or to collect information about p̃t , ζ̃t , or both
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Table 4.5: Comparison of optimal policies when information is available for p̃t , F̃t , or both, now only or in all future
periods given our initial belief about HCV prevalence in men born in 1960, µp (x0 ) = 0.031 and σp2 (x0 ) = 0.0035,
and the screen-detected HCV fibrosis-stage distribution F0 = (0.128, 0.513, 0.128, 0.103, 0.128).
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In our base case analysis, collecting information about the screen-detected fibrosisstage distribution cost $800, 000 for a sample size of 200. The per participant costs
are high, $2000 per person, because an ultrasound-guided liver biopsy is a relatively
invasive and expensive procedure [259]. The fixed costs of the study are high because it is difficult to identify newly diagnosed, screen-detected individuals willing
to undergo liver biopsy [271, 277]. However, some of these costs may be lower in a
large centrally managed health system or if a non-invasive, but less accurate, fibrosisstaging technology is used. In sensitivity analysis, we considered lower and higher
costs for collecting information. When the cost of collecting information about the
screen-detected fibrosis-stage distribution is lower, the region in which it is optimal
to collect information about fibrosis-stage distribution is larger (Figure 4.5B). If we
have underestimated the costs of study management and patient recruitment, the
region in which it is optimal to collect information about fibrosis-stage distribution
is smaller (Figure 4.5C).
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Figure 4.5 (previous page): The optimal policy for any belief about HCV prevalence, p̃t , given the current belief about the screen-detected fibrosis-stage distribution,
F̃t . Decision alternatives include screening for HCV and not collecting any information, screening for HCV and performing a study to learn about HCV prevalence
(sample size of 4,500), screening for HCV and performing a study to learn about the
screen-detected fibrosis-stage distribution (sample size = 200), screening for HCV
and performing both studies, or not screening for HCV. Panels vary in the cost of
performing the fibrosis-stage distribution study: (A) Base case, $800, 000; (B) Low
cost, $600, 000; (C) High cost, $1, 000, 000.
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Incorporation of new information
Allison et al. [277] published a recent report on 738 of 1.1 million volunteer blood
donors who, at least initially, tested positive for HCV between 1990 and 2005. 384
individuals were confirmed to be chronically infected, and, of those, liver biopsy was
performed on 185 (48%). While likely more representative of the general HCV-positive
population than the study of Mallette et al. [271], which was performed within the
VA health system, the HCV-positive population identified in the study of Allison et
al. [277] was younger (average age 40), contained a higher proportion of females (46%
vs. 37%), and a lower proportion of blacks (18% vs. 23%) than the HCV-positive
population identified in a nationally-representative sample [6]. As an example of how
new information can be incorporated into our framework, we added the observations
from this study w = (61, 64, 33, 23, 4) to our previous prior to generate a new initial
belief, y0 = (66, 84, 38, 27, 9). Using this new prior, we re-ran our Example 2 analysis.
With the new fibrosis-stage distribution, the expected INMB of the CDCrecommended policy of screening until the 1965 birth cohort is $199.3 million.
Without the opportunity to collect information about p̃t or F̃t , we calculated the
optimal time to terminate the HCV-screening program to be 13 years (when the
1973 birth cohort turns 50) and the expected INMB of this policy to be $253.1
million using Eq. (4.4) and Eq. (4.6). Information about p̃t , F̃t , or both immediately
did not increase the expected INMB, so the opportunity to purchase information
immediately does not change the optimal policy. Given the opportunity to buy
information about either or both parameters in any period, the optimal policy is to
collect information (nt = 5, 000) about prevalence when the 1971 birth cohort turns
50 (in 11 years) (Figure 4.6). This policy has an expected INMB of $254.0 million.
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Figure 4.6: Optimal policy for any belief about HCV prevalence, p̃t , given the
updated belief about fibrosis-stage distribution, F̃0 , incorporating the evidence from
Allison et al. [277]. Decision alternatives include screening for HCV and not collecting
any information, screening for HCV and performing a study to learn about HCV
prevalence (sample size of 5,000), screening for HCV and performing a study to learn
about the screen-detected fibrosis-stage distribution (sample size = 200), screening
for HCV and performing both studies, or not screening for HCV.

4.5

Discussion

Evaluating an HCV screening policy over its entire lifecycle and considering the
opportunity to collect information about both time-varying and non-time-varying
parameters using a stochastic dynamic programming approach yields an important
policy-relevant insight: even when a parameter is not itself varying across intervention
cohorts, it may be optimal to delay information collection about it. We identified the
optimal time to collect information about two parameters that we assumed are constant across cohorts – the reduction in quality of life from awareness of HCV-positive
status and the fibrosis-stage distribution at screen-detected diagnosis at age 50. In
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both cases, given our initial beliefs about these parameters, the optimal policy was
to delay information collection about one or both parameters until the information is
more likely to influence the decision.
Guidelines recently released by the CDC recommend universal screening of individuals born between 1945 and 1965 at their next routine medical visit [40]. Our
analysis, which considers one-time screening at age 50 for future cohorts, indicates
that screening in men should continue to birth cohorts with much lower prevalence
and that, to inform the optimal policy, additional information should be collected
about model parameters. Given our prior belief about the reduction in quality of
life from awareness of HCV-positive status, we determined that collecting additional
information about this parameter immediately increases the expected INMB by $10.9
million compared to the next-best policy of never collecting information about this
parameter and waiting 16 years to perform a study on HCV prevalence. Compared
to the CDC-recommended policy, the optimal policy of collecting information today
about the quality-of-life reduction from awareness of HCV-positive status increased
the expected INMB by $179.7 million (a 45% improvement).
Given our prior belief about the screen-detected fibrosis-stage distribution, we
determined that collecting additional information about this parameter in 12 years
increases the expected INMB by $0.65 million compared to the next-best policy. Compared to the CDC-recommended policy, the optimal policy of collecting information
about fibrosis-stage distribution in 12 years increased the expected INMB by $169.5
million (a 42% improvement). After incorporating newly published evidence on the
fibrosis-stage distribution [277], we determined that the combined evidence on this
parameter is sufficient for current decision making. While we did not re-analyze the
optimal information collection policy for the reduction in quality of life from awareness of HCV-positive status, the very large gains in value from collecting information
about this parameter are likely to be maintained given the low cost of information
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acquisition and the relatively large influence this parameter has on the optimal policy.
Our work has several limitations. First, for this example, we assumed that the
reduction in quality of life from awareness of HCV-positive status and the screendetected fibrosis-stage distribution are constant over time. Social stigma – which
may decrease quality of life from awareness of HCV-positive status – is a modifiable
parameter through public awareness campaigns and continuing education for health
practitioners. The fibrosis-stage distribution of undiagnosed individuals may also be
changing over time because of changes in the age of infection acquisition and risk
factors for infection [8]. Nevertheless, in a typical value-of-information analysis, all
parameters would be assumed constant over time. The purpose of this work was
to demonstrate how the presence of a time-varying parameter, in this case HCV
prevalence, influenced the optimal information collection policy for non-time-varying
parameters. These two example parameters were selected because, if these parameters
are changing over time, they are likely changing more slowly than HCV prevalence.
We assumed that information can be collected within a single year. However, it
may take more than one year to accrue 200 patients for a study of fibrosis-stage distribution. If the study requires more time, the timing of study initiation could simply
be adjusted so that the information arrives at the period indicated with an appropriate adjustment to the study cost to account for the timing of study expenditures.
In our examples, we did not consider the opportunity to collect information about
all three parameters in a single analysis. The greater the number of simultaneous
and sequential information collection efforts, the more computationally intensive the
problem is to solve; however, our framework can readily accommodate expansion to
additional parameters simultaneously.
Our simplified model does not include future HCV transmission, which will increase HCV prevalence for future cohorts. Additionally, our simplified model structure assumes that to gain information about the next cohort, we can only collect
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information about the current cohort and rely on the correlation between cohorts (as
described by the system dynamics) to provide information about the next cohort. In
the case of HCV screening, however, it is possible to directly sample the next cohort
(49 year olds). We chose this model structure because of its generality, as the individuals who make up the ‘next cohort’ are typically unknown (e.g., the next cohort of
patients with a heart attack, the next cohort of pregnant women, or the next cohort
of cancer patients). Finally, we only considered men in our HCV example. In our
previous work we concluded that HCV screening in women should end in or near 2013
(Chapter 3).
Our work extends the scope of applications of stochastic dynamic programs in
the health care literature (reviewed in [66, 67]), focusing on population policy rather
than patient-level decisions and considering the timing of information collection as
an integral part of optimal policy design. Previous applications of a Markov decision
process framework to population policy, such as composition and timing decisions of
flu shot design [81, 82], have assumed that information is collected in every period in
which a final decision has not been made.
We extend the health decision science literature on value-of-information assessment by developing a model to identify the optimal information collection policy for
time-varying and non-time-varying model parameters when at least one parameter
is varying across intervention cohorts. For a typical health policy decision, many
population-level parameters are changing over time (e.g., decreasing rates of smoking, increasing rates of obesity and type II diabetes). Such changes will impact the
cost-effectiveness of medical interventions and health programs which are sensitive
to these parameters. Furthermore, a technology itself may increase in effectiveness
over time through explicit revision (technological improvement to a medical test or
device) or through learning curve effects. Trends affecting the cost-effectiveness of
a technology impact the value of information about the parameter that is changing
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and parameters that are not changing. Over long assessment horizons, ignoring the
influence of time-varying parameters on the value of information may lead or overor under-estimates of the value of additional information and the optimal sample
size. Furthermore, ignoring the opportunity to wait and collect information in the
future, when the information collected is more likely to result in action, is a missed
opportunity for increased efficiency. A dynamic programming framework enables an
accurate assessment of the marginal value of information and identifies the optimal
policy, including when and how much information to collect.
More effective treatment significantly improved the cost-effectiveness of HCV
screening in the general population. As a result, new guidelines for universal HCV
screening have been proposed to screen individuals born between 1945 and 1965 [40].
Using estimates of the HCV prevalence for future cohorts, our analysis indicates that
the proposed recommendations are conservative and that one-time universal HCV
screening should continue for many more years. Furthermore, we find that a study on
the reduction in quality of life from awareness of HCV-positive status is warranted.
The results of such a study will influence the optimal duration of an HCV screening
program. With resources becoming increasingly limited for health programs and medical research, this type of analysis may ensure the optimal implementation of health
programs including aiding in identifying the optimal information collection policy.

Chapter 5
Conclusions and Future Work
This dissertation focused on two projects applying mathematical modeling to health
policy. First, we developed a dynamic compartmental model to evaluate screening
technologies and frequencies for the early identification of HIV and HCV in injection
drug users (IDUs). Second, we developed a general dynamic framework for optimal
health policy design in a dynamic setting. We applied this framework to identify the
optimal time to collect information about HCV prevalence, which is decreasing across
intervention cohorts. We then extended this framework to demonstrate that the value
of information about static parameters is influenced by the presence of parameters
which vary across intervention cohorts. As an example, we identified the optimal
time to collect information about the reduction in quality of life from awareness of
HCV-positive status and the fibrosis-stage distribution at screen-detected diagnosis,
which do not vary across intervention cohorts.
In Chapter 2, we developed a dynamic compartmental model of the HIV and HCV
co-epidemic in IDUs in a representative US city. Using a dynamic compartmental
model enabled us to capture not only costs and benefits to the IDUs targeted with
HIV and HCV screening interventions, but also to other IDUs and non-IDUs in the
population through reduced HIV and HCV transmission. This modeling approach
115
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can be extended to consider other interventions targeted to IDUs and additional risk
categories, and to include the transmission and progression of additional infectious
diseases. We chose to model at the level of a city, which enabled us to provide cityspecific recommendations. This is important because there is tremendous diversity
across US cities in the proportion of new HIV infections attributed to injection drug
use (9% in Dallas, Miami, and Los Angeles vs. 20% in New York, Philadelphia, and
San Francisco, and 30% in Baltimore), the HIV prevalence within the city (0.4% in
Los Angeles vs. 4.0% in Fort Lauderdale), and the HIV prevalence among IDUs (3.5%
in Dallas, Phoenix, and San Diego vs. 12-15% in Baltimore and Atlanta, and 22%
in New York and Miami) [134, 278]. In addition, our model incorporates HIV-HCV
co-infection which is important because co-infection is common [279] and impacts
both disease progression and treatment effectiveness [103–105, 280].
During the 2000s, the number of individuals with substance addiction remained
stable [281]; yet, patterns of drug addiction are changing. For example, emergency
department visits for heroin remained constant during these years, but visits for prescription opiates increased 30% per year, [282]. Visits for oxycodone alone increased
44% per year and, in 2009, exceeded the absolute number of visits for heroin by
28% [282]. Prescription opiate, stimulant, and sedative diversion, misuse, and addiction are increasing in frequency [282–287]. In Montral, 75% of IDUs report injecting
prescription opioids and prescription opioid use is correlated with high-risk injecting
practices resulting in higher HCV incidence rates [288]. Poly-drug addiction is common and more difficult to treat [288–290]. Furthermore, cocaine and heroin use is
increasing in older (> 55 years) individuals [291]. To be effective in this changing
environment, drug treatment and harm reduction programs must be responsive to
the changing nature of drug addiction and the associated public health risks [292].
Extensions of our model could incorporate additional types of drug addictions and
further stratify the population using drugs.
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Our model could be extended to consider a wide variety of interventions, including
combination interventions such as HIV treatment combined with ORT [293, 294]. By
expanding the population stratifications to consider other socioeconomic factors such
as housing status, which is a known predictor for the effectiveness of harm reduction
and other health services [295], we could also use the model to estimate the impact
of housing status interventions on new HIV and HCV infections.
Poverty, homelessness, and substance addiction all create barriers to health care,
including reduced access to HIV treatment [296, 297]. US AIDS drug assistance programs (ADAPs) are cost effective [298–300], yet remain underfunded [297]. Routine
HIV screening and increased treatment complexity, without increased capacity to
provide treatment, overwhelmed the ADAP “safety net” resulting in waiting lists for
treatment since 2002 [297, 301]. Linas et al. present a resource allocation model
to demonstrate how patient prioritization can be used to achieve program goals of
serving a more diverse population [302]. Our dynamic compartmental model could
be extended to evaluate the economic efficiency of patient prioritization schemes,
the costs and benefits of HIV screening programs with decreasing marginal access
to treatment, and the impact that fully-funded ADAP programs could have on HIV
outcome disparities.
In Chapters 3 and 4, we develop a general framework for determining dynamic
health policy. We simultaneously consider the ongoing decision problem of whether
to change the current intervention (in our example, when to stop a birth-cohort HCV
screening program) and whether to collect information about one or more parameters affecting the decision. We demonstrate that if at least one model parameter is
changing across intervention cohorts, that it may be optimal to delay information
collection about both time-varying and static parameters until such time that the
information is more likely to influence policy actions. For a typical health policy
decision, many population-level parameters are changing over time (e.g., decreasing
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rates of smoking, increasing rates of obesity, Type II diabetes, and prescription opiate
addiction). Such changes will impact the cost-effectiveness of medical interventions
and health programs, as well as the value of information for model parameters. Over
long assessment horizons, ignoring the influence of time-varying parameters on the
value of information may lead to over- or under-estimates of the value of additional
information and the optimal sample size for information collection. An alternative to
our dynamic framework is routine re-evaluation of policy decisions; however, monitoring and re-evaluating health policy decisions too frequently wastes resources, while
monitoring and re-evaluating decisions too infrequently could result in delayed action,
unnecessary health costs, and health benefits lost. Applying our dynamic framework,
we simultaneously identified when, how much, and what type of information to collect
to inform decisions about when to change public health policy.
Our framework could also be extended to consider non-linear dynamics. The
effectiveness of a technology may increase over time (technological improvements to a
medical test or device), and this may cause discrete jumps in effectiveness. Learning
curve effects may also increase the effectiveness of an intervention over time. These
effects could readily be incorporated into our model.
In our model, the prevalence dynamics were exogenous (not influenced by the control), but this is not the case for infectious disease where transmission-risk-reducing
interventions will influence the size of the infected population. Optimal control solutions for infectious disease are limited and in some cases contradictory, because
the problems are quickly very complex and analytical solutions are uncommon [303].
Solutions identified through numerical analysis, such as the optimal control strategies for a cholera outbreak, demonstrate that the optimal balance of prevention and
treatment is specific to a population [304].
Building on our work and the existing literature in this area, we are interested in
extending the treatment of uncertainty in infectious disease optimal control models.
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Disease surveillance, or information collection on other disease or population parameters, may enable the optimal timing of transition from strategies weighted heavily
on prevention to those weighted heavily on treatment (or vice versa) in response
to changing prevalence. Interestingly, maximizing expected value may not be the
correct objective function since the economic and human consequences of a disease
outbreak can be catastrophic. Incorporating decision maker risk aversion or applying
techniques of robust optimization may yield valuable insights.
Another promising avenue for further research is the inclusion of externalities,
which provide another source of uncertainty, in models of disease control. Gersovitz
and Hammer identify a social decision makers optimal action incorporating private
choice and two consequent externalities in the process of disease transmission [305].
First, in choosing their own levels of preventive and therapeutic effort, people may not
fully account for the cost to others who may become infected as a consequence of their
infectiousness. Second, the prevention actions of an individual may directly impact
the probability that other people become infected, whether or not the preventive
action prevents infection in the person taking the preventive action (e.g., treating the
standing water on my property to prevent mosquito breeding). We can extend the
model presented in Chapter 2 to include screening uptake, treatment adherence, and
behavior change as functions of disease prevalence.
Our dynamic framework for developing optimal information collection strategies
can be extended to develop optimal disease surveillance strategies in the setting of
international infectious disease policy. The time interval between the beginning of
an epidemic and the recognition of the outbreak influences the magnitude of the
epidemic and consequently the magnitude of the response required to contain it.
Developing optimal infectious disease surveillance policies for diseases that spread
across international boundaries should include both externalities and asymmetric information. Incorporating externalities into his analysis, Ceddia developed an optimal
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control model to analyze various management options for infectious diseases that
occur in metapopulations under both Nash and cooperative behavior [306]. Ceddia found that the internalization of between-population externalities may not be
possible, which moves the optimal strategy from eradication to indefinite treatment.
Models of optimal disease surveillance could further incorporate asymmetric information. For example, affected countries may postpone reporting or understate outbreak
severity because of the risk of economic consequences associated with the disruption
of trade and travel [307, 308]. These fears and their consequences were demonstrated
during the 2003 SARS outbreak – lack of early detection and international reporting
enabled the disease to quickly spread along major airline routes [309]. Consequently,
SARS infected nearly 8,500 people in 30 countries and was directly responsible for 916
deaths [309]. Further extending optimal information collection models to explicitly
incorporate the possibility of incomplete, inaccurate, or intentionally-biased information may improve the development of domestic surveillance and infectious disease
response policies.
Applying Markov decision processes to ongoing health policy decisions at a population level is a relatively new approach. As public health resources become increasingly
scarce, additional attention must be paid to efficient information collection efforts.
The ability to critically assess whether additional information is necessary to make an
informed decision, should become an essential component of the decision analysts role
in policy guidance. Properly accounting for population and treatment dynamics will
improve the accuracy of analyses of potential policies and, ultimately the efficiency
and effectiveness of the health care system.

Appendix A
Chapter 2 Supplemental Material
A.1

Supplemental Model Details

We implemented the model in Microsoft Excel 2007 and Visual Basic for Applications
(Microsoft Corp. Redmond, WA). We structured the model in two parts: 1) a dynamic
compartmental model (Figure 2.1) to simulate the transmission of HIV and HCV in
the population aged 15-59 for 20 years and; 2) a Markov model to simulate the
remaining lifetimes of individuals who age out of the transmission model as well as
individuals in the population at the end of 20-year intervention period. In the dynamic
transmission model, we updated the number of individuals in each compartment every
month. In the Markov model, we updated the number of individuals in each state
every year and assumed no incident disease. Table A.1 provides a comprehensive list
of parameters, including base case values, low and high values considered in sensitivity
analysis, and sources.
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Table A.1: Base case parameter values, range used in sensitivity analysis, and
sources.
Base case

Range Range
Source

Variable
value

(low)

(high)

Baseline (Non-HIV, Non-HCV) mortality by injection drug user status (annual rate)
Non-IDU

0.0026

0.001

0.004

[172]

IDU, not in treatment

0.0311

0.011

0.037

[170, 173]

0.4

0.2

0.8

[173]

0.013

0.01

0.0311

Calculated,

Hazard ratio, IDU in treatment
IDU, in treatment

[174]
HIV progression parameters
Mortality, HIV/AIDS CD4 <500 cells/mm3
ART-, average duration

6.2 years

5.7

9.4

[310]

0.22

0.11

0.44

[111, 311]

Hazard Ratio, HCV+, ART-

1

0.68

1.35

[105]

Hazard Ratio, HCV+, ART+

1.35

1.11

1.63

[105]

CD4 <500 cells/mm3 , ART-

0.16

0.1

0.2

Calculated

CD4 <500 cells/mm3 , ART+

0.035

0.02

0.07

Calculated

Acute phase

3 months

1

6

[23]

CD4 >500 cells/mm3

8.14 years

6.4

16.1

[310]

Hazard Ratio, ART+

Annual mortality rate

Disease Progression
Average duration

Hazard Ratio, IDU

1

[312, 313]

Annual progression rate
Acute → CD4 >500 cells/mm3
CD4>500 → CD4<500 cells/mm3

4

12

2

Calculated

0.12

0.06

0.16

Calculated
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Clinical Presentation (annual rate of transition from unknown to known)
NIDU, CD4 >500 cells/mm3

0.1

0.1

0.5

Estimated∗ ,
[314]

NIDU, CD4 <500 cells/mm3

0.25

0.1

0.5

Estimated∗ ,
[314]

IDU, CD4 >500 cells/mm3

1.35

0.5

2

Estimated∗

IDU, CD4 <500 cells/mm3

1.35

0.5

2

Estimated∗

77%

50%

85%

[137, 296]

Acute

50%

25%

75%

Assumed

CD4 <500 cells/mm3

69%

46%

77%

[137, 160,

Access to treatment
Non-IDU
CD4 <500 cells/mm3
IDU

296]
HCV progression parameters
Mortality, ESLD → Death
HIV- (annual rate)
HR, ESLD mortality if HIV+
HIV+ (annual rate)

0.34

0.18

0.43

[315]

1

1

1.5

[316]

0.34

0.18

0.51

Calculated

6 months

3

12

[317]

35.3%

12%

45%

[27, 28, 106,

Disease Progression
Acute phase
Average duration
Probability of spontaneous clearance

318]
RR, spontaneous clearance if HIV+

0.85

0.62

1

[106, 107]

1.29

0.65

2.6

Calculated

Annual rate
HIV-, Acute→ F0/1
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HIV-, Acute → Susceptible

0.71

0.35

1.4

Calculated

HIV+, Acute→ F0/1

1.4

0.78

3.12

Calculated

HIV+, Acute → Susceptible

0.6

0.22

0.88

Calculated

0.029

0.023

0.036

[104]

HR, HIV+, ART-

2.49

1.81

3.42

[104]

HR, HIV+, ART+

1.72

1.06

2.8

[104]

HIV+, ART-

0.074

0.043

0.129

Calculated

HIV+, ART+

0.051

0.025

0.104

Calculated

HR, IDU

1.35

1

2.75

[104, 319]

0.02

0.011

0.026

[104, 320]

HR, F2→F4, HIV+, ART-

2.49

1.81

3.42

[104]

HR, F2→F4, HIV+, ART+

1.72

1.06

2.8

[104]

HR, F4→ESLD if HIV+

2.9

1.7

5

[103]

HIV+, ART-

0.052

0.037

0.068

Calculated

HIV+, ART+

0.039

0.029

0.05

Calculated

HR, IDU

1.21

1

2.75

[106]

1

1

2.88

[321]

F0/F1→F2-4 (annual rate)
HIV-

F2-4→ESLD (annual rate)
HIV-

HR, Genotype1/4

Clinical Presentation (annual rate of transition from unaware to aware)
HIV- or HIV+ unaware
F0/1

0

0.01

0.05

[201, 225]

F2/4

0.35

0.1

0.5

Estimated∗

ESLD

12

1

24

Assumed

F0/1

0.37

0.05

1

[322]

F2/4

0.37

0.05

1

[322]

ESLD

12

1

24

Assumed

HIV+ aware
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Initiation of HCV Treatment
Clinical case diagnosis
NIDU, F2/4

0.4

0.12

0.47

[18,323–326]

IDU in Treatment, Acute or F0/1

0

Assumed

IDU in Treatment, F2/4

0

Assumed,
[327]

Screen detection
Acute HCV

0.4

0.1

0.75

[18, 323–
326, 328]

F0/1
F2/F4

0

Assumed

0.4

0.1

0.5

[18, 323]

0.4

0.1

0.5

[18]

Aware of HCV status, treatment naı̈ve
Upon progression to F2/F4
Treatment Duration
G1/4

48 weeks

[10]

G2/3

24 weeks

[10]

Treatment Response
G1/G4
Acute HCV

62%

50%

70%

[27–31]

Acute HCV, HIV+

70%

50%

80%

[32–35]

40%

30%

60%

[114, 115,

Chronic HCV
PEG-IFN+RBV

329, 330]
PEG-IFN +RBV+PI

65%

40%

80%

[117–119,
331]

Chronic HCV, HIV+
PEG-IFN +RBV

30%

20%

50%

[108, 116]

PEG-IFN +RBV+PI

65%

40%

80%

Assumed
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G2/G3
Acute HCV

62%

50%

70%

[27–31]

Acute HCV, HIV+

70%

50%

80%

[32–35]

Chronic HCV

82%

60%

88%

[115, 116,
329, 330]

Chronic HCV, HIV+

66%

50%

80%

[108, 116]

2

0.4

3

[135]

4.3

2

8

[135, 136]

40%

31%

56%

[149, 175,

Sexual transmission risk parameters
Average number of sexual partners per year
Non-IDU
IDU
% of IDU partnerships with IDU

179, 180]
Condom use
HIV– or unaware of HIV+ status
Non-IDU - Non-IDU partnerships

20%

10

35

[135]

Non-IDU - IDU partnerships

50%

30

74

[135, 179,
332]

IDU - IDU partnerships

20%

17%

46%

[135, 136,
175, 179, 332,
333]

HIV+ aware

[181, 334–
336]

Non-IDU - Non-IDU partnerships

75%

63%

84%

Calculated,
[181, 182,
231]

Non-IDU - IDU partnerships

70%

44%

80%

[179, 182,
337, 338]

IDU - IDU partnerships

60%

40%

80%

[179, 182]
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0%
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0%

20%

[155]

8

5

26

[339–342]

0.2

0.1

0.7

Calculated

CD4 >500 cells/mm3

0.025

0.02

0.03

[137]

CD4 <500 cells/mm3

0.05

0.04

0.075

[137]

RR of ART on HIV infection risk

0.1

0.01

0.5

[4, 5, 137–

HIV transmission (transmission rate per partner-year)
HR, infection rate during acute phase
Acute HIV

142]
HCV transmission (transmission rate per partner-year)
Chronic HCV
RR of HCV treatment on infection risk

0.0003

0

0.002

[37,143–146]

0.1

0.01

0.5

Estimated,
[147, 148]

RR of sexual transmission, condom use
HIV

0.2

0.07

0.58

[139, 343]

HCV

0.3

0.07

0.58

[144]

500

1000

[149–152,

Needle-sharing transmission risk parameters
Average number of injections per year

700

154, 155]
Relative frequency of injecting behavior,

0.17

0.1

0.25

[178]

13%

10%

60%

[154–162,

in ORT
Fraction of injections that are shared

344]
RR of shared-injecting behavior, in ORT

30%

50%

100%

[157, 163]

Fraction of shared injections in which the

40%

20%

55%

[158, 162]

4.5

2

10

[175, 180]

equipment is bleached
Average number of injection partners per
year
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20%

5%

30%

[183]

0%

0%

25%

[13,184–186]

HIV diagnosis (in ORT)
Reduction in number of injections with
HCV diagnosis (in ORT)
HIV transmission (probability per injection with an HIV+ IDU)
1%

0.8%

1.2%

†

CD4 >500 cells/mm3

0.12%

0.09%

0.15%

[164, 165]

CD4 <500 cells/mm3

0.3%

0.25%

0.04%

[164, 165]

0.5

0.1

1

[137]

Acute HIV

RR of ART on HIV infection risk

HCV transmission (probability per injection with an HCV+ IDU)
Chronic HCV
RR of HCV treatment on infection risk

0.4%

0.1%

4%

[166, 167]

0.5

0.1

1

Estimated,
[147, 148]

RR, transmission with bleach use
HIV

0.94

0.63

1

[345–349]

HCV

0.68

0.5

1

[346, 349,
350]

Demographic parameters
Total Population, age 15-59
IDU
Fraction of IDUs in ORT

2, 500, 000
1.2%

0.7%

1.8%

[129]

7%

5%

15%

[132, 133]

Maturation Rate (aging out)

2.1%

[171]

Entry Rate (aging in)

2.5%

[171]

0.47%

[130]

HIV & AIDS
Prevalence (age 15-59)
IDU

6.5%

2%

15%

[134]

Non-IDU

0.4%

0.3%

0.45%

Calculated
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Distribution of HIV disease severity
Acute

1.38%

Calculated

CD4 >500 cells/mm3

44.1%

[351]

CD4<500 cells/mm3

54.6%

[351]

ART use
Non-IDU

77%

50%

85%

[296]

IDU

69%

50%

77%

[296]

1.7%

1.4%

2%

[131]

IDU

35%

14%

51%

[12]

Non-IDU

1.3%

1.2%

1.4%

Calculated

HCV
Prevalence (age 15-59)

Proportion genotype 1/4

70%

[323]

Acute

0.3%

Calculated

Asymptomatic

63.7%

[323]

Symptomatic

23%

[323]

ESLD

13%

[323]

Distribution of HCV disease severity

Aware of disease state
HIV+
Non-IDU

0.774

0.724

0.815

[352]

IDU

0.858

0.804

0.9

[352]

Non-IDU

0.51

0.4

0.61

[353]

IDU

0.28

0.1

0.5

[13]

HCV+

Progression between IDU states (annual rate)
Non-IDU → IDU
IDU → Non-IDU, HIVRR, IDU → Non-IDU, HIV+

Estimated∗

0.00115
0.04

0.036

0.045

[176, 354]

1.66

1.3

2.1

[176]
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IDU → Non-IDU, HIV+

0.067

0.058

0.077

[176, 354]

IDU → IDU, in treatment

0.115

0.07

0.22

Estimated∗

IDU in ORT → IDU

0.596

[177]

IDU in ORT → Non-IDU

0.018

[177, 354]

Test Characteristics
3rd generation HIV antibody test
Sensitivity, Acute HIV

0.33

0

0.5

[110, 355]

Sensitivity, Chronic HIV

0.995

0.96

0.999

[187, 356–
358]

Specificity

0.999994

0.99

1

[356, 357]

0.66

0.5

0.9

[110, 359,

4th generation HIV antibody test
Sensitivity, Acute HIV

360]
Sensitivity, Chronic HIV

0.995

0.96

0.999

[187, 356–
358]

Specificity

0.999994

0.99

1

[356, 357]

0.95

0.9

1

[187, 361–

HIV RNA test
Sensitivity

363]
Specificity

0.99998

0.97

1

[187, 361,
363]

HCV antibody test
Sensitivity

0.97

0.95

0.999

[364]

Specificity

0.9996

0.99

1

[365]

0.95

0.9

1

[362, 364,

HCV RNA test
Sensitivity

366]
Specificity

0.92

0.9

0.97

[364, 366]
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Cost parameters (in 2009$)
Screening
Counseling
Pre-test counseling

12.76

[168]

Post-test, negative result

7.14

[168]

Post-test, positive result

13.84

[168]

Negative (86701)

12.96

[169]

Positive (86701 (3 times) + 86689)

67.14

[169]

Negative (87535)

124.24

[169]

Positive (87535 (2 times) + 86689)

276.74

[169]

Negative (86803)

20.84

[169]

Positive (86803 (3 times) + 86804)

85.13

[169]

Negative (87521)

62.54

[169]

Positive (87521 (2 times) + 86804)

147.69

[169]

HIV diagnosis (87536 + 87901)

500.12

[169]

HCV diagnosis (87522 + 87902)

438.42

[169]

HIV Diagnostics
Antibody (CPT4)

RNA amplification (CPT4)

HCV diagnostics
Antibody (CPT4)

RNA amplification (CPT4)

One-time cost of diagnosis (CPT4)

Baseline (Non-HIV, Non-HCV) costs
IDU

5,521

2,000

7,500

[198]

IDU in ORT

10,692

7,500

15,000

[198, 199]
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Non-IDU

[196]

Age 15–59

3,500

Age 35–44

3,447

Age 45–54

4,900

Age 55–64

6,948

Age 65–74

10,837

Age 75+

18,776

Incremental Cost of Last Year of Life (incremental cost at end of life)
0

20,000

‡

IDU, Non-HIV, Non-HCV

8,350

HIV death

33,480

23,104 36,828

[200]

HCV death

30,446

20,000 40,000

[197]

Non-IDU, Non-HIV, Non-HCV

[169]

[197]

Age 15-59

30,446

20,000 40,000

Age 60-74

30,446

20,000 40,000

Age 75-84

17,185

15,000 25,000

Age 85+

5,631

0

10,000

0

0

611

[200]

CD4 >500 cells/mm3 , aware, ART-

1,590

611

3,401

[200]

CD4 >500 cells/mm3 , aware, ART+

23,724

19,000 27,808

[200]

CD4 <500 cells/mm3 , ART-

3,401

1,591

[200]

CD4 <500 cells/mm3 , ART+

30,530

23,724 41,420

HIV-attributable cost (annualized)
CD4 >500 cells/mm3 , unaware

7,240

[200]

HCV-attributable cost (annualized)
Asymptomatic, unaware
Asymptomatic, aware
Asymptomatic, aware, PEG-IFN+RBV
F2/4F2/4, PEG-IFN+RBV

0

0

212

[201]

212

0

1,000

[201]

24,704
347
24,839

20,000 30,000
0

1,000

20,000 30,000

[201–203]
[201]
[201–203]
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F2/4, PEG-IFN+RBV+PI

67,839

50,879 84,798

∗∗

ESLD

29,501

25,000 35,000

[201]

Quality-of-life parameters
Baseline utility weights

[204, 205]

Age 15–59

0.9

Age 35-44

0.887

Age 40–49

0.871

Age 45-54

0.854

Age 50–59

0.842

Age 55-64

0.829

Age 60–69

0.823

Age 65-74

0.811

Age 70–79

0.79

Age 80+

0.736

IDU

0.83

0.8

0.9

[206]

IDU in ORT

0.83

0.8

0.9

[206]

1

0.95

1

Assumed

CD4 >500 cells/mm3 , aware

0.94

0.85

0.96

[207, 208]

CD4 >500 cells/mm3 , ART+

0.94

0.85

0.96

[209]

CD4 <500 cells/mm3 , ART-

0.8

0.7

0.85

[207, 209,

HIV utility adjustments (multiplicative)
CD4 >500 cells/mm3 , unaware

210]
CD4 <500 cells/mm3 , ART+

0.8

0.7

0.85

[207, 209,
210]

HCV utility adjustments (multiplicative)
Asymptomatic, Unaware

0.96

0.89

0.99

[201, 211,
212, 214]

Asymptomatic, Aware

0.94

0.89

0.96

[211, 212]
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Asymptomatic, IFN+

0.87

0.85

0.89

[211, 212]

F2/4

0.88

0.71

0.9

[211, 212]

F2/4, IFN+

0.83

0.71

0.9

[211, 212]

Treatment Failed

0.84

0.59

0.9

[211, 212]

ESLD

0.77

0.27

0.8

[211, 212]

HIV – human immunodeficiency virus; HCV – hepatitis C virus ; ESLD – End-stage liver
disease; IDU – injection drug user; NIDU – non-injection drug user; ART – antiretroviral therapy; ‘ART+’ – indicates on ART; ‘ART-’ – indicates not on ART; HR – Hazard
ratio; RR – Relative risk; PEG-IFN+RBV – pegylated interferon with ribavirin ; PEGIFN+RBV+PI – pegylated interferon with ribavirin and protease inhibitors; ‘IFN+’ – indicates on either PEG-IFN+RBV or PEG-IFN+RBV+PI; CMS – Centers for Medicare and
Medicaid Services; DRG – Diagnosis Related Group; CPT4 – Current Procedural Terminology, 4th Edition; ORT – opioid replacement therapy;
∗

Estimated through calibration

†

We assumed the same relative risk of acute infection transmission as for sexual contact.

‡

We estimate the cost of death from overdose as equal to the reimbursement for DRG 896

+ CPT4 80100 + 80102 + A0427 + 99285
∗∗

Incremental cost of protease inhibitors is $1, 100 per week.
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IDU Population

The proportion of the population that is IDU and the HIV prevalence among IDUs
was estimated as the unweighted average of the 21 Metropolitan Statistical Areas
(MSAs) with populations between 1.5 and 5 million. Across these cities there is very
wide variation in both parameters, so we performed extensive sensitivity analysis on
these inputs. The cities included were (Population; % of population that are IDU;
Prevalence of HIV in IDU): Boston-Brockton-Nashua, MA-NH (4.2 million, 1.6%,
4.5%), Washington, DC-MD-VA-WV (3.6 million, 0.8%, 9.0%), Philadelphia, PA-NJ
(3.4 million, 1.7%, 8.8%), Atlanta, GA (3.0 million, 0.5%, 14.9%), Houston, TX (3.0
million, 1.1%, 6.4%), Detroit, MI (3.0 million, 0.9%, 6.4%), Dallas, TX (2.6 million,
1.3%, 3.4%), Phoenix-Mesa, AZ (2.3 million, 1.2%, 3.6%), Riverside-San Bernardino,
CA (2.3 million, 0.9%, 3.5%), Minneapolis, MN (2.1 million, 0.5%, 3.3%), Orange
County, CA (2.0 million, 1.0%, 2.4%), San Diego, CA (2.0 million, 1.3%, 3.4%),
Nassau-Suffolk, NY (1.8 million, 0.7%, 12.3%), St.

Louis, MO-IL (1.8 million,

0.6%, 3.1%), Baltimore, MD (1.7 million, 3.4%, 11.7%), Seattle-Bellevue-Everett,
WA (1.7 million, 1.6%, 2.9%), Oakland, CA (1.7 million, 1.3%, 4.2%), Tampa-St.
Petersburg-Clearwater, FL (1.6 million, 1.1%, 6.1%), Miami, FL (1.5 million, 0.6%,
22.8%), Denver, CO (1.5 million, 1.4%, 3.1%), Pittsburgh, PA (1.5 million, 0.9%,
3.9%), Cleveland-Lorain-Elyria, OH (1.5 million, 0.8%, 4.2%). We excluded the three
MSAs with populations over 5 million: Los Angeles-Long Beach, CA (6.5 million,
1.5%, 3.8%), New York, NY (6.4 million, 1.4%, 21.2%), Chicago, IL (5.7 million,
0.6%, 8.4%).
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HIV Progression

We estimated HIV and HCV progression and mortality rates from previous models of
their natural history and progression [137, 221, 310]. During each cycle in the model,
HIV-infected individuals can die from complications of HIV or from other causes.
If they survive, they may progress to a more advanced HIV state, initiate ART, or
cease ART. HIV-infected individuals remain asymptomatic for an average of 8.14
years [310]. We assumed that among individuals with chronic HIV and a CD4 count
less than 500 cells/mm3 the average time to death is affected by ART and co-infection
with HCV [103–106, 137, 221, 318]. We assumed that ART use and HCV status affect
HIV progression, but that drug use, on its own, does not affect HIV progression
rates [137, 160, 296].
Effects of co-infection
We adjusted mortality and progression rates for co-infected individuals based on
estimates from the literature [27, 28, 103–107, 316, 318]. A meta-analysis of 27 posthighly active antiretroviral therapy era studies found that HCV co-infected patients
had an increased rate of all-cause mortality compared to HIV mono-infected patients
(hazard ratio = 1.35, 95% confidence interval: 1.11-1.63) [105]. Thus, we increased
mortality for co-infected individuals in the model.
Combination ART
In the model, treatment with ART slowed the progression of HIV and reduced HIV
infectivity based on rates observed in clinical and observational trials [5,111,138–140,
311, 367]. Consistent with recent evidence supporting early initiation of combination
ART [111–113, 189, 191, 192, 368, 369], we assumed that individuals with a CD4 count
<500 cells/mm3 are eligible to receive ART. We simplified ART by assuming that
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any recommended regimen of ART would result in this benefit and did not consider
cost or effectiveness differences among treatment regimens, nor did we consider the
potential for poor adherence leading to treatment resistance and resulting in the use
of more expensive treatments or a reduction in the effectiveness of current treatment.
Based on rates of ART use in IDUs and non-IDUs in the HIV Research Network,
we estimated that 69% of IDUs and 77% of non-IDUs would initiate combination ART
upon diagnosis if detected with acute disease or a CD4 count <500 cells/mm3 [296].
We assumed that 50% of IDUs in ORT who are identified through an acute HIV
screening program would initiate ART.
The optimal duration of therapy for patients with acute HIV infection is unknown.
We assumed that individuals who initiated ART during acute HIV infection continued
ART after the acute phase even with a CD4 count >500 cells/mm3 , because this
appeared to be consistent with current practice and recommendations [189–192, 369].
In our base case, we did not assume any progression benefit of ART initiated during
acute or early infection; mortality benefit began after the patient fell below a CD4
count of 500 cells/mm3 .
Infectivity
Infectivity was higher for acute HIV infection and for chronic HIV infection with a
CD4 count <500 cells/mm3 compared to the early phase of chronic HIV infection
(CD4 count >500 cells/mm3 ) [24, 339]. ART decreases HIV viral load [147, 148];
we estimated that this viral load reduction would result in 90% reduction in sexual
infectivity and a 50% reduction in transmission by shared injection equipment for
patients on treatment [4, 5, 137–142].
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HCV Progression

We estimated HCV-specific mortality and progression rates for mono-infected individuals based on natural history and statistical models of HCV [103,104,315,320,370].
When those models included more granularity of fibrosis progression than our model
includes, we summed the expected time in successive health states to calculate the
expected time in the combined health state. We assumed that individuals who clear
HCV spontaneously or as a result of treatment can become re-infected [371]. We
assumed higher rates of HCV progression in IDUs than in non-IDUs (due to concomitant alcohol use) [106, 194, 319, 372, 373].
Effects of co-infection
We estimated that 35% of acute HCV infections in HIV-negative individuals spontaneously clear without treatment [27, 28, 106, 318]. However, spontaneous clearance
is 15-38% lower in HIV-infected individuals [106, 107]. Thus, in the base case, we
assumed that 30% of acute HCV infections in HIV-infected individuals would not
seroconvert. Additionally, we assumed that HIV co-infection affects HCV fibrosis
progression, although some of this effect is mitigated by ART [103, 104]. In the base
case, we assumed that HIV co-infection did not affect mortality from end-stage liver
disease (ESLD) based on a recent analysis indicating that, controlling for age and
HCV RNA level, HIV co-infection is not associated with a higher risk of death from
ESLD in IDUs [316].
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Effectiveness of pegylated interferon with ribavirin +/- protease inhibitors
(PEG-IFN+RBV and PEG-IFN+RBV+PI)
HCV treatment with PEG-IFN+RBV+PI for genotype 1 and PEG-IRN+RBV for
other genotypes is potentially curative. Duration of therapy and treatment effectiveness differed by HCV genotype category and treatment type [10, 118, 119, 331].
Effectiveness of a regimen of PEG-IFN+RBV+PI to cure chronic genotype 1 HCV
infection in mono-infected individuals was estimated from recent trials [118,119,331].
Treatment effectiveness of PEG-IFN+RBV for the treatment of chronic HCV infection for genotypes other than type 1 and during the acute phase of HCV in mono- and
HIV co-infected individuals was estimated based on recent trials [27–34]. In the base
case, we assumed that HIV co-infected individuals and IDUs in ORT would achieve
the same sustained viral response rates as mono-infected individuals; we evaluated
this assumption in sensitivity analysis.
Little evidence supports the contraindications to HCV treatment that have historically restricted access to many IDUs, and a growing body of evidence indicates that active injection drug use is not a predictor of treatment non-response
[30, 193, 194, 374–377]. Therefore, in the base case, we assumed that HIV co-infected
individuals and IDUs in ORT would achieve the same sustained viral response rates
as mono-infected individuals; we evaluated this assumption in sensitivity analysis.
IDUs who are not in drug treatment, individuals who have been previously treated,
and individuals with ESLD are not eligible for treatment [10]. Of the 47-76% of patients eligible for HCV treatment [323, 328], not all will opt to initiate treatment.
Based on the rates of treatment initiation in the Veterans Affairs health system and
in US private insurance [18, 323–326], we estimated that 40% of individuals will initiate hepatitis C treatment upon diagnosis with or progression to treatment-eligible
HCV disease. Because of the increased efficacy of combination therapy including PIs,
treatment uptake in individuals infected with HCV genotype 1 may be higher than
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historically observed rates. We considered higher rates of treatment uptake in sensitivity analysis. We assumed that initiation of treatment during acute infection only
occurs at the time of diagnosis.
Infectivity
HCV viral load varies across individuals but does not appear to be higher during
acute infection [148, 378, 379], so we assumed that HCV infectivity was constant
across HCV disease stages. Based on expert opinion we estimated that the viral load
reduction from PEG-IFN+RBV or PEG-IFN+RBV+PI treatment would result in a
90% reduction in HCV sexual infectivity and a 50% reduction in HCV transmission
by shared injection equipment.

A.1.4

Sexual Transmission of HIV and HCV

We estimated the average number of sexual partners per year, the rate of condom
use, and condom effectiveness at preventing transmission of HIV and HCV from the
literature [135–137, 158, 221, 380, 381]. We estimated IDU risk behaviors from the
Collaborative Injection Drug Users Study (CIDUS) [13, 156, 175].
We modeled HIV and HCV transmission via sexual partnerships on a per
partnership basis.

We assumed preferential mixing of IDUs with other IDUs

[149, 175, 179, 180]. Awareness of HIV-positive status with appropriate counseling
can increase rates of condom use [136, 181, 381]; accordingly, in the model, condom
use increases upon diagnosis with HIV. We assumed no increase in condom use with
awareness of HCV-positive status.
A wide range of values has been estimated for number of sex partners of IDUs,
ranging from the same as the general population to more than 500 lifetime partners
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(for IDUs who are also commercial sex workers) [332]. Similarly, the estimated frequency of condom use and the factors that affect condom use in the IDU population
are highly variable. For example, condom use is more frequent in short-term partnerships than in extended partnerships [175, 179, 332, 382]. For the base case, we chose
mid-range values and varied these values in sensitivity analysis.
HIV transmission risk increases with viral load and therefore decreases with ART
use because ART decreases viral load; however, detectible virus remains even when
there is no detectable virus in blood plasma [380, 383–385]. We assumed that ART
can reduce the likelihood of transmission in an HIV-discordant sexual partnership by
90% [4, 137, 141, 142].
We assumed that sexual transmission of HIV during the acute phase of infection
occurs at a rate 8 times higher than during the post-acute asymptomatic phase of
the disease because of a temporarily high viral load [187, 339, 340, 386, 387]. ART
treatment during the acute phase of HIV infection has been reported to reduce viral
load to undetectable levels [388]. We assumed that ART initiated in the acute phase
of HIV infection would reduce likelihood of transmission during this phase by 90%.
Sexual transmission of HCV is very rare [37, 145, 146]. Cohort studies of HCVdiscordant heterosexual couples with more than 10 years of observation report no
genotype-concordant incident infections [37,38]. However, reports of sexual transmission of HCV in men who have sex with men indicate that this route of transmission
is possible [144]. Therefore, in the model, we assumed a small probability of sexual
transmission.
Effectiveness of condoms
We estimated that condoms reduce the likelihood of HIV transmission by 80% based
on an large meta analysis [343] and of HCV transmission by 70% based on the observations of the Swiss HIV Cohort study [144].
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Estimated number of new infections per cycle
The number of new HIV and HCV infections from sexual contact in each cycle is
calculated as follows:
# of new infections for compartment i from partnerships with individuals of IDU type j
=

 # of unprotected sexual partnerships by the uninfected individuals 

in compartment i with individuals in IDU type j
 # unprotected sexual partnerships among infected individuals of IDU type j 
×
total # unprotected sexual partnerships among individuals of IDU type j
× P {transmission per serodiscordant sexual partnership | no condom}
+

 # of protected sexual partnerships by the uninfected individuals 
in compartment i with individuals in IDU type j

 # unportected sexual partnerships among infected individuals of IDU type j 
total # protected sexual partnerships among individuals of IDU type j
× P {transmission per serodiscordant sexual partnership | condom}
×

A.1.5

HIV and HCV Transmission via Injection Equipment
Sharing

We modeled transmission of HIV and HCV through sharing of injecting equipment
(e.g., needles, cookers, cottons, rinse water) as a risk per sharing partner. For transmission via shared injection equipment, we estimated the average number of injections
per year, number of sharing partners, rates of equipment sharing, rates of bleach use,
and effectiveness of bleach, based on the Collaborative Injection Drug Users Study
(CIDUS) and other studies [13,150–152,154–156,158–160,175,344]. Estimates of risk
of transmission via sharing of injection equipment vary widely in the literature. Rates
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of HIV transmission by needle-stick injury indicate a per injection risk of approximately 0.3% (range 0.1-0.5%) when the source has asymptomatic HIV but has been
estimated as high as 2.4% when the source has symptomatic AIDS [164]. Rates of
HCV transmission by needle-stick injury indicate a per injection risk range from 0.3%
to 4% [166, 167].
While 18.7% to 55.6% of IDUs report using shooting galleries, many IDUs report
only a few injection partners and often report that their primary injection partner is
also their sex partner [156, 389, 390]. In addition, individuals aware of their HIV and
HCV status report serosorting in sexual and injection partnerships [229–231,391–393].
Social hierarchies can affect whether an IDU shares only in a distributive way or both
distributes and receives [394–397]. The complexities of injection networks are not
incorporated into our model. For tractability, we assumed the same number of injections per injection partnership and estimated the monthly probability of transmission
using a binomial model.
Effectiveness of bleach
We assumed that bleach is used in 39% of shared injections [158]. The efficacy
of bleach in reducing HIV transmission is debated. In laboratory settings rinsing
syringes with bleach is very effective at eliminating HIV [345], but the ability of bleach
to be effective in real-world settings is estimated to be substantially lower [346–350].
We estimated that bleach reduces the risk of HIV transmission by 6% and HCV
transmission by 32% [345–350].
Estimated number of new HIV and HCV infections per cycle
The number of new HIV and HCV infections from injection drug use in each cycle
is calculated as follows. First, we calculated the probability of transmission per
shared injection between an infected person and an uninfected person based on the
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estimated probability of transmission conditional on whether bleach is used weighted
by the proportion of shared injections in which bleach is used:
P {Transmission per risky injection}
= P {Transmission | no bleach} × (1 − P {bleach})
+ P {Transmission | bleach} × P {bleach}.

Then we calculated the monthly probability of transmission using a binomial model:
P {Transmission per seridiscordant injection partnership per month}
= 1 − P {No Transmission in the month}
= 1 − (1 − P {Transmission per risky injection})(# Shared Injections per Partner per Month)

where the number of shared injections per month was estimated based on the annual
number of shared injections and the number of partners. Finally, the number of new
infections in each model compartment was calculated as:
# of new infection for compartment i
= (# of sharing partners among uninfected individuals in compartment i)
 # sharing partners among all infected persons 
×
total # sharing partnerships
× P {transmission per serodiscordant injection partnership per month}.

A.1.6

Clinical Diagnosis

We assumed that all individuals who received a diagnosis of HIV or HCV whether
by screening program or other diagnosis had their disease staged (including viral
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load) by quantitative nucleic acid amplification and characterized by virus genotyping regardless of whether they initiated treatment at the time of diagnosis, consistent
with current guidelines [192, 220, 398, 399]. Among individuals who have a diagnosis
of one disease (HIV or HCV) either through a single-disease screening program or
through symptomatic case finding, asymptomatic presence of the other disease may
be identified through patient follow-up and treatment eligibility assessment. Individuals diagnosed with either disease through the screening intervention in the model
immediately received an antibody test for the other disease unless this was redundant for the screening strategy [192,399]. We estimated the rates of HIV diagnosis in
HCV-negative patients and HCV diagnosis in HIV-negative patients based on rates
found in prior studies and such that the rates of under-diagnosis were maintained
over time at the US average for IDU and non-IDU groups [13, 314, 352, 353].

A.1.7

Model Calibration and Validation

We estimated several unknown and unobserved parameters through model calibration.
We manually searched for parameter values that were themselves consistent with
the medical literature, previous models of HIV and HCV, and expert opinion and
produced model predictions satisfying current rates, trends, and assumed trends over
the next 20 years if the status quo were maintained. We defined a status quo screening
strategy in which 48.5% of IDUs would be screened for HIV antibodies upon entry to
ORT, consistent with the proportion of substance abuse programs that provide HIV
testing services [237].
Calibration to a constant level of HIV under-diagnosis
We estimated the average time to HIV diagnosis by calibrating to constant proportions over time of undiagnosed HIV in non-IDU and IDU populations based
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on 2006 estimates (Figure A.1A) [352]. HIV testing is available to IDUs in many
forms, so rates of under-diagnosis are lower among IDUs than in the general population [162, 352]. In our calibration scenarios, to avoid duplicate provision of screening
upon entry to ORT, we assumed that 48.5% of IDUs would be screened for HIV
antibodies upon entry to ORT, consistent with the proportion of substance abuse
programs that provide HIV testing services [237]. We assumed that non-IDUs with
a diagnosis of HCV would be tested for HIV antibodies upon diagnosis with HCV
and annually thereafter. Thus, aside from some screening upon treatment entry, the
remainder of screening services currently accessed by IDUs is combined into the baseline clinical detection rates. This exercise resulted in an estimated median time to
diagnosis of 6 years for a non-IDU with asymptomatic HIV, 3 years for a non-IDU
with symptomatic HIV, and <1 year for an IDU.

Figure A.1: Results of calibration to total population and IDU rates of undiagnosed
HIV (A) and HCV (B).
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Calibration to a constant level of HCV under-diagnosis
We estimated the average time to HCV diagnosis by calibrating to constant proportions of undiagnosed HCV in non-IDU and IDU populations (Figure A.1B) [13, 353].
We assumed that individuals who developed ESLD would be diagnosed with HCV,
on average, one month after progression to ESLD. Based on observational reports,
we estimated that non-IDUs with a diagnosis of HIV would be tested once every 2.7
years [322]. The calibration exercise indicated that among non-IDUs and IDUs with
liver fibrosis stage greater than 2, the average time to diagnosis was 2.7 years and 3.3
years, respectively.
Calibration to HIV epidemic
Across 96 US cities, HIV prevalence in the IDU population decreased between 19922002 at a rate of approximately 6.4% per year from a mean prevalence of 11.4% in
1992 to 6.2% in 2002 [134]. Projections of trends with more recent data are not
yet available, so the nature of the epidemic from 2002 onward is very uncertain; we
assumed the epidemic to be relatively constant with approximately 6.5% of the IDU
population infected with HIV (Figure A.2A). In the total population, HIV prevalence is increasing as the result of advancements in treatment efficacy and hence
longevity [352]. However, restricting the ages of analysis to 15 to 59, these trends of
increasing prevalence may not be present and the nature of trends specific to this age
group is unknown. In the base case in the absence of incremental interventions we
assumed that HIV prevalence in the total population is decreasing slightly over 20
years (Figure A.2B).

APPENDIX A. CHAPTER 2 SUPPLEMENTAL MATERIAL

148

Figure A.2: Results of calibration to prevalence of HIV in IDUs (A) and the total
population (B). Results of calibration to prevalence of HCV in IDUs (C) and the total
population (D).

APPENDIX A. CHAPTER 2 SUPPLEMENTAL MATERIAL

149

Calibration to HCV epidemic
HCV prevalence in the IDU population was estimated to be 35% in two consecutive
CIDUS studies reporting on data collected from 1997-1999 and 2002-2004 [12]; however, variation in the change in prevalence was dramatically different across cities. In
the absence of incremental interventions we assumed a slightly increasing prevalence
of HCV (Figure A.2C). The prevalence of HCV in the general population is decreasing [131, 400]. We calibrated HCV prevalence in the general population to a prior
model that predicted population-level HCV prevalence in the US until 2030 based on
the current prevalence and incidence of HCV in each age group (Figure A.2D) [400].
Comparison to the target proportion of sexually transmitted infections
attributable to acute HIV infection
The Centers for Disease Control and Prevention (CDC) estimates the proportion of
new HIV infections caused by acutely infected persons to be 11.4% but estimates
in the literature range up to 50% [24, 25]. Using the hazard ratio of 8-times the
infectivity during the acute infection period, the model estimated that approximately
15% of new infections are attributable to the acute infection period.
Comparison to HIV incidence
We estimated the current incidence of HIV in the adult population (age 15 to 59)
based on CDC age-specific incidence estimates [1,401]. In setting the validation target
interval, we assumed that all new infections in the >50 years of age population were
acquired by individuals younger than age 59. Figure A.3A shows that our model’s
projections match projections of future HIV incidence.
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Comparison to HCV incidence
We estimated the current incidence of HCV in the adult population (age 15 to 59)
based on the same model-based study that we used to estimate projected HCV prevalence over 20 years [400]. Figure A.3B shows that our model’s projections match
estimates of future HCV incidence.

Figure A.3: Results of validation to total population HIV incidence (A) and HCV
incidence (B).

A.1.8

Incorporating Lifetime Costs and QALYs

The expected discounted lifetime costs and QALYs of the cohort that aged out of the
model and the cohort alive at the end of the intervention period were added to the
costs and QALYs accrued during the time horizon of the model. We calculated the remaining lifetime discounted life years, QALYs, and costs for each health state using a
Markov model that had the same health state definitions as the dynamic transmission
model. The Markov model incorporated age-specific mortality, utilities, and costs as
its baseline because each of these change with increasing age [172, 196, 197, 204, 205].
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Disease progression was assumed to occur at the same rates as in the dynamic transmission model conditional on the health state. We made the simplifying assumption
that no additional transmission of HIV or HCV would occur in this population. We
estimate that the effects of this assumption are small because of the very low incidence of HIV and HCV in older cohorts compared to younger cohorts [401, 402].
Additionally, we assumed that the incremental costs and multiplicative quality-of-life
reduction from HIV and HCV infection in this cohort would be the same as in the
younger cohort.

A.2

Supplemental Results and Sensitivity
Analysis

For each screening strategy, we estimated the number of HIV and HCV infections,
life-years, quality-adjusted life years (QALYs) and lifetime costs incurred for all individuals in the population. Base case results for all screening strategies, including
those not on the efficient frontier, are shown in Table A.2.
We performed two types of sensitivity analysis. First, we considered alternativecity scenarios using the low and high values of numbers of IDUs per 10,000 population
and prevalence for HIV and HCV in the IDU population (Table 2.1, Table A.1).
Results of this sensitivity analysis are shown in Table A.3. Second, we held the city
characteristics constant (assuming the base-case city), and varied the effectiveness of
ORT, the proportion of persons identified in the acute and chronic phase of infection
who initiate treatment, the cost of treatment, and treatment effectiveness. Results of
sensitivity analysis on ORT effectiveness, HIV-specific and HCV-specific parameters
are shown in Table A.4, Table A.5, and Table A.6, respectively. We also performed
sensitivity analysis on the length of the HIV antibody detection window (Table A.7).

HIV
Infections
Averted

HCV
Infections
Averted

ICER
($/LY
gained)

Anti-HIV (Entry)

13.78

Anti-HIV (Annual)

ICER
($/QALY
gained)‡

0.01

1,580,365

169

141

9,365

11,191

20.22

0.00

2,874,166

245

206

16,938

20,075

Anti-HIV (6 months)

23.55

0.02

3,832,733

281

237

26,436

30,713

Anti-HIV+RNA (Entry)

28.54

(0.37)

5,509,497

337

287

30,323

33,503

Anti-HIV (3 months)

27.56

0.00

5,630,700

323

273

Dominated

Dominated

Anti-HIV+RNA (Annual)

41.51

(0.60)

11,200,954

487

416

37,900

44,141

Anti-HIV+RNA (6 months)

49.34

(0.75)

16,207,602

574

492

Ext. Dom.

65,883

Anti-HCV (Entry)

2.34

18.06

20,215,708

486

152

Dominated

Dominated

Anti-HIV; Anti-HCV (Entry)

12.79

17.98

21,364,310

613

258

Ext. Dom.

Dominated

Anti-HIV (Annual);
Anti-HCV (Entry)

19.26

17.95

22,630,907

689

323

Ext. Dom.

Dominated

Anti-HCV (Annual)

2.43

19.96

23,277,012

532

149

Ext. Dom.

Dominated

Anti-HIV (6 months);
Anti-HCV (Entry)

22.59

17.96

23,580,884

725

354

Ext. Dom.

Dominated

Anti-HCV (6 months)

2.47

19.92

24,291,675

534

146

Ext. Dom.

Dominated

Anti-HCV+RNA (Entry)

2.68

21.76

24,865,474

505

148

Ext. Dom.

Dominated

No screening∗∗

152

Incremental Incremental Incremental
Cost
LYs
QALYs

Screening Protocol
(Screening Frequency† )
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Table A.2: Base case results for all strategies considered.

27.57

17.58

25,273,569

780

404

Ext. Dom.

Dominated

Anti-HIV (3 months);
Anti-HCV (Entry)

26.61

17.94

25,376,341

766

390

Ext. Dom.

Dominated

Anti-HIV;
Anti-HCV (Annual)

19.10

19.85

25,652,696

731

318

Ext. Dom.

Dominated

Anti-HIV+RNA (3 months)

57.82

(0.96)

25,664,563

668

574

Ext. Dom.

115,429

Anti-HIV;
Anti-HCV+RNA (Entry)

12.76

21.68

25,976,968

627

251

Ext. Dom.

Dominated

Anti-HCV (3 months)

2.50

19.87

26,004,933

535

144

Ext. Dom.

Dominated

Anti-HIV (6 months);
Anti-HCV (Annual)

22.44

19.86

26,602,016

767

349

Ext. Dom.

Dominated

Anti-HIV (Annual);
Anti-HCV+RNA (Entry)

19.23

21.66

27,242,783

703

316

Ext. Dom.

Dominated

Anti-HIV;
Anti-HCV (6 months)

22.44

19.82

27,612,067

769

346

Ext. Dom.

Dominated

Anti-HIV (6 months);
Anti-HCV+RNA (Entry)

22.57

21.66

28,192,612

739

347

Ext. Dom.

Dominated

Anti-HIV (3 months);
Anti-HCV (Annual)

26.45

19.84

28,397,627

809

385

Ext. Dom.

Dominated

Anti-HIV (3 months);
Anti-HCV (6 months)

26.45

19.80

29,408,034

811

382

Ext. Dom.

Dominated
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Anti-HIV+RNA;
Anti-HCV (Entry)

153

27.55

21.28

29,886,565

794

397

Ext. Dom.

Dominated

Anti-HIV (3 months);
Anti-HCV+RNA (Entry)

26.58

21.64

29,988,105

781

383

Ext. Dom.

Dominated

Anti-HCV+RNA (Annual)

2.74

24.55

30,139,070

544

148

Ext. Dom.

Dominated

Anti-HIV+RNA (Annual);
Anti-HCV (Entry)

40.57

17.33

30,938,150

930

533

44,532

Dominated

Anti-HIV;
Anti-HCV (3 months)

26.46

19.75

31,118,258

812

380

Dominated

Dominated

Anti-HIV;
Anti-HCV+RNA (Annual)

19.07

24.45

32,482,845

739

313

Dominated

Dominated

Anti-HCV+RNA (6 months)

2.76

25.08

33,370,790

547

147

Dominated

Dominated

Anti-HIV (6 months);
Anti-HCV+RNA (Annual)

22.41

24.45

33,434,558

776

344

Dominated

Dominated

Anti-HIV+RNA;
Anti-HCV (Annual)

40.41

19.22

33,959,018

972

528

Ext. Dom.

Dominated

Anti-HIV (3 months);
Anti-HCV+RNA (Annual)

26.43

24.43

35,231,640

817

381

Dominated

Dominated

Anti-HIV+RNA (Annual);
Anti-HCV+RNA (Entry)

40.54

21.03

35,550,387

944

526

Ext. Dom.

Dominated

Anti-HIV+RNA (6 months);
Anti-HCV (Entry)

48.42

17.17

35,936,712

1,017

609

57,192

Ext. Dom.
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Anti-HIV+RNA;
Anti-HCV+RNA (Entry)

154

24.98

36,659,723

778

343

Dominated

Dominated

Anti-HIV (3 months);
Anti-HCV+RNA (6 months)

26.42

24.96

38,458,114

820

380

Dominated

Dominated

Anti-HIV+RNA (6 months);
Anti-HCV (Annual)

48.26

19.06

38,956,858

1,060

604

71,399

Ext. Dom.

Anti-HCV+RNA (3 months)

2.77

27.57

39,233,499

552

156

Dominated

Dominated

Anti-HIV+RNA;
Anti-HCV (6 months)

48.27

19.02

39,966,882

1,062

601

Ext. Dom.

Ext. Dom.

Anti-HIV+RNA (6 months);
Anti-HCV+RNA (Entry)

48.39

20.87

40,548,855

1,032

602

Dominated

Ext. Dom.

Anti-HIV+RNA;
Anti-HCV+RNA (Annual)

40.39

23.82

40,789,651

981

523

Dominated

Dominated

Anti-HIV;
Anti-HCV+RNA (3 months)

26.41

27.45

44,315,366

825

388

Dominated

Dominated

Anti-HIV+RNA (3 months);
Anti-HCV (Entry)

56.90

16.96

45,390,578

1,111

691

Ext. Dom.

168,600

Anti-HIV+RNA (6 months);
Anti-HCV+RNA (Annual)

48.24

23.66

45,790,344

1,068

599

Ext. Dom.

Dominated

Anti-HIV+RNA (3 months);
Anti-HCV (Annual)

56.75

18.86

48,410,723

1,154

686

100,749

Dominated

Anti-HIV+RNA;
Anti-HCV+RNA (6 months)

48.23

24.19

49,015,183

1,071

598

Dominated

Dominated

155

22.40
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Anti-HIV;
Anti-HCV+RNA (6 months)

56.75

18.82

49,421,140

1,156

683

489,639

Dominated

Anti-HIV+RNA (3 months);
Anti-HCV+RNA (Entry)

56.87

20.67

50,002,788

1,125

684

Dominated

Dominated

Anti-HIV+RNA;
Anti-HCV (3 months)

56.75

18.77

51,131,261

1,157

680

Ext. Dom.

Dominated

Anti-HIV+RNA (3 months);
Anti-HCV+RNA (Annual)

56.72

23.45

55,246,297

1,162

681

905,133

Dominated

Anti-HIV+RNA (3 months);
Anti-HCV+RNA (6 months)

56.71

23.98

58,472,543

1,164

680

Ext. Dom.

Dominated

Anti-HIV+RNA;
Anti-HCV+RNA (3 months)

56.71

26.47

64,329,321

1,170

689

1,220,703

Dominated

HIV - human immunodeficiency virus; HCV - hepatitis C virus; LYs - life years; QALYs - quality-adjusted life-years; ICER
- incremental cost-effectiveness ratio; IDU - injection drug user; Ext. Dom. – extended dominated
†

Frequencies considered: “Entry” = Upon entry to ORT; “Annual” = Upon entry and annually while in ORT;

“6 months” = Upon entry and every 6 months while in ORT; “3 months” = Upon entry and every 3 months while in ORT
‡
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Anti-HIV+RNA (3 months);
Anti-HCV (6 months)

“Dominated” indicates that the strategy costs more and provides fewer benefits than another strategy; “Extended

dominated” indicates that the strategy costs more and provides fewer benefits than a combination of two strategies.
∗∗

This strategy includes baseline detection rates in the IDU and non-IDU populations and no screening targeted to

individuals in ORT.

156

AntiVariable

AntiAnti-HIV

Anti-HIV

(Annual)

(6 months)

HIV

11,191

Anti-

HIV+RNA HIV+RNA HIV+RNA

(Entry)

Base Case

Anti-

(Entry)

20,075

30,713

33,503

(Annual)

44,141

(6 months)

65,883

Anti-

Anti-

Anti-

HIV+RNA

HIV+RNA

HIV+RNA

HIV+RNA

(Annual);

(6 months);

(3 months);

(3 months)

Anti-HCV

Anti-HCV

Anti-HCV

(Entry)

(Entry)

(Entry)

115,429

Dominated

Ext. Dom.

168,600

Anti-

Prevalence of injection drug use
Low (60 per 10,000)

11,317

20,553

31,694

33,482

45,311

67,860

119,098

Dominated

Ext. Dom.

167,544

High (150 per 10,000)

11,131

19,845

30,240

33,517

43,578

64,933

113,665

Dominated

Ext. Dom.

169,136

19,354

29,205

32,966

42,233

62,650

109,291

Dominated

Ext. Dom.

163,113

Proportion of IDUs in ORT
Low (5%)

11,028

High (15%)

11,695

22,106

34,997

35,167

49,604

75,380

133,551

Dominated

Ext. Dom.

199,527

Very High (40%)

12,999

28,195

50,712

Ext. Dom.

62,983

100,585

187,932

Dominated

Ext. Dom.

201,804

14,066

30,648

Ext. Dom.

44,753

69,747

106,944

Ext. Dom.

Ext. Dom.

167,684

191,821

7,222

8,696

9,068

Ext. Dom.

20,955

22,943

36,581

Dominated

Dominated

202,965

Low (15%)

11,409

20,583

33,280

Ext. Dom.

47,405

69,748

123,704

Dominated

Ext. Dom.

138,224

High (47%)

11,777

21,222

32,675

33,933

46,363

69,409

121,788

Dominated

Ext. Dom.

206,155

18,107

41,692

Ext. Dom.

63,665

95,353

Ext. Dom.

Dominated

133,317

148,970

269,732

13,870

28,943

Ext. Dom.

42,606

65,081

99,316

177,536

Ext. Dom.

Ext. Dom.

202,392

3,424

Ext. Dom.

3,909

Dominated Ext. Dom.

14,123

20,969

Dominated

Ext. Dom.

150,051

7,213

Ext. Dom.

8,359

Ext. Dom.

21,281

33,415

Dominated

Dominated

233,031

HIV prevalence in IDUs†
Low (3.5%)
High (17%)
HCV prevalence in

IDUs‡

HIV and HCV prevalence
Both low
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Table A.3: Sensitivity analysis on city-specific epidemic characteristics. Incremental cost-effectiveness ratio
($/QALY gained) for selected strategies on the efficient frontier compared to the next-best strategy.∗

(3.0% and 20%)
Low HIV, High HCV
(3.5% and 45%)
High HIV, Low HCV
(17% and 20%)
Both high

157

(17% and 50%)

20,099

“Dominated” indicates that the strategy costs more and provides fewer QALYs than another strategy or a

combination of two strategies (called “Extended Dominance”).
†

Estimated HIV prevalence among IDUs in 2002 was 3.1-3.9% in Portland, Boston, Seattle, Phoenix, Dallas,

Minneapolis, Pittsburgh and 9-23% in Atlanta, Washington DC, Miami [134].
‡

Estimated HCV prevalence among IDUs in 2002-2004 was 14% and 27% in Chicago and Los Angeles, respectively,

and 51% in Baltimore and New York [12].
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158

AntiAnti-HIV

Anti-HIV

Anti-HIV

(Entry)

(Annual)

(6 months)

Variable

Anti-

Anti-

Anti-

Anti-

HIV+RNA

HIV+RNA

HIV+RNA

HIV+RNA

HIV+RNA

(3 months);

(Entry)

(Annual)

(6 months)

(3 months)

Anti-HCV
(Entry)

Base case

11,191

20,075

30,713

33,503

44,141

65,883

115,429

168,600

Effectiveness of ORT, Transition from IDU in ORT to non-IDU (base case: 1.8% per year)
Lower, 0.9% per year

11,037

20,031

30,770

33,048

44,092

65,815

115,458

175,645

Higher, 3.6% per year

11,489

20,160

30,603

34,364

44,236

66,016

115,367

156,699

10,470

18,715

27,109

29,330

43,489

63,042

107,487

229,679

11,856

21,273

34,012

Dominated

45,936

68,588

122,286

138,264

Average time in ORT (base case:1.5 years)
Shorter ORT duration
1.0 years
Longer ORT duration,
2.25 years

∗

“Dominated” indicates that the strategy costs more and provides fewer QALYs than another strategy or a

combination of two strategies (called “Extended Dominance”).
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Table A.4: Sensitivity analysis on ORT effectiveness parameters. Incremental cost-effectiveness ratio ($/QALY
gained) for selected strategies on the efficient frontier compared to the next-best strategy.∗
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AntiAnti-HIV
Anti-HIV

Anti-HIV

(Entry)

(Annual)

Variable

Anti-HIV

Anti-

Anti-

Anti-

Anti-

HIV+RNA

(6

(3

HIV+RNA

HIV+RNA

HIV+RNA

HIV+RNA

(3 months);

months)

months)

(Entry)

(Annual)

(6 months)

(3 months)

Anti-HCV
(Entry)

Base case

11,191

20,075

30,713

Dominated

33,503

44,141

65,883

115,429

168,600

Acute phase uptake of treatment (base case = 50%)
Low (25%)

11,194

20,082

30,726

49,218

Ext. Dom.

52,067

77,235

142,254

168,620

High (75%)

11,194

20,082

Ext. Dom.

Ext. Dom.

28,760

40,968

58,401

98,448

168,554

Access to HIV treatment (Rates of treatment in individuals with CD4 <500 cells/mm3 )
Low

10,278

19,816

30,888

49,608

Ext. Dom.

51,016

77,340

141,574

168,856

High

11,231

20,064

Ext. Dom.

Ext. Dom.

28,769

41,061

58,683

98,952

168,422

No transmission benefit†

11,191

20,075

30,713

Ext. Dom.

Ext. Dom.

47,243

71,328

125,653

168,613

High transmission benefit

11,191

20,075

30,713

Dominated

31,897

43,710

65,085

113,944

168,597

7,630

18,054

31,472

Dominated

34,849

43,797

68,078

120,823

168,529

Dominated

ART effectiveness
Acute phase

Chronic HIV
No mortality benefit
High mortality benefit

12,031

20,585

30,650

No transmission benefit

18,967

25,482

27,484

High transmission benefit

9,751

19,269

Ext. Dom.

11,593

20,401

28,818

10,335

19,580

Ext. Dom.

38,454
Dominated

33,293

44,251

65,515

114,451

168,559

Dominated

Ext. Dom.

91,224

137,178

179,832

28,857

41,943

65,439

116,037

164,637

Dominated

59,139

73,667

128,880

172,977

28,058

41,609

64,530

114,215

164,403
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Table A.5: Sensitivity analysis on HIV parameters. Incremental cost-effectiveness ratio ($/QALY gained) for
selected strategies on the efficient frontier compared to the next-best strategy.∗

Acute & Chronic HIV
Low mortality and trans-

44,502

mission benefit
High mortality and trans-

Dominated

mission benefit
ART effectiveness, reduction in progression rate in patients with CD4 count >500 cells/mm3

10% (9.3 years)

11,191

20,075

30,713

Dominated

32,403

43,819

65,239

114,138

168,598

160

Average time from infection to CD4 <500 cells/mm3 for a patient on ART from diagnosis during acute infection phase (base case = 8.3 years)

11,191

20,075

30,713

Dominated

30,785

43,303

64,213

112,083

168,594

50% (16.7 years)

11,191

20,075

Ext. Dom.

Dominated

29,031

42,345

62,324

108,308

168,587

60% (20.8 years)

11,191

20,075

Ext. Dom.

Dominated

28,327

41,923

61,501

106,664

168,584

Cost of treatment

∗

Low

10,269

19,422

Ext. Dom.

Dominated

29,593

42,797

64,453

113,936

168,468

High

12,114

20,728

30,925

Ext. Dom.

37,979

45,486

67,314

116,921

168,732

Worst case HIV‡

12,590

21,100

29,034

44,452

Dominated

65,008

76,105

131,979

173,176

Best case HIV∗∗

9,672

18,821

Ext. Dom.

21,032

35,800

53,603

92,466

164,206

Dominated

“Dominated” indicates that the strategy costs more and provides fewer QALYs than another strategy or a

combination of two strategies (called “Extended Dominance”).
†

Remaining benefit is access to treatment which confers a mortality benefit after the individual’s CD4 count falls

below 500 cells/mm3
‡

Worst case HIV Scenario combines low treatment benefits (low mortality benefit and low transmission benefit),

high ART cost, and greater reduction in quality of life associated with ART treatment
∗∗

Best case HIV

Scenario combines high treatment benefits (high mortality benefit and high transmission

benefit), low ART cost, and lesser reduction in quality of life associated with ART treatment, and higher rates of
treatment access
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25% (11.1 years)
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AntiAnti-HIV

Anti-HIV

Anti-HIV

(Entry)

(Annual)

(6 months)

Variable

Anti-

HIV+RNA HIV+RNA
(Entry)

Base case

11,191

20,075

30,713

33,503

(Annual)

Anti-

Anti-

Anti-

Anti-

HIV+RNA

HIV+RNA

HIV+RNA

HIV+RNA

(6 months);

(3 months);

(6 months)

(3 months)

Anti-HCV

Anti-HCV

(Entry)

(Entry)

Ext. Dom.

168,600

44,141

65,883

115,429

Acute phase uptake of treatment
Low (15%)

11,191

20,075

30,713

33,503

44,141

65,883

115,429

Ext. Dom.

168,600

High (50%)

11,191

20,075

30,713

33,503

44,141

65,883

115,429

Ext. Dom.

168,600

Access to chronic HCV treatment
Low

11,000

19,946

30,664

33,584

44,110

65,889

115,451

Dominated

7,637,626

High

11,443

20,246

30,778

33,395

44,183

65,876

Ext. Dom.

81,239

115,292

Treatment effectiveness
PEG-IFN+RBV+PI for genotype 1
Acute, Low

11,191

20,075

30,713

33,503

44,141

65,883

115,429

Ext. Dom.

168,600

Acute, High

11,191

20,075

30,713

33,503

44,141

65,883

115,429

Ext. Dom.

168,600

Chronic, Low

11,182

20,106

30,771

33,463

44,218

65,973

115,557

Dominated

Dominated

Chronic, High

11,200

20,065

30,692

33,529

44,114

65,853

115,390

Ext. Dom.

121,126

Acute & Chronic, Low

11,182

20,106

30,771

33,463

44,218

65,973

115,557

Dominated

Dominated

Acute & Chronic, High

11,200

20,065

30,692

33,529

44,114

65,853

115,390

Ext. Dom.

121,126

19,941

30,670

33,602

44,121

65,910

115,493

Dominated

583,338

PEG-IFN+RBV for all genotypes
Base case effectiveness

10,976

Low effectiveness

10,973

19,949

30,686

33,588

44,141

65,934

115,525

Dominated

Dominated

High effectiveness

10,983

19,925

30,639

33,629

44,080

65,864

115,429

Ext. Dom.

169,452
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Table A.6: Sensitivity analysis on HCV parameters. Incremental cost-effectiveness ratio ($/QALY gained) for
selected strategies on the efficient frontier compared to the next-best strategy.∗

Cost of treatment (PEG-IFN+RBV+PI)
11,106

20,009

30,677

33,570

44,109

65,869

115,425

Ext. Dom.

157,688

High

11,276

20,141

30,749

33,437

44,174

65,897

115,433

Ext. Dom.

179,511

11,276

20,184

30,817

33,378

44,264

65,995

115,566

Dominated

Dominated

11,319

20,124

30,688

33,539

44,087

Ext. Dom.

Ext. Dom.

65,721

115,263

Worst case

HCV†

Best case HCV‡

162

Low

“Dominated” indicates that the strategy costs more and provides fewer QALYs than another strategy or a

combination of two strategies (called “Extended Dominance”).
†

Worst case HCV Scenario combines low treatment effectiveness, high treatment cost, and greater reduction in

quality of life associated with treatment
‡

Best case HCV Scenario combines high treatment effectiveness, low treatment cost, and lesser reduction in

quality of life associated with treatment, and higher rates of treatment access
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AntiAnti-HIV
AntiAnti-HIV

Anti-HIV

Anti-HIV

Anti-

Anti-

Anti-HIV

Variable
(Entry)

(Annual)

(6 months)

Anti-

HIV+RNA

HIV+RNA

(3 months);

(3 months)

Anti-HCV

(3 months);
HIV+RNA HIV+RNA HIV+RNA

(3 months)

Anti-HCV
(Entry)

(Annual)

(6 months)
(Entry)

(Entry)
Window period of antibody detection
3 months

15,373

Ext. Dom.

Ext. Dom.

Ext. Dom.

21,561

41,092

58,418

Dominated

97,735

168,568

Base Case

11,191

20,075

30,713

Dominated

33,503

44,141

65,883

Dominated

115,429

168,600

1.5 months

9,760

17,454

25,418

41,499

Ext. Dom.

66,368

70,973

Dominated

127,826

168,616

1 month

8,683

15,653

22,400

38,467

Dominated Ext. Dom.

116,045

Dominated

142,623

168,632

2 weeks

7,647

14,072

20,189

37,555

Dominated Dominated

Ext. Dom.

168,806

Ext. Dom.

282,206

(2 months)

∗

“Dominated” indicates that the strategy costs more and provides fewer QALYs than another strategy or a

combination of two strategies (called “Extended Dominance”).
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Table A.7: Sensitivity analysis on the length of the HIV antibody test detection window. Incremental costeffectiveness ratio ($/QALY gained) for selected strategies on the efficient frontier compared to the next-best
strategy.∗
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Appendix B
Chapter 3 Supplemental Material
B.1
B.1.1

Proofs of Propositions
Proof of Proposition 1.

Proof. The special case where p̃t is beta distributed with parameters (at , bt ) and the
information-collection technology is perfect, i.e., where q = (1, 1), is well known [87].
The sample information, v˜t , is beta-binomial distributed and updating the prior with
the sample information results in a beta-distributed posterior belief with parameters
(at + vt , bt + nt − vt ).
In the interesting case where p̃t is a mixture of m > 1 beta distributions with
weights ωi , i ∈ {1, . . . , m}, and the information-collection technology is imperfect, the
probability of observing a ‘positive’ signal from any single Bernoulli trial is p̃t q1 + (1 −
p̃t )(1 − q2 ). The resulting distribution of sample information is effectively a weighted
beta-binomial distribution correcting for the additional uncertainty introduced by the

165
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imperfect information collection technology (additional steps in Section B.2.1):
Z

1

fv (vt |xt , nt , q) =

fv|p fp dp
Z 1 
nt
=
[pq1 + (1 − p)(1 − q2 )]vt [p(1 − q1 ) + (1 − p)q2 ]nt −vt fp dp
v
t
0

(B.1)

0

=

vt nX
t −vt
X

q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ×

j=0 k=0
m
X

ωi

i=1

Γ(nt + 1)Γ(at,i + bt,i )Γ(at,i + j + k)Γ(bt,i + nt − j − k)
.
Γ(j + 1)Γ(vt − j + 1)Γ(k + 1)Γ(nt − vt − k + 1)Γ(at,i )Γ(bt,i )Γ(at,i + bt,i + nt )

Using Bayes’ Theorem, the posterior distribution is a mixture of beta distributions
with weights summing to one (additional steps in Section B.2.2), so
fp|v (p|xt , nt , vt , q) =

fv|p fp
fv

(B.2)

 
1 nt
=
[pq1 + (1 − p)(1 − q2 )]vt [p(1 − q1 ) + (1 − p)q2 ]nt −vt
f v vt
=

vt nX
m
t −vt X
X

m
X
Γ(at,i + bt,i ) at,i −1
p
(1 − p)bt,i −1
Γ(a
t,i )Γ(bt,i )
i=1

!

0

ωj,k,i beta(at,i + j + k, bt,i + nt − j − k),

j=0 k=0 i=1

with updated weights
Γ(a

0

ωj,k,i =

+b

)Γ(a

+j+k)Γ(b

+n −j−k)

t,i
t,i
t,i
t,i
t
ωi q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k Γ(j+1)Γ(vt −j+1)Γ(k+1)Γ(n
t −vt −k+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )
,
Pvt Pnt −vt Pm ωi q1r (1−q2 )vt −r (1−q1 )s q2nt −vt −s Γ(at,i +bt,i )Γ(at,i +r+s)Γ(bt,i +nt −r−s)

r=0

s=0

i=1

which concludes our proof.

Γ(r+1)Γ(vt −r+1)Γ(s+1)Γ(nt −vt −s+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )



Remark 2 If p̃t is a mixture of m > 1 beta distributions with weights ωi and the
information collection technology is perfect, the distribution of sample information
is a mixture of beta-binomial distributions with with weights ωi . Bayesian updating
results in a posterior distribution that is a mixture of m beta distributions with
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parameters (at,i + vt , bt,i + nt − vt ) and weights

0

ωi =

Γ(at,i +bt,i )Γ(at,i +vt )Γ(bt,i +nt −vt )
Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )
Pm
Γ(at,j +bt,j )Γ(at,j +vt )Γ(bt,j +nt −vt )
j=1 ωj
Γ(at,j )Γ(bt,j )Γ(at,j +bt,j +nt )

ωi

for all i ∈ {1, . . . , m}.

B.1.2

Proof of Proposition 2.

Proof. Rewriting the Eq. (3.6) as

V (x0 ) =

∞
X

δ t (θz t µ(x0 ) − γ)1{t≤t∗ (x0 )}

t=0

the claim follows from the fact that each term is a nondecreasing, convex function.∗
Specifically for each t, δ t (θz t µ(x0 ) − γ) is linear in µ(x0 ) with θδ t z t ≥ 0 and t∗ (x0 )
nondecreasing in µ(x0 ). Noting that when t = t∗ (x0 ) = t(x0 ), (θz t µ(x0 ) − γ) = 0, we
can conclude that δ t (θz t µ(x0 ) − γ)1{t≤t∗ (x0 )} is a continuous, nondecreasing convex
function.

B.1.3



Proof of Proposition 3.

Proof. We apply Proposition 5 in Smith and McCardle [247] which states that
provided (a) the current-period reward function satisfies the structural property (such
as convexity and monotonicity in µ(xt )) for each action, and (b) the state transitions
satisfy a stochastic version of the structural property for each action, then the value
function satisfies the structural property in a finite-horizon setting. In our setting,
which is in principle infinite-horizon up to the stopping time, if the structural property
∗

1{t≤t∗ (x0 )} = 1 if t ≤ t∗ (x0 ) and 0 otherwise

APPENDIX B. CHAPTER 3 SUPPLEMENTAL MATERIAL

168

is satisfied in the final period, just before the optimal stopping time, then the previousperiod value function is obtained via maximization over functions that each satisfy the
structural property. Thus, if the structural property is preserved by maximization,
then the previous-period value function also satisfies the structural property. For the
proof we assume a perfect detection technology.
First, condition (a) is satisfied because the current-period expected reward,
E[g(p̃t , ut )|xt ], is nondecreasing in µ(xt ) and σ 2 (xt ) and (at least weakly) convex
in µ(xt ) for any action ut ∈ U.
Second, the Bayesian update ψ preserves stochastic dominance of the betadistributed prior, in the sense that if one prior is stochastically dominated by another
prior, the corresponding posteriors will exhibit the same dominance relationship, under first-order stochastic dominance (FOSD) and second-order stochastic dominance
(SOSD).† In particular, an increase of the mean µ(xt ) will result in an increase of
the posterior mean, and an increase of the variance σ 2 (xt ) in an increase of the
posterior variance. To see this for SOSD, consider a mean preserving spread, so
(1)

(2)

xt , xt

(1)

(2)

(1)

(2)

(1)

(2)

with µ(xt ) = µ(xt ) and σ 2 (xt ) < σ 2 (xt ). Then σ 2 (xt ) < σ 2 (xt )
(1)

(1)

implies at + bt

(2)

(2)

(1)

(2)

> at + bt , and V[s̃t |xt , nt ] 6 V[s̃t |xt , nt ]. The conditional

variance of the next-period belief given nt = η ≥ 0 samples is V[xt+1 |xt , s̃t , nt =
η] =

z(at +s̃t )(at +bt +η−z(at +s̃t ))
.
(at +bt +η)2 (at +bt +η+1)

The variance of the next-period belief is obtained using
(1)

(2)

the law of total variance, so V[xt+1 |xt , nt = η] < V[xt+1 |xt , nt = η]; hence, φ ◦ ψ̂
is increasing in σ 2 . Thus, ψ is increasing in µ(xt ) and σ 2 (xt ), and the same holds
true for its beta approximation ψ̂. The state-transition function φ is linear (timeinvariant) in µ(xt ) and linear (time-variant) in σ 2 (xt ), so that the Bayesian-updated
state-transition function φ ◦ ψ̂ is increasing in (µ(xt ), σ 2 (xt )).
Finally, the convexity in µ(xt ) survives the maximization in the Bellman equation
given that the objective function is supermodular in (ut , µ(xt )). Since the sum of
†

The monotone likelihood ratio property is satisfied [403].
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nondecreasing convex functions is nondecreasing and convex, we only need a terminal condition to satisfy the backwards-induction approach presented by Smith and
McCardle [247]. Note that since 0 < z < 1, limt→∞ µ(φ(ψ̂(xt , ut , ṽt , q))) = 0 and
limt→∞ σ 2 (φ(ψ̂(xt , ut , ṽt , q))) = 0. Therefore, there exists a time T < ∞ for which,
given any initial state, an optimal policy is to stop the intervention, i.e., uT = (0, 0),
and V (xT ) = 0. Through the mean- and, ultimately, variance-reducing dynamics,
with or without the variance-reducing acquisition of information, any initial state
eventually approaches a ‘termination’ state over time. Since the reward of this state
is zero, which is nondecreasing and convex, we conclude that V (xt ) is nondecreasing
and convex in µ(xt ); by a similar argument it is also increasing in σ 2 (xt ).

B.1.4



Proof of Corollary 1.

Proof. For the case where no information is available, this corollary was already
shown to be true with the derivation of a threshold policy in Section 3.3.1. In the
general case, with or without information collection in the current or future periods,
µ(xt ) is decreasing in expectation over successive periods. The reward function g(xt )
is linear in µ(xt ) and so, in expectation, the reward of the next-period state is less
than the reward this period.

B.1.5



Proof of Proposition 4.

Proof. With misclassification, the posterior distribution has greater variance than
would occur with the same sample size and a perfect detection technology. Therefore,
misclassification can be thought of as an effective sample size reduction or an increase
in cost for each full unit of information. Increasing the cost of information decreases
the value function and decreases the size of the information collection region. The
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former can be seen directly from the value function and the later can be seen directly
from Eqs. (3.7) and (3.8).

B.2



Additional Steps for Derived Functions

Notation
Consider a prior belief fp (xt ) which is a mixture of mt beta distributions where
xt = (xt,1 , xt,2 , ..., xt,mt )> and xt,i = (at,i , bt,i )> ∈ R2++ such that 1 6 i 6 m, m ∈ R++
P
and a set of positive weights ωi such that m
i=1 ωi = 1. The pdf is
fp (p|xt ) =

m
X
i=1

wi

Γ(ai + bi ) ai −1
p
(1 − p)bi −1 .
Γ(ai )Γ(bi )

At time t the policy maker chooses the control ut = (dt , nt > 0) indicating that
they will collect nt Bernoulli trials. The information collection technology, with test
sensitivity q1 and test specificity q2 , is imperfect. The probability of observing a
‘positive’ signal from any single Bernoulli trial is p̃t q1 + (1 − p̃t )(1 − q2 ). Therefore,
 
nt
fv|p (vt |p̃t = pt , nt , q) =
[pq1 + (1 − p)(1 − q2 )]vt [1 − pq1 − (1 − p)(1 − q2 )]nt −vt .
vt

B.2.1

Derivation of Eq (B.1)

As described in the proof of Proposition B.1.1, the distribution of sample information
when the information-collection technology is imperfect is effectively a weighted betabinomial distribution. We provide additional steps for the derivation of Eq. (B.1), the
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distribution of the sample information with imperfect information collection technology:
fv (vt |xt , nt , q)
Z 1
=
fv|p (vt |p̃t = pt , nt , q)fp (p̃t = pt |xt )dp
0
Z 1 
nt
=
[pq1 + (1 − p)(1 − q2 )]vt [1 − pq1 − (1 − p)(1 − q2 )]nt −vt fp (p̃t = pt |xt )dp
vt
0
Z 1 
nt
[pq1 + (1 − p)(1 − q2 )]vt [p(1 − q1 ) + (1 − p)q2 ]nt −vt ×
=
vt
0
m
X
Γ(at,i + bt,i ) at,i −1
ωi
p
(1 − p)bt,i −1 dp
Γ(a
)Γ(b
)
t,i
t,i
i=1


Z 1  X
v  
nt  t vt j j
=
p q1 (1 − p)vt −j (1 − q2 )vt −j 
vt
j
0
j=0
! m

nX
t −vt 
X Γ(at,i + bt,i )
n t − vt k
k
nt −vt −k nt −vt −k
ωi
p (1 − q1 ) (1 − p)
q2
pat,i −1 (1 − p)bt,i −1 dp
k
Γ(a
)Γ(b
)
t,i
t,i
i=1
k=0
 

vt nX
t −vt 
X
nt
vt
n t − vt j
q1 (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ×
=
v
j
k
t
j=0 k=0
Z
m
X
Γ(at,i + bt,i ) 1 at,i +j+k−1
p
(1 − p)bt,i +nt −j−k−1 dp
ωi
Γ(a
)Γ(b
)
t,i
t,i
0
i=1




n
−v
v
t
t
t
X X nt
vt
n t − vt j
=
q1 (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ×
v
j
k
t
j=0
k=0

m
X

ωi

i=1

=

Γ(at,i + bt,i ) Γ(at,i + j + k)Γ(bt,i + nt − j − k)
Γ(at,i )Γ(bt,i )
Γ(at,i + bt,i + nt )

vt nX
t −vt
X
j=0 k=0
m
X

q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ×

ωi

i=1

Γ(nt + 1)Γ(at,i + bt,i )Γ(at,i + j + k)Γ(bt,i + nt − j − k)
Γ(j + 1)Γ(vt − j + 1)Γ(k + 1)Γ(nt − vt − k + 1)Γ(at,i )Γ(bt,i )Γ(at,i + bt,i + nt )
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Derivation of Eq (B.2)

We present additional steps for deriving Eq. (B.2), the posterior distribution of p̃t
given sample information, vt , collected using an imperfect information-collection technology. We find that the posterior distribution is a mixture of beta distributions.
fp|v (p|ṽt = vt )
=
=

fv|p (ṽt = vt |p̃, nt , q)fp (p̃t = pt |xt )
fv (ṽt = vt |xt , nt , q)

Pm
Γ(at,i +bt,i ) at,i −1
nt
vt
nt −vt
(1 − p)bt,i −1
i=1 ωi Γ(at,i )Γ(bt,i ) p
vt [pq1 + (1 − p)(1 − q2 )] [p(1 − q1 ) + (1 − p)q2 ]

fv (ṽt = vt |xt , nt , q)


  X


v
1
n t  t vt m j
=
p q1 (1 − p)vt −j (1 − q2 )vt −j  ×
fv (ṽt = vt |xt , nt , q) vt
j
j=0
! m

nX
t −vt 
X Γ(at,i + bt,i )
n t − vt r
k
nt −vt −k nt −vt −k
pat,i −1 (1 − p)bt,i −1
p (1 − q1 ) (1 − p)
q2
ωi
Γ(a
)Γ(b
)
k
t,i
t,i
i=1
k=0
 

vt nX
t −vt 
X
1
nt
vt
nt − v t j
q1 (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ×
=
fv (ṽt = vt |xt , nt , q) j=0
vt
j
k
k=0

m
X

ωi

i=1

=

Γ(at,i + bt,i ) at,i +j+k−1
p
(1 − p)bt,i +nt −j−k−1
Γ(at,i )Γ(bt,i )

vt nX
m
t −vt X
X
1
q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k ωi ×
fv (ṽt = vt |xt , nt , q) j=0
i=1
k=0

Γ(nt + 1)Γ(at,i + bt,i )Γ(at,i + j + k)Γ(bt,i + nt − j − k)
×
Γ(j + 1)Γ(vt − j + 1)Γ(k + 1)Γ(nt − vt − k + 1)Γ(at,i )Γ(bt,i )Γ(at,i + bt,i + nt )
beta(at,i + j + k, bt,i + nt − j − k)
=

vt nX
m
t −vt X
X

0

ωj,k,i beta(at,i + j + k, bt,i + nt − j − k)

j=0 k=0 i=1

where
Γ(a

0

ωj,k,i

+b

)Γ(a

+j+k)Γ(b

+n −j−k)

t,i
t,i
t,i
t,i
t
ωi q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k Γ(j+1)Γ(vt −j+1)Γ(k+1)Γ(n
t −vt −k+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )
=
Pvt Pnt −vt Pm ωi q1r (1−q2 )vt −r (1−q1 )s q2nt −vt −s Γ(at,i +bt,i )Γ(at,i +r+s)Γ(bt,i +nt −r−s)

r=0

s=0

i=1

Γ(r+1)Γ(vt −r+1)Γ(s+1)Γ(nt −vt −s+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )

The coefficients of each component of the mixture distribution sum to 1 and, therefore,
the posterior distribution is a mixture of beta distributions.
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Mean and Variance of General Mixtures of
Beta Distributions

The posterior distribution of p̃t given sample information, vt , collected using an imperfect information collection technology is a mixture of beta distributions. We derive
equations for the mean and variance for a general mixture of beta distributions (with
simplified notation) to show their relationship to the mean, and more generally, to
the parameters of the component distributions. In Section B.2.4, we do the appropriate substitutions to present the conditional mean and variance of the posterior
distribution fp|v .
Consider a distribution fY (y) which is a mixture of M beta distributions where the
ith component of the mixture has weight wi , parameters ai and bi , and mean µi :

fY (y) =

M
X
i=1

Γ(ai + bi ) ai −1
wi
y
(1 − y)bi −1
Γ(ai )Γ(bi )

where

M
X
i=1

wi = 1.
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We show that the mean of a mixture of beta distributions is the weighted mean of
each mixture component:
Z

1

yfY (y)dy

E[fY (y)] =
0

!
Γ(ai + bi ) ai −1
y
wi
=
y
(1 − y)bi −1 dy
Γ(a
)Γ(b
)
i
i
0
i=1
M
X Γ(ai + bi ) Z 1
=
wi
y ai (1 − y)bi −1 dy
Γ(a
)Γ(b
)
i
i
0
i=1
Z

=

M
X

1

M
X

wi

Γ(ai + bi ) Γ(ai + 1)Γ(bi )
Γ(ai )Γ(bi ) Γ(ai + bi + 1)

wi

ai
ai + b i

i=1

=

=

M
X
i=1
M
X

wi µi

(B.3)

i=1

We also derive the variance of fY (y):
Z

1

y 2 fY (y)dy − (E[fY (y)])2

V[fY (y)] =
0

Z

1

=

y

2

0

=

M
X
i=1

=

M
X
i=1

=

M
X
i=1

M
X
i=1

Γ(ai + bi ) ai −1
wi
y
(1 − y)bi −1
Γ(ai )Γ(bi )

Γ(ai + bi )
wi
Γ(ai )Γ(bi )
wi

Z

!
dy −

1

y ai +1 (1 − y)bi −1 dy −

Γ(ai + bi ) Γ(ai + 2)Γ(bi )
−
Γ(ai )Γ(bi ) Γ(ai + bi + 2)

(ai + 1)ai
wi
−
(ai + bi + 1)(ai + bi )

M
X
i=1

!2
w i µi

i=1
M
X

0
M
X

M
X

!2
ωi µi

i=1
!2

ωi µi

i=1

!2
w i µi

(B.4)
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Mean and Variance of the Posterior Distribution

The posterior distribution of p̃t , fp|v , is a mixture of beta distribution (shown in
Proposition 1). Using Eqs. (B.3) and (B.4) with appropriate substitutions, we can
identify:

E[fp|v (p|ṽt = vt )] =

vt nX
m
t −vt X
X

0

ωj,k,i

j=0 k=0 i=1

at,i + j + k
at,i + bt,i + nt

(B.5)

and
m
vt nX
t −vt X
X

(at,i + j + k + 1)(at,i + j + k)
(at,i + bt,i + nt + 1)(at,i + bt,i + nt )
j=0 k=0 i=1
2
− E[fp|v (p|ṽt = vt )]
(B.6)

V[fp|v (p|ṽt = vt )] =

0

ωj,k,i

where ωi is the prior weight on the ith component of the prior distribution and
Γ(a

0

ωj,k,i =

+b

)Γ(a

+j+k)Γ(b

+n −j−k)

t,i
t,i
t,i
t,i
t
ωi q1j (1 − q2 )vt −j (1 − q1 )k q2nt −vt −k Γ(j+1)Γ(vt −j+1)Γ(k+1)Γ(n
t −vt −k+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )
.
Pvt Pnt −vt Pm ωi q1r (1−q2 )vt −r (1−q1 )s q2nt −vt −s Γ(at,i +bt,i )Γ(at,i +r+s)Γ(bt,i +nt −r−s)

r=0

s=0

i=1

Γ(r+1)Γ(vt −r+1)Γ(s+1)Γ(nt −vt −s+1)Γ(at,i )Γ(bt,i )Γ(at,i +bt,i +nt )
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National Health and Nutrition Examination
Survey (NHANES) Analysis

We used the National Health and Nutrition Examination Survey (NHANES) to estimate birth-cohort-specific HCV prevalence, HCV-prevalence dynamics, and the proportion of individuals currently unaware of their infection status.

B.3.1

Methods

Overview
The National Center for Health Statistics periodically conducts NHANES to compile
representative statistics on the health of the US population [404]. The most recent
series began in 1999 and is designed to run continuously, with data released every
2 years. Our analysis includes data collected from 1999 through 2010. Participants
were chosen according to a stratified multistage algorithm to produce a representative
sample of the civilian, non-institutionalized population of all 50 states and the District
of Columbia. Extensive efforts were made to ensure high participation rates. Blood
samples were obtained at the mobile examination center [404]. Only participants at
least age 6 years old were eligible for HCV testing because of low sample volume in
younger children. Birth years for individuals younger than 85 years, for survey years
1999-2006, and for individuals younger than 80 years old, for survey years 2008-2010,
were estimated using their age in months and the 6-month window of the survey. Age
in months is not provided for older individuals. Beginning with the 2001/2002 survey,
participants testing HCV-positive were informed in writing of their test results, and
four months later, they received a follow-up telephone questionnaire.
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Laboratory Methods
Qualitative determination of the human antibody directed against hepatitis C virus
(anti-HCV) in human serum or plasma is measured using direct solid-phase enzyme
immunoassay with the anti-HCV screening ELISA. Positive specimens were repeated
in duplicate according to the same procedure. Supplemental recombinant immunoblot
assays (RIBA) (Chiron RIBA HCV Strip Immunoblot Assay, version 3.0, Chiron
Corp., Emeryville, California) were performed on all specimens that were repeatedly
reactive by ELISA testing. Samples found to be reactive by enzyme immunoassay and
confirmed by RIBA were considered to be anti-HCVpositive; indeterminate anti-HCV
test results were considered negative.
Statistical Analysis
All statistical analyses were performed in SAS version 9.3 (SAS Institute, Cary, North
Carolina) according to National Center for Health Statistics guidelines [405,406]. We
account for the complex survey design using the appropriate study design variables,
sampling weights, and by using SAS Survey procedures. Logistic regression analysis
was used to identify the rate of HCV-prevalence decay over successive birth cohorts for
individuals born between 1956 and 1980. Finally, using the HCV-positive follow up
survey, we estimated the proportion of HCV-positive individuals who were unaware
of their infection status prior to participation in NHANES.
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Results

Of 51,587 participants of at least age 6 years surveyed between 1999 and 2010, 45,153
gave a blood sample suitable for HCV-antibody testing (final response rate for testing, 87.5%). Restricting analysis to individuals born between years 1956 and 1980
(n=12,607), we identified the rate of prevalence decay to be 0.893 (95% CI: 0.8710.915) using logistic regression controlling for race and gender (Table B.1). Using the
regression, the predicted HCV prevalence for men and women born in 1960 are 4.7%
(95% CI: 3.8-5.7%) and 2.9% (95% CI: 2.3-3.6%), respectively.

Table B.1: Logistic regression predicting HCV prevalence for 1956-1980 birth cohorts using NHANES 1999–2010 (n = 12, 607).
Variable

Estimate

SE

p-value

Odds Ratio (95% CI)

Intercept

217.7

23.85

< .0001

Birth year

−0.113

0.012

< .0001

0.893 (0.872 – 0.915)

Race: Black (vs. non-Black)

0.226

0.073

0.0021

1.57 (1.18 – 2.10)

Gender: Female (vs. Male)

−0.256

0.071

0.0003

0.6 (0.46 – 0.79)

SE – Standard error; CI – Confidence interval

Since the 2001/02 survey, 500 subjects were identified as HCV-positive and contacted for follow-up which included asking if they were previously aware of their HCVinfection status. The response rate to the follow-up questionnaire was 206 (41%).
Using logistic regression, we estimated the proportion of men and women who were
unaware of their HCV-infection status prior to participating in the NHANES study
to be 55% (95% CI: 46-65%) and 39% (95% CI: 30-39%), respectively (Table B.2).
Because of small sample size, we did not stratify analysis by birth year; race was
excluded from the final regression model because it was not a significant predictor of
prior infection-status awareness.
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Table B.2: Logistic regression predicting the proportion of HCV-positive individuals
unaware of their infection status using NHANES 1999–2010 (n = 206)
Variable

Estimate

SE

p-value

Odds Ratio (95% CI)

Intercept

0.00022

0.167

0.998

Race: Black (vs. non-Black)

0.161

0.157

0.304

1.40 (0.75 – 2.55)

Gender: Female (vs. Male)

−0.332

0.140

0.017

0.51 (0.30 – 0.89)

Intercept

−0.111

0.144

0.444

Gender: Female (vs. Male)

−0.329

0.140

0.019

Model 1:

Model 2 (Final Model):

0.52 (0.30 – 0.90)

SE – Standard error; CI – Confidence interval

To compute the HCV prevalence among those who are currently unaware of their
infection status, we also needed an estimate of the proportion of individuals who are
aware of their HCV-negative status, which is unknown. We assumed it to be 15%,
consistent with Liu et al. [21]. Using the logistic regression model to predict birthcohort-specific HCV prevalence and adjusting for the number of individuals who are
unaware of their infection status, we estimated the HCV prevalence for our initial
cohorts, men and women born in 1960 who are currently unaware of their infection
status, is 3.1% (95% CI: 2.4-3.8%) and 1.4% (95% CI: 1.0-1.7%), respectively.

Appendix C
Chapter 4 Supplemental Material
C.1
C.1.1

Proofs for Propositions
Proof of Proposition 5.

Proof. Consider θ̃t ∈ {θL , θH }, where θL < θH and the probability that θ̃t = θH is
y0 ∈ [0, 1]. Perfect information about θ̃t is available at any time at cost κy ≥ 0. Given
the prior belief, θ̃t (y0 ), the optimal time to stop the intervention is t∗ (x0 |θ̃(y0 )). With
perfect information, the optimal time to stop the medical intervention is t∗ (x0 |θL ) or
t∗ (x0 |θH ), where t∗ (x0 |θL ) 6 t∗ (x0 |θ̃(y0 )) 6 t∗ (x0 |θH ).
For t1 ∈ [0, t∗ (x0 |θL )], we calculate the value of acquiring additional information
at time t1 by subtracting the comparing the expected value without information from
the expected value with information collected at t1 :

V OI1 (t1 ) = y0 



t∗ (x0 |θH )

X



δ t (θH µp (xt ) − γ)−(1−y0 ) 

t∗ (x0 |θ̃(y0 ))

X


δ t (θL µp (xt ) − γ) .

t=t∗ (x0 |θL )+1

t=t∗ (x0 |θ̃(y0 ))+1

The first term represents the gain in value associated with doing the intervention
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until t∗ (x0 |θH ) after learning that θ̃t = θH . The second term represents the consequences avoided by learning that θ̃t = θL and, therefore, stopping the intervention
after t∗ (x0 |θL ) rather than continuing until t∗ (x0 |θ̃(y0 )).
If V OI1 (t1 ) − δ t1 κy > 0 for any t1 ∈ [0, t∗ (x0 |θL )], then the optimal action is
to delay information collection (at least) until t∗ (x0 |θL ) because V OI1 (t1 ) does not
depend on t1 and δ t1 κy is decreasing in t1 .
For t2 ∈ [t∗ (x0 |θL ), t∗ (x0 |θH )], we calculate the value of acquiring additional information at time t2 :

V OI2 (t2 ) = y0 



t∗ (x0 |θH )

X

∗

δ t (θH µp (xt ) − γ) − (1 − y0 ) 



t (x0 |θ̃(y0 ))

X

δ t (θL µp (xt ) − γ) .

t=t2 +1

t=t∗ (x0 |θ̃(y0 ))+1

The first term represents the gain in value associated with doing the intervention until
t∗ (x0 |θH ) after learning that θ̃t = θH . The second term represents the consequences
avoided after learning that θ̃t = θL and immediately stopping the intervention.
If V OI2 (t2 ) − δ t2 κy > 0 for any t2 ∈ [t∗ (x0 |θL ), t∗ (x0 |θH )], then, because V OI2 (t2 )
and δ t2 κy are both decreasing in t2 , there exists a unique optimal time, t∗Info (x0 , y0 ),
to acquire perfect information about θ̃ at cost κy . We find the optimal time by
solving for the period where we prefer collecting information immediately to waiting
an additional period. Specifically, we find t2 such that
V OI2 (t2 ) − δ t2 κy > V OI2 (t2 + 1) − δ t2 +1 κy .
Through algebraic rearrangement, we find that
t∗Info (x0 , y0 )

1
ln
= btInfo (x0 , y0 )c = b
ln(z)




γ
(1 − δ)κ
−
c.
θL µ(x0 ) δ(1 − y0 )θL µ(x0 )

(C.1)

Comparing Eq. (C.1) to t∗ (x0 |θL ) reveals it may be optimal to delay information
collection because t∗Info (x0 , y0 ) > t∗ (x0 |θL ).



APPENDIX C. CHAPTER 4 SUPPLEMENTAL MATERIAL

C.1.2

182

Proof of Proposition 6.

Proof. Uncertainty about θ̃t does not influence our proof of Proposition 3 that V (xt )
is non-decreasing and convex in µp (xt ), and non-decreasing in σp2 (xt ). We extend the
proof to demonstrate that the optimal value function is non-decreasing in µθ (yt ).
The current period reward is non-decreasing in µθ (yt ).

The transitions,

ψy (yt , w̃t , ut ) are stochastically non-decreasing in µθ (yt ) in the sense of first order
stochastic dominance for all actions in ut . If information is not collected about θ̃t ,
then µθ (yt ) remains unchanged. If information is collected by an unbiased information
collection technology, then the expected posterior mean is the prior mean. Therefore,
an increase in µθ (yt ) corresponds to a stochastic increase in µθ (ψy (yt , w̃t , ut )).
The remainder of the proof follows the proof of Proposition 3

C.2
C.2.1



Supplemental Methods
Two-Stage Markov Decision Process

We identified the optimal mapping from beliefs about p̃t and θ̃t to actions using a
two-stage value iteration (Appendix Figure C.1). First, we identified the optimal
mapping from beliefs about p̃t to actions for each possible posterior distribution from
a study of θ̃t . In this stage, only the three actions were considered: ‘do not screen
and do not collect information’, ‘screen and do not collect information’, ‘screen and
collect information about p̃t ’. The results of the first stage were used to determine the
expected value of the actions ‘screen and collect information about θ̃t ’ and ‘screen and
collect information about p̃t and θ̃t ’. In the second stage, we identified the optimal
mapping from beliefs about p̃t to actions given θ̃0 and we considered all five possible
actions described in Section 4.2.3.
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Figure C.1: Schematic of the two-stage approach to numerical implementation of the dynamic program.
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Recursive Partitioning to Create ‘Representative’ Posterior Fibrosis-Stage Distributions

We used recursive partitioning regression to identify classes of similar posterior distributions [275]. Recursive partitioning is a technique that builds a classification rule
with the objective of identifying homogeneous strata through a process in which the
population is divided into smaller and smaller samples (“nodes”). Our initial ‘population’ was 200, 000 simulated realizations of w̃t (mt = 200, yt = y0 ). For each realization, we computed the corresponding posterior distribution, ŷt , and the marginal
benefit from early diagnosis and treatment, θ̃t (ŷt ), which we used as our measure of
similarity in the recursive partitioning regression. To identify which variable provides the best split, we used the ANOVA method which uses the splitting criteria
SST − (SSL + SSR ), where SST is the total sum of squares for the current node and
SSR and SSL are the total sums of squares for the right and left sons, respectively.
This criterion is equivalent to choosing the split to maximize the between-groups
sum-of-squared differences in a simple analysis of variance [276]. A split is only considered if at least 20 realizations will be in each son node and the increase in R2
is greater than 0.01. The procedure ends when neither of these conditions can be
satisfied. Applying the recursive partition to the 200, 000 simulated studies resulted
in 24 posterior distribution classifications (Figure C.2).
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Figure C.2: Simplified schematic of recursive partitioning tree used to classify possible posterior distributions
from a study of the fibrosis-stage distribution. Fibrosis stages are denoted by F0 , F1 , F2 , F3 , F4 . The probability
mass functions over fibrosis stages are classified by the probability of individuals being in fibrosis stages 3 or 4
(F3 + F4 ), then on the probability of individuals being in F0 , then further on the probability of being in F2 and/or
F4 .
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Figure C.3: (A) Probability mass function for each of the 24 ‘representative’ posterior distributions determined through recursive partitioning regression. (B) Proportion of the 200, 000 simulated studies of fibrosis-stage distribution (mt = 200) in
each posterior distribution classification determined through recursive partitioning
regression.
The pmfs of the ‘representative’ posterior distributions were determined using
the average proportion of each fibrosis-stage among members of each classification
(Figure C.3A). The probability of each representative posterior was determined using
the frequency of its classification (Figure C.3B). The expected value of collecting
information about F̃t was then the value of the optimal action given each possible
representative posterior, weighted by the probability of that posterior.
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Supplemental Results

If information is only available about ζ̃t , then the optimal time to collect it is in 2
years. Once this information has been collected, the belief about ζ̃t can be updated
and the optimal next action, the time to stop the HCV screening program, determined
(Appendix Table C.1).
Implementing the full model where information is available about p̃t in all periods
and information is available about ζ̃t once, we identified the optimal policy given the
current uncertainty about ζ̃t . Given our current beliefs about p̃t and ζ̃t , the optimal
policy is to collect information about ζ̃t immediately. Once this information has
been collected, the belief about ζ̃t can be updated and the optimal next action, the
time to either stop the HCV screening program or to collect information about HCV
prevalence, determined (Appendix Table C.2).
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Table C.1: Optimal policy after a study of ζ̃t , the proportion of individuals who
experience a quality-of-life reduction from awareness of HCV-positive status, in the
first period with no future opportunity to collect information. Expected INMB is
presented for the prevalence belief in period 1, where µp (x1 ) = 0.028 and σp (x1 ) =
0.0033, applying the dynamics described in Section 4.2.2.
Posterior Average
ζ̃t

Optimal Policy

Value(x1 )
(Expected INMB)

quality-of-life
reduction

0

0

Screen until 1982 birth cohort turns 50

$1, 033, 520, 000

0.125

0.005

Screen until 1981 birth cohort turns 50

$894, 250, 000

0.25

0.01

Screen until 1980 birth cohort turns 50

$755, 960, 000

0.375

0.015

Screen until 1978 birth cohort turns 50

$619, 210, 000

0.5

0.02

Screen until 1977 birth cohort turns 50

$484, 280, 000

0.625

0.025

Screen until 1975 birth cohort turns 50

$352, 420, 000

0.75

0.03

Screen until 1972 birth cohort turns 50

$225, 500, 000

0.875

0.035

Screen until 1969 birth cohort turns 50

$108, 100, 000

1

0.04

Screen until 1963 birth cohort turns 50

$15, 740, 000
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Table C.2: Optimal policy after a study of ζ̃t , the proportion of individuals who experience a quality-of-life reduction from awareness of HCV-positive status, in the first
period with future opportunities to collect information. Expected INMB is presented
for the prevalence belief in period 1, where µp (x1 ) = 0.028 and σp (x1 ) = 0.0033,
applying the dynamics described in Section 4.2.2.
Posterior Average
ζ̃t

Optimal Policy∗

Value(x1 )
(Expected INMB)

quality-of-life
reduction

∗

0

0

nt = 5, 000 from the 1980 birth cohort

$1, 035, 960, 000

0.125

0.005

nt = 5, 000 from the 1979 birth cohort

896, 480, 000

0.25

0.01

nt = 5, 000 from the 1978 birth cohort

758, 010, 000

0.375

0.015

nt = 4, 500 from the 1977 birth cohort

620, 930, 000

0.5

0.02

nt = 4, 000 from the 1976 birth cohort

485, 800, 000

0.625

0.025

nt = 4, 000 from the 1974 birth cohort

353, 640, 000

0.75

0.03

nt = 4, 500 from the 1972 birth cohort

226, 390, 000

0.875

0.035

nt = 4, 000 from the 1968 birth cohort

108, 670, 000

1

0.04

nt = 2, 500 from the 1963 birth cohort

15, 940, 000

Indicates the optimal sample size and cohort for a study of the HCV prevalence.

Assumes that the study is performed in the year in which the identified cohort turns
50 years of age. Using the information from this study, the decision maker can then
identify the next optimal action.
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