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Abstract

Consistent engagement in care is associated with positive health outcomes among people living with HIV (PLWH). However,
traditional retention measures ignore the evolving dynamics of engagement in care. To understand the longitudinal patterns
of HIV care, we analyzed medical records from 2008 to 2015 of PLWH > 18 years-old receiving care at a public, hospital-
based HIV clinic (N=2110). Using latent class analysis, we identified five distinct care trajectory classes: (1) consistent
care (N=1281); (2) less frequent care (N=270); (3) return to care after initial attrition (N=192); (4) moderate attrition
(N=163); and (5) rapid attrition (N =204). The majority of PLWH in Class 1 (73.9%) had achieved sustained viral suppres-
sion (viral load < 200 copies/mL at last test and > 12 months prior) by study end. Among the other care classes, there was
substantial variation in sustained viral suppression (61.1% in Class 2 to 3.4% in Class 5). Care trajectories could be used to
prioritize re-engagement efforts.
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Resumen

La participacion constante en el cuidado médico se asocia con resultados de salud positivos entre las personas que viven
con el VIH (PVVIH). Sin embargo, las medidas de retencidn tradicionales no tienen en cuenta los cambios constantes en la
dindmica de adherencia de los pacientes en el cuidado de su salud. Para entender los patrones longitudinales de la retencién
en atencion médica al VIH, analizamos los registros médicos de 2110 PVVIH > 18 afios de edad que recibieron atencién en
una clinica de VIH de un hospital publico entre 2008 y 2015. Utilizando un andlisis de clases latentes, identificamos cinco
clases distintas de trayectorias de retencion en la atencién: (1) retencién constante (N=1281); (2) retencién menos frecuente
(N'=270); (3) retorno al cuidado médico después del abandono inicial (N =192); (4) abandono ocasional (N =163); (5)
abandono rapido (N =205). La mayoria de las PVVIH en la Clase 1 (73.9%) alcanzaron supresion viral sostenida (carga viral
<200 copias/mL en todas las cuentas virales disponibles entre 12 meses antes del final del seguimiento y en la dltima carga
viral disponible. Entre las otras clases de adherencia, hubo una variacién sustancial en la supresion viral sostenida (de 61.1%
en Clase 2 a 3.4% en Clase 5). Las trayectorias de atencién podrian usarse para priorizar los esfuerzos de re-integracion a
la atencién médica.

Introduction

Biomedical advances have transformed HIV infection into
a chronic condition for those who can access antiretroviral
therapy (ART) and achieve viral suppression [1, 2]. Viral
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suppression through ART also has the public health benefit
of dramatically reducing a person’s infectivity to negligible
levels [3, 4]. However, the promise of ART can only be real-
ized if people living with HIV (PLWH) have regular engage-
ment with healthcare providers. In 2015, it was estimated
that in the US only 57.2% of PLWH were retained in care
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[5]. Inconsistent engagement in care has been associated
with increased risks of death [6-8], viral non-suppression
[9-11], disease progression [11, 12], and drug resistance
[13]. In contrast, regular medical care is associated with a
higher likelihood of being prescribed ART, higher levels of
adherence to ART regimens, and higher rates of viral sup-
pression [14, 15]. Retention in care is therefore critical for
both individual and public health outcomes.

While regular engagement in care consistently yields bet-
ter health outcomes than irregular or infrequent care, there
is no gold-standard definition of retention in care [16, 17].
A definition used by the US Centers for Disease Control and
Prevention (CDC), the US National HIV/AIDS Strategy, and
others is having 2 visits in a 12-month period that are at least
3 months apart [5, 16]. A number of other alternative reten-
tion measures have been suggested, such as visit constancy
(visits every 3, 4, or 6 months), visit adherence (proportion
of scheduled visits attended), or gaps in care [17-19]. Com-
parisons of these different retention in care measures have
found that some of these alternatives, such as visit adher-
ence and visit constancy, may be better predictors of viral
suppression than the more commonly used CDC definition,
though all measures are significantly associated with viral
suppression outcomes [17, 18].

Having an agreed-upon standard measure of retention in
care would have the advantage of facilitating comparability
across different clinics and patient populations. However,
regardless of the metric used, standard approaches to calcu-
lating retention in care are limited in that they only capture
a patient’s care status over a limited timeframe, typically
just the past 12 or 24 months. Notably, these measures may
not reflect a patient’s longitudinal, evolving experience of
engagement in care that often has periods of both reten-
tion and non-retention [16, 18, 20-22]. Attempts to extend
standard measures to capture more longitudinal patterns
have typically done so by calculating the proportion of inter-
vals in which a patient meets the definition for retention in
care, yielding a continuous measure between 0 and 1 [18,
19]. Interpreting the findings from these types of analyses
can be challenging, as patients with the same level of over-
all retention may still have vastly different patterns of care.
For example, a retention level of 50% could reflect one long
absence from care or several shorter, intermittent gaps in
care. To elucidate this ambiguity, more recent longitudinal
examinations of retention in care have used multi-state mod-
els to capture temporal care dynamics in terms of a num-
ber of mutually-exclusive care “states” that reflect different
levels of engagement in care [21, 22]. While these studies
better reflect complex longitudinal dynamics of HIV patient
care, they still rely on a set of pre-defined categories of care
statuses through which patient may transition.

In this analysis, we use a data-driven approach to iden-
tify common longitudinal patterns of HIV care and classify

PLWH who receive care at a large, public HIV clinic into
different classes based on their care patterns. Unlike previ-
ous studies of retention in care, we do not presuppose crite-
ria for classifying patients into different retention categories.
Instead, we use latent class analysis to construct the relevant
“care classes” based on the observed care patterns. This kind
of data-driven analysis provides a tractable approach to
describing the common longitudinal patterns of care exhib-
ited by a specific clinic population. Latent class analysis has
been previously applied to patterns of ART adherence [23],
illicit drug use [24-26], and sexual behavior [27]. This is
the first application of latent class analysis to retention in
HIV care.

Methods

This study was approved by the internal review boards of
the University of Minnesota and the Hennepin Healthcare
Research Institute (on behalf of the Hennepin County Medi-
cal Center).

Population and Data Sources

The study population consisted of all adult HIV+ patients
seen at least once between 2008 and 2013 by a prescrib-
ing provider (medical doctor or nurse practitioner) at the
Positive Care Center (PCC), a hospital-based HIV clinic at
the Hennepin County Medical Center in Minneapolis, MN.
The PCC cares for a racially diverse, urban, high-poverty
patient population and is the largest provider of HIV care
in Minnesota. In 2013, the clinic saw 1685 HIV+ patients,
which represents 22% of all PLWH in Minnesota and 42%
of PLWH who reside in the twin cities of Minneapolis and
St. Paul [28]. The study population consisted of both estab-
lished patients (those with a history of care at the PCC prior
to 2008) and patients newly initiating care at the PCC dur-
ing the 2008-2013 eligibility period. Patients younger than
18 years old at their first observed PCC visit were excluded.

Electronic medical record (EMR) data from the PCC
were extracted for all qualifying individuals for all clinic vis-
its and HIV-related laboratory tests between January 1, 2008
and December 31, 2015. Using data through 2015 ensured
that patients who established care at the PCC towards the
end of our eligibility period (2008-2013) still had the poten-
tial for at least 2 years of observed care patterns. It has been
shown that clinic data alone can substantially over-estimate
the proportion of patients who are out of care due to unob-
served deaths, transfer of care to other clinics, and relocation
out of state [29, 30]. We therefore merged clinic EMR data
with HIV surveillance data from the Minnesota Department
of Health (MDH) to account for these events. The MDH
HIV surveillance unit conducts regular reviews of national
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mortality records to update the vital status of PLWH in the
state; thus, HIV surveillance records have more complete
mortality information than EMR data, which will only
include a record of death if the patient died while in the
care of the same healthcare system. The HIV surveillance
unit also conducts data harmonization exercises to identify
PLWH who have moved to other states to maintain accurate
estimates of the number of PLWH in the state. Finally, the
transfer of a PCC patient to another clinic was determined
using HIV-related laboratory test results that are reported
statewide to the enhanced HIV/AIDS Reporting System
(eHARS) database. In Minnesota, voluntary reporting of
viral load and CD4 count results began in 2008 and became
mandatory in 2011. PLWH whose most recent laboratory
results in eHARS were not reported by the PCC were clas-
sified as having transferred care to another clinic. The date
of that transfer was recorded as the first laboratory test
result reported by a non-PCC provider. Due to data access
restrictions at the time of data extraction, MDH surveillance
data were only available for 2008-2014; thus, we could not
account for any patient transfers, relocations, or deaths that
occurred in 2015, the final year for which we had EMR data.
We explored the impact of this data limitation in a sensitivity
analysis in which we repeated the analysis below restricted
to the end of 2014. Personal identifiers were removed prior
to analysis.

Latent Class Analysis

For the purposes of this analysis, we defined a care event
as a clinic visit with a PCC prescribing provider or an HIV-
related laboratory test result. From the EMR data, we con-
structed patient-specific care trajectories by dividing the
time from a patient’s first observed care event until death,
transfer, relocation, or the end of 2015 (whichever came
first) into 6-month intervals. For a patient i and interval j,
we defined a variable #,(j) which we set equal to 1 if a patient
had at least one care event in that interval, and 0 otherwise.
The maximum trajectory length was J = 16 intervals (the
number of 6-month intervals from 2008 through 2015).
Note that in the first interval, ¢,(1) = 1 for every patient i as
we constructed each patient’s trajectory starting from their
first observed care event. For patients observed for fewer
than the maximum number of 6-months intervals (e.g., due
to death, transfer, or relocation or for patients whose first
observed care event occurred in the latter half of 2008 or
later), we assumed that trajectory values after the end of
the observation period were missing. Patients who had an
observation period of less than 1 year were excluded from
our analysis. Examples of possible care trajectories are illus-
trated in Fig. 1.

We applied latent class analysis to patient care trajectories
to group patients into “care classes”. Latent class analysis is
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Fig. 1 Hypothetical HIV care trajectories for four individual patients.
In our latent class analysis, trajectory 7, would ultimately be classified
as Class 1, t, as Class 2, t; as Class 3, and ¢, as Class 4 or 5

a statistical method for categorizing individuals into distinct
subgroups based on observed variables [31]. For a prede-
termined number of classes, K, class membership and class
characteristics are determined such that the following likeli-
hood function is maximized (Eq. 1):

K
L= HZp(tilﬁ,c)pi(c), Q8

i=1 c=1

where p;(c) is the probability that patient i is a member of
class ¢ and p(1|0,c) is the probability of observing care
trajectory ¢; given membership in class c. In our analysis,
we modeled care trajectories as sets of J independent (con-
ditioned on class membership), binomial random variables.
Thus, we formulated the likelihood of observing a trajectory
t;as (Eq. 2):

J
p([ile’ C) = Hac(j)li(j)(l - Hc(i))(l_t[(i)) (2)
j=1

J

where 0.(j) is the probability of having a care event in
interval j for a patient in class c. The parameters estimated
by the latent class model were therefore p;(c) and 6.(j) or
c={l,....,K}j={1,...,J}andi = {1,...N}.

We implemented the latent class analysis in R v.3.1.3
using the poLCA package [32, 33], which uses the iterative
expectation—maximization (EM) algorithm to maximize the
likelihood, L. In the poLCA implementation, missing values
are handled by excluding them in the calculation of L. The
EM algorithm requires the specification of initial values for
the parameters that govern the probability that an individ-
ual is in each of the classes. The algorithm then iteratively
updates these parameters and the remaining parameters in
the expected value of the complete data log-likelihood until
this quantity stops increasing (within some arbitrarily small
tolerance) with subsequent iterations. We estimated the
latent class model using 50 random starting values and took
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the best-fitting model (i.e., the set of parameters resulting
in the largest likelihood) as the final model to avoid local
maxima. Since the number of classes, K, needs to be pre-
specified but is generally unknown, we varied K from 2 to
10 and selected the number of classes that minimized the
Bayesian Information Criterion (BIC), a measure that bal-
ances model complexity and model fit, as our final latent
class model [31, 32].

Patient Outcomes

We evaluated how patient characteristics and health out-
comes varied across the care classes. Patient characteristics
included sex, age, race, and receipt of Ryan White health
insurance benefits during the study period. Health outcomes
included cumulative mortality by study end, viral suppres-
sion at last viral load, and sustained viral suppression. Viral
suppression was defined as a viral load of <200 copies/mL,
consistent with CDC definitions [5]. Sustained viral sup-
pression was defined as being virally suppressed at last viral
load and having evidence of consistent viral suppression for
at least 12 months prior. Thus, to be classified as having
achieved sustained viral suppression, patients must have had
a viral load of <200 copies/mL at least 12 months prior to
their last viral load test, as well as suppressed status on any
intervening viral load test results. Patients who were virally
suppressed at last test but did not have a viral load measured
more than 12 months prior were classified as not having
achieved sustained viral suppression because they had not
yet accumulated the evidence to make this determination.

We also evaluated how traditional measures of retention
in care varied for patients in different care classes. Consist-
ent with previous studies, we used the CDC definition of
retention in care of having at least 2 care events in each
12-month period at least 3 months apart. For each patient,
we calculated the proportion of fully observed 12-month
periods in which they met the CDC definition. We also cal-
culated the proportion of patients who met CDC’s retention
in care criteria for all of their observed 12-month periods.
Similar to the latent class analysis, these 12-month periods
were defined as starting from each patient’s first observed
care event.

Retention as a Predictor of Viral Suppression

The significance of retention in care is often described in
terms of its power to predict viral suppression. We compared
the predictive power of the care trajectory classifications
to that of traditional retention measures by constructing
receiver-operating characteristic (ROC) curves. An ROC
curve displays the tradeoff between the true positive rate
and the false positive rate of a given predictor in detect-
ing an outcome of interest (in our case, sustained viral

suppression). The area under the curve (AUC) is a metric
used to summarize the discriminatory ability of the measure,
with an AUC = 1.0 indicating perfect predictive power and
an AUC =0.50 being equivalent to random chance [34].

We constructed an ROC curve based on care trajectory
class by calculating the true and false positive rates asso-
ciated with different positivity criteria (i.e., which subset
of the five classes are considered “positive” indicators for
sustained viral suppression). We constructed a second ROC
curve using the proportion of observed 12-month periods
in which a patient met CDC retention in care criteria as a
predictor of sustained viral suppression. We again varied the
positivity criterion, now defined as the threshold on the level
of retention that would be considered a “positive” result for
sustained viral suppression (e.g., retained in care for at least
50% of intervals, 60% of intervals, and so on), and calculated
the resulting true and false positive rates for each threshold.
We compared the AUC of each ROC curve to determine
which retention in care classification resulted in better dis-
criminatory ability in predicting sustained viral suppression.
ROC curves were constructed using the pROC package in R
[35]. AUC confidence intervals were estimated by generat-
ing 5000 bootstrapped datasets using the boot R package
[36, 37] and constructing ROC curves for each dataset.

Results

A total of 2194 patients > 18 years old had at least one visit
from 2008 to 2013 at the PCC with a prescribing provider.
When clinic data was merged with surveillance data, 84
patients had an observation period shorter than 1 year due
to death (n=17) and transfer/relocation (n=67), yielding a
final study population of 2110 patients. The study popula-
tion was 71.7% male with a median age of 40 (interquartile
range (IQR) 31-48) at first observed care event (Table 1).
The study population was 45.8% black and 37.6% white.
About a third (33.7%) of patients received Ryan White insur-
ance benefits at some point over the study period. Median
baseline CD4 count was 387 (IQR 233-552) cells/mm? and
49.7% of the study population was virally suppressed at first
observed viral load test. The median observation period was
6.5 (IQR 3.8-7.8) years with a median of 25 (IQR 13-38)
care events per patient. Over the study period, 264 (12.5%)
patients transferred to other providers or relocated out of
state and 45 (2.1%) died.

The study population was optimally divided into five
care classes, which was the number of classes that mini-
mized the BIC. The probability of a care event in each
6-month interval for each of the five classes is presented
in Fig. 2. The care classes can be broadly characterized as
“consistently in care” (Class 1); “decreasing in frequency
of care” (Class 2); “returning to care after initial attrition”
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Table 1 Study population characteristics, summarized overall and stratified by care trajectory class

Overall Class 1 Class 2 Class 3 Class 4 Class 5
N (%) 2110 (100.0) 1281 (60.7) 270 (12.8) 192 (9.1) 163 (7.7) 204 (9.7)
Patient characteristics—N (% of class)
Sex
Male 1512 (71.7) 899 (70.2) 194 (71.9) 145 (75.5) 117 (71.8) 157 (77.0)
Female 598 (28.3) 382 (29.8) 76 (28.1) 47 (24.5) 46 (28.2) 47 (23.0)
Age at first observed care event
<30 429 (20.3) 212 (16.5) 73 (27.0) 54 (28.1) 35(21.5) 55 (27.0)
30-50 1330 (63.0) 815 (63.6) 175 (64.8) 116 (60.4) 106 (65.0) 118 (57.8)
>50 351 (16.6) 254 (19.8) 22 (8.1) 22 (11.5) 22 (13.5) 31(15.2)
Race
Black 967 (45.8) 586 (45.7) 125 (46.3) 80 (41.7) 84 (51.5) 92 (45.1)
White 793 (37.6) 486 (37.9) 91 (33.7) 90 (46.9) 58 (35.6) 68 (33.3)
Hispanic 162 (7.7) 102 (8.0) 26 (9.6) 5(2.6) 13 (8.0) 16 (7.8)
Other 170 (8.1) 102 (8.0) 23 (8.5) 15 (7.8) 7 (4.3) 23 (11.3)
Missing 18 (0.9) 5(0.4) 5(1.9) 2(1.0) 1(0.6) 5(2.5)
Ever received Ryan White health insurance benefits 2008-2015
Yes 712 (33.7) 442 (34.5) 114 (42.2) 63 (32.8) 54 (33.1) 39 (19.1)
No 1398 (66.3) 839 (65.5) 156 (57.8) 129 (67.2) 109 (66.9) 165 (80.9)
Virally suppressed at baseline®
Yes 1048 (49.7) 672 (52.5) 135 (50.0) 63 (32.8) 83 (50.9) 95 (46.6)
No 1052 (49.9) 609 (47.5) 135 (50.0) 128 (66.7) 80 (49.1) 100 (49.0)
Unknown 10 (0.5) 0(0.0) 0(0.0) 1(0.5) 0(0.0) 9(4.4)

Baseline CD4 count
(cells/mm?)—median

(IQR)

387(233-552) 383 (229-555)

397 (243-564)

395 (240-551) 401 (249-544) 389 (224-556)

A viral load result <200 cells/mL at first observed test was considered virally suppressed at baseline

(Class 3); “moderate attrition” (Class 4); and “rapid attri-
tion” (Class 5). Assigning patients to their most likely
class resulted in the majority (60.7%) of patient belonging
to the consistent care class (Class 1). Class 1 was charac-
terized as having a consistently high (>90%) probability
of having at least one care event in each 6-month interval.
The next largest class was Class 2 (decreasing frequency
of care), accounting for 12.8% of patients. In this class,
the probability of having a care event decreased over time,
from 92.5% in the second 6-month interval down to 50.9%
by the twelfth interval. After this point, the probability of
a care event stabilized at around 45%, though confidence
intervals increased over time as fewer patients contrib-
uted observations to later trajectory intervals. Remaining
patients were roughly equally distributed across the last
three classes, with 9.1, 7.7, and 9.7% of patients assigned
to Classes 3, 4 and, 5, respectively. Each of these three
classes was characterized by an initial decrease in the
probability of a care event. In Class 3, this trend reversed
in the fourth 6-month interval, with the probability of a
care event stabilizing at>75% by the tenth interval. In
Classes 4 and 5, the probability of a care event continued

@ Springer

to decrease over time, dropping below 10% by the third
and eighth intervals, respectively.

Patient characteristics (sex, age, race) were similar across
the care classes (Table 1). The proportion of patients ever
receiving Ryan White insurance benefits over the study
period was similar across Classes 1, 3, and 4, but was some-
what higher in Class 2 (42.2%) and was markedly lower
in Class 5 (19.1%). Baseline clinical characteristics were
similar across the care classes, except for patients in Class 3,
who had lower levels of baseline viral suppression (32.8%)
than patients in other care classes. Patients in Classes 1 and
2 had longer median observation periods (7.1 and 7.2 years,
respectively) and were more likely to have been established
patients prior to 2008 (52.4% and 50.5%, respectively) than
patients in other classes (Table 2). Patients in Class 5 were
the most likely to have transferred care or relocated out of
state (25.4%), while very few patients in Class 1 had done
s0 (8.7%). Mortality was highest among patients in Class 1
(2.9%), although the absolute number of deaths was small
over the study period.

Overall, retention was quite high in the study population,
with half of patients meeting the CDC retention in care
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Class 1, N=1281 (60.7%)
+ Class 4, N=163 (7.7%)

1.00

0.75

0.50

0.25

Probability of clinical encounter

0.00

Class 2, N=270 (12.8%) = Class 3, N=192 (9.1%)
Class 5, N=204 (9.7%)

Time (years)

Fig.2 The probability of a care event in each 6-month interval for the
five care trajectory classes identified through latent class analysis of
HIV patient care patterns. Shading indicates 95% confidence inter-
vals around point estimates of the probability of a care event in each

criteria for all observed 12-month periods (Table 2). This
high level of retention was driven by patients in Class 1,
79.3% of whom had full retention over their entire observa-
tion periods. Fewer than 10% of patients in other classes
were retained in care for every observed 12-month period.
Median retention was 62% (IQR 50-75%) of observed
12-month periods for patients in Class 2, decreasing to 50%
(IQR 33-67%) and 37% (IQR 29-50%) in Classes 3 and 4.
Median retention was lowest in Class 5 at 14% (IQR 0-30%).

Viral suppression was also relatively high in the study
population, with 82.3% of patients having a viral load
of <200 copies/mL at last viral load test and 60.6% patients
having achieved sustained viral suppression in the pre-
ceding 12 months. Stratified by class, viral suppression at
last test varied from 88.8% (in Class 1) to 60.3% (in Class
5). Sustained viral suppression had even greater variation
across classes, from 73.9% in Class 1 to 42.2% in Class 3.
Sustained viral suppression was extremely low in Class 5
(3.4%); however, this was largely driven by patients lacking
sufficient viral load histories rather than evidence of detect-
able viral loads.

We constructed ROC curves to summarize the ability of
care trajectory class and the proportion of years retained in

interval. Care classes can be broadly characterized as “consistently in
care” (Class 1); “decreasing in frequency of care” (Class 2); “return-
ing to care after initial attrition” (Class 3); “moderate attrition” (Class
4); and “rapid attrition” (Class 5)

care according to CDC’s definition, respectively, to predict
sustained viral suppression for different positivity criteria
(Fig. 3). The two ROC curves had very similar AUCs, with
a care trajectory class ROC curve yielding an AUC of 0.70
(95% confidence interval [CI] 0.68-0.72) compared to an
AUC of 0.69 (95% CI 0.67-0.71) using the CDC retention
in care definition.

In sensitivity analysis, trajectory class definitions and
class sizes were similar regardless of inclusion of the
2015 clinic EMR data (Supplemental Fig. 1). Care trajec-
tory classes were also similar when care patterns among
patients who had established care at the PCC prior to 2008
were fit separately from patients newly initiating care during
the study period, though uncertainty around the estimated
care event probabilities for each class was larger due to the
smaller sample size in fitting each model (Supplemental
Figs. 2, 3). Uncertainty was particularly high in the new
patient model at later care intervals, as only a small number
of patients who initiated care during the eligibility period
were observed for the entire study period. Consistent with
patient distributions across classes in the primary latent class
model, when new and existing patients were fit in separate
models, the consistent care class was larger in established
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Table 2 Patient care dynamics and health outcomes overall and stratified by care trajectory class

Overall Class 1 Class 2 Class 3 Class 4 Class 5

Patient status at first observed care event—N (%)

Established patient prior to 2008 993 (47.1) 667 (52.1) 142 (52.6) 76 (39.6) 72 (44.2) 36 (17.6)

New patient 1117 (52.9) 614 (47.9) 128 (47.4) 116 (60.4) 91 (55.8) 168 (82.4)
Length of observation period (years)— 6.5 (3.8-7.8) 7.1 (3.9-7.9) 7.2 (5.3-7.8) 5.6 (3.8-7.6) 6.0 (3.7-7.8) 4.0 (2.4-6.2)

median (IQR)
Study end events—N (%)

Relocation or provider transfer 264 (12.5) 109 (8.5) 34 (12.6) 31 (16.1) 35 (21.5) 55 (27.0)

Mortality 45 (2.1) 37(2.9) 1(0.4) 4(2.1) 1(0.6) 2 (1.0)
Viral suppression at last test—N (%)

Yes 1737 (82.3) 1137 (88.8) 210 (77.8) 146 (76.0) 121 (74.2) 123 (60.3)

No 363 (17.2) 144 (11.2) 60 (22.2) 45 (23.4) 42 (25.8) 72 (35.3)

Unknown 10 (0.5) 0(0.0) 0(0.0) 1(0.50 0(0.0) 9 (4.4)
Sustained viral suppression—N (%)

Yes 1278 (60.6) 947 (73.9) 165 (61.1) 81 (42.2) 78 (47.9) 7(3.4)

No 822 (39.0) 334 (26.1) 105 (38.9) 110 (57.3) 85 (52.1) 188 (92.2)

Unknown 10 (0.5) 0(0.0) 0(0.0) 1(0.5) 0(0.0) 9(4.4)
Retention in care

Proportion of 12-month periods 1.0 (0.57-1.0) 1.0 (1.0-1.0) 0.62 (0.50-0.75) 0.50 (0.33-0.67) 0.37 (0.29-0.50) 0.14 (0.0-0.30)

retained in care—median (IQR)
Patients retained in care every observed 1063 (50.4) 1016 (79.3) 16(5.9) 13 (6.8) 12 (7.4) 6(2.9)

12-month period—N (%)

A viral load of <200 cells/mL was considered virally suppressed. Viral suppression status was unknown for patients with no viral load test

results over the study period

patients while the moderate attrition class was larger in new
patients (Supplemental Table 1).

Discussion

Using a longitudinal, data-driven approach, we identified
five distinct classes of care patterns among a population of
PLWH receiving care at a public, hospital-based HIV clinic.
Encouragingly, we saw that the largest care class was one
of consistent engagement in care over time (Class 1), con-
sisting of 60.7% of our study population. Patients in Class
1 had over a 90% probability of having a care event in each
6-month interval; accordingly, they also had high retention
in care as measured by traditional metrics, with 79.3% of
patients meeting the CDC criteria for being retained in care
in every 12-month period for which they were observed.
Patients in Class 1 also had much higher levels of sustained
viral suppression than patients in other classes. When used
as a predictor of sustained viral suppression, care trajectory
class had similar discriminatory power as CDC’s retention
in care measure.

The advantages of our analytic approach are most appar-
ent when we consider the 40% of patients not assigned to
Class 1. While a traditional analysis would have noted that
levels of retention in care were much lower among this group
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of patients, by using latent class analysis, we were able to
identify four distinct patterns of sub-optimal care (Classes
2-5). Notably, these care patterns differed in the temporal
trend of care event probabilities, with Classes 4 and 5 hav-
ing decreasing care probabilities; Class 3 having an initial
decline followed by an increase; and Class 2 exhibiting a
slower decline and then a plateau at a little less than a 50%
probability of care event per 6-month interval. These differ-
ent trajectories may have implication for the severity of the
sub-optimal retention. For example, patients in Class 2 may
still be having a visit every year even if they are not satisfy-
ing the CDC criteria for retention in care in each 12-month
period. Intuitively, having regular contact, even if less fre-
quent than would be ideal, seems preferable over having no
contact at all, as occurs with patients in Class 4 or 5 as time
progresses. We see this reflected in the much high level of
viral suppression among patients in Class 2.

Class 3 represents a group of patients who may have had
a gap in care in the past and then returned to care. These
patients are not necessarily of current concern, as they have
a high level of engagement in care at the end of their obser-
vation periods. However, identifying the existence of this
class of patients is still valuable; if we hypothesize that these
trajectories represent typical patterns of care for a cohort of
patients, it would be reasonable to think about how to prevent
this initial attrition or how to facilitate a timelier return to care.
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Fig.3 Receiver-operating characteristic (ROC) curves showing the
true positive and false positive rates achieved by using a care trajec-
tory class membership or b the proportion of 12-months periods sat-
isfying CDC retention in care criteria to predict sustained viral sup-
pression status. Select points are labeled with the positivity criterion

Furthermore, the strategies necessary to address the factors
leading to attrition in patients ultimately in Class 3 may be
different than for patients with a pattern that evolves according
to Class 4 or 5. While our analysis is descriptive in nature, it
is unique in the retention in care literature in providing a data-
driven process to generate an easily-interpreted characteriza-
tion of how patients are currently engaging in care. Before
sub-optimal retention in care can be fully addressed, these
care patterns must be described and understood.

Receipt of Ryan White benefits was notably low in Class 5
at 19.1% compared to 33.7% overall. This may be due to the
short amount of time spent at the PCC by many of the patients
in Class 5. Patients in Class 5 had the shortest median obser-
vation time (4.0 years vs. 6.5 years overall) and the largest
proportion of patients transferring to other clinics or relocating
out of state (27% vs. 12.5% overall) of any care class. Rather
than reflecting differences in eligibility, it may be that many
patients in Class 5 simply did not spend a sufficient amount
of time at the PCC to enroll in Ryan White benefits programs.

Our analysis was retrospective. An important next step
is to develop tools to predict a patients’ future care tra-
jectory that could guide early and real-time intervention
strategies to address emerging sub-optimal engagement
patterns. We did not find demographic factors to differ

2539
b

(b) 1.00
0.75

9

©

(0]

=

% 050

[o]

o

[0]

2

l_
0.25
0.00

0.00 0.25 0.50 0.75 1.00

False positive rate

used to generate that specific true and false positive rate pair. For the
care trajectory classes, the label is the subset of classes considered to
be a positive result in predicting sustained viral suppression. For the
CDC retention in care measure, the label is the lowest retention level
which would be considered a positive result in the prediction

substantially across classes, though patients newly estab-
lishing care were more likely to fall into Class 4 and less
likely into Class 1 than established patients. Following
patients prospectively over time and establishing an evolv-
ing care classification as more care behavior is observed
could be one way to identify patients at risk of reduced
engagement in care. Incorporating other co-evolving clini-
cal features, such as viral load, CD4 count, and co-occur-
ring diagnoses, may also be important to account for the
influence of a patient’s health status on the appropriate
frequency of care. For example, it might be appropriate for
virally suppressed patients to decrease their frequency of
care, while patients with progressive HIV disease or wors-
ening health status due to other conditions may be advised
to increase their frequency of care. Viewing engagement
in care as an evolving process for each patient introduces
the possibility of applying the same lens to the criteria by
which that care is judged. Recognizing that patient needs
evolve throughout the HIV life course, it may be appropri-
ate to consider patient-specific retention in care metrics
that change over time as a function of a patient’s clinical
history and current medical needs.

Our analysis has several limitations. We used state
surveillance data to account for death, transfer to other
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providers, and relocation out-of-state. While surveillance
data provide a statewide picture of HIV care, the reporting of
this information to state health departments can be delayed
or incomplete. These factors may mean that some patients
who were assumed to be out of care at the end of their tra-
jectory in the analysis (and assigned a trajectory value of
0) were in fact receiving care elsewhere and should instead
have had their PCC care trajectory terminated. This would
result in an over-representation of care patterns like those
of Classes 4 and 5. Furthermore, we did not have access
to any surveillance data for the final year of our analysis;
however, repeating the analysis only for years in which we
had access to both clinic and surveillance data (2008-2014)
did not result in qualitatively different conclusions. In the
latent class analysis, we made a number of assumptions in
constructing the care trajectories. In particular, we assumed
that care patterns were time-homogeneous over the study
period, meaning that the care patterns among patients who
started care at the PCC in 1 year (e.g., 2008) were compared
to patients who started care in any other included year (e.g.,
2012). This assumption is implicit in aligning care trajecto-
ries starting from a patient’s first observed care event rather
than analyzing trajectories in absolute time. For patients
whose observation time was shorter than the maximal 8
years, we assumed that the end of their care event trajectory
was simply missing after their last observed 6-month inter-
val. In the poLCA package implementation, these missing
observations are excluded when estimating the care trajec-
tory class parameters. This resulted in widening confidence
bounds around the care event probabilities at later time
points as there are fewer observations to inform those esti-
mates. Similarly, when estimating individual posterior class
probabilities, only observed intervals are used in this calcu-
lation. Thus, individuals with shorter observation periods
had greater uncertainty in their assigned class membership.

In summary, we developed a novel, data-driven approach
for identifying typical patterns of care among HIV patients.
Traditional measures of retention in care can be useful quality
metrics that facilitate comparability of across clinical set-
tings; our analysis complements these measures by providing
a more nuanced characterization of sub-optimal patterns of
care that could inform interventions to improve engagement
in care or prevent disengagement from care. While the spe-
cific care patterns identified in our analysis may not be gener-
alizable to other HIV patient populations, our approach could
be readily applied to other HIV clinics seeking to understand
the specific care patterns of their patient populations.
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