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Abstract

Background—uUnderstanding the flow of patients through the continuum of HIV care is critical
to determine how best to intervene so that the proportion of HIV-infected persons who are on
antiretroviral treatment and virally suppressed is as large as possible.

Methods—Using immunological and virological data from the Centers for Disease Control and
Prevention and the North American AIDS Cohort Collaboration on Research and Design from
2009-2012, we estimated the distribution of time spent in and dropout probability from each stage
in the continuum of HIV care. We used these estimates to develop a queueing model for the
expected number of patients found in each stage of the cascade.

Results—HIV-infected individuals spend an average of about 3.1 months following HIV
diagnosis before being linked to care, or dropping out of that stage of the continuum with a
probability of 8%. Those who link to care wait an additional 3.7 months on average before getting
their second set of laboratory results (indicating engagement in care) or dropping out of care with
probability of almost 6%. Those engaged in care spent an average of almost one year before
achieving viral suppression on antiretroviral therapy or dropping out with average probability
13%. For patients who achieved viral suppression, the average time suppressed on ART was an
average of 4.5 years.

Conclusions—Interventions should be targeted to more rapidly identifying newly infected
individuals, and increasing the fraction of those engaged in care that achieves viral suppression.

Keywords

HIV continuum of care; queueing model; operations research; antiretroviral therapy; viral
suppression

Introduction

Of the roughly 1.2 million people living with HIV in the United States (US), it is estimated
that only 325,000 have an undetectable viral load as a result of successful antiretroviral
therapy (ART).1 Achieving viral suppression requires several steps: 1) diagnosis; 2) linkage
to care; 3) engagement in care; 4) viral suppression on ART. Failure at any one of these
stages represents overall failure, that is, a failure to achieve viral suppression. This sequence
of steps is commonly referred to as the HIV care continuum (HIV CC). The HIV CC has
become a widely used framework to describe HIV treatment success at national, state and
local levels.?

In the US, the Centers for Disease Control and Prevention (CDC) estimates the HIV CC
using a prevalence approach, in which the percentages of individuals in each stage of care
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are calculated using the consistent denominator of the total estimated number of people
infected with HIV.1 Other approaches to estimating the HIV CC include using data
submitted to the National HIV Surveillance System (NHSS) to estimate those tested for HIV,
and reported CD4+ T-lymphocyte (CD4) and/or viral load (VL) tests as proxy measures to
estimate linkage to care and engagement in care, and reported VL tests <200 copies/mL to
estimate successful viral suppression. To estimate those linked to care, CDC calculated the
number of persons with HIV diagnosed within a given year who have at least one CD4 or
VL test within 3 months after their HIV diagnosis.3 Engagement in care has been defined by
two or more CD4 or VL tests at least three months apart during a calendar year.2 Finally, in
the context of clinical care data, the continuum is typically represented in bar graphs that
present the percentage of HIV+ individuals in or beyond each stage of care, conditional on
the previous stage, e.g., among those who know their serostatus who are in care.*

There are several limitations to these approaches used to estimate the HIV CC. These
include the incompleteness of data collected by state and local health departments and
compiled by the CDC, the limited sensitivity and specificity of laboratory tests as a proxy
for linkage and engagement in care, and the movement of HIV+ individuals between
jurisdictions.>8 Another deficiency is the cross-sectional representation of the HIV CC, for
this static picture is only a snapshot of the distribution of patients across the continuum.”
Finally, and perhaps most importantly, these approaches do not capture how people living
with HIV move through the HIV CC. The path from an HIV diagnosis to successful viral
suppression can be thought of as a series of waits in a series of lines. We do not simply want
to know how many individuals are in each stage of the treatment cascade; we also want to
know long people spend in and how many people are lost after each stage. Given that the
overwhelming majority of new HIV infections are transmitted by individuals not in care,
understanding the flow of patients through the continuum, and bottlenecks along their path,
is critical for developing intervention strategies that will most effectively increase the
number of HIV-infected persons who are in care and virally suppressed.8

In this paper, we describe the development of a queueing model of the care continuum. The
model parameters are estimated using continuum data from CDC, additional data from the
North American AIDS Cohort Collaboration on Research and Design (NA-ACCORD) and
the existing literature. While more complex versions of the HIV CC exist where patients can
cyclically engage, disengage and reengage in HIV care, processes alternately called “churn”
or accessing the continuum through a “side door”, our model captures the essential features
of patients’ passage through the HIVV CC by estimating patients’ delay in transit from one
care stage to the next along with the probability of dropping out after each stage of care. 210
Estimating the parameters of the HIV CC in this serial manner (without “churn”) means that
our model will underestimate the true fraction of infected persons who eventually achieve
viral suppression.

Queueing Model

The basic features of our queueing model are based on Little’s Law, which states that the
average number of individuals in a system is the product of the arrival rate and the average
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waiting time in the system, or in epidemiological terms, prevalence equals incidence times
duration.11:12 The individuals in our model are HIV-infected individuals, and waiting times
correspond to the time spent in different stages of care. Our model consists of adjacent
queues linked in series to denote transit from the infected but undiagnosed state to diagnosis,
linkage to care, engagement in care, and successful viral suppression (Figure 1A). The initial
input into the HIV+ but undiagnosed state is represented by A, the aggregate rate of new
HIV infections. The expected number of individuals residing in the A stage (£(.X)), Figure
1B) is the new infection rate (A) times the product of the progression rates out of all

i—1
preceding states in the continuum (Hj:1 (1=p;) where pjis the probability of dropping out
following stage J) multiplied by the expected time resident in stage 7 (&( 7). In other words,
presence in one stage of the HIV CC is conditional upon progressing through the previous
stages.

To estimate parameters in the model, we used data from the CDC and 17 longitudinal
cohorts of patients with HIV infection associated with NA-ACCORD. The data from CDC
included persons aged = 13 years with HIV infection diagnosed in 2009. Individuals were
followed for their CD4 or VL tests from the diagnosis date until December 31, 2012, which
was the administrative censoring date. The CDC data were not a comprehensive national
sample but represent a census of individuals with HIV from California (Los Angeles County
and San Francisco only), the District of Columbia, Hawaii, Illinois, Indiana, lowa,
Louisiana, Michigan, Missouri, New Hampshire, New York, North Dakota, South Carolina,
West Virginia and Wyoming. The CDC supplied data on the time from diagnosis to first
CD4 or VL test; time from first CD4 or VL test to the second CD4 or VL test; and time from
the second CD4 or VL test until a VL test below 200 copies/mL. These data were used as
proxies for time to linkage to care, engagement in care, and initiation of ART, respectively,
following the CDC guidance on using surveillance data to monitor national care and
prevention objectives.

To estimate the mean time individuals are virally suppressed in the last stage of the model,
we used data from NA-ACCORD to determine time from first undetectable VL test to
virologic failure (i.e., the first detectable VL test on therapy). This basic model does not
account for those individuals who may initially fail first-line ART, but are suppressed on a
second-line regimen. Those who initially fail first-line ART and have experienced a first
detectable viral load, were counted as failing viral suppression - and therefore, regardless of
rapidity of initiating second-line ART, these individuals were considered unsuppressed. To
model the time virally suppressed, we obtained data on 8845 individuals, aged > 18 years,
pooled from the longitudinal studies that are part of NA-ACCORD. These data provide a
count of the NA-ACCORD subjects who initiated ART any time between January 1, 2009
and December 31, 2011 and sums all those who were virally suppressed in any given month
until the end of 2011.

Finally, to estimate the probability that an HIV-infected individual drops out of the
continuum before diagnosis, and the mean time from infection until either HIV diagnosis or
dropout (whichever comes first), we used figures from the literature. Karon et al reported
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that the proportion of previously untested HIV-infected persons with a concurrent first HIV
test and AIDS diagnosis was 0.23.13 We employed this proportion as our estimate of the
probability that a newly infected individual will drop out of the continuum before an HIV
diagnosis (in the absence of AIDS). The analysis in Karon et al also implies that newly
infected persons remain undiagnosed for 2.8 years on average before either developing
AIDS or testing positive for HIV before developing AIDS. Comparable estimates have been
obtained in more recent studies.13:14 We therefore estimate the mean residency time from
infection until either HIV diagnosis or dropout as 2.8 years.

Survival Models and Likelihood Functions

We used two survival models to estimate likelihood functions for the time individuals spent
in each stage and whether or not individuals progressed to the next stage in the HIV CC,
with censoring due either to dropout or failure to progress within the observation periods of
the data. The first survival model was based on exponential distributions, thus the hazard
rates for progression into the next stage or dropout were assumed to be constant over time.
This leads to a simple competing risks model with constant stage-specific probabilities of
dropping out of the HIVV CC. The second model was a proportional hazards model based on
Weibull distributions, thus the hazard rates for progression to the next stage or dropping out
were power functions assumed proportional to each other. This also resulted in constant
stage-specific probabilities of dropout. For each stage, the parameters of these models were
estimated via maximum likelihood (Appendix). Standard deviations for each parameter were
calculated using the Delta method.1> We compared the likelihood ratios for the exponential
and Weibull models for each stage.

Results

We report the results from the Weibull model, which provided a significantly better fit to the
data than the simpler exponential model (results for the exponential model are included in
the Appendix in Table S1). The expected time from diagnosis to the first CD4/VL test or
dropout (whichever occurs first) in the Weibull model, indicating how long an individual
was diagnosed but not yet linked to care, was 3.1 months (95% CI: 3.0-3.2). The time to the
second CD4/VL test (a proxy for being engaged in care) or dropout was 3.6 months (95%
Cl: 3.6-3.7). In the subsequent stage, the expected time from the second CD4/VL test to the
first suppressed VL test (indicating someone was still engaged in care, and either not on
ART or not yet suppressed) or dropout was 14.6 months (95% CI: 13.3-15.9) in the Weibull
model. The duration of viral suppression, as measured by the time from the first
undetectable to the first detectable VL test was 36.6 months (95% CI: 35.6-37.6). The
estimated probability that an individual with diagnosed HIV drops out of the HIVV CC before
being linked to care was 0.079 (95% CI: 0.074-0.083) for the Weibull. Of those linked to
care, the estimated probability of dropping out before being engaged in care 0.056 (95% ClI:
0.052-0.060). Of those engaged in care, the estimated probability an individual drops out
before achieving an initial viral suppression was 0.094 (95% CI: 0.078-0.11) for the
Weibull. In all cases, the Weibull model provided a significantly better fit to the data than the
simpler exponential model (see Table 1; all likelihood ratio chi-square tests are significant at
p < 0.0001).
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Discussion

To date, scholarship on the continuum of care has focused on reporting proportions of
persons who drop out at each stage of the pathway that leads from case detection to
successful viral suppression. The queueing model presented in this paper aims to enrich our
understanding of patient experience by estimating how much time individuals — both those
who drop out and those who progress -- can expect to spend in a given stage of the pathway.

The traditional cross-sectional description of the continuum of care suggests at which stage
there are barriers in providing care and treatment for HI\-infected individuals. The queueing
model estimated herein provides more insights in terms of the difficulties of being in a given
stage as regards the probability of achieving viral suppression. In fact, this model offers a
way to identify the weakest link in the continuum of care and where an emphasis should be
placed in developing interventions to improve treatment and prevention outcomes. The basic
formula for the expected number of individuals in a given stage in the continuum shown in
Figure 1B contains the term (1 - pj), which is the complement of the probability of dropout
after stage /; in other words (1 — p)) is the probability of progression to the next stage. In the
most basic terms, it is where this probability is the smallest that efforts would be best
directed, where flow through the continuum is most constricted. In this instance, using the
data from CDC and NA-ACCORD, the model suggests that the drop-out while being in care
is the highest, with 9% (Weibull) leaving the continuum at this point, but the time in this
stage is also the most protracted, with it taking 14.6 months (Weibull) to transit out and
achieve a suppressed viral load.

This model implies that speeding progression through (i.e., shortening stage occupancy
times), and reducing the probability of dropout from each stage are complementary
strategies to improve treatment and prevention outcomes in HIV. Speeding progress through
the continuum and reducing the probability of dropout are two different, though related,
operational tasks. The first task requires efforts to accelerate progression toward the
suppressed stage (i.e., encouraging left-to-right flow along the continuum as represented in
figure 1A). Examples might include novel efforts to identify infected but undiagnosed
individuals and get them into care or initiating ART immediately upon diagnosis. The
second task involves efforts to reduce loss to follow up. Relevant interventions might include
the use of patient navigators, peer counseling, directed youth case management,
buprenorphine or methadone treatment for opioid-dependent patients, supporting emergency
medication coverage, treatment education, transportation, housing assistance, and support
groups for patients.16-18 To develop an intervention most relevant to the results presented
here, one would need to know more about what is delaying diagnosis and viral suppression
and what leads patients to drop out of care in these final stages of the continuum.

However, maximizing the probability of progression to the next stage in real-world settings
may require larger expenditures. To understand how to allocate resources most efficiently to
best improve patient outcomes would require understanding the costs of increasing the
probability of progression and equivalently reducing the dropout probability as well as the
effectiveness of interventions designed for these purposes for each stage. While few
interventions have been described in terms of their per-patient costs and effectiveness, there
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are a limited number of health economic evaluations of interventions particularly in the later
stage of the continuum of care.1® New studies have examined the economic impact of a
larger set of interventions, but on their impact on infections averted, not on the stage-specific
transitions or dropout probabilities along the continuum.20 Thus, it is difficult to provide a
quantitative analysis of resources needed to improve outcomes and further research is
needed to provide the necessary estimates for the parameters.

Our model has other clinical implications. For instance, while the dropout rate and transition
time from a second CD4 or VL test to a suppressed one are of the greatest magnitude when
compared to the other stages, the average time from diagnosis to an initial assessment of a
patient’s immunological and virological status by a CD4 or VL test is approximately 3
months in US. Other research has demonstrated that about 20-25% of new diagnoses in the
US are infections at advanced disease with less than 200 CD4+ T-lymphocytes/mm3 or an
opportunistic infection.14 In this setting, even relatively short delays in linkage to care have
heightened health risks for patients who are already severely immunocompromised, a
disproportionate impact on new infections, and are associated with increased mortality for
patients.8: 21 22 Finally, in the Weibull model, the combined time during which patients
know their HIV serostatus but are not virally suppressed (i.e., from diagnosis to undetectable
viral load test) is close to two years (21.3 months) and the combined probability of dropout
is 22.9%. This indicates that many HIV+ patients may be in contact with the health care
system, but “stuck™ in it, with delays that present considerable risks to them and their sexual
partners and with almost a quarter of them dropping out of the system while ostentibly in
care.

Our model is the first representation of the treatment continuum using a queueing model, but
it is a basic one. One weakness of our model is that it does not account for people exiting the
continuum during the period of observation and returning to it in a subsequent time period,
which has been called a side door into care.23 To build a more complex model, longitudinal
data on CD4 and VL tests for individual patients are needed and may soon be available from
the sources we have used (i.e., as HIV surveillance data including CD4 and VL test results
become available for more years). One of the goals of this research is to provide a tool to
guide decision making with the data that are easily available to local officials. Even if our
model fails to capture the complicated trajectories of patients entering, exiting and entering
the continuum of care on numerous occasions, the results we show here can be thought of as
a lower bound estimate for the expected number of patients who achieve viral suppression.
That is, since we are making the assumption that patients, once they leave the continuum,
are not returning to it, our results represent a worst-case scenario.

Our model also does not capture important heterogeneity in patient behavior or demographic
characteristics. For example, it does not reflect what would happen if there were two classes
of individuals with separate hazards, such as one high-risk group that became unsuppressed
early on and another low-risk group that had consistent viral suppression over the long-term
nor does it depict the trajectories for specific populations, such as young men-who-have-sex-
with-men, people of color, or people who use drugs, which would provide a more specific
picture of the bottlenecks in the continuum. However, our goal in this paper was to model
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mean passage times through the continuum and including analyses of mixture distributions
for waiting times is beyond the scope of this paper.

Our model also assumes that incidence is relatively stable.X However, incidence is not stable
among certain populations in the US, and is increasing in young men-who-have-sex-with
men (MSM) and geographical areas such as in the American South, although more recent
research has suggested decreases in new HIV diagnoses overall.?427 In these situations, a
more complicated model can be developed in which the rate of new infections is a function
of time.

Understanding the HIV care continuum is a vital part of ensuring optimal care for persons
living with HIV and reducing HIV transmission from those who are not virally suppressed.8
The three threats to successful suppression on ART, “late diagnosis, sluggish linkage to care,
and fleeting retention” are all temporal phenomena that are compromising patient health and
efforts to control the HIV epidemic in the US, where up to 70% of people living with HIV
do not yet have their virus under control .1 28 Our model deepens our knowledge of how the
continuum operates across time, but there is more work to do to understand how to best
intervene to improve patient outcomes, particularly among different demographic groups,
which may have different trajectories through the continuum. While the diagnosis of
bottlenecks (i.e., long stage occupancy times before viral suppression) in the HIV continuum
has been a focus of research including ours, there is a need for economic analyses to clarify
the costs and effectiveness of interventions targeting the HIV CC to efficiently allocate
resources. However, the insights offered by our model have policy implications that can be
helpful to clinicians and program managers now by describing where patients get stuck in
the systems of care and where they are most likely to leave the system altogether.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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A

Undiagnosed [> Diagnosed :> Linked l:> Engaged ‘::> Supppressed

Dead or
unsuppressed

E(x)=AT](1- ()

| prevalence | | incidence | |duration |

where:
A = new HIV infection rate
X; = number in stage i
T; = time resident in stage i
p; = probability of dropout after stage i
i=1,2,3,4,5

Figurel.
Figure 1A is a schematic representation of the HIV continuum of care as a queueing process

from infection through to viral suppression. Those leaving the queue in this model are either
virally unsuppressed or dead. Figure 1B provides the equations associated with each stage in
the continuum, which include input into and progression and dropout from each stage.
Schematic representation of the queuing model and associated equations.
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Table 1

Estimated Expected Stage Occupancy Times and Dropout Fractions in the HIV Continuum of Care

Table 1 provides the expected stage occupancy times and dropout fractions in the HIV continuum of care with
associated 95% confidence intervals and log likelihoods for the Weibull model, respectively, for each stage. In
all cases, the Weibull model offers a better fit to the data (compared to the exponential) and all likelihood ratio
chi-square tests are significant at p < 0.0001.

Stage Weibull

Diagnosed (before 1st CD4/VL test)

Mean Timein Stage in months 31

95% Confidence Interval 2.98-3.24

Dropout Fraction 0.079

95% Confidence Interval 0.074-0.083
Log Likelihood 27267
Chi-square (versus exponential) 7620

Linked to Care (before 2nd CD4/VL test)

Mean Timein Stage in months 3.6

95% Confidence Interval 3.55-3.73

Dropout Fraction 0.056

95% Confidence Interval 0.052-0.060
Log Likelihood -28857
Chi-square (versus exponential) 1556

Engaged in Care (before undetectable VL test)

Mean Timein Stage in months 14.6

95% Confidence Interval 13.32-15.86

Dropout Fraction 0.094

95% Confidence Interval 0.078-0.11
Log Likelihood -33078
Chi-square (versus exponential) 1340

Viral Load Suppressed to Unsuppressed (length of viral suppression)

Mean Timein Stage in months 36.6

95% Confidence Interval 35.58-37.57
Log Likelihood -10733
Chi-square (versus exponential) 1228
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