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Abstract
Introduction: Achieving optimal adherence to antiretroviral therapy (ART) among adolescents living with HIV (ALWHIV) is
challenging, especially in low-resource settings. To help accurately determine who is at risk of poor adherence, we developed
and internally validated models comprising multi-level factors that can help to predict the individualized risk of poor adherence
among ALWHIV in a resource-limited setting such as Uganda.
Methods: We used data from a sample of 637 ALWHIV in Uganda who participated in a longitudinal study, “Suubi+Adherence”
(2012 to 2018). The model was developed using the Least Absolute Shrinkage and Selection Operator (LASSO) penalized
regression to select the best subset of multi-level predictors (individual, household, community or economic-related factors) of
poor adherence in one year’s time using 10-fold cross-validation. Seventeen potential predictors included in the model were
assessed at 36 months of follow-up, whereas adherence was assessed at 48 months of follow-up. Model performance was
evaluated using discrimination and calibration measures.
Results: For the model predicting poor adherence, five of the 17 predictors (adherence history, adherence self-efficacy, family
cohesion, child poverty and group assignment) were retained. Its ability to discriminate between individuals with and without
poor adherence was acceptable; area under the curve (AUC) = 69.9; 95% CI: 62.7, 72.8. There was no evidence of possible
areas of miscalibration (test statistic = 1.20; p = 0.273). The overall performance of the model was good.
Conclusions: Our findings support prediction modelling as a useful tool that can be leveraged to improve outcomes across
the HIV care continuum. Utilizing information from multiple sources, the risk prediction score tool applied here can be refined
further with the ultimate goal of being used in a screening tool by practitioners working with ALWHIV. Specifically, the tool
could help identify and provide early interventions to adolescents at the highest risk of poor adherence and/or viral non-
suppression. However, further fine-tuning and external validation may be required before wide-scale implementation.
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1 | INTRODUCTION

Persons living with HIV must initiate and consistently adhere
to antiretroviral therapy (ART) to ensure HIV viral suppression
[1], avoid drug resistance [2,3], and maintain adequate immune
functioning thereby improving quality of life [4] and reducing
the possibility of death from AIDS [3]. Viral suppression
reduces the risk of sexually transmitting the virus to others
through condomless sex [5,6]. UNAIDS’ 95-95-95 treatment
targets [7] highlight the importance of adherence in

preventing new infections, reducing mortality and ending the
HIV epidemic by 2030 [6].
Global trends show that over the last decade, AIDS-related

deaths have increased among adolescents living with HIV
(ALWHIV) compared to older age groups, partly due to
delayed treatment initiation and poor treatment adherence
[8,9]. Sub-Saharan Africa (SSA), a resource-constrained region,
bears the highest global burden of ALWHIV (89%) [8], with
two-thirds of daily global infections occurring among youths
aged 15 to 24 years [10]. ALWHIV in SSA are a vulnerable
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group at a higher risk of non/poor adherence than adults [11].
In Uganda, a SSA country with high HIV prevalence, viral sup-
pression among youths aged 15 to 24 is 44.9% among
females and 32.5% among males [12].
We utilize two theoretical frameworks, Asset theory [13]

and the Social Ecological Model (SEM) [14], to guide our
understanding of the multi-level factors that may influence
ART adherence among ALWHIV in poor communities [11,15-
17]. Asset theory posits that if individuals have access to tan-
gible assets, including monetary savings, this can positively
alter their thinking, attitudes and subsequent behaviour [13].
Having a greater sense of economic safety and security about
the future produces feelings of optimism and improved psy-
chological functioning. Therefore, improving the financial situa-
tion of ALWHIV can increase their access to opportunities
(e.g. food security and transport affordability to healthcare
facilities), which in turn may positively impact their behaviour
(e.g. adherence to medication) [17-20].
SEM [14] posits that ART adherence among ALWHIV is

influenced by intersecting multi-level factors that span across
individual, household and community/structural levels [16,21].
In this paper, the Asset theory provides a nuanced under-
standing of economic factors nested within the SEM’s struc-
tural level.
Unlike previous studies among ALWHIV that primarily

focused on utilizing traditional regression methods (which
adjust for covariates) to investigate and identify statistically
significant associations between risk factors and adherence at
the population level, we utilize multi-level factors to predict
the individualized risk of poor adherence in unseen cases
[22,23]. We utilize prediction modelling techniques [24] to (1)
identify a model comprising a combination of a subset of
multi-level factors that best predicts individualized risk of ART
adherence among ALWHIV; (2) evaluate the extent to which
the derived model can discriminate between poor and optimal
adherence among ALWHIV and (3) assess the agreement
between model predicted and actual adherence among
ALWHIV (calibration). Before being implemented in the field,
this model will be subjected to additional studies to improve
its predictive values and accuracy, and undergo external vali-
dation among ALWHIV populations in other settings.

2 | METHODS

2.1 | Study setting and study participants

We used data from a six-year longitudinal study called
Suubi+Adherence (2012 to 2018 NCE), conducted in 39
health clinics across six geographical districts (Masaka,
Kalungu, Lwengo, Rakai, Kyotera and Bukomansimbi) in South-
western Uganda [20]. Only adolescents who voluntarily pro-
vided assent and informed caregiver consent were allowed to
participate. A total of 702 ALWHIV were enrolled. Eligibility
included: (1) medically diagnosed with HIV and aware of their
HIV status; (2) living within a family (could be biological family
or caregiver, but not an institution); (3) aged 10 to 16 at base-
line; (4) prescribed ART medication and (5) receiving HIV care
and treatment at one of 39 clinics enrolled. Participants were
randomized at the clinic level to either a family economic
intervention arm or a control arm receiving usual care. Assess-
ments were conducted at baseline, 12, 24, 36 and 48 months.

Details on the intervention are provided elsewhere [20].
Briefly, participants in the control arm received bolstered
standard of care (BSOC), which involved medical and psy-
chosocial support. The intervention arm received BSOC and
child development savings accounts for long-term saving goals,
training on financial management, starting a business and
mentorship. For this analysis, we included participants who
were followed up at all time points (n = 656) and had com-
plete data on predictors at 36 months and the outcome at
48 months (n = 637).

2.2 | Measures of ART adherence

Adherence at 48 months was assessed using self-reported
responses and viral load. Viral load was categorized into a bin-
ary indicator (detectable vs. undetectable) using cutoffs estab-
lished by the WHO, with levels exceeding 1000 HIV RNA
copies/mL as detectable [25]. Additionally, participants were
asked “In the last 30 days, on how many days did you miss at
least one dose of your HIV medications?” We utilized a conser-
vative measure of adherence in order to capture all poten-
tial cases of non-adherence and participants who selected
missing two or more days in the last 30 days were catego-
rized as having “poor adherence.” We deliberately included a
self-reported measure of adherence in the analysis because
in many low-resource settings (including Uganda) frequent
viral load testing may be limited due to lack of resources,
hence self-reports can provide low-cost alternative mea-
sures of adherence [26]. We sought to predict poor adher-
ence or viral non-suppression since either state is
considered a poor HIV health outcome and would benefit
from intervention. For brevity, we refer to this outcome as
“ART adherence.”

2.3 | Predictors of ART adherence

Predictors encompassed factors previously associated with
ART adherence among ALWHIV [27]. These included: (1)
demographic factors, that is age [28], gender [18]; (2)
individual-level psychosocial and HIV-related factors, that is
depression, hopelessness [29,30], adherence self-efficacy [29],
substance use [31], HIV disclosure [32] and history of ART
adherence [33]; (3) household-level factors, that is family
cohesion [34], biological caregiver [28], HIV treatment sup-
porter [28]; (4) community/structural-level factors, that is
social support network [34], distance to health facility [18],
HIV-related stigma [35]; asset ownership [18], child poverty
[28], economic intervention assignment [36]. Though the inter-
vention was effective in the parent study [36], in this study
the outcome is different. In the parent study, detectable viral
load, defined as >40 copies/mL was used as the outcome to
evaluate intervention efficacy. In contrast, we used a combina-
tion of detectable viral load (>1000 copies/mL) and poor self-
reported adherence. We revisited our data and confirmed that
there is not a statistically significant difference between the
study arms on the composite viral load and adherence out-
come used in this manuscript. Therefore, we combined the
arms, and used the intervention as a predictor. To address
temporality, predictors were measured at 36 months to deter-
mine factors that predicted poor 48-month ART adherence.
Refer to Table S2.
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2.4 | Ethics

The Suubi+Adherence study received IRB approval from
Columbia University, from the Uganda National Council for
Science and Technology, and the Makerere University School
of Public Health Higher Degrees Research Ethics Committee
(210). The trial was registered at ClinicalTrials.gov, registration
number NCT01790373.

2.5 | Statistical analysis

Analyses were conducted in STATA Version 16.1. Sample
characteristics and distributions of categorical predictors were
summarized using numbers and percentages, and using med-
ian and interquartile ranges (IQR) for continuous variables.
The least absolute shrinkage and selection operator (LASSO)
penalized regression was used to select the best subset of
predictors of poor adherence. LASSO selects a subset of pre-
dictors by shrinking the coefficients of the least contributive
variables to zero, thereby excluding them from the model. The
tuning parameter lambda, which determines the amount of
coefficient shrinkage, was selected by 10-fold cross-validation
[37]. We also used 10-fold cross-validation to generate a realis-
tic estimation of the predictive performance (area under the
curve (AUC)) of the final model in new cases (an important goal
of prediction modelling). Ten-fold cross-validation is preferable
to split sample validation since it prevents obtaining overly opti-
mistic estimates of predictive performance in unseen cases
[38]. The value of the AUC indicates the ability of the model to
differentiate between ALWHIV with poor and optimal adher-
ence, with [39] thresholds of discriminative quality ranging from
50% indicating inability to discriminate between individuals with
the outcome or not; 70% to 80% – acceptable; 80% to 90% –
excellent; >90% – outstanding performance [40]. Bootstrapped
Bias-corrected (BC) 95% confidence intervals for the AUC
were also generated. The agreement between model-predicted
risks and actual observed rates of poor adherence was evalu-
ated via calibration belt plots which allowed visual inspection of
where observed frequencies significantly differed from
expected probabilities and the localized direction of deviation
(miscalibration) at certain confidence levels [41]. A calibration
test assessed whether any deviations from the bisector [45°
line of perfect fit] were significant, was also included in the cali-
bration belt plot [42,43]. To assess overall performance, we
used the Brier score, which is a measure of disagreement
between the forecasted predictions and the observed outcome,
and which carries benchmark values of 0 for no disagreement,
1 for complete disagreement and 0.25 for predictions no better
than chance (50/50) [44].

2.6 | Sensitivity analyses

As a sensitivity analysis, we examined whether the clustered
nature of the data affected its discrimination by re-estimating
the AUC using bootstrap-resampling to account for clustering
by clinics. We also performed a sensitivity analysis to evaluate
whether including cases with incomplete data in the analysis
would affect the model results. We used the expectation-
maximization (EM) algorithm [45,46] to impute missing values
and refitted the predictive model to the imputed data using
the same lasso method and evaluated model performance

using AUC and calibration statistics as described above for
the main model.

3 | RESULTS

3.1 | Sample characteristics

The mean (SD) age at 36 months of follow-up was 15.3 (2.2)
years. Age ranged from 13 to 20 years, the majority (83.5%)
were aged 13 to 17 years, and 56% were females (Table 1).

3.2 | Relationship between self-reported adherence
and viral suppression

Adolescents who self-reported poor adherence at 48 months
(missed 2 or more days in the last 30 days approximately
<95% adherence rate) had 1.82 (95% CI: 1.02, 2.99) times the
odds of a detectable viral load at 48 months compared to
those who missed one day or less, after standard errors were
adjusted for clustering by clinics (Refer to Table S1). Adoles-
cents who missed two or more days during baseline measure
to 36 months of follow-up had 2.41 (95% CI: 1.52, 3.79) times
the odds of detectable viral load at 48 months, compared to
those missing one day or less. These positive associations indi-
cate that in the absence of a viral load, self-reported adherence
could be a reliable indicator of true adherence and, ultimately
viral suppression. Therefore, in this analysis, participants with
detectable viral load or those who missed two or more days in
the last 30 days were considered as having “poor adherence.”

3.3 | Prevalence of poor adherence and predictors
retained

The prevalence of “poor adherence” at 48 months among
ALWHIV was 29.0% (95% CI: 25.6, 32.7; n = 185/637). Sepa-
rately, the prevalence of self-reported non-adherence was
16.6%, and viral non-suppression was 17.4%. Following Lasso
regression, and based on a mean lambda of 0.0140954, five
out of the 17 predictors were retained in the model for pre-
dicting which ALWHIV will have poor adherence at 48 months
(Table 2). The five predictors retained included individual (ad-
herence self-efficacy score, history of ART adherence), house-
hold (family cohesion) and economic (child poverty and
economic group assignment) factors (Table 2).

3.4 | Discrimination and distribution of risk scores

Following 10-fold cross-validation to assess internal validation,
the cross-validated mean AUC for the final model (Figure 1)
was 69.9 (BC 95% CI: 62.7, 72.8). This meant that for a ran-
domly selected ALWHIV, there was a 70% probability that the
model will correctly assign a higher risk score for an ALWHIV
with poor adherence than an ALWHIV with good adherence.
The model predicted risk scores for the ALWHIV sample ran-
ged from 12.7% to 51.9%. The median predicted risk score
among the sample was 21.9% (IQR: 19.5, 43.0). The distribu-
tion of predicted risk scores among the entire sample and
among ALWHIV with poor and good adherence is shown in
Figure 2a,b. There was a higher prevalence of ALWHIV with
poor adherence compared to good adherence for predicted
risk scores of 30% and above.

Brathwaite R et al. Journal of the International AIDS Society 2021, 24:e25756
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full | https://doi.org/10.1002/jia2.25756

3

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full
https://doi.org/10.1002/jia2.25756


3.5 | Calibration

The calibration belt plot indicated that there were no ranges
of significant miscalibration at the 95% and 99% confidence
levels. The probabilities estimated from the predictive model
appeared to match the observed outcome rate across all

Table 1. Distribution of predictors (assessed at 36 months) in

the ALWHIV sample

Potential

predictors

included in

the model

Categories and coding

for categorical

variables and

description of

continuous variables

Total N = 637

n (%)/[Range]b/

Median (IQR)/a

Demographic factors

1 Age group 13 to 17 years

18 to 20 years 105 (16.5)

2 Gender Male = 1 281 (44.1)

Female = 2 356 (55

.9)

Individual level factors

Behavioural

3 Substance use No = 0 621 (97.5)

Yes = 1 16 (2.5)

4 History of ART

adherence

Good = Missed only

1 day or less in

the last 30 days

during baseline

to 36 months

of follow-up = 0

404 (63.4)

Poor = missed 2

or more days in

last 30 days

during baseline

to 36 months

of follow-up = 1

233 (36.6)

Psychosocial

5 Depression Higher scores

represent greater

depression

[2 to 17]

5 (4, 8)

a = 0.64

6 Hopelessness Higher scores

represent greater

hopelessness

[2 to 16]

5(3, 7)

a = 0.76

7 Adherence

Self-efficacy

Higher scores

indicate higher

levels of confidence

in taking ART

medication

[12 to 120]

94 (78, 109)

a = 0.85

8 HIV disclosure None or

uncertain = 1

292 (45.8)

Few, some, or all = 2 345 (54.2)

Household level factors

9 ART treatment

supporter

Yes = 1 492 (77.2)

No = 2 145 (22.8)

10 Family cohesion Higher scores

represent greater

family cohesion.

[6 to 30]

23 (18, 27)

a = 0.77

11 Caregiver type Biological

caregiver = 1

310 (48.7)

Non-biological

caregiver = 0

327 (51.3)

Table 1. (Continued)

Potential

predictors

included in

the model

Categories and coding

for categorical

variables and

description of

continuous variables

Total N = 637

n (%)/[Range]b/

Median (IQR)/a

Community/structural level factors

12 HIV-related

stigma

Higher scores

represent higher

levels of

internalized

and anticipated

stigma

[9 to 36]

17 (13, 21)

a = 0.74

13 Social support

networka
Higher scores

represent greater

social support.

[21 to 60]

45 (39, 50)

a = 0.68

14 Distance to

health facility

Very near/near = 0; 461 (72.4)

Very far/far/don’t

know = 1

176 (27.6)

Economic level factors

15 Asset ownership High possession

[≥7 assets] = 0

549 (86.2)

Low possession

[<7 assets] = 1

88 (13.8)

16 Child poverty Lower scores

representing

greater levels

of poverty

[0 to 9]

4 (3,5)

17 Economic Group

assignment

Control = 1 314 (49.3)

Intervention = 2 323 (50.7)

aSocial support network included from parents and friends only. Social
support from classmates and teachers was not assessed since many
participants were not in school at the time. a-Cronbach’s alpha in the
sample. IQR refer to interquartile range; bThis is the range in the data.
Depression measured using the 14-item version of the Children
Depression Inventory (CDI); Hopelessness assessed using 20-item
Beck Hopelessness Scale; Adherence self-efficacy assessed using the
12-item HIV treatment adherence Self-Efficacy Scale; HIV-Disclosure
assessed from the question “Do any of your friends know you are HIV
positive?”; ART treatment supporter assessed from the question “Do
you have someone to remind you to take ART medication?”; Family
cohesion: sum of 6 items from the family environment scale; HIV-
related stigma- assessed using the 9-items from the adapted Berger
Stigma scale; Social support network assessed from 12 items adapted
from the Social Support Behaviors Scale (friends, parents and guar-
dians); Distance to health facility assessed from the question “How far
from your home is the hospital or clinic?”; Asset ownership: evaluation
of family ownership of 20 selected assets; Child poverty – 6-item scale;
Economic group assignment – Group assigned in RCT at baseline.
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predicted probabilities at the 95% (inner belt: a light grey area)
and 99% (outer belt: a dark grey area) confidence levels (Fig-
ure 3). The corresponding p-value was not significant (test statis-
tic = 1.20; p = 0.273), indicating no evidence of possible areas
of miscalibration. The 95% confidence band’s edges always
included the bisector (45° line of perfect fit) suggesting there is
no predicted probability significantly different from the observed
outcome rate at the 0.05 level (also true for the 0.01 level).

3.6 | Sensitivity analysis findings

In sum, not much difference in model discriminations was
observed when AUCs were derived using bootstrap-resampling,
which accounted for clustering by clinics (Table 2). Hence, the
clustered nature of the data did not significantly affect its pre-
dictive accuracy (AUC = 69.4; BC 95% [64.7, 73.3]). For the
model in which we imputed missing values, the AUC was
acceptable (AUC = 70.2 [66.3, 73.8]) (Table S3) but there was
some evidence of miscalibration (Refer to Figure S1). Five pre-
dictors (adherence self-efficacy score, history of ART adher-
ence, family cohesion, child poverty and economic group
assignment) were retained as important predictors in the model
using complete cases, and the same predictors were included in
the sensitivity analyses accounting for missing data. Suggesting
that, despite missing data, these predictors were consistently
important for predicting poor adherence among ALWHIV in this
setting. Age and primary caregiver were retained as additional
predictors in the sensitivity analysis.

4 | DISCUSSION

Our findings illustrate that predicting the individualized risk of
having detectable viral load and poor 30-day adherence was

Table 2. Unstandardized penalized regression coefficients of

predictors retained in the lasso model to predict poor adher-

ence

Predictors

Model derived using

lasso regression

(N = 637)

Intercept �0.1073331

Demographic factors

1 Age group

13 to 17 x

18 to 20 x

2 Gender x

Individual level factors

Behavioural

3 Substance use

Never used drugs x

Used drugs x

4 History of ART adherence

Good adherence �1.149057

Poor adherence x

Psychosocial

5 Depression x

6 Hopelessness x

7 Adherence self-efficacy �0.0002111

8 HIV disclosure

None or uncertain x

Few/some/all x

Household level factors

9 ART treatment supporter

Yes x

No x

10 Family cohesion 0.0080239

11 Caregiver type x

Community/structural level factors

12 HIV-related stigma x

13 Social support network x

14 Distance to health facility

Very near or near x

Very far, far, missing,

n/a, don’t know

x

Economic level factors

15 Asset ownership

High possession x

Low possession x

16 Child poverty �0.0779142

17 Economic intervention

group assignment

Control group 0.1162283

Intervention group x

Total number of predictors

retained from the 17 in the model

5

AUC (Bootstrap corrected

95% CI) derived using 10-fold

cross-validation

69.9 (62.7, 72.8)

Table 2. (Continued)

Predictors

Model derived using

lasso regression

(N = 637)

AUC (95% CI) derived using

1000 bootstrap resampling

which adjusted for

clustering by clinics

69.4 (64.7, 73.3)

Brier score 0.1868

‘x’, excluded from final prediction model after lasso regression. AUC,
area under the curve. 95% CI, 95% confidence interval. NB, penalized
regression coefficients were derived after a penalty was applied which
reduces overfitting of the data during model development. The penal-
ized coefficients are not reflective of true population-level associa-
tions, since these are biased, and so attention should not be placed on
interpreting individual predictor coefficients, but on how the model
performs with the combination of all predictors together. Using the
coefficients from the predictors retained in the model, the probability
of poor adherence for an ALWHIV is equal to the inverse of a logistic
regression equation as follows: 1/(1 + exp (�(�0.107 � 1.149 9

good previous adherence � 0.116 9 control group � 0.078 9 child
poverty score + 0.008 9 family cohesion � 0.0002 9 adherence self-
efficacy score))).
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possible using a combination of individual (history of ART
adherence, self-efficacy), household (family cohesion) and
structural (child poverty and intervention assignment) risk fac-
tors. The 95% CI (62.7 to 72.8) indicates that the true dis-
criminative ability (AUC) of the model is acceptable. There
was no evidence of miscalibration, and the model had a good
overall performance. Therefore, our analysis offers a promising
approach as a screening tool to determine the individualized
risk of poor ART adherence among ALWHIV.
The resulting individualized risk score derived from the

model may allow practitioners in the health and social work
fields working with ALWHIV to flag those with the highest
predicted risk, enabling tailoring of adherence-promoting
interventions. Objective measures of ART adherence including
real-time electronic monitors (e.g. wise pills and Medication
Event Monitoring System (MEMS) cap) are costly and imprac-
tical for long-term use [47], relying on cheaper and tested
self-reported measures as indicators of adherence in low-
resource communities could be advantageous since these
were positively associated with viral load [47,48]. Knowing
ALWHIV’s individualized risk of poor ART adherence in
advance is an important step in improving ART adherence.
This is a promising step closer to ending the HIV epidemic,
especially given strong data that transmission is unlikely in the
context of controlled virus, which is the basis for UNAIDS
message of Undetectable = Untransmittable [49].
Our understanding of poor/non-adherence among ALWHIV

is based on population-level analyses – which are necessary to
understand population-level trends and sub-group differences.
However, individualized risk assessment approaches have the
potential to advance our understanding, specifically in identify-
ing adolescents at risk for poor health outcomes even before

these outcomes occur. Clinic medical records have the poten-
tial to advance individualized risk assessments, even in low-
resourced settings such as SSA. Supported by The President’s
Emergency Plan For AIDS Relief (PEPFAR) and the Global
Fund, many HIV clinics in SSA have adopted electronic medical
record systems that provide a wealth of clinical and psychoso-
cial information about HIV patients, including ALWHIV. How-
ever, these systems are vastly under-utilized to inform clinical
decision making, probably because these systems have been
envisioned as data repositories rather than systems that
health workers can deploy to inform clinical decision making.
Given the multitude of predictors associated with poor adher-
ence, the first step is to identify potential clinically relevant
predictors (including their relative predictive value) to inform
individualized assessments for the risk of non-adherence.
Based on pre-established evidence-based criteria, health work-
ers and public health specialists can identify at-risk adoles-
cents, and also develop and/or implement interventions to
mitigate this risk. As such, our study is the first step towards
identifying clinically relevant factors that can facilitate individ-
ualized approaches. Given that this study relies on validated
self-report instruments, these questionnaires can be trans-
formed into self-report assessments administered periodically
to inform individualized risk assessments. The increasing avail-
ability of low-cost technologies such as tablet computers,
Audio Computer-Assisted Self-Interview (ACASI) software and
the internet all provide new frontiers for integrating such
assessments into routine patient care, even in low-resourced
settings.
These findings should be interpreted in consideration of the

study limitations. Our study examined a set of predictors
based on available data. Still, based on the AUC, this model’s

Figure 1. Model discrimination: ROC curve showing mean cross-validated area under the curve (AUC) resulting after 10-fold-cross valida-
tion.AUC = 69.9; Bootstrap bias corrected 95% CI 62.7, 72.8. The diagonal line represents a model that discriminates by chance (AUC = 50);
the x-axis shows the proportion without poor adherence who were incorrectly classified as having poor adherence (false positive rate or 1-
Specificity); the y-axis shows the proportion with poor adherence that were correctly classified as having poor adherence (Sensitivity or true
positive rate). CvAUC, mean cross-validated area under the curve.
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Figure 2. (A) Distribution of model predicted risk scores for model derived using lasso regression for predicting poor ART adherence among
ALWHIV sample (N = 637). (B) Distribution of model predicted risk scores among ALWHIV with poor and good adherence (N = 637).

Figure 3. Calibration belt showing deviations from the bisector (45% line of perfect fit) at the 95% (inner belt: light grey area) and 99%
(outer belt: dark grey area) confidence levels.
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predictive value could be improved by adding other factors
such as regimen type and related information from the health
system level. Although the AUC of 70% may be acceptable for
the development of an initial screening tool, there is a need
for further expansion and validation work to optimize its accu-
racy before deployment in a clinical setting to improve clinical
decisions. We were unable to evaluate the transportability of
the model to ALWHIV in different settings via external valida-
tion. We acknowledge that our model development sample
comprised participants in a randomized controlled trial,
50.7% of whom received a combination economic interven-
tion. The unique components of this intervention may not be
available or easily replicated in other settings. Thus, this pre-
dictor (economic intervention group assignment) may be
missing during external validation in other ALWHIV samples
in SSA, possibly limiting generalizability. The findings may
also not be generalizable to more marginalized ALWHIV
populations in SSA, including persons involved in sex work
and people who inject drugs, who are disproportionately
affected by HIV, have higher non-adherence rates, and thus
may have different risk factors for adherence and viral sup-
pression than what was considered [50].
We utilized a conservative approach to measuring adher-

ence although a lower adherence threshold may be required
to achieve viral suppression with newer-generation antiretro-
viral medications which are more forgiving if more doses are
missed [1,51]. Since we were unaware of which antiretroviral
medication these ALWHIV were taking, we used the more
conservative measure. Moreover, very few participants in our
sample reported non-adherence below 95%, necessitating the
use of the 95% cutoff in this study. Future studies should
extend this work in samples with subpar adherence. Our find-
ings may only be generalizable to ALWHIV, who live within a
family setting and are aware of their HIV status. This
strengthens the need for external validation and substituting
predictors unavailable for the current analyses with context-
specific predictors from the new setting during the model
updating and external validation processes [52]. The clinical
utility of the score and feasibility and acceptability of this tool
also needs to be measured before being used in practice.
Although a factor may be statistically significantly associated
with poor adherence, as seen in previous research [18,28], it
may not necessarily have predictive power [53], and not con-
tribute to predicting poor adherence in new cases as was indi-
cated by the subset of predictors excluded after lasso
regression. Although sex was not retained as a predictor in
the final model, future studies should also consider stratifica-
tion by sex or exploring interactions between sex and other
predictor variables since in SSA, adolescent girls are a vulnera-
ble population disproportionately affected by HIV [54]. Due to
our complete case analysis, there may be a potential for selec-
tion bias since those lost to follow-up may be more likely to
have a detectable viral load and more at risk of poor adher-
ence. It is possible that some adolescents with detectable viral
load who reported complete adherence may have had drug
resistance; therefore, there is a need for studies to further
our understanding of drug resistance among ALWHIV.
Despite these limitations, in our main analyses, there were

185 participants with the outcome and 17 potential predictors
which conforms to the minimum of 10 events per predictor
variable (EPV) required for reliable prediction modelling

[55,56]. We also utilized a robust 10-fold cross-validation for
internal validation, which produces less biased estimates than
split-sample validation, resulting in more confident predictions
[38]. The longitudinal design of the data ensured temporal
precedence. Advanced knowledge about each adolescent’s
individualized risk of poor adherence is a great advantage, as
it allows early intervention where possible.

5 | CONCLUSIONS

The findings support the use of prediction modelling tech-
niques as a useful method that can be leveraged in the fight
to end the HIV epidemic. By drawing upon information from
multiple sources, a risk score can be derived for each
ALWHIV, predicting their risk of poor future adherence. This
risk score can be used as a screening tool by practitioners in
social and health fields working with ALWHIV to identify and
provide interventions to those at the highest risk. However,
further fine-tuning and external validation are required before
implementation.

AUTHORS ’ AFF I L IAT IONS

1International Center for Child Health and Development, Brown School, Wash-
ington University in St. Louis, St. Louis, MO, USA; 2Division of Prevention
Science, Department of Medicine, University of California, San Francisco, CA,
USA; 3School of Social Work, University of Illinois at Urbana-Champaign, Cham-
paign, IL, USA; 4Department of Health Behavior and Biological Sciences, School
of Nursing, University of Michigan, Ann Arbor, MI, USA; 5International Center
for Child Health and Development, Masaka, Uganda; 6Department of Global
Health, School of Public Health, Boston University, Boston, MA, USA; 7HIV Cen-
ter for Clinical and Behavioral Studies, New York State Psychiatric Institute and
Columbia University Medical Center, New York, NY, USA; 8Brown School,
Washington University in St. Louis, St. Louis, MO, USA

COMPET ING INTEREST

The authors declare that they have no competing interests.

AUTHORS ’ CONTR IBUT IONS

R.B. performed the analysis and wrote the first draft of the paper. T.B.N. is the
lead statistician on the Suubi+Adherence study, provided overall supervision and
guidance of statistical analysis and contributed to revisions of the manuscript.
F.M.S. conceptualized the Suubi+Adherence study on which this manuscript is
based, was the Lead PI for the study, and supervised the overall writing of the
original manuscript. C.D. was the field data manager for Suubi+Adherence Study.
C.M. and M.M.M. contributed to the design of the original study and the mea-
sures collected. T.B.N., M.O., M.M., S.K., O.S.B., P.N., F.M.S, C.M and M.M.M. con-
tributed to revisions of the manuscript. All authors have read and approved the
final manuscript.

ACKNOWLEDGEMENTS

None declared.

FUNDING

Suubi+Adherence study was funded by the Eunice Kennedy Shriver National
Institutes of Child Health and Human Development (NICHD) (Grant
#1R01HD074949-01, PI: Fred M. Ssewamala). Research reported in this publi-
cation was supported by the National Institute of Mental Health award number
R25MH118935. The content is solely the responsibility of the authors. The fun-
ders had no role in the design and conduct of the study; collection, manage-
ment, analysis and interpretation of the data; preparation, review or approval of
the manuscript and decision to submit the manuscript for publication. We are
grateful to the staff and the volunteer team at the International Center for
Child Health and Development (ICHAD) in Uganda for monitoring the study

Brathwaite R et al. Journal of the International AIDS Society 2021, 24:e25756
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full | https://doi.org/10.1002/jia2.25756

8

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full
https://doi.org/10.1002/jia2.25756


implementation process. Our special thanks go to all the children and their care-
giving families who agreed to participate in the study.

REFERENCES

1. Byrd KK, Hou JG, Hazen R, Kirkham H, Suzuki S, Clay PG, et al. Antiretrovi-
ral adherence level necessary for HIV viral suppression using real-world data. J
Acquir Immune Defic Syndr. 2019;82(3):245–51.
2. Sethi AK, Celentano DD, Gange SJ, Moore RD, Gallant JE. Association
between adherence to antiretroviral therapy and human immunodeficiency virus
drug resistance. Clin Infect Dis. 2003;37(8):1112–8.
3. Bangsberg DR, Perry S, Charlebois ED, Clark RA, Roberston M, Zolopa AR,
et al. Non-adherence to highly active antiretroviral therapy predicts progression
to AIDS. AIDS. 2001;15(9):1181–3.
4. May MT, Gompels M, Delpech V, Porter K, Orkin C, Kegg S, et al. Impact on
life expectancy of HIV-1 positive individuals of CD4+ cell count and viral load
response to antiretroviral therapy. AIDS. 2014;28(8):1193–202.
5. Cohen MS, Chen YQ, McCauley M, Gamble T, Hosseinipour MC, Kumara-
samy N, et al. Antiretroviral therapy for the prevention of HIV-1 transmission.
N Engl J Med. 2016;375(9):830–9.
6. Eisinger RW, Dieffenbach CW, Fauci AS. HIV viral load and transmissibility of
HIV infection: undetectable equals untransmittable. JAMA. 2019;321(5):451–2.
7. Joint United Nations Programme on HIV/AIDS (UNAIDS). Fast-track: ending
the AIDS epidemic by 2030. Geneva Switzerland: UNAIDS; 2014.
8. United Nations Childrens Fund (UNICEF). HIV and AIDS in adolescents.
2019.
9. Wong VJ, Murray KR, Phelps BR, Vermund SH, McCarraher DR. Adolescents,
young people, and the 90–90-90 goals: a call to improve HIV testing and linkage
to treatment. AIDS (London, England). 2017;31 Supplement 3:S191–4.
10. Kharsany ABM, Karim QA. HIV infection and AIDS in Sub-Saharan Africa:
current status, challenges and opportunities. Open AIDS J. 2016;10(1):34–48.
11. Nachega JB, Hislop M, Nguyen H, Dowdy DW, Chaisson RE, Regensberg L,
et al. Antiretroviral therapy adherence, virologic and immunologic outcomes in
adolescents compared with adults in southern Africa. J Acquir Immune Defic
Syndr. 2009;51(1):65–71.
12. UPHIA. Uganda population-based HIV impact assessment UPHIA 2016–
2017. Uganda: UPHIA; 2018.
13. Sherraden M. Stakeholding: notes on a theory of welfare based on assets.
Soc Serv Rev. 1990;64(4):580–601.
14. Baral S, Logie CH, Grosso A, Wirtz AL, Beyrer C. Modified social ecological
model: a tool to guide the assessment of the risks and risk contexts of HIV epi-
demics. BMC Public Health. 2013;13(1):482.
15. Tuller DM, Bangsberg DR, Senkungu J, Ware NC, Emenyonu N, Weiser SD.
Transportation costs impede sustained adherence and access to HAART in a
clinic population in southwestern Uganda: a qualitative study. AIDS Behav.
2010;14(4):778–84.
16. Adejumo OA, Malee KM, Ryscavage P, Hunter SJ, Taiwo BO. Contemporary
issues on the epidemiology and antiretroviral adherence of HIV-infected adoles-
cents in sub-Saharan Africa: a narrative review. J Int AIDS Soc. 2015;18:20049.
17. MacCarthy S, Saya U, Samba C, Birungi J, Okoboi S, Linnemayr S. “How am
I going to live?”: exploring barriers to ART adherence among adolescents and
young adults living with HIV in Uganda. BMC Public Health. 2018;18(1):1158.
18. Bermudez LG, Jennings L, Ssewamala FM, Nabunya P, Mellins C, McKay M.
Equity in adherence to antiretroviral therapy among economically vulnerable
adolescents living with HIV in Uganda. AIDS Care. 2016;28 Sup2:83–91.
19. Bermudez LG, Ssewamala FM, Neilands TB, Lu L, Jennings L, Nakigozi G,
et al. Does economic strengthening improve viral suppression among adoles-
cents living with Hiv? Results from a cluster randomized trial in Uganda. AIDS
Behav. 2018;22(11):3763–72.
20. Ssewamala FM, Byansi W, Bahar OS, Nabunya P, Neilands TB, Mellins C,
et al. Suubi+Adherence study protocol: a family economic empowerment inter-
vention addressing HIV treatment adherence for perinatally infected adoles-
cents. Contemp Clin Trials Commun. 2019;16:100463.
21. Ammon N, Mason S, Corkery JM. Factors impacting antiretroviral therapy
adherence among human immunodeficiency virus-positive adolescents in Sub-
Saharan Africa: a systematic review. Public Health. 2018;157:20–31.
22. Breiman L. Statistical modeling: the two cultures (with comments and a
rejoinder by the author). Stat Sci. 2001;16(3):199–231, 33.
23. Raper S. Leo Breiman’s “Two Cultures”. Significance. 2020;17(1):34–7.
24. Moons KG, Royston P, Vergouwe Y, Grobbee DE, Altman DG. Prognosis
and prognostic research: what, why, and how? BMJ. 2009;338:b375.
25. World Health Organization. Chapter 7: clinical guidance across the continuum
of care: antiretroviral therapy. Consolidated guidelines on the use of antiretrovial

drugs for treating and preventing HIV infection Recommendations for a public
health approach. Geneva Switzerland: World Health Organization; 2013.
26. Bangsberg DR, Hecht FM, Charlebois ED, Zolopa AR, Holodniy M, Sheiner
L, et al. Adherence to protease inhibitors, HIV-1 viral load, and development of
drug resistance in an indigent population. AIDS. 2000;14(4):357–66.
27. Campbell L, Masquillier C, Thunnissen E, Ariyo E, Tabana H, Sematlane N,
et al. Social and structural determinants of household support for ART adher-
ence in low- and middle-income countries: a systematic review. Int J Environ
Res Public Health. 2020;17:3808.
28. Williams PL, Storm D, Montepiedra G, Nichols S, Kammerer B, Sirois PA,
et al. Predictors of adherence to antiretroviral medications in children and ado-
lescents with HIV infection. Pediatrics. 2006;118(6):e1745–57.
29. Naar-King S, Templin T, Wright K, Frey M, Parsons JT, Lam P. Psychosocial
factors and medication adherence in HIV-positive youth. AIDS Patient Care
STDS. 2006;20(1):44–7.
30. Smith Fawzi MC, Ng L, Kanyanganzi F, Kirk C, Bizimana J, Cyamatare F,
et al. Mental health and antiretroviral adherence among youth living with HIV in
Rwanda. Pediatrics. 2016;138:e20153235.
31. Gross IM, Hosek S, Richards MH, Fernandez MI. Predictors and profiles
of antiretroviral therapy adherence among African American adolescents and
young adult males living with HIV. AIDS Patient Care STDs. 2016;30(7):324–
38.
32. Nichols J, Steinmetz A, Paintsil E. Impact of HIV-status disclosure on adher-
ence to antiretroviral therapy among HIV-infected children in resource-limited
settings: a systematic review. AIDS Behav. 2017;21(1):59–69.
33. Cheng Y, Nickman NA, Jamjian C, Stevens V, Zhang Y, Sauer B, et al. Pre-
dicting poor adherence to antiretroviral therapy among treatment-na€ıve veterans
infected with human immunodeficiency virus. Med (Baltimore). 2018;97:e9495.
34. Damulira C, Mukasa MN, Byansi W, Nabunya P, Kivumbi A, Namatovu P,
et al. Examining the relationship of social support and family cohesion on ART
adherence among HIV-positive adolescents in southern Uganda: baseline find-
ings. Vulner Child Youth Stud. 2019;14(2):181–90.
35. Nabunya P, Byansi W, Sensoy Bahar O, McKay M, Ssewamala FM, Damu-
lira C. Factors associated with HIV disclosure and HIV-related stigma among
adolescents living with HIV in Southwestern Uganda. Front Psychiatry.
2020;11:772.
36. Ssewamala FM, Dvalishvili D, Mellins CA, Geng EH, Makumbi F, Neilands
TB, et al. The long-term effects of a family based economic empowerment inter-
vention (Suubi+Adherence) on suppression of HIV viral loads among adolescents
living with HIV in southern Uganda: Findings from 5-year cluster randomized
trial. PloS One. 2020;15:e0228370.
37. Hastie T, Tibshirani R, Friedman J. The elements of statistical learning: data
mining, inference, and prediction. New York: Springer Science & Business
Media; 2009.
38. Steyerberg EW, Vergouwe Y. Towards better clinical prediction models:
seven steps for development and an ABCD for validation. Eur Heart J. 2014;35
(29):1925–31.
39. Steyerberg EW, Vickers AJ, Cook NR, Gerds T, Gonen M, Obuchowski N,
et al. Assessing the performance of prediction models: a framework for tradi-
tional and novel measures. Epidemiology. 2010;21(1):128–38.
40. Hosmer DW Jr, Lemeshow S, Sturdivant RX. Applied logistic regression.
Hoboken (NJ): John Wiley & Sons: 2013.
41. Fenlon C, O’Grady L, Doherty ML, Dunnion J. A discussion of calibration
techniques for evaluating binary and categorical predictive models. Prevent Vet
Med. 2018;149:107–14.
42. Nattino G, Finazzi S, Bertolini G. A new calibration test and a reappraisal of
the calibration belt for the assessment of prediction models based on dichoto-
mous outcomes. Stat Med. 2014;33(14):2390–407.
43. Finazzi S, Poole D, Luciani D, Cogo PE, Bertolini G. Calibration belt for quality-
of-care assessment based on dichotomous outcomes. PloS One. 2011;6:e16110.
44. Brier GW. Verification of forecasts expressed in terms of probability. Mon
Weather Rev. 1950;78(1):1–3.
45. Dempster AP, Laird NM, Rubin DB. Maximum likelihood from incomplete
data via the EM algorithm. J Roy Stat Soc: Ser B (Methodol). 1977;39(1):1–22.
46. Little RJ, Rubin DB. Statistical analysis with missing data. Hoboken (NJ):
John Wiley & Sons. 2019.
47. Berg KM, Arnsten JH. Practical and conceptual challenges in measuring
antiretroviral adherence. J Acquir Immune Defic Syndr. 2006;43 Supplement 1:
S79–87.
48. Usitalo A, Leister E, Tassiopoulos K, Allison S, Malee K, Paul ME, et al. Rela-
tionship between viral load and self-report measures of medication adherence
among youth with perinatal HIV infection. AIDS Care. 2014;26(1):107–15.
49. UNAIDS. Undetectable= Untransmittable. Public Health and HIV Viral Load
Suppression. Geneva Switzerland: UNAIDS; 2018.

Brathwaite R et al. Journal of the International AIDS Society 2021, 24:e25756
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full | https://doi.org/10.1002/jia2.25756

9

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full
https://doi.org/10.1002/jia2.25756


50. Genberg BL, Kirk GD, Astemborski J, Lee H, Galai N, Nelson KE, et al. Dur-
able HIV suppression among people who inject drugs from a community-based
cohort study in Baltimore, Maryland, 1997–2017. Am J Epidemiol. 2019;188
(12):2086–96.
51. Kobin AB, Sheth NU. Levels of adherence required for virologic suppres-
sion among newer antiretroviral medications. Ann Pharmacother. 2011;45
(3):372–9.
52. Steyerberg EW, Borsboom GJ, van Houwelingen HC, Eijkemans MJ, Hab-
bema JDF. Validation and updating of predictive logistic regression models: a
study on sample size and shrinkage. Stat Med. 2004;23(16):2567–86.
53. Shmueli G. To explain or to predict? Statist Sci. 2010;25(3):289–310.
54. Joint United Nations Programme on HIV/AIDS (UNAIDS). Miles to go: closing
gaps, breaking barriers, righting injustices. Geneva Switzerland: UNAIDS; 2018.
55. Harrell FE Jr. Regression odelling strategies: with applications to linear mod-
els, logistic and ordinal regression, and survival analysis. New York: Springer. 2015.
56. Steyerberg EW, Eijkemans MJC, Harrell FE, Habbema JDF. Prognostic
modeling with logistic regression analysis. In search of a sensible strategy in
small data sets. Med Decis Making. 2001;21(1):45–56.

SUPPORTING INFORMATION

Additional information may be found under the Supporting
Information tab for this article.
Table S1. Logistic regression showing association between
self-reported adherence and viral load
Table S2. Description of predictors included in the model and
distribution of predictors in the ALWHIV sample
Table S3. Unstandardized penalized regression coefficients of
predictors retained in the lasso model to predict poor adher-
ence
Figure S1. Calibration belt showing deviations from the bisec-
tor (45% line of perfect fit) at the 95% (inner belt: light grey
area) and 99% (outer belt: dark grey area) confidence levels
for the model in which all missing values were imputed.

Brathwaite R et al. Journal of the International AIDS Society 2021, 24:e25756
http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full | https://doi.org/10.1002/jia2.25756

10

http://onlinelibrary.wiley.com/doi/10.1002/jia2.25756/full
https://doi.org/10.1002/jia2.25756

	Outline placeholder
	jia225756-tbl-0001
	jia225756-tbl-0002
	jia225756-bib-0001
	jia225756-bib-0002
	jia225756-bib-0003
	jia225756-bib-0004
	jia225756-bib-0005
	jia225756-bib-0006
	jia225756-bib-0007
	jia225756-bib-0008
	jia225756-bib-0009
	jia225756-bib-0010
	jia225756-bib-0011
	jia225756-bib-0012
	jia225756-bib-0013
	jia225756-bib-0014
	jia225756-bib-0015
	jia225756-bib-0016
	jia225756-bib-0017
	jia225756-bib-0018
	jia225756-bib-0019
	jia225756-bib-0020
	jia225756-bib-0021
	jia225756-bib-0022
	jia225756-bib-0023
	jia225756-bib-0024
	jia225756-bib-0025
	jia225756-bib-0026
	jia225756-bib-0027
	jia225756-bib-0028
	jia225756-bib-0029
	jia225756-bib-0030
	jia225756-bib-0031
	jia225756-bib-0032
	jia225756-bib-0033
	jia225756-bib-0034
	jia225756-bib-0035
	jia225756-bib-0036
	jia225756-bib-0037
	jia225756-bib-0038
	jia225756-bib-0039
	jia225756-bib-0040
	jia225756-bib-0041
	jia225756-bib-0042
	jia225756-bib-0043
	jia225756-bib-0044
	jia225756-bib-0045
	jia225756-bib-0046
	jia225756-bib-0047
	jia225756-bib-0048
	jia225756-bib-0049
	jia225756-bib-0050
	jia225756-bib-0051
	jia225756-bib-0052
	jia225756-bib-0053
	jia225756-bib-0054
	jia225756-bib-0055
	jia225756-bib-0056


