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About one out of six inmates in the United States (U.S.) is infected with hepatitis C virus (HCV). HCV
prevalence in prison systems is ten times higher than the general population, and hence prison systems
offer a unique opportunity to control the HCV epidemic. New HCV treatment drugs are very effective,
but providing treatment to all inmates is prohibitively expensive, which precludes universal HCV treatment in prison systems. As such, current practice recommends prioritizing treatment based on clinical and
incarceration-related factors, including disease staging, remaining sentence length, and injection drug use
(IDU) status. However, there is controversy about how these factors should be incorporated because of the
complicated tradeoffs. In this study, we propose a restless bandit modeling framework to support hepatitis
C treatment prioritization decisions in U.S. prisons. We first prove indexability for our problem and derive
several structural properties of the well-known Whittle’s index, based on which, we derive a closed-form
expression of the Whittle’s index for patients with advanced liver disease. From the interpretation of this
closed-form expression, we anticipate that the performance of the Whittle’s index would degrade as the
treatment capacity increases; and to address this limitation, we propose a capacity-adjusted closed-form
index policy. We parameterize and validate our model using real-world data from Georgia state prison system
and published studies. We test the performance of our proposed policy using a detailed, clinically-realistic
simulation model and show that our proposed policy can significantly improve the overall effectiveness of the
hepatitis C treatment programs in prisons compared with the current practice and other benchmark policies,
including the commonly used Whittle’s index policy. Our results also shed light on several controversial
health policy issues in hepatitis C treatment prioritization in the prison setting and have important policy
implications including: 1) prioritization based on only liver health status, a commonly practiced policy, is
suboptimal compared with many other policies we consider. Further, considering remaining sentence length
of inmates and IDU status in addition to liver health status in prioritization decisions can lead to a significant
performance improvement; 2) the decision of whether to prioritize patients with shorter or longer remaining
sentence lengths depends on the treatment capacities inside and outside the prison system, and prioritizing
patients with shorter remaining sentence lengths may be preferable in some cases, especially if the treatment
capacity inside the prison system is not very tight and linkage-to-care level outside prison system is low;
and 3) among patients with advanced liver disease, IDUs should not be prioritized unless their reinfection
is very-well controlled.
Key words : public health; hepatitis C; resource allocation; treatment prioritization; prisons; multi-armed
bandits; index-based policies; agent-based simulation.
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1.

Introduction

More than 3 million persons in the United States (U.S.) have hepatitis C virus (HCV) infection
(Denniston et al. 2014). Chronic HCV infection is the leading cause of liver cirrhosis, liver failure,
and liver cancer (Ghany et al. 2009), the fastest-growing cause of cancer-related deaths in the U.S.
(El-Serag 2011).
Recently, there have been major advancements in hepatitis C treatment, which could change
the overall strategy in HCV management. In December 2013, the Food and Drug Administration
(FDA) approved the first non-interferon-based, all-oral regimen HCV treatment drugs (Gane et al.
2013). This was followed by the development of several other all-oral new direct-acting agents
(DAAs), which changed the landscape in HCV treatment. On June 28, 2016 the FDA approved the
first pan-genotypic (for all genotypes) combination drug, Sofosbuvir with Velpatasvir, for hepatitis
C. Compared with the old drugs, the new treatment regimens have much higher cure rates (>95%
vs. <50%), shorter duration of treatment (8-12 weeks vs. 24-48 weeks), and significantly fewer side
effects (Lawitz et al. 2013). These incredible advancements on the treatment side have made many
experts and health organizations, including the World Health Organization, believe that the time
has come for global HCV elimination (Mitruka et al. 2015, Hellard et al. 2016).
The criminal justice system is one of the areas with the highest concentration of HCV-infected
people (Rich et al. 2014). This is because most HCV-infected people are current or past injection
drug users (IDUs) (Page et al. 2013), and most Americans who inject drugs have been incarcerated
at some point in their lives (CDC 2015, Rich et al. 2014). Indeed, with about one out of every six
inmates being infected, HCV prevalence in correctional institutions is about 10 times higher than
the in general population (17% vs. 1-2%).
Given that more than 10 million Americans cycle in and out of prisons and jails every year,
including about one of every three HCV-infected patients (Varan et al. 2014), many experts have
argued that the criminal justice system has the potential to be one of the best places to focus for
effective HCV management (Spaulding and Thomas 2012, Liu et al. 2014, Rich et al. 2014, He
et al. 2015). In addition, the criminal justice system is an ideal place to identify, test and treat
high-risk patients that are hard to reach when in the community (Larney et al. 2014). The facts
that linkage-to-care, the process of engaging HCV-infected patients into primary care, is higher in
prisons than the community, and that a sizable portion of the released prisoners do not seek cure
upon release provide further reasons for effectively treating inmates while in prisons (Liu et al.
2014).
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However, one of the biggest barriers against the plan of effectively treating infected inmates
while in prison is the prohibitive cost of the new generation HCV drugs. With a list price of up
to $1000 per pill, a single line of treatment with the new drugs can cost up to $84,000 per patient
(Chhatwal et al. 2015). The U.S. prisons operate under tight resource constraints, and healthcare
budgets of state prisons are allocated by the state legislature a year in advance. Neither private
insurance nor federal funds supplement healthcare costs of inmates. As such, given that treating
one HCV-infected inmate costs as much as the overall healthcare costs of about 17 prisoners (Baker
et al. 2015), most correctional facilities do not have resources to treat all HCV infected inmates.
Indeed, a recent study has shown that if all HCV-infected inmates in a state prison system were to
get treatment, the cost would be about twice as high as the entire system’s annual total healthcare
budget (Baker et al. 2015). Although prison systems may negotiate for better prices for HCV drugs,
these new drugs are still significantly more expensive than the old regimens (cost about six times
higher), which precludes universal treatment (Chhatwal et al. 2015).
Given that universal treatment is not affordable, the Federal Bureau of Prisons encourages correctional providers to prioritize inmates for HCV treatment (Federal Bureau of Prisons 2016).
Current correctional system treatment prioritization guidelines and the published literature have
suggested considering disease staging, remaining sentence length, and IDU status in prioritization
decisions (Jayasekera et al. 2014, Baker et al. 2015, Federal Bureau of Prisons 2016). However,
there is controversy about how these factors should be incorporated because of the complicated
tradeoffs, and to our knowledge such tradeoffs have not been evaluated while formulating prioritization guidelines. For instance, prioritizing IDUs can reduce the risk of spreading the disease to a
larger population; however IDUs are more likely to be reinfected after treatment, hence prioritizing
such patients may simply lead to a waste of scarce resources. Similarly, prioritizing patients with
longer sentence lengths can maximize the life expectancy of the prison population, but prioritizing
patients with shorter sentence lengths may be more effective in controlling the disease because
of the reduced risk of spread in the general population. To summarize, in practice, there is no
consensus, treatment initiation decisions are ad hoc and vary across prisons, and a standardized
HCV treatment prioritization protocol is lacking (Liu et al. 2014, Baker et al. 2015). Because of
limited budget in prisons and lack of clarity on who is prioritized for treatment, many inmates
have filed lawsuits against the prisons (Loftus 2015, Snowbeck 2015, Boucher 2015).
In this study, we propose a mathematical modeling-based approach for prioritizing HCV treatment in state prison systems. In particular, we propose a restless multi-armed bandit (RMAB)
modeling approach to systematically compare a large number of treatment prioritization rules
and identify effective prioritization strategies. To our knowledge, ours is the first to study HCV
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treatment prioritization decisions in prisons, and while we primarily focus on HCV treatment prioritization in this study, our proposed RMAB model is flexible and can be applied in more general
resource allocation decisions for chronic diseases. For example, another application area for our
approach could be resource allocation in middle and low income countries, or in state Medicaid
programs and private insurance companies. Indeed, current HCV drug prices are prohibitive even
for the general population and hence treatment capacity is also limited in the community. As
such, many insurance companies are also prioritizing treatment decisions and limiting treatment
to selected patients in the community (Silverman 2014, Horberg 2014), where only about 5-10%
of the more than 3 million HCV infected Americans receive treatment (Yehia et al. 2014, Bidell
et al. 2016).
The general RMAB problem is notoriously difficult to solve since the state space explodes exponentially as the number of bandits increases. Papadimitriou and Tsitsiklis (1999) showed that
this problem is PSPACE-hard, even in the special case of deterministic transitions. To solve this
problem, Whittle (1988) proposed an index-type policy, well-known as the Whittle’s index, which
provides a complete ordering for all bandits at any possible states, and bandits with higher indices
are prioritized at each period. Such a policy is easy to interpret and implement. Further, although
the optimality of the Whittle’s index is not guaranteed, it has been shown to be very competitive
and perform near optimally, if not optimally, in a wide range of application areas (Glazebrook et al.
2005, Archibald et al. 2009, Liu and Zhao 2010).
In this study, we consider Whittle’s index and other index-type policies. However, the implementation of Whittle’s index is nontrivial because i) Whittle’s index is only applicable to a restricted
class of problems that satisfy the so-called indexability property, which is difficult to check in
general (Whittle 1988, Glazebrook et al. 2006); ii) the computation of Whittle’s index involves
repeated solution of single-bandit dynamic programs, which is difficult for our case since each single
bandit has a multi-dimensional state space.
To address the above challenges, we first establish indexability of our problem through a novel
approach. Unlike most machine maintenance literature where indexability is only shown under the
assumption of perfect repair (e.g., Glazebrook et al. (2006)), our analysis allows the possibility of an
unsuccessful treatment, which is common in disease treatment. Then, we derive several structural
properties of the Whittle’s index, based on which, we develop a closed-form expression of Whittle’s
index for patients with advanced liver disease. This closed-form expression of Whittle’s index
significantly expedites the computation, and more importantly, provides an intuitive interpretation
allowing us to predict under what circumstances Whittle’s index would perform well or poorly for
our problem. In particular, based on this closed-form expression, we anticipate that the performance
of the Whittle’s index would degrade as the treatment capacity increases (note that Whittle’s
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index is blind to the treatment capacity). Therefore, building upon this closed-form expression of
Whittle’s index, we propose a capacity-adjusted closed-form index policy that explicitly captures
the treatment capacity. We parameterize and validate our proposed RMAB model using real data
from state prison systems and published studies. We further develop a detailed realistic agent-based
simulation model to test the performance of our proposed capacity-adjusted index policy against
Whittle’s index and other competitive benchmark policies such as myopic policy, and show that
our proposed policy has a significant performance improvement.
Our research has important policy implications. First, we find that prioritization based on only
liver health status, a commonly practiced policy, is suboptimal compared with many other policies
we consider. Further, we show that simultaneously considering health state, remaining sentence
length, IDU status, and age in prioritization decisions can lead to a significant performance improvement. Second, we find that the decision of whether to prioritize patients with shorter or longer
remaining sentence lengths depends on the treatment capacities inside and outside the prison system, and prioritizing inmates with shorter length of sentences may be preferable in some cases,
especially if the treatment capacity inside the prison system is not very tight and linkage-to-care
level outside prison system is low. In that regard, we reiterate that treatment capacity is also
limited in the community, and a possibly higher treatment capacity in the community may not
necessarily translate to a higher treatment rate for released inmates due to lower linkage-to-care.
Third, we shed light on the controversy surrounding the prioritization of IDUs and findthat for
patients with advanced liver disease, the decision is very sensitive to reinfection rate, and IDUs
should not be prioritized unless reinfection is well controlled.
The remainder of this paper is organized as follows. In §2, we present a review of relevant
literature. In §3, we provide more background on the disease epidemiology and present a formal
model formulation. In §4, we establish indexability for our problem and derive several structural
properties for Whittle’s index. In §5, we develop a closed-form expression of Whittle’s index for
patient with advanced liver disease and propose a capacity-adjusted closed-form index policy. In §6,
we describe the key components of our simulation model and also provide an overview of parameter
estimation and calibration. In §7, we test the performance of our proposed policy, compare with
other benchmark policies, and analyze how the priorities may change with respect to several key
parameters. Finally, in §8, we summarize our findings and conclude.

2.

Literature Review

Our work is related to the literature on resource allocation problems for chronic disease management. Kaplan and Pollack (1998), Brandeau et al. (2005), Kaplan and Merson (2002), Alistar et al.
(2014) and Deo et al. (2015) studied the problem of allocating limited resources for HIV prevention
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and control; Deo et al. (2013) studied a capacity allocation problem in community-based childhood
asthma treatment programs; Khademi et al. (2015) examined prioritizing initiation and termination decisions for HIV treatment; Deo and Sohoni (2015) and Deo et al. (2016) respectively studied
the optimal allocation of point of care devices and the optimal location of labs and diagnostic
equipment to improve the efficiency of early infant diagnosis of HIV. There is also a growing stream
of research focusing on organ allocation among patients with end-stage diseases, such as liver cancer or kidney failure (e.g., Zenios et al. (2000), Su and Zenios (2004, 2005), Akan et al. (2012), Dai
(2012), Bertsimas et al. (2013), Anderson et al. (2015).) Among the above mentioned studies, Deo
et al. (2013) and Khademi et al. (2015) are most relevant to ours. In particular, these studies have
a similar motivation to ours in the sense that both of them considered allocation of a fixed capacity/budget at each period for the optimal control of a chronic disease. More specifically, Deo et al.
(2013) studied capacity allocation for childhood asthma using a restless bandit framework, and
Khademi et al. (2015) studied resource allocation for HIV control using an approximate dynamic
programming approach. On the other hand, our work is distinct because in addition to studying a
very different problem with unalike dynamics, the state space of our problem is multi-dimensional
and not completely ordered, which requires a different analysis. Further, unlike these and many
other studies in the literature, we consider an open population by allowing movements into and
out of the prison system via arrest and release events; as such, the heuristic policies developed in
the above studies perform poorly in our case.
Our work also relates to the stream of research that focuses on optimal chronic disease treatment
strategies. In this context, optimal radiation therapy planning for cancer treatment has received a
wide attention (e.g., Romeijn et al. (2006), Bortfeld et al. (2008), Taskin et al. (2010), Lavieri et al.
(2012), Chan et al. (2014)). Further, Lee et al. (2008) studied the optimal initiation of dialysis for
patients afflicted with chronic kidney failure, Shechter et al. (2008) examined the optimal time to
initiate HIV therapy under ordered health states, Mason et al. (2014) investigated blood pressure
and cholesterol control strategies in diabetic patients, Helm et al. (2015) considered the timing of
periodic examinations for patients with glaucoma, Liu et al. (2015) studied the optimal patient
treatment decisions for chronic diseases considering that treatment technologies improve over time,
and Bertsimas et al. (2016) developed models for the analysis and design of clinical trials to discover
drug combinations with the highest potential for improved clinical outcomes. A key distinction
between these and our settings is that, this stream of work mainly focuses on the optimal treatment
strategies for individual patients, while our study focuses on the optimal allocation of resources
and treatment prioritization strategies among multiple patients.
Finally, our work relates to the stream of research that studies operations management problems
using a restless bandit framework. For example, Katehakis and Derman (1986) studied the optimal
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sequential allocation of treatments in clinical trials, Glazebrook et al. (2005, 2006) studied the
dynamic scheduling of maintenance for a collection of machines, Glazebrook et al. (2009) examined
the admission control and routing of customers to heterogeneous service stations, Archibald et al.
(2009) studied a class of inventory routing problems with direct deliveries, and Argon et al. (2009)
and Ding and Glazebrook (2013) considered the dynamic routing of customers/products in a set
of parallel queues. While also using a restless bandit modeling framework, our work differs from
the above studies mainly in the following two aspects: i) While most of the above studies deal
with a single-dimensional and completely-ordered state space, the state space for our problem is
multi-dimensional and partially ordered, which imposes several challenges in proving indexability
and deriving closed-form expressions for index policies; and ii) while both the Whittle’s index and
the myopic policy are shown to perform near optimally in most of the existing studies, we show
that such capacity-blind policies may fail to perform well in our problem, and we further present
a novel capacity-adjusted policy. We believe this observation and our proposed policy could also
be useful in other similar applications.

3.

Background and Model Formulation

HCV infection causes inflammation and ultimately scarring in liver, referred to as fibrosis. The
extent of liver fibrosis is measured by a scoring system, called the METAVIR scoring system. In
the METAVIR scoring system, the degree of fibrosis ranges from F0 to F4 (Bedossa and Poynard
1996), where F0-F3 stages represent none, mild, moderate, and advanced fibrosis respectively, and
F4 stage represents late-stage fibrosis (often referred to as compensated cirrhosis), where scarring
is widespread in entire liver (Fattovich et al. 1997). Patients with hepatitis C may further develop
decompensated cirrhosis (DC) and hepatocellular carcinoma (HCC), a common type of liver cancer.
The target population for hepatitis C treatment includes inmates with F0-F4 stage fibrosis, and
the objective is to select and prioritize patients for treatment at each period to maximize the
overall health outcomes measured by total expected quality-adjusted life years (QALYs), which
simultaneously consider quantity and quality of life (Gold et al. 1996, Drummond et al. 2005). The
response to treatment is measured by sustained viral response (SVR), defined as the absence of
hepatitis C virus in blood serum for at least 12 weeks after discontinuing the treatment. Patients
achieving SVR are considered effectively treated. However, even after viral clearance, reinfection
is possible following new exposure to HCV via risky activities, such as injection drug use. When
reinfected, the degradation in liver resumes from the stage at which treatment was applied (e.g.,
a treated F4 patient, denoted as F4SVR, directly transitions back to F4 upon reinfection; see also
Figure 1 for a schematic illustration of disease progression).
We formulate the HCV treatment prioritization problem as a restless multi-armed bandit
(RMAB) problem, which is first introduced by Whittle (1988) to address the sequential allocation
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of limited resources among multiple projects, or bandits. The RMAB falls into a special case of the
so-called weakly-coupled Markov Decision Process (MDP), where different bandits are only coupled
through a capacity constraint, and is formally defined by {(Sn , Pna , Pnb , rna , rnb ), 1 ≤ n ≤ N, M, β },
where N denotes the total number of bandits (i.e., patients in our setting), M denotes the maximum number of bandits that can be activated (i.e., treated in our setting) at each period, and β
denotes the discount factor. For each bandit n = 1, ..., N , Sn denotes the state space, Pna and rna
denote the active (i.e., treated) transition probability matrix and the corresponding reward vector
respectively, and Pnb and rnb denote the passive (i.e., not treated) transition probability matrix and
the corresponding reward vector respectively. The problem is to select which bandits to activate
at each period such that the total discounted reward is maximized.
Inline with the common practice, we assume that the prison system has an annual budget, and at
most M prisoners can be treated every year. We also assume that throughout the planning horizon,
the number of prisoners is fixed and equal to N . Note that this is not a restrictive assumption
because most prisons operate at full capacity (West et al. 2010). Also, this assumption can be
easily relaxed by considering virtual patients with perfect health state and one year of sentence to
fill in the extra capacity. Lastly, for tractability, we assume no transmission of disease inside the
prison system in the analytical model. While transmission of HCV inside prisons does occur, its
rate is typically much smaller compared with the community setting. This is because in a prison,
with persons living alone or two in a cell, there is no homogeneous mixing of populations, and
the supply of heroin and other drugs is limited due to heightened enforcement of prohibition. We
further relax this assumption in our simulation model described in §6 and show that our proposed
policies are robust against transmission rate inside the prison system.
We next define state space, active and passive transition probabilities and rewards for each
individual patient n = 1, ..., N as follows. For notational simplicity, we drop the dependence on n.
• S = Sd × Sf : The state space of each patient, where Sd denotes the set of patient characteristics

that may dynamically evolve over time, and Sf denotes the set of characteristics that typically
remain static, which we describe in detail in the followings.
• Sd = {(i, j, k) ∈ H × L × A}: The set of patient characteristics that may dynamically evolve

over time, where H denotes the set of liver health states, L denotes the set of remaining
sentence lengths, and A denotes the set of ages. In particular, let i ∈ H = {1,...,14}, where i = 1
denotes uninfected; i = 2, ..., 6 denote SVR after treatment for patients in F0-F4 (i.e., F0SVRF4SVR), respectively; i = 7, ..., 11 denote five increasingly severe stages of fibrosis (i.e., F0-F4),
respectively, which are candidate states for HCV treatment; i = 12 denotes decompensated
cirrhosis (DC), i = 13 denotes hepatocellular carcinoma (HCC), and i = 14 denotes death (see
also Figure 1). As discussed earlier, we differentiate F0SVR-F4SVR patients because when
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reinfected, F0SVR-F4SVR patients directly transition back to their original state prior to
treatment. We assume fibrosis staging information is available, which is reasonable because
staging information can be easily obtained through low-cost non-invasive screening tests, such
as Fibrosure (He et al. 2015), and regular screening using these low-cost screening tests is
increasingly common in prison systems (He et al. 2015, Federal Bureau of Prisons 2016). As
for the remaining length of sentence, we consider up to 15 years, as 98% of the patients have
less than 15 years of sentence (Georgia Department of Corrections 2014). Finally, we consider
age up to 100 years, which is inline with the relevant published literature (He et al. 2015).

Figure 1

A schematic illustration of hepatitis C natural history and possible state transitions.

Notes. Background mortality rates are not captured in this figure.

• Sf : The set of patient characteristics that typically remain static, including gender

(male/female), HCV genotype (G1/G2/G3/G4), and IDU status (IDU/non-IDU). We remark
that, although rare, IDU status may change over time. While we consider IDU status to be a
static factor in the analytical model for tractability, we explicitly model the dynamic change
in the drug use behaviors in the simulation model described in §6.
• R: The 14 × 14 natural history progression matrix of hepatitis C, which is upper triangular,

representing that there is no natural recovery from the disease (Thein et al. 2008). Possible
transitions among disease states are shown in Figure 1. We remark that in our computational
analysis, we allow R to be age dependent, as the background mortality changes with age. In
our theoretical analysis though, we drop this dependency on age for notational simplicity;
however, all of our results can be easily extended to consider an age-dependent matrix R.
• Q: The 14 × 14 treatment matrix of hepatitis C. As described earlier, F0-F4 (i.e., health states

i = 7, ..., 11) are the candidate states for HCV treatment, and upon treatment, such patients
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either achieve SVR and move to F0SVR-F4SVR (i.e., i = 2, ..., 6), or else continue to stay in
their current states. Hence, for a candidate health state i, we have Qi,i−5 + Qi,i = 1, where
Qi,i−5 captures the SVR rate. For non-candidate health states i, we simply set Qi,i = 1. Then,
for those patients undergoing treatment, state transitions are governed by QR.
• P a and P b : The active and passive transition probability matrices, respectively. As discussed

earlier, we assume that the prison operates at full capacity, implying that released prisoners
are replaced by new ones immediately. Then, the active and passive transition matrices for
patients of state (i, j, k) ∈ Sd are defined as follows:

0
0

(QR)i,i0 if j > 1, j = j − 1, k = k + 1
a
P(i,j,k),(i0 ,j 0 ,k0 ) = πi0 ,j 0 ,k0 , if j = 1,

0,
otherwise,


if j > 1, j 0 = j − 1, k 0 = k + 1
Ri,i0
b
P(i,j,k),(i
πi0 ,j 0 ,k0 , if j = 1,
0 ,j 0 ,k0 ) =

0,
otherwise,
where πi,j,k represents the distribution of the incoming (i.e., arrested) inmate population with
respect to health state i, sentence length j, and age k.
• ra and rb : The active and passive reward vectors, capturing QALYs accumulated by treated

and non-treated patients, respectively. We let ri,k represent the annual pre-release QALYs for
a patient with health state i and age k. After release, the released patients may contribute to
the overall QALYs accumulated in two ways: i) by QALYs gained by themselves over time, and
ii) by possibly infecting other people in the society, leading to a reduction in overall QALYs
in the population. Therefore, for a given state (i, j, k) ∈ Sd , the active and passive rewards are
defined as follows:
a
ri,j,k
=


P
ri,k + β (QR)i,i0 zi0 ,k+1 , if j = 1,
i0

r ,
otherwise,
i,k

P
ri,k + β Ri,i0 zi0 ,k+1 , if j = 1,
b
i0
ri,j,k
=
r ,
otherwise,
i,k

where β represents the discount factor and zi,k represents the post-release lump sum reward
accumulated from a released patient with health state i and age k. Note that while (re)infection
is negligible in prisons due to strict regulations, it is common especially among IDUs in the
general population, which is captured in the estimation of zi,k . In particular, we estimate the
potential reduction in overall QALYs in the population due to possible spread of the disease to
others in the society as the total expected number of infections caused by the released patient
times the expected lifelong loss of QALYs for each HCV infection (more detailed descriptions
about the estimations of this and all other parameters can be found in Appendix B).
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4.

Indexability Analysis and Structural Properties

As discussed in §1, since the restless bandit problem is intractable due to the curse of dimensionality,
we focus on index-type policies. An index policy significantly reduces the computational burden
by decoupling the original problem into subproblems of individual bandits, where each bandit is
assigned with an index value at each period, and bandits with higher indices are prioritized. Indextype policies are also appealing from an implementation perspective due to their simplicity and
ease of interpretation. However, the well-known and widely used Whittle’s index is not universally
applicable to all restless bandit problems; instead, it is only applicable to a restricted class of
problems that satisfy the so-called indexability property, which is difficult to check in general
(Glazebrook et al. 2006, Whittle 1988).
In §4.1, we first establish indexability for our problem under mild conditions which are perfectly
satisfied by real data. Then, in §4.2, we derive several structural properties for the Whittle’s index,
which helps us better understand the behavior and performance of this index-type policy. This
analysis leads to the development of an exact closed-form expression of Whittle’s index for patients
with late-stage fibrosis (F4), and a capacity-adjusted closed-form index policy for all patients,
which we present in the following section. Unless presented in the main text, the proofs for all
results presented in this and the following sections can be found in Appendix A.
4.1.

Indexability Analysis

To analyze an individual bandit, it is sufficient to consider the set of characteristics that dynamically
evolve over time (i.e., Sd ), and we omit the dependence on the set of static characteristics (i.e.,
Sf ) for notational simplicity. For a given individual bandit and any state (i, j, k) ∈ Sd , consider a
b
passive subsidy W , i.e., assume that when passive action is taken, the reward is ri,j,k
+ W instead
b
of ri,j,k
. Let Vi,j,k (W ) be the optimal value function of state (i, j, k) when the passive subsidy is
a
b
W . Then, Vi,1,k (W ) = max{ri,1,k
, ri,1,k
+ W }, and for j ≥ 2:


X
X
a
b
Vi,j,k (W ) = max ri,j,k + β
(QR)i,i0 Vi0 ,j−1,k+1 (W ), ri,j,k + W + β
Ri,i0 Vi0 ,j−1,k+1 (W ) .
i0

i0

Next, we provide the definitions of indexability and Whittle’s index as follows.
Definition 1 (Indexability). Given subsidy level W , let Π(W ) be the set of states for which
the passive action is optimal. A bandit is indexable if Π(W ) is increasing in W , i.e., W1 ≤ W2 =⇒
Π(W1 ) ⊆ Π(W2 ).
Definition 2 (Whittle’s index). For an indexable bandit, its Whittle’s index for each state
(i, j, k) is defined as: Wi,j,k = inf {W : (i, j, k) ∈ Π(W )}.
Intuitively, these definitions say that a bandit is indexable if the set of states at which passive
action is optimal is increasing with the subsidy level, and the Whittle’s index of a given state is the
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smallest subsidy level at which passive action becomes optimal. Although indexability may appear
to be a natural property, it may not hold in general. Before proving indexability for our problem,
we first present some natural conditions below, based on which we establish the indexability.
Condition 1. Recall that i = 2, ..., 6 respectively represent F0SVR-F4SVR, i = 7, ..., 11 respectively represent F0-F4, and i = 14 represents death. Then,
• Mortality rates are smaller and rewards (i.e. QALYs gained) are larger in successfully treated

patients achieving SVR, compared with non-SVR patients. That is, for i = 7, ..., 11 and for all
k , Ri−5,14 ≤ Ri,14 , ri−5,k ≥ ri,k , and zi−5,k ≥ zi,k .
• Mortality rates are non-decreasing and the rewards are non-increasing in health states. That

is, Ri,14 is non-decreasing in i, and for all k, ri,k and zi,k are non-increasing in i.
• SVR rates are non-decreasing in liver health state. That is, for i = 7, ..., 11, Qi,i−5 is non-

decreasing in i.
The first two conditions are natural conditions and respectively imply that the total benefits
from treatment is higher than no treatment, and relatively healthier states are preferable over
sicker states with respect to mortality and rewards. The third condition implies that the response
rate to HCV treatment does not worsen as the liver condition deteriorates, which is also reasonable
because newest HCV drugs typically show similar effectiveness across liver fibrosis stages (Afdhal
et al. 2014).
In proving indexability, the main challenge is that the optimal value function Vi,j,k (W ) is
unknown. To overcome this challenge, we first construct an easy-to-compute alternative value
function, and then show that indexability can be established by replacing the true optimal value
function with the constructed one, as we describe in detail below.
For a given passive subsidy W and state (i, j, k) , let Ṽi,j,k (W ) denote the value function when
active action is taken at candidate states (i.e., F0-F4) and passive action is taken at non-candidate
states at all periods. Also, let e0 denote the 14-dimensional column vector with the entries of
non-candidate health states equal to 1 and entries of candidate health states equal to 0, and let ei
denote the 14-dimensional column vector with the ith entry equal to 1 and other entries equal to
zero. Then, we have the following results, which we use in proving indexability in Theorem 1.
Lemma 1. Vi,j,k (W2 ) − Vi,j,k (W1 ) ≥ Ṽi,j,k (W2 ) − Ṽi,j,k (W1 ), for 0 ≤ W1 ≤ W2 , ∀i, j, k
 j

P j 0 −1
T
j 0 −1
Lemma 2. Ṽi,j,k (W2 ) − Ṽi,j,k (W1 ) = (W2 − W1 )ei
β
(QR)
e0 , for 0 ≤ W1 ≤
j 0 =1

W2 , ∀i, j, k.
Lemma 3.

 j−1
P

βeTi (QR − R)

j 0 =1

β

j 0 −1

(QR)

j 0 −1


e0 ≤ 1, ∀i, j, k.
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Lemma 1 says that the difference between the optimal value functions under two different passive subsidy levels (i.e., Vi,j,k (W2 ) − Vi,j,k (W1 )) is at least as high as the difference between the
constructed value functions under the same subsidy levels (i.e., Ṽi,j,k (W2 ) − Ṽi,j,k (W1 )). This is a
key result which enables us to replace the unknown optimal value function (i.e., Vi,j,k (W )) with
the value function we constructed (i.e., Ṽi,j,k (W )) in the analysis. Lemma 2 provides aclosed-form
j−1
P j 0 −1
0
β
(QR)j −1 e0 represents
expression for Ṽi,j,k (W2 ) − Ṽi,j,k (W1 ). Lastly, in Lemma 3, βeTi QR
j 0 =1

the total units of subsidies
if he is always treated whenever at a candidate

 j−1 collected by a patient
P
0
0
β j −1 (QR)j −1 e0 represents the total units of subsidies collected by
state, while 1 + βeTi R
j 0 =1

a patient if he is not treated at the current period but is always treated in the following periods
whenever at a candidate state. Then, Lemma 3 says that the subsidy collected in the latter case,
i.e., when treatment is delayed by one period, is larger. Given these lemmas, we are now ready to
present the main result of this section as follows.
Theorem 1. Under Condition 1, the hepatitis C treatment prioritization problem is indexable.
Proof.

By definition, to show indexability, it is sufficient to show that the set of states at which

the passive action is optimal is non-decreasing in the passive subsidy level W . That is, for any
given state, as W increases, the optimal action can only switch from active to passive, and never
switch back.
For a non-candidate state, since the state transitions and rewards are independent of the actions,
clearly active action is optimal when W ≤ 0 and passive is optimal when W ≥ 0. Therefore, it is
sufficient to consider candidate states i = 7, ..., 11. Further, given Condition 1, it is straightforward
to show that active action is optimal for all candidate states when W ≤ 0. Therefore, we focus on
the cases where W ≥ 0.
Recall that for any state (i, j, k), Vi,j,k (W ) denotes the optimal value function when the passive
P
a
a
b
b
subsidy is W . Define Vi,j,k
(W ) = ri,j,k
+ β (QR)i,i0 Vi0 ,j−1,k+1 (W ), and Vi,j,k
(W ) = ri,j,k
+W +
0
i
P
a
b
β Ri,i0 Vi0 ,j−1,k+1 (W ). Then, obviously when Vi,j,k
(W ) − Vi,j,k
(W ) > 0, active action is optimal for
i0

state (i, j, k); and passive is optimal otherwise. Therefore, to show indexability, it is sufficient to
a
b
show that Vi,j,k
(W ) − Vi,j,k
(W ) is non-increasing in W for i = 7, ..., 11 and W ≥ 0.
a
b
a
b
For j = 1, we have Vi,1,k
(W ) − Vi,1,k
(W ) = ri,1,k
− ri,1,k
− W , which is clearly non-increasing in

W . For j ≥ 2, we have:
a
b
Vi,j,k
(W ) − Vi,j,k
(W )
X
X
a
b
=ri,j,k
+β
(QR)i,i0 Vi0 ,j−1,k+1 (W ) − ri,j,k
−W −β
Ri,i0 Vi0 ,j−1,k+1 (W )
0

0

Xi
Xi
=ri,k + β
(QR)i,i0 Vi0 ,j−1,k+1 (W ) − ri,k − W − β
Ri,i0 Vi0 ,j−1,k+1 (W )
i0

i0
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=−W +β

X

(QR − R)i,i0 Vi0 ,j−1,k+1 (W ).

i0

Recall that Qi,i−5 + Qi,i = 1. Then, for 0 ≤ W1 ≤ W2 , we have:
a
b
a
b
Vi,j,k
(W2 ) − Vi,j,k
(W2 ) − (Vi,j,k
(W1 ) − Vi,j,k
(W1 ))
X
(QR − R)i,i0 (Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))
= − W2 + W1 + β
0

i
X
(Qi,i−5 Ri−5,i0 + Qi,i Ri,i0 − Ri,i0 )(Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))
= − W2 + W1 + β
0

i
X
(Qi,i−5 Ri−5,i0 − Qi,i−5 Ri,i0 )(Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))
= − W2 + W1 + β
0

= − W2 + W1 + β

i
X

Qi,i−5 Ri−5,i0 (Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))

i0

−β

X

Qi,i−5 Ri,i0 (Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))

i0

= − W2 + W1 + β

X

Qi,i−5 Ri−5,i0 (Ṽi0 ,j−1,k+1 (W2 ) − Ṽi0 ,j−1,k+1 (W1 ))

i0

−β

X

Qi,i−5 Ri,i0 (Vi0 ,j−1,k+1 (W2 ) − Vi0 ,j−1,k+1 (W1 ))

(1)

i0

≤ − W2 + W1 + β

X
(Qi,i−5 Ri−5,i0 − Qi,i−5 Ri,i0 )(Ṽi0 ,j−1,k+1 (W2 ) − Ṽi0 ,j−1,k+1 (W1 ))

(2)

i0

= − W2 + W1 + β

X
(QR − R)i,i0 (Ṽi0 ,j−1,k+1 (W2 ) − Ṽi0 ,j−1,k+1 (W1 ))
i0


X


j−1
T
j 0 −1
j 0 −1
=(W2 − W1 ) βei (QR − R)
β
(QR)
e0 − 1

(3)

j 0 =1

≤0,

(4)

where Equation 1 holds because once a patient achieves SVR, he can only transition to noncandidate states, and for any non-candidate state i0 we have Vi0 ,j−1,k+1 (W ) = Ṽi0 ,j−1,k+1 (W ) for any
W ≥ 0. Also, statements 2-4 follow from Lemmas 1-3, respectively, which completes the proof.
4.2.



Structural Properties of the Whittle’s Index

In this section, we derive several structural properties of the Whittle’s index for our problem, which
are instrumental for the derivation of the closed-form expression of Whittle’s index, as we show in
the next section. This derived closed-form expression of the Whittle’s index helps us understand
the behavior and performance of this index-type policy under different settings, based on which we
construct our capacity-adjusted policy in §5. Recall that Whittle’s index is well-defined only when
the problem is indexable; therefore all of the properties in this section are derived under Condition
1. We start with a definition.
Definition 3. For two probability distributions p and q, q stochastically dominates p if
Pi
Pi
0
0
i0 =1 pi ≥
i0 =1 qi , ∀i, and this relationship is denoted by p  q.
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We show in the following proposition that under mild conditions, the Whittle’s index is nondecreasing in liver health state.
Proposition 1. Suppose for i = 7, ..., 10, Ri  Ri+1 , and the following condition holds:
(eTi−5

− eTi−4 )

X
j−1

j0

j0

β R r

:,k+j 0

j

j



+ β R z:,k+j

≤

(eTi

− eTi+1 )



βR z:,k+1 1{j=1} + r:,k+1 1{j≥2}




, ∀j, k.

j 0 =1

(5)
Then, Wi+1,j,k ≥ Wi,j,k , for i = 7, ..., 10, ∀j, k.
The left hand side in Inequality 5 represents the cumulative reward difference in adjacent fibrosis
stages after treatment (e.g., F3SVR and F4SVR), and the right hand side represents one period
reward difference in untreated adjacent states (e.g., F3 and F4). Then, this condition says that the
cumulative reward difference in adjacent states after treatment would be smaller than one period
reward difference in these states before treatment. This condition is natural and is satisfied by real
data, because treatment is equally effective in all candidate states (Afdhal et al. 2014), and hence
post-treatment life expectancies in different candidate states are very similar.
Unlike in the case for health states, it is less clear how the Whittle’s index would behave when
the sentence length changes, which we explore next. As discussed in §1, there is much controversy
on whether patients with shorter or longer sentence lengths should be prioritized, and we anticipate
that the Whittle’s index may not be monotone in remaining sentence length for the general case.
However, as we show in the following proposition, monotonicity with respect to sentence length is
indeed preserved for F4 patients. Although this result may appear to be somewhat surprising, there
is an intuitive reasoning behind: while F0-F3 patients can transition to more advanced fibrosis
stages, F4 patients will never naturally transition back to earlier fibrosis stages; hence the structure
of Whittle’s index for F4 patients is much simpler. Before we formally state Proposition 2 which
establishes the monotonicity of the Whittle’s index with respect to sentence length for F4 patients,
we first present an intuitive condition that we need, which is also used in proving Proposition 3.
Condition 2. For i = 7, ..., 11, ri−5,k − ri,k and zi−5,k − zi,k are both non-increasing in k, and
for i = 7, ..., 13, ri,k − ri+1,k and zi,k − zi+1,k are both non-increasing in k.
The above condition simply says that the differences between the rewards of an SVR state and
the corresponding disease state (i.e., i − 5 vs. i, i=7,..,11; e.g., F3SVR vs. F3) and adjacent disease
states (i.e., i vs. i + 1, i=7,...,13; e.g., F3 vs. F4) are non-increasing in age. We remark that this is
a natural condition satisfied by real data.
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Proposition 2. Suppose Condition 2 and the following condition hold:
(eT6

− eT11 )

X
j

j0

j0

β R r:,k+j 0 + β

j+1

R

j+1


z:,k+j+1 ≥

j 0 =1

(eT6

− eT11 )

X
j−1

j0

j0

j

j



β R r:,k+j 0 + β R z:,k+j , ∀j, k.

j 0 =1

(6)
Then, Wi,j+1,k ≥ Wi,j,k , for i = 11 (i.e., F4), ∀j, k.
Intuitively, Inequality 6 says that the marginal benefit of treatment is larger for patients with
longer sentence lengths. A formal proof of Proposition 2 can be found in Appendix A, and below
we provide a proof sketch, which we believe is helpful in understanding why Whittle’s index of F4
patients is non-decreasing in remaining sentence length. Consider two F4 patients with the same
age k and one and two years of remaining sentence lengths, respectively, i.e., two patients with
states (11, 1, k) and (11, 2, k), respectively. To show that the Whittle’s index of state (11, 2, k) is
higher, it is sufficient to show that when the passive subsidy is equal to W11,1,k , the optimal action
for state (11, 2, k) is active. First, state (11, 2, k) will transition to either state (11, 1, k + 1) or to
a non-candidate state (e.g., DC, HCC, or death) at the next period, where, by Condition 2, the
optimal action must be passive when the passive subsidy is equal to W11,1,k . Then, by Inequality
6, we know that the marginal benefit of treating a patient at state (11, 2, k) is higher than that of
state (11, 1, k) (where the latter is exactly W11,1,k by definition). Therefore the optimal action for
state (11, 2, k) is active, which leads to our conclusion. Note also that this argument only holds for
F4 patients, because F0-F3 patients may transition to a more advanced disease state at the next
period, where the Whittle’s index could be higher and the optimal action may be active instead.
Finally, as the last structural property, we show that the Whittle’s index is non-increasing in
age as follows.
Proposition 3. Under Condition 2, we have Wi,j,k+1 ≤ Wi,j,k , ∀i, j, k.

5.

A Closed-Form Expression for Whittle’s Index and A
Capacity-Adjusted Index Policy

In this section, based on the structural properties we derived in §4.2, we first present a closedform expression of Whittle’s indices for F4 patients (§5.1). This closed-form expression is easy
to interpret and provides an overall insight about how Whittle’s index policy would behave in
our problem. Then, motivated by the interpretation of this closed-form expression, we present a
capacity-adjusted closed-form index policy (§5.2). Later in our numerical analysis section (§7), we
show that our proposed policy overcomes the shortcomings of the Whittle’s index and achieves a
significant performance improvement.
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5.1.

A Closed-Form Whittle’s Index for F4 Patients

As discussed in §1, although index-type policies decouple the original problem into sub-problems
of individual bandits, the computation of the Whittle’s index is still nontrivial since it involves
repeated solution of dynamic programs for each individual bandit, which has a multi-dimensional
state space in our case. Further, since there is no closed-form expression for Whittle’s index for a
generic RMAB problem, it is difficult to predict how the Whittle’s index behaves and under what
circumstances it is expected to perform well.
In this section, we derive a closed-form expression of Whittle’s index for F4 patients based on the
structural properties developed in §4.2. A closed-form expression of Whittle’s index significantly
expedites the computation. More importantly, it provides an intuitive interpretation, which helps
us to predict when the Whittle’s index may perform well and to also identify its shortcomings.
We focus on F4 patients mainly due to the following two reasons. First, we know from Proposition
1 that Whittle’s indices are non-decreasing in health state. As such, it is most critical to prioritize
among F4 patients and thus the indices for F4 patients (with different sentence lengths, ages and
IDU status) would matter the most. Second, the structure of Whittle’s indices for F4 patients is
relatively simple compared with that of other patients. This is because for F0-F3 patients, they
can further progress into more advanced disease states; thus to compute their indices, we also need
to know the optimal actions of the more advanced disease states. On the other hand, given that
the disease states are irreversible, the Whittle’s index of F4 patients can be computed independent
of the actions of other (less severe) disease states.
Before we derive the closed-form expression, we first make the following observations. First, we
know from §4.2 that the Whittle’s index of an F4 patient is non-decreasing in remaining sentence
length and non-increasing in age. Second, the state transitions for remaining sentence length and
age are deterministic: remaining sentence length decreases by one and age increases by one at each
period. Therefore, the Whittle’s index of an F4 patient is always decreasing over time. Note that
this may not be true for F0-F3 patients since they may transition to more advanced disease states.
Based on these observations, we derive a closed-form expression of Whittle’s index for F4 patients
as follows.
For any given state, if the passive subsidy level is equal to the Whittle’s index of this state and
the Whittle’s index is decreasing over time, the optimal actions for all future states will be passive.
Therefore, for any state (i, j, k) and any subsidy level W , we define V̂i,j,k (W ) as the value function
j−1
P j 0 −1 j 0 −1
when passive action is taken for all states; i.e., V̂i,j−1,k+1 (W ) = eTi
β
R
(r:,k+j 0 + W ) +
0 =1
j

β j−1 Rj−1 z:,k+j . Define Ŵi,j,k as the subsidy level that solves the following equation:
ri,k + β

X
i0

(QR)i,i0 V̂i0 ,j−1,k+1 (W ) = ri,k + W + β

X
i0

Ri,i0 V̂i0 ,j−1,k+1 (W ).
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After some algebra, we have:
Ŵi,j,k =

X
j−1

βeTi (QR − R)

β

j 0 −1

R

j 0 −1

r

:,k+j 0

+β

j−1

R

j−1


z:,k+j .

(7)

j 0 =1

Note that

βeTi QR

 j−1
P

β

j 0 −1

R

j 0 −1


r:,k+j 0 + β

j−1

R

j−1

z:,k+j

represents the expected total QALYs

j 0 =1

of a patient if he is treated at the current period and there is no
 treatment at future periods
j−1
P
0
0
inside the prison, while βeTi R
β j −1 Rj −1 r:,k+j 0 + β j−1 Rj−1 z:,k+j represents the expected total
j 0 =1

QALYs of a patient if he is never treated before release. Therefore, the closed-form expression in
Equation 7 has a very intuitive interpretation: the marginal benefit of treating a patient assuming
no treatment at future periods before release. We next show that this expression coincides with
the Whittle’s index for F4 patients under conditions that are perfectly satisfied by real data.
Theorem 2. The closed-form expression in Equation 7 coincides with the Whittle’s index for
F4 patients (i.e., Ŵi,j,k = Wi,j,k , i = 11, ∀j, k) if Ŵi,j,k ≥ Ŵi,j−1,k+1 , i = 11, j ≥ 2, ∀k.
Proof.

We prove this theorem by induction on sentence length j. First, by definition, it is

straightforward to check that Equation 7 is exactly Whittle’s index for j = 1. Assume that this
is true for 1, ..., j − 1, we next show that it is also true for j ≥ 2. Consider state (i, j, k) where
i = 11. When the subsidy level is equal to Ŵi,j,k , by induction assumption and the condition that
Ŵi,j,k ≥ Ŵi,j−1,k+1 , the Whittle’s indices for all future states are no greater than Ŵi,j,k . Therefore,
the optimal actions for all future states are passive. Then, by definition of Ŵi,j,k , state (i, j, k) will
be indifferent with the action. Therefore, we have Ŵi,j,k = Wi,j,k by definition of Whittle’s index,
which completes the proof. 
Theorem 2 says that the marginal benefit of treating a patient assuming no treatment at future
periods before release is exactly equal to the Whittle’s index for F4 patients, if this marginal benefit
is non-increasing as remaining sentence length decreases and age increases. We remark that this
condition is intuitive and is satisfied by real data.
The closed-form expression of Whittle’s index significantly expedites the computation. More
importantly, it provides us an intuitive interpretation that helps better understand when the Whittle’s index may perform well and when not. In particular, while interpreting the Whittle’s index
as the marginal benefit of treatment is appealing from a practical perspective, the assumption
that there is no treatment at future periods is only reasonable when the treatment capacity is
very tight. This is because otherwise (i.e., when the treatment capacity is not very tight), patients
with longer sentence lengths may also have the opportunity to be treated at future periods even if
they miss the opportunity for treatment at the current period; in this case, it may make sense to
prioritize patients with shorter sentence lengths, especially if access and/or linkage-to-care are low
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in the community. However, the Whittle’s index is independent of the treatment capacity, and does
not capture the trade-off of chances for future treatments. Given this limitation, we anticipate the
performance of the Whittle’s index policy to be impaired as the treatment capacity increases. To
overcome this shortcoming of the Whittle’s index policy, we derive a capacity-adjusted closed-form
index policy in the following section.
5.2.

A Capacity-Adjusted Closed-Form Index Policy

Inspired by the closed-form expression of Whittle’s index for F4 patients, in this subsection, we
present a capacity-adjusted closed-form policy for all candidate patients (F0-F4). In particular, as
in the closed-form expression in the previous section, we estimate the index of each patient based on
the marginal benefit of treatment; however, instead of assuming no treatment at future periods, we
adjust the probability of future treatment by explicitly considering the treatment capacity inside
prison as follows. Let N 0 denote the number of total patients within prison that are eligible for
treatment at the current period, and recall that M represents the number of patients that can be
treated at each period. Define α = M/N 0 to be the proportion of patients that can be treated within
prison. Then, α is a parameter that captures the treatment opportunity within prison. Therefore,
instead of assuming no treatment within prison at future periods, we assume that each patient has
a probability of α to be treated. In this way, our capacity-adjusted closed-form index for any given
state (i, j, k) is defined as:

W̄i,j,k =

βeTi (QR − R)

X
j−1

β

j 0 −1

(αQR + (1 − α)R)

j 0 −1

r:,k+j 0 + β

j−1

(αQR + (1 − α)R)

j−1


z:,k+j .

j 0 =1

(8)
From Equation 8, we observe that when the treatment rate α = 0, we have W̄i,j,k = Wi,j,k for
i = 11, i.e., our capacity-adjusted index converges to the Whittle’s index for F4 patients when
the treatment capacity goes to zero. In this case, patients with longer sentence lengths should
be prioritized (Proposition 2). However, as α increases, the chance of accessing to treatment at
future periods for a patient with a long sentence length increases, and hence the marginal benefit
of treatment at the current period for such a patient decreases. This implies, as α increases, the
prioritization decision would tend to shift and patients with shorter sentence lenghts may start to
be prioritized.

6.

Simulation Model

In this section, we describe a realistic agent-based simulation (ABS) model that we use for testing
the performance of our index-based policies. The simulation model allows capturing more details
than the analytical model. For example, unlike our analytical modeling framework which only
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considers the prison population explicitly and assumes that the arrival process is exogenous, the
simulation model explicitly captures the dynamics of both prison and community population by
tracking individual patients in the entire population. Hence, this simulation modeling framework
is a good testbed for testing the policies generated based on our analytical model results.
This ABS model was built on an existing validated model by our group which was used to assess
the potential health and economic impact of HCV screening and treatment in U.S. prisons and
published in a top-tier clinical journal (He et al. 2015). For this study, we needed to modify and
enhance the original simulation model to account for different treatment prioritization decisions
inside prison. We further calibrated the simulation model to represent the prison system in Georgia,
based on real data from the Georgia state prison system. In the following subsections, we describe
the key components and modifications in the simulation model and refer the reader to He et al.
(2015) for further details.
6.1.

Baseline Population

We used a scale of 1:50 and generated 200,000 agents to represent the overall population in the
state of GA, of whom 0.5% constituted the prison population (Guerino et al. 2011). We probabilistically assigned population characteristics to each of the agents, including age, gender, health
state, incarceration status, and drug use behavior (see Tables 6-8 in Appendix C). In particular,
we estimated the prevalence of HCV by age and gender from the National Health and Nutrition
Examination Survey (NHANES) data, and defined the baseline distribution of the chronic HCV
stages (fibrosis stages F0-F4, DC and HCC) using published studies (Denniston et al. 2014, Davis
et al. 2010). We considered population growth by adding newborns to the population each year
based on the annual birth rates in the US (World Bank 2014).
6.2.

Disease Progression

As in the analytical model, the disease can progress through different stages of fibrosis, governed
by a Markovian process. In the community, in line with current practice, patients with DC or
HCC are assumed to be eligible for receiving a liver transplant. As in the analytical model, we
continue to assume that fibrosis progression stops upon a successful treatment in non-cirrhotic
patients (i.e., F0-F3), which is inline with the clinical evidence (Westbrook and Dusheiko 2014).
On the other hand, unlike the analytical model, in the simulation model, we allow the disease to
continue progress among cirrhotic patients (i.e., F4), though at a slower rate, even after a successful
treatment. The estimated disease progression rates are presented in Table 9 in Appendix C.
6.3.

Disease Transmission

Our agent-based model considered two types of HCV transmission: IDU-related and non-IDUrelated, where IDU-related transmission contributes to 60% of all HCV infections. To simulate
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HCV transmission, we constructed links among agents and probabilistically formed pairs between
individuals, where IDUs had a higher probability of pairing with other IDUs, and vice versa.
Once such a pair is formed, an infected individual could probabilistically transmit HCV to a
susceptible individual, where the transmission probability depended on the disease state awareness
of the infector, the IDU status of both infector and infectee, and whether the infectee has been
infected before. The pairing and transmission related parameters are presented in Table 10 in
Appendix C, where the unknown parameters are calibrated by matching the model output with
the following target data: 1) the 10-year cumulative incidence of HCV, 2) the proportion of IDUrelated transmission among all HCV incidences, and 3) the probability that a treated IDU can be
reinfected (i.e., IDUs’ reinfection rate).
6.4.

Diagnosis and Treatment

As in our analytical model, we assume that diagnosed F0-F4 patients with a remaining sentence
length of more than 12 months are eligible for treatment, and that the total number of patients that
can be treated within the prison system is restricted by the allocated budget. In the community,
patients can be diagnosed based on the current standard-of-care of HCV screening, including
birth-cohort screening, risk-based screening, and usual care. We implemented the standard-of-care
screening by probabilistically making unaware patients aware of infection status, and only patients
aware of their infection are allowed to undergo treatment. The probabilities for diagnosis and
treatment are presented in Table 11 in Appendix C.
6.5.

Arrest and Release of Prisoners

We simulate movements of people in and out of the prison system by considering arrest and
release of inmates. In particular, each year, agents in the community can get arrested with a
certain probability, and those agents who have completed their assigned duration of sentence are
released back to the community. We estimated the baseline crime probabilities for people with
and without incarceration history using the Bureau of Justice Statistics (BJS) data and published
studies (Langan and Levin 2002), and the probabilities are further adjusted based on the IDU
status, to capture a larger probability of incarceration for IDUs. We estimate the length of sentence
based on Georgia prison system data (Georgia Department of Corrections 2014). The probabilities
of incarceration and length of sentence are presented in Tables 12-13 in Appendix C.
6.6.

Injection Drug Users

Recall that in our analytical model, we assume that IDU status is a static characteristic of a patient
that does not change over time. In the simulation model, we relax this assumption and explicitly
model the dynamic change in the drug use behaviors. In particular, we allow the possibility that
active IDUs could stop injecting drugs, while inactive IDUs or persons with no injection drug use
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history could start injecting drugs by assigning probabilities of initiating and quitting injection
drugs. Since there is no robust data for such probabilities, we use a calibration process to estimate
their values. In particular, we ran our model with several combinations of these unknown parameters and selected the combination that matched model’s projected annual incidence of drug use
with the reported value of 0.115% per person-year.
6.7.

Quality-Adjusted Life Years (QALYs)

QALYs are estimated based on liver health state and age from the published literature. The sources
and the corresponding quality-of-life adjustment parameters are presented in Table 14 in Appendix
C. Also, in the simulation model, we explicitly keep track of the new infections, and directly output
the total QALYs gained in and out of the prison system and the QALY reductions due to new
infections.

7.

Computational Results and Policy Implications

In this section, we first analyze and compare the prioritization strategies proposed by our capacityadjusted closed-form index policy and Whittle’s index policy (§7.1). Then, using the simulation
model described in §6, we test the performances of the capacity-adjusted index policy and compare
it with other benchmark policies (§7.2). Lastly, we analyze how prioritization decisions change with
respect to remaining sentence length and IDU status (§7.3 and 7.4). The estimation and values of
parameters for the analytical model are included in Appendix B.
7.1.

Prioritization Strategies under Whittle’s vs. Capacity-Adjusted Index Policies

In this section, we analyze the prioritization strategies suggested by the Whittle’s index policy
(recall that the Whittle’s index policy is independent of the treatment capacity), and compare it
against our proposed policy, as the treatment capacity in prison vary. In particular, we consider the
prioritization strategies given the health states and remaining length of sentences for an averageage (37-year-old), non-IDU patient (the patterns are similar for other age groups or IDUs). While
the Whittle’s indices for F4 patients and our proposed capacity-adjusted indices have closed-form
expressions and can be computed very efficiently, the Whittle’s indices for earlier stage patients
are computed using a binary search approach, which involves repeated solution of single-bandit
dynamic programs.
Figure 2 presents the prioritization strategies suggested by the Whittle’s index policy, where
darker areas indicate higher priority for treatment. From this figure, in line with our analytical
results, we observe that Whittle’s index policy i) prioritizes patients with more advanced fibrosis
stages (Proposition 1), and ii) among F4 patients, prioritizes those with longer sentence lengths
(Proposition 2). Note that for F0-F3 patients, the change of Whittle’s indices with respect to
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Figure 2

Whittle’s indices for average-age non-IDU patients with different health states and remaining sentence
lengths.

Note. The smoothed contour plot is presented for visualization purposes and the indices are well-defined for only discrete fibrosis
state values.

(a) α = 0.05
Figure 3

(b) α = 0.10

(c) α = 0.15

Capacity-adjusted indices for average-age non-IDU patients with different health states and remaining
sentence lengths under different treatment rates inside prison α = 0.05, 0.10, 0.15.

Note. Recall that α = M/N 0 represents the proportion of patients that can be treated within prison, where M is the
total treatment capacity and N 0 is total number of patients eligible for treatment.

remaining sentence length is less structured and the monotonicity is indeed violated, as we anticipated.
Figure 3 presents the prioritization strategies suggested by our capacity-adjusted index policy
as the treatment capacity varies. From these figures, we make the following observations: i) similar
to the Whittle’s index policy, our capacity-adjusted policy also suggests prioritizing patients with
more advanced fibrosis stages, but ii) when the treatment capacity inside prison is very tight (Figure
3.a), among patients with the same health states, patients with longer remaining sentence lengths
should be prioritized, and iii) as the treatment capacity increases, this strategy should shift and
patients with shorter lengths of sentences should be given higher priority for treatment. Although
this may appear counter-intuitive at first, it is reasonable and has an intuitive explanation: when
the treatment capacity is very tight, patients with longer length of sentences may die in correctional
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facilities before accessing to treatment, therefore they should be given priority. On the other hand,
when the capacity in the prison system is not very tight, patients with longer sentence lengths are
likely to have access to treatment before release at future periods; however, patients with shorter
sentence lengths may not have access to treatment upon release due to coverage problems or lower
linkage-to-care, therefore they should be given priority.
7.2.

QALY Comparison of Various Policies

In this section, we test the performance of our proposed policy and compare with other benchmark
policies using the simulation model described in §6. As described in §6, we generate 200,000 agents
to represent the overall population, among which, about 0.5% (i.e., 1,000 agents) are inside prison,
and similar to He et al. (2015), we consider a simulation horizon of 30 years. HCV prevalence
within the prison system is estimated as 17.6%, among which about 75.5% have remaining sentence
lengths of one year or longer, and are considered eligible for treatment. Therefore, there are initially
about 133 patients within prison that are eligible for treatment. In practice, treatment capacity
vary across prison systems. For example, a recent Wall Street Journal survey of all fifty state prison
systems revealed that of the infected inmates, as low as less than 1% (Oklahoma) or as high as 13%
(Indiana) are offered treatment in different prison systems (Loftus and Fields 2016). To capture
this variation in practice, we consider five different annual treatment capacities M = 1, 5, 10, 15, 20.
First, we benchmark the performance of our policy with a health state policy, which prioritizes
patients with more advanced fibrosis stages, and when patients are in the same fibrosis stage,
prioritization is randomized. In current practice, while there are discussions around the role of
sentence length, age, and IDU status in prioritization, there is no consensus and hence there
exists variation. Therefore, in some sense, health state policy mimics the current practice. We also
compare the performance of our proposed policy against myopic policy (defined as the one-period
P
benefit of treatment, i.e., i0 (QR − R)i,i0 ri0 ,k ) and Whittle’s index policy, both of which typically
perform very well in bandit problems (Glazebrook et al. 2005, Archibald et al. 2009, Liu and Zhao
2010, Deo et al. 2013).
In order to compare the performances of the policies considered, we compute the QALY gain of
each policy π over no treatment, defined as:
QALY gain(π) = QALYs(π) − QALYs(no treatment).
QALY gains of different policies are reported in Table 1 (and sensitivity analysis results against
key model parameters are presented in Appendix D). From these results, we make several important
observations. First, we observe that among all policies compared, health state policy performs
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Table 1

Total QALY gains of different policies under different treatment capacities (numbers in parentheses
are percentage improvements over health state policy).

Policies

M =1

M =5

M = 10

37.6

167.0

282.1

359.3

415.0

Myopic policy

42.2 (12.1%)

172.4 (3.3%)

280.3 (-0.6%)

355.6 (-1.0%)

408.0 (-1.7%)

Whittle’s index

43.8 (16.5%)

176.3 (5.6%)

285.3 (1.1%)

361.3 (0.5%)

412.7 (-0.6%)

Capacity-adjusted index

44.0 (17.1%)

177.7 (6.4%)

290.4 (2.9%)

368.3 (2.5%)

423.2 (2.0%)

Health state policy

M = 15

M = 20

Notes. Recall that M represents the annual treatment capacity, i.e., maximum number of infected inmates that can
be treated every year. There are initially 133 patients eligible for treatment.

poorly, especially when the treatment capacity is very tight. This is important, because as we noted
earlier, health state policy to some extent mimics the current practice.
Second, we observe that the myopic policy, which has been shown to perform very well in many
other bandit problems (Liu and Zhao 2010, Deo et al. 2013), does not perform well in our case.
In particular, it performs strictly worse than the Whittle’s index and our capacity-adjusted index
policies at all capacity levels. This finding implies that patients’ remaining length of sentence,
which is ignored by the myopic policy, should be an important factor in treatment prioritization
decisions.
Third, we observe that the Whittle’s index performs very well when the treatment capacity is
very tight. However, as we anticipated based on the analytical results, the performance of the
Whittle’s index is significantly undermined as the treatment capacity increases. This is mainly
because, as we have shown analytically, the Whittle’s index for an F4 patient coincides with the
marginal benefit of treating this patient assuming no future treatment before release. As a result,
the Whittle’s index tends to prioritize patients with longer remaining sentence lengths. However,
the assumption of no future treatment opportunity is reasonable only when treatment capacity
is extremely tight. Practically, this finding implies that patients with longest remaining length of
sentences should be prioritized only when the likelihood of future treatment before release is very
low.
Lastly, we observe that our proposed capacity-adjusted index policy performs very well at all
treatment levels. In particular, when the treatment capacity is very tight, our proposed policy
has a similar behavior and performance to that of the Whittle’s index policy. This was expected
because, as we showed analytically (Theorem 2), when the treatment capacity goes to zero, our
capacity-adjusted index converges to Whittle’s index for F4 patients. On the other hand, as the
treatment capacity increases, our proposed policy tends to perform better than the Whittle’s index,
and the gap increases with the treatment capacity. This finding demonstrates that while most
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existing index-type policies are blind to the treatment capacity, in our setting treatment capacity
is an important parameter in determining the prioritization rules.
7.3.

Prioritization Between Patients with Shorter vs. Longer Sentence Lengths

As discussed in §1, there exists controversy about the roles of the remaining sentence length and
IDU status in treatment prioritization decisions. In §7.2, we demonstrated that our proposed closedform policy, which considers both of these factors, has a significant performance improvement over
the health state policy. In this and the following subsections, we analyze the circumstances under
which these factors would be most critical, and how prioritization decisions change with respect to
these factors. Further, we quantify the marginal contributions of each of these factors.
Note that whether patients with shorter or longer remaining sentence lengths should be prioritized mainly depends on the differences of settings inside and outside the prison system. In that
regard, given that the disease progression and treatment effectiveness are the same irrespective
of the setting, the factors that could potentially drive this decision would include treatment rates
inside and outside the prison, and the infection rate outside the prison. Intuitively, with everything
else being held fixed and equal, one would expect that the smaller the treatment rate inside the
prison system is, the higher the priority for patients with longer sentence lengths should be. Also,
the smaller the treatment rate outside the prison system is, the higher the priority for patients
with shorter sentence lengths should be. We also remark that while in general treatment capacity
in the community may be higher than in the prison system, this may not necessarily translate to
a higher treatment rate for released inmates. Indeed, the linkage-to-care level for released inmates
is typically significantly lower than that in the prison setting (Liu et al. 2014). Lastly, in order
to reduce the overall incidence of new infections outside, the larger the infection rate outside the
prison system, the higher the priority for patients with shorter sentence lengths should be. However, it is not obvious whether and when patients with shorter or longer sentence lengths should be
prioritized as all three of these factors change simultaneously. In order to address this question, we
compared the prioritization decisions based on our index policy for patients with one- and five-year
remaining sentence lengths, respectively, as the treatment and infection rates vary (we present the
findings for average-age, non-IDU F4 patients, but the results are qualitatively similar for also
other patients).
The results are presented in Figure 4. From this figure, we make several important observations.
First, we observe that prioritization decisions have a simple threshold structure, where the threshold
values can be easily characterized from the definition of our closed-form index policy. Second, we see
that our intuition holds and that patients with shorter sentence lengths should have higher priority
when the treatment capacity inside the prison system is not very tight, while in the community,
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(a) α = 0.05
Figure 4

(b) α = 0.10

(c) α = 0.15

Prioritization among patients with different remaining sentence lengths under different treatment rates
inside prison α = 0.05, 0.10, 0.15.

Notes. Presented results are for average-age, non-IDU F4 patients.
’*’ represents the baseline parameter values, and LOS represents length of sentence.

treatment rate is relatively small. Third, we observe that, compared with the treatment rates
(inside and outside), prioritization decisions are less sensitive to varying infection rates.
To quantify the marginal contribution of considering remaining sentence length in the prioritization decisions, we compare a policy that considers both health states and remaining sentence
lengths, called health state & sentence policy, against the health state policy, which only considers health states in prioritization decisions. In particular, the health state & sentence policy is
defined as our capacity-adjusted closed-form index for average-age non-IDU patients. The results
are presented in Table 2.

Table 2

Total QALY gains under different treatment capacities/rates inside and outside prison (numbers in
parentheses are percentage improvements over health state policy).

Treatment rate outside Policies

M =5

M = 10

M = 15

0.05

188.1

323.5

417.3

193.5 (2.9%)

329.7 (1.9%)

428.0 (2.6%)

167.0

282.1

359.3

174.5 (4.5%)

286.6 (1.6%)

365.4 (1.7%)

151.1

252.5

319.7

160.3 (6.1%)

255.6 (1.2%)

322.6 (0.9%)

Health state policy
Health state & sentence

0.10

Health state policy
Health state & sentence

0.15

Health state policy
Health state & sentence

From the results, we observe that i) the performance improvement from considering remaining
sentence length is significant, and ii) the performance improvement is large especially when the
difference between the treatment rates inside and outside prison is large. These results suggest
that considering remaining sentence length in the prioritization decisions is important, especially
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when there is a substantial gap between the treatment opportunities inside and outside the prison
system.
7.4.

Prioritization Between IDU vs. Non-IDU Patients

As discussed earlier, if left untreated, released IDU patients may infect others after release. On
the other hand, even if treated before release, the IDUs may get re-infected because of high-risk
behavior, which may result in wastage of scarce resources. Therefore, whether and when IDUs
should have priority over non-IDUs remains unclear.
We analyze the decision of whether and when IDUs should be prioritized by considering variable
infection and reinfection rates for IDUs. The corresponding results are presented in Figure 5. First,
as expected, we observe that the treatment prioritization decisions have a threshold structure: when
the IDUs’ infection rate is high and reinfection rate is low, IDUs should be prioritized; otherwise,
non-IDUs should be prioritized. Second, we observe that among patients with less advanced fibrosis
stages such as F2 (see Figure 5.a), treatment decisions are more sensitive to infection rate, and
prioritizing IDUs is preferred at many combinations of parameter values. On the other hand,
among patients with advanced fibrosis stages such as F4 (see Figure 5.c), prioritization decisions
are more sensitive to reinfection rate, and prioritizing non-IDUs is preferred. We remark that these
are important findings, because in current practice, there exists significant controversy regarding
whether to prioritize IDUs over non-IDUs, and the main concern is the potential risk of reinfection.
In that regard, our analysis allows quantification of the threshold risks of reinfection, above which
non-IDUs should be prioritized. Further, our analysis shows that the role of reinfection differs for
patients with different levels of fibrosis stages.

(a) F2 patients
Figure 5

(b) F3 patients

Prioritization among patients who are IDUs and non-IDUs.

Note. ’*’ represents the baseline parameter values.
Presented results are for one-year-sentence, average-age patients.

(c) F4 patients
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To quantify the marginal contribution of considering IDU status in the prioritization decisions,
similar to the previous subsection, we now compare a policy that considers both health states and
IDU status, which we call health state & IDU policy, against the health state policy. The results
are reported in Table 3.

Table 3

QALY gains under different IDUs’ reinfection rates and treatment capacities (numbers in parentheses
are percentage improvements over health state policy).

IDU reinfection rate Policies

M =5

M = 10

M = 15

0.05

Health state policy

162.7

275.8

351.4

Health state & IDU

164.9 (1.3%)

276.0 (0.1%)

352.3 (0.2%)

Health state policy

157.0

267.1

340.3

Health state & IDU

161.9 (3.1%)

268.8 (0.6%)

341.9 (0.5%)

Health state policy

152.1

258.3

330.0

Health state & IDU

159.6 (4.9%)

261.6 (1.3%)

332.4 (0.7%)

0.10

0.15

From the results, we observe that the consideration of IDU status can lead to a significant performance improvement especially when the treatment capacity inside the prison system is tight and
IDUs’ reinfection rate is large. In particular, as IDUs’ reinfection rate increases, the performance of
the health state policy decreases very fast. On the other hand, the performance of the health state
+ IDU policy also decreases, but at a much slower rate. This is because when IDUs’ reinfection rate
becomes large, our policy prioritizes non-IDUs, so that the risk of reinfection is minimized. These
results also highlight the importance of controlling reinfection of the disease for treated patients.
7.5.

Prioritization Between Younger vs. Older Patients

Unlike remaining length of sentence and IDU status, the qualitative effect of considering age in
prioritization decisions is more obvious: the younger the patients are prioritized, the higher the
overall QALY gains would be. Indeed, we have already theoretically showed this result in Proposition 3. On the other hand, a prioritization rule based on age may be ethically controversial, and
it is not obvious if consideration of age would lead to a significant QALY improvement to possibly
rationalize such a prioritization policy. Therefore, in this section, we quantify the consideration of
age in prioritization decisions.
In particular, similar to the previous subsections, we now compare a policy that considers both
health states and age, which we call health state & age policy against the health state policy.
The results are reported in Table 4 below. From the results, we observe that considering age in
prioritization decisions can lead to a substantial QALY improvement, especially when the treatment
capacity within prison is small. We believe this analysis may help policy-makers in deciding whether
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such an improvement is large enough to rationalize an age-based policy and prioritize younger
patients for treatment.

Table 4

QALY gains under different treatment capacities (numbers in parentheses are percentage
improvements over health state policy).

8.

Policies

M =5

M = 10

M = 15

Health state policy

167.0

282.1

359.3

Health state & age

175.4 (5.1%)

288.0 (2.1%)

364.1 (1.3%)

Discussion and Conclusion

The concentration of HCV infection in the criminal justice system offers a unique opportunity to
control the HCV epidemic. However, due to the prohibitive cost of the new generation HCV drugs
and the tight resource constraints in U.S. prisons, universal treatment is not feasible. In current
practice, standard treatment prioritization protocol is lacking, and hence there exists significant
variation in treatment practices. Our study aims to fill this gap by providing a systematic algorithmic framework to support and standardize HCV treatment prioritization decisions in prisons.
To solve this complex and computationally intractable problem, we develop a RMAB model and
focus on index-type policies, which are appealing from both computation and implementation perspectives. We prove indexability for our problem and derive several structural properties for the
well-known Whittle’s index. We then present a closed-form expression of the Whittle’s index for
patients with late-stage fibrosis (F4), based on which we anticipate that the performance of the
Whittle’s index would degrade in our setting as the treatment capacity increases. Therefore, to
address this problem, we propose a capacity-adjusted closed-form index policy. We test the performance of our proposed policy using a detailed realistic simulation model and show that our policy
has a significant performance improvement over the current practice and other benchmark policies.
Our findings provide insights into the controversies in prioritization decisions for HCV treatment.
First, we find that systematically considering other factors in addition to liver health state including
remaining sentence length, IDU status and age can improve the current practice. Second, we show
that patients with shorter sentence lengths should be prioritized when the linkage-to-care level
outside prison is low while the treatment capacity in the prison system is not very tight. We remark
that this is an important finding because while many other index-type policies are blind to the
treatment capacity, we show that under different levels of treatment capacities, the prioritization
decisions with respect to remaining sentence length can be significantly different. Third, we quantify
the trade-off between treating/prioritizing IDUs versus non-IDUs and show that the decision has
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a threshold structure. We further show that the decision is very sensitive to reinfection rate for
patients with advanced liver disease, among whom IDUs should not be prioritized unless their
reinfection is very-well controlled.
Due to simplicity in implementing prioritization policy, our work is appealing to several stakeholders including medical directors and policy makers at prisons. The authors presented this work
at the 9th Academic & Health Policy Conference on Correctional Health, where the audience
mostly comprised of practitioners, including policy makers and prison physicians. Based on their
positive feedback, the authors believe that such index policies have high potential for implementation due to their simplicity and practicality. Such a scoring-based structured decision-making
approach could also reduce prison-level variation in HCV treatment access and provide protection
to prisons against litigation cases, in addition to potentially improving overall health outcomes of
the society. Indeed, scoring based allocation policies are common in organ transplant (e.g., MELD
scores in liver transplantation), and the authors hope to make a practical contribution in that
regard by providing scientific basis for the use of scoring-based index policies for HCV treatment
prioritization. Finally, our proposed modeling framework is flexible and can be extended to prioritization decisions in other resource-limited settings, such as HCV treatment in budget-constrained
State Medicaid programs. In addition, this framework can also be extended to other infectious
diseases that could be expensive to treat from a population level, such as a future treatment for
chronic hepatitis B that can effectively cure infection .
Our study is not without limitations. First, while we show that prioritizing younger patients
can lead to greater total health outcomes in the society, we do not directly capture fairness among
patient with different ages. A simple approach to address this concern is to implement the index
policy of an average-age patient for patients with different ages. In this way, age is excluded in the
prioritization decisions. However, we remark that even in this case, it is important to include age
into the state space. This is because if age is not considered and the lumpsum reward is estimated
the same for patients with different ages, then patients with longer remaining sentence lengths will
be implicitly prioritized since they can contribute more to the QALYs in prison while collecting the
same amount of lumpsum reward after release. Second, we assume a constant treatment rate outside
prison; however, in reality, the treatment probability may vary from person to person, depending
on many factors such as insurance coverage, and ongoing substance abuse. While our modeling
framework is flexible to capture this variation in practice, estimation of patient-specific treatment
rates is difficult. To implicitly capture this variation and operationalize policies accordingly, our
estimated treatment rate may be thought of representative for an average patient, and higher or
lower lump-sum rewards can be used for patients with higher or lower likelihood of treatment.
Third, we assume a negligible rate of in-prison HCV transmission. In a scenario where in-prison
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IDU increases, such as relaxed policing for illicit drugs, this assumption may not hold and the
model may no longer be appropriate. Nonetheless, in the current situation where industry has
priced their products high, and state legislatures have not allocated adequate funds to prisons for
universal treatment, we believe our model represents a reasonable strategy for prioritizing whom
to treat.
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Appendix. A. Proofs of Analytical Results
Proof of Lemma 1. First, consider non-candidate health state i. Since we assume no reinfection within
prison, once a patient transitions to a non-candidate state, he will always stay at non-candidate states in
future periods. Further, when W ≥ 0, passive is always optimal for all non-candidate states. Therefore, for
W ≥ 0, we have Vi,j,k (W ) = V̂i,j,k (W ). Thus for 0 ≤ W1 ≤ W2 , we have Vi,j,k (W2 ) − Vi,j,k (W1 ) = V̂i,j,k (W2 ) −
V̂i,j,k (W1 ).
. r
w
r
Now consider candidate health state i = 7, ..., 11. Let Vi,j,k (W ) = Vi,j,k
(W ) + Vi,j,k
(W ), where Vi,j,k
(W )
w
denotes the pure reward part (excluding passive subsidy) of Vi,j,k (W ), while Vi,j,k
(W ) denotes the subsidy
r
w
r
part of Vi,j,k (W ). Then, we have Vi,j,k
(W2 ) + Vi,j,k
(W2 ) ≥ Vi,j,k
(W1 ) +

W2
W1

w
Vi,j,k
(W1 ), because the left hand

side is the optimal value function for state (i, j, k) when the subsidy is W2 , while the right hand side is the
total reward (including subsidy) when the passive subsidy is W2 but the optimal policy for W1 is applied.
r
w
r
(W ) + V̂i,j,k
(W ), where V̂i,j,k
(W ) denotes the pure reward part (excluding
Similarly, let V̂i,j,k (W ) ≡ V̂i,j,k
w
(W ) denotes the subsidy part of V̂i,j,k (W ). Then, by definition of
passive subsidy) of V̂i,j,k (W ), while V̂i,j,k
r
w
r
V̂i,j,k (W ), V̂i,j,k
(W ) is independent of W , while V̂i,j,k
(W ) is linear in W . Therefore, we have V̂i,j,k
(W2 ) +
W2
r
w
w
(W1 ) + W
(W2 ) = V̂i,j,k
V̂i,j,k
(W1 ).
V̂i,j,k
1

Finally, by definition of Vi,j,k (W ) and V̂i,j,k (W ), we clearly have Vi,j,k (W ) ≥ V̂i,j,k (W ). Further, by Condition 1, the total pure reward (excluding passive subsidy) is maximized when active action is taken in all
w
w
r
r
(W ). Then, for any
(W ) ≥ V̂i,j,k
(W ). Therefore, we must have Vi,j,k
(W ) ≤ V̂i,j,k
candidate states, i.e., Vi,j,k

0 ≤ W 1 ≤ W2 :
Vi,j,k (W2 ) − Vi,j,k (W1 )
r
w
r
w
=Vi,j,k
(W2 ) + Vi,j,k
(W2 ) − Vi,j,k
(W1 ) − Vi,j,k
(W1 )
W2 w
r
r
w
≥Vi,j,k
(W1 ) +
V (W1 ) − Vi,j,k
(W1 ) − Vi,j,k
(W1 )
W1 i,j,k
W2
w
=(
− 1)Vi,j,k
(W1 )
W1
W2
w
≥(
− 1)V̂i,j,k
(W1 )
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W2 w
r
w
r
=V̂i,j,k
(W1 ) +
V̂ (W1 ) − V̂i,j,k
(W1 ) − V̂i,j,k
(W1 )
W1 i,j,k
r
w
r
w
=V̂i,j,k
(W2 ) + V̂i,j,k
(W2 ) − V̂i,j,k
(W1 ) − V̂i,j,k
(W1 )

=V̂i,j,k (W2 ) − V̂i,j,k (W1 ),
which concludes the proof.



Proof of Lemma 2. We prove this lemma by induction on j. For j = 1 and for any candidate health
state i, we have V̂i,1,k (W2 ) − V̂i,1,k (W1 ) = ri,a 1,k − ri,a 1,k = 0, while for any non-candidate health state i, we
have V̂i,1,k (W2 ) − V̂i,1,k (W1 ) = W2 + ri,b 1,k − W1 − ri,b 1,k = W2 − W1 . Thus, the equation holds for j = 1.
For j ≥ 2, suppose the equation holds for any i and some j − 1, i.e.:

X
j−1
T
j 0 −1
j 0 −1
V̂i,j−1,k+1 (W2 ) − V̂i,j−1,k+1 (W1 ) = (W2 − W1 )ei
β
(QR)
e0 .
j 0 =1

40
Then, for any candidate health state i = 7, ..., 11, we have:
V̂i,j,k (W2 ) − V̂i,j,k (W1 )
X
X
(QR)i,i0 V̂i0 ,j−1,k+1 (W1 )
(QR)i,i0 V̂i0 ,j−1,k+1 (W2 ) − ri,k − β
=ri,k + β
i0

i0

=β

X

(QR)i,i0 (V̂i0 ,j−1,k+1 (W2 ) − V̂i0 ,j−1,k+1 (W1 ))

i0

=β(W2 − W1 )eTi QR

X
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βj

0

−1

(QR)j

0

−1


e0

j 0 =1
T
i
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X
j

β
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j 0 −1

(QR)


e0

j 0 =2
T
i

=(W2 − W1 )e

X
j

β

j 0 −1

j 0 −1

(QR)


e0 .

j 0 =1

For any non-candidate health state i, we have:
V̂i,j,k (W2 ) − V̂i,j,k (W1 )
X
X
Ri,i0 V̂i0 ,j−1,k+1 (W1 )
=ri,k + W2 + β
Ri,i0 V̂i0 ,j−1,k+1 (W2 ) − ri,k − W1 − β
i0
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X
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X

(QR)i,i0 (V̂i0 ,j−1,k+1 (W2 ) − V̂i0 ,j−1,k+1 (W1 ))

i0

=W2 − W1 + β(W2 − W1 )eTi QR
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which concludes the proof.



Proof of Lemma 3. For non-candidate states i, the left hand side of the inequality is equal to zero
and the inequality holds trivially. Therefore, it is sufficient to focus on candidate health states i = 7, ..., 11.
Recall that e0 is a column vector with all entries of non-candidate
 j−1health states equal
 to 1 and all entries
P
0
0
of candidate health states equal to 0. Then intuitively, βeTi QR
β j −1 (QR)j −1 e0 represents the total
j 0 =1

units 
of subsidy collected by
 a patient if he is always treated whenever at a candidate state, while 1 +
j−
1
P
0
0
βeTi R
β j −1 (QR)j −1 e0 represents the total units of subsidy collected by a patient if he is not treated
j 0 =1

at the current period but is always treated in the following periods whenever at a candidate state. Then, the
inequality in Lemma 3 says that the subsidy collected in the latter case is larger.
Recall that Qi,i−5 + Qi,i = 1. Then, we have:
X

j−1
j 0 −1
j 0 −1
βe (QR − R)
β
(QR)
e0
T
i

j 0 =1
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X

=β


X
j−1
0
0
β j −1 (QR)j −1 e0
(Qi,i−5 Ri−5,i0 + Qi,i Ri,i0 − Ri,i0 )
i0

j 0 =1

i0


X
j−1
X
0
0
β j −1 (QR)j −1 e0 .
=βQi,i−5
(Ri−5,i0 − Ri,i0 )
i0

j 0 =1

i0

Since we assume no reinfection within prison, if a patient at state i = 7, ..., 11 achieves SVR and transitions
to health state i − 5, he will always stay at non-candidate states. In this case, subsidies will be collected at
all of the following periods. Therefore:
X

Ri−5,i0

X
j−1

βj

0

−1

(QR)j

0

−1


e0
i0

j 0 =1

i0

=
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X

βj

0

−1

.

j 0 =1

On the other hand, if the patient is not treated or does not achieve SVR, he may still be at a candidate
state at the next period. In this case, he may only start collecting subsidies after he is treated and achieves
SVR or after he transitions to state i = 12, 13, 14. To find a lower bound on the total subsidies collected in
this case, we only consider the subsidies collected if he is treated and achieves SVR. Then, we have:
X
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Therefore, we have:
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which completes the proof.
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Proof of Proposition 1. For i = 7, ..., 10, to show Wi+1,j,k ≥ Wi,j,k , it is sufficient to show that when
the subsidy level is equal to Wi,j,k , the optimal action for state (i + 1, j, k) is active. Similar as before, let
Vi,j,k (W ) be the optimal value function at state (i, j, k) when the passive subsidy is W .
For j = 1, when passive subsidy is Wi,1,k , the difference between the rewards of selecting active and passive
actions for state (i + 1, 1, k) is:
ri+1,k + β

X

(QR)i+1,i0 zi0 ,k+1 − ri+1,k − β
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=β
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Ri−4,i0 zi0 ,k+1 − βQi+1,i−4

X

i0

≥βQi,i−5

X

Ri−4,i0 zi0 ,k+1 − βQi,i−5

X

X
X

Ri+1,i0 zi0 ,k+1 − Wi,1,k

i0

Ri−5,i0 zi0 ,k+1 − βQi,i−5

X

i0

=ri,k + β

Ri+1,i0 zi0 ,k+1 − Wi,1,k

i0

i0

≥βQi,i−5

Ri+1,i0 zi0 ,k+1 − Wi,1,k

i0

i0

Ri,i0 zi0 ,k+1 − Wi,1,k

i0

(QR)i,i0 zi0 ,k+1 − ri,k − β

i0

X

Ri,i0 zi0 ,k+1 − Wi,1,k

i0

=0,
where the first inequality follows from

P

Ri−4,i0 zi0 ,k+1 ≥

i0

P

Ri+1,i0 zi0 ,k+1 and Qi+1,i−4 ≥ Qi,i−5 (due to Con-

i0

dition 1), the second inequality follows from Inequality 5, and the last equation follows from the definition
of Whittle’s index at state (i, 1, k).
For j ≥ 2, when passive subsidy is equal to Wi,j,k , the difference between the rewards of selecting active
and passive actions for state (i + 1, j, k) is:
ri+1,k + β

X

(QR)i+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − ri+1,k − β

X

i0

=β

X

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

(QR)i+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − β

i0

X

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

=βQi+1,i−4

X

Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − β(1 − Qi+1,i+1 )

i0

=βQi+1,i−4

X

X

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi+1,i−4

X

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

i0

≥βQi,i−5

X

Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi,i−5

X

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k ,

i0

i0

where the inequality follows from

P

Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) ≥

P

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) and Qi+1,i−4 ≥

i0

i0

Qi,i−5 (due to Condition 1). Since we assume no reinfection within prison, a patient at an
SVR state will never
 j−
P
P1 j 0 −1 j 0
Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) = eTi−4
transition to a candidate state. Therefore, we have
β
R r:,k+j 0 +
i0
j 0 =1

P
P
β j−1 Rj z:,k+j . Further, since Ri  Ri+1 , we have
Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) ≥
(eTi − eTi+1 )Rr:,k+1 . Then:
βQi,i−5

X
i0

i0

Ri−4,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi,i−5

i0

X
i0

Ri+1,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k
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≥βQi,i−5

X

Ri−5,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi,i−5

X

i0

=ri,k + β

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

X

(QR)i,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − ri,k − β

X

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

i0

=0,
where the inequality follows from Inequality 5, and the last equation follows from the definition of Whittle’s
index at state (i, j, k), which completes the proof.



Proof of Proposition 2. We prove this proposition by induction on j. We first show that for i =
11, Wi,2,k ≥ Wi,1,k , ∀k. To do so, it is sufficient to show that when the subsidy level is equal to Wi,1,k , the
optimal action for state (i, 2, k) is active. When the passive subsidy is equal to Wi,1,k , the difference between
the rewards of selecting active and passive actions for state (i, 2, k) is:
X
X
Ri,i0 Vi0 ,1,k+1 (Wi,1,k ) − Wi,1,k
(QR)i,i0 Vi0 ,1,k+1 (Wi,1,k ) − ri,k − β
ri,k + β
i0

i0

=β

X

(QR)i,i0 Vi0 ,1,k+1 (Wi,1,k ) − β

X

i0

Ri,i0 Vi0 ,1,k+1 (Wi,1,k ) − Wi,1,k

i0

=βQi,i−5

X

Ri−5,i0 Vi0 ,1,k+1 (Wi,1,k ) − β(1 − Qi,i )

X

i0

=βQi,i−5

Ri,i0 Vi0 ,1,k+1 (Wi,1,k ) − Wi,1,k

i0

X

Ri−5,i0 Vi0 ,1,k+1 (Wi,1,k ) − βQi,i−5

i0

X

Ri,i0 Vi0 ,1,k+1 (Wi,1,k ) − Wi,1,k .

i0

When the passive subsidy is Wi,1,k , the optimal action for state (i, 1, k + 1) is passive (as we will show in
Proposition 3). Therefore, we have:
X
X
βQi,i−5
Ri−5,i0 Vi0 ,1,k+1 (Wi,1,k ) − βQi,i−5
Ri,i0 Vi0 ,1,k+1 (Wi,1,k ) − Wi,1,k
i0
T
i−5

=Qi,i−5 (e

i0
T
i

2

2

− e )(βRr:,k+1 + β R z:,k+2 ) − Wi,1,k

≥Qi,i−5 (eTi−5 − eTi )βRz:,k+1 − Wi,1,k
X
X
=βQi,i−5
Ri−5,i0 zi0 ,k+1 − βQi,i−5
Ri,i0 zi0 ,k+1 − Wi,1,k
i0

=ri,k + β

i0

X

(QR)i,i0 zi0 ,k+1 − ri,k − β

i0

X

Ri,i0 zi0 ,k+1 − Wi,1,k

i0

=0,
where the inequality follows from Inequality 6, and the last equation follows from the definition of the
Whittle’s index at state (i, 1, k).
For j ≥ 2, assume that we have Wi,j,k ≥ Wi,j−1,k , we now show that Wi,j +1,k ≥ Wi,j,k . To do so, it is
sufficient to show that when the subsidy level is equal to Wi,j,k , the optimal action for state (i, j + 1, k) is
active. When the passive subsidy is equal to Wi,j,k , the difference between the rewards of selecting active
and passive actions for state (i, j + 1, k) is:
X
X
ri,k + β
(QR)i,i0 Vi0 ,j,k+1 (Wi,j,k ) − ri,k − β
Ri,i0 Vi0 ,j,k+1 (Wi,j,k ) − Wi,j,k
i0

=β

X

i0

(QR)i,i0 Vi0 ,j,k+1 (Wi,j,k ) − β

i0

=βQi,i−5

X

Ri,i0 Vi0 ,j,k+1 (Wi,j,k ) − Wi,j,k

i0

X

Ri−5,i0 Vi0 ,j,k+1 (Wi,j,k ) − (1 − βQi,i )

X

i0

=βQi,i−5

X
i0

Ri,i0 Vi0 ,j,k+1 (Wi,j,k ) − Wi,j,k

i0

Ri−5,i0 Vi0 ,j,k+1 (Wi,j,k ) − βQi,i−5

X
i0

Ri,i0 Vi0 ,j,k+1 (Wi,j,k ) − Wi,j,k .
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When the passive subsidy is Wi,j,k , the optimal action for states (i, j, k + 1) and (i, j − 1, k + 1) are both
passive (due to Proposition 3 and induction assumption). Therefore, we have:
X
X
βQi,i−5
Ri−5,i0 Vi0 ,j,k+1 (Wi,j,k ) − βQi,i−5
Ri,i0 Vi0 ,j,k+1 (Wi,j,k ) − Wi,j,k
i0

=Qi,i−5 (e

i0

T
i−5

T
i

−e )

X
j

j0

j0

β R r:,k+j 0 + β

j +1

R



j +1

z:,k+j +1 − Wi,j,k

j 0 =1

≥Qi,i−5 (eTi−5 − eTi )

X
j−1


0
0
β j Rj r:,k+j 0 + β j Rj z:,k+j − Wi,j,k

j 0 =1

=βQi,i−5

X

Ri−5,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi,i−5

X

i0

=ri,k + β

X

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

(QR)i,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − ri,k − β

X

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

i0

=0,
where the inequality follows from Inequality 6, and the last equation follows from the definition of the
Whittle’s index at state (i, 1, k), which completes the proof.



Proof of Proposition 3. Clearly, it is sufficient to consider candidate states i = 7, ..., 11. For such a state
(i, j, k), to show Wi,j,k+1 ≤ Wi,j,k , it is sufficient to show that when the subsidy level is equal to Wi,j,k , the
optimal action for state (i, j, k + 1) is passive. Similar as before, let Vi,j,k (W ) be the optimal value function
at state (i, j, k) when the passive subsidy is W . Then, we have the following result.
Lemma 4. For any given passive subsidy W , for i = 2, ..., 6 and i0 = i + 5, ..., 14, Vi,j,k (W ) − Vi0 ,j,k (W ) is
non-increasing in k, ∀j.
With the above result, we now continue the proof as follows. For j = 1, when passive subsidy is equal to
Wi,1,k , the difference between the rewards of selecting active and passive actions for state (i, 1, k + 1) is:
ri,a 1,k+1 − ri,b 1,k+1 − Wi,1,k
X
X
=β
(QR)i,i0 zi0 ,k+2 − β
Ri,i0 zi0 ,k+2 − Wi,1,k
i0

=βQi,i−5

i0

X

Ri−5,i0 zi0 ,k+2 − β(1 − Qi,i )

X

i0

=βQi,i−5

X

Ri−5,i0 zi0 ,k+2 − βQi,i−5

i0

≤βQi,i−5

X

X

Ri,i0 zi0 ,k+2 − Wi,1,k

i0

Ri−5,i0 zi0 ,k+1 − βQi,i−5

i0
b
i,1,k

=ri,a 1,k − r

Ri,i0 zi0 ,k+2 − Wi,1,k

i0

X

Ri,i0 zi0 ,k+1 − Wi,1,k

i0

− Wi,1,k

=0,
where the inequality follows from zi,k+2 − zi0 ,k+2 ≤ zi,k+1 − zi0 ,k+1 for i = 2, ..., 6, i0 = i + 5, ..., 14, and the last
equation follows from the definition of the Whittle’s index at state (i, 1, k).
For j ≥ 2, when the passive subsidy is equal to Wi,j,k , the difference between the rewards of selecting active
and passive actions for state (i, j, k + 1) is:
X
X
ri,k+1 + β
(QR)i,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − ri,k+1 − β
Ri,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − Wi,j,k
i0

i0
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=β

X

(QR)i,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − β

X

Ri,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − Wi,j,k

i0

i0

X

=βQi,i−5

Ri−5,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − (1 − βQi,i )

X

X

=βQi,i−5

Ri−5,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − βQi,i−5

X

i0

Ri−5,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − βQi,i−5

X

i0

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

X

=ri,k + β

Ri,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − Wi,j,k

i0

X

≤βQi,i−5

Ri,i0 Vi0 ,j−1,k+2 (Wi,j,k ) − Wi,j,k

i0

i0

(QR)i,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − ri,k − β

X

Ri,i0 Vi0 ,j−1,k+1 (Wi,j,k ) − Wi,j,k

i0

i0

=0,
where the inequality follows from Lemma 4, and the last equation follows from the definition of the Whittle’s
index at state (i, j, k), which completes the proof.



Proof of Lemma 4. We prove the lemma by induction on j. Since for i = 7, ..., 11, ri−5,k − ri,k and
zi−5,k − zi,k are both non-increasing in k, and for i = 7, ..., 13, ri,k − ri+1,k and zi,k − zi+1,k are both nonincreasing in k, it is not difficult to check that the result holds for j = 1. Assume that the result holds for
some j − 1, we now show that it also holds for j. For i = 2, ..., 6 and i0 = i + 5, ..., 14, consider the following
two cases:
First, suppose the optimal action at state (i0 , j, k) is active for given passive subsidy W . Then, we have:
Vi,j,k+1 (W ) − Vi0 ,j,k+1 (W ) − (Vi,j,k (W ) − Vi0 ,j,k (W ))
X
X
≤ri,k+1 + W +
Ri,i00 Vi00 ,j−1,k+2 (W ) − ri0 ,k+1 −
(QR)i0 ,i00 Vi00 ,j−1,k+2 (W )
i00

− ri,k − W −

i00

X

Ri,i00 Vi00 ,j−1,k+1 (W ) + ri0 ,k +

i00

≤

X

(QR)i0 ,i00 Vi00 ,j−1,k+1 (W )

i00

Ri,i00 Vi00 ,j−1,k+2 (W ) −

i00

−

X

X

(QR)i0 ,i00 Vi00 ,j−1,k+2 (W )

i00

X

Ri,i00 Vi00 ,j−1,k+1 (W ) +

X

i00

(QR)i0 ,i00 Vi00 ,j−1,k+1 (W )

i00

≤0,
where first inequality follows from the fact that Vi0 ,j,k+1 (W ) ≥ ri0 ,k+1 +

P
(QR)i0 ,i00 Vi00 ,j−1,k+2 (W ), the second
i00

inequality follows from ri,k+1 − ri0 ,k+1 ≤ ri,k − ri0 ,k , and the last inequality follows from induction assumption.
Second, suppose the optimal action at state (i0 , j, k) is passive for given passive subsidy W . Then, we have:
Vi,j,k+1 (W ) − Vi0 ,j,k+1 (W ) − (Vi,j,k (W ) − Vi0 ,j,k (W ))
X
X
Ri0 ,i00 Vi00 ,j−1,k+2 (W )
≤ri,k+1 + W +
Ri,i00 Vi00 ,j−1,k+2 (W ) − ri0 ,k+1 − W −
i00

i00

− ri,k − W −

X

Ri,i00 Vi00 ,j−1,k+1 (W ) + ri0 ,k + W +

i00

i00

≤

X

Ri,i00 Vi00 ,j−1,k+2 (W ) −

i00

−

X

Ri0 ,i00 Vi00 ,j−1,k+2 (W )

i00

X
i00

≤0,

X

Ri,i00 Vi00 ,j−1,k+1 (W ) +

X
i00

Ri0 ,i00 Vi00 ,j−1,k+1 (W )

Ri0 ,i00 Vi00 ,j−1,k+1 (W )
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where first inequality follows from the fact that Vi0 ,j,k+1 (W ) ≥ ri0 ,k+1 + W +

P
i00

Ri0 ,i00 Vi00 ,j−1,k+2 (W ), the

second inequality follows from ri,k+1 − ri0 ,k+1 ≤ ri,k − ri0 ,k , and the last inequality follows from induction
assumption, which completes the proof.
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Appendix. B. Parameter Estimation for Index Policies
In this section, we describe the parameter estimation for the computation of index policies. We solve our
problem for Genotype 1 male patients, who constitute the vast majority of the U.S. prisoners (Guerino et al.
2011, Nainan et al. 2006). To compute index policies, we first need to estimate the parameters for each
bandit/patient. Below, we provide an overview of parameter estimations, and a summary of the parameter
values and their sources are included in Table 5.
Transition Probabilities: The transitions of remaining sentence lengths and ages are deterministic and
trivial, therefore we describe transitions among different liver health states, which is jointly determined by
i) the disease progression matrix R, and ii) the treatment matrix Q. Similar to He et al. (2015), we estimate
the disease progression parameters and treatment SVR rates from published studies (Thein et al. 2008, Lok
et al. 2009, Fattovich et al. 1997, Planas et al. 2004, Afdhal et al. 2014). We adjust the natural progression
matrix R for different ages by considering different background mortality rates, which are estimated from
the U.S. life table (Arias 2011).
Rewards: To estimate the rewards for each bandit/patient, it suffices to estimate i) the pre-release QALYs
for different health states and ages, and ii) the post-release lumpsum rewards for different health states
and ages. The health and age related QALYs are estimated from published studies (Chong et al. 2003,
Hanmer et al. 2006). Therefore, the key parameters to estimate are the lumpsum rewards. As noted earlier,
we estimate the lumpsum reward for each patient by two components: the cumulative QALYs from the
released patient upon release, and the potential reduction in overall QALYs in the population due to possible
spread of the disease to the society. First, to estimate the cumulative QALYs from a released patient, it
is sufficient to estimate the treatment rate (i.e., how likely he will be treated per year outside prison if he
was released untreated but aware of his disease status) and the reinfection rate (i.e., how likely he will be
reinfected per year if he was released treated). Based on existing studies, we assume a treatment rate of 0.10
for all released prisoners (Wedemeyer et al. 2015). We assume a zero reinfection rate for non-IDUs, and we
estimate the reinfection rate for IDUs from a published study (Currie et al. 2008). Second, we estimate the
potential reduction in overall QALYs in the population by the expected number of new infections caused
by the released prisoner times the total discounted lifelong loss of QALYs for HCV infection. To estimate
the expected number of new infections caused by the released prisoner, it is sufficient to know the infection
rate (i.e., how likely the released prisoner will infect others per year if he was released untreated). As there
is limited data for HCV transmission, we estimate the infection rates for non-IDUs and IDUs by calibration
using the simulation model described in §6. Finally, we estimate the total discounted lifelong loss of QALYs
for infection by simulation as the difference of the cumulative QALYs of an average-age uninfected person
and that of an average-age F0 patient.

Table 5: Model Parameter Values for the Computation of Index Policies.
Variables

Values

Reference

48

Disease progression parameters
F0 to F1
F1 to F2
F2 to F3
F3 to F4
F3 to HCC
F4 to DC
F4 to HCC
DC to HCC
DC to liver-related death
HCC to liver-related death
Background mortality rates
Treatment SVR rates by liver health state
F0-F4
Quality of life
Health-related quality-of-life weights
F0-F3
F4
DC
HCC
F0SVR-F4SVR
Age-related quality-of-life weights
0-29
30-39
40-49
50-59
60-69
70-79
≥80
Parameters for estimation of lumpsum rewards
Treatment rate outside prison for released prisoners
Reinfection rate outside prison for non-IDUs
Reinfection rate outside prison for IUDs
Infection rate outside prison for non-IDUs
Infection rate outside prison for IDUs
Discounted lifelong loss of QALYs for infection of HCV

0.117
0.085
0.120
0.116
0.008
0.039
0.014
0.068
0.182
0.427
Life table

Thein et al. (2008)
Thein et al. (2008)
Thein et al. (2008)
Thein et al. (2008)
Lok et al. (2009)
Fattovich et al. (1997)
Fattovich et al. (1997)
Planas et al. (2004)
Planas et al. (2004)
Fattovich et al. (1997)
Arias (2011)

0.970

Afdhal et al. (2014)

0.930
0.900
0.800
0.790
1.000

Chong et al. (2003)
Chong et al. (2003)
Chong et al. (2003)
Chong et al. (2003)
Assumption
Hanmer et al. (2006)

0.928
0.918
0.887
0.861
0.840
0.802
0.782

0.010
0.000
0.018
0.005
0.043
1.320

Assumption
Currie et al. (2008)
Calibration
Calibration
Simulation
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Appendix. C. Parameters for the Simulation Model
Table 6: Baseline Demographics.
Model Parameters
Population
Total population
Prison population
Proportion of inmates
Gender (Male)
In prisons
Outside prisons

Values

Reference

200,000
1,000
0.5%

Guerino et al. (2011)

91%
52%

Prevalence of IDUs
In prisons
Outside prisons

26.0%
1.2%

Birth rate
Number of newborns per 1,000 population per year

14.3

Guerino et al. (2011)
Howden and Meyer (2010)

Mumola et al. (2006)
Brady et al. (2008)

World Bank (2014)

Table 7: Baseline Age Distribution.
Age Category

0-4
5-9
10-14
15-19
20-24
25-29
30-34
35-39
40-44
45-49
50-54
55-59
60-64
65-69
≥70
70-74
75-79
80-84
≥85

General Population
(Howden and Meyer 2010)
Male (%)
Female (%)
7.2
6.7
7.1
6.6
6.8
6.3
7.1
6.6
7.3
6.8
7.2
6.7
6.7
6.5
6.3
6.2
6.8
6.7
7.2
7.2
7.1
7.2
6.3
6.5
5.6
5.8
3.7
4.2
–
–
2.8
3.2
2.0
2.6
1.6
2.2
1.2
2.0

Prison Population
(Georgia Department of Corrections 2014)
Male (%)
Female (%)
–
–
–
–
–
–
1.5
0.8
15.1
14.3
15.1
14.3
14.8
16.8
14.8
16.8
10.3
11.1
10.3
11.1
6.6
6.0
6.6
6.0
2.0
1.2
2.0
1.2
1.1
0.3
–
–
–
–
–
–
–
–
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Table 8: Baseline Hepatitis C Distribution.
Model Parameters
HCV prevalence
HCV prevalence by age and gender
0-5
6-20
20-29
30-39
40-49
50-59
≥60
Hazard ratio of HCV among inmates
Hazard ratio of HCV among IDUs
HCV prevalence among new borns

Values
Male
Female
0.0093% 0.0093%
0.0498% 0.0498%
0.1231% 0.0704%
1.0523% 0.6023%
3.9494% 2.2604%
4.3334% 2.4801%
0.8069% 0.4618%
3.5
20.0
0.0093%

Chronic hepatitis C disease stage
F0
F1
F2
F3
F4
DC
HCC

13.7%
24.6%
18.7%
16.7%
22.9%
3.1%
0.3%

Disease awareness in community
Proportion of patients aware of HCV infection

50.0%

Reference
Denniston et al. (2014)

Calibration
Calibration
Cottrell et al. (2013)
Davis et al. (2010)

Denniston et al. (2012)

Table 9: HCV Disease Progression Probabilities.
Model parameters
Disease progression parameters
F0 to F1
F1 to F2
F2 to F3
F3 to F4
F3 to HCC
F4 to DC
F4 to HCC
F4SVR to DC
F4SVR to HCC
DC to HCC
DC (first year) to liver transplant in community

Values

Reference

0.117
0.085
0.120
0.116
0.008
0.039
0.014
0.008
0.005
0.068
0.023

Thein et al. (2008)
Thein et al. (2008)
Thein et al. (2008)
Thein et al. (2008)
Lok et al. (2009)
Fattovich et al. (1997)
Fattovich et al. (1997)
Cardoso et al. (2010)
Cardoso et al. (2010)
Planas et al. (2004)
Thuluvath et al. (2010)
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DC (subsequent years) to liver-related death
DC to liver-related death
HCC to liver transplant in community
HCC to liver-related death
Liver transplant (first year) to liver-related death
Liver transplant (subsequent years) to liver-related death

0.112
0.182
0.040
0.427
0.116
0.044

Thuluvath et al. (2010)
Planas et al. (2004)
Lang et al. (2009)
Fattovich et al. (1997)
Wolfe et al. (2010)
Wolfe et al. (2010)

Table 10: Transmission-Related Parameters.
Model Parameters

Values

Reference

Transmission related parameters
Baseline transmission probability
IDU-IDU interaction probability
Hazard ratio of IDU-IDU interaction
Awareness reduction factor

0.006
0.988
10
0.5

Calibration
Calibration
Calibration
Calibration

Table 11: Probability of Diagnosis in Community.
Fibrosis stages
F0
F1
F2
F3
F4

Probabilities of diagnosis
Kabiri et al. (2014)
0.037
0.030
0.042
0.046
0.163

Table 12: Probability of Incarceration.
Age at release

18-24
25-29
30-34
35-39
40-44
≥45

Probability by years after release
(Langan and Levin 2002)
1 year
2 years
3 years >3 years or never
0.062
0.049
0.026
0.003
0.055
0.044
0.023
0.010
0.054
0.042
0.022
0.012
0.050
0.039
0.021
0.012
0.038
0.0307
0.016
0.011
0.035
0.028
0.015
0.010
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Table 13: Length of Sentence.
Length of sentence
<1 year
1-1.99 years
2-2.99 years
3-3.99 years
4-4.99 years
5-5.99 years
6-6.99 years
7-7.99 years
8-8.99 years
9-9.99 years
10-10.99 years
≥11 years

Probability
Georgia Department of Corrections (2014)
0.245
0.229
0.164
0.104
0.067
0.052
0.035
0.024
0.013
0.012
0.018
0.038

Table 14: Health and Age Related Quality-Adjusted-Life-Years (QALYs)
Model Parameters
Health-related quality-of-life weights
F0-F3
F4
DC
HCC
Liver transplant
F0SVR-F4SVR
Age-related quality-of-life weights
0-29
30-39
40-49
50-59
60-69
70-79
≥80

Values
0.93
0.90
0.80
0.79
0.84
1.00

Reference
Chong et al.
Chong et al.
Chong et al.
Chong et al.
Chong et al.
Assumption

(2003)
(2003)
(2003)
(2003)
(2003)

Male Female Hanmer et al. (2006)
0.928 0.913
0.918 0.893
0.887 0.863
0.861 0.837
0.840 0.811
0.802 0.771
0.782 0.724
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Appendix. D. Sensitivity Analysis against Key Model Parameters
In this section, we test the robustness of our proposed index policy against several key model parameters.
In particular, we consider the variations of the treatment rate for released prisoners, the infection rate outside
prison, reinfection rate for IDUs, and simulation time horizon. We consider a 20% deviation from the base
scenario for each of these parameters. Finally, recall that we have assumed no transmission (i.e. zero infection
rate) within prison system in the analytical model. In our simulation model, we also relax this assumption
and consider the same infection rate as in the community, which is expected to be an upper bound for
the infection rate inside the prison system. The ranges of QALY gains of our proposed policy (i.e., the
improvement of total QALYs compared with no treatment) are presented in Figure 6.

Figure 6

Deviations of QALY gain of our policy with a variation of 20% for each parameter when treatment
capacity within prison is M = 10 (in base scenario, QALY gain of our policy is 290.4).

Note. While we present the results only for treatment capacity M = 10, the results are qualitatively similar for other
values of M .

From these results, we first observe that time horizon is the most sensitive parameter: When the simulation
time horizon ranges from 24 to 36 years (a 20% deviation from 30 years), the QALY gain of our policy falls
into a large interval ranging between 224.3 and 341.6 (a deviation between -66.1 and 51.2 from the base
scenario). The QALY gain being most sensitive to time horizon is expected, which also demonstrates that
the benefit of treatment will accumulate in the long run. On the other hand, the QALY gain of our policy
does not vary much when the infection rate inside prison or IDU reinfection rate change.
Further, we remark that since the QALY gains of different policies change in similar directions with respect
of variations of parameters (e.g., when the simulation time horizon decreases, the QALY gains of all policies
decrease), the percentage improvement of our policy over the benchmark health state policy is very robust.
In particular, in all the tested cases, our policy always performs better than the health status policy. Recall
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that in the base scenario when M = 10, our policy has a 2.9% improvement over the health status policy; in
the sensitivity analysis, the worst case occurs when the simulation time horizon becomes short (24 years),
which corresponds to a 2.4% improvement over the health status policy. In sum, the performance of our
proposed policy is robust and performs better than the benchmark policies in a wide range of parameters.

