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ABSTRACT

We consider a population of HIV infected patients. In resource poor environments, decision makers must allocate antiretro-
viral drugs (ARVs) to patients in need of them the most. Further complicating matters is that once a patient is given ARVs,
the decision maker must decide when to deny further access to ARVs. We compare various methods for determining which
patients should receive ARVs and when to switch a patient off of ARVs. We examine the World Health Organization's
(WHO) treatment recommendations and how the level of drug shortages can influence the performance of these recommen-
dations. Instead of a single recommendation, the WHO offers three distinct treatment policies with no mention of when to use
them. We find that the severity of drug shortages can greatly impact the performance of these policies and the performance
gap can be as high as 1.4 years.

1 INTRODUCTION

The Human Immunodeficiency Virus (HIV) affects 33 million people worldwide, with an estimated 22 million living in areas
where the supply for drugs does not meet demand. In such situations, decision makers are forced to prioritize among the pa-
tients to determine who should be treated. The only treatment option for chronic HIV remains to be antiretroviral therapy
(ART). Antiretrovirals have been shown to prolong both lifetime and quality-adjusted life years. For patients, ART can result
in a suppressed viral load and boosted CD4 count, until the virus adapts to the drugs and forms a resistant mutation. Once a
mutation has developed, ART’s effectiveness is diminished and it may be beneficial to begin treating another patient who is
waiting. It is for these reasons that proper antiretroviral management in the areas most affected by the HIV epidemic is one of
the most urgent problems in global health.

The World Health Organization (WHO) reports that at the end of 2005 there were 1.3 million people receiving ART in
low and middle income countries (WHO HIV statistics 2005). However that figure represents only 20% of the demand for
the drugs. Countries that face drug shortages also experience different levels of scarcity. Some of the hardest hit countries, in
terms of drug scarcity, are in areas of the world where the prevalence of HIV is the highest. In particular, countries in Sub-
Saharan Africa are forced to deal with drug scarcity when managing the HIV epidemic. Coverage levels in this area of the
world are generally very low and can range from 6% in Niger to 72% in Rwanda with the majority of countries having cover-
age less than 40%. Increasing access to ART is important in reducing the spread of the virus as well as increasing life expec-
tancy of the patients. Therefore, the efficient distribution and management of these medications, especially in resource-poor
areas has substantial potential to alter the course of the epidemic. Consequently in the past few years, the WHO has signifi-
cantly increased the number of drugs available to patients in the areas affected the most by the HIV epidemic. Given this in-
creased supply of drugs, the need for proper management of them has become an important issue that has yet to be adequate-
ly addressed. Specifically, decision makers must be aware of the health benefits and consequences that specific treatment
plans have on the overall population’s health.

While eliminating scarcity and increasing access to ART is a potential long-term solution to the HIV epidemic, manag-
ing treatment decisions in a population where the supply of drugs does not meet the demand is a complex, important and ur-
gent problem. Clinicians are faced with two basic treatment questions: “Who to treat” and “When to stop treatment”. While
the WHO has published treatment decision guidelines, there is ambiguity in their specific application to resource-poor envi-
ronments. WHO guidelines state that a Rule of Rescue (RoR) policy is appropriate when deciding who to treat (WHO Guide-
lines 2006). However the guidelines offer multiple recommendations regarding how to define treatment failure. This is an
important issue since upon experiencing treatment failure, it may be more beneficial to begin treating another patient. Specif-
ically, the WHO offers 3 recommendations on when ART treatment has failed based on a patient’s CD4 count progression
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since initiating ART. Previous work using simulation models have accurately predicted the effects of various treatment poli-
cies in a cohort of patients (Braithwaite et al. 2005, Freedberg et al. 2002) but are not equipped to capture the effects of drug
scarcity within the cohort. In this paper, we describe the use of a modified, physiologically-based simulation model of HIV to
investigate the effects of various HIV treatment decisions in resource—poor environments.

Mathematical models have been used extensively in medicine when clinical trials would be impractical (Shechter et al. 2005,
Saka et al. 2007). In particular, simulation models have been used to address a variety of questions pertaining to HIV care.
These models have been constructed using clinical data and have been shown to be a valid mechanism for simulating the
progression of a patient's health during the chronic stage of HIV. Previous work has focused on simulating a cohort of HIV+
patients in resource-rich environments. These models implicitly assume that drugs will be available to patients whenever they
are needed. Therefore to model a resource-poor population, we must alter the mechanics of these previous models while still
maintaining their clinical validity. We adapted an existing individual simulation model of HIV to become a population model
of HIV that incorporates the effects of drug scarcity.

1.1 Chronic HIV Infection

Chronic HIV infection is a complex biological process in which the HIV virus attacks a patient’s immune system until, at
some time, the onset of AIDS occurs and eventually death. For patients with HIV there are two measures of health that are
widely used: CD4 count and viral load (VL). The CD4 count measures the concentration of CD4 cells in the patient’s system
and is essentially a measure of how strong the patient’s immune system is (higher values are preferred). These cells are cru-
cial to immune system functions. HIV attacks these cells and uses them to produce copies of the HIV virus. When patients
visit their physician, the CD4 count is tested and many decisions related to treatment. For these reasons, CD4 count has been
referred to as the most important prognostic variable in HIV treatment (Braithwaite et al. 2006). While the CD4 count meas-
ures the strength of the patient, VL measures the strength of the virus in the patient’s system. Specifically viral load is the
concentration of the virus in the patient’s bloodstream (lower values are preferred). CD4 count and VL are closely related, as
one would expect. There is almost a perfect negative correlation between the two. For example, if a patient’s VL is very high
there are more copies of HIV that will attack the CD4 cells leading to a low CD4 count.

CD4 and VL vs. Time
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Figure 1: Natural history of chronic HIV infection

Further complicating matters is the development of resistant mutations. The HIV virus is remarkably fast in adapting to
the antiretroviral drugs that patients take and at some time after initiating ART, a mutation will emerge in the patient’s sys-
tem that is resistant to the drugs that the patient is taking. The event of a resistant strain emerging is known as treatment fail-
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ure. Once a patient has failed a regimen, they will receive significantly less benefit from taking it and generally the only
course of treatment would be to begin taking a new drug regimen.

2.1 Overview of Individual HIV Model

The individual model is a previously developed probabilistic simulation of the natural history of HIV disease that was specif-
ically designed to model disease progression, treatment failure and long term outcomes in a biologically realistic man-
ner.(Braithwaite et al. 2005, Braithwaite et al. 2006) The individual HIV model simulates a cohort of patients one at a time
and follows them until death. At each time interval (one month) the model examines the health characteristics of each patient
(CD4 count, viral load, accumulated mutations, treatment status, etc.) and determines how each patient's health will progress
in the subsequent time period. In addition to updating the health states of each patient, the model calculates HIV-related mor-
tality as a function of health.

A unique characteristic of this model is that it models the development of antiretroviral resistance acquisition biological-
ly. This model has been calibrated using data from the Veterans Aging Cohort Study (VACS) and has closely reproduced
Kaplan-Meier curves for time to treatment failure and survival, (Braithwaite et al. 2005) provided accurate 3-year mortality
estimates for various initial values of age, CD4 count, and viral load for a distinct cohort from the calibration set, and was
able to predict the rate of accumulation of resistant mutations (Braithwaite et al. 2005). The model has been sued to predict
the influence of alternative starting thresholds (Braithwaite et al. 2008) and the effect of variable adherence on survival and
quality of life.

2.2 Overview of Population HIV Model

We modified the individual model to consider a cohort of patients simultaneously instead of sequentially. This parallelization
allows us to consider the entire population of patients and explicitly model the effects of drug scarcity within a closed popula-
tion of patients and determine its effect on the population’s overall survival. Because the purpose of this work is to investi-
gate the effect of resource constraints on population treatment outcomes, we have chosen to maintain the HIV population and
the proportion of the population that there are sufficient resources to treat as constant. Therefore, once a patient dies, another
patient is immediately generated to replace him/her. When a patient dies or the model determines that a patient has failed his
final ART regimen, a dose becomes available. At this point the model determines which patient will receive the newly freed
dose according to a specified treatment policy.

2.3 Management of ART Decisions

In resource-poor environments the main issue facing decision makers is which patients should be treated because there are
often more patients who would benefit from treatment than can be treated given available resources. For this reason, the
WHO recommends a rule of rescue (RoR) type treatment plan for distributing available doses of ART. Under the RoR policy,
when drugs become available they are given to the sickest (in terms of CD4 count) patients in the population. Typically, pa-
tients remain on a medication until death, although some recommendations suggest discontinuing a drug after resistance has
developed and the regimen has failed. The WHO currently has guidelines for determining when virological failure and im-
munological failure. Because VL measurement are typically prohibitively expensive in resource-poor environments, we use
the WHO guidelines for immunological failure based on CD4 count alone as the criteria for switching between drug regi-
mens. The WHO provides 3 measurable events that may be used to determine that an ART regimen has failed:

® (D4 count below 100 after 6 months of therapy (WHO-1)
® A return to, or a fall below, the pre-therapy CD4 baseline after six months of therapy (WHO-2)
® A 50% decline from the on-treatment peak CD4 value (WHO-3)

Each of these measures defines different times of treatment failure for individual patients. We examine how each of the
above metrics for defining treatment failure affects the overall life expectancy of the population. Once patients are started on
ART they are not switched off of it until death or treatment failure has occurred and another patient requires the dose. We al-
so assume that patients with CD4 count above 350 are not eligible for starting ART.

To model the long-term effect of drug scarcity we assume the following: 1) the population size is fixed, and 2) new pa-
tients enter the model only upon the death of a previous patient. These assumptions lead to a population of a fixed size at all
times. We consider this situation because it allows for the most accurate estimate of a particular coverage level. By allowing
the population to grow in size, we introduce two possible methods to address coverage. First we could fix the coverage level
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regardless of the population size. This ensures the same percentage of patients will be treated at all times, however, this pro-
vides the same estimates of survival as a fixed population. Second, we can fix the raw number of drugs available and allow
new patients to enter the population. This is desirable because it can capture the effect of the epidemic growing in a particular
area. However this results in survival estimates gradually decreasing due to the coverage levels declining as the population
increases.

We are able to estimate average survival in the population under different treatment policies outlined by the WHO for
different levels of coverage (the percentage of the population that can be treated). Each WHO policy outlines a clinical event
that signals to the decision maker that a resistant mutation has occurred and that the patient has failed that particular regimen.
We can use these events within the simulation to determine the effect each policy will have on the overall survival of the
population.

2.4 Equitable Access to ART

In addition to survival, we can examine a somewhat coarse measure of the equity associated with a given treatment policy us-
ing this model. In settings where access to treatment is very low, it may be the case that the treatment policy that achieves the
best survival may seem unfair to patients who are waiting to begin ART. For example, if our coverage level is 10%, we may
want to examine policies that perform reasonably well, but allow for more patients to be treated. This could lead to an im-
proved quality of life for a greater number of patients. To approach this we can calculate the actual coverage (total number of
patients receiving therapy/total number of patients) for various levels of initial coverage for each of the treatment policies.

3 RESULTS

Our results show that for different coverage levels, different policies achieve the highest survival. Low coverage levels (0%-
30%) lead to the WHO-3 (50% CD4 decline from on-treatment peak) policy performing the best. With moderate coverage
(30%-60%) the WHO-2 (CD4 count falls below pretreatment level after 6 months of treatment) policy outperforms the oth-
ers. These ranges are important for two reasons. First, we can see from the plot, 78% of resource-constrained countries, have
coverage levels less than 60%. Second and more importantly, the largest gap in performance among the WHO policies occurs
within this range. This can be explained by the large difference in the time spent on therapy across the WHO policies for dif-
ferent coverage levels.
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Figure 2: Performance of each WHO policy across coverage levels with coverage histogram
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For low coverage levels (0%-30%), the WHO-3 policy had the least amount of time spent on therapy among the treated
patients. This led to more patients having access to drugs and accounted for higher average survival among the three policies.
With moderate coverage (30%-60%), we find that the WHO-2 policy leads to a slightly higher time on therapy than the
WHO-3 policy and produced the best survival in that coverage range. In high coverage levels (70%-100%) the WHO-1 (CD4
count falls below 100 after 6 months on treatment) policy performed the best and also led to the longest time spent on treat-
ment. This is intuitive since in high coverage levels, we would desire a longer amount of time spent on therapy since there is
more of an opportunity for drugs to become available. Thus even with policies that yield very large amounts of time spent on
therapy, we would expect to see relatively high estimates of expected survival. Conversely, if we apply a policy with a low
amount of time spent on therapy, we would be removing people from treatment relatively early which will result in a reduced
estimate of expected survival.

We can also see that the largest gap in policy performance occurs when coverage is less than 50%. This can be explained
by the differences in time spent on treatment. In these coverage levels, the Nonetheless, this motivates the need for proper
management of antiretrovirals in resource-constrained environments since most countries that experience drug shortages have
coverage levels in this range.
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Figure 3: Actual percentage of patients treated for each policy

These results seem to suggest that there are significant variations in the performance of the WHO’s recommendations for
HIV treatment in resource-poor environments. Our findings suggest that the best policy is strongly dependent upon the cov-
erage level of a particular population. The performance of a policy also seems to be strongly linked to the amount of time on
treatment that a particular policy induces.

4 CONCLUSIONS

This study has shown that there may be significant differences in the WHO treatment recommedations. Our results are
particularly interesting due to the large performance gap observed among the policies when coverage is less than 40%. Nearly
80% of countries experiencing drug shortages can treat less than 40% of their patients. Our work represents a step forward in
modeling the complex dynamics associated with the HIV infection in populations where antiretrovirals are a scarce resource.
These interactions among patients are important factors that must be taken into account when designing treatment policies.
These results may not be generalizable to sub-Saharan populations since the simulation was calibrated using data from the
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United States. African populations would experience much different mortality rates and thus the estimates of survival may be
reduced in such situations.
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