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Abstract
Objective

A companion analysis of the EARTH cohort developed machine-learning models to identify suboptimal
antiretroviral therapy adherence in children living with HIV after excluding adherence-process fields that
directly contributed to the outcome definition. This Research Note quantifies how retaining those fields
changes apparent model performance. Using a separate sensitivity-analysis extract from the same
cohort, we compared three nested predictor tiers across 590 visits from 208 children: leakage-naive,
loosely controlled, and strictly controlled, using fourteen classifiers and grouped five-fold cross-
validation.

Results

Including outcome-defining adherence-process fields markedly inflated discrimination across all
fourteen classifiers, increasing AUROC by 0.24-0.41 and AUPRC by 0.33-0.68; six classifiers reached
AUROC 1.000. After removing these fields, CatBoost achieved AUROC 0.735. Excluding an additional ART
treatment-interruption variable, which dominated permutation importance despite not formally defining
the outcome, reduced CatBoost AUROC to 0.680 and AUPRC to 0.407, closely matching the companion
analysis. The findings show that adherence-process variables can create both direct and near-label
leakage, producing deceptively strong performance. Tiered leakage auditing should therefore
accompany machine-learning studies that predict adherence from routinely collected process data,
particularly when predictors overlap conceptually with outcome construction before interpreting
apparent performance as clinically useful predictive signal.

Introduction

Machine-learning models for antiretroviral therapy (ART) adherence and retention are increasingly being
developed in low-resource settings [1-3]. A recurrent methodological hazard is data leakage: predictors
may contain information used directly or indirectly to construct the target label, causing apparent
performance to reflect outcome construction rather than genuine predictive signal [4, 5].

A companion analysis of the EARTH cohort excluded adherence-process fields that directly contributed
to its four-criterion adherence outcome before model training. That analysis reported more modest
discrimination but did not quantify how much apparent performance would increase if those fields were
retained. This Research Note reports that sensitivity analysis using a separately prepared extract from
the same cohort and study window. It is a side product of the primary modelling study rather than a new
data-collection exercise.

Main text
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Data, cohort reconstruction and outcome

The sensitivity extract contained 1,240 REDCap rows and 107 columns, including genuine follow-up
visits and non-visit administrative events. Because the extract did not contain an explicit participant
identifier, participant blocks were reconstructed from the strictly increasing order of REDCap event codes
(0,1,2,3,6,7,8), beginning a new participant whenever the code failed to increase relative to the
preceding row. This produced 208 children with at least one genuine follow-up visit, matching the
companion analysis population count. Restricting the data to genuine follow-up visits (Visit Number 1, 2
or 3; excluding administrative rows coded 5) yielded 590 visit-level records.

Suboptimal adherence was reconstructed from the available raw fields using the companion study
definition: caregiver-reported missed dose since the previous visit, pharmacy collection delay exceeding
10% of the inter-visit interval, reported running out of medicine, or an implausibly large amount of
medicine remaining. The logical-OR rule reproduced the extract's precomputed outcome for all 590 visits
and yielded 157 suboptimal-adherence visits (26.6%).

Three nested predictor tiers

Thirty administrative or structural fields were removed from all analyses, leaving 76 candidate predictors.
Tier 1 (leakage-naive; 76 features) retained outcome-defining adherence-process fields, including
missed-dose report, cumulative pharmacy-delay days, inter-visit interval used to calculate the delay
fraction, running out of medicine, and medicine remaining. Tier 2 (loosely controlled; 71 features)
removed these five fields, mirroring the companion analysis feature-control strategy. Tier 3 (strictly
controlled; 70 features) additionally removed ART treatment interruptions since the previous visit, a field
that did not formally define the outcome but behaved as a near-leakage proxy. The extract lacked a
study-site field available in the companion manuscript, so Tier 2 was not a byte-for-byte reproduction of
that feature set.

Model validation

The same modelling pipeline was applied to each tier. Fourteen classifiers were evaluated: logistic
regression, linear and quadratic discriminant analysis, Gaussian naive Bayes, k-nearest neighbours,
radial-basis-function support vector machine, decision tree, random forest, gradient boosting, AdaBoost,
XGBoost, LightGBM, CatBoost, and a multilayer perceptron. Validation used stratified grouped five-fold
cross-validation with children as the grouping unit and in-fold SMOTE oversampling. A classification
threshold was selected to achieve sensitivity of at least 0.85.

AUROC and AUPRC were calculated from pooled out-of-fold predictions. Grouped bootstrap resampling
over children (1,000 resamples) was used for 95% confidence intervals for selected models. CatBoost
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permutation importance was estimated as the mean decline in held-out AUPRC across 20 shuffles on a
grouped 70/30 split.

Results

In Tier 1, six classifiers reached AUROC 1.000 and AUPRC 1.000, while several others were also near-
perfect (Table 1; Fig. 1). For CatBoost, the largest reported permutation-importance values were
medicine remaining (0.454), missed doses (0.342), pharmacy-delay days (0.036), and running out of
medicine (0.030), indicating that the model was largely reading the outcome through its defining
components (Fig. 2).

Removing the direct outcome-defining fields in Tier 2 reduced performance markedly. AdaBoost
achieved AUROC 0.752 and AUPRC 0.600; CatBoost achieved AUROC 0.735 and AUPRC 0.566. The
remaining ART treatment-interruption field then dominated CatBoost permutation importance (0.134),
compared with 0.006 for the next reported predictor, breastfeeding status, suggesting a further near-
leakage channel.

After removing ART treatment interruption in Tier 3, CatBoost fell to AUROC 0.680 and AUPRC 0.407.
Across all fourteen classifiers, retaining direct adherence-process fields increased AUROC by 0.237-
0.407 and AUPRC by 0.326-0.681. Full model-level results are provided in Additional file 1.

Table 1
Benchmark of seven classifiers across the three predictor tiers
Model Tier 1 Tier 1 Tier 2 Tier 2 Tier 3 Tier 3
AUROC AUPRC AUROC AUPRC AUROC AUPRC

AdaBoost 1.000 1.000 0.752 0.600 0.705 0.442
CatBoost 1.000 1.000 0.735 0.566 0.680 0.407
Gradient 1.000 1.000 0.733 0.573 0.672 0.418
boosting

Random forest  1.000 0.999 0.727 0.516 0.663 0.370
XGBoost 1.000 1.000 0.711 0.511 0.625 0.368
LightGBM 1.000 1.000 0.706 0.535 0.631 0.366
Logistic 0.986 0.984 0.674 0.485 0.601 0.351
regression

Tier 1: leakage-naive (76 features). Tier 2: direct outcome-defining adherence-process fields removed (71
features). Tier 3: ART treatment-interruption field additionally removed (70 features). Values are pooled out-
of-fold estimates from grouped five-fold cross-validation. Complete Tier 1 and Tier 2 fourteen-classifier
results and the seven reported Tier 3 models are in Additional file 1.
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Interpretation

The sensitivity analysis demonstrates how label construction can dominate apparent machine-learning
performance. Tree-based models were particularly affected because the adherence outcome is a logical
OR of thresholded process variables, a structure that tree ensembles can represent efficiently. The
contrast between near-perfect tree-ensemble performance and weaker linear or distance-based models
is therefore a useful diagnostic signal, although it cannot replace direct feature auditing.

Adherence-process variables are not intrinsically invalid predictors. Pharmacy refill or missed-dose
information may be appropriate when predicting a conceptually distinct outcome such as viral
suppression. The concern arises when the target itself is constructed from those same measurements
or close proxies. For such studies, a tiered analysis that sequentially removes direct outcome
components and plausible near-proxies can reveal how much apparent discrimination depends on
leakage rather than transportable signal.

Limitations

e +The analysis used one cohort and one outcome definition, so the magnitude of inflation should not
be interpreted as a universal correction factor for adherence-prediction studies.

* +The sensitivity extract lacked a study-site field present in the companion analysis and contained
590 rather than 592 follow-up visits; Tier 2 therefore cannot be treated as an exact replication of the
companion feature matrix.

-« Participant identifiers were reconstructed from REDCap event ordering rather than supplied
directly. The resulting participant count matched the companion analysis, but rare misassignment
cannot be excluded.

e +The classification of ART treatment interruption as near-leakage is an exploratory interpretation
based on its dominant permutation importance and conceptual proximity to adherence; it is not a
formal proof that every remaining predictor is leakage-free.

e + No hyperparameter tuning, external validation, or prospective validation was performed. The
results therefore quantify sensitivity to predictor-set construction within this cohort rather than
clinical readiness.

Abbreviations

ART
antiretroviral therapy
AUPRC
area under the precision-recall curve
AUROC
area under the receiver operating characteristic curve
Cl
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confidence interval

CLHIV

children living with HIV

EARTH

Early Antiretroviral Therapy and child Health cohort
ML

machine learning

SMOTE

synthetic minority over-sampling technique.
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Figure 1

AUROC by feature-set tier for seven classifiers. Bars show pooled out-of-fold AUROC under leakage-
naive, loosely controlled, and strictly controlled predictor sets. The dashed line marks chance-level
discrimination (AUROC = 0.5).
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Reported leading permutation-importance values for CatBoost
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Figure 2

Reported leading permutation-importance values for CatBoost. Mean decline in held-out AUPRC after
feature shuffling (20 repeats) on a grouped 70/30 split. Only predictor values explicitly reported in the
source analysis are shown.
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