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Abstract

Background—The HIV care cascade is a framework to examine effectiveness of HIV programs 

and progress toward global targets to end the epidemic but has been conceptualized as a 

unidirectional process that ignores cyclical care patterns. We present a dynamic cascade that 

accounts for patient “churn,” and apply novel analytic techniques to readily available clinical data 

to robustly estimate program outcomes and efficiently assess progress towards global targets.

Methods—Data were assessed for 35,649 people living with HIV and receiving care at 78 

clinics in East Africa between 2014–2020. Patients were aged ≥15 years and had ≥1 viral load 

measurements. We used multi-state models to estimate the probability of being in 1 of 5 states of 

a dynamic HIV cascade: (1) in HIV care but not on antiretroviral therapy (ART); (2) on ART; (3) 

virally suppressed; (4) in a gap-in-care; and (5) deceased; and compared these among subgroups. 

To assess progress towards global targets, we summed those probabilities across patients and 

generated population-level proportions of patients on ART and virally suppressed in mid-2020.

Results—One year following enrollment, 2.8% of patients had not initiated ART, 86.7% were 

receiving ART, 57.4% were virally suppressed,10.2% were disengaged from care, and 0.3% had 

died. At 5 years, the proportion on ART remained steady but viral suppression increased to 77.2%. 
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Of those aged 15–25, >20% had disengaged from care and <60% were virally suppressed. In 

mid-2020, 90.1% of the cohort was on ART, 90.7% of whom had suppressed virus.

Conclusion—Novel analytic approaches can characterize patient movement through a dynamic 

HIV cascade and, importantly, by capitalizing on readily available data from clinical cohorts, 

offer an efficient approach to estimate population-level proportions of patients on ART and virally 

suppressed. Significant progress towards global targets was observed in our cohort but challenges 

remain among younger patients.

Introduction

The HIV care cascade describes the spectrum of engagement in HIV services from diagnosis 

to the ultimate goal of viral suppression (VS)[1–5]. Since its conception, it has been used to 

measure the effectiveness of HIV testing and treatment programs and identify populations in 

need of targeted interventions. The cascade also forms the basis for the 95–95-95 targets set 

by the United Nations Joint Programme in HIV/AIDS (UNAIDS) to end the HIV epidemic 

which state that by 2030, 95% of people living with HIV (PLWH) will be diagnosed, 95% 

of those diagnosed will initiate antiretroviral therapy (ART) and 95% of those on ART will 

achieve VS[6].

In resource-limited settings, performance across the cascade and progress towards the 

UNAIDS targets have been measured cross-sectionally in nationally representative surveys, 

and in retrospective and prospective cohort analyses using longitudinal data from HIV 

care and treatment clinics[7]. Nationally representative cross-sectional surveys, such as 

the Population-based HIV Impact Assessments (PHIA), use the number of PLWH as the 

denominator to examine population-level progress towards all three UNAIDS targets in 

a given year[7–11]. However, given their high cost, they cannot be conducted widely or 

repeated with sufficient frequency to guide targeted interventions to end the epidemic[12]. 

On the other hand, cohort analyses examine individual-level progress across the cascade 

beginning with care enrollment. Of relevance for a chronic condition such as HIV, they can 

determine whether outcomes are sustained over time, and importantly, can be widely and 

regularly conducted as they draw on readily available data from HIV clinics[1, 4]. However, 

to date, most longitudinal analyses have considered the cascade as a linear, unidirectional 

procession across 5 steps from diagnosis to linkage to care, through ART initiation 

and retention in care, and ultimately to VS[1, 4, 13–16]. This approach ignores widely 

documented cyclical care patterns in which many PLWH engage, disengage and re-engage 

in care, often repeatedly[17–24], and thus provides an incomplete and likely inaccurate 

picture of program effectiveness. Indeed, overlooking transient or long-term treatment 

interruptions may overestimate patient retention in care and VS, ultimately contributing 

to inappropriate prioritization of interventions[18–20]. Additionally, as cohort studies assess 

individual-level outcomes they have not been used to date to estimate population-level 

progress towards the 95–95-95 targets, information that is critical to sound policy and 

funding decisions.

To address these limitations, we analyze routinely collected data from a large cohort of 

patients newly enrolling in HIV care in East Africa using multi-state models to estimate 
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the probability of an individual being in 1 of 5 states within a dynamic HIV care cascade. 

As identifying populations requiring targeted interventions across the cascade is critical to 

curbing the HIV epidemic, we also compare these state-occupation probabilities among 

relevant sub-groups. In addition, as multi-state models in and of themselves do not measure 

the progress of an entire patient cohort towards the UNAIDS targets, we use novel methods 

to transform estimates of the probability that an individual occupies a state in the cascade to 

population-level estimates of the proportion of the cohort in each state at a given date.

Methods

Study design

We conducted a retrospective cohort analysis using routinely collected clinical data from 

patients enrolling in HIV care and treatment clinics in Kenya, Tanzania and Uganda that 

are affiliated with the East Africa region of the International epidemiology Databases to 

Evaluate AIDS (EA-IeDEA) Consortium[25]. The regulatory bodies affiliated with the 

sites, and the Institutional Review Boards at Indiana University and Columbia University 

have approved transfer and analysis of these data. As the data are routinely collected and 

de-identified prior to transfer to the regional data center, all regulatory bodies waived the 

requirement for patient informed consent.

Study sites and population

Sites participating in EA-IeDEA are predominately in public-sector outpatient facilities and 

provide secondary and tertiary levels of care in urban and semi-urban settings. We used data 

for PLWH who enrolled in HIV care at those sites between January 1, 2014 and May 30, 

2020, were age 15 or older at enrollment and had at least one viral load (VL) measure. 

Clinical care was provided in accordance with local or national guidelines that were aligned 

with prevailing WHO guidelines. Data prior to 2014 were excluded as treatment protocols 

have changed markedly in this last decade compared to previous years, so patterns of care 

access prior to that time would be expected to not reflect current trends.

Data collection and management

As part of routine clinical care, patient sex, age, visit dates, longitudinal measures of 

WHO stage, CD4 count, ART status, VL, and information on transfers and deaths were 

captured on paper forms at enrolment and follow-up with subsequent transcription into local 

electronic medical records systems (EMR) or directly entered in the local EMR during 

the clinical visit. Data were collected according to national guidelines in the countries 

where each IeDEA-affiliated program belongs[26–28]. In particular, VL data were collected 

according to national guidelines but generally require a test six months after initiation 

of treatment and annually thereafter with some exceptions related to age or, after ART 

changes (Kenya) and based on prior VS (Tanzania). Data were de-identified by each site 

and transferred to the East Africa IeDEA Regional Data Center for cleaning, validation and 

merging. Database closure was on May 30, 2020.
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Multi-state model of the HIV care cascade

As shown in Figure 1, we posit a multi-state model of the HIV care continuum that allows 

individuals to move dynamically, as opposed to sequentially, through 5 mutually exclusive 

states: (1) in HIV care; (2) on ART; (3) virally suppressed; (4) gap-in-care; and (5) deceased. 

The HIV care state includes patients enrolled in care who have not progressed to any of the 

other states, including ART initiation, and those re-engaging in care following a period of 

disengagement but prior to treatment re-initiation. The gap-in-care state reflects temporary 

or permanent disengagement from care regardless of whether the patient had initiated ART. 

Patients who had no interaction with the site for at least 60 days following a scheduled 

visit and who were not known to have died or transferred elsewhere were captured in this 

state. The ART state was defined as receiving ART without evidence of VS. The state of 

viral suppression (VS) was operationalized as being on ART and having a VL less than 

1000 copies/ml. Transition from the virally suppressed state back to the ART state occurred 

when there was a subsequent VL measurement of 1000 copies/ml or greater. Patients in 

the VS state who did not have subsequent measurements remained in that state for 18 

months and then were censored unless they had a gap-in-care or were known to have 

transferred to another clinic or died. The death state could be reached from any other state 

and is an “absorbing state” such that there is no possible transition from it to any other 

state. Patients known to have transferred to other sites were censored at the time of their 

documented transfer. Given the homogeneity of local treatment standards, we assume that 

patients remaining in care are representative of those transferring elsewhere.

Statistical analysis

We estimated time-dependent state-occupation probabilities across our dynamic cascade that 

account for varying follow-up durations across patients (“right censoring”)[29, 30]. These 

models provide estimates of the probability of each individual being in 1 of the 5 states 

in our cascade. While some multi-state models simplify calculations by using the Markov 

assumption[31], which posits that the transition from 1 state to the next is impacted solely 

by the state of departure, this assumption is unlikely to hold in our setting where additional 

factors such as the duration of being within a state (e.g., length of time receiving ART) 

impacts the likelihood of transitioning to a new state (e.g., VS or death). To circumvent 

the Markov assumption and to account for potential within-clinic dependence, we used a 

moment-based nonparametric estimator of the marginal state-occupation probabilities for 

cluster-correlated data. We calculated the standard error of the estimates using 500 bootstrap 

replications. As patients without VL measurements were excluded from the analysis, we 

addressed the potentially important selection bias this introduced through inverse probability 

weighting (IPW). IPW estimated the probability of having a VL measurement based on 

relevant factors such as patient sex, age, point of entry into HIV care, and contextual 

characteristics reflecting differences in national HIV treatment guidelines (Supplementary 

Table 1).

To demonstrate how these methods allow for identification of sub-populations in need of 

targeted intervention, we further compared state-occupation probabilities between patient 

subgroups based on sex, age, CD4 count at enrollment and year of enrollment using a linear 
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nonparametric test[32, 33]. Pairwise comparisons among more than 2 groups were adjusted 

by a Bonferroni procedure.

While the multi-state models described above provide estimates of the probability of 

an individual being in a particular state in our HIV care cascade, they do not directly 

assess progress towards the UNAIDS targets at the population level. To determine what 

proportion of our cohort was on ART and virally suppressed as of the date of database 

closure in mid-2020 (the third “95” in the UNAIDS guideline), we summed state-occupation 

probabilities among all patients throughout their follow-up and up to database closure. This 

approach, herein referred to as the Aggregating State Occupation Probabilities (AeSOP) 

approach, provides a “snapshot” of the proportion of the entire population enrolled in care 

since 2014 that was on ART and virally suppressed as of mid-2020. Of note, these figures 

are akin to those typically assessed in population-based, cross-sectional surveys but are 

efficiently estimated using readily available clinical data from patients enrolled in HIV 

care. For more detail on these calculations, see Supplementary Material. All analyses were 

performed using the R environment[34].

Results

Patient characteristics

A total of 87,040 patients 15 years or older enrolled in HIV care at 91 sites participating 

in IeDEA during the study period. Of those, 35,649 patients at 78 sites had at least one VL 

measure and were eligible for inclusion in this analysis. The median age at enrollment in 

care across all patients was 32.3 years, and most patients were female (63.0%) and receiving 

care in Kenya (63.9%). Compared to PLWH not eligible for inclusion in the analysis, those 

included were older (34.6 vs 30.9 years) and had a lower CD4 count (297 vs 325 cells/μl) at 

enrollment. Also, a smaller proportion were pregnant at enrollment (12.5% vs 27.7%) and a 

greater proportion were receiving services in Kenya (66.5% vs 62.0%).

Multi-state cascade

Results from the IPW-adjusted multi-state model are presented in Figure 2. As patients move 

over time from the HIV care state into the on-ART state, the probability of being on ART 

without VS rises quickly but then drops as patients achieve VS, disengage from care or die. 

The proportion of patients who are virally suppressed increases rapidly and continues to 

increase, while the proportion of those in the gap-in-care state decreases as patients who are 

not engaged in care either re-engage or migrate to the death state.

Table 2 shows the estimated state-occupation probabilities1 year and 5 years following 

enrollment into care. At 1 year, only 2.8% of patients in our sample were in HIV care but not 

on ART, 86.7% were receiving ART but only 57.4% were virally suppressed. An additional 

10.2% were currently disengaged from care and 0.3% were known to have died. Five years 

following enrollment, the proportion of patients on ART remained steady at 86.0% but the 

proportion virally suppressed increased substantially to 77.2%. Additionally, the proportion 

of patients experiencing a gap-in-care increased to 12.7% and 1.2% were known to have 

died.
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Subgroup stratification

To demonstrate how state probabilities can be stratified to identify populations in need 

of targeted intervention, Figure 3 shows the probability of VS among those alive and in 

care by patient characteristics. While the probability of being virally suppressed increased 

dramatically after enrollment into care for the entire cohort, adolescents and young adults 

≤25 years of age had a lower probability of VS over time compared to those over age 50 

(overall age effect p<0.001), with no more than 60% of them achieving VS over time. In 

addition, enrollment in care after 2015, when treat-all guidelines were implemented, versus 

2014–2015, was associated with a significantly higher probability of VS (p<0.001), likely 

a result of significantly more rapid treatment initiation after 2015 (Supplemental Figure 

5). There were also significant sub-group differences in the probability of experiencing 

a gap-in-care (Figures 4). Notably, over 20% of those ≤25 years of age experienced a 

gap-in-care 5 years after enrollment.

By summing the individual state-occupation probabilities for the entire study cohort, we 

derived population-level estimates of progress towards the last two UNAIDS 95–95-95 

targets as of May 30, 2020. As shown in Figure 5, this mid-2020 snapshot indicates that 

fully 90.1% of the population not known to have died was on ART, and, of those, 90.7% 

were virally suppressed.

Discussion

We used multi-state models to characterize the trajectories of over 35,000 ART-eligible 

patients enrolling in HIV care in East Africa from 2014 to 2020 across a dynamic HIV 

care cascade and presented a novel analytic approach—the Aggregating State-Occupation 

Probabilities or AeSOP approach—to estimate population-level progress towards the 

UNAIDS targets in mid-2020. By capturing patients’ longitudinal but frequently non-linear 

movement along the HIV cascade, multi-state models better assess the effectiveness of 

HIV programs and identify subpopulations requiring targeted interventions than the oft-used 

unidirectional cascades assessed using survival analysis. By determining the proportion of 

the population on ART and virally suppressed at a point in time using readily available 

longitudinal medical record data from patients in HIV care, the AeSOP approach has the 

potential to routinely and efficiently assess efforts to end the HIV epidemic.

One year after enrollment, our multi-state models showed that 2.8% of patients in our 

sample were in HIV care but not on ART, 86.7% were on ART but only 57.4% of 

them were virally suppressed, 10.2% were out-of-care and 0.3% were known to have 

died. Recently, another multi-state analysis of adults enrolling in HIV care between 2014 

and 2015 at 64 clinics in Zambia found that 75.2% of patients were on ART 1 year 

after enrollment, 15.7% were disengaged from care and 6.9% had died[35]. That study 

traced patients disengaged from care to determine whether they had re-engaged in care 

elsewhere or had died which likely explains the higher probability of death compared 

to our study. Nonetheless, both studies underscore the challenge of retaining patients in 

care. Our study, which additionally included outcomes 5 years after enrollment, showed 

only a small increase in the probability of being out of care (12.7%) or having died 

(0.012%) over time, suggesting that retention interventions are particularly important in 
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the first year following enrollment into care. Further, our sub-group analyses indicated that 

PLWH age 15–24 had significantly worse outcomes across the cascade than their older 

counterparts: As many as 20% of them disengaged from care at least once during the 5 

years following enrollment and less than 60% were virally suppressed during that period. 

In-depth interviews with adolescents experiencing a gap-in-care at two of the sites in this 

analysis suggest that trauma, social isolation and family-level factors are major contributors 

to their disengagement from care and ultimately uncontrolled HIV[36, 37]. Adolescent 

pregnancy has also been linked to care disengagement in our setting[38]. Individual-, clinic- 

and community-level interventions addressing these and other factors are emerging[39–41]. 

Rapid scale-up of interventions found to be effective will be needed to ensure efforts to 

end of the epidemic are not compromised. Our study also reinforces others which have 

documented a substantial decrease in time to ART initiation following launch of treat-all 

policies circa 2015 and a subsequent increase in viral suppression[42–45].

Importantly, to address progress towards the UNAIDS 95–95-95 goals, we developed the 

AeSOP approach to translate state-occupation probabilities representing the probability of 

individual patients being in 1 of the 5 cascade states into estimates of the proportion of 
our entire population on ART and virally suppressed. We found that substantial progress 

has been made towards the second and third of these targets: by the date of database 

closure in mid-2020, 90.1% of the population was on ART, and, of those, 90.7% were 

virally suppressed. Using cross-sectional surveys, the PHIA have also provided snapshots 

of progress towards the UNAIDS targets in the three countries included in our analysis 

between 2017 and 2021. Those surveys found that 96.0% of PLWH reported being on ART 

in Kenya (2018), 93.6% in Tanzania (2017–2018) and 96.1% in Uganda (2020–21)[7, 10, 

11]. Additionally, of those on ART, 96.0%, 93.6% and 96.1% had achieved VS in Kenya, 

Tanzania, and Uganda, respectively. While these surveys provide important nationally 

representative estimates of all three UNAIDS targets and rich data on associated factors, 

with 5500 to nearly 17,000 household interviews and 11,000 to 41,000 blood draws per 

survey, their high cost prohibits routine and widespread implementation[12]. Additionally, 

most population-based surveys do not have sufficient statistical power to provide reliable 

subnational estimates which are needed to guide targeted funding decisions. Indeed, in the 

Kenyan PHIA, the proportion of PLWH on ART for Uasin Gishu county was estimated from 

a sample of 24 PLWH diagnosed with HIV[11], while our analysis, used routinely collected 

data from 7,771 PLWH enrolled in care at 11 HIV care clinics in that same county.

The findings in this paper highlight two key advantages of multi-state methods over other 

analytic approaches that have traditionally been used to examine HIV care cascade outcomes 

among patients observed over time, namely survival analysis and competing risks analysis. 

First, multi-state models directly quantify the dynamic nature of care engagement in which 

patients often experience multiple transitions between different but interlinked states of care 

over time. In contrast, survival analysis typically examines the time to a single event in 

the HIV care cascade, for example, a gap in care or death. Complications arise in that 

case when the time in the previous state needs to be accounted for, where left-truncation 

of the survival time may need to be considered. While competing and semi-competing risk 

analysis extends this approach (and is a special case of multi-state models), using multistate 

models we can explicitly model cyclical patterns of engagement in care (i.e., engagement 
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and re-engagement in care), as is the case in a realistic HIV CoC. As we have shown in this 

paper, this setup can be used to simulate a population survey, by summing backwards the 

probabilities that each member of a cohort is in a certain state, in order to obtain estimates 

of the proportion of the population being in a certain state at a certain calendar time. This 

is similar in spirit to previous work by Jose and colleagues [1] who estimated person-years 

at one of several states in the HIV care cascade but without the explicit accounting for 

access to care. Our approach is particularly useful when evaluating programmatic or policy 

changes, such as the introduction of treat-all guidelines. Rather than simply comparing 

time to treatment initiation before and after such a policy [46], using this approach we can 

identify shifts in the distribution of the population across all states over time. This facilitates 

a more nuanced understanding of the downstream impacts or unintended consequences of a 

policy change.

Limitations of our study should also be noted. First and foremost, our study, and cohort 

studies in general, can only inform the latter two “95” components in the 95–95-95 UNAIDS 

targets, since they capture PLWH only after they have been linked to care. Linkage to 

care among all individuals living with HIV can only be addressed through proxy measures 

of disease progression at entry or national or subnational estimates of HIV prevalence in 

the ambient catchment area of each cohort. Within our data, limitations include the fact 

that outcomes of patients who disengaged from care were ascertained passively and thus 

the state-occupation probability of death in our cascade is most certainly underestimated. 

Indeed, the proportion of individuals known to have died 1 year after enrollment in care 

was 0.03%, far lower than the 6.9% reported by the sole other study examining a dynamic 

cascade in Africa using multi-state models[35] and our own adjusted estimates of mortality 

in this setting[47]. However, as our population-level estimates of the proportion of PLWH 

enrolling in care since 2014 who were on ART and virally suppressed as of mid-2020 only 

considered individuals not known to have died, it is possible that progress towards the latter 

2 UNAIDS targets may be even greater than we estimated. Additionally, our assumption 

that patients who transfer from one HIV clinic to another have similar clinical outcomes to 

those remaining in care at their original site does not account for situations where a transfer 

results in fragmented care and viral suppression is compromised, even if temporarily. If this 

is common, our estimate of VS would be overstated. Another limitation, common to all 

longitudinal studies, is the lack of data on VS when patients are experiencing a gap-in-care. 

Only knowing that a patient was virally suppressed prior to their disengagement from care 

and was not suppressed upon their return to care results in “interval censoring”[48]. Finally, 

while most HIV clinics collect the data necessary to estimate a dynamic HIV cascade and 

the last 2 UNAIDS targets using the AeSOP approach, scale-up of these methods will 

require ready access to high-quality data from many HIV clinics, particularly if subnational 

estimates are desired.

Conclusion

Our multi-state analysis of readily available data from PLWH receiving care in HIV clinics 

in Kenya, Tanzania and Uganda provided robust estimates of the dynamic nature of patient 

movement through the HIV care cascade and indicated that targeted interventions are needed 

to address poor outcomes among adolescents and young adults. The AeSOP approach 
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extended that multi-state analysis and demonstrated significant population-level progress 

towards the UNAIDS 95-95-95 targets. Our approach should be considered for widespread 

and routine use as efforts to end the HIV epidemic are monitored.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Multi-state model of the HIV care cascade.
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Figure 2. 
State-occupation probabilities for a dynamic HIV care cascade, n=35,649
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Figure 3. 
Probability of being virally suppressed over time since enrollment, among those alive and in 

care, by sex (top left), age (top right), CD4 count at enrollment (bottom left), and year of 

enrollment (bottom right).
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Figure 4. 
Probability of being in a gap-in-care over time since enrollment by sex (top left), age (top 

right), CD4 at enrollment (bottom left), and year of enrollment (bottom right).
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Figure 5. 
Proportion of patients not known to have died who were on ART and virally suppressed as 

of May 30, 2020.
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Table 1.

Characteristics of patients at enrollment in HIV care by availability of viral load measurement before May 30, 

2020.

Overall Had at least 1 viral load Did not have any viral load

N (%) N (%) N (%) p-value

N 87,040 (100) 35,649 (41.0) 51,391 (59.0)

Gender 0.200

 Female 54864 (63.0) 22371 (62.8) 32493 (63.3)

 Male 32176 (37.0) 13278 (37.2) 18898 (36.7)

Pregnant at enrollment <0.001

 No 30453 (78.9) 14502 (87.5) 15951 (72.3)

 Yes 8166 (21.1) 2066 (12.5) 6100 (27.7)

Country <0.001

 Kenya 55587 (63.8) 23722 (66.5) 31865 (62.0)

 Uganda 26772 (30.8) 10211 (28.6) 16561 (32.2)

 Tanzania 4681 (5.4) 1716 (4.8) 2965 (5.8)

Median age in years (IQR) 32.3 (26.1, 40.7) 34.6 (28.0, 42.8) 30.9 (25.1, 39.1) <0.001

Median CD4 in cells/μl (ΙQR) 312 (137, 519) 297 (134, 493) 325 (141, 540) <0.001

Median calendar year of enrollment (IQR) 2016 (2015, 2018) 2016 (2015, 2017) 2016 (2015, 2018) <0.001

Multi-state cascade
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Table 2.

State-occupation probabilities at 1 year and 5 years from enrollment in HIV care, n=35,649.

State State-occupation probability 95% confidence interval

At 1 year from enrollment

In HIV care 0.028 0.022 0.033

On ART without viral suppression 0.293 0.254 0.333

On ART with viral suppression 0.574 0.535 0.612

Gap-in-care 0.102 0.082 0.122

Death 0.003 0.002 0.004

At 5 years from enrollment

In HIV care 0.000 0.000 0.001

On ART without suppression 0.088 0.063 0.113

On ART with viral suppression 0.772 0.737 0.807

Gap-in-care 0.127 0.101 0.154

Death 0.012 0.009 0.015

Subgroup stratification
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